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Abstract

It was of concern to the researcher that studeeats wuccessfully completing in-
troductory tertiary statistics units (if successisasured by grades received),
without having the ability to explain the principlbehind statistical inference. In
other words, students were applying procedural kedge (surface learning)

without concurrent conceptual knowledge.

This study had the aim of investigating if alteimateaching strategies could as-
sist students in gaining the ability to explain gmeciples behind two tools of
statistical inference?-values and confidence intervals for the populatiean.
Computer simulations were used to introduce stgdenstatistical concepts. Stu-
dents were also introduced to alternative reprasent of hypothesis tests, and
were encouraged to give written explanations af tieasoning. Time for reflec-

tion, writing and discussion was also introduced the lectures.

It was the contention of the researcher that stiscemre unfamiliar with the hypo-
thetical, probabilistic reasoning that statisticdéérence requires. Therefore stu-
dents were introduced to this form of reasoninglgadly throughout the teaching
semester, starting with simple examples that theéestts could understand. It was
hoped that by the use of these examples studeulid take connections that

would form the basis of further understanding.

It was found that in general, students’ understagdif P-values, as demonstrated
by the reasoning used in their written explanatiaiig improve over the four se-
mesters of the study. Students’ understanding wfidence intervals also im-
proved over the time of the study. However for aerice intervals, where sim-
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ple examples were more difficult to find, studentlarstanding did not improve

to the extent that it did fdpP-values.

It is recommended that statistics instructors neeappreciate that tertiary stu-
dents, even those with pre-tertiary mathematicy, noé have a good appreciation
of probabilistic processes. Students will also bfamiliar with hypothetical,
probabilistic reasoning, and will find this diffituStatistics instructors, therefore,
need to find connections that students can makeote familiar contexts, use
alternative representations of statistical processed give students time to re-

flect and write on their work.
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1. Introduction

1.1 Why do this research?

| have long felt that many students, although ttey successfully follow the pro-
cedure to carry out a hypothesis test, do not wtaed the reasoning behind this
process. In particular, it appears that studentsdifficulty in explaining the rea-
soning behind th@-values in hypothesis testing and in understanttingconfi-

dence intervals are used to estimate populaticanpeters.

[, myself, was a successful undergraduate statistiscdent in that | received high
grades. Looking back, however, | realise that aighol was successfully follow-
ing the process | would not have been able to @xpite reasoning behind confi-

dence intervals and hypothesis tests.

| am now a lecturer of a first year statistics @ti tertiary institution and | have
found that when students are asked questionsdfaire conceptual understand-
ing (in contrast to procedure) they often demomstadack of understanding. For
example, in one assignment students are askedcidata the confidence interval
for a mean, and then in a separate question tieegsked to calculate the interval
where 95% of the individuals are expected to lieesSe questions cause intense
angst and confusion. It is apparent from their arsvthat the students often do

not appreciate the difference between the questions

In another assignment students may be asked taiexpke meaning of the phrase
“significant difference” when testing for differee® in population means. Since

the sample means are not identical, why can iobeladed from the giveR-
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value that the population means may not be difterem each other? It is appar-
ent from the student answers that the studentswesessfully complete the
process and conclude that the null hypothesis dimlaccepted. Many of them
cannot, however, explain the role of sampling anmeand what th@-value is in
conceptual terms. It would appear that the studemtsising procedural

knowledge only.

The literature indicates that my suspicion, thahynstudents do not understand
hypothesis testing, is also of concern to othews.example, Garfield (2002, p. 3)
has found “that students can often do well in &isttes course, earning good
grades on homework, exams and projects, yet stifbopm poorly on a measure of
statistical reasoning such as the Statistical ReagAssessment.” Garfield and
Ahlgren (1988) also report that students use pnaeddknowledge without

understanding the concepts behind what they argdoi

The experience of most college faculty memberslircation
and the social sciences is that a large propodiamiversity
students in introductory statistics courses doumokerstand
many of the concepts they are studying ... Studditds tend
to respond to problems involving mathematics inegahby
falling into “number crunching” mode, plugging qtidies into
a computational formula or procedure without forgnan in-
ternal representation of that problem. (p. 46)

My experiences as both a student and lecturerrronfiat this “number crunch-
ing mode” can lead to success in a statistics eafigiccess is only measured by
the grade received. The purpose of this study wéiad alternative methods of
instruction that would enhance the students’ gaimihconceptual knowledge of

hypothesis testing and the estimation of populgb@aameters.
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1.2 The Research Questions

Before this research commenced the Data HandlidgSsatistics unit was taught
in a didactic style and little attempt was madeiszover the students’ concep-
tions before and during the unit. The unit was bdiig four modules. The first
module consisted of the summarisation of data atal cbllection methods. The
second module introduced probability and probabdistributions. The third
module introduced confidence intervals and hypaghesting. The final module
introduced the Analysis of Variance (ANOVA) and pimand multiple linear
regression. One consequence of the way the matergapresented was that stu-
dents had to grapple with the formal hypothesisriggprocedures at the same
time as they were introduced to hypothetical arudbabilistic reasoning. They
had little or no time to gather experience withvdreg conclusions using proba-
bility and to become familiar with hypothetical seming before the use of formal

procedures.

With these factors in mind the research questioar®w

* What are students’ understandings of probability stochastic processes
on entering university? Are there any differenceanderstandings be-
tween those students who have studied statistiteein previous mathe-
matics courses and those who have not?

* What are students’ understanding$efalues at the end of their first ter-
tiary statistics unit? How did these understandutggnge over the time of

the study?
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* What are students’ understandings of confidenavats at the end of
their first tertiary statistics unit? How did thasederstandings change

over the time of the study?

1.3 A note on the terminology

Students come into any learning environment wigirtbwn views of the world
which they have gained over their life experierideese beliefs may be incon-
sistent with formal knowledge, that is, “inconsigtevith commonly accepted and
well-validated explanations of phenomena or evefstnrod, 2008, p. 245). In
the educational literature views that are not ciast with formal knowledge, are
referred to as “misconceptions,” “misunderstandirggsin the more recent lit-
erature, “alternative conceptions” (Sotos, Vanhdain den Noortgate, &
Onghena, 2007). In the literature pertaining tbdey statistics education, how-
ever, the term “misconceptions” is generally retdinTherefore this term is used

for this study.

As stated in Section 1.2, the study aims to ingasti students’ understanding.
This is based on the reasoning used in their asstoespecified questions. What
is meant by “understanding” and “reasoning” in nemtlatics and statistics educa-
tion has resulted in considerable debate (for exanspe Ben-Zvi & Garfield,
2004). Therefore it is important to define whatisant by these terms in this
study. In this study students are considered te handerstanding” if they can
make connections among related concepts, can sggresncepts in different
ways, and have conceptual and not just proceda@bledge (Australian Curric-

ulum, Assessment and Reporting Authority (ACARA)12). “Reasoning” is
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shown when students justify the strategies theyauskustify their conclusions

(ACARA, 2011).
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2. Literature Review — part I: Statistical Reasonin ¢

2.1 What is statistics?

“Statistics is the science of collecting, orgargsianalysing, interpreting, and
presenting data” (Doane & Seward, 2007, p. 3).réciice, statistics involves the
use of numbers within a context and involves datkection, summarising these

data in some way and making interpretations antiers.

There are two general areas of statistics, desariptatistics and inferential
statistics. With descriptive statistics, data amasmarised with graphs, tables and
numbers such as means and standard deviationgentite statistics involves the
making of conclusions about entire populations feamples (Doane & Seward,
2007). This latter field involves the use of proitisband hypothetical reasoning.
Because variation is universal, and no two samgleslike, no sample is likely
to be exactly representative of the population fwnich it was drawn. The use
of samples, therefore, always results in uncegtaiohcerning the accuracy of the

conclusions inferred from samples.

Statistical analyses require some mathematicdssHihe use of computers, how-
ever, has greatly reduced the time taken in contipataso that analyses are now
much easier to do, although not necessarily easienderstand. Although statis-
tics requires the use of numbers, from the studeigapoint there are important
differences between statistics and other branchemthematics with which they
may be more familiar. In statistics the numbersagisvhave a context, there is a
need for correct data collection, and there is gbaancertainty about the answers
to questions posed about populations when sampassad. For students who
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are used to working towards a single “correct” agrsiw other branches of math-
ematics the need to address these differencesecandxpected and disconcert-
ing.

These differences have led some writers to lo@taistics as being not a branch
of mathematics at all. For example, Shaughnes96(28 78) states, “Statisti-
cians are quite insistent that those of us what@aathematics realise that statis-

tics is not mathematics, nor is it even a brancimathematics.”

The successful use of statistics, however, doasregkills that are usually re-
garded as mathematical. Not only does the dis@pirstatistics require the
summary and interpretation of data with graphsrandbers such as the mean
and median, it also requires hypothetical reasotiagin turn uses the mathemat-
ics of probability. Common statistical procedures ldased on what Cobb and
Moore (1997, p. 803) refer to as “elaborate mathimmlatheories [and] the study

of these theories is part of the training of st&isns.”

2.2 Statistical reasoning

In practice, statistical reasoning involves beibtpdo assess how well data are
collected, describe the data, draw conclusions tterdata, and allow for the un-
certainty that results from the use of a sampled&its, therefore, need to under-
stand how sampling is influenced by the variatiwat is present in every process
(Wild & Pfannkuch, 1999). They need to grapple vitte question, if variation is
omnipresent and sampling variation is also omngmmgsvhat can be said about a
population, when there is only a sample availafiié@ore, 1990). Students need

to recognise that a sample gives some informatimuta population, and the
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sample puts limits on the estimated value of aadtaristic of the population.
That is, students need to be able to cope witledhdicting ideas that samples do
not exactly represent a population but are in seane still representative of that

population (Rubin, Hammerman, & Konold, 2006).

A result of the tension between the representatiseiand variability of samples
is that statistical inference leads to the fornratb conclusions based on a hypo-
thetical reasoning process (hypothesis testing) varich are stated in probabilis-
tic terms. The result of the presence of varial®aus the user of statistics to an-
swer the following question, “Is the observed effacger than can be reasonably

attributed to chance alone?” (Moore, 1990).

2.3 Hypothesis testing and confidence intervals

2.3.1 Hypothesis testing

What distinguishes science from other fields ofilealge? It was in the search
for the answer to this question that Popper (1@88posed the criterion of “falsi-
fiability, or refutability, or testability” (p. 37)By this criterion, “statements or
systems of statements, in order to be ranked astffai, must be capable of con-
flicting with possible, or conceivable observatid(s 39). A “theory that is not

refutable by any conceivable event is non-scietit{jp. 36).

This proposal, that scientific statements mustdmable of being falsified, is
sometimes introduced to students with reasoningasino this. A statement is

made such as:

All swans are white.
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It is not possible to prove this statement true nidter how many white swans
are observed, there is always the possibility ainext swan observed may not
be white. In contrast, it is possible to disprovis statement by the observation of
only one swan of another colour. Therefore, acogrdd Popper’s criterion of
falsification, because the statement about swacagable of being disproved, it

is scientific.

Similar reasoning is used in statistical hypothe&sssing. A proposition (the “null
hypothesis”, designatedyHis made about a parameter (for example, the nmafan)
an entire population. This is written in such a waythat the sample data may be
used to find evidence against it. The sample d&tahen collected and the appro-
priate sample statistic calculated. If the samtdéstic is one that could be rea-
sonably expected from a population with the prodagearacteristic, then the hy-
pothesis is accepted. If, however, the samplestitais not one that would be ex-
pected from a population with the proposed charatiethe hypothesis is reject-
ed. A complication is added by the omnipresencsaaipling variation. Since it is
known that if another sample were taken it wouldlibierent from the first, and
that any one sample may or may not be represeatatithe population from
which it was drawn, the decision to reject or attke hypothesis is always made

with uncertainty. Thus the hypothesis is neverrdifely proved or disproved.

To manage this uncertainty the mathematics of fidibais used to assist in
making the decision to reject or accept the hymighé\ probability is calculated
using the following reasoning: If the null hypottseabout the population is true,

how likely is the sample statistic or a statishiattis even less likely? For exam-
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ple, if the hypothesis is about the value of a paion mean, the probability

would be expressed in mathematical terms as:

P(IX-uR0)|H, =4)

whereX is the mean of the sample, gnés the mean of the population. If this
probability is found to be very low, then it is ahmded that evidence has been
found against the null hypothesis and it is rejgéctethis probability is not very

low, then the hypothesis is accepted.

Lipson, Kokonis and Francis (2003) have summarisedeasoning involved in
hypothesis testing as a stepwise process. Thestaptinvolves the recognition
that no two samples are alike, even if they haad ldgawn from the same popula-
tion. The second step involves comparing the sangslelt with that expected

from the hypothesised population. To do this, aledge of sampling distribu-
tions (the pattern into which the sample statidtios1 the hypothesised popula-
tion would fall) is required. If the hypothesis sitbbe rejected, then the next step
involves recognition that there is an inconsistelbeiwveen the sample and the
hypothesised population, and that the sample mapeiong to that of the hy-

pothesised population.

A diagrammatic model of a hypothesis test is iruFég2.3.1.1.
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In summary, successful hypothesis testing requires:

* An understanding of randomness and probability.

* An understanding of data collection and the redommthat samples may
not be representative of the parent population.

* An understanding of what summary statistics sudh@snean and stand-
ard deviation represent, that is, an understantthiagis more than just
how these numbers are calculated.

* An understanding of how sample statistics sucleasrtean relate to the
equivalent statistics in the population (in popiolas these statistics are
known agparameterk

* An understanding that variation is omnipresent, ainthe extent of varia-
tion to be expected in the data.

* An understanding of the legitimate interpretatiohbypothesis tests, in-
cluding the setting up and correct interpretatiofnhe null and alternative
hypotheses, and correct interpretationB-eflues and levels of signifi-

cance.

These areas are discussed in turn in Sectionsd.2.4.

2.3.2 Confidence intervals

Confidence intervals estimate a population paranieteed on a sample. They
give a range in which it is considered likely treue of the population parameter
will lie. In the Data Handling and Statistics uaitthe University of Tasmania,

students are required to estimate and interprdtdsnce intervals for the mean.
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To understand the process, students need to kraavapiproximately 95% of data
that belongs to a Normal distribution will be witthivo standard deviations of the
mean. They also need to know that if an infinitenber of samples of the same
size were taken, and the sample means calculateddét one, these sample
means in turn would form a Normal distribution. Wfa@lows is a statement
known as the Central Limit Theorem. If the samjite $s large enough (a rule of
thumb is 20 or more) then the distribution formgdie sample means is a Nor-
mal distributionregardless of the distribution of the original pdgtion. This
Normal distribution has the same mean as the @igiopulation, and the stand-
ard deviation of the sample means (known, rathefusedly, ashe standard er-
ror of the meajis equal to the standard deviation of the origpgpulation di-
vided by the square root of the sample size. Thegeh larger sample size will

result in a smaller standard error.

If sample means have a Normal distribution, thensdime rule applies to this dis-
tribution as any other Normal distribution. Appnamétely 95% of the sample
means are then found within two standard erroth@population mean. This in-
dicates that most sample means are within a “reddehdistance of the popula-
tion mean. The direct consequence of this knowlesigkistrated in Figure

2.3.2.1.

Students then have to contend with the idea tiaptbcess used to make the es-
timate of the population mean will be “true” 95%tbé time, as 5% of the time a
sample mean will be found that is outside of the standard error interval. Sec-
tion 2.5.4.6 examines the literature describingcongeptions students have about

the process of finding and interpreting confideimtervals.
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If a sample mean fal
between these two
numbers, adding and
subtracting two stand
ard errors (se) from
this mean will give an
interval that contains
the value of the popu-
lation mean.

Figure 2.3.2.1. The relationship between the disttion of sample means and the
process of finding a confidence interval to estarthe value of the population
mean.

2.4 Misconceptions with probabilistic reasoning

2.4.1 Introduction

According to constructivist theories of learningstldents come into any learn-
ing environment with their own preconceptions timaty or may not be correct.
Students combine concepts intscema- a mental representation of an associ-
ated set of perceptions, ideas or actions. If neewkedge is understood, this

means that a student has successfully assimilagedew information into an ap-
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propriate schema. If the student has an inapprepoianon-existent schema then
assimilating later ideas can become difficult,of impossible (Krause, Bochner,

& Duchesne, 2007).

If students have pre-existing inappropriate or p&istent schemas about proba-
bility they will not be able to understand statiatiinference. Statistical inference
relies on the mathematics of probability from tkeéestion of the sample to the
drawing of the final conclusions. The literatur@wsis, however, that a person’s
intuitive views of probability are often inapprogte or incomplete. These inap-
propriate or incomplete views may be difficult tetect because probability ques-
tions, using examples such as coin tosses, caimipéeso answer. As people get
older their intuitive perceptions of statisticalglomena, even though inappropri-
ate, may get stronger, and formal instruction matycorrect these intuitive views
(Moore, 1990). Furthermore, it has been found shadents may use the formal
views inside the classroom, but revert to their dmtuitive views, whether cor-

rect or not, outside the classroom (Chance, dela&3arfield, 2004).

Over the last three decades a body of researchdeasproduced on probabilistic
reasoning. This research has identified severat®m intuitive reasoning that

are described in the following sections.

2.4.2 The contribution of Tversky and Kahneman

In their groundbreaking work, Tversky and Kahner(te®82b) provided exten-
sive research that described the judgement haxgrigtie “rules of thumb”) that
are used in probabilistic reasoning. One of thedggment heuristics is known as

the “representative heuristic,” in which probalekt are evaluated by the degree
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to which A resembles B. If A is very similar to Be probability that A originates
from B is judged to be high. If A is not similar By the probability that A origi-
nates from B is judged to be low (Tversky & KahnemE982b). This heuristic
manifests itself in several forms. The first ofgaenvolves the neglect of base
rate frequencies and is illustrated the followirgraple. The participants in
Tversky and Kahneman'’s study had to assess thelpifiti that “Steve” was a
farmer, salesman, airline pilot or librarian. Stevess described as being meek and
tidy with a passion for detail. The participantsded to suggest that Steve was a
librarian, as he fitted the stereotype of a litaariln using this reasoning, howev-
er, the participants ignored the base rate freqasnthat is, the number of each

occupation in the population.

Using this representative heuristic also led pgdicts not to realise that devia-
tions from the expected value generated by a rarutocess are more likely in
samples of small size. The participants, therefexpected that 50% of coin toss-
es would be heads even with a small number of $0388s expectation was rein-
forced by a belief in the “fairness” of the lawsobfance. Therefore in a series of
coin tosses the independence of each event waseiso that if a series of Tails
had been tossed, a Head was regarded as morethiael\a Tail. This latter mis-
conception is known as the “Gambler’s fallacy” (s¢s0 Fischbein & Schnark,

1997).

This heuristic also led the participants to prethett two samples drawn from a
population would be more like each other than ésdhse in reality. The partici-
pants who used the representativeness heuristieajsected that one outlier in

data (say a very high result) would be cancelledbguurther data (say a very
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low result) instead of being merely diluted by ottata (Tversky & Kahneman,

1982b).

Tversky and Kahneman (1982b) described anotheejudgt heuristic that they
referred to as “availability” (p. 11). This led tparticipants to judge the likeli-
hood of an event by the ease with which instan€éscould be brought to mind.
By this heuristic a class that can easily be re¢dewill appear more numerous
than a class of equal or higher frequency that atlbe so easily retrieved. There-
fore the subjects considered words in the form of * _ ing’ to be more com-
mon than words in the form*_ n _’, eveoudh the first example is a
subset of the second (Tversky & Kahneman, 1983 Réuristic also led to the

participants assuming correlation between varialtesn, in fact, this correlation

does not exist (Tversky & Kahneman, 1982b, pp. 3)1-1

Tversky and Kahneman (1982b, pp. 15-16) also desdrihe phenomenon of
“anchoring” where a person will make an estimagefian initial value and then
make adjustments to suit the situation. Unfortugatae adjustments are usually
insufficient. For example, in a study where thejsais had to judge the probabil-
ity of getting seven consecutive red marbles w8 of the marbles are red (a
“conjunctive” event) the participants started witle probability of the initial
draw (0.90) and then estimated down for sevenrowabut then did not make the
adjustment large enough (the final probability.®8). When they had to judge
the probability of getting at least one red marblseven tries where 10% of the
marbles were red, the subjects started with thbgttity of the initial draw

(0.10) and then estimated up to allow for the sexies but again did not make a

large enough adjustment (the final probability .52).
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2.4.3 Other misconceptions about probability

Since the work of Tversky and Kahneman other rebeas have examined peo-
ple’s understanding of probability. Konold (19&@)ded another judgement heu-
ristic to the list, the “outcome approach.” Withstheuristic it was found that par-
ticipants in his study made errors because theardesire to predict the outcome
of a single trial in a probabilistic process, amulvd judge their predictions as
correct or not on this single trial. Lecoutre (1p8@8ded the “equiprobability bi-
as,” where two outcomes of different probabilitsee judged to be equally proba-
ble even when this is not the case. For examptécymants in her study judged
that if two dice were rolled then a combinatioradd’ and a ‘6’ was equally like-
ly as two sixes. The participants failed to realis# there were twice as many

ways of achieving a ‘5’ and a ‘6’ rather than tvixes.

Fischbein and Schnark (1997) have described wegtdall the “time-axis falla-
cy” where they found that people can predict thabpbility of events in the fu-
ture, but do not use later knowledge to predicipttdability of events in the

past. This fallacy can be illustrated with an exEmp

You have an urn with two white marbles and two klaarbles.
You take out a white marble. Without replacing/du take out a
second marble. What is the probability that thsosel marble is al-
so white?

You put all the marbles back and then take out dbi@and put
it aside without looking at it. You take out a sedanarble that
is white. What is the probability that the first role was white?
(Adapted from Fischbein and Schnark, 1997)

It was found that in answering the second pathigfquestion the participants

correctly realised that the second draw could mitdaénce the first draw, but they
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failed to realise that knowledge of the second drauld be used to determine the

probability of the first draw (Falk, 1986).

If a student has poor intuitive ideas on how prdlisie processes work, it can be
expected that this student will have difficulty enstanding statistical inference
and hypothesis testing, which are based on thedmbilistic processes. In addi-
tion, Garfield and Ahigren (1988) have found threse problems are exacerbated
if the student has poor basic mathematical slaipecially in the use of propor-

tions, fractions, decimals and percents.

2.4.4 Misconceptions about conditional probability

Because hypothesis testing involves conditionabgbdities it is important that

students can interpret conditional statements.
Formally, a conditional probability is presented as

P(A N B)

P(A|B) = 70

The sample space is therefore restricted to poirdas event B; that is, only
points in A that are in set B are of interest. Example, if the probability of get-
ting a king, given that the requirement that thelés a spade, the formula would

read

P(King and Spade)

P(King|Spade)= P(Spade)

In this case, the only card of interest is the canel that is both a king and a

spade, out of the total number of spades. Cardshef suits are not of interest.
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Watson and Kelly (2009) found that students in @ptary school can use infor-
mal conditional reasoning with probabilities, arahwinderstand that sampling
without replacement affects the probabilities ofcomes of subsequent selec-
tions. Students can also calculate conditional @odities accurately when the
data are in the form of a frequency table. Howew#ien conditional statements
are put into social contexts, the students’ baakggdknowledge may interfere
with the calculations of these probabilities. Thieng-axis fallacy” may also play
a part; that is, students can predict the prolighifi events in the future given
past events, but cannot give the probability ofevén the past given later

knowledge (Fischbein & Schnarch, 1997).

2.5 Other misconceptions about statistical reasonin g

2.5.1 Misconceptions about randomness

Randomness has a different mean-ing in everydagcspeompared to its mean-
ing in mathematics. In everyday speech randomresssafer to any event that
cannot be predicted, is haphazard, or is withalgfanite purpose. In mathemat-
ics, a process is random if the occurrence of amtfollows a probability distri-
bution. Therefore, if an event has a 60% chanaeofirring (for example select-
ing a red marble from a bag with 60 red marbles4htlue marbles), although
the result of each individual selection cannot kejzted, it is known that in the

long term a red marble will be drawn approxima&yo of the time.

The varying meanings that students apply to thra tandomness have been in-
vestigated by LeCoutre, Rovira, LeCoutre and Paitau (2006). Some partici-

pants in their study believed that randomness egitir any occurrence where
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the cause is unknown. If a cause is found, thes&ipants then believed that the
occurrence was no longer random. The authors alsadifthat some participants
believed that randomness applied to any situatioare/the probability was easy
to compute. Of interest was the finding that a lgacknd in probability study had
little effect on the accuracy of the participariisliefs. This illustrates how stu-
dents’ intuitive knowledge, while inappropriate, yrtze difficult to correct

(Krause et al., 2007).

2.5.2 Misconceptions about sampling

In general, senior high school students and stsdentndergraduate statistics
courses have little experience with sampling (RuBimice, & Tenney, 1991).
Students, therefore, have no knowledge of the extenwhich samples may or
may not be representative of populations, and hawwinone sample may vary
from the next. As a result, students generallyeekpamples to be much more
representative of the population than they realty and if a sample is found to be
representative, they regard it as “accurate” (Reial., 1991). It has also been
found that some students ignore the effect of sarmsigk on the characteristics of
a sample. They will concentrate on the possiblese of the within sample var-
iation as a sample size increases, without regligia effect that increasing sam-
ple size has on the standard error (Finch, 1998} latter finding has also been

noted by delMas, Garfield, Ooms and Chance (2007).

2.5.3 Misconceptions about measures of central tend  ency

For students to perform hypothesis tests succégsfiuby need to understand

concepts related to the mean and other measucestfil tendency. In particular,
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it needs to be understood that the arithmetic neeansome way representative
of a group. It is because of this representativetiest many common hypothesis
tests are about the mean of a population, or tfereince in means of two popu-
lations. The calculation of the arithmetic meaw, tode and median are simple,
yet students from primary school to the tertiamgelehave been found to have dif-

ficulties with using and understanding these dtasis

For some school students the mean is defined addbeathm to calculate it, and
there is no conceptual understanding of what tilsgvanmight represent. In a
study of students from Grades 4 to 8, Mokros anssRBili (1995) found that some
students did not see the arithmetic mean as ragegse of the data, but saw the
mode as the most representative number insteadidd@ind Russell did, howev-
er, find that reasoning improved as the studentarne older. In a study by
Strauss and Bichler (1988), some school studegesi(8 to 14) did not see the
mean as a humber representative of a data setidoatmore likely to do so as
the students became older. Some of the stude®sdnss and Bichler’s study
also had difficulties understanding the result witenmean was a fraction that
had no counterpart in reality, such as one third séccer ball per person. As the
students in this study became older they approattteethean in a more concep-
tual way, in that they either saw the mean as astveable” number, as a “mid-
point” or as a “balance” point, where the sum aftainces of the data points
above the mean to the mean is equal to the suhedafistances of the data points

below the mean to the mean (p. 36).

Once students see the mean as a representativentonh data set, they should

also be able to see that this representativenksgsaior comparisons of data sets.
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This understanding should later be extended to mgaikiferences involved in

comparing populations (Gal, Rothschild, & Wagn&9Q).

Watson and Moritz (1999) gave students from Gra&des9 a problem that re-
quired them to compare two data sets that werepted in the form of graphs.
Many of the students did not use the mean in tt@iclusions, and of those who
did (10% of the Grade 6 students and 54% of Grasted@ents), did not always do
so successfully. Similarly, for students in Gra8ds 9, Gal, et al. (1990) found
that some students did not use the mean in theipadsons even though they
had demonstrated familiarity with the algorithmalstudy of students from
Grades 5 to 8, Hancock, Kaput and Goldsmith (12$2) found that some stu-
dents did not use means to make comparisons betgveaps of unequal size,
many using totals instead. Hancock et al. (1998) &dund that students tended to
give individual cases in a group more importan@atis desirable. In addition,
they would produce graphs if required for theiregssnents, but then would ig-
nore them when drawing their conclusions, indigatimat they did not see the

representative nature of these forms of data reptason either.

Because understanding generally improves as thests become older it would
be expected that late secondary students andyestizdents would have a more
sophisticated and accurate understanding of the imuea other measures of cen-
tral tendency. These students should also be rikalg to know which measure
of central tendency is most appropriate for a gidata set. However, many still
have difficulty with these ideas. Pollatsek, LintadaVell (1981) found that when
given a situation in which a weighted mean wasiregya “surprisingly large

proportion” of college students could not calcuiatelid not understand the con-

37



cept, and did not recognise that the ordinary nveasinot appropriate. Many of
these students did not comprehend that an errobéeil made, even when given

follow up questions that were designed to promefrthio recognise their errors.

Groth and Bergner (2006) examined the understarafi@rade 12 students and
preservice teachers related to the mean, mediamadd. They found that most
students chose to use the mean of data when itnwes appropriate to use the
median. Only 7% of these students could discussiwmeasure was most suita-
ble for each example they were given. Although setodents could explain that
the mean and median measured the centre of th@datre in some way repre-
sentative of the data, there were still students eduld only explain these

measures in terms of the algorithms used to caketitem.

2.5.4 Misconceptions about statistical inference

Garfield and Ahlgren (1988) have described howestislin tertiary institutions
may not understand the concepts of inferentiaissited and therefore fall into
“number crunching’ mode, plugging quantities ist@omputational formula or
procedure without forming an internal representatibthat problem” (p. 46).

The following sections describe the literature rd@a misconceptions in statisti-
cal inference, particularly those regarding hypsth¢esting and the generation of

confidence intervals.

2.5.4.1 Misconceptions about variability
Because variation is omnipresent, Reid and Reg@d@5) suggested that the
success of students in statistics depends on hdviheg can develop an under-

standing of variation in different contexts. Thelibto look at a data set, with its

38



variation, as a whole comes with experience. GdfelMas and Chance (2007)
found that at the beginning of an introductory @nsity statistics course their
students tended to focus on individual points, hiedrange, but not to focus on
where most of the data were. They found that erterngactice was needed for
students to see the data as a whole. In a stupseedervice teachers, Leavy
(2006) found that these teachers concentratedeosuitmmary statistics and ig-

nored the variation, rather than focussing on tita ds a whole.

Liu and Thompson (2005) studied in detail tertisiydents’ understanding of the
standard deviation. The students were requiredrémge the bars in a histogram
of discrete data so that the highest standard tiewievould be produced. Initially
the students spread the bars evenly acrossdbes, illustrating they were not
considering the standard deviation in terms ofl é&iation from the mean. Liu
and Thompson concluded that few students had aeptina of the standard de-

viation that combined both frequency and deviatiom the mean.

2.5.4.2 Misconceptions about sampling distributions and the Central Limit
Theorem

The understanding of sampling distributions reauthe integration of several
concepts — sampling and variability, the Normatribsition, the distribution of
sample means, and standard errors (Batanero, 20@8ice, delMas, & Garfield,
2004). Therefore if students have misconceptiosiahny of these topics, or
have not or cannot put them together correctlyy tire not going to have a full
conceptual understanding of how statistical infeestakes place. DelMas, Gar-
field, Ooms, and Chance (2007) found that indeedetlare students who cannot

use these concepts simultaneously. In particuiay tannot deal with concurrent
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use of the mean of the sample, the mean of thelgopu and the mean of the

sampling distribution.

It has also been found that students may expexbéelata to be normally dis-
tributed when this is not the case. Bower (2003cdbed how some students
have a tendency to believe that the larger the kasige, the closer the distribu-
tion of any statistic will approximate a Normaltdisution, even when there is an
obvious lower bound such as zero. These studetitbelieve, therefore, that
something is wrong if a non-Normal distributiorfasind. DelMas et al. (2007)
discovered that there are some students who, antthef a tertiary statistics unit,
showed a more fundamental lack in understandintiyanthey could not draw a

Normal distribution when given its parameters.

The law of large numbers states that as the nupfiigals increases, the ob-
served proportions of a probabilistic process waolhverge to the theoretical pro-
portion. For example, the larger the number of ¢ogses, the closer the propor-
tion of heads will be to fifty percent. The Centathit Theorem states that if the
sample size is large enough, the means of sampéefix@d size will form a
Normal distribution, even if the original populatics not normally distributed.
Thompson, Liu and Saldanha (2007) describe how statents mix up the law
of large numbers with the Central Limit Theoreme$é students believe that as
the sample size increases, the distribution oktmeple means will not necessari-
ly be Normal, but look more like the distributiohtbe original population. As a
consequence, they do not understand that variahilitong samples means is less
than that of the individuals of the population, dinalt variability among sample

means will decrease with an increase in sample size
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Lipson (2002) studied students’ understanding efsampling distribution of a
statistic (for example, that sample means form eniéd distribution) in contrast
to the distribution of the sample (the pattern fediby the individuals in the
sample). In her study, 43% of the participants dathte that the sample statistic
was determined from the sample, and that the Jéityabf this sample statistic is
described by the sampling distribution. Twenty fwescent of the participants,
however, stated that the distribution of the san(hle individuals) was the same
as the distribution of the sampling statistic. Tl 35% percent of the students
who did not clearly indicate their reasoning. Fartavidence of difficulties with
the distribution of samples was supplied in a stofdgachers by Liu and Thomp-
son (2005) who found that the participants didinocbrporate the idea of the dis-
tribution of sample statistics at all, and therefdid not consider whether or not a
statistic was unexpected when deciding on the owgcof inferential reasoning.
Lipson (2002, p. 1) concluded that the concephefdampling distribution is

“multifaceted and complex” and as a result studéntsthis difficult.

If students have misconceptions about the disiobutf the sample, the distribu-
tion of sampling statistics and the Central Limtitebrem, it is not surprising that
they may try to cope by looking for rules to applyen carrying out statistical
inference, and not use conceptual understandinfprtunately, learning by ap-
plying rules may lead to error. If understandingas present, a student may ap-

ply the rules inconsistently or even misremembenti{Chance et al., 2004).
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2.5.4.3 Misconceptions about null and alternative hypotheses and their in-
terpretation

Part of the procedure for hypothesis testing igrtmose a hypothesis about the
population of interest. This hypothesis shoulddisifiable (see Section 2.3.1)
and has to be stated correctly, so that when thethgsis test is completed an
incorrect statement will not be accepted or repectinfortunately, some students
do not even realise that the null hypothesis refeespopulation, but instead
think that a null hypothesis can refer to both pyjation and a sample (Sotos,

Vanhoof, Van den Noortgate, & Onghena, 2007).

A further problem is that the steps can be camigidcorrectly but the meaning of
the results can be misinterpreted as students s/ dn inappropriate under-
standing of what accepting or rejecting a null Hipesis really means. This latter
problem was investigated by Haller and Krauss (2002 particular interest is
that many of their subjects were instructors inargcaduate statistics courses.
The researchers surveyed 113 staff and studetading statistics instructors)
from psychology departments at six universities Pphrticipants were given the
example of an independent samphsst to determine if there was a significant
difference in the means of control and experimegtalips. In their example the
P-value was .01. The participants were asked toeagrelisagree with each of the

following statements.

1. You have absolutely disproved the null hypothetiat(is, there is no dif-
ference between the population means).

2. You have found the probability of the null hypotisdseing true.

3. You have absolutely proved your experimental hyesith (that there is a

difference between the population means).
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4. You can deduce the probability of the experimehyglothesis being true.

5. You know, if you decide to reject the hypothedig probability that you
are making the wrong decision.

6. You have a reliable experimental finding in thesgethat if, hypothetical-
ly, the experiment were repeated a great numbtmes, you would ob-

tain a significant result on 99% of occasions.

Eighty percent of the participants who were stiagsinstructors marked at least
of one of these statements as true, while all fyelplogy students marked at
least one of these statements as true. When addlysstatement, Statement 5
had the highest percentage incorrect (average M86}his statement it appears
that the caveat, “if kis true”, was not known, forgotten or ignored. Staénts 4
and 6 were the next highest in percentage incofaeetrage 47%); while State-

ments 1 to 3 were the most often correct (avenaggriect 18%).

Further investigation by Haller and Krauss (200®)vged that for some of these
students and instructors the results of a hypathest was regarded in the same
light as a mathematical proof. Thompson et al. 2@0so found in their research
this tendency to believe that the results of a Hypsis test indicate proof. Sub-
jects, believed that to reject a hypothesis testmaghat the hypothesis has been

proved wrong, and that further evidence in unneargss

It cannot be expected that students will have algowerstanding of hypothesis
testing if their instructors have misconceptionsvafl. It would also appear that
that students of statistics wish to be able to ndEdaite conclusions about their

data, which is not possible.
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2.5.4.4 Misconceptions about the interpretation o f the P-value and the lev-
el of significance ( a)

In the hypothesis testing procedure, the levelgficance (denoted by) indi-
cates the level of probability at which the nulpbyhesis will go from being ac-
cepted to rejected. It also indicates the maximbance of rejecting the null hy-
pothesis if this hypothesis actually true TheP-value is the probability that giv-
en a particular hypothesis about a population patamthe sample statistic or

one even more unlikely, is observed.

Several studies have found a combination of tHeahg misconceptions about
the level of significance to be held by both studexnd researchers. The level of
significance may be regarded as the probabilitydha of the hypotheses is true.
The level of significance may also be regardedagptobability of being wrong,

or just as the probability of making a mistake @ero, 2008; Nickerson, 2000).

Similar misconceptions apply to the meaning ofRhealue. TheP-value is be-
lieved by some to be the probability that the hyfpothesis is true. The-value

is also interpreted as the probability that thenéeé interest could happen, given
that the null hypothesis is true (Gliner, Leechi&rgan, 2002). Students may
also believe that any orievalue will be replicated if the experiment is liepted.
They do not realise that a particular sample staiis unlikely to be replicated,
and, furthermore, do not realise that the probghili having a sample statistic
that exactly replicates the null hypothesis isexiely small (Cumming, 2006;

Mittag & Thompson, 2000; Nickerson, 2000).

Mittag and Thompson (2000) found that students believe that thé-value

indicates the strength of a relationship. Theretbey will believe that statistical

44



significance also implies practical significancdig@r et al., 2002). A study of
researchers, however, found that these subjects gegrerally aware that this was

not the case (Mittag & Thompson, 2000).

2.5.4.5 General misconceptions about hypothesiste  sts

Students may carry out hypothesis tests with copexcedures and conclusions,
but then give these conclusions unwarranted meankw example, if a null hy-
pothesis is rejected, students may conclude tleathtory behind the experiment
is true. If the null hypothesis is accepted, tHendxperiment might be regarded

as a failure (Nickerson, 2000).

Another problem is that students may carry outfoltyesis test, and then look
for non-statistical reasons for their conclusidfs. example, Lipson, Kokonis,
and Francis (2003) found that even when the stgdertheir study verbalised
that the likelihood of the sample coming from tlypdthesised population was
small, they tended to look for a practical explarat{deliberate tampering with
the sample, for example) rather than dealing vhighstatistical solution. Kaplan
(2009) found that students rated the results tissitzal inference on the strength
of their own beliefs. Therefore if they did notieek a conclusion, the students
would look at problems in design and ask for furthéormation. They did not do
this, however, if they believed the results. Thalsnts did not realise that it was
necessary to discuss the strengths and weakndsmeg experiment, and not just

when they were surprised by the result.

2.5.4.6 Misconceptions about the interpretation of confidence intervals
Confidence intervals are relatively simple to cidteibut appear to cause prob-

lems in interpretation. The purpose of confidemterivals is to estimate a popula-
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tion parameter from the sample, with an indicatbthe uncertainty due to
chance variation (Moore, 1990). If, for examplasistated that the 95% confi-
dence interval for the mean is between 20 cm anth23he value of the popula-
tion mean is believed to be between these two nsr(becluding the end points).
To the educated reader, the 95% indicates thairtieess used will give a correct
estimation 95% of the time, but that for any orterval it is not known whether
the answer given is correct. That is, the accuddidiie individual result is un-

known, but the overall level of uncertainty is kmmow

In a study of undergraduate students, delMas é2@07) found that about one
third of students believed that a confidence |la@wicated the percentage of pop-
ulation values that lie between the confidencetnithese students also had a
tendency to believe that the confidence level regmes the percentage of sample
values within the confidence limits. In additiohetmajority of the subjects in
delMas et al.’s study indicated that the level affidence denoted the percentage
of all sample means that lie between the confiddéintiés. These students did not
understand that their knowledge of Normal distiitng led to grocesshat al-
lows estimation of the population mean. As a resiéty were not able to take the
step from the knowledge that 95% of all sample mear within two standard
errors of the population mean, to knowledge thistldads to a process that ena-

bles inference about the population mean.

In a study of researchers, Cumming (2006) foundttiere was a common mis-
conception that if a sample were taken and the Eampan and confidence inter-

val were calculated, then the level of confidenceii give the percentage of
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means that would fall within the original confidenioiterval if replicate samples

were taken.

2.6 The persistence of preconceived views

2.6.1 Introduction

Students can hold multiple and contradictory vienwgprobability as well as on
other topics in mathematics, and on many otheripalyphenomena (Konold,
1995). In the classroom, students may use the famathods, but resort to their
own intuitive knowledge and methods outside thesriaom. Because intuitive
beliefs appear self evident and obvious, studertseductant to change them
(Fischbein & Schnarch, 1997). When presented wiitbrimation that conflicts
with their previous views, students may rather lémkand find evidence for their
misconceptions than use a new theory (Dunbar, Bagg| & Stein, 2004,
Shaughnessy, 1992). If the new theories do naitbitthe structure provided by
their intuitive theories, these new theories aentimtegrated into their schema
with difficulty (Dunbar et al., 2004). It is for idireason that instruction may not

correct previously held misconceptions.

2.6.2 How students change their previous conception S

In his book “The Structure of Scientific RevolutghKuhn (1996) suggests that
scientists work with traditions that provide colrmodels that define rules and
standards for accepted scientific practice, refetoeas paradigms. The observa-
tion of new phenomena may influence these paradigrtigee ways. Firstly, the

observations might fit in well with the existingradigms. Secondly, a new theo-

ry may be developed that articulates well withekesting paradigms. Thirdly, a
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new paradigm may result that replaces the old pgmadrhis will happen, how-
ever, only if attempts at articulation fail. Kuhtates: “Only when these attempts
at articulation fail do scientists encounter thedttype of phenomena, the recog-
nised anomalies whose characteristic feature is sh#bborn refusal to be assimi-
lated to existing paradigms” (p. 97). Strike andrir (1985) made a similar
claim for individuals. Students will not make a wraghange in a former concep-
tion, or form a new conception, until they haverfduhat less radical changes
will not work. This change will not take place, hewer, unless the new/adjusted
conception is at least minimally understood, appédatially plausible and has
explanatory power. These ideas are further devdlapthe discussion on theo-

ries of learning in Chapter 3.

2.7 Implications of the literature for teaching sta  tistics

For those who teach applied statistics coursesntasage from the literature is
twofold. Firstly, because it appears that studeatssuccessfully complete statis-
tics courses using procedural knowledge only, ifaeptual understanding is con-
sidered to be important, then conceptual undersignaill need to be assessed

(Kelly, Sloane, & Whittaker, 1997).

Secondly, it has to be appreciated that the coemth as randomness, distribu-
tions of sample statistics and probabilistic cosidns are abstract and complex.
Understanding these concepts is complicated biatheof background in math-
ematics that many students may have. Students lsayave difficulty in work-
ing with the non-deterministic view of the worldatithe discipline of statistics

requires (Yilmaz, 1996).
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With these factors in mind, Cobb and McClain (20@&tommended that the
teaching of statistics should focus on developtagigical ideas, use real data and
classroom activities that promote statistical ustdarding, use appropriate tech-
nological tools that promote statistical reasonargj promote classroom dis-
course. In addition, assessment should be usedndon students’ conceptual
development. Furthermore, it has to be recognisatlitis easy to underestimate
the difficulty students have in understanding basiecepts of probability and

statistics, and to overestimate how well studentetstand these concepts.
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3. Literature Review part |I: The nature of learnin g

3.1 Introduction - What is learning?

If someone says they have “learnt” something, wloathey mean? For some
people learning has taken place if they can rep®duseries of facts, whereas for
others, learning means something more compreherfSiveexample, on giving
students a text to study, Martin and Salj6 (1996t that some students aimed
just to reproduce the contents of the text (“swefl@arning”), whereas other stu-
dents tried to understand the intention of the @utii the text (“deep learning”).

In a more general context, deep learning, in cehtmlearning that merely re-
produces content, can be considered to have occwiten the student can under-
stand the material, relate parts to a whole, iatiegit with existing knowledge

and apply it in real world situations (Boulton-Lewil995).

Boulton-Lewis (1995) described the acquisition nbwledge as a series of steps
where students begin with declarative knowledgemndress to procedural
knowledge, conditional knowledge, theoretical kreage and then to metatheo-
retical knowledge. In this system, declarative klealge consists of factual
knowledge. Procedural knowledge allows the mantmneaof declarative
knowledge to undertake a task, to solve a probéerd,to make decisions. These
can be compared with surface learning. Conditiknalvledge allows a person to
know when to use certain procedures for differemppses. Theoretical
knowledge (deep learning) involves being able t@ergbstracted or generalised

statements going beyond particular instances. Metaétical knowledge is
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knowledge about the process of abstraction andyh®ralding (Krause et al.,

2007; Mason & Spence, 1999).

With this in mind it can be said that students wha complete their statistics
courses but cannot explain the reasoning behind thbg do have achieved sur-
face learning or procedural knowledge, and haveaobieved theoretical

knowledge or deep learning.

3.2 How learning occurs

3.2.1 Introduction

One aim of this research was to discover studemigerstanding about probabil-
ity and hypothesis testing so that the teachingfatistics to first year university
students could be adapted to make deep learning lkety to be achieved. From
reading students’ work in the past it was cleat sline of these students had ide-
as about statistical inference and hypothesisigstiat were not in their lecture
notes, not in their text, and were never presetatéldem in their lectures or tuto-
rials. These students were not merely reproducingtwhey had learnt or read,

but were somehow processing this information fentkelves.

It is proposed that examining the theories of htwdents learn may enhance
teaching practice so that deep learning, withostcomnceptions, may become
more likely. Because this research is focusseduaests’ understanding, the fol-
lowing discussion concentrates on cognitive modelsarning.Cognitive learn-
ing theories concentrate on internal mental praeasd on how learners manip-

ulate both new and familiar information.
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3.2.2 Information processing theory

Information processing theory states that human ongmioes not simply retain
information but is an active system. This systefivaly selects the sensory data
that are to be processed, transforms the datarieemingful information, and
stores much of the information for later use. Leasgrcomes about when infor-

mation from the environment is transformed intordtige structures.

Several models have been proposed to describe imarihmemory works. The
first to be described here is the “multistore” mid@@ause et al., 2007). Accord-
ing to this model, information is noted by the s=nand if attention is paid to the
information, it will be transferred to the shotrtememory. If the information is
considered important enough it will be transferti@the long term memory, if
not, it will be forgotten. This long term memorysade up of episodic memory,
which holds memories of personal events, semargimony, which holds lan-
guage and knowledge of how the world works, andgxiaral memory, which
holds knowledge of procedures for performing thédsske need (Krause et al.,

2007).

An alternative model is called the “levels of presiag model” where attention is
paid to the level of information processing. Acangdto this model “deep pro-
cessing” occurs when information is analysed anttleed by making connec-
tions with existing knowledge. Information thatisalysed more deeply will be

remembered (Krause et al., 2007).

These information theories are useful when desggaiteaching program because
they alert instructors to the possibility that gneformation is not just merely

taken in without further processing, learners maipn gdeas that were not intend-
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ed by the lesson. They also can help instructomtierstand why students may
not retain information they have been given. Leegmeay not retain information
because they have failed to pay adequate attemtiey,may be not motivated to
remember, they might have inadequate memory skillthey might not have the
right cue to recall the information. These problamesy be exacerbated if students
are taught in a didactic way (Perkins & Simmons®8)9Learners may also not
retain the information because the short term mgnsoimited (Krause et al.,
2007). Consequently, if too much new informatiogiigen at once, students will

not be able to process this information effecti@gieman & Perkins, 2005).

3.2.3 Constructivist theories of learning

Constructivist theories, like information procesggtheories, suggest that learners
are not passive recipients of knowledge, but ptagicive part in their own learn-
ing. Rather than learners passively receiving kedge as it is given, learners
actively construct new knowledge by linking it toge knowledge and under-
standing. It is argued by some (radical constristsy that knowledge, no matter
how it be defined, is in the heads of persons,thatlas a result learners have no
alternative but to construct what they know onlihsis of their experience (von

Glaserfield, 1995).

There are variants of this theory. Psychologicalstactivism focuses on indi-
vidual learners and how they construct their owovkledge. Social constructiv-
ists focus on social interaction as a key compotelgarning, and indeed, may
argue that this interaction is essential for leagr(Krause et al., 2007). It is ar-

gued that as learners live in their own particstagial and cultural environments,
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particular meanings are given to the events anectdbihat are encountered, and

therefore all learning is socially mediated (Tobiippins, & Gallard, 1994).

According to constructivism, learners operate aifithemaA schema is a clus-
ter of ideas about a particular object or expegethat is used by the person to
organise existing knowledge in a way that makeseseWhen learners come
across a new situation, they may be ablessimilatethe new knowledge into a
pre-existing schema without modification. If anansistency arises between new
information and a current schema, learners expegidisequilibrium and then
have to modify the existing schema by the procésscommodatioriKrause et

al., 2007).

Using constructivist theory, Perkins and Simmor@8@8) described how errors

may occur as students acquire new information.

Students may have naive, underdifferentiated, aamgnoritised concepts

that may rival and override those of the new topic.

* Students may have difficulty accessing freshly aeguknowledge, espe-
cially if it was given in a didactic fashion.

* Students may mix up the new knowledge in variougswand the result is
a garbled version of what was intended.

» Observations that do not fit into their previoutuitions may be ignored,
and only observations that fit into these priouitions will be acknowl-
edged (see Section 2.6.1).

« Students may not be aware of the need for coheiaribeir knowledge,

and therefore may prefer to keep to their previatigtions than to seek

internal coherence.
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If Perkins and Simmons are correct, then studeiiksesist the process of ac-
commodation; that is, they will prefer to hold teiaw of the world that is inter-
nally inconsistent rather than go through the pgea# modifying an existing
schema. Students will only modify an existing schahsomething easier will not

work, and if the new schema is in some way plaasibl

3.2.4 Implications of the cognitive models for teac  hing

If we accept that learners construct knowledgewargérstandings based on what
they already know and believe, then it would sempartant that instructors
should discover what knowledge their students hand,what their problems are
likely to be. “It is easier to orient students todaa particular area of conceptual
construction if one has some idea of the conceptmattures they are using at

present” (von Glaserfield, 1995, p. 185).

If students have prior conceptions that are nosistent with what is being
taught, instead of undergoing the process of acauaation, they may build fur-
ther misconceptions, or use what is being taughitinthe learning environment
but use their own ideas outside it (Bransford, Brpg& Cocking, 2000). Because
these students are using what is taught insidee#ivaing environment they may
appear to have made an accommodation when, intffegthave not done so.

Strike and Posner (1985) stated:

Typically, students will attempt various stratedgie®scape the full
implication of a new conception or to reconcilevith existing be-
liefs. Accommodation may, thus, have to wait ustine unfruitful
attempts at assimilation are worked through. klsaseems charac-
terised by a flash of insight, in which old idea#§ &way to be re-
placed by new visions, or as a steady logical megon from one
commitment to another. Rather it involves much flinghbabout
and many false starts and mistakes. (pp. 221-222)
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The cognitive models of learning therefore suggfest instructors, being aware
of likely problems, should give their students oppnities to work through new
material and should give them the time needed teec terms with it. These
models also suggest that the instructors need totandheir students’ under-
standing to check that an appropriate assimilatromccommodation has taken

place.

Information processing models suggest that insoocthould be designed to as-
sist students to store new information in the menhgrattracting the learners’
attention to the relevant information and orgarmdims information in a way that
makes it easy to assimilate (Krause et al., 200My also suggest that only a

certain amount of new material should be givemat time.

3.3 Affective factors

It would be expected that instructors who are Keetheir students to gain con-
ceptual understanding, and, it must be said, aelgeod grades, will usually try
to develop the best program possible for theirestisl However, the aims of the
instructors may be thwarted by the beliefs and afikeir students, which may

not coincide with theirs. Pintrich, Marx and Boyli©993) stated:

The assumption that students approach their classhearning
with a rational goal of making sense of the infotior@and coor-
dinating it with their prior conceptions may notd&ecurate. Stu-
dents may have many social goals in the classraornext be-
sides learning — such as making friends, findimgriend or
girlfriend, or impressing their peers — which caors circuit any
in-depth intellectual engagement. (p. 173)

Even if the students have a desire to achieveladnade, they may have different

approaches to their learning:
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Even if the focus is on academic achievement, sitsd@ay adopt
different goals for or orientations to their leanaui For example, it
appears that a focus on mastery or learning gealsesult in
deeper cognitive processing on academic tasksaliacus on the
self (ego-involved) or a focus on performance (gedesting
others), which seems to result in more surfaceqesiog and less
overall cognitive engagement (Pintrich et al., 1993173).

Students’ beliefs about intelligence also influetteeway they approach their
learning. For example, if students believe thatliigence is fixed they are more
likely to display helpless behaviour when facedwatdifficult task. If they be-
lieve that knowledge is fixed and certain, theyrage likely to acquire surface
learning instead of deep learning. They will alsod to regard tentative
knowledge as absolute. If students believe thahieg is quickly achieved, they
may oversimplify information, perform poorly on tesand be overconfident
about their understanding of information. If theslibve knowledge is composed

of isolated facts they will have difficulties in derstanding (Schommer, 1993).

In the university environment, where it is not carispry to attend all classes,
differing motivations and attitudes to learning nieyreflected in attendance.
Those students who are motivated only to gain timenrmum requirements to pass
may have irregular attendance. Some students laiant to be involved in

whole class discussion, either because they ptelet others make the effort of
contributing, are shy, or because they have largydétjculties. Some of these
latter problems may be overcome when the studeaitk iw small groups. In con-
trast, there are students who are motivated torstatel their subjects as much as

possible, or who develop an interest as the semesttinues.
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3.4 The use of the SOLO taxonomy in assessing learn  ing

Piaget suggested that as people grow older they inaveasingly more complex
ways of reasoning available to them (Krause eR8Dy7). At first children learn
using concrete modes, and as they grow older theegilale to use increasingly
abstract modes of reasoning. Biggs and Collis (1888gested that there are nat-
ural stages in the growth of learning of any compieterial that are analogous
to the developmental stages of reasoning deschpdtaget. As a result Biggs
and Collis developed a system for assessing leg(fine SOLO Taxonomy —
Structure of Observed Learning Outcomes) that takesaccount the demonstra-
tion of increasingly abstract knowledge and indrggasomplexity of the learner’s
reasoning. In this system, an answer that doeaddress the elements of a task is
considered to be “Prestructural.” An answer thapleys a single element of the
task only is considered to be “Unistructural,” waees an answer that employs
several elements in a task is considered to betidulctural.” Those answers
that create connections among the elements okadderm an integrated whole
are considered to be “Relational” (Watson & Calliagn, 2003). Using the prin-
ciples of the SOLO model, a form of assessmenbeaaieveloped where students
are not only assessed on right/wrong answers,dybe assessed on the level of

sophistication of their reasoning.

With these ideas in mind, the items in the questines used in this study were
designed so that a hierarchical structure couldseel in grading the responses to
them. Therefore answers that showed a higher téhathtistical reasoning were
assessed with a higher score than those that sheVeseer level of reasoning.
For example, one of the questions asked the stsidenfetermine the probability
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of a coin coming up with a Head after four Tailsllt®me up in a row, and to
give an explanation for their answer. Those stuglefo did not address the task
were considered to give a Prestructural respordeemeived a code of “0.”
Those students who answered that as there weng twaloutcomes” the proba-
bility is 0.5 were considered to give a Unistruatuesponse and received a code
of “1.” Those students who added that as the tbssia is “not affected by the
outcomes of previous tosses” the probability isvdebe considered to give a Mul-
tistructural response, as this response indichtgghe students were considering
more aspects of the overall picture. These studentived a code of “2.” If a
student had considered the pros and cons of theetimy explanations would

have been considered to give a Relational resp@esstudent did this).

Further details of the assessment models usedkisttidy are explained in Chap-

ter 4.
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4. Literature review part lll: Measurementinthes o-
cial sciences

4.1 Scales used in measurement

Measurement can be defined as the assignment diersrto objects or events
according to rules (Stevens, 1946). The attribatéke things being measured
determine the scale that applies the numbers,randn the scale determines the
mathematical properties of the measurements anstdtistical operations that

can be applied to the measurements.

The simplest form of measurement uses a nominé sdzere numerals are used
only as labels. For example, a “1” may be usedhfperson enrolled in a Bachelor
of Arts, and a “2” may be used for a Bachelor ak8ce. With a nominal scale
numerals are used only as labels and no ordempeidhwith these numerals. In
general, the only statistic available for nominafedis the number of cases in each
category. Yet even though nominal data have noi@dmirder, nominal data such
as race or gender may still be important explagatariables (Wright & Linacre,

1989).

At the next level of complexity the labels are gatkinto successive categories,
which increase or decrease in status along soredatl underlying variable (an
“ordinal” scale). For example, a person’s levelinfierstanding may be described
as “none”, “average” or “extensive.” These ordecatkgories can be considered
to be related to each other by a series of steperefore “none” would be consid-
ered as step zero, “some” could be considered tmbestep up, and “extensive”

to be the next step up. This form of ordering, heavedoes not reflect the dis-
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tances each step may require (Wright & Linacre 9)9Bor example, it might be

harder to go from “average” to “extensive” thamfrbnone” to “average”.

The next level of complexity involves the use ofiaterval scale where the inter-
vals are equal (Stevens, 1946). Such scales ane a$ed in the physical world
and are often simple to understand. For exampheetasure length a particular
item of interest is matched against another letigithhas been standardised in
some way, for example, marked in centimetres. Thasurement of length also
involves a “ratio” scale. By this it is meant tlzazero length is a true zero, as it is
not possible to have a length that is less tham, zavd 20 cm, for example, is

twice as long as 10 cm.

The measurement of temperature also involves anviatscale but the process of
measurement is indirect. In a common mercury therater temperature (in Cel-
sius or Fahrenheit) is measured by the expansiomeofury in a calibrated glass
tube, unlike the measurement of length where é&leisgined up against a stand-
ard length. There is another important differenegveen these measuring scales.
Whereas temperature measured on the Celsius ogritadit scales uses interval
scales these are not ratio scales. This is bedaisggossible to have a tempera-

ture below zero, and 20for example, is not twice as hot as b either scale.

In the social sciences much measurement is evee mdirect than that of tem-
perature and the choice of scale is more problematiributes such as intelli-
gence cannot be measured by a simple measurimgrimestt, but instead are
measured by a person’s responses to some forrstairtebservation of behav-
iour. The data then, consist of counts of obsewmnati This problem is further
complicated by a disagreement as to what the nafurgelligence is and what it
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is that intelligence tests measure (Gould, 198&kaBise the measurement may
differ with the process or the test used to takemieasurement, it is important
that the test used, the scores of others beingureghand the context of the test
be known to the reader (Willmott & Fowles, 1974hidTis in contrast to the
measurement of length where if a reading of 1.3 given, for example, nothing
else needs to be known about the process by wiichmeasurement was made —

the measure is “invariant.”

With these factors in mind the question arise®d®tv attributes and behaviour,
where the data are in the form of counts can besared and be placed on a scale
so that comparisons between individuals or chamgeslividuals can be quanti-
fied. Before this issue can be addressed, howtheprocess of measurement

itself needs to be examined.

4.2 Measurement Theory

In the 1920s, Campbell listed the logical requirata®f measurement that be-
came the basis for what is now known as the ThebRundamental Measure-
ment. According to this theory, any property besegled must be described by a
quantitative variable, where a quantitative vaeablone whose values are de-
fined by a set of ordinal and additive relationai@tt, 2003). For an ordinal
scale to exist, the suitable relations must benegefiwithin it, and the relationships

on the scale must be transitive and strongly caede@lichell, 2002).

Formally, this can be described in the followingmmer (Barrett, 2003). In the
real number system, if X, Y and Z are three vahfes variable Q, then Q is ordi-

nal if and only if:
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X > Y and Y> Zthen X> Z (transitive property)
both X> Y and Y> X then X =Y (antisymmetric property)
either X> Y or Y> X (are “strongly connected” — that is, every pain

be compared)

Once it is established that the variable Q is @ilithen to establish additivity,

the following axioms must apply:

For any ordinal variable Q (X +Y = 2):

X+ (Y +2Z)=(X+Y)+ Z (associative property)

X +Y =Y + X (commutative property)

X> Yifandonly if X + Z> Y + Z (monotonic property)

If X > there exists a value of Z such that X =Y (that is, the relation
is solvable)

X +Y > X (positivity)

There exists a natural number n such thatnX(that is, there are no in-

finite elements or non-zero infinitesimals - TheWmedean condition)

If these apply the relation is additive and Q tuantitative variable. The practi-

cal consequence of these axioms is that the megsseale is capable of being

ordered, and it is possible to designate less tiane than, and equality.

How can these axioms be applied to the social segrwhere physical objects

are not usually measured, and many of the attrisuieasured are variables that

are latent or unobservable? Mental attributes sisdhtellectual abilities, person-

ality traits and social attitudes are often judgacanswers to test items on a ques-

tionnaire or similar. For example, a person’s spelability may be judged by the

number of spelling errors in a test, but this is‘ineeasuring” spelling (Wright,
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1997). If care is not taken, a measurement magedmyng subjects on a scale
may just be a monotonic transformation of the olegtest scores (Barrett,
2003). As Michell (2001) states:
Psychological tests are thought to provide cliesiaprocesses
underlying intellectual performance. However, jostause per-
formance on such tests possess quantitative fsafeu®, test

scores), it does not follow that these featuregcethe workings
of exclusively quantitative causes. (p. 213)

In particular, Wright (1997) points out the imparte of noting that raw scores
(for example test marks) are not measures. Thigesto the inequality of the
units and the non-linearity of the raw scoreshé test score is plotted against an
ability measure, the increase in value for one migitet answer is steepest where
the items are most dense, towards the 50% corogat. A\t the extremes (towards
0% and 100%) the increase in the curve is flaiteother words, this means it is
much more difficult for a person to move from arscof 90% to 95% than from
50% to 55%. The result of this non-linearity istthay statistical method (includ-
ing linear regression, factor analysis and ANOVAgttuses raw scores (including

those generated by Likert Scales) will be affedtgdbias (Wright, 1997).

In 1964, Luce and Tukey published a set of axidmas $howed that if two or
more variables (for exampkeandX) are non-interactively related to a third vari-
able P) then differences between the element& andX may be equated by
their effects orP, a process known as “conjoint additivity” (Michel994). By
this process latent or unobservable variables aachtelligence can be measured

on an interval scale (Barrett, 2003).

For these variables to show conjoint additivityytihheust show the condition of

solvability; that is, for anyw in A andx,y in X there must exidt in A such that
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(a,x) = (b,y), where(a,x) and(b,y) denote the elements khdetermined by the
conjoined elements iA andX. Similarly, for anya andb in A andx in X there

must exisly in X such tha{a,x) = (b,y) (Michell, 1994)

Second, there must be no differences on eharX that are infinitesimally
small or infinitely large relative to the otherbdtArchimedean condition), and
third, the sums of differences on one factor metin whatever parity the part
differences have with differences on the otherdiacthat is, for any;,a andas
in A, X1, X andxz in X,

if (az,x1) > (a1,%2) and(ag, %) > (a2,%3) then(ag,x;) > (as1,xs) (Michell, 1994)

Any measure that is to be used in a statisticahoteheeds to be additive (or con-
joint additive) and linear. The measure should alsanvariant, that is, the values
attributed to any variables in the measuremenesysthould be independent of
the measurement instrument used (Bond & Fox, 200%.measurement should
also be subject to item free and sample free @didor and be consistent, in that if
a person answers a more difficult question corydotl endorses a more extreme
statement), then all of the less difficult items l@ss extreme statements) should
be answered correctly (Wright, 1997). Finally, thst used should be unidimen-
sional, in that it describes only one attributéhaf object measured. One of the

processes by which this can be achieved is deschib8ections 4.4 and 4.5.

4.3 Should the social sciences use measurement?

“Our main purpose is briefly stated in the subtitfehe new journalPsy-
chometrika namely, to encourage the development of psyclyasga quantita-
tive rational science.” Thurstone (1937)
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Given that much of what is studied in the soci@é&sces is latent, and therefore
not directly measurable, it is reasonable to ask mhthematical procedures
should be used at all — why the processes desdriltbéé previous section should
even matter. It could be argued that human atetauch as attitude and behav-

iour should remain in the qualitative realm.

One motivation for the quantification of human iatites came about from the
view that true, scientific knowledge must be meabl& and amenable to mathe-
matical analysis. It was also felt that quantificated to a more thorough, rigor-
ous knowledge such as that found in the physidgahses. One such argument
was put by Thorndike (as cited in Barrett, 2003436), “Whatever exists at all
exists in some amount. To know it thoroughly imeshknowing its quality as

well as its quantity.”

Another reason for using measurement in the seciahces is that in everyday
discourse values and attitudes are readily quedtifThurstone (1928) stated:
“The main argument so far has been to show thaesmordinary conversation
we readily and understandably describe individaalsnore and less pacifistic or
more and less militaristic in attitude, we may kigrrepresent this linearity in a

unidimensional scale” (p. 538).

One motivating factor in the search for quantifisatof human attributes and be-
haviour was that if these could be measured, theould be possible to quantify
changes in individuals across time and to make eoisgns between groups. An
early example of such a quantitative comparisdausd in the work of Trabue
who studied the development of language abilitygsoueed by the “completion-
test”) from Grade 2 students to college graduakbsiistone, 1925). Intelligence
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tests, first introduced by Binet to identify stuttewho needed learning support,

also provided a stimulus to quantify human atteisuiGould, 1981).

Finally, and possibly most importantly, quantificait was considered desirable
because it enables statistical inference (Wrigh®,7). This desire for inference
has, unfortunately, led to the use of statistieatd on data unsuitable for these
tests. Such misuse may be ignored or even unkngwinebreaders of the re-
search, and their conclusions may give the impoessi legitimacy just because

the tests were carried out (Merbitz, Morris, & Gr989).

If the social sciences are to use valid quantificgtforms of measurement need
to be used that comply with the theory of fundarakbmteasurement. The search
for such methods has been continuing over thectggury. One response to this
need has been the development of item responseytiveach is discussed in the

next section.

4.4 Item Response Theory

When giving tests to measure human attributesn(éadt in the making of any
measurement), experimental error is unavoidabléedsradequate control is pro-
vided for the “error,” or “nuisance,” variableslidainferences cannot be made

(van der Linden & Hambleton, 1997).

In general, there are three ways of coping with éxiperimental error. These are
matching or standardisation, randomisation, anisital adjustment. If the con-
ditions are matched or standardised, then the stisbjpgerate under the same lev-
els of error or nuisance variables, and thus tfexesf of these variables cannot

explain any difference in experimental outcomesodnnately this technique
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has restricted generalisability as the experimaetallts obtained will hold only

in similar conditions.

Randomisation is based on the principle that drevariables cannot be manipu-
lated to create the same effects, random selecfioanditions guarantees that
these effects, on average, can be expected telmathe, and will therefore not

have a systematic influence of the responses.

In contrast, statistical adjustment is a technigiugost hoc control. Mathematical
models are used to make adjustments to test (Gw@s by processes based on
item response theory (IRT). Much of the work irtistecal adjustment can be re-
lated back to Thorndike, who was one of the eaidngers in the search for
methodology to transform the counting of observaito measurement. Being
aware of the non-linearity of raw scores, he seaidbr a way of obtaining a
scale that could be applied to compare ability alifterent age and grade groups.
Thurstone (1928) has described Thorndike’s methadstudy on completion
tests of language scales. In this study, Thorndsteulated the proportion of cor-
rect answers for each grade, and then gradedffimully of each item using the
deviation from the mean for all the correct answerghat grade. He then de-
vised a common educational scale across all giagaslding to each scale value
the mean value for the grade. This process hadisaglvantage, however, that it
assumed that the dispersion of abilities to be adlyndistributed and having
equal dispersion across all grades. Using the skt@e Thurstone found that in

fact the dispersion increased as the students leeokter.

Thurstone (1925), therefore, devised a method iichwit was still assumed that
the distributions of ability in each age/grade gréallowed a Normal distribu-
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tion, but that allowed for variability in the diggeon around the mean for each
group. For each age group he placed each tesoitetfme Normal curve such that
the percentage to the right of this point represgtite percentage of students
who answered the question correctly. From thessept@nts on the scale Thur-
stone then presented a formula to calculate tmelatd deviation. This method
allowed for the item difficulties to be describedtwo ways, by age/grade level
using thez-score, or by finding the 50% mark for each agefgiavel, so com-
parison between the different age/grade levelsdcbelmade. Thus Thurstone’s
methodology gave a rating for difficulty for ea¢érn that allowed each group to
have its own level of dispersion. However it dtdld the disadvantage of assum-
ing a Normal distribution for the pattern of respeneven when the data suggest-

ed otherwise.

Modern IRT methods are similar to Thurstone’s wiorkhat the models place
item locations and respondent values as pointssmale of the quantitative vari-
able (Bock, 1997). However, they differ in that ttentinuous variable control-
ling the probability of a correct response is asstito be latent variable such as
ability, and not an independently measured variabtsh as chronological age

(Bock, 1997).

In the 1940s the Normal ogive model (based on thek wf Thurstone) was in-
troduced. In this model, the probability of detegta stimulus was written as a
function of the strength of the stimulus. If thelpability of success of a person
with ability & on itemi is represented biy;(6), this model has the form:

ai(6-by) 1 —z2
P, = J —e 2 dz
' —oo V2
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The difficulty parameteb; is the point on an ability scale where the pefsana
probability of success on the item of 0.50. Theugadfa; is proportional to the
slope of the tangent to the response functionigab0 point. Asy increases, the
ability of the item to discriminate between perswith varying abilities also in-
creases (van der Linden & Hambleton, 1997). Witk thodel the ability variable

is assumed to be normally distributed (Bock, 1997).

IRT was developed further by Lazarsfield in the@®%ho was studying the ad-
justment patterns of returned soldiers. He adnerest multiple item attitude
guestionnaires and then used dichotomously cladsiéisponses (0,1) to develop
probabilistic models that were dependent on thelitemal probability of the re-
sponse pattern. Of importance was his introduatfaine idea of “local independ-
ence,” by which he meant the statistical indepeondexi one person’s response
from another person’s response having the same wdlthe underlying latent
variable. Although he used his model to assignaedpnts to classes, he did not

use the model to estimate values of the parametendividuals (Bock, 1997).

Further developments in item response theory wergenm the 1980s by Birn-
baum and Lord who substituted the ogive model witbgistic item response

model. This logistic model is in the form:

1

P=1+ exp(—z)

In this modelz has the fornz = a{@-b), wheref is the latent ability variable.

One advantage of this model was that Maximum Lilad Estimates (MLE) of
a person’s scale score became possible, thus aticajjudgement as to the preci-

sion of the MLE estimates. This model, howeveH, gdve no general solution
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for how to estimate the parameters of the itemaesp models using samples of

test data (Bock, 1997).

A great step forward occurred in 1960 when Raselgmted a new method of
analysis that gave independent measures of theuliff of the item and the abil-
ity of the person. Rasch recognised that as lontgeatest items belong to a cali-
brated set of items that define the variable uistiedy, then no matter who re-
sponds to the test, each test or rating scalew#rhave a constant level of diffi-
culty, and that each person will have a constarm lef ability regardless of

which particular test items are encountered (Wr&lhinacre, 1989). Therefore:

A person having a greater ability than anothergeshould have
the greater probability of solving any item of tigpe in question,
and similarly, one item being more difficult thamosher means
that for any person the probability of solving #ezond item is
the greater one (Rasch, 1960, as cited in Bond»& E007, p.10).

Rasch also recognised that the interaction betaagmrson and an item cannot be
fully predetermined and will also involve an adalital, unpredictable component.
With this knowledge Rasch determined a mathematicalel that converts ob-
served counts, on an ordinal scale, into a unidgioel, linear scale. In so doing,
the ordinal scale was transformed into an intemare the size of each step
could be quantified and compared to the size obther steps. A table of ex-
pected probabilities is produced that determinedikelihood of each person

with a specified ability correctly answering amitevith a specified level of diffi-
culty. For items of a level of difficulty above anson’s level of ability, this prob-
ability of success will decrease as the differdmewveen the ability and difficulty

increases. For items of a level of difficulty belawperson’s level of ability, this
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probability of success will increase as the diffexe between the ability and diffi-

culty increases (Bond & Fox, 2007).

An advantage of the Rasch model is that sufficstatistics are used to estimate
the parameters. With these sufficient statistioaststent maximum likelihood
estimates of the parameters can be made thatdepandent of other parameters,
thus resulting in an invariant measure. Anothematiyge is that since this model
uses individuals, rather than groups, no assumpabout the distribution of abil-
ities need to be made (Wright, 1997). In additibe, measures that result from

the Rasch model show conjoint additivity (Bond &fF2007, see Section 4.2).

Because for each Rasch analysis the mean of theliféiculty is calibrated as
zero, Rasch measurements of item difficulty and@embility are at the interval,
rather than ratio, level of measurement. In addjtiblongitudinal measures are
made, it is possible to ‘anchor’ the scale by tietusion of items of the same dif-

ficulty (Bond & Fox, 2007).

In summary, Rasch analysis provides the sociahse®a method of measure-
ment of latent variables that fulfil the requirertseaf fundamental measurement
theory, including conjoint additivity. The mathemeatbehind this model is de-

scribed in the next section.

4 5 The Mathematics of the Rasch Model

The Rasch model will be introduced with the dicimabais model which is used
when there are only two responses. From this mtbeégPartial Credit Model will
be developed, which is used when responses aredymado a scale which takes

into account partially correct answers.

72



4.5.1 The Dichotomous model

The dichotomous model is used when the answerdassified either as correct
or incorrect only. Usually a correct answer is abds “1” and an incorrect an-
swer is coded as “0.” To perform the Rasch analys&ly the percentage of cor-
rect answers is calculated for each person, amdftiesach item. These raw
score totals are sufficient statistics for estimgtihe person abilit{f;) and the

item difficulty (o).

To estimate the person abilif; the odds of success are first computed by calcu-
lating the ratio of each person’s percentage co(pover the percentage incor-
rect(1-p), and then the natural log of these odds is catedlaA similar process is
used for the items. These log odds ratios, knowngits, are then placed on a
scale of intervals of one logit. In Rasch analyis,average logit is arbitrarily set
at 0, so that positive logits indicate a highenthserage probability and negative

logits indicate a lower than average probability.

In the calculations the person estimates areyicsthstrained while the item es-
timates are calculated. These first estimatesham wsed in an iterative process to
produce an internally consistent set of item ardqre parameters. The iteration
process continues until the maximum differencéamiand person values during
successive iterations converges to a preset VAlhen this is complete, the dif-
ference in person ability and item difficulslues will produce the Rasch proba-
bilities of success, and as a result, the ordeadlldata are transformed into in-

terval level data that is suitable for inferencea@térs & Wright, 1997).

Givend, ando; the function ) expressing the probability of a successful respon

can be expressed as:
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Pjr  exp(6; — &)
Pjo +Pj1  1+exp(8;—8;)

wherePj, is the probability of persgnscoring 1 on iten, Py is the probability
of person scoring 04, is the ability of person ando; is the difficulty of itemi .
This difficulty defines the location on the measnest variable at which a score

of 1 on itemi is as likely as a score of 0.

From this equation it follows that when item ditfltes are greater than person
abilities (negatived; — o; values) persons have a lower than 50% chancerof co
rectly answering the item. When item difficultie® dower than person abilities
(positived; —o; values), persons have a higher than 50% probabiflitorrectly

answering the item (Bond & Fox, 2007).

Using conditional MLE the parameters for the itesaa be estimated without
knowing the parameters for the persons, and vicgavd hat is, person free
measures and item free calibrations are obtaineekefore abstract measures that
transcend specific persons’ responses to spetafitsi at a specific time are

achieved (Masters & Wright, 1997).

4.5.2 The Partial Credit Model

The Partial Credit Model (Masters, 1982) is devetbfrom the dichotomous
model (van der Linden & Hambleton, 1997). It carubed in any situation in
which performances on an item or an assessmeetioritare recorded in two or
more ordered categories, and where there is aofghtaining measures on a
latent unidimensional variable (Masters & Wrigh@9%). These ordered catego-
ries can be considered as a series of steps.dstimy the Partial Credit Model

was used because students’ answers were gradesicafeaaccording to the level
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of understanding shown by their answers, rather simply graded as right or

wrong.

In the Partial Credit Model, the probability oftadent responding in thd' cate-
gory as opposed to thel" category is dependent on the difficulty of #iElevel.
The Partial Credit Model considers the number @psta person has made beyond
the lowest level of performance (Callingham & Watsp005). The derivation of

the mathematical model follows.

For an item with more than two response categoaied,when there is increasing
ability of the person being tested, there comesiat pvhere a lower score be-
comes less likely because the next higher scorenbes more likely. That is, as
ability increases, there is a point where a persamore likely to score a ‘1’ than
a ‘0, and then a point where a person is mordylike score a ‘2’ instead of a ‘1’
It follows from the intended ordéx1<2, ...,<m of a set of categories that the
conditional probability of scoring rather tharx-1 on an item should increase

monotonically throughout the ability range. Thisrisdelled as:

Pijx _ exp(6; — bix) ‘=
Pijxe1 + Pijy 1+ exp(6; — 8ix)’

1,2 ., My

WherePjy is the probability of personscoringx on itemi, Pj.1 is the probability
of person j scoring-1, ¢, is the ability of person anddi is an item parameter

governing the probability of scoringrather tharx-1 on itemi. These parameters
are estimated by an iterative, conditional or josximum likelihood procedure

(Masters, 1982).

How well the model fits the data, and fits on adimensional scale, can be as-

sessed by the “goodness of fit.” Goodness of f& Rasch model is applied to
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item fit, person fit, and global fit, where thet&tindicates the overall fit of a set

of data to the Partial Credit Model.

Item and person fit are assessed with the weighitefit”) and the unweighted
(“outfit”) mean square procedures. If a pergovith ability 6, responds to iter

the person’s responsgtakes a value between 0 and the maximum possibte sc
on itemi, m. If the probability of personscoringh on itemi is denoted by,

then:

The expected value @& is:

Ej = z kPyi

k=0

The variance is:
m;
Wy = Z(k — Ejj)?Pyk
k=0
The standardised difference between pejsonbserved and expected response

zij = (X5 — Eyj)/ /Wij

The outfit mean square for each item then:

to itemi is:

N

u; = Zzizj/N

For each person
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These outfit statistics can be oversensitive tdierat Therefore the “infit” is also

used, which is weighted.

The weighted mean square for each itesthen:

N N
Vi = ZWI] ZIZJ/ZWIJ
j j

For each person

N N
i i

(Masters & Wright, 1997).

The expected value of these statistics is +1. Aihon outfit mean square value
of (1 +x) indicates 108% more variation between the observed and the model
predicted response than if the data and the moeled perfectly compatible. An
outfit square of less than one indicatesx2@0ess variation than predicted by the

model (Bond & Fox, 2007).
4.5.3 How Rasch analysis was used in this study

In this study, each participant was asked to ansmeiquestionnaires, one on en-
try to the unit, and the other at the end of thi. Oine participants were also
asked to allow the answers to one of the tests fiasddrmal assessment to be
included in the study. The questionnaires wereyaeal quantitatively using the
Rasch partial credit model. Using this model, iretegent assessments of the dif-

ficulty of the items and the students’ ability wgined. It was planned that a
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similar analysis would be carried out on respomseke test items, but it was
found that these did not fall on a unidimensioralls and were therefore unsuit-
able for Rasch analysis. The partial credit medesd used because each answer
in the questionnaires was not merely graded agcoor incorrect, but was rated

according to the level of sophistication of reasgrnised in the answer.

A judgement needs to be made as to which itenmfthe unidimensional con-
tinuum. To decide whether or not an item fits as ttlontinuum the “fit” statistics
are used. These fit statistics are the infit meprage (infit MNSQ) and the outfit
mean square (outfit MNSQ), where the mean squateismean value for the
squared residuals for an item. The infit MNSQ giwese weight to the perfor-
mances of persons with abilities close to the itedifficulty. If this statistic is
satisfactory, then it can be concluded that a singhstruct is being measured.
The outfit MNSQ is more sensitive to the influemdeutlying scores (Bond &
Fox, 2007). Both of these statistics, the infit autfit MNSQ, can be transformed
to at statistic known as the standardisedalue (ZSTD) that follows approxi-
mately thet or standardised Normal distribution when the itditnhe model’s
expectations (Hsueh, Wang, Sheu, & Hsieh, 200dndtwith infit and outfit
ZSTD values of greater than +2 are considered fodoe fitting and are exam-
ined further. They may be removed from the analgsisiodified. Winsteps
(www.winsteps.com.htm), a program dedicated to Rasalysis, displays these
standardised values in “bubble chart” by whichfthef the items and persons

can be visualised. An example can be seen in Figy&r8.1.
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Figure 4.5.3.1. An example of a “bubble chart” ®@iRasch analysis.

Once the items that were on the unidimensionakseare selected, they were
placed in order of difficulty and then grouped adiag to this level of difficulty.
Each group was then analysed by the cognitive ddenaere made by the ques-
tions in this group, and then a set of criteriaavéetermined that characterised
the qualitative changes demanded for successfuleasgor each group

(Callingham & Watson, 2005).

The students were then divided into groups accgrttirtheir ability, using the
groupings obtained from the item analysis. For eplanas the highest group of
items in the first questionnaire had ratings fraf10gits and above, the students
with an ability rating of 0.7 logits and above wetaced in the highest ability
group. These groupings were then used to quakigtcompare the answers
across groupings. The abilities of the student®wéso compared between the
first and second questionnaires, to see if theeamy improvement overall, and

to see if there were any significant differencethmability between the semesters
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of the study for each student cohort. This comparisas made possible because
if a number of test items are common to both tésésRasch analysis enables
these common items to be anchored to first analggigulty ratings. A correla-
tion was also made between the initial abilityle# students and their final scores
for the Data Handling and Statistics unit, to $eewas possible to predict a stu-

dent’s success from their initial ability ratings.

One of the statistics generated by Rasch analisithe Partial Credit Model is
the Rasch-Thurstone threshold. This threshold givestem difficulty on a scale
at a point at which the lower and higher categasfesn answer have equal prob-
ability of being observed. An example is shown iguiFe 4.5.3.2 — an item person
map. In this figure the items are listed with thdifficulty ratings, and the per-
sons, indicated by an ‘X’ are indicated by theilligbratings. There are two per-
sons who have the same rating as the item “tute’ . Both have a 50% chance of
gaining a score of zero, and a 50% chance of gamiscore of one on this item.
Those persons who have a higher ability score aamdherefore above these two
on the chart, have a greater than 50% chance ghgoane on this item. Persons
on the chart have a greater than 50% probabilightdining the indicated score
for any item below them on the scale (the loweritiam the more likely they are
to gain the indicated score) and a less than S5@kgility of obtaining the indi-
cated score for any item above them on the sdadehjgher the item the less like-

ly they are to gain the indicated score).
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5. The use of computer technology in statistics
education

5.1 Introduction

Computers are widely used in statistics educatquetform routine data analysis
tasks and thus relieve the student from tediousutations. In this role the com-
puter is just an advanced calculator. Although ithiselpful, the use of computers

in this way does not enhance learning of abstraotepts (Mills, 2002).

In contrast, the use of computers for simulatiomvides a model of a system or
process that demonstrates scientific or other jplies. Computer simulations
have been used in a variety of contexts such asoetas, decision theory, New-
tonian mechanics, physics, and mathematics (de gioalg 1999). In statistics,
computer simulations allow students to do what tteeynot do in reality, that is,
repeat a study many times (Burrill, 2002). Therefstudents can observe for
themselves the extent and effect of the variahttigt is inherent in, and compli-

cates, any statistical analysis.
5.2 Discovery Learning and Simulation

Constructivist theories of learning are based enatbsumption that students do
not merely take in information, but actively bukdowledge for themselves in the
light of their previous knowledge. This understangghas led some authors to
conclude that knowledge students construct on tvir is more valuable than
knowledge that has been shown, demonstrated caierpl by a teacher (Klahr &

Nigam, 2004).
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It is argued that one way students can be prontptednstruct their own
knowledge is to use some form of discovery learnivigere the students are ac-
tively engaged in activities that will lead themdiscover a principle for them-
selves, instead of just being told by the instrudiothe sciences students can be
given questions in which they need to form testalglgotheses, and then plan and
execute an experiment (de Jong & van Jooligen, J1988&tatistics, simulation
provides one of the means by which an experimembeacarried out. For exam-
ple, using a computer enables students to takerbdaaf random samples, and

examine the population of the means of these samnple

The literature demonstrates, however, that disgolearning without guidance is
not necessarily successful. Students are not alpa@fiient in noticing regulari-
ties in the data and may also be poor at intermyegraphs. Because students may
be resistant to conceptual change, they may nableeto adapt hypotheses even
when the data are contradictory (de Jong & vanigeon] 1998). In statistics edu-
cation, it has also been found that students cparaptly be successful in their
use of the computer simulation software yet s@lndnstrate a lack of under-
standing and hold misconceptions afterwards (de|l@asfield, & Chance,

1999). Without careful guidance, students may eertiinue to build on previous

misconceptions (Mills, 2002).

For conceptual change to take place, or for newMerige to be assimilated, the
literature suggests that guided discovery learoing combination of discovery
learning and direct instruction is needed (delMaas.e 1999; Lane & Peres,

2006). Guided discovery learning involves giving #tudents a structure, a series

of questions that guide the learner to a predetexdhgoal (Lane & Peres, 2006).
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Lane and Peres suggest that knowledge acquisgimngroved if students are
asked to make predictions as to what will happdarbea simulation: the “query
first — answer later” method. By this means stuslemé forced to confront dis-
crepancies between what they expect and what ctuaurs and therefore are
encouraged to make accommodations of their cusergmas (Garfield &
Ahlgren, 1988; Hardiman, Pollatsek, & Well, 1986ill8] 2002; Posner, Strike,
Hewson, & Gertzog, 1982). If the students are mtipa position where they are
made to face these discrepancies, they may loglifat find evidence for, their
own previous knowledge, which may not be accur@ta(ghnessy, 1992). In this
study for example, students drew a histogram ofrikans of the random samples
they had taken from a normally distributed popolatiThey were then asked to
predict the shape of the distribution of samplemsdaken from a Uniform, then
binomial population, and then take random samphelstraw histograms of the
means from these populations. Most students thabghthese distributions
would be the same as the parent populations anel twerefore surprised by their

results.

5.3 Simulation in statistics

Statistical inference is based on probability. ©@hthe ways to look at a probabil-
ity is in terms of a long term frequency. For exé&mghe probability of getting a
“3” on a throw of a die is one in six. This doeg n@ean that one “3” will turn up
once in the next six throws, but if the die wenetmn a very large number of
times approximately one sixth of the numbers walleb*3”. According to Chance
and Rossman (2006) the application of the long feeauency idea of probabil-

ity to inferential statistics, that is, to consiaénat would happen if a random pro-
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cess were repeated many times, is difficult for ynaeople to understand. The
advantage of computer simulation is that many reggktmials can be carried out

quickly.

Another advantage of computer simulation is that fossible to carry out trials

of problems that may be impossible to do in reakiyr example, a simple simu-
lation can determine what would happen to the mitimale and female births if
China’s “one child” policy was replaced with a “gtevhen a son in born” policy.
Other advantages include that the feedback is imateeend it is possible to re-do
the simulation quickly. IMicrosoft Excelfor example, any simulation based on
random numbers can be repeated with the pressedbaiton. It is also possible

to link graphical representations to numerical @spntations (Snir, Smith, &
Grosslight, 1995) and iMicrosoft Excethe graphical representations update au-

tomatically as the data are changed.

Computer simulations can also be used to demoasiyguothesis tests. For ex-
ample, Erickson (2006), described a procedure vidyettee hypothesis test for the
equality of two population means can be demongirdie gave an example
where data had been collected to test the effeztnafw fertiliser on plant growth.
The null hypothesis was that the fertiliser hagfiect on growth. If this was the
case, then group membership would have no influendegeight. Using simula-
tion, membership of the two groups can be repeatadidomly shuffled and the
difference in mean heights calculated. These diffees can then be compared
with that of the original grouping. If the obserwdifference in mean height of the
original grouping is greater than that obtained mie plants are randomly shuf-

fled, then it can be concluded that there was somgtspecial about the original
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grouping; that is, the fertiliser does make a ddfeee. An example of the results

of such a process is shown in Figure 5.3.1.

Test
. Statistic

Frequency
o = N w E=Y wv (o)}

D RO Y A S

Differences in sample means (cm)

Figure 5.3.1. Example of the results obtained witata are shuffled at random,
compared with the observed test statistic.

With this process the distribution of statisticsldine comparison of the test statis-
tic with the distribution are modelled visuallyu8ents can, therefore, draw a
subjective conclusion as to the likelihood of test tstatistic, if the null hypothesis

were true, before calculating the numeriealalue (Erickson, 2006).

Simulation, however, does not automatically produicgerstanding or produce
sound statistical reasoning. For example, Lips@922 found that the sampling
software used in her study helped in the understgraf sampling distributions
but then the students failed to link the samplirsgridbution to hypothesis testing
and estimation. Lipson, Kokonis and Francis (208jd that the ways students
interacted with the software were complex and offiéficult to understand by the

instructors with statistical expertise.

Simulation, then, is one tool to help students ustdad the role of variation in

statistical decision making, and can be used ttestge students’ assumptions
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and preconceived notions. However, simulation sagguarantee good under-

standing.

5.4 How computers were used in this study

Computers in this study were used in three ways.fiFat was to provide students
with a relatively quick way of performing the oftedious calculations involved
in statistical analysis. Secondly, computers weeduo demonstrate simple prin-
ciples such as the effect of errors and extremaegabn the values of the mean
and median. Thirdly, computers were used for sitrara to provide guided dis-
covery learning. Neither of the last two practibasl been used in the teaching of
the unit before this study. Each simulation hadealigt-test-evaluate format. That
is, students were given a scenario and askedgoediction. This was followed

by a simulation of the scenario after which studemtre asked to re-evaluate
their previous prediction. The details of the comep demonstrations and simula-

tions are found in Appendix D.
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6. The Study Design

6.1 Introduction

In the physical and biological sciences, it is flueso design experiments in
which confounding factors are controlled, treatraeare randomly allocated and
given in known amounts, and a control (objectstodg without the treatment) is
included. These experiments are carried out insitipist environment, in that the
only phenomena of interest are those that can serebd and measured. The data
are subject to numerical analysis, and causaloekttips are determined by alter-
ing the variables one by one. These experimentalsoereplicable, in that they
can be repeated in identical circumstances. Inadug however, experiments
with these conditions are not possible. Each edutatresearch setting, even
with the same materials and lesson plan, is a eniggeraction between the re-
searchers, the instructors and the students. Assequence, even if random al-
location is used to allocate students to diffefeatning environments, it is im-
possible to control for all the variables. Therefeducational experiments are not
replicable, and if judged by the standards useabamhysical and biological sci-
ences, are not scientific. It is necessary, theeefor other methods to be found
for carrying out educational research other thaa Inaditional scientific experi-
ment. The following sections describe some cumesgarch designs in education
and their potential for providing scientific knowllge. This is then followed by a
description of the design of this study, the instemts used in the study, and the

details of the analyses used to assess thesenmesits.
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6.2 Research Designs in Education

Educational researchers have to make decisiond #imunature of the research
design, and, if researching in the classroom, ¢keionship between the re-
searcher and the instructor. The research coufitbermed by a researcher who
is not part of the institution where the studyésurring and is thus separate from
the usual instructional environment. For examplesgarcher might enter an in-
stitution to carry out work with the students separfrom their usual instruction.
Because such a researcher would not have precamepf the students, this
form of research can have the advantage of objgct®ther advantages include
that the researcher may also be able to study ptstat a busy instructor may
not have time to examine, and may not be ableviesiigate because of con-
straints in the curriculum. If care is not takeawever, this form of research may
be irrelevant to the usual instructor's needs @nenvalid owing to lack of

knowledge or understanding of the social situaffdammersley, 1993).

An alternative is for the research to be perforfmethe researcher in collabora-
tion with the usual instructor. The researcher regtter the usual classroom en-
vironment and participate in the students’ insiarctThis allows for objectivity
from the researcher as well as input from the usisatuctor who has knowledge
of the setting and the participants that an outsidanot have (Hammersley,
1993). This collaborative setting is the form cdearch recommended by the Na-

tional Research Council (NRC) (2002).

A third option is for the research to be perfornbgdhe instructor alone, as oc-
curs in action research. This has the advantagehthaesearcher has the

knowledge base of the setting and participantscanthave the disadvantage of a
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lack of objectivity resulting from not being abtegee the phenomenon in its

wider context (Hammersley, 1993).

The study design itself then needs to be addre3$ede research paradigms that
are in use in educational research are the queditegsearch paradigm, the scien-

tific research paradigm and the critical theoredearch paradigm (Ernst, 1998).

The gqualitative research paradigm is concerned dthan understanding and
interpretation and uses methods such as ethnograpldies and case studies.
These studies are interested in the nature oflgglssaomena, and tend to pro-
duce unstructured data and often describe a smalbar of cases in detail
(Atkinson & Hammersley, 1998). The critical thedcaesearch paradigm aims to
understand a phenomenon with the aim of promotegasand institutional
change. The current study was not carried out wighther of these paradigms,

and therefore these are not examined further.

The scientific research paradigm uses the poditngproach and is concerned
with prediction, objectivity, replicability and trdiscovery of scientific generali-
sations (Ernest, 1998). Therefore the data aretsted and quantitative. Howev-
er, it has been argued (in Section 6.1) that rapiiity is not possible in a class-
room context. How then, can scientific researclodreéied out in education? This

issue is discussed in the next section.

6.2.1 Scientific Research in Education

In the previous sections it was claimed that edacat research cannot always be
performed in controlled conditions, or use rand@diseatments, and cannot be

replicated. This lack of replicability can leaddifficulty in assigning causal ef-
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fects (Posner et al., 1982). To complicate maftetker, the investigator is often
a participant in the research, and the data mapequantitative. As a conse-
guence, the level of certainty that applies toaes®ein the social sciences is low-

er than in the physical sciences (NRC, 2002).

If the positivist view is taken, that only quantit@ measures, within strictly con-
trolled conditions, contribute to true knowledgeR@,, 2002), it will then be as-
sumed that other forms of knowledge are not genuinat the very least, inferi-
or. Consequently any education research, wittadk bf strictly controlled condi-

tions, will be considered to be inferior.

Since the beginning of research in education, #tielity of the methodologies of
the social sciences compared with those used ipliigical sciences have been
constantly questioned (NRC, 2002). Despite theinaimtg debate as to its validi-
ty, educational research continued to developridéan with the development of

models of human behaviour (NRC, 2002).

It has been argued that if certain principles allevwed, educational research can
indeed provide genuine and even scientific knowdeddnis view has resulted in
the development of the “design study,” or the “dasexperiment.” Design exper-
iments are created with the aim of “seek[ing] &xé& the evolution of learning in
complex, messy classrooms and schools, test afdithapries of teaching and
learning, and produce instructional tools that sierthe challenges of everyday

practice” (Shavelson, Phillips, Towne, & Feuer, 200. 25).

The question is then raised concerning how these aan be achieved using re-
search that is in some way “scientific.” Accordilogthe Committee on Scientific

Principles for Educational Research of the NRC @ @0scientific study should
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first pose significant questions that reflect uisteending of the relevant theoreti-
cal, methodological and empirical work that has edrafore, and use empirical
means that are based on observation (NRC, 2008)stlily should also allow
direct investigation of the questions of intereghwnethods that are appropriate
and effective, and provide a “logical chain of @a@sg from evidence to theory
and back again that is coherent, shareable, asdasve to the sceptical reader”
(NRC, 2002, p. 4). The findings should also be galisable across studies, and
be available for professional scrutiny and critigiee authors claim that science
progresses both by proposal of new theories aralitmynation of theories that
have been refuted by newly acquired evidenités therefore proposed that sci-
entific research in education should propose hygs®h, or conjectures that are
stated in “clear, unambiguous, and empiricallyatels terms” (NRC, 2002,

p. 18).

The methodology of design research is further desdrby Cobb, Confrey,
diSessa, Lehrer, and Schauble (2003). Researateate ¢he conditions for de-
veloping new theories while allowing for the podgipthat these theories may
be refuted (cf. with Karl Popper, Section 2.3.1)nhgdifying classroom settings,
procedures, and instructional artefacts (Shavedsah, 2003). As a result, design
experiments are prospective, in that designs apéeimented with a hypothesised
learning process in mind that can be exposed tdisgr They are also reflective,
in that during the experiment conjectures can Indicoed, refined or refuted. In

the latter case alternatives may be generated.f@hisre of design experiments

! That science progresses by this “neat” fashianristter of debate. Scientific discovery can be
made by flashes of insight and other non-conveatioreans. Scientific theories may be around
for years before they are accepted by the sciemt@immunity, as was tectonic plate theory.
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leads to them being inherently cyclical in nat#s.hypotheses or conjectures are
refined or refuted, the design is adjusted sottl@experiment may recommence;
that is, the research is carried out with cycledesign, enactment, and analysis”
(Baumgartner et al., 2003, p. 6). Design experisang also collaborative, in that
practitioners (instructors for example) work togettvith researchers. In this way

both the researchers’ aims and the instructorsikedge of the local context

may be considered.

In summary, in a design experiment, before eaathtag episode a set of hy-
potheses are proposed and a sequence of situptéomsed to test these hypothe-
ses. These hypotheses are then confirmed, refimedfuted (Steffe, Thompson,

& Von Glaserfield, 2001). It is this feature of ggating testable hypotheses that
leads to the claim that design based researchar@rate causal explanations and
therefore result in “scientific” knowledge suchadsained in the more traditional

scientific experiments (Baumgartner et al., 2003).

6.2.2 How “Scientific’ Does Knowledge Have To Be?

From the discussion in the previous sectionsapigarent that what constitutes
“scientific” knowledge varies according to a persgmoint of view. If one is a
positivist, all information that is not measureaisl@ot scientific and consequent-
ly not valid. It can be argued that by aiming fecientific” knowledge the educa-
tional researcher is, by implication, subscribiaghe view that other forms of
knowledge are inferior, and may be asking too mafdahe type of data that re-
sults. It can be argued that if the educationadassh provides knowledge so that
students’ educational experiences might be imprpeegroduces “Instructional

tools that survive the challenges of everyday jrat{Shavelson et al., 2003, p.
93



25), then the research is valid. Any research shbelappreciated for the value of

the knowledge it produces, whether “scientific’nat.

It was stated earlier that design experiments alfelorative. Another form of
research frequently used in education, with sintiés to the design research
methodology, but is not collaborative, is knownAgsion Research. This is de-

scribed in the next section.

6.2.3 The Action Research Method of educational res  earch

Action research occurs when practitioners carryresgarch in their own envi-
ronments. In the education context, “Action reskasany systematic enquiry
conducted by teacher researchers, principals, scbaasellors, or any other
stakeholders in the teaching/learning environmegiather information about
how their particular schools operate, how theyheaad how well their students
learn” (Mills, 2007, p. 5). Because the researgbrastitioner based it is insider
research; that is, the researcher will influencatig happening (McNiff, Lomax,

& Whitehead, 2003).

Action research has had a varied history thatfisated in the various philosoph-
ical/ethical views in today’s literature on the itodn the USA, an early propo-
nent of action research was Kurt Lewin, who “fo@gsen understanding and
changing human actions, often around issues otregyrejudice and increasing
democratic behaviours” (Noffke, 1994, p. 10). Agsult, much of action re-
search in the USA has been aligned with the pregre®ducation movement. In
Australia, action research arose during a time where was a shift towards col-

laborative curriculum planning and action reseavels seen as part of the devel-
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opment of a more participatory education systenffiép 1994). In Britain, ac-
tion research emerged in the 1960s and 1970s asf@ashift away from a cen-
tral curriculum development that predetermined whab be learned by students,
toward curricula that emphasised the students’ ssarch for meaning
(Hammersley, 1993; Noffke, 1994). One of the mafiuences on action re-
search was Stenhouse, who first, advocated indgainping, and second, and
most important in this context, emphasised the oblbe teacher as a reflective
practitioner. A reflective practitioner is one whas made a commitment to the
systematic inquiry into his or her own teaching #raltesting of theory, and who
is ready to allow others to observe his/her wortt @rprepared to discuss it

(Hammersley, 1993).

The varied antecedents of action research havie ldiffering emphases on the
nature and purpose of modern action research. D@pgon the researcher, ac-
tion research can be performed to modify classrpaantice, to do something
good in the world through direct social actioneta@ourage emancipation of a
disadvantaged group in society or to enhance thkegsional development of
teachers (Feldman & Minstrell, 2000). Whateverrdgeeson for which the action
research is carried out, like the design experimastion research it is inherently
cyclical. Practitioners review their own practicgentify what they want to im-

prove, try it out, and review what happens (Mcleifal., 2003).
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6.2.4 How this study fitted the research paradigms

This study had the following features of a desigpeziment and the action re-

search method.

» It was cyclical — each intervention was subjecteckziew and retrial.

* The aim was to generate knowledge of teaching eaching so that im-
provements in these areas could be made.

» Testing took place through practice (here the pradf teaching).

» Validity was enhanced through triangulation.

* The findings are to be made public and therefobgesti to review.

» This study was practitioner based.

This study was not collaborative as the reseansfsralso the practitioner, and

therefore did not have this characteristic of agiesxperiment.

6.3 The study — aims, participants, tasks, interve  ntions

6.3.1 The aims of the study

The first of the aims of this study was to gain Wiexlge of the students’ under-
standings of statistical processes on enteringeusiiy. In the first week of the
semester the students were given a questionnairénttiuded items on stochastic
processes, conditional probability, the use of propnal reasoning, and the de-
termination of differences between sets of datdail¥eof this questionnaire are
described in Section 6.3.3.3. The other aims wegatn knowledge of students’
beliefs and difficulties in understandiRgvalues and confidence intervals, and to

use this knowledge to develop teaching progranthaostudent understanding of
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these concepts could be enhanced. Knowledge aérsisicinderstandings &
values and confidence intervals was gained fromi¢hsoning used in responses
to a second questionnaire given at the end ofniiteand by the reasoning used in
responses to selected questions in the secondesis that were part of the
students’ formal assessment. The second questrerenad test items are de-

scribed in Sections 6.3.3.4 and 6.3.3.5.

6.3.2 The participants in the study

This study was carried out over four teaching seenest the University of Tas-
mania. The subjects of the study for each of the $emesters (pre-intervention
and the three cycles of the intervention) were ntdars from the Data Handling
and Statistics unit at the University of Tasmanihich is a first year one-
semester unit. As described in the previous secti@nparticipants were asked to
complete two questionnaires and to make availdlgle tesponses to the second
of their formal tests. At the beginning of the stulde first questionnaire was giv-
en to students on both campuses of the Univerdigrevthe unit is taught. The
responses of all these students were used in #igsas Owing to circumstances
beyond the researcher’s control, only studentshi@atoampus were available after

this time for the study, and the interventions wegplied only to these students.

6.3.3 The sources and analysis of the questionnaire s and the test items

6.3.3.1 Introduction
Because participants in the study were voluntéensgs important that the ques-
tionnaires were not too time consuming so thaptmicipants would be more

likely to complete them. The challenge, therefaras to use or design questions
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that would be quick to answer, but still allow @as@ssment of the students’ statis-
tical understanding. Therefore multiple choice ahdrt answer questions made
up the major portion of these questionnaires. riigg/s could not be used owing
to ethical considerations. As the researcher waettturer, the lecturer could not
know who had agreed to participate, and only thdesit numbers of the partici-

pants were given to the researcher after the asitlts were published.

If written well, multiple choice questions can assédifferent levels of under-
standing from surface to deep learning. They cao bé written so students must
discriminate among options that vary in degreeoofexctness, thus allowing for a
hierarchical system of grading. They also haveatheantage of minimising writ-
ing so that a substantial amount of material caodwered in a relatively short
time. Multiple choice items also reduce the guassindents carry out with a
true-false test (Kubiszyn & Borich, 2003). Howewedisadvantage is that is has
been found that students may use surface strategiegame playing strategies in

choosing their answers (Biggs, 1999).

Restricted-response items, that is, short answestouns, are often used to meas-
ure comprehension, application and analysis (Kybi€ Borich, 2003). These
also allow for grading on a hierarchical scalethie questionnaires used for this
study, students were usually asked to give reamoribeir answers. The im-
portance of this process was demonstrated in iddeofrthe first questionnaire.
The respondents were given a situation where thieghility of a success was a
half. On being asked what number of successesf&@ wials would be surpris-
ing, one respondent answered “25.” At first thisdoappear that this respondent

could not understand the concept of a simple erpe¢tlue. However the expla-
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nation showed that the respondent was thinkingaaability, and therefore did
not expect to get “exactly 25,” but a number nearherefore, whereas the an-
swer of “25” was incorrect a higher order of reasgrwas being used than the

answer initially indicated.

6.3.3.2 The sources of the questionnaire items

Several of the questionnaire items were based erStétistical Reasoning As-
sessment (Garfield & Ahlgren, 1988). The StatistR@asoning Assessment
(SRA) was developed and validated as part of thenCé&Plus Projects in the
United States of America to evaluate the effecigsnof a new statistics curricu-
lum for high school students. The aim of the SRA Waassess students’ statisti-
cal understanding in contrast to assessing conipagtaccuracy and procedural
knowledge. The items were designed to assess uadédirsg about statistical
measures, uncertainty, samples and associationrSRBRewas also designed to
assess common misconceptions. These included nosptions about sample

size, the representativeness of a sample, andjthprebability bias.

After distributing the test to experts for contgalidation, the authors of the SRA
then administered the questions to students ifotime of open ended questions.
Based on these answers selected responses wer® esgstruct a multiple
choice format. Criterion related validity was tretempted by correlating the
student scores on the SRA with the student martesradal from the formal as-
sessments. This resulted in a low correlation. dutbors suggested that this find-
ing shows that the use of successful statisti@daring and the presence of mis-

conceptions are unrelated to students’ performanasstatistics unit.
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The authors of the initial SRA graded their quesiare by placing questions
into categories depending on whether the reasamaggcorrect or identified the
presence of misconceptions. Watson and Callingl2&®3) used many of the
items of the Statistical Reasoning Assessment, heryvéhey used a hierarchical
grading system based on the SOLO Taxonomy. A lubi@al grading procedure
was used to grade the questions in the questi@amaird tests in this study.
Therefore the student who might answer “25” indliestion described earlier
would receive a higher score than a student whe gaother incorrect answer
because of poor statistical reasoning. This hiereat system of grading has two
practical advantages. One is that it allows fordRamnalysis (details are in Chap-
ter 4) and the other is that students who are gugsse more likely to be detect-

ed.

6.3.3.3 The first questionnaire

The first questionnaire was designed to assegsrésence of some of the mis-
conceptions identified by Fischbein and Schnar@®®T7), Kahneman and Tversky
(1982), Tversky and Kahneman (1982a), and Garéattl Ahlgren (1988) and
whether or not certain correct reasoning was pte3é&ese misconceptions in-
cluded the representativeness heuristic (Tversk§a@neman, 1982a), the time-
axis fallacy (Fischbein & Schnarch, 1997), anddter or underestimating of
sampling variability (Garfield & Ahlgren, 1988). Bmples of successful reason-
ing included the calculation and interpretatiorsiofiple and conditional probabil-
ities, being able to recognise independence imalsi context, and the ability to

interpret a simple two-way table (Garfield & Ahlgrel988).
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Because hypothesis testing involves the use ofitondl probabilities it was
considered important to assess whether or notstsideuld answer simple con-
ditional probability questions. If they could nai this, then it was expected that
they would find the more sophisticated conditiorasoning involved in hypoth-
esis testing to be difficult. There were three gjoes regarding conditional prob-
ability included in the first questionnaire. Onguéed the use of a frequency ta-
ble. The second involved forward and backward doothl statements, and the

third involved conditional reasoning without theeusf numbers.

A final question was included to see if studentsidonake judgements about dif-
ferences between two data sets in a simple confthaid.also involved judgements
based on equal and unequal sample sizes (Watsonr&z\1999). If students
could not use informal processes to determinerdiffees in a simple context, it
was expected that they would have difficulty in tegermination of differences
with hypothesis testing using any other reasortiag that provided by procedur-
al knowledge. A summary of the statistical reasgn@sted for, whether correct
or incorrect, and the questions that relate to éach of reasoning tested for is
given in Table 6.3.3.3.1. The questionnaire is led in Appendix B1 and the

coding rubric is in Appendix C1, with explanatidnhapters 7 and 8.
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Table 6.3.3.3.1

Statistical reasoning assessed in the first qoestire

Reasonin Question

Correct

Correctly interprets probabilities B1, B2, B3d

Calculates simple probabilities tD?

Understands sampling variability D6®1b*, DI,
D4", D6

Understands independence in simple contexts " c?, ch

Correctly interprets conditional probabilities imaway E2°, F1, Ad*
tables

Calculates simple conditional probabilit E3¢

Makes simple inferences when the group sizre eque F2ab*

Misconception

Holds the utcome orientation misconcept B3e*

Holds the aw of small numbe Dic*

Believes that revious outcomes influence independ C2*, C#, Cc4’

events

Over or underestimates sampling variability #,CAIZ?’, Cc4, DY,
D6b

Takes the time factor is taken into account withdte  E3b’

tional probability

Makes incorrect simple inferences when the group  F2d*

numbers are not the same size

* SRA

"Watson and Callingham (2003)
*Watson and Kelly (2007)
AWatson and Moritz (1999)

6.3.3.4 The second questionnaire

Three of the questions in the second questionmagre repeated from the first
guestionnaire as “anchors” for the Rasch analgsie Section 4.5.3). These an-
chors provided a means by which the students’tghditings could be compared
between the beginning and the end of the unit.okher questions were included

to assess students’ knowledge about statisticaifsignce, their ability to judge

the likelihood of outcomes using standard erramgl, taeir ability to explain the
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use of random processes and the importance of musdmpling. There were also
guestions that were included to judge their abttityise hypothetical and condi-
tional probability reasoning, with and without I8y the probabilities involved
asP-values. A summary of the statistical reasoninggte$or and the questions
that relate to these can be found in Table 6.3 3®he questionnaire is provided

in Appendix B2 and the coding protocol is in Appen@2.

Table 6.3.3.4.1

Statistical reasoning assessed in the secondiguesire

Reasonin Secon
guestionnaire

Correct
Understands sampling variability 8d*
Understands importance of large samples 6 part 2b*

Makes simple probability judgements when problem ex 2b*, 5ab
pressed in words

Calculates simple expected values 2a
Describe randomnes 17
Draws conclusions from a conditional probabi 2c¢*
Interprets eP-value 4*
Draws conclusion from B-value 4
Takes variability into account using a standardrerr 5ab

Explains the importance of chance processes inlgamp| 5d, ¢, 8b
selection and allocation of treatments

Misconceptions

Over/under estimates sampling variability | 5c

* SRA

"Watson and Callingham (2003)

*Brightman and Schneider (1992)

*Written by researcher and used in Australian MastiCollege Exams

YFrom the assessment used in the Graduate DiploBeiémce (statistics) at the
University of Tasmania.

6.3.3.5 The test
Part of the formal assessment of the Data HandlimhStatistics unit involved

two 50-minute tests. These tests were written bystmior lecturer who was in
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charge of the unit and were part of the formal sssent and could not be
changed for this study. The questions from thersgt¢est (given in the last week
of the unit) that were included in this study assésstudents’ interpretation Bf
values, interpretation of confidence intervals, tegled for the presence of the
misconception that highR-values indicate that the null hypothesis is titlee sta-
tistical reasoning tested for and the questionslimd are described in Table
6.3.3.5.1. The test items are found in AppendixaB8 the coding protocol is

found in Appendix C3.

Table 6.3.3.5.1

Statistical reasoning assessed in the selectedtéess

Reasoning Test
item

Correct

Interprets &-value 3

Draws conclusion from éP-value 3

Interprets a confidence interval in terms of ameste of  5a, 6¢
the population mean
Compares groups based on their averages 8bf

Misconception

States that the 95%" in a confidence interval represe 5k
where the samples will be

Believes a higliP-value indicates the null hypothesis is 1
true

6.3.3.6 The analysis of the questionnaires and the  test

The questionnaires were analysed quantitativelygudie Rasch partial credit
model. Using this model, independent assessmetite afifficulty of the items
and the students’ ability were gained. It was p&hthat a similar analysis would
be carried out on responses to the test itemst Wais found that these did not

fall on a unidimensional scale and were therefoisuitable for Rasch analysis.
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After the completion of the Rasch analysis, themgen each questionnaire were
then divided into groups, in decreasing order tfadilty, depending on the cog-
nitive demands of the items. The students were dingded into groups accord-
ing to their ability, using the groupings obtairfezm the item analysis. For ex-
ample, as the highest group of items in the fit&sgionnaire had ratings from 0.7
logits and above, the students with an abilityngaef 0.7 logits and above were

placed in the highest ability group.

The responses to the first questionnaire for allstamesters involved in the study
were combined into one analysis. This was reaseraause this questionnaire
was administered at the beginning of each sembstere any teaching took
place. The ability ratings were then compared ansamgesters using the Krus-
kal-Wallis H procedure, to determine if there weignificant differences in mean
ability among the students from each of the fomnesgters involved in the study.
This was of interest as the cohorts of studentg w#ferent from the first semes-
ter to the second semester in each calendar yegenkeral, the students in the
first semester of each calendar year were enrailedurses that required a higher
Tertiary Entrance Score than those in the secomésr. The items in the first
guestionnaire were also tested using the Mann-Whith procedure, to see if
there were any differences between the respongée students who did and did
not have previous statistical experience. The nesg® of the second question-
naire were also combined into one analysis, eveagh there were different
teaching programs for each semester. This wag/gmtiause only a small num-
ber of students agreed to participate in the sfadthe second cycle of the inter-

vention. Even without this problem this combinatieas reasonable because

105



some of the items from the first questionnaire wepeated and used to anchor
the item difficulties of the second questionnaifes a consequence, the item and
person difficulties would be placed on the sameelaf the logit scale no matter

if the analyses were separated or not.

The final quantitative analysis of the questionesicompared the gain (or other-
wise) in students’ ability from the first to thecemd questionnaire by the means
of a paired-test. Correlations were then calculated and inétegl between the
ability ratings from the first and second quest@ines, the first questionnaire and
the students’ final result of their formal assesstsieand the second questionnaire

and the students’ final result of their formal a&sseents.

A qualitative analysis of the students’ responsegéch questionnaire then fol-
lowed. In this analysis, the responses of the siisdier each item were compared
over the ability groups, to see how the form osmrang used by the students in

the higher ability groups differed from those ie fower ability groups.

6.4 The design for this study

6.4.1 Introduction

The aims of this study were to gain knowledge oflents’ beliefs and difficulties
in reasoning abowR-values and confidence intervals, and to use thisviedge
to develop teaching programs that would enableestisdto explain how these
statistical methods are derived and used in infexkestatistics. The study was
cyclical, in that each the nature of each intenaenivas based on the results and

experiences of the previous semester. The followewions describe the teach-
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ing strategies used for the pre-intervention seengahd the three cycles of the

intervention.

6.4.2 The pre-intervention semester

The first semester of the study, the pre-intenaemsiemester, was used to gain
knowledge of students’ beliefs before the teaclpragram was altered. Tradi-
tionally, the unit had been taught with the uséaaf lectures, one tutorial session
and one “practical” session per week, where thgsstal calculations they re-
quired to carry out the formal assessment were dstreted and practiced with
the use oMicrosoft Excel The lectures were presented in didactic fornt, ig)a
they were used to pass on, and explain the infoom#iiat the students were re-
quired to know. The students were expected to nakes and although they were
encouraged to ask questions if required, verglgtiestioning actually took
place. The tutorial sessions were used to givéndteuctions for their formal as-
sessments, and to answer questions from the forate$ that they were given in

place of a text book.

The material of the unit was, and continued todbégded into four modules. At
the end of each module the students were assegsegrbject, and they were
given a test at the end of modules two and foue. imtent of the unit is shown

in Table 6.4.2.1.
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Table 6.4.2.1

A description of the Data Handling and Statisticst Gior the pre-intervention
semester

Module 1 Introduction to the discipline of statisticsm-
pling and experimental design

Introductior The discipline ostatistics, its uses, and t
branches of statistics

Types of dat Measuremer categorica response ancx-
planatory variables

Displaying data Histograms, scatterplots andexyi

Summary statistics Mean, median, mode, variartaadard devia-
tion, range and IQR

Sampling methods Random sampling
Systematic sampling
Cluster sampling
Stratified sampling

Survey and exyr-  Survey design and sources of error in sun

imental design Experimental design
Statistical inde- Contingency tables
pendence
Module 2 Probability
Introduction tc Classice
probability Empirical
Subjective
Discrete distribu-  Binomial
tions Poisson
Continuous distri- Normal
butions Standard Normal
t-distribution
Module 3 Statistical inference
Introduction Sampling distribution of the mean

Confidence intervals
Hypothesis testing One sampitest
Two sampléd-test
Chi-squared tests for independence and good-
ness of fit

Module 4 Statistical applicatior

Linear regression Simple linear regression
Multiple regression

ANOVA One factor ANOV/

Setting the level ¢ Type | and Type Il erro

significance Considerations for setting the level of signifi-
cance
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Evidence of students’ understanding$efalues and confidence intervals in the
pre-intervention semester was collected usingeglpanses to the second of the
guestionnaires and from responses to selected itethe second test that was

used as part of students’ formal assessment.

These responses were coded based on the SOLO maypti@ coding rubrics are
in Appendix C. The responses were then subjectadRasch analysis (using the
Partial Credit Model) to give ratings of the itenffidulty and of the students’
ability at the beginning of the semester. The tesufl the quantitative and quali-
tative analyses, described in Section 6.3.3.6ira@hapters 7 and 8. Descriptive
analyses of the progression of students’ reasadogtP-values and confidence

intervals are in Chapters 9 and 10.

6.4.3 The first cycle of the intervention

The responses from the students at the end ofréhimervention semester
showed that most students were able to carry quithgsis testing and to calcu-
late confidence intervals successfully, in thatghecedures were followed and
the answers were numerically accurate. In contilastresponses to questions that
required the students to show their reasoning stidhest for many of these stu-
dents understanding was not present. This was mviden the fact that no stu-
dent attempted to define the meaning & alue in the first of the questions
where this would have helped to a answer the pnofdand only one quarter of
the students attempted to define the meaning dPtelue in the second question
where this would have helped explain the problemly©ne quarter could suc-
cessfully answer questions that asked for an eafitam of the meaning of a con-

fidence interval.
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As described in Chapter 2, Garfield and Ahlgrer8@)%and Yilmaz (1996) point
out that in general, early tertiary students arefanmiliar with hypothetical, prob-
abilistic reasoning and find it difficult, and treedifficulties can be made worse if
instruction is given in a didactic fashion. In aduh, Rubin, Bruce and Tenney
(1991) point out that in general, tertiary studdr@se not been exposed to sam-
pling and do not have a realistic understandintipefrelationship between sam-
ples and the original population and the variabetween samples of the same
population. This intervention was designed, theefto give students exposure
to sampling and to give students exposure to tipetmegtical, probabilistic pro-

Cess.

The first strategy that was used in order to enbdearning was the introduction
of guided discovery learning via the use of compsieulation. For each simula-
tion, the students were given a scenario, askethte® a prediction of the out-
come, and then use the simulation to test thedigtien (delMas et al., 1999;
Garfield & Ahlgren, 1988; Mills, 2002). Each simtitan was carried out before
the relevant material was introduced formally ie@ture or tutorial. For example,
to introduce the Central Limit Theorem, studentsergiven some data that were
normally distributed. They were then informed ttregty would be taking samples
from these data and calculating the sample medres; Were asked to predict the
shape of the distribution that these sample meantddhave. They then usddi-
crosoft Exceto take 500 samples, calculate the mean of treselss, and draw
a histogram of these means. These means formednaalNdistribution. They
were then asked to undergo a similar process fiarttiat were uniformly distrib-

uted. As they had been led to believe that the Eampans would have the same
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distribution as the population distribution, mokttee students predicted that the
sample means would have a Uniform distribution a8,\vand seemed to be sur-
prised when a Normal distribution resulted. Thesnthepeated the process with a
Binomial distribution, one with a small sample sfme= 5) and then with a larger
sample size (n = 25). It was only after this p@dtexercise was completed that
the Central Limit Theorem was introduced formatiyai lecture. A simpler exam-
ple was used to compare the characteristics ahtren and median. The students
entered a set of given numbers, with a range fram %o 10 cm, into aBxcel
spreadsheet and calculated the mean and medianwite then asked to replace
one of the numbers with a very large number ofrtbledice. They immediately
saw that the mean changed dramatically, but theanedmained unchanged.
The carrying out of simulations such as this is ohthe benefits of using com-
puters to enhance the learning of statistics, psated sampling is quick, and
since visual effects such as graphs are connectibe tdata, any changes to the
data gives an immediate visual demonstration. Etaild of all the simulations

the students carried out are found in Appendix D.

The second strategy was to introduce the reasdm@hmd hypothesis testing ear-
ly in the unit (Week 2) using examples such asdhmese Birth problem, where
the students used coins to simulate what would dxapp the ratio of girls to boys
if the “One child policy” in China was replaced &yHave children until a boy is
born” policy. After this introduction, each timehgipothesis test was introduced
the students were asked a series of questions.

* What is the assumption about the population?
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* Given this assumption, were our sample results uahkely, unlikely,
likely, or very likely?
* What conclusion can we make about our assumptiontahe popula-
tion?
Because it was believed that this hypotheticalkihijm was unfamiliar to the stu-
dents, the formal language of hypothesis testioggkample, null hypothesis and
P-value) was not introduced until half way througle semester. This was so that
students could become accustomed to hypotheticéditiy without simultane-

ously having to learn the formal language.

The third strategy used in the semester was tditaiee students with the pro-
cess of confidence intervals by having them phylgiciaw random samples and
looking at the characteristics of their samplesstFstudents were asked to take
random samples from a population. The populatiorsisbed of 100 workers at a
shipping port, whose blood lead concentrations weftten onto equally sized
squares of paper and these were placed in a pageFbr each sample, the stu-
dents calculated the mean, and these values waredbn a number line. By
these means the students were introduced to the that sample means vary
from sample to sample, and that sample means casdikto make an estimate of
the value of the population mean. It was after tiég the students were intro-
duced to the Central Limit Theorem with a compusierulation, and this was fol-

lowed by a formal introduction to confidence ints:

A detailed description of the traditional teachpign, and the additional material
introduced for the first cycle of the interventingiven in Appendix A. The evi-

dence used to judge the success or otherwisesofyhle of the intervention was
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the same as in the previous semester; that isep@nses to the second ques-
tionnaire and the second test. The results of tia@ttative and qualitative anal-
yses, described in Section 6.3.3.6, are in Chaftarl 8. Descriptive analyses of
the progression of students’ understanding aPexdlues and confidence inter-

vals are in Chapters 9 and 10.

6.4.4 The second cycle of the intervention

The analysis of the student responses (given aildetChapters 9 and 10) after
the first cycle of the intervention showed thatikekhe pre-intervention semes-
ter, where no students had made an attempt toedaRrvalue for either of the
guestions abowR-values, 22% of the students attempted to explanreaning

of theP-value for one question, and 30% of the made tiésrgpt for the other
guestion where this was useful. Most of their emateons, however, showed mis-
conceptions. There was no apparent improvemeimieiubderstanding of confi-
dence intervals. Therefore some additional teacsirajegies were introduced

into the second cycle.

Constructivist theories of learning propose thatistt learning is enhanced if
connections can be made between students’ prekiomsledge and the new
knowledge being introduced. However students ateimgeneral, familiar with
the probabilistic process used in hypothesis tgstitd the calculation of
P-values. An example, therefore, needed to be foladwould introduce this
process and be easily understood. After somelsegian example was found
that was believed could take this role. This is“thes hot outside” problem
(Shaughnessy & Chance, 2005) represented in tabieih Table 6.4.4.1. With

this problem the proposition was made that the ezas hot, but when the data
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were collected (looking out of the window), it walsserved that everyone was
wearing winter clothes. Because it is unlikely thabple would be wearing win-
ter clothes on a hot day, the observation was ipetitole with the proposition
and the proposition was rejected. This problem eeesidered to be easy to un-

derstand and was used as the template for alldunypothesis testing.

Table 6.4.4.1

An example of the probabilistic hypothetical praces

My hypothesi It is hot outside todz

Date When we look out of the window, everyo
we see is wearing winter clothes (woolly
hats, gloves and coats).

What is the probability of .e-  Very, very low

ing people wearing winter

clothes if it is hot outside?

What do you conclude about r It is incorrect

hypothesis?

Morgan (2001) and Pugalee (2001) state that byngrdown their reasoning,
students become aware of gaps in their knowleddetseir understanding is in-
creased as they strive to fill in these gaps. Stigj¢herefore, were also encour-
aged to write down the meaning of the appropifat@lue for every hypothesis

test they were introduced to in the unit.

To help increase students’ understanding of confidentervals, students were
introduced to sampling as in the previous cyclehls cycle, however, the intro-
duction to sampling started in the first week & #8mester, and more opportuni-
ties were given for students to take samples amdatice estimations of the value
of the population mean. The introduction to conficke intervals took place in
stages. First of all, the sampling exercise was ns¢ only to give a demonstra-

tion of the variation among sample, but also tooithtice the idea that “most”
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sample means were “nearby” to the population maanhe semester progressed,
the students were then introduced to the ideatiegproportion of means that are
“nearby” is known. After the introduction to the i@eal Limit Theorem, they

were introduced to the idea that because approglyn@5% of sample means are
within two standard errors of the population me&s%o of the time the interval
that consists of the sample mean + two standacdsewould contain the value of

the population mean.

One result of the introduction of these strategias that there was an increased
amount of interaction among the students and bettreestudents and lecturer.
The consequence was that as the formal lecturesri@more conversational and
the difference between the tutorials and the folewlres became increasingly

blurred.

The evidence for the success or otherwise fromcfute of the intervention was
the same as in the previous semesters; that ianheers to the second question-
naire and selected items of the second test. Budtseof the quantitative and
gualitative analyses, described in Section 6.38&jn Chapters 7 and 8. De-
scriptive analyses of the progression of studamiderstanding abo-values

and confidence intervals are in Chapters 9 and 10.

During this cycle notes were also taken by theaeedeer of the teaching strate-
gies used to teadPrvalues and confidence intervals and the studeségtions to
these strategies. This was so that more knowlebiget atudents’ problems in
these areas could be gained to assist in the pigmithe third cycle of the inter-

vention. Owing to ethical considerations the reslear could not know who was
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participating in the study, therefore no identifyilmformation was kept, and the

notes of the students’ work were written in a diggiwe format only.

6.4.5 The third cycle of the intervention

It was difficult to make conclusions about studeantslerstanding for the second
cycle of the intervention because only six studegtgeed to participate in the data
collection. The data that were available, howeskBowed that some students
were confused about the nature of frealue as their answers were inconsistent.
For example, one student stated thBt\alue of .01 indicated that a new drug
worked better than the previous drug 1% of the tiog recommended that the
new drug be used. Misconceptions were also revéalgrbir understanding of
confidence intervals. However, two out of the sixdents answered both parts of
the confidence interval question correctly.

Confrey (1990) and Tobin, Tippins and Gallard (198tted that learning and
understanding is improved if students are encoardgexplain their reasoning;
the act of searching for the words to explain thesaning clarifies their ideas.
Therefore the strategy used in the previous cy@eely the encouragement of
students to write and share their ideas, was egtktwlconfidence intervals as
well as the work oP-values.

Moreno and Duran (2004) and Ozgun-Koca (1998) fahatlusing multiple rep-
resentations can improve students’ learning an@énstanding. In this cycle of the
intervention alternative representations were tigedach hypothesis test so that
students could gain a visual representation ofikieéhood of each test statistic,

if the null hypothesis were true. For examplehd test statistid,= 3.6, were cal-

culated, a diagram such as that in Figure 6.4.5dldvbe drawn.
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t=3.6

Figure 6.4.5.1. Example of a t-distribution usedjiee a visual demonstration of
the likelihood of the test statistic.

The students were then asked to consider how likel\given statistic or one of a
more extreme value would be if the null hypothegsse true using words (for
example “unlikely”, “likely”). They then were asked consider if the given sam-
ple statistic belonged to the proposed distributipa distribution centered on

another parameter.

From discussions in the previous cycle of the im@gtion, it became apparent that
some students were confused about why statistygaitheses are written in the
way they are, that is, as the hypothesis of n@dfice. In this cycle, therefore, a
link was made between the writing of null hypotrseard the scientific method as
proposed by Popper (1963). According to Poppés,riever possible to prove a
statement true. As a result scientific statemerggteose that make conjectures
that can be falsified. Similarly, null hypotheses also statements that cannot be

proven true, but are written in a form so that ewitce can be found against them.
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In the earlier cycles of the intervention, the stoid were introduced to the hypo-
thetical, probabilistic process early on in the sster, however the formal termi-
nology (in particular null hypothesis aRevalue) was not introduced to later in
the semester. In the third cycle this terminologswntroduced with the first ex-
ample (“It is hot outside”) so that students hadertane to become familiar with
these terms. Therefore the presentation of thelgmoin Table 6.4.4.1 was al-

tered to that in Table 6.4.5.1.

Table 6.4.5.1

The “It is hot outside” problem in its new format

Null Hypothesis It is hot outside today

Date When we look out of the window, everyo
we see is wearing winter clothes (woolly
hats, gloves and coats).

P-value Q: What is the probability of seeing pec
wearing winter clothes if it is hot outside?
A: Very, very low.

What do you conclude about r It is incorrect

hypothesis?

The evidence for the success or otherwise fromctftte of the intervention was
the same as in the previous semesters; that iantheers to the second question-
naire and selected items of the second test. @tiaitand quantitative analyses
were carried out as described in Section 6.3.316 tlae results of these analyses

are found in Chapters 7 to 10.
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6.5 A summary of the study design

Aims
» To gain knowledge of students’ understandingsatisttcal processes on
entering university.
» To gain knowledge of students’ beliefs and difficz8 in understanding
P-values and confidence intervals.
» To use this knowledge to develop teaching progremthat students’ un-

derstanding oP-values and confidence intervals can be enhanced.

Tasks requested from participants
Participants were asked to complete:
» One questionnaire on entry to the unit
* One guestionnaire at the end of the unit, andve gi
» Permission to use results of the second test thatused in the formal as-

sessment.

The Pre-intervention semester (See Section 6.4.2)

The unit was taught as per previous practice.

The total number of participants was 26, 13 of¢heere from the Hobart cam-
pus. The Hobart students completed the first qoiestiire only. Thirteen partici-
pants were from the Launceston campus, nine of wtmmpleted the second

guestionnaire, and 12 of whom completed the test.
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Cycle one of the intervention (See Section 6.4.3)
The changes that were introduced were:

* The use of guided discovery learning with the ussomputer simulations
in a “predict, test, re-think” format.

» The introduction of the hypothetical reasoning uiseldypothesis testing
early on in the semester. No formal language (thg.term P-value”)
was used.

* The demonstration of sampling variation by takiagples from a popu-
lation and calculating and comparing the samplermsea

The total number of participants was 26 out of ssgae 29, 20 of whom com-

pleted the second questionnaire, and 23 of whonptaied the test.

Cycle two of the intervention (See Section 6.4.4)
The further changes that were introduced were:
* The introduction of the hypothetical, probabiligi®cess by the “It is hot
outside” problem.
* The encouragement of students to write down theningaf eachP-
value in words.

* The staged introduction of confidence intervals.

The total number of participants was 7 out of asfime 27, four of whom com-

pleted the second questionnaire, and six of whampdeted the test.
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Cycle three of the intervention (See Section 6.4.5)
The further changes that were introduced were:
* The encouragement of students to write about centid intervals as well
asP-values.
» The use of alternative representationsHearalues.
» The introduction of Popper’s work on falsifiablatements.
» The introduction of formal statistical terminolo¢g.g., the termP-

value”) from the beginning of the semester.

The total number of participants was 16 out of ssgae 26, 12 of whom

completed the test. The second questionnaire Wagiven.

6.6 Constraints on the research

The participants in the study were student volusteéEherefore the numbers were
restricted not only by the number who enrolledhi& tinit but also by those who
chose to participate by allowing their data to beds Because the lecturer was
also the researcher, it was important that no studsuld be penalised, or believe
to be penalised, if he/she chose not to particigdterefore the researcher did not
know who had agreed to participate and was onlgrgihe student enrolment
numbers (so that the test results could be usés)the students’ unit results
were published. This restricted the data that cbeldollected during the second
cycle of the intervention when teaching notes weagle. Only general summar-
ies and impressions could be recorded. This akseepited the use of follow up

interviews.
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Complications were also added by the nature ofthdents involved. In the first
semester of each year the students were mainlytlerbiomedical science pro-
grams, whereas in the second semester the studergsnainly from the aqua-
culture and environmental science programs. Theeseguired for university
entrance to the biomedical science programs isehittan that to enter the other
programs. In addition, there is a requirement tiratstudents in the biomedical
science programs should have successfully compéeprd-tertiary mathematics
unit. The mathematical competence of the biomedicignce students, therefore,

tended to be higher than the other students.

Because the participants were working towards uaritegrees, the course con-
tent, as set by the School of Mathematics and Bhlydithe university where this
study took place, had also to be covered and amtlthe changed by the re-

searcher.

Chapters 7 and 8 describe the results of the Rasalysis of the questionnaires.
The responses of the students are also analysee twhat forms of reasoning the
students used, and how this reasoning varied ftadeats with high and low
ability, where the ability was determined by thes&aanalysis. These are fol-
lowed by Chapters 9 and 10 in which descriptiveyees are given of the pro-
gression of students’ understanding atiwtlues and confidence intervals over

the time of the study.
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7. Results of the Quantitative and Qualitative Anal -
ysis of the First Questionnaire

7.1 Introduction

This chapter begins with the results of the Rasetyais of the first questionnaire
and is followed by a qualitative analysis of studeresponses grouped according
to their ability levels. All of the Rasch analysesre carried out using Winsteps
version 3.70.1.1 (www.winsteps.com.htm). Each asialysed the Partial Credit
Model. Details of the theory underpinning this miackn be found in Section

4.5.2.

Students’ responses to each item in the questimnaire assigned a score de-
pending on the statistical reasoning shown in éisponse. For each item, com-
parisons were made among the scores of the foursters (the pre-intervention
semester and the three cycles of the intervenéind)among the scores of stu-
dents with and without previous statistical expsre2 Because the data were
made up of discrete numbers (from zero to thrée)assumptions for 2-samptie
tests and ANOVA, that is, normality and homogeneityariance, could not be
met. Instead of 2-sampltéests, therefore, testing for differences betwaen
groups (previous statistical experience or not) gaasied out by using the Mann-
Whitney U test, a non-parametric procedure. Whetirtg for differences among
three or more groups (among the four semestersKihskal-Wallis H was used

instead of the Analysis of Variance (ANOVA).

For the Mann-Whitney U test and the Kruskal-Watisests, the ranks of the
measurements were used instead of the actual ne@asuots. These “ranks” were

obtained by ordering the data from highest to lawiesr data that are appropriate
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for t-tests or ANOVA, these non-parametric tests areapmately 95% as pow-
erful as their parametric counterparts. Howevehefassumptions oftests or
ANOVA are “seriously” violated, then the non pararieetests are more power-
ful® (Zar, 1974). The term “powerful” in this contexflects the ability of a test to

detect significant differences if they exist.

For these non parametric tests the null and alieenhypotheses are of the form:
Ho:  The groups have the same measure

Hi:  The groups do not have the same measure

Similarly to ANOVA, the null hypothesis for the Kskial-Wallis test is rejected if
at least two groups are found to be significaniffecent from each other; reject-
ing the null hypothesis does not imply that all gheups are significantly differ-

ent.

On the completion of the Rasch analysis, the itei® placed on a scale in order
of difficulty, and then grouped according to theseél of difficulty. Each group

was then analysed by the cognitive demands tha mede by the questions in
this group, and then a set of criteria were deteechithat characterised the quali-
tative changes demanded for successful responseadh group (Callingham &
Watson, 2005). A qualitative analysis of the stusleresponses for each ques-
tionnaire then followed. The students were themgea by level of ability, where
the groupings were based on the item groupingsitbestcabove. The responses

of the students for each item were then compared the ability groups, to see

2 As it happened, when the tests were repeated @if@VA or 2-samplé-tests, all thé>-values
were within 2% of the figures obtained by theséstes
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how the forms of reasoning used by the studeriiseithigher ability groups dif-

fered from those used by the students in the |@aiéity groups.

7.2 Rasch analysis of the First Questionnaire

7.2.1 Introduction

The first questionnaire was designed to answefdll@ving questions:
* What understandings and misconcpetions were hesdugents before
undertaking the unit?
* Are there any differences in initial understandoggween the students
in each semester?
The second question was of interest because tberggiwere from different co-
horts. In general, the students in the first seeredteach calendar year were en-
rolled in courses that required a higher Tertiamgr&nce Score than those in the

second semester.

7.2.2 Items in the First Questionnaire

There were 23 items in the first questionnaire.sehi@cluded questions that re-
quired students to calculate and interpret simpéeanditional probabilities.
Other questions required students to demonstraielkalge and understanding of
variation and to make judgements about differehe#aeen samples using in-
formal estimates of the centre of the data anextent of the variation in the da-
ta. They were also required to make a judgemeatsituation where the events
were independent, but there were different numbensals. A summary of the

items with their labels used in the Rasch analgsisund in Table 7.2.2.1.
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Table 7.2.2.1

A description of the items used in the Rasch arsalyish the labels used in this

analysis
Questiol Labe Description of knowledge shoy

Bl Snake: Car indicate that a probability of 1 does not indicate thi
the event will occur exactly 1 in 6 times.

B2 Cance Can accurately interpret the statemel4% of women will
develop breast cancer sometime during their lifetim

B3 Eczema Can accurately interpret the statemenmtdpplication to
skin areas there is a 15% chance of developingta’ra

C1 Coinl Can calculate the probability of 4 tailsairow when toss-
ing a fair coin.

Cc2 Coin2 Can indicate that after 4 tails in a rtive, next toss will
still be independent.

C3,C¢ Coin3-4 Can continue with reasoning by independence fottem
coin toss.

D1 Hospita Can determine that for events that are equallyyliked
independent (boy or girl being born) that the sanwpglth
the lowest sample size is more likely to deviaterfithe
expected number of 50%.

D2 Spinner 1 Can calculate the chance of an evarbaufor this situa-
tion.

D3 Spinner 2 With the knowledge fro@pinner 1 can calculate the ex-
pected number of even numbers for 50 trials.

D4 Spinner Can indicate that if 50 more trials Spinner Zz were carriec
out, the same number of even numbers would nokbe e
pected.

D5 Spinner 4 Can give an indication of the numbdesven numbers that
would not be expected in 50 spins of the spinn&pmner
1.

D6a Tute A Can determine that the data from 50sspfrihe spinner
(when presented in graphical form), are not likelye real
because the graph is perfectly symmetrical.

D6b Tute B Can determine that the data from 50sspfrihe spinner
(when presented in graphical form) are not likelyé real
because the graph presents several unlikely events.

D6c¢ Tute C Can determine that the data from 50 spins of tirnsp
(when presented in graphical form) are likely taéal be-
cause the graph is centred on the expected vatlia gen-
sonable amount of variation is present.

El Teacher Can determine the most likely out of ¢tamaditional prob-
abilities presented in verbal form.

E2 Factory Can determine a conditional probabiiben the data are

in a simple 2 x 2 table.
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Table 7.2.2.1 (Continued)

Label Description of knowledge shown
E3¢ urn A Can calculate a simple forward probabi
E3b Urn B Can calculate the probability of an evarthe past given
later information.
F1 Med Can make a judgement of the effectivenesstifatment
using proportional reasoning.
F2¢ A-B Can compare the scores of two sets of data of esige

presented in graphical form, where all of one grbape
higher individual scores than the other, withoubhgdgor-
mal algorithms.

F2b C-D Can compare the scores of two sets ofafagual size,
presented in graphical form, where one group Hagteer
mean score than the other.

F2c E-F Can compare the scores of two sets ofalatqual size,
where the mean, median and mode are equal, biugronp
has a larger range than the other.

F2c G-H Can compare the scores of two sets of daunequal size
where one group has a higher mean than the other.

7.2.3 The Rasch Analysis of the Items (Partial Cred it Model)

In the process of the Rasch analysis it was fobhatigome items fitted poorly to
the model and these were removed and the anadysisir This was a step-wise
process. At first only the items with the more eriet-statistics, less than nega-
tive three or greater than plus three, were removVki process continued until
all the items remaining in the analysis had a featieryt-statistic within the
range of negative two to plus two. By the end @& firocess, the items that were
removed wer&nakesHospital, Spinner 1, Spinner 2, Coin 1, FactcandA-B,
C-D, E-FandG-H. The fitting of the items in the original analybsfore these
items were removed can be seen in the bubble chBigure 7.2.3.1. Because of

the way the items’ arrangement changed as the wgthssery larget-statistics
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were removed, some items that appeared to haverdipm the first analysis

remained in the final analysis.

3
2 - urn B
spinner 4
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Figure 7.2.3.1. Bubble chart for item fit in thesfiattempt at the Rasch analysis.

The variablesSnakes, SpinnedndFactory appeared close together in the bubble
chart, as did the itentdospital, Spinner 3, Coin 1, A-B, C-D, E-F, GaddMed
This raised the question of whether or not factarloster analysis would be suit-
able for these data. When a factor analysis wamatied, the Kaiser-Meyer-

Olkin statistic was 0.529, which indicates thatstheélata are probably not suitable
for factor analysis. An examination of the factpreduced confirmed this suppo-
sition. Only one factor was produced with a smathber of items, and these
items had no relation either to the pattern in Fég12.3.1 or to the cognitive de-

mands of the items. The cluster analysis was aisatisfactory, as it did not
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show linkages that relate to the items either lag@lon the chart, or by cognitive

demand.

The list of items used in the main analysis witkitmean difficulty measures are
shown in Table 7.2.3.1. This list is in order dfidulty, and is measured in logits,
the logarithm of the odds of success. This analystsan item reliability score of
0.95 (maximum obtainable is 1.0, see Appendix Ehjs indicates that the repli-
cability of item placements along the scale if theame items were given to an-

other equal sized sample of similar participastgredicted to be high (Bond &

Fox, 2007).

Table 7.2.3.1

Items in decreasing order of mean difficulty foe Rasch analysis

NAME MEASURE
Urn B 1.80
Spinner 4 1.13
Coin 1 0.55
Tute B 0.55
Tute C 0.25
Spinner3 0.06
Med -0.15
Tute A -0.37
Coin3-4 -0.45
Teacher -0.61
Coin 2 -0.64
Urn A -0.70
Cancer -1.43

More detail of the items is shown in Figure 7.2.3vBich shows the item map
with the Rasch-Thurstone thresholds for each cayegfoeach item. There are
five people (indicated by “X”) at the same leveli@nsSpinner4l andTute C2.

This indicates that these people have a 50% priiyadii scoring a zero or one
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for Spinner 4and a 50% probability for scoring a one or twoTate C Further
details of the Rasch Thustone thresholds are destm Section 4.5.3. The
spread of the participants and the questionnaredtwere well matched, in that

in general, they both cover the same range.
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Figure 7.2.3.2. ltem and person map of the Rasetlyais of the first question-
naire, showing the Rasch-Thurstone thresholds. E4thepresents one person.
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The items were then divided according to increasmmgplexity of the reasoning
needed to respond to the questions successfulymiing the variable map gave
tentative groupings where there was an apparer jardifficulty. The decision
concerning where to separate these groupings ve&texs by importing the item
difficulties into a spreadsheet and using thegadduce a bar graph of the item

difficulties in order of increasing difficulty. Thibar graph is shown in Figure

2.5
2_
1.5 - [
1 o
0.5 4 =
—
2] —
=
> e
g o] -
=
< ———
= —
=
5 -0.5 1 —
=
5 —
1
- HHH
0O Cc o T 0 o = 0w C O =g 0 = 0o = n = nu o =@ Cc u c
s:u-*ommo,Eg-cﬂoSmoSoSg-cS'ooS-*-c-*
335.%35.“)85.3S.mgs.ma.mga.ms.a.mja.j
BIRZIBPEIPAZIRINQOZIRPRAPLZOZRERSD
N A A N 202N PE 2N
= BN e @ N @ N »
N Ny N Ny

Figur(_a 7.2._3.3. Items in order of difficulty frdowest to highest for the first
questionnaire

The items were then assessed on the type of remsmquired by the students to
respond to each question at each level successfudlg result of this process, the
items were divided according to the lines in Figtu23.3. From the bar graph, it
would appear thafute Ashould be placed into the lower grouping. To gacat-
egory one response foute A however, the student needed to have an under-
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standing that probabilistic processes show vanatidhich requires a higher cog-
nitive level than what was needed to ans@ein 3-4.1 Coin 3-41 was placed in
the lower grouping as a response at this level mdyired the interpretation of a
simple verbal and numeric statement, as did theratbms in this grouping. The
groupings, together with the cognitive demands naadthe students in each lev-

el of difficulty are summarised in Table 7.2.3.2.
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Table 7.2.3.2

Summary of the cognitive demands made on therdtufter each group of items

Description of Iltem

Measure o
difficulty

Scoring Rubric Reasoning used

unB .2 2.24  Correctly calculated the probabibfya past event givenThe presence of variation in probabilistic
later knowledge processes was recognised and the predic-
Spinner 4 .2 1.56 Prediction of what would be walisvas correct and in-tion of the degree of this variation includ-
cluded both “greater than” and “less than” response ed a “greater than” and a “less than” re-
unB .1 1.37  Conditional probability not recogetstherefore joint  sponse. Independent probabilistic pro-
probability was calculated cesses were calculated correctly. The
Tute B .2 0.9¢ Explanationwasbased on two or more reas probability of an earlier event given later
Coinl .2 0.99  Probabilities of multiple indepentevents were succedgiowledge was calculated correctly.
fully calculated
Spinner 4 .1 0.69  Prediction of what would be walisvas correct but in- The presence of variation in probabilistic
cluded “greater than” or “less than” only processes was recognised but the degree
TuteC .2 0.68  Explanation was based on two or more reasons of this variation was not predicted com-
Spinner 3 .2 0.50 Explanation was based on expectation of variat pletely. Independent probabilistic pro-
: . cesses were recognised, and proportional
Med .2 0.29 Explanatl_on of comparison betweengvaups was baser asoning was used. Explanations were
on proportional reasoning complete.
Tute B .1 0.11  Explanation was based on one reason only
Coin1 .1 0.11  Multiple independent ever were not successfully cau-
lated, but independence was correctly identified
Tute A .2 0.07 Predictionwasbased on expectation of variation in r
situation
Coin3-4 .2 -0.01 Identifiec independence of each outcc
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Table 7.2.3.2 (Continued)

Description of Itemdiﬁciculty

Measure o

Scoring Rubric Reasoning used

Teache .2 -0.17

Recognisethedifference in two conditional statemel The presence of varion in probabilistic
and explanation was based on unequal probability = processes was not recognised. Simplified

Tute C .1 -0.1¢  Explanatiorwasbased on one reason ¢ explanations were given.
Coinz .2 -0.2C  Recognised independence of coin to
umnA .2 -0.26  Correctly calculated probabilityfature event given past
knowledge
Spinner 3 .1 -0.37  Simplified explanation, for exae, “It's chance only”
Med .1 -0.58 Used proportional reasoning but aldgcribed one group
Tute A .1 -0.80 Identified situation as made uprmiexplanation given
Coin3-4 .1 -0.88  Simplified explanation, for exalm “1 in 2 chance” Simple probabilistic statenseintverbal
Cancer .2 -0.99 Verbal probability statement jprteted correctly and numeric form were interpreted cor-
Teacher .1 -1.05 Explanation based on personarixee, for example, rectly.
“More teachers in my school are women”
Coinz .1 -1.0€ Simplified explanation give for example “It's just
chance”
UrnA .1 -1.14 Calculated probability of future event given p
knowledge as a joint probability
Cance .1 -1.87 Interpretecverbal probabilistic statement in a way thn-

derestimated probability/did not recognise diffeebe-
tween incidence and mortality
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7.2.4 Rasch analysis of persons

The person analysis had a person reliability sobfe60 (maximum score availa-
ble is 1.0). This gives a measure of the replidglolf person ordering that would
be expected if a test of similar items were givethe same people. The lower
score compared to the item reliability score intisahat this reliability is not as

high as the item reliability.

A histogram of these data is shown in Figure 712 %he histogram shows that
most of the students had an ability measure betwk&rand +2.0 logits, with one
student having an ability measure below -2.5. Hsallts of the Kruskal-Wallis
test P = .424,a = .05) indicated that there was no significantedénce in person
ability scores on the first questionnaire amongfthe semesters. The details of

the analysis are in Appendix E1.
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Figure 7.2.4.1. Histogram of the person ability mfor the Rasch analysis of
the first questionnaire.
The students were then divided into four groupspeting to where they could

achieve in relation to the item difficulty levelsuind in Table 7.2.3.2. These
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groups were labelled, from highest to lowest, aBAC and D. This is illustrated
in Figure 7.2.4.2. Students in Group D were ablaterpret simple probabilistic
statements, those is Group C were able to answex difficult items but only
using simple explanations, those in Group B wete @threcognise the presence
of variation in probabilistic processes, and to psgportional reasoning, whereas
those in Group A were able to show a more accunagerstanding of the degree

of variation shown by probabilistic processes.

Group A

Group B

Group C

Ability measure

Group D

WNNNNNRPRPRPRPRPOOOO0O0OO0OO0O0OORRERRERERENN
COODRANOMOANOXDBANONPOIOONDD®ON
T T T T R T T S S S T S R R E

Figure 7.2.4.2. Ability levels of students divideatorrespond with table
7.2.3.2.Each column represents one student.

Table 7.2.4.1 shows the scores obtained by thestsdor each item in the Rasch
analysis, with their corresponding frequencies.edslindicated, there was no
significant difference in the scores between theesters, and no significant dif-
ference in the scores according to whether theestischad previous statistical
experience or not (Appendix E1). A qualitative g&d of the students’ responses

is found in Section 7.3.
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Table 7.2.4.1

Frequency of scores received by the 75 studentsafoh of the items of the
first questionnaire

Score

Iltem 3 2 1 0
Cance N/A 59 12 4
Eczemi N/A 68 6 1
Coin 1 N/A 28 4 43
Coin 2 N/A 43 23 9
Coin 3-4 N/A 33 36 6
Hospital ** 22 12 34 7
Spinner 1 N/A N/A 73 2
Spinner 2 N/A 24 41 10
Spinner ! N/A 33 15 27
Spinner . N/A 1C 18 1C
Tute A N/A 43 13 19
Tute E N/A 15 30 30
Tute C N/A 19 35 21
Med N/A 40 10 25
A-B 20 21 25 9
C-D 9 19 27 20
E-F 6 25 10 34
G-H 10 19 9 37
Facton N/A N/A 65 10
Teache N/A 48 12 15
Urn A N/A 48 15 12
Urn B N/A 6 8 61
Snakes N/A N/A 72 3

N/A — not applicable — this score was not availdbtethis item.

** There is a significant differencd(< .01) between students who claimed previous statis
tical experience than those who did not. The meak for the group without previous sta-
tistical experience (2.06) is higher than for thegedents with previous statistical experi-
ence (1.40).
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7.3 Qualitative analysis of the first questionnaire

In this section the students’ responses are cord@an®ss the ability groups, to
see what types of reasoning the students usedamdhiese varied between the
ability groups. Because it was desired that theM@dge gained would be as
complete as possible, all the items are includeghndless of whether or not they
fitted the unidimensional scale in the Rasch amalyihe items are divided ac-
cording to the form of required reasoning: thenmtetation of verbal probabilis-
tic statements, the interpretation and calculadibstatistically independent
events, the interpretation and calculation of coowlal events, and the judgement
of differences between groups. The students wereraljuired to answer items

that would indicate whether or not they expectetbtan in stochastic processes.

7.3.1 Questions requiring interpretation of verbal probabilistic statements

In this section the questions that required thdesits’ ability to interpret verbal
probabilistic statements are examined.

“Cancer”

The students were asked to choose the best intatipre out of a set of options,

for the following.

It is estimated that 14% of women will develop Isit
cancer sometime during their lifetime.

The responses according to ability are found ind&t8.1.1. The majority of the
students in groups A to C gave the response: “Notynwomen get breast cancer,
but it is not that uncommon.” This response waggia score of “2.” The re-

sponses “Not many die from breast cancer, butribishat uncommon,” and “It
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is not likely that a woman will get breast cancesulted in a score of “1.” All
other responses received a code of “0.”
Table 7.3.1.1

Responses to “Cancer” according to the studentsfitgb

Ability Group A B C D

Response (n=13) (n=31) (n=25) (n=6)

Not many women get breast canc

but it is not that uncommon 10 28 19 2
Not many women die from bree

o 1 1 1
cancer, but it is not that uncommon
It is not likely that a woman will get

2 2 4

breast cancer
It is not likely that a woman will die 1 1
of breast cancer
More women than not will get breast 1 1
cancer
It is very likely that a woman will ge 1

breast cancer

Of all the items that remained in the final Raaohlysis, this one was the least
difficult for the students. The level of difficultyas 1.43 logits below the mean of
zero. Seventy-nine percent of the students redehe highest score of “2,” and

a further 16% received the score of “1.”

“Eczema”

The students were given a series of options to antve following question.

The following message is printed on a bottle ofprigtion
medication:

Warning: For application to skin areas there is a
15% chance of developing a rash. If a rash develops
consult your physician.

Which is the best interpretation of this warning?
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The responses, according to ability, are foundahl& 7.3.1.2. Very few students
did not give the response, “About 15 out of 100géeavho use this medication
develop a rash.” This response resulted in thedsigbcore of “2.” The responses
“Don’t use the medication on your skin; there goad chance of developing a
rash” and “There is hardly any chance of gettimgsh in using this medication”

resulted in a score of “1.”

Table 7.3.1.2

Responses to “Eczema” according to the studentsitab

Ability Groug A B C D

Response (n=13) (n=31) (n=25 (n=6)

At_)out 15 out of 100 people who use 13 o8 21 6
this medication develop a rash

If a rash develops, it will probabln-
volve only 15% of the skin

There is hardly any chance of gett
a rash in using this medication

Don't use the medication on your
skin; there is a good chance of devel- 1
oping a rash

Ninety-one percent of the students received a sufdt2,”,with a further 8% of
the students receiving a score of “1.” Becausesthdents did so well on this
item, it had a very lowscore (Figure 7.2.3.1) and did not fit on the umiein-

sional scale.

“Snakes”
The students were required to imagine they wergnea game of snakes and
ladders where a “6” was required for a player tmeeence the game. They were

asked to choose from the five statements.
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After four rounds n-one has started. Which of the fow-
ing statements best matches your conclusion?

a. Since a ‘6’ hasn’t come up yet, it will come up [n
the next round.

b. Since the chance of getting a ‘6’ is 1 in 6, the ¢
should have come up with a ‘6’ four times by
now, so something is wrong with it.

c. Throwing a die is a chance event, so it just hap
pens like this sometimes.

d. If a‘6’ doesn’t come up soon, there must be
something wrong with the die.

e. There must be something wrong with the die.

All but three students responded to this questarectly (option (c)). This high
number of correct responses resulted in a verytisgore and the item did not fit
on the unidimensional scale for the Rasch analyfsis;s illustrated in Figure
7.2.3.1.

The responses to these items suggested that ttenséuifound it easy to interpret
verbal probabilistic statements. The respons&ntikesndicated that they could
interpret a probability in terms of a long termdguency, and the response£in
zemaindicated they could also do this when the prditghias given in terms of
a percentage. The response€amcerindicated that most students thought an
incidence of 14% was “not that uncommon,” or “rikely,” but some of the re-
sponses indicated that there was an associatiteinminds of cancer and death,

with the result they did not realise the questialy seferred to incidence.
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7.3.2 Questions requiring an understanding of stati stical independence

This section examines the questions that neededderstanding of statistical
independence to be successfully answered. Forneaiynts A and B are inde-
pendent if the conditional probability of A giveni®the same as the uncondi-
tional probability of A, that is,

P(A|B) = P(A).

Informally, understanding independence can be thbag recognising that events
governed by randomness have no memory, so tharéwous outcomes have no
influence on any future outcomes. For exampleptiobability of a head on the

toss of a fair coin will remain at 50%, even if seal heads in a row have resulted

from previous tosses.
The coin questions

The first coin questiorCoin 1, required the students to calculate the probgbilit
of getting four tails in a row. The second questshked the students to choose
from a series of options to indicate whether a raraaltail would be more proba-
ble for the fifth toss, or whether they are equékgly. The third and fourth ques-
tions asked them to calculate the probability dfing each of a head and a tail on

the fifth toss.
“Coin 1”

This item, with a difficulty score of 0.55 logitsias the hardest out of the coin
guestions. The results (Table 7.2.4.1) show th&G 67the students could not
correctly calculate the probability of four headdour coin tosses and thus did

not achieve a score of “2.” Neither could theyesthiat the probability was 50%

143



each and every time the coin was tossed (whichdwasgult in a score of “1”).
The numbers of each response given, as shown hiy gooup, are in Table

7.3.2.1.

Table 7.3.2.1

Responses given to the probability of tossing fails in a row by ability group

Response
Ability 1in16 1lin2 1in4 1in8 Other No re- Total
group (correct) sponse
Group A 9 1 1 1 0 1 13
Group B 12 8 3 1 6 1 31
Group C 8 11 3 0 2 1 25
Group D 0 5 1 0 0 0 6

It would appear that one of the “1 in 4” and ong¢haf “1 in 8” responses came
from inappropriate arithmetic. For example, thesogang given by two students
were

“50% each time therefore 1/4”

“or o * 1 *1Hp =1/8"
There may have been other students with corresbraéag but faulty arithmetic
but this cannot be determined as most of the stadid not explain how they got
their answers. It is apparent that the majoritthef students in Group A could
answer this question successfully, and that thpgetmn of students who could
do this decreased down the groups until Group Berevinone of the students
could do so.

“Coin 2”

The students were then asked to choose from ass#ragptions to determine

which choice someone should make for the fifth.t&w®uld a person choose
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Heads, Tails, or doesn’t it matter? Table 7.2.4didates that approximately 57%
of the students received a score of “2.” This iaths that these students gave the
correct response (“it does not matter”) with aahle justification. Approximately
31% of the students gave the correct response wtithéull justification, or a jus-
tification that relied on the fact that there wergy two outcomes but did not
mention the independence of each toss (score Table 7.3.2.2 shows that a
higher proportion of students of lower ability gpsuprovided responses that
scored “1.” This question had an item difficulty0o64 logits below the mean,

1.19 logits belowCoin 1, and was the easiest of tein questions.

Table 7.3.2.2

Responses to “Coin 2” according to the ability bétstudents.

Ability Group A B C D
Respons (n=13) (n=31) (n=25) (n=6)
Response directly states that each toss
is independent/Does not depend on 8 9 8

what happened before

Response implies independence, for
example, the probability is “still” 3 13 6 2
50%

Respons is correct (1/2) but doesot
use independence in argument — only 2 5 9 3
two outcomes

Response is incorrect 4 2 1

“Coin 3-4”

The students were then asked to calculate the pilitpaf first, a head for the's
toss, and then the probability of a tail for thetsss. Because most students com-
bined their responses these two questions weredctatgether. Table 7.2.4.1

shows that 92% of the students either calculatedptiobability correctly with a
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full explanation based on independence (score 62"ith a response that im-
plied independence or based on the argument thed tliere only two outcomes
(score “1”). This item, with an item difficulty d¥.45 logits below the mean, was
the second easiest of the coin questions. The mesgpaccording to ability, are
found in Table 7.3.2.3. This table shows that Gréugtudents were more likely
to use the independence of the coin tosses in thagoning. Six students (from
Groups B and C) showed inconsistency, in that thayed that heads or tails
would be more likely for the'™toss and then went on to say that the probalsilitie

of heads or tails were 50% for this toss.

Table 7.3.2.3.

Responses to “Coin 3-4" according to the abilitytbé students.

Ability Group A B C D
Respons (n=13) (n=31) (n=25) (n=6)
Response directly states that each toss
is independent/Does not depend on 5 10 5

what happened before

Response implies independence, for
example, the probability is “still” 3 10 6 1
50%

Respons is correct (1/2) but doe<ot
use independence in argument —only 5 10 12 4
two outcomes

Response is incorrect 1 2 1

“Hospital”

The students were asked to answer the followingtipre

Half of all newborns are girls and half are boysspital
A records an average of 50 births per day. Hospitadc-
ords an average of 10 births per day. On a paaticay,
which hospital is more likely to record 80% or mofe
female births?
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To respond to the Hospital Problem successfulg, mecessary to look beyond
the probability of each single birth, and to apmaecthe effect of sample size. If
the sample size is ignored, it will be concludeat @s the two events are de-
scribed by the same statistic, and as each birtidependent, the two hospitals
will be equally likely to record 80% or more girss a sample increases in size,
however, the sampling statistic (here the proportibgirls born) is more likely to
approach the theoretical value for the entire patpoarh (Fischbein & Schnarch,
1997). Using the Binomial distribution the probélak are:

P(x> 8| n =10, p=0.5) =0.0547

P(x> 40| n =50, p = 0.5) = 0.0000
It was not expected that students would have bbkenta carry out these calcula-
tions. What was required was that they should luse intuition to answer the
question: Is it more likely to get eight or morélgiout of 10 births, or 40 or more

girls out of 50 births?

The most common response (given by 49% of the staglevas that the two hos-
pitals were equally likely to record 80% or morderhale births in a day as each
birth was an independent event. Even though tjgamse is incorrect, it resulted
in a score of “1,” as it indicated a higher levebtatistical understanding than
lead to a response of Hospital A. Those studentsstéted that Hospital B was
more likely to record 80% of more female birthsher because the sample size
was smaller for Hospital B, or larger for Hospialreceived a score of “3.”
Those students who said that it was “easier” foo Bet 80% or more female
births received a score of “2.” Twenty-three (408bjhe students gave the cor-

rect response of Hospital B.
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For this question, the Mann-Whitney U test was ificemt according to whether
or not the students claimed to have experience stétistics in previous mathe-
matics coursed(= .016, see Appendix E1). Those students who diictkaim
previous statistical experience had a higher maak {48.03) than those who did
(34.83). This is possibly due to the students pwrvious statistical experience
being distracted by their knowledge of statistindependence. In Table 7.3.2.4
students responses are divided by the categorewiqus experience as well as

by ability.
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Table 7.3.2.4

Students’ responses to the “Hospital” question adaag to previous statistical experience and apilével

Previous statistics experience No previous stesigtkperience
Ability Group A B C D A B C D
Respons (n=8) (=25 (n=19) (=5 (@©=5 (©M=6)n£6) (n=1)
More likely for B as the sample size is
smaller/Less likely for A as the sam- 1 7 4 1 1 2
ple size is larger
“Easier” for B 5 3 2 4 4
Equally likely — the probability of
50% for each birth is constant ! 8 10 2 4 2 1
A — more births, more gir 4 2
No respons
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A high proportion of students from all ability gqegigave the equally likely op-
tion, and as a result, this item did not fit on timdimensional scale for the Rasch

analysis. In Figure 7.2.3.1 it can be seenHbepitalitem had a higlt-score.

7.3.3 Students’ Awareness of Variation in Stochasti ¢ Processes

The Spinnerand theTutorial questions described in this section were included
test students’ awareness of the presence of \@riatistochastic processes. The
correct responses required awareness that if eghesty process that has a ran-
dom component will be unlikely always to give ideat results. Even though a
large number of trials will converge to the expdctalue determined by the con-
ditions of the process, a small number of triaésléely to show variation in the

outcomes.

The spinner questions

The first question was to set the scene for thetipres after it. Once students de-
termine that out of 50 spins the expected valub@humber of spins that land on
an even number is 25, they are asked a seriesestiqos to determine if they are

aware that this result will not be achieved forrgwet of 50 spins.
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“Spinner 1”

A tutorial group used this spinner. If you werespin it once, what
is the chance it will land on an even number?

All but two students gave the correct response of %:in 2 or 50%. Because
such a high number students answered this questioectly, the question had a
very lowt-score, and did not fit into the unidimensional mloaf the Rasch anal-

ysis.

“Spinner 2”

Out of the nxt 50 spins, how many times do you think
spinner will land on an even number?
Why do you think this is?

If the students answered they would expect thengpito land on an even number
25 times, and indicated that they expected thaatisever would not necessarily
be exactly 25 they received a code of “2.” TabR4.1 shows that 32% of the
students achieved this score. If the students atelitthat they would expect ex-
actly 25 even numbers then the students receiweda of “1.” This was
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achieved by 55% of the students. The remainingestisdcould not make this cal-
culation. With such a high number of students n@ngia score of “1” or “2,” this
item had a low-score and did not fit on the unidimensional scdilthe Rasch

analysis. The responses according to ability afeaisle 7.3.3.1.

Table 7.3.3.1

Responses to “Spinner 2" by ability

Ability Group A B C D
Respons (n=13) (n=31) (n=25) (n=6)
Approximately 25 6 14 6
25 6 15 17 4
Can't tell as it is random 1 2 2 2

“Spinner 3”

If you were to spin it 50 times again, would yoypest to
get the same number out of 50 to land on an everbarf?
Why do you think this

The Spinner 3tem was included to prompt the students to tlaib&ut variation.
For this question 76% of the students gave a ressptirat showed that they
would expect some variation between groups of &lsdp occur, with varying
degrees of sophistication in their responses. Thesgonses that stated that the
process was random or similar received a scor@,bfwhile those that stated that

it was “just chance” or “anything can happen” regeéi a score of “1.”

The results of questior&pinner 2ZandSpinner 3are combined in Table 7.3.3.2 to
show how many students in each ability group ingidahat they would expect
variation in the number of even spins that landoreven number for each set of

50 spins. For groups A and B it is apparent thagtrobthe students were aware
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that variation is to be expected. Students in ggdO@nd D were much less likely
to be aware of this variation.

The item difficulty rating ofSpinner 30.06 logits above the mean, illustrates that
it was not too difficult for most of the studentsanswer successfully. It is of
concern, however, that nearly a quarter of theesitgldid not consider that the

results of different trials would vary, even whaompted to do so.

Table 7.3.3.2

The number of students in each ability group whrevesvare/not aware that var-
iation is to be expected in the spinner questi®usne students did not answer,
therefore the number of responses does not suf to 7

Variation is Variation is
expected not expected

Ability Group A 12 1
Ability Group E 23 3
Ability Group C 15
Ability Group D 2

“Spinner 4”

How many times out of 50 spins, landing on an auember,
would surprise you? Why do you think this is?

Using the Binomial distribution the probability ttisution for the number of
times the spinner lands on an even number out spbt is illustrated in Figure
7.3.3.1. From this distribution it is apparent ttieg most likely outcome is for the
spinner to land on an even number 25 times ou@adns. The probability of

getting below 13 or above 37 is extremely low.
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Figure 7.3.3.1. The probability distribution forealmumber of times a spinner
lands on an even number out of 50 trials when téability of landing on an
even number is 50%.

The students were not expected to be familiar tiighBinomial distribution, nor
were they expected to be able to carry out theutations that resulted in Figure
7.3.3.1. Therefore some leeway was given for ttesponses. Those who gave
responses of above 35 (or a number close to 38)balow 15 (or a number close
to 15), received the highest score of “2.” Mosth# students, however, gave re-
sponses that were one sided, in that they stat®dbabcertain number, or below
a certain number, but not both, and these werengav&core of “1.” This omission
contributed to this question having the seconddsgjdifficulty rating, 1.13 logits
above zero, 2.56 logits above the easiest itemthEmalifficulty was the inability
of 31 of the students to think in terms of a ranfaumbers. For example, one
student gave a response of “40,” instead of 40adouve. The responses accord-

ing to ability are found in Table 7.3.3.3.
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Table 7.3.3.3

Reponses to “Spinner 4” by ability

Ability Groug A B C D

Response (n=13) (n=31) (n=25) (n=6)

Above 35 (approximately) AND be-
: 3 4 2
low 15 (approximately)

Above 35 (approximately) OR below
15 (approximately) but not both

8 9 4

Zerc only

50 only 5 7

25 only

Other single number stated 1 2 3

Zero and 50 only 1 2 1 1
No number is unexpected 2 2

No response 4

Idiosyncratic* 5 1

* |diosyncratic — these responses were either incehgmsible, or did not address the question

The Tutorial Questions

In these questions students were given graphipagsentations of the supposed
results for three tutorial groups that spun themsgi (shown irSpinner } 50

times and recorded the number of times an even aumas obtained. These
guestions not only tested for students’ awarengsgaration in stochastic pro-
cesses but further tested their ideas concernirad reasonable outcomes might

be. The following introduction to the question vgagen.

The members of three statistics tutorial groupss@igpins and

graphed the number of times the spinner landecha@van number.
Each circle represents one person in the tutor@lg In some cases,
the results were just made up without actually daire experiment.
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“Tute A”

Tutorial A

?08§§§§§809

0 5 10 15 20 25 30 35 40 45 50

a. Do you think tutorial A’s results are made up or
really from the experiment?
i.  Made up
ii. Real from experiment
Explain your answer.

The student responses, according to their abitiyging, are found in Table
7.3.3.4. It is apparent that 75% of the studerdBsed the results were likely to
have been made up. Those responses that statébahasults were too symmet-
rical or perfect received a score of “2.” Thosgmses that stated the results
were likely to have been made up without an expilanaeceived a code of “1.”
This item had a difficulty rating of 0.37 logitslbe zero and was the easiest of
the Tutequestions. Approximately one quarter of the sttglérowever, were not
concerned about the symmetry of the problem, gifimther evidence that some
students were not aware of the likelihood of vasiatn the outcomes of a sto-

chastic process.
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Table 7.3.3.4

Responses to “Tute A” according to ability group

Ability Group A B C D

Respons (n=13) (n=31) (n=25) (n=6)
Made up

Too perfect/neat/uniform 12 27 13
Real

Follows bell shaped curve 1

Got expected number 3 5 3
No response 2 2
Idiosyncratic* 1 4 1

* |diosyncratic — these responses were either incehgmsible, or did not address the question.

“Tute B”

Tutorial B

9 oo
ooo
o
ooo
000)
0000000)
000)
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b. Do you think tutorial B’s results are
made up or really from the experiment}
i. Made up
ii.  Real from experiment
Explain your answer.

This item gave results which at first glance, beimmgre varied than foFute A,
appear more likely to be real. When the graph @&réred closely, however, sev-
eral problems are revealed that indicate thatdbalts were likely to have been
made up. There are no results for 25, the numbtbrtive highest probability;
there are multiple results on each of some valuik,gaps in-between; and the

answers of 46, 50 and 6 even numbers are so unblsaio be virtually impossi-
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ble. From Figure 7.3.3.1 it is also apparent thatresults of 11 and 39 even

numbers are also extremely unlikely.

Some students, however, did state that the ranggagawide, without being spe-
cific about the probability of each result. Thosgdents who gave more than one
reason for saying the results were made up weengivscore of “2,” and those
students who gave one reason only were given & s6d..” Table 7.2.4.1 indi-
cates that 60% of the students realised the resalts likely to have been made

up. The responses grouped according to abilityaaned in Table 7.3.3.5.
Table 7.3.3.5

Responses to “Tute B” by ability group. Because sstndents gave more than
one response, the total number of responses igagréd@an the number of stu-
dents.

Ability Group A B C D

Respons (n=13) (n=31) (n=25) (n=6)
Made up

Too many answers on too few values 2 6 1

Would not get zero and/or 50 evens

3 6
out of 50

No 25s/not clustered around 4

The range is towide 11 8 1
Rea

More random than Tutorial 11 11
No response 5 3

Approximately 35% of the students in Group B anéodaf the students in Group
C looked at the increased variation compared witbrial A and therefore con-
sidered the results to be real. Half of the GrougtuRients did not respond.
According to the Rasch analysis, this questionhait item difficulty of 0.55
logits above the zero, was the hardest ofTihiee questions. For some of the stu-
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dents who stated that the data were likely to bé& reis unclear whether or not
they were just comparing the pattern with the patie Tute Aor actually looking

at the numbers on the horizontal axis.

“Tute C”

Tutorial C

?ggo§$n§§§?

0 5 10 15 20 2 30 35 40 45 50

c. Do you think tutorial C’s results are made up or te
ally from the experiment?
i. Made up
ii. Real from experiment
Explain your answer.

The results in the plot are clustered around 25 sgime variation, and the range
is from 20 to 30. Therefore these results couldela¢ Students who gave more
than one reason for saying “real” were given a aafd®,” students who gave
one reason only were given a code of “1” and sttedeho said the results were
made up received a code of “0.” Table 7.2.4.1 iagis that 72% of the students
recognised the results as likely to be real. Accgydb the Rasch analysis, this
item with an item difficulty of 0.25 logits aboverm, was the second most diffi-
cult of theTutequestions. Table 7.3.3.6 gives the students’ resgaccording to

their ability.
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Table 7.3.3.6

Responses to Tutorial C according to ability groBpcause some students gave
more than one response, the total number of regsoissgreater than the number
of students.

Ability Groug A B C D

Response (n=13) (n=31) (n=25) (n=26)
Made uj

Range i too smal 4 3 1
Rea

C_;rouped around 25 with some \a- 11 10 4 5

tion

The range is reasonable 3 3 3

More varied than tutorial A 4 4

Shows randomness 1 2
No response 5 8 2
Idiosyncratic* 3 1

* |diosyncratic — these responses were either imprefrensible, or did not address the question.

7.3.4 Questions requiring judgements of differences between groups

For the items in this section the students weraired to make judgements of
differences between groups without the use of fbstadistical procedures. For
the first item Med) the students were required to compare the nuofigggople
whose eczema improved for those who were treatédrencontrol group. As
there were unequal numbers of people in the twagg@roportional reasoning

was required to answer the item successfully.

For the second series of items the students wgteresl to compare the results of
a test between two groups, where the results vienersin graphical form. For
the first pair, the two groups had equal numbedsahof one group did better
than the otherA-B). For the second pair the two groups again hadlegumbers

and there is some overlap in the results, but ooepyclearly had a higher mean
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score than the othe€¢(D). In the third pair there were equal numbers ithea

group and whereas the means, medians, and modesweal, one group had a

wider spread than the other gro#pK). For the last pairG-H) the group num-
bers were not identical. It was expected that sttsdeould have to make a
judgement of the value of either the mean or mettianake a decision as to
which group performed “better.” Students were nqieeted to be familiar with

ideas of statistically significant differences.

“Med”

A new medication is beil tested to determine its effectiveness in thet-
ment of eczema, an inflammatory condition of thie.sKkhirty patients with
eczema were selected to participate in the stulg.phtients were randomly
divided into two groups. Twenty patients in an ekpental group received
the medication, while ten patients in a controlugroeceived no medication.
The results after two months are shown below.

Experimental Group Control Group (No

(Medication) Medication)
Improved 8 2
No improvemer 12 8

Based on this data, you think the medication was:
A. Somewhat effectiy B. Basically ineffectiv

If you chose option , select the on If you chose option , select the on

explanation below that best describegxplanation below that best describg
your reasoning. your reasoning.

a. 40% of the people (8/20) in thx- a. In the control group, 2 peopm-
perimental group improved proved even without the medication.

b. 8 people improved in the experi- b. In the experimental group, more
mental group while only 2 improved people didn’t get better than did (12
in the control group vs. 8).

c. In the experimental group, the c. the difference between the numbd
number of people who improved is who improved and didn’t improve is
only 4 less than the number who about the same in each group
didn’t improve (12-8) while in the (4 vs. 6).

control group the difference is 6

(8-2).

d. 40% of patients in the experimental. In the experimental group, only
group improved (8/20), while only  40% of the patients improved (8/20)
20% improved in the control group

S

brS

(2/10)




Students who compared the groups to each othey psoportional reasoning
(Ad) received the highest score of “2.” Table 7.2 #dicates that 53% of the
students were able to do this. Students who usgzbpional reasoning but only
mentioned the results of one group (Aa, Bd), oduke raw numbers and not the
proportions (Ab) received a score of “1” (13%). Ather students received a
score of “0.” Table 7.3.4.1 shows the responseakeftudents according to abil-
ity group. This item had an item difficulty of 0.1d&gits below the mean, indicat-

ing that the item was of average difficulty.

Table 7.3.4.1

Responses to “Med” according to ability group

Ability Group A B C D
Response (n=13) (n=31) (=25 (n=6)
Somewhat effecti
Option Ad 10 18 11 2
Option Aa 1 3
Option Ab 1 1

Basically ineffective

Option Bd 3 2 3 1
Option Be 2
Option Bt
Option Bc 3
No response 3 1 2
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Comparisons between groups

HA_B”

A tertiary institution is comparing the scores ofre tutorial
groups on a test of basic statistics facts. Thehted nine ques-
tions.

The scores for two of these tutorial groups arevshio the
charts below. Each circle represents one persacereidre for
Group A four people answered two questions coeatid two
people answered three questions correctly.

Did the two groups perform equally well, or did agreup per-
form better? Please give reasons for your answer.

Group A Group B

5 g

T T . . T T T T T T T T T T T T I I T T
0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9

Number of Questions Correct Number of Questions Correct

There was a wide variety of responses. Those stsi@dro received the highest
score of “3” either stated that all of Group B laahligher results than all of the
other group, estimated the means but did not cietwhem, or used totals while
also indicating that the group sizes were equalredcof “2” were given for re-
sponses that referred to Group B’s results withefgrring to the results of the
other group. Scores of “2” were also given for mesges where the means had
been calculated fully (a less efficient strategytfas item) or for responses that
referred to the totals of each group but did ndkerthe equal group sizes explic-

it. A score of “1” was given to those responses stated Group B had “more
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questions correct” or similar without further expddion. Table 7.2.4.1 shows that
88 % of the students stated that Group B had arye¢rformance than Group A.
The responses, according to ability group, areaibld 7.3.4.2. It is apparent that
the students in the ability Groups A and B were Imonore likely to give com-

plete explanations than those in the other two ggou

Table 7.3.4.2

Responses to “A-B” by ability group

Ability Groug A B C D
Response (n=13) (n=31) (n=25) (n=6)
Entire group in B did better than the
) . 6 6 2
entire group in A
Mean and/or median used in 5 - 1
answer
Group B had “more” correct answ 3 8 10 1
Totals use
Scores of ongroup compared wit
5 3
the other
Scores of one group mentioned only 2 4 1
“B did better” — no further explanation 2
Group A did better 1 1 2
No response 1 1 1 2
Idiosyncratic* 2

*Idiosyncratic — indicates that the response didhave any relationship with the question or was
unintelligible

164



“C'D"

Group C Group D
! (I) $ g g ! ! I T T T $ g $ ? T T T
otz 3 4 .5 6 1 8 9 0 1 2 3 4 5 6 7 8 9
Number of Questions Correct Number of Questions Correct

Did the two groups perform equally well, or did ayreup per-
form better? Please give reasons for your answer.

(For this question group C has a mean of 4.9, aodpgD has a
mean of 4.2. This information was not given toshelents.)

Again a wide variety of responses was given. Asajdr3” was given to those
students who calculated/estimated the means, heddtals and stated that the
number of people in each group was equal, or usff¢quency of the number

of people with each score. A score of “2” was giteithe students who stated the
scores of one group and not the other, and a et¢dié was given to those stu-
dents who stated that one group did “better” oiilaimwithout further explana-
tion. Table 7.2.4.1 indicates that 73% of the stisleorrectly chose Group C as
having the better performance. Table 7.3.4.3 stlibevsesponses by ability. This
shows that in Ability Groups B and C the most commeason given was that

“more” people got “more” correct, without givingfall explanation.

165



7.3.4.3

Responses to “C-D” by ability grouping

Ability Group A B C D

Respons (n=13) (n=31) (n=25) (n=26)
Mean and/or median used in 4 3 1

answer
Totals used 1 1 1
Scores of one group compared with

3 6 6

the other
C “performed better” — no further > 1
explanation

More people in group C got “more 4 12 10 5
correct
The groups were eqt 4 3

Group L did bette 1 1 1
No response 1 3 2
Idiosyncratic* 1 1

*Idiosyncratic — indicates that the response didhave any relationship with the question or was
unintelligible

HE_F”
Group E Group F
I e % $ T T — ¢ 8 g $ —
o 1 2 3 4 5 6 1 8 9 0 1 2 3 4 5 6 7 8 9
Number of Questions Correct Number of Questions Correct

Did the two groups perform equally wi or did one grouj
perform better? Please give reasons for your answer

This question confused some students who triedydtsat one group had “more”

higher or lower results than the other. It is appathat these students did not re-
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gard the mean or the median as a balancing paiin, this example it is clear
that every lower score is balanced by a higheresdbrs also apparent from
Table 7.3.4.4 that some students made their judgenaecording to the range,
saying that this one group was “more consisterghttine other. Overall, 55%

stated that the two groups performed equally well.

Table 7.3.4.4

Responses to “E-F” by ability grouping

Ability Group A B C D

Respons (n=13) (n=31) (n=25) (n=6)

Equal

Means and/or median used in
response

Totals used 2 4 3 1
No explanatio 1 2 4

Group E
More consistent 3
More got higher scores 1 6 6
Averages used 1 1
No explanation 3 3

Group F
More got higher scores 1 1 1
No explanatio 1 1 1

No respons 4 2 2
Idiosyncratic* 1

*Idiosyncratic — indicates that the response waasteligible
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HG_HH

Group G Group H

A

Number of Ouestions Correct

bl

Q0 0
IR

Number of Questions Correct

!

Did the two groups perform equally well, or did ayjreup
perform better? Please give reasons for your answer

(The average of group G is 5.5 and the averagegpgtois 6.2.
This information was not given to the students.)

Students who estimated or calculated the mean diameor used proportional
reasoning received the highest score of “3.” Thetadents who stated that group
H had a higher mean or stated that most of GrotyadH"higher results” with no
further explanation got a score of “2,” while thagleo just stated that Group H
got a “better” results with no further explanatm@ceived a score of “1.” From
Table 7.2.4.1 it is apparent that only 51% of stuslstated that Group H had the

superior performance.

It was expected that the students would use som@fsproportional reasoning (a
higher proportion of the group H group had higleares) or would use a meas-
ure of central tendency such as the mean or medianswer this last question.
Table 7.3.4.5, however, shows that many studemtsecfsroup G as having the
best performance because there were more peo@®up G, or because they

thought there were “more” people in the higher emngbecause they thought
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Group G was more “balanced.” Some of the studexitstee problem could not
be solved, or was not fair, and there were somegave no explanation at all. It
is expected that all students attending universayld have carried out the algo-
rithm for the mean during their previous educatibnerefore these incorrect re-
sponses suggest that there is a poor understaofiihg reasons for which means
are calculated. This example also demonstrategrdposition of Gal, Rothschild
and Wagner (1990) that students, having learndatiztgcal skill, may not actual-
ly use the skill when it is needed outside of tlesgroom environment in which it

was originally learned.

Table 7.3.4.5

Responses to “G-H” by ability group

Ability Group A B C D
Respons (n=13) (n=31) (n=25) (n=26)
Group H
Group H has a higher mean/median 10 8 2

Proportional reasoning — a higher
proportion within the group has 2 3 7 1
higher scores

More got higher scor:

No explanatio 3 2
Too hard/cannot be done 1 2 1
Not fair 1
Group G
More people therefore performed
3 4
better
More in higher range 2 2
More balance
No explanatio 3 2 2
Equal 4 2
No response 2 3
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7.3.5 Conditional probability questions

The conditional probability questions were in thfeens. The first question re-
quired the students to calculate a simple conditiprobability where the data
were presented in the form of a table. Accordingvttson and Kelly (2007),
students tend to find conditional probability qu@ss easier when in the form of
a table than in verbal form. The second questi@aathe students to distinguish
between two conditional probability statements sindetermine which probabil-
ity was higher. The third question required thalstis to calculate probabilities
in a simple context. However, whereas the firsbphility was in the “forward”
direction (what is the probability of the secon@mif the first was ...?), the sec-
ond probability was in the “backward” direction (&ths the probability of the
first event if the second event was ...?). Resebydhischbein and Schnark
(1997) shows that many people do not realise fifad@gh the second event does
not affect the first, the first probability can f®vised as a result of knowledge of

the second event (the “time-axis fallacy” — seetia.4.3).
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“Factory”

The table below shows the number of defective TV’s pictl every week i
two factories by the day shifts and by the nighftsh

Factory A Factory B
Day 4C 3C
Night 40 60

a. How many defective TV’s are produced at FactorywBrg week?
b. How many defective TV'’s are produced by a nighttsvery week?

c. If you were told that a defective TV was produce&actory A, what is
the probability it was produced by a day shift?

From Table 7.2.4.1 it is apparent that 87% of thdents gave the correct re-
sponse of (c), and thus received a score of “1thWiis high number of correct
responses, the item had-score that was very low, so that the item didfit@n
the unidimensional scale. The number of incorresponses, by ability group, is
shown in Table 7.3.5.1. It is evident that studémiSroup D were considerably

more likely then students in other ability groupshtive made an error.

Table 7.3.5.1

Number and percentage of incorrect responses tatéiy” by ability group

Ability Groug A B C D
Response (n=13) (n=31) (n=25) (n=86)
Number of incorrect responses 2 2 2 4
Percentage of group incorrect 15 6 8 67
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“Teacher”

Which probability do you think is bigge

a. The probability that a woman is a schoolteacher
OR

b. The probability that a schoolteacher is a womgan.
OR

c. Both (a) and (b) are equally likely.

Please explain your answer.

The highest score of “2” was given to those stuslerito chose “b” and could
explain their thinking; Table 7.2.4.1 shows tha¥6df students obtained this
score. A score of “1” was given to students wheestdb” but used personal ex-
perience for their justification; this score wasegi to 16% of the responses. The
item difficulty was 0.61 logits below zero, andriéi®re it was one of the easier
items in the questionnaire. The responses, bytagioup, are shown in Table
7.3.5.2.

Table 7.3.5.2

Responses to “Teacher” by ability grouping

Ability Group A B C D
Response (n=13) (n=31) (n=25) (n=26)
There are two choices for a teacher,
male or female, but there are many 5 15 11 1

occupations for a woman to choose

The probability of a schoolteacher is
approximately 50%, the probability of
a woman being a schoolteacher is
much less

More women than thoolteachel 2 6 1

Personal experien
Both (a) and (b) mean the same thing 1 6 2 1

No response 2 2 2
Idiosyncratic* 2 1

*ldiosyncratic — indicates that the response ditdhave any relationship with the question or was
unintelligible
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“Urn A” and “Urn B”

An urn has 2 white balls and 2 black balls in izoTballs are drawn
out without replacing the first ball.

a. What is the probability that the second ball istehgiven
that the first ball was white? Please explain yanswer
(Urn A).

b. What is the probability that the first ball was vehigiven
that the second ball was white? Please explain goswer
(Urn B).

The answer to both questions is 1/3. For both guesta score of “2” was given
for correct responses with an explanation. A sobrd” was given for correct
responses where the probability only was statethrahose responses where the
joint probability (one in six) was calculated. Taldl.2.4.1 shows that whereas
84% of the students were able to get a score 0bf21” for Urn A, only 19%
could do so fotdrn B. Urn Awas one of the easiest items on the questionnaire;
Urn B, however, was the hardest item of all. The diffieeein item difficulty
scores was 2.5 logits. The responses, accordismitient ability groups, are

found in Tables 7.3.5.3 and 7.3.5.4.
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Table 7.3.5.3

Responses to “Urn A” by ability grouping.
Ability Group A B C D
Respons (n=13) (n=31) (n=25) (n=6)
1 in 3 — There are three balls
left, one of which is white 12 26 16 3

1 in 6 — calculated a joint
probability

Other numerical answerx-
cluding 1in 6

No response 1 1 1

Table 7.3.5.4

Responses to “Urn B” by ability grouping

Ability Group A B C D
Response (n=13) (n=31) (n=25) (n=6)
lin¢g 2 4 3
1 in € - calculated a join > 1

probability

1in 2 — result of second draw
cannot affect first draw 6 12 1 1
lin4 1 4 3 2
No response 2 10 8 3

Almost all of the students who answered correahrn A stated that since
there were originally four balls, and one had besnoved, the remaining proba-
bility was 1 in 3. Almost all of the 44% of the dents who answerddrn B in-
correctly stated that the result of the second drawd not influence the first
draw. This confirms the presence for some studgfrttse time-axis fallacy de-

scribed by Fischbein and Schnark (1999).
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Of the nine students (12% of the total) who gawedbrrect response fairn B,
only three of them gave a full explanation. Anotdew a diagram and two oth-
ers gave partial explanations, stating that thegewet confident that they were

correct. The other three students gave no exptanatiall.

7.4 Summary and discussion

Almost all of the students could successfully iptet simple probability state-
ments as shown by their responseSnakesCancerandEczemaHowever, the
results show that although most (65%) of the sttglerere aware that the out-
come of a coin toss is independent of the outcdmeéare it, only 39% of the stu-

dents could successfully calculate the probahilitgetting four heads in a row.

The responses tdospitalindicate that although many of the students werara
that each birth was independent, they were noteateat the sample size had an
influence on the likelihood that a statistic (h#re number of girls born in a day)
would deviate from the expected value. For thisgarof students, those who
had no previous statistical experience were m&edlito give a correct response.

It would be interesting to see if this result wezpeated with another study.

The Spinnerquestions showed that 76% could state that theydvmot expect the
same outcome in repeated random experiments, Wéaeles almost one quarter
of the students not able to do so. This has wogrinmplications for students of
statistics, where the whole subject is based oid#ee that individual and sam-
pling variation is universal. It is also appardrdttthe students did not think
through which outcomes would be unexpected irSji@nerscenario. Only 12%

of the students, when asked which outcomes woulthbkely, gave responses in
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terms of greater than AND less than given numid&sthe answer tdute A

where the given outcomes were completely symmétii&&s of the students in-
dicated the results were made up. For the answiut®oB where there were sev-
eral “unreal” outcomes, only 60% of the studendsest that the results were made
up, and fofTute G where the results were reasonably to be expautids situa-
tion, 72% of the students stated that the resudteweal. In each case there was a
substantial minority of students who did not gikie torrect response. Overall,

only 37% of the students responded correctly fathabeTute questions.

For the conditional probability questions, 87%twé students could calculate the
conditional probability when the data were preseimea table. For the school-
teacher problem, 80% of the students could distsfgappropriately between the
two statements. The simple forward conditional probUrn A) was answered
successfully by 84% of the students, whereas d@fg &ould successfully answer
the “backward” probabilitylyrn B). In general, the students thought that because
the choice of the second ball would not influertee ¢hoice of the first ball they

did not appreciate that probabilities in the pastld be reassessed in the light of

later information.

The responses to the questidmsd andA-B, C-D, E-F andG-H show that some
of the students did not use proportional reasoningn required. In addition, only
55% of the students correctly answeke& where the mean, median, and modes
were equal, but the ranges were different. The adehe mean as a balancing
point or a representative number did not seem farésent. Their responses con-

firmed the findings of Groth and Bergner (2006}t thame students come to uni-
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versity without any more knowledge of the mean &fsam the algorithm used to

calculate it.

The questionnaire was designed so that no forratibstal experience would be
necessary to answer the questions, and it was hbpethe questions would be
within the capabilities of students who were cort#ble with numbers. The re-
sults of the first questionnaire confirm that studeentering university, even with
pre-tertiary mathematics qualifications, may hawme misconceptions about
stochastic processes. They may expect short rumsdpetitive trial to be more
like the long term expected value than will happereality, and also have unre-
alistic views about what the likely outcomes aned®tochastic process (Tversky
& Kahneman, 1982hb). In addition, some students ebgokthat the outcomes of

stochastic trials to be repeated without variation.

The responses to the first questionnaire also detraire that students may find
conditional probabilities easier when the dataimtabular from than when the
data are presented in a verbal form (Watson & K&007). Some students
demonstrated internally inconsistent views on pbdlig. For example, they may
have stated that a head is more likely after fails tn a row, but then said the

probability of a tail on the next toss is “still0%o.

Finally, the responses of some students, even ththey all had post Grade 10
mathematics experience, suggested that these studere not familiar with the
mean as a representative number that could betosedke comparisons between
sets of data (Groth & Bergner, 2006). In additeame of these students did not
use proportional reasoning when it would have ts$ign making comparisons
between sets of data.
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This chapter described students’ responses tostigneaire that was given at the
beginning of their first unit in statistics on emtg university. The next chapter
describes their responses to a questionnaire tsgwen to them at the end of
the unit, and tests for their understanding of camdess, random allocation, and

significant differences.
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8. Results of the Quantitative and Qualitative Ana |-
ysis of the Second Questionnaire

8.1 Introduction

This chapter begins with the results of the Rasetyais of the second question-
naire. This is then followed by a qualitative asédyof the responses given for
each item by the students at varying levels ofitgbiThe relationship between the
ability of the students, as judged by the firstgjiomnaire, and the ability of the
students as judged by the second questionnainersinvestigated. This is fol-
lowed by an investigation of the relationship af &bility score from the first
guestionnaire and the students’ final mark fromrtfegmal assessment. An in-
vestigation into the relationship between the sttglebility scores from the
second questionnaire and the students’ final mark their formal assessment is

also included.

All of the Rasch analyses were carried out using3féips version 3.70.1.1
(www.winsteps.com.htm). Each analysis used tha@&@tedit Model. Details of
the theory of this model can be found in Sectidn2d.As explained in Section
7.1, in testing for differences in means amongedlmemore groups (over the
three semesters), the Kruskal-Wallis H was use@ausof the Analysis of Vari-

ance (ANOVA).

Thirty-three students completed the second questiog. The reduction in num-
bers is because some students dropped out of ilhesame were absent on the
day the second questionnaire was administered,cavidg to circumstances be-

yond the researcher’s control, the second quesiocsmmwas not administered to
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the students in the third cycle of the interventionthe pre-intervention semester
9 students answered the second questionnairedbdn the first cycle of the

intervention, as did 4 in the second cycle of titervention.

8.2. Rasch analysis of the second questionnaire

8.2.1 Introduction

The second questionnaire was administered at thefethe Data Handling and
Statistics unit. It was designed to test studeatdity to explain informally the
processes behirfdvalues and hypothesis testing and to explain v@ngomness

in inferential statistics is so important.

8.2.2 Items in the Second Questionnaire

There were 17 items in the second questionnaire sfidents were first required
to give an example of a random event and explaiitwvas random. They were
also asked to judge the likelihood of two sampl@ansebased on the number of
standard errors these means were away from thegedpopulation mean, and
to give an explanation. For some of the items thdexnts were asked to explain
why random sampling or allocation was importanteytwere also required to
explain the meaning of “significant difference” faiscenario where one sample
mean was higher than the other, and to make areimfe based on graphical da-

ta.

Four questions were repeated from the first questioe Hospital, UrnA, UrnB
andMed); these were used to anchor the analysis so tt@hparison could be

made between the ability level of the studentbafitst and second question-
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naires. A paired-test was then used to see if there was a signtfid@ange in

ability. In the second questionnaire, the quedtied (renamedVed A had an

addition (namedVed B requiring the students to choose from a listahments

about the validity of the experiment that produtesMed data. A summary of

the items on the second questionnaire with thedalsed in the Rasch analysis is

found in Table 8.2.2.1.

Table 8.2.2.1

A description of the items used in the Rasch arsalys

Labe Description of knowledge shoy

Random Can give an example of a random event goldiexvhy it is ran-
dom.

CB1 Cancalculate a simple expected va

CB2 Can judge the probability of an event in wo- very likely, fairly
likely, possible, unlikely or very unlikely.

CB3 Can use hypothetical reasoning based on ti®pility to make
judgements.

Fish Can explain the meaning of a “significanteliféince,” and the mean-
ing of aP-value.

Cereal A Can make judgements on the likelihoodnoéeent based on the
number of standard errors the event is from thegsed population
value.

Ceieal B Can make judgements che likelihood of an event based on
number of standard errors the event is from thegsed population
value.

Cereal C  Can make an estimate of a value thatliiselyngiven a proposed
value.

Cereal D  Can explain the importance of random sexgpl

Med A Can make a judgement on the effectivenesstatment using
proportional reasoning.

Med B Can make judgements on the experimental desigd irMed A.

Urn A Can calculate a simple forward probab.

Urn B Can calculate an event in the pgiven later informatio.

PacificA  Can make a judgement on the difference betweemytoups using
both the centre and variation of the results.

Pacific B Can explain the reasons for random atlona

Hospital Can determine that for events that arekylikely and independ-
ent (boy or girl being born) the sample with theést sample size
is more likely to deviate from the expected nunmifes0%.

Fred Can explain the importance of random allocatio
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8.2.3 The Rasch Analysis of the Items (Partial Cred it Model)

In the process of the Rasch analysis it was fohatigome items fitted poorly to
the model and these were removed and the anagsisir This was a step-wise
process. At first only the items with the more ertet-statistics, less than nega-
tive three or greater than plus three, were remoVbis process continued until
all the items remaining in the analysis had a fsatieryt-statistic within the

range of negative two to plus two. By the end of firocess, the items that were
removed werddospital, Cereal A, Cereal BndCereal C The fitting of the

items in the original analysis before these iteregawemoved can be seen in the
bubble chart in Figure 8.2.3.1. Because of the tlayitems’ arrangement
changed as the items with very latggatistics were removed, some items that
appeared to have a poor fit in the first analysieained in the final analysis. This
final analysis had an item reliability score of@.9able 8.2.3.1 shows the list of
items retained in the final analysis with their méawvels of difficulty. This

shows that the hardest question Wl B.This is the question where the
students were asked to make judgements about gegimental design used in
Med A The variable map in Figure 8.2.3.2 shows the stenth their respective

Rasch-Thurstone thresholds.
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Figure 8.2.3.1. Bubble chart of the items of theosel questionnaire.

Table 8.2..1

Items of the second questionaire in order of ndifficulty

NAME MEASURE
Med B 2.61
Umn B 2.0¢
Pacific E 1.8¢
Fish 1.83
Cereal D 1.61
CB3 1.61
Pacific A 1.48
CB2 1.35
Fred 1.35
CB1 0.80
Random 0.80
Med A 0.0z
Urn A -0.5E
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Figure 8.2.3.2. Item and person map of the Raselyars of the second ques-
tionnaire, showing the Rasch-Thurstone threshdideh “X” represents one
person.
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Figure 8.2.3.2 shows that, according to the amglydi the students have a less
than 50% chance of getting the highest scord/ied BandUrn B. It also shows

that there were ten questions that were found wiffieult by most of the

students.

The items were then divided according to increasmmplexity of the reasoning
needed to answer the questions successfully. Exagniine variable map gave
tentative clusters where there were apparent jumgsgficulty. The decision
about where to separate these clusters was asBistagporting the item
difficulties into a spreadsheet and using thegaaduce a bar graph of the item

difficulties in order of increasing difficulty. Thibar graph is shown in Figure

3.5 -
3_
2.5 -
2_
1.5 A
1 A
0.5 -
O_
-0.5 -
-1 -
-1.5 A
dogdggagggaddgadagaagaqggaao
— - N T M S coooN T DO N & c oo
g%gmgggmmwgm,—ug‘gcmwvgmc—ug‘g:v
ST 0800800 FE0ggFErEEO0OLrQE O gFE&E 50
2 Ec 2 E¢c s 5 9” €S 5 92 E&
o e & o a £ =] a

Figure 8.2.3.3. Items in order of difficulty accarg to their Rasch-Thurstone

thresholds, showing the division of items accordothe cognitive demands
made by these items.

185



The items were then assessed on the type of reseguired by the students to
answer each question successsfully at each lesed. r&sult of this process, the
items were divided according to the lines in Figdi23.3. Urn A .2” was placed
above the lowest group because this scor&forA required the students to give

an explanation.

The cognitive demands made by these items are stisgdan Table 8.2.3.3.
This table demonstrates that as student abilityedesed, they were less likely to
be able to explain the meaning of a “significarfiteslence,” to be able to explain
the importance of random allocation, and lessyYikeluse proportional reasoning

when required.
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Table 8.2.3.3

Summary of the cognitive demands made on the stutesach cluster of items.

Description of

ltem 50%PRB Scoring Rubric Reasoning used
Med B .2 3.21 Recognises that the data given dfieisat for a conclusion toProbabilities given in numerical form are de-
be drawn scribed verbally. The importance of random
UmnB.2 2.68  cCalculates a reverse conditional probability anpl@rs allocation is recognised. The term “significant
Pacific B .2 242 R . dd ibes the | ¢ f rantlocatio difference” is understood, and tRevalue is
' ' ecognises and describes the importance of rantlotaeon  yefinaq. Both the centre and variation of the
Fish .2 2.42 Describes the difference betweenrubdeand significant dif- data are used when making comparisons be-
ferences, defineB-value tween two data sets.
Cereal D .2 2.2 Recognises and describes the importance of rantlooation
CB3.2 2.2 Uses a probability in a hypotheticals@ning process to make a
conclusion
Pacific A .2 2.07 Uses both the centre and varadibtwo data sets to make a
comparison
Med B .1 2.02 Does not recognise that the datangare sufficient for a con-
clusion to be drawn
Fred .2 1.95 Recognises and describes the importance of rantdooaton
CB2 .2 1.95 Correctly describes the level oiveig numerical probabilitin

words
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Table 8.2.3.3 (Continued)
Description of

ltem 50%PRB Scoring Rubric Reasoning used
UnB .1 1.48  calculates a reverse conditional probability dogtseplain ~ The importance of random allocation is recog-
Pacific B .1 1.23 Recognises that random allocatiibis necessary but only a plsed but explained In supe.rflc_:lal Ferms. Th.e
superficial explanation is given (g, “bias introduced” Importance of s_amplmg variation in determin-
Fish .1 1.23 Describes that the observed diffagrce due to sampling vard differences in Qata Is recognised, but the
iation, but does not define tP-value Centre of the_datg is not used as well. Propor-
Cereal D .1 1.01 Recognises that random allocatiagm necessary but only a tional reasoning is used when necessary.
superficial explanation is given (g, “bias introduced”
CB3 .1 1.01 Bases a conclusion of a hypothetezdoning process on the
presence of possible sampling variation only
Pacific A .1 0.88 Uses the variation of two dattsso make a comparison, but
not the centre
Fred .1 0.75 Recognises that random allocatida nécessary but only a
superficial explanation is given (e.g., “bias intuoced”)
CB2 .1 0.75 Over or understates the level ovargprobability in words
CB1l .2 0.68 Correctly calculates the value ofepte expected value
Random .2 0.68 Correctly identifies a random pse@nd gives suitable reasons
for answer
Med A .2 0.62 Uses proportional reasoning whengamng two data sets
where the results are given as the percentagecoéss
UmnA .2 0.05 Calculates a forward conditional probability anglains answer

188



Table 8.2.3.3 (Continued)
Description of

ltem 50%PRB Scoring Rubric Reasoning used

cB1-1" -0.51 Correctly calculates the value cfiaple expected value but The necessity for proportional reasoning when
inappropriately rounds up the answer necessary is not recognised. Can calculate

Random “.1” -0.51 Correctly identifies a randomgess but reasons for answer sirgple probabilities in simple contexts and
not given identify a random process. Explanations are

Med A “.1" -0.58  Does not use proportional reasgnivhen comparing two datanot usually given, and when given, are inaccu-
sets where the results are given as the perceotayeces rate.

Un A*®1" -1.15  Calculates a forward conditional probability buedaot ex-

plains answer
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8.2.4 Rasch analysis of persons

The analysis of persons had a person reliabilibyesof 0.32 (see Appendix E2).
This shows that the level of replicability of pemsardering that would be ex-
pected if a test of similar items were given to $hene people is not high. A his-
togram of the person ability scores for the seapnekstionnaire is found in Figure
8.2.4.1. The histogram shows that the studentsashtpleted the second ques-
tionnaire had an ability score between -0.5 andd@jBs. In the previous ques-
tionnaire, the majority of the students had ab#itpres between -1.5 and 2.0
logits. There is no significant difference in stati ability among the three se-

mesters where the second questionnaire was gieenAfspendix E3).
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Figure 8.2.4.1. Histogram of person ability scofesthe Rasch
analysis of the second questionnaire.

The students were then divided into three grougspraling to the levels in the

items of difficulty reported in Table 8.2.3.3. Tkegoups were labelled, from
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highest to lowest as Group A, Group B and GroupiQure 8.2.3.2 demonstrates
that there was only one student who had a betser 500% chance of answering
some of the more difficult items correctly, andttbaerall the students found the
second questionnaire difficult. As a result themrewery few students in group

A, and most of the students were in group B. Asgili@itative analysis described
in Section 8.3 progressed it became apparenthbaittidents at the higher level
of Group B were giving answers at greater deptt,tans receiving higher

scores, than the students at the lower level oi@E As a result, Group B was
divided into two (Groups Band B) according to the dotted line in Figure 8.2.4.2.
This resulted in three students in Group A, 16emtslin Group B 12 students in

Group Band two students in Group C.
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Figure 8.2.4.2. Ability levels of students.

Table 8.2.4.1 shows the frequency of the scoresttidents received for the
guestions in the second questionnaire. There wesignificant differences in the

scores among the three semesters for any of ttezse (see Appendix E2).
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Table 8.2.4.1

Frequency of scores received by the 33 studentsafch of the items on
the second questionnaire

Score
Iltem 3 2 1 0
CB1
Pre-intervention N/A* 5 4 0
First cycle of intervention N/A 11 5 4
Second cycle of intervention N/A 1 2 1
Combinel N/A 17 11 5
CB2
Pre-intervention N/A 0 5 4
First cycle of intervention N/A 4 6 10
Second cycle of intervention N/A 1 2 1
Combinel N/A 5 13 15
CB3
Pre-intervention N/A 1 5 3
First cycle of intervention N/A 3 5 12
Second cycle of intervention N/A 0 1 3
Combinel N/A 4 11 18
Fish
Pre-intervention N/A 0 6 3
First cycle of intervention N/A 0 11 9
Second cycle of intervention N/A 0 2 2
Combinel N/A 0 18 14
Fred
Pre-intervention N/A 1 4 4
First cycle of intervention N/A 6 4 10
Second cycle of intervention N/A 0 1 3
Combinel N/A 7 9 17
Cereal A
Pre-intervention 4 1 3 1
First cycle of intervention 7 8 4 1
Second cycle of intervention 1 0 2 1
Combinel 12 9 9 3
Cereal B
Pre-intervention 2 1 0 6
First cycle of intervention 0 5 5 10
Second cycle of intervention 1 1 0 2
Combinel 3 7 5 18
Cereal C
Pre-intervention N/A 4 4 1
First cycle of intervention N/A 5 10 5
Second cycle of intervention N/A 1 3 0
Combinel N/A 1C 17 6
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Table 8.2.4.1 (Continued)

Score
ltem 3 2 1 0
Cereal D
Pre-interventior N/A 0 4 5
First cycle of intervention N/A 0 13 7
Second cycle of intervention N/A 0 2 2
Combined N/A 0 19 14
Random
Pre-interventior N/A 4 1 4
First cycle of intervention N/A 14 4 2
Second cycle of intervention N/A 2 0 2
Combined N/A 20 5 8
Urn A
Pre-interventior N/A 7 0 2
First cycle of intervention N/A 16 2 2
Second cycle of intervention N/A 3 1 0
Combined N/A 26 3 4
Urn B
Pre-interventior N/A 1 1 7
First cycle of intervention N/A 2 3 15
Second cycle of intervention N/A 0 0 4
Combined N/A 3 4 26
Med A
Pre-interventior N/A 4 3 2
First cycle of intervention N/A 12 5 3
Second cycle of intervention N/A 3 0 1
Combined N/A 19 8 6
Med B
Pre-interventior N/A 0 1 8
First cycle of intervention N/A 2 2 16
Second cycle of intervention N/A 0 1 3
Combined N/A 2 4 27
Hospital
Pre-intervention 5 3 1 0
First cycle of intervention 3 7 9 1
Second cycle of intervention 2 0 1 1
Combined 14 6 11 2
Pacific A
Pre-intervention N/A 2 1 6
First cycle of intervention N/A 12 2 6
Second cycle of intervention N/A 1 0 3
Combined N/A 15 3 15
Pacific B
Pre-intervention N/A 0 4 5
First cycle of intervention N/A 0 8 12
Second cycle of intervention N/A 0 4 0
Combined N/A 0 16 17

*N/A- not applicable — this score was not availalolethese questions
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8.3 Qualitative analysis of the second questionnair e

In this section the students’ responses are cordan®ss the ability groups, to
see what types of reasoning the students usedamdhiese varied between the
higher and lower ability groups. Because it wasrddghat the knowledge gained
would be as complete as possible, all the item#aheded, regardless of whether

or not they fitted the unidimensional scale in Ra&sch analysis.

8.3.1 The circuit breaker questions

These questions required the students to makegejuent of the likelihood of
getting 3 defective circuit breakers in a box ofif2he underlying rate of defec-
tives for all the circuit breakers was 5%. The sttd were required to use a
probabilistic hypothetical process. In essence; there required to carry out a

hypothesis test but without the formal procedures.

You work for a manufacturer of circuit breakers. i@gvto the difficulty
of the process, it is expected that 5% of theskbsidefective. The oc-
currence of the defective breakers occurs randonfig.breakers are
sold in boxes of 25.

One of your customers buys a box with three defedireakers. This ig
12% of the contents of the box. Your customer i®fis. You are told
that your underlying rate is 12%, not 5% and thd/take their custom
elsewhere.

a. If 5% are defective overall, them averagehow many defective
breakers would you expect to find per b@%CB1")
b. It can be calculated th#tthe underlying rate is 5%, the proba;
bility of getting 3 or more defectives in a boxli3/100. Based
on these figures, getting three or more defectiraiit breakers

in a box is:
i. Very likely
i. Fairly likely
iii. Possible
iv.  Unlikely

v. Very unlikely (“CB2")
c. Does this box provide sufficient evidence thatuhderlying
rate of defectives for all the circuit breakergiieater than 5%
as the customer claims? Explain your ans@/&@B3”) 194




“CB 1"

The highest score of “2” was given for the answ@61The integer answer (1)
resulted in a score of “1.” Table 8.2.4.1 indicétest all except five of the stu-
dents gave one of these answers. Table 8.3.1.1ssth@nanswers by student abil-
ity group. It shows that as the ability decreasedstudents were more likely to
give the integer answer. The Rasch analysis inelicdiat this was the easiest of

the three circuit breaker questions that remainetie analysis.

Table 8.3.1.1

Answers to “CB 1” by ability group

Ability Group A B; B, C
Answe| (n=23) (n=16 (n=12 (n=2
1.25 3 10 5
1 4 6 1
Othel 1 1
No answe 1 1
(ICB 21!

In this question the students were required tapné the numerical probability
(13%) in words. The score “2” was given for thepasse “fairly likely,” and a
score of “1” was given for the response “very ljRebr “possible.” Table 8.2.4.1
indicates that 55% of the students received ortkasfe scores. Table 8.3.1.2
shows that the other options were more likely tgiven as the student ability
decreased. This question was found to be hardeiGBal, having an item diffi-

culty of 1.35 logits above zero, 0.55 logits ab@&: 1
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Table 8.3.1.2.

Answers to “CB 2” by ability group

Ability Groug A B B,
Answer n=3) (n=16) (n=12) (n=2)
Fairly likely 2 2 1
Very likely/possible 1 8 4
Other 6 7 2

“CB 3”

For this question students were required to usegitlen probability (13%) to
decide whether or not the observed box was an ahesent given the
underlying rate. This probability indicates thathé underlying rate of defectives
is still 5% a box with three defectives is not amusual event. Reponses that used
the probabiltiy of 13% resulted in a score of “Zlose students who stated that
because randomness is always present, there wolbxes with more or less than
the observed value, or carried out a formal hypgiest without further
explanation received a score of “1.” Table 8.2shaws that only 45% of the
students used one of these forms of reasoning.r@sudt, this item had a
difficulty rating of 1.61 logits above zero, 0.2f)lts aboveCB 2 and 0.81 logits

aboveCB 1 Table 8.3.1.3 gives the answers according tatingents’ ability

group.
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Table 8.3.1.3

Answers to “CB 3” according to ability group.

Ability Groug A B B, C

Answer (n=3) (n=16)(n=12) (n=2)

With a probability of 13%, a bc
with three defectives is not unusual, 1
even if overall 5% are defective

Used a formal hypothesis test with-
out further explanation

Variation is present, other boxes will
have different numbers of defectives

This box does not necessarily reflect
the whole population

Cannot decide from one b 5 5

This box is just due to rando
chance

No answer 1 1 1
Idiosyncratic* 2

* Answers were unitelligilbe

8.3.2 Explaining the meaning of “significant diffe rence”

In theFish question the students were asked to explain wkignghat one treat-
ment had a higher sample mean than the other tegatine conclusion was that
there was no significant difference in means? TuaeR this, the students needed
to appreciate the role of sampling variation, anthtnk of thesamplemeans that
are to be expected if they both samples have comne tivo populations with

equal means.
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You are looking at the effects of supplementingtitsh feed with
vitamin E. Some of the fish are given the standarimercial feed,
and others are given the same feed with doubl&etie of vitamin E.
After a suitable time, you measure the weightseffish. The results
are in the table below:

Standard fee Extra E
Mean weight (¢ 256.¢ 263.]
Standard deviation (g) 12.3 11.2

You perform the two sampletest and thé&-value you receive is 0.45.

Therefore you tell your supervisor that the exitamin E has not
made any difference to the mean weight of the fish.

Your supervisor says that the mean weight of thle given ‘extra E’

is higher than the mean weight of those who werergitie standard
feed. Explain to your supervisor why you say thegrethough the
‘extra E’ feed has a higher mean weight, the ‘elgréeed has not

made asignificantdifference.

For the highest score of “2” students needed tda@xgpecifically the meaning
of theP-value. Table 8.2.4.1, however, indicates thattndent did so. The ma-
jority of the students gave an explanation in teofihe usual variation that is to
be expected between samples. The answers, accoodsthgdent ability, are
shown in Table 8.3.2.1. This was found to be ontn@farder questions, with a
difficulty rating of 1.83 above zero, 2.38 logitscve the easiest question (Urn

A).
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Table 8.3.2.1

Answers to “Fish” according to ability group

Ability Groug

A

B

B>

Answer (n=3) (n=16)(n=12)

(n=2)

The two means are within one
standard deviation of each other, the
means are close together

Results show that the differences
could be due to —

sampling variation

A “significant difference” means th
the means are too far apart to be ex-
plained by normal sampling variation

There is a high chance that these sam-
ple results could be recorded even if
there is no difference in the overall
population

Results are not significant — no
explanation

P-value less than 0.05 but no furtt
explanation given

Hypothesis test carried out with
further explanation

P-value defined in answer but not ac-
curately defined

The difference in means is
significant

P-value is too high to prove dib in-
correct

No answe
Idiosyncratic

1

2

1

*Answers were self-contradictory

199



8.3.3 Judgement as to the likelihood of sample mea  ns, given a population
mean

For theCerealquestions the students were required to judgelikely a sample
mean would be given the value of the populationrm&aey were also asked to
consider what values of the sample mean would bkelygiven the population
mean and the standard error of the mean. Theytthéro consider the effect of

non-random sampling on their conclusions.

“Cereal A”

You are working for a consumer organisation. Ag payour duties,
you select 49 boxes of “Get up and Go” cereahatiomand weigh
the boxes. On the label of the boxes you readthigaminimum weight
of the box is 800g.

The standard deviation of the weight of the boge&dig. Therefore the
standard error of the mean (the standard deviafiati possible sam-
ple means) is estimated to be 2g.

a) Assume the manufacturer’s claim that the minimunghieof
800q is correct. For your 49 boxes, is a samplennoéd99g
i.  Very likely
ii. Likely
iii.  Possible
iv.  Unlikely
v. Very unlikely?
Give reasons for your answer.

The highest score (“3”) was given to those studestits answered “very likely”
and used the standard error in their reasoning.ofesof “2” was given to those
who chose “likely” or “possible” and used the stardierror in their reasoning.
Students who used the standard error appropridietystated that they had used
the standard deviation, received a score of “1l"oftier answers, including those
that used the standard deviation, received a sfdfe” Table 8.3.3.1 gives the

answers of the students according to their ab#ig/similar reasoning was used
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across all the ability levels, the item did notirito the unidimensional scale on

the Rasch analysis.

Table 8.3.3.1

Answers to “Cereal A” according to ability group

Ability Group A B B, C

Answer (n=3) (n=16)(n=12) (n=2)

Used reasoning based on the
standard deviation, not the standard 1
error

Used reasoning that did not refer to
the standard error or the standard 2 4 1
deviation

Usedreasonin based on the fa
that the sample mean was within one

standard error of the proposed popu- ! ! 1
lation mean

Used reasoning based on the fact

that the sample mean was within two 5 1

standard errors of the proposed pop-
ulation mean

Usecreasonin based n the stad-
ard error, but stated the standard de- 3
viation was used

Used reasoning based on the stand-
ard deviation, not the standard 3
error

No answer 1
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“Cereal B”

Cereal Bfollowed directly fromCereal A This time the sample mean is exactly

two standard errors lower than the proposed papulaean.

b) Again assuming the manufacturer’s claim to be
correct, for your 49 boxes, is a sample mean of

7969
i.  Very likely?
ii.  Likely?
iii.  Possible?
iv.  Unlikely

v. Very unlikely?
Give reasons for your answer.

Those students who answered “likely” with an appiaip explanation using
standard errors received the highest score ofBdse responses that indicated
“very likely” or “possible” with an appropriate ebgmation using the standard er-
ror received a score of “2.” Those students whaluike standard error appropri-
ately but stated that they had used the standasidtaban received a score of “1.”
Table 8.3.3.2 shows that 30% of the students redesither a “3” or a “2,” with
15% of the students receiving a score of “1.” éstb Cereal A similar forms of
reasoning were used by the students in all théabioups, and therefore this

item did not fit onto the unidimensional scaleloé Rasch analysis.
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Table 8.3.3.2

Answers to “Cereal B” by ability group

Ability Groug A B1 B, C
Answer (n=3) (n=16)(n=12) (n=2)
Used reasoning based on the
that the sample mean is two standard 1 10 4 1

errors from the population mean

Used reasoning that did not refer to
the standard error or the standard 2 2 1
deviation

Used reasoning based on the stand-
ard deviation, not the standard 1 4
error

No answe 3 1
Idiosyncratic’ 3

*Idiosyncratic — indicates the answer did not relat the question or was unintelligible

“Cereal C”

Here the students were required to make a predicfithe sample means that
would be unlikely if the population mean was 800Qey were expected to take

the standard errors into account.

c) At what value of a sample mean below 800g
would you start to suspect the manufactur
er’s claim to be untrue? Give reasons for
your answer.

Responses that indicated that sample means ofstaedard errors or more be-
low 800g would be unexpected scored “2.” Respotisgsndicated that sample
means of two standard errors or more below wouldriexpected resulted in a
score of “1.” A score of “1” was also given for #®responses that used the exact
number, that is, a response of “794 g” insteatkaf94 g.” Those responses that
used the standard error appropriately, but stéaidthe standard deviation had
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been used, also received a score of “1.” Thoseoresgs that used the standard
deviation of 14 g resulted in a score of “0.” Tmswaers, according to ability

group, are in Table 8.3.3.3.

The responses to the Cereal questions indicateéhéa is some confusion in dis-
tinguishing between the standard error and standiswvhtion. Some students

used the standard error in their reasoning buedtidiat they had used the stand-
ard deviation, and some other students used thdatd deviation even though in
this context it was not appropriate to do so. Idithah, some students used rea-
soning inCereal AandCereal Bthat did not use any measure of spread of the da-
ta. For example, “There is a lot of variation.” @gyito similar forms of reasoning
being used across all ability groups, the itemrditifit onto the unidimensional

scale of the Rasch analysis.
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Table 8.3.3.3

Answers to “Cereal C” by ability group

Ability Groug A B B, C

Answer (n=3) (n=16)(n=12) (n=2)

Less than 796 g, more than t 1 4 5 1
standard errors from 800 g

Less than 794 g, more than three
standard errors from 800 g

Less than 796 g, more than two
standard deviations from 800 g

Less than 796 g, no explanation 1

796 g, two standard errors from
800g

794 g, more than two standard err
from 800 g

One standard deviation of 14 g
above or below

Other number 4 4
Idiosyncratic* 3

* |diosyncratic — indicates the answer did not trel® the question or was unintelligible
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8.3.4 The Use of Informal Inference

“Pacific A”

Forty students from the Pacific University partatigd in a study
of the effect of sleep on test scores. Using randtocation, 20 of
the students were required to stay up all nighdystiy the night
before the test (no-sleep group). The other 20estisdthe control
‘sleep’ group) were required to be in bed by 11r@am the even-
ing before the test. The test scores for each gaogighown in the
graphs below. Each dot on the graph representdiayar stu-
dent’s score. For example, the 3 dots above the @@ top graph
indicated that 3 students in the no-sleep groupesicé0 on the
test.

(Sample statistics: sleep:= 60.6,s= 16.1, no-sleept = 55.7,s=
15.1. These results were not given to the students)
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A. Examine the two graphs carefully. Then circle donclusion
from the 6 possible conclusions listed below theEGu MOST
agree with.

a.

The no-sleep group did better because none of giase
dents scored below 35 and the highest score wasvach
by a student in this group.

The no-sleep group did better because its avezueaas
to be a little higher than the average of the stgepp.
There is no difference between the two groups tmxau
there is considerable overlap in the scores ofwtioe
groups.

There is no difference between the two groups lmexthe
difference between their averages is small compiar#ue
amount of variation in the scores.

The sleep group did better because more studethissin
group scored 75 and above.

The sleep group did better because its averageepize
be a little higher than the average of the no-stgepp.

Table 8.3.4.1

Answers to “Pacific A” according to ability group

Ability Group A B, B, C
Answe| n=3 Mm=16 (=12 (n=2
d 2 8 1
c 4 1 2
€ 2 1
f 1 2 9

For the highest code of “2” students were requicethake the judgement of a
possible difference considering both the differeincaseans and the variation in
the two groups (answer d). Students who considiaedmount of overlap only
(answer c) received a code of “1.” Table 8.2.4dvshthat only 55% of the stu-
dents were able to make these judgements sucdgsEi@quencies of the an-
swers, according to ability groups, are shown ihl@®.3.4.1Pacific Ahad an

item difficulty of 1.48 logits, 2.03 logits abovieet easiest item in the Rasch anal-
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8.3.5 Questions that deal with randomness —whati s random, and why
randomise?

The first of the questions that dealt with randossn@®andon) asked the students
to give an example of “something that happensremaom way” and to explain
why their chosen example was random. Statisticallandom event is one where
an individual outcome cannot be predicted but dimg lterm pattern can be pre-
dicted. By the end of the unit students shouldeh@ad an understanding of this.
Therefore a code of “2” was given to students waweega suitable example with
an appropriate explanation and a code of “1” waemito students who used a
suitable example but without an accompanying exilan. Frequencies of the
answers, according to ability groups are in TabB531. This table shows that
most students were able to give a suitable ansvikran explanation, but as the
level of ability decreased the students were mkedyl not to answer or to give an
idiosyncratic explanation. This was one of the eaguestions, with an item diffi-

culty level of 0.80 logits above zero.

Table 8.3.5.1

Answers to “Random” by ability group
Ability Group A B, B, C
n=3 (=16 (=12 (=2

Coin/die/Tattslotto or similar

with explanation 3 12 !
Coin/die/Tattslott or similar
: . 1 1
with no explanation
No answe 1
Idiosyncratic* 3 4 1

* |diosyncratic — indicates the answer did not tel@ the question or was unintelligible
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“Cereal D"

This is the last of th€erealquestions (see Section 8.3.3).

You are working for a consumer organisation. As payour
duties, you select 49 boxes of “Get up and Go” aeatran-
domand weigh the boxes. On the label of the boxesrgad
that the minimum weight of the box is 800g.

The standard deviation of the weight of the boge&Aig.
Therefore the standard error of the mean (the atandevia-
tion of all possible sample means) is estimatduktag.

(d) If you didn’t use random sampling, how wouldsthffect
your previous answers in this question?

For the highest score of “2” the students wereirequo explain that for the sta-
tistical analyses to be valid, each possible satmg@teto be equally likely. Re-
sponses that indicated that by not using randonplagnbias may be introduced
in some way, or that the conclusions will be indateceived a score of “1.” Re-
sponses that indicated that the boxes from one ptay have been from the
same batch and could be similar also received @ sfd'1.” All other answers
received a score of “0.” The answers, accordinapitity group, are found in
Table 8.3.5.2. This item had a difficulty levelb61 logits above zero, and was

in the middle range of difficulty for this questiuaire.
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Table 8.3.5.2

Answers to “Cereal D” according to ability group

Ability Groug A B: B, C
n=3) ((=16) (n=12) (n=2)
The sample could be bias 6
and the results will be invalid
Not every sample will be 1
equally likely
The results will be invalid,
. 2 1
sampling must be random
The boxes manufactured at the
same time could have similar 1 2
errors
The results could b 5
biased/skewed
The results won't represent the 1
population
The results will not fit a Nor- 5
mal distribution
No answer 2 1 1
Idiosyncratic* 2 4 1

*|diosyncratic — indicates that the answer did redate to the questions or was unintelligible

“Pacific B”

Pacific Bfollowed on fromPacific A(see Section 8.3.4).

Forty students from the Pacific University partaigd in a study
of the effect of sleep on test scores. Using randtbocation, 20
of the students were required to stay up all négindying the
night before the test (no-sleep group). The otlkestBdents (the
control ‘sleep’ group) were required to be in bgdlh:00pm on
the evening before the test.

Atlantic University repeated the same study buivedld the stu-
dents tachoosewhich of the groups (sleep or no-sleep) they
could go into. The Pacific University claims thdowing the
students to choose could bias the results. Atldsiwersity
claims that this does not matter.

Which University do you think is correct? Give seas for your
answer.
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The coding was similar to that Gereal D in that those who stated that there was
not an equal chance of getting each allocationivedehe highest score of “2,”

and those who stated that bias could be introdusesived a code of “1.” Table
8.2.4.1 shows that no student received the highaslable score, and that 48% of
the students gave answers that indicated thatmatd be introduced if random
allocation did not take place. The answers, acogrth ability, are found in Table
8.3.5.3. This question had an item difficulty ragtiof 1.83, 0.35 logits abovea-

cific A.

Table 8.3.5.3

Answers to “Pacific B” according to ability group
Group A B, B> C
n=3 (=16 (n=12 nh=2
Letting students self-select will
bias results and invalidate the 1
statistical analysis

Letting students se-select will

bias results 1 9 6
Pacific is correct — no further 1 1
explanation

Letting students self-select will

mean the allocation is not ran- 2 2

dom

Since people prefer to sleep,
there will not be enough stu- 1
dents in the non-sleep group

It is better to let students s

select 2 3 1
No answer 1 1
Idiosyncratic* 1

*|diosyncratic — answer does not address durest
“Fred”
In this question “Fred” had a paper rejected beedugshad not randomly allocat-

ed his treatments. He then did so, and found tisallocations were just as be-
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fore. The students were required to think what theyld say to him to convince
him that the random allocation was required. Tlasoaing is that the hypothesis
tests, which look at the probabilities of samplécomes if a hypothesis about the
population is true, would be invalid if every alldion were not equally likely.
The question of bias is also important; randomcallimn decreases the effects of
unknown confounding factors that may be preserg. ifiktructions to the stu-

dents were the following.

Fred is a plant geneticist and sent the resultésofesearch to a sci-
entific journal but his paper was rejected. He $mgght help from a
statistician. Here is their conversation:

Fred: I've just had my paper containing some importasthe re-
jected because | didn’t use random allocation otmagtments. Nowj
| have to repeat the whole experiment!

Statistician: Tell me what you did.

Fred: | had a bench with eight pots sitting next to eattter along
the bench. In the first four pots | put my new wendpecies and in
the next four pots | put the standard species. &gected, my won-
der species produced much higher growth.

Statistician: OK. Of course, there may have been some otherrfagto
varying along the bench which is responsible ferdfiference.
Fred: I'm not that stupid! The temperature, light andrgtteing else
is controlled in this glasshouse. If | thought theras another effect
| would have allocated the treatments to take aaicolithe fact.
Statistician: In that case, our task is simple. We will produneak
location plan by generating random numbers in treputer.

They do this, and find that the wonder varietyliscated to the first
four pots, and the standard variety to the other pmts, just as be-
fore.

Fred: Great! You have just proved my results were vatidsuse
they were obtained under the layout recommendeadgom allo-
cation.

Statistician: No! The editor rejected the WAY you obtained the
layout, not the layout itself.

Fred:

Can you explain to Fred why the randomisation veasrgortant?
See if you can provide an argument for randomieatiat will over-
come Fred’s problem.
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The coding was similar to the previous questiornig section, in that the high-
est scores were given to students who could stateesaich possible allocation
should be equally likely. Table 8.2.4.1 indicatestt21% of the students received
this score. Twenty-seven percent of the students gaswers that mentioned that
unintended bias could be a problem if the treatsesre not randomly allocated.
These students, and those who stated that allacsttiould be random without
further explanation received a score of “1.” Ta®I&.5.4 shows the student an-
swers according to ability. This question had amidifficulty rating of 1.35

logits above zero, which is 1.90 logits above thsiest question.

Table 8.3.5.4

Answers to “Fred” according to ability group
Ability Group A B1 B, C
n=3) (=16) (n=12) (n=2)
I_Each layout needs to be equally 5 5 1 1
likely

Allocation should be random 1 1 3

Random allocation makes the
statistical calculations leqgiti- 2 1
mate

Random allocation remowt
bias

It is only chance it happened
that way

No answer 3 3

Idiosyncratic* 2
*Idiosyncratic —indicates the answer either dogsamswer the question or is unintelligible
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8.3.6 Repeated questions from the first questionna  ire

“Hospital”
Further details for the coding of thfospital problem can be found in Section

7.3.2.

Half of all newborns are girls and half are boyespital A
records an average of 50 births per day. Hospit@ddrds an
average of 10 births a day. On a particular daychvhospital
is more likely to record 80% or more of female hm?

a. Hospital A (with 50 births a day)

b. Hospital B ( with 10 births a day)

c. The two hospitals are equally likely to record sach

event.

Please explain your answer.

Table 7.3.2.4lemonstrates that 45% of the 75 students chosétaldBpvhen
answering the first questionnaire, whereas in do®sd questionnaire 61% of the
33 students chose hospital B (Table 8.2.4.1). Beethe same students answered
both questionnaires, the samples are not indepéaddra test for the difference
in proportions was not carried out. In the firgegtionnaire 45% of the students
chose the equally likely option, whereas in theoseloquestionnaire 27% of the
students did so. Further analysis of Hespital questions indicates that out of the
33 students who answered both questionnaires eivegtthe highest score of “3”
in both questionnaires. Eleven students changedahswers, with 10 receiving a
higher score than for the first questionnaire, anel student receiving less than
for the first questionnaire. The answers, accaydinability, are found in Table

8.3.6.1.
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Table 8.3.6.1

Answers to “Hospital” for the second questionnaibg, ability
Ability Groug A B4 B, C
n=3) ((=16) (n=12) (n=2)

Hospital B— More likely to ce-
viate from average with smaller

sample size/more likely to be 1 5 6
close to average with larger sam-
ple size
Hospital B — More likely to get 8 6 5
of 10 then 40 out of 50
Equal-Probability of 50% boy ol
. : 2 4 5
girl for every birth
Hospital A — More likely to get 1 1

more girls with more births

“Urn A and Urn B”
Further details of the coding for the itetdsn A andUrn B can be found in Sec-

tion 7.3.5.

An urn has 2 white balls and 2 black balls in izoTballs are
drawn out without replacing the first ball.

a. What is the probability that the second ball istehgiv-
en that the first ball was white? Please explaumr ym-
swer

b. What is the probability that the first ball was wehigiven
that the second ball was white? Please explain gour
swer.

Table 7.3.5.3 indicates that in the first questairen76% of the 75 students gave
the correct answer of one in three énn A. For the second questionnaire, 70% of
the 33 gave the correct answer fon A. Because the same students answered

both questionnaires, the samples are not indepéaddr test for the difference
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in proportions was not carried out. Table 8.3.6dldates that most students used
the argument that since there were two black laaitsone white ball left, the

probability of getting a white ball on the secomewd was one in three.

Table 8.3.6.2

Answers to “Urn A” for the second questionnaire,dhility group
Ability Group A B; B, C
Answel (n=3) (n=16) (n=12) (n=2)
1 in 3- There are three bal
left, one of which is white 2 14 S 2

1 in 3 — no explanation 2 1

1 in 6 — calculated a joint 1
probability

Other numerical answer 2
1

Idiosyncratic’ 3
* |diosyncratic — indicates the answer either doetsanswer the question or is unintelligible

No answer

The answers torn B by ability group are found in Table 8.3.6.3. THli®ws that
21% of the students gave the correct answer ofrotigee in the second ques-

tionnaire, compared to 12% in the first questiornélable 7.3.5.4).
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Table 8.3.6.3

Answers to “Urn B” for the second questionnaire,dlyility group

Ability Groug A B1 B,

C

Answer n=3) (n=16) (n=12)

(n=2)

1in 3 — There are three balls in
guestion, one of which is 2
white
1 in 3- no explanatio 1 3 1
1 in z- because at the bin-
ning there were four balls, 9 7
two of which were white
One in four — because at the
beginning there were four 3 1
balls
Other numerical answer 1
No answer 1 2
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“Med A” (called “Med” in the first questionnaire)

The instructions were.

A new medication is being tested to determineffescéiveness in the treatment
of eczema, an inflammatory condition of the skihirfly patients with eczemal
were selected to participate in the study. Theepéiwere randomly divided
into two groups. Twenty patients in an experimegtalp received the medi-
cation, while ten patients in a control group rgedino medication. The re-
sults after two months are shown below.

Experimental Group (Mei-  Control Group (No Meda-
cation) tion)

Improved 8 2

No improve- 12 8

ment

Based on this data, you think the medication was:

A. Somewhat effective B. Basically ineffective

If you chose option A, select the one If you chose option B, select the on€
explanation below that best describegxplanation below that best describgs

your reasoning. your reasoning.

a. 40% of the people (8/20) in thx-  a. In the control group, 2 peopm-
perimental group improved proved even without the medication.
b. 8 people improved in the exi- b. In the experimental group, mc
mental group while only 2 improved people didn’t get better than did (12
in the control group vs. 8).

c. In the experimental group, the c. the difference between the numbers
number of people who improved is who improved and didn’t improve is
only 4 less than the number who about the same in each group (4 vs.
didn’t improve (12-8) while in the 6).

control group the difference is 6 (8-2).

d. 40% of patients in the experimer d. In the experimental group, or
group improved (8/20), while only  40% of the patients improved (8/20)
20% improved in the control group

(2/10

Table 7.2.4.1 indicates that 53% of the 75 studehis completed the first ques-

tionnaire used proportional reasoning to answerdbiestion. For the second
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guestionnaire, 58% of the 33 students used prap@itreasoning. The answers,

according to ability, are found in Table 8.3.6.4.

Table 8.3.6.4
Answers to “Med A” for the second questionnairealylity group
Ability Group A B; B, C
Answer (n=23) (n=16) (=12) (n=2)
Somewhat effectiv
Option Ac 2 12 6 1
Option Ae 1
Option Ac 1 1
Basically ineffective
Option Bd 1 1 2
Option Bb 1
Option Bc 1 1
No answe 2
“Med B”

Med B was a new question that followed friied A It asked the students to

consider the experimental design used in Med A.

Listed below are several possible reasons one miggdtion the results of thq
experiment described above. Please circle the fett&VERY reason you

agree with.

a. It's not legitimate to compare the two groups beeathere are differ-
ent numbers of patients in each group.

b. The sample of 30 is too small to permit drawingaosions.

c. The patients should not have been randomly putgrdaps, because
the most severe cases may have just by chance apdedne of the
groups

d. I'm not given enough information about how doctdexided whether
or not the patients improved. Doctors may have té@sed in their
judgements.

e. | don't agree with any of these statements.
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Students who answered “e,” received a score of TRdse who answered “d”
received a code of “1.” Those who answered bothgfui “e” received a score of
“0” as these answers are inconsistent with eactroffable 8.2.4.1 indicates that
18% of the students received a score of “1” or thé frequency of the answers,
according to ability groups are found in Table 8.3.Med Bhad the highest item
difficulty rating on the Rasch analysis (2.61 Isgibove zero). This is in contrast
to Med Awith an item difficulty rating of 0.02 logits abewero. It can be con-
cluded that the students found comparing the nusnbéfed Asimpler than

making judgements on the experimental design.

Table 8.3.6.5

Answers to “Med B” by ability group

Ability Group A B, B, C
Answel n=3) ((=16) (n=12) (n=2)
(e) 1 1
(b) and (d) 2 6 4
(a) and (b) and (c) and (d) 1
(b) and (c) and (d) 3

(a) and (c) and (d)
(a) and (b) and (i
(@) and (b’ 1
(a) and (d 2 2
(b) and (d)
(b) and (c) 2
(a)
(c)
(d) 1 1
No answer 1
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8.4 Relationships among ability measures and scores from formal
assessments

A pairedt-test was carried to see if there was a significaange in the students’
ability measures from the first to second questiiman The results indicate that
there was a significant gain in the mean abilitiween questionnaires one and
two. The mean ability measure for the first questaire for these 33 students
was 0.311, and the mean ability measure for thersequestionnaire was 0.787,
a significant differenceR < .001, see Appendix E3). To investigate diffessnc
among semesters, each student’s ability measuretfre first questionnaire was
subtracted from the ability measure of the secAnsingle factor ANOVA was
then carried out on these differences. The resulisate that there was no signif-
icant difference between the means of these diffay® among the semestdPsH
.133, see Appendix E3). This indicates that altlhoiing students were from dif-
ferent cohorts (see Section 6.6) the overall peréorce on these questionnaires

did not differ.

The ability measures from the first questionnaiezerthen correlated with the
ability measures of the second questionnaire. féionship is demonstrated in
Figure 8.4.1. The correlation coefficient was .1a&] the relationship was non-

significant P = .374, see Appendix E3).
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Figure 8.4.1. Scatterplot of the relationship of gtudents’ ability measures be-
tween the first and second questionnaires.

The relationship between the students’ ability meas from the first question-
naire and their scores from their formal assessmastthen investigated, and is
demonstrated in Figure 8.4.2. The score from thm&bassessment was a result
of a combination of the students’ results from fprojects and two in-class tests.
Even though scores are not “measures” (see Set®)rit would be expected that
if there was a relationship between the abilityeleand the score from the formal
assessment there would be some trend in Figur2; &idwever, there was no
such trend. The correlation coefficient was 0.04d the relationship was non-

significant P = .935, see Appendix E3).
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Figure 8.4.2. Relationship between the studemsl §cores of the formal as-
sessment and the ability measures from the firssgpnnaire.

Similarly, the relationship between the studenisiity measures from the second
guestionnaire and their scores from their formaéasment was also investigated,
and is demonstrated in Figure 8.4.3. The corralatmefficient was 0.354, and

the relationship was significant at the 10% le¥e(0.070). However, the point
(2.44,94), indicated by the star, is influentialh®& this point was removed from

the analysis the relationship was non-significét (387), with a correlation co-

efficient of 0.177.
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Figure 8.4.3. Relationship between the studentsl fscores from the formal as-
sessment and the ability measures from the seasgstignnaire.

The lack of correlation between the ability scamaf the first questionnaire and
the final score from the formal assessment indsctitat this ability measure does
not predict the outcome of an individual studenis possible that students with
poor prior understanding of statistical conceptsl(iding probability) can make
up for this lack of understanding as the semestagrpsses. The results of the
ability measure from the second questionnaire @isnot predict the final out-
come of an individual student on formal assessnigrg.items in the second
questionnaire tested for the ability to explaireneitial processes in an informal
manner, while in general, the formal assessments based on formal statistical

procedures.

The two questionnaires were also assessing ditfésems of reasoning, which

possibly explains the lack of correlation betwdsaability scores from the anal-
ysis of these questionnaires. As described, thenskegquestionnaire tested for in-
formal reasoning used in inferential processesredwethe first questionnaire ex-

amined students’ prior knowledge of statisticalaepts.
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8.5 Summary and Discussion

The responses to the second questionnaire demiaastize main problems in
students’ understanding when undertaking infereptiacesses. First, the Cereal
guestions showed that some students confusedrthe tetandard deviation” and
“standard error.” Some of the students used thedata deviation when the
standard error should have been used, while othdests stated they had used

the standard deviation but had actually correcslgduthe standard error.

Second, most of the students did not use both #enmand standard deviations
when making a comparison between two data seteiRacific A question. They
were more likely to use the standard deviations&l@n increase of 1.2 logits in
ability was required for the students to make tigward transition in reasoning, a

substantial gain in a questionnaire that encompassange of a little of 4 logits.

There was also a tendency for students not tohgsgiven probability in making
their conclusions, but to use other argumentshéCircuit Breakerquestions,

the students preferred to say that one box digjivet strong enough evidence to
claim that the underlying rate of defectives hadnged, because other boxes
could have more or less defectives within them.iA@ga increase of 1.2 logits in
ability was required for the students to make tipward transition in reasoning, a

substantial gain in a questionnaire that encompassange of a little of 4 logits..

When answering the question that asked the stutieetgplain the nature of a
“significant difference,” none of the students atfged to explain the meaning of

the givenP-value. Some of the other responses, howeverndidate that some
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of the students showed they understood the effesdrapling variation when
making a judgement of difference between two samflaese students either
stated that the means were not far apart whertdéinelard deviations were taken
into account, or stated that the given differemceneans could occur just from

sampling variation.

In addition, few students could explicitly statattfor calculations based on prob-
ability, all possible combinations of treatmenbadtion or selection need to be
equally likely. Most of the students, however, waveare that a lack of random
selection and random allocation could introduceessort of “bias” or somehow

skew the results.

Finally, it was observed that there was no sigaiftccorrelation between the rated
ability of the students from the first questionedio the rated ability of the stu-
dents from the second questionnaire; nor was ergnificant correlation be-
tween these ability measures and the studentd’'dawae from their formal as-
sessments. This suggests that two questionnaicetharformal assessments test-

ed for dissimilar forms of statistical reasoning.

The next two chapters describe the developmertudesats’ understanding of
P-values and confidence intervals as the intervarpi@gressed. They also con-
tain a description of the teaching strategies t@isethe semester of the second
cycle of the intervention during which there waeeus on improving students’

understanding of confidence intervals d&hxdalues.
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9. An Analysis of Students’ Understanding of P-
values.

9.1. Introduction

This chapter describes the progression of studantirstanding d?-values as
the intervention progressed. It describes the whdugh four semesters, the pre-
intervention semester, and the three cycles oiintieevention. In the first semes-
ter of this study (the second teaching semest20@7) the unit was taught as in
previous years. This was followed by the first ardond cycles of the interven-
tion (the first and second teaching semesters @8and then by the third cycle
of the intervention (in the first teaching semeste2009). In addition, the teach-
ing program of second cycle of the interventiodescribed. During this cycle
notes were taken of the students’ responses taiggmoblems, and their reac-
tions to the different strategies. This was so thate knowledge about students’
problems in understandirRvalues could be gained to assist in the planning o

the third cycle of the intervention.

A P-value answers the following question: If the preifon (hypothesis) about
the population is true, how likely is the samplean even more unlikely sample?
An understanding of the procedure for calculatirRy\alue requires considera-
tion of what samples might be likely if the propdg®pulation characteristic is
true. For example, if the proposition is that theam of a population is 200 g, then
it would be expected that most of the sample maangd be “nearby” to 200 g.

If the sample mean were 205 g, and the researcheted to know if the popula-
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tion mean had increased, then Bigalue would be determined by the calcula-
tion:

P(% = 205|u = 200)
What constitutes “nearby” depends on the standevdhtion of the population,

and therefore the standard error of the mean fdr ease.

Students’ understanding Bfvalues was assessed by examining the responses to
the following questions in the test that was heldry the last week of each se-

mester, with the same wording each time.

1. A P-value of 0.98 indicates that the null hypothesi:
almost certainly true. Is this statement correatzG
reasons for your answer.

2. In the test of a null hypothesis that a new drug pr
duces the same expected benefit as the standayd dru
versus the alternative hypothesis that the new drug
produces a higher expected benefit than does the
standard drug, B-value of 0.01 is obtained. Explair
what this result means to a patient who has read th
result on the web but has no statistical trainAagpid
all statistical jargon.

An ideal response to Question 1 would indicate thaP-value is the probability
of the observed sample statistic or one more exdnéthe null hypothesis were
true. As a result thiB-value would indicate that the observed sampléssitats
very likelyif the null hypothesis were true, but does nowprthe null hypothesis
true. Responses similar to this would receive a&afd3.” Other acceptable re-
sponses include that the true situation in the faimun could be close to that of

the null hypothesis or that hypothesis tests ainig évidence against the null hy-
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potheses but cannot prove them true (code “2")aéeeptable response that
would receive a lower score (“1”) is the generatestnent that nothing is ever

proved in inferential statistics.

An ideal response to Question 2 would include @ndafn of theP-value in this
context. If it were true that the new drug hassame expected benefit as the
standard drug, then the probability of the resshiswn by the new drug would be
only 1%. That is, the new drug’s results were wiiikf it did not work better
than the standard drug. A response similar towoigld receive a code of “3.”
Students who performed a standard hypothesis td@sbwt further explanation
received a code of “2,” whereas those who statatittie new drug “works better”

without further explanation received a code of “1.”

9.2 Results of the pre-intervention semester (Semes  ter 2 — 2007)

9.2.1 Teaching strategies

The pre-intervention semester was taught accotwirige previous practice
where the students were first introduced to deseestatistics, probability theo-
ry, and then the formal hypothesis testing procedwfith this format, the formal
hypothesis testing procedure and its terminologsevilgtroduced in one lecture.
As a result the terms “null and alternative hypeisé “level of significance,”
“P-value,” “rejecting/accepting the null hypothesigére all introduced at the
same time as the probabilistic hypothetical reaspprocedure. Subsequent lec-

tures consisted of describing hypothesis testsiious contexts.

Each week of the semester consisted of two tramititectures where the students
were given the information they were required towrwith some explanation.
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Each week the students were also required to atteadutorial where they were
given exercises to work on, for example writinglrauid alternative hypotheses

for a given set of problems. They also attendedommeputer, “practical” session,
where they were given the instructions to carrytbatrequired statistical proce-

dures inMicrosoft Excel

9.2.2 Student answers to the P-value items in the test

Out of the 13 students that agreed to take paharstudy, 12 completed the test.
In their answers to question one, no student atiedo explain the meaning of
the P-value. Most of the answers indicated that theesttalwere aware that in-
ferential statistics and the process of hypothesisng do not result in certainty
but no further reasoning was given. Two studerdgated the statement was

true.

For the second question, all students apart froongawe an answer that con-
tained a mention of the null and alternative hypsts and the-value, even
though the instructions stated to avoid statisfeaon. Only four of these at-
tempted an explanation of the meaning ofRhealue, but none did so successful-
ly. Their answers indicated that these studentevsa either that th-value is

the probability of being incorrect (also reportgd@liner, Leech & Morgan,
2002), that it indicates the rate of replicatiortle# conclusion, or that tlievalue

gives the probability of seeing a difference.

In summary, the evidence indicated that most okthdents were not confident

enough to attempt to explain the meaning ofRhalue, and those who did make

230



this attempt held misconceptions as to its mearNast of the students, however,

were aware that the practice of inferential stasstloes not result in certainty.

9.3 Results of the first cycle of the intervention (Semester 1 — 2008)

9.3.1 Teaching strategies

In the first cycle of the intervention extensivadgd discovery learning via com-
puter simulation was introduced. For each ideaéhiced via simulation, for ex-
ample the distribution of sample means, the mdtesa not introduced into the
lecture or tutorial until after the simulation hlaglen carried out. In addition, the
hypothetical probabilistic process via the usehef‘tChinese Birth Problem” was
introduced early in the semester. For this proltleenstudents were asked to in-
vestigate the influence on the ratio of boys ttsgir the Chinese population if the
“One child policy” were replaced with a “Have chigsh until a boy is born” poli-
cy. The students were each required to investip@atamilies by using a coin (de-
tails are in Appendix D). There were 26 studenthis cycle of the intervention,

23 of whom completed the test.

9.3.2 Student answers to the P-value items in the test

This semester was the first where students attehiptexplain the meaning of
theP-value in their responses to Question 1. Five sttedattempted to explain
theP-value, but only one was correct. Sixteen studewlisated that the state-
ment was false because accepting a null hypotbegisndicates there is insuffi-
cient evidence to reject it. For the second queseven students attempted to
explain the meaning of tHevalue. Their answers indicated that the studests b

lieved either that thB-value gives the probability of a difference betwéee
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treatments, or thE-value gives the rate at which the two treatmenlisgive the
same result, or the-value gives the probability that the null hypotisés correct.
One student, however, gave an answer that althoagbeing entirely correct,
would give the reader a partial understanding efriteaning of th&-value. This
student said: “Since the likelihood of obtaining test value is very unlikely as-
suming the same benefit as the standard drug, nauate that the new drug

gives a greater expected benefit than the stardtagd”

Of the other fourteen students, nine used the sgmesP-value and/or null and
alternative hypothesis without further explanaton five students stated that the
new drug works “better” with no other explanatidime students who stated that
the new drug works better without further explamatnay have taken the instruc-
tion not to use statistical jargon to a greateeeithan was intended by the writer
of the test, and it is difficult to know if undeasiding was present or not. Those
students who used the null and alternative hypathmecess without explanation
may have done this because they did not have caraleamderstanding and
therefore resorted to procedural knowledge, buinagas difficult to know if this

was the case.

Of interest is the change in the explanations gfeethe answers to Question 1.
For the pre-intervention semester, some of theestisqust stated that hypothesis
tests do not result in certainty. In this semestewever, most of the students
stated that accepting a null hypothesis test méetghere is insufficient evi-
dence to reject it. This shows a more sophistickgeel of reasoning of the nature

of hypothesis tests than just a general “statistoess not give proof’ statement.
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9.4 Results of the second cycle of the intervention (Semester 2 —
2008)

9.4.1 Teaching strategies

From the responses given at the end of the prevariéion semester and at the
end of the first cycle of the intervention it wasparent that the students were
finding the hypothetical, probabilistic reasonirgged in hypothesis tests difficult.
Some of the students could explain that hypothesting does not result in defin-
itive proof, or that accepting a null hypothesistjmeans that there is not enough

evidence to reject it, but did not explain themsening any further.

It was felt by the researcher that a suitable exartiat would be easily under-
stood was needed to introduce the hypotheticahahitistic process. If a suitable
example could be found, it was intended that il¢@ct as a template for further
hypothesis tests. After some searching, the foligvexample, the “It is hot out-
side” problem, where a statement about the weathesrassessed according to the
clothes people were observed wearing, was foundu@messy & Chance, 2005,

see Section 6.4.4). The example was placed inla éastshown in Table 9.4.1.1.

Table 9.4.1.1

The first example of the hypothetical probabiligifocess used in the second cy-
cle of the intervention - The “It is hot outsidefgblem.

My hypothesis It is hot outside today.

Data When we look out of the window, everyone we
see is wearing winter clothes (woolly hats,
gloves and coats).

What is the probability of see- Very, very low.
ing people wearing winter
clothes if it is hot outside?

What do you conclude about It is incorrect.
my hypothesis?

233



This was followed by another example where the ggeavas believed to be more
complicated. It is based on a Sherlock Holmes stowhich the theft of a race
horse was being investigated (“Silver Blaze,” alsscribed in Shaughnessy &

Chance, 2005). Itis described in Table 9.4.1.2.

Table 9.4.1.2

An example of the probabilistic hypothetical pracbased on the Sherlock
Holmes story, Silver Blaze.

The hypothes The horse was stolen by a strar.

What is the probability of the Very, very low.
guard dog not barking, if there
was a stranger on the premis-
S
What do you conclude about It is incorrect.
_the hypothesis?

Conclusion The horse was stolen by someone th&eg
— it was an inside job.

To introduce the use of numerical probabilitie® ititis process, it was then re-
peated with the “Chinese Birth Problem,” which hegn used to introduce the
process of simulation to the students in the previweek (Section 9.3.1). When
the results of all the students were collated as found that the simulation pre-
dicted there would be 116 girls and 140 boys bohe resulting table, based on

the examples in Tables 9.4.1.1 and 9.4.1.2, is slinwWable 9.4.1.3.
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Table 9.4.1.3

The “Chinese Birth Problem,” using the probabilstiypothetical process based
on table 9.4.1.1

My hypothesi The ratio of girls to boys will remain unchanc

Date 116 qirls, 140 boys. (The results of th-class
simulation)

What is the probability of get-

ting 116 girls or fewer out of

256 births if the hypothesis is 0.08 (8%)

correct?

What do you conclude about Some agreed with it, and some did not. This led

my hypothesis? to questioning by the students — how low is “too
low"?

In answer, they were informed that how low is
“too low” is determined by a convention, and
this convention used a value of 5% (0.05).

This table format was then used as a basis fatladir hypothesis tests used
throughout the semester. For every hypothesisttesstudents also were re-
quired to write out the meaning of tRevalue for the specific context. For exam-
ple, if the test was for the difference in two plapion means, they were required
to write something similar to:

TheP-value is the probability of getting two sample mgé#his far or
further apart if the populations have equal means.

The students were encouraged to discuss their wigagach other and then with
the rest of the class. As they became more familitir this process, time spent in
interaction between the students and the lectnogeased, and the lectures be-

came less formal. In this semester, seven studgnéed to take part in the study,

six of whom completed the test.

9.4.2 Student answers

In answer to Question 1, four of the students abveith the proposition that a

high P-value would indicate that the null hypothesis weasy likely to be true.
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One stated that there was not enough evidencewe phe statement true, and the
other answer was incomprehensible. The answersateti that the students ei-
ther believed that the-value gives the probability that the null hypotlés cor-
rect or that thé>-value gives the rate at which the null hypothesisoccur. For

the second question, the students showed thab#leved either that the-value
gives the rate at which the new treatment will woekter, theP-value gives the
probability of the observation (partly correct)aotow P-value indicates that the

alternative hypothesis is true.

Some of the responses to Question 1 and 2 weresigtent, suggesting that
these students were confused about the nature Bfvalue. Further evidence of
this confusion was shown by internal inconsisteneighin some answers. For
example, one student stated that the new drug wimter 1% of the time, but

then stated that the new drug worked better.

This semester was disappointing for two reasons. ®ason was the apparent
lack of improvement demonstrated in understandiing. second reason was the
low number of students who agreed to take patienstudy making it difficult to
draw firm conclusions. Further details of studeptsigression throughout this

semester are found in Section 9.6.

9.5 Results of the third cycle of the intervention (Semester 1 — 2009)

9.5.1 Teaching strategies

This was the final semester of the intervention nehdata were collected for this
research. The students were again encouraged tpiaskons and to reflect on
each problem. This time the students were also steowsual representation of
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each hypothesis test, and encouraged to creat®otiemselves. It was found
that as these changes were introduced the timerssidpent interacting with

each other and the lecturer increased more thdreisecond cycle of the inter-
vention, and the difference between tutorials &uwtukes became increasingly

blurred.

For each hypothesis test, the students were ergedita write out the meaning

of eachP-value, and to share their ideas with each othfareeharing them with
the rest of the class. It was also decided to dluice some of the formal terminol-
ogy of hypothesis testing from the first week @ tmit, so that this could become
familiar to the students over time. The revisededbr the “It is hot outside”

problem is shown in Table 9.5.1.1.
Table 9.5.1.1

The new grid for the “It is hot outside” problem

The null hypothesi It is hot outside todz.
_about the population
Date When we look out of the window, evy-

one we see is wearing winter clothes
(woolly hats, gloves and coats).

P-value What is the probability of seeing peo|
wearing winter clothes if it is hot outside?

Conclusion It is not hot outside tod..

In addition, a visual representation of each hyesithtest that was based on
the appropriate distribution was introduced. Taegawisual representation of
each hypothesis test, each test statistic (for plathe value oft”) was lo-

cated on the sampling distribution and located skedch graph. For exam-
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ple, if the null hypothesis was that there was ifilei@nce in means, and the

statistic was 3.6, a diagram such as shown in Ei§us.1.1 was drawn.

0 !

3.6
Figure 9.5.1.1. Diagram showing position of a ppepd t-staustic.

Following the diagrammatic representation, quest&imilar to these were asked.

o Where do you think 3.6 will be (before adding tipp@priate number
and arrow)?

o If the population distribution is really centeren @ur proposed value, do
you think our sample data belongs to this distrdrytor another distri-
bution?

o How likely do you think our sample data are (orues even further

away), if H, is true? (In verbal terms — likely/unlikely).

The responses were then compared to the numermadlpility. This was calcu-
lated using the relevant probability distributidar(example, using the Binomial

distribution), or by reading the-value from the computer calculations.
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A further change was made by introducing studemfopper’s work on falsifia-
ble propositions in science (see Section 2.3.1is Was introduced to help stu-
dents to be able to put statistical hypothesesamitider scientific context. Spe-
cifically, Popper’s ideas were introduced to helplents realise why the null hy-
pothesis is the one of no difference, becauseeisser to find evidence against an
equality than to find evidence for a differencea lfreater understanding could be
achieved, it was believed that it would be lessljikhat students would learn the
convention for writing null hypotheses by rote ahen make mistakes because

understanding was not present.

9.5.2 Student answers to the P-value items in the test

Sixteen students agreed to take part in the stutlyis semester, twelve of whom
completed the test. All of these students indictitetithe proposition in Question
1 was false. Eight of the students not only attexhpd explain the meaning of the
P-value, but also did so correctly. One studentraefitheP-value as being the
probability that the null hypothesis is true. Thkey students did not explain the
meaning of thé>-value in their answers, but merely stated thabliygsis tests do

not give proof.

For Question 1, the biggest difference in resutsvieen this and the previous
semesters was the proportion of those who corregiiyained the meaning of the
P-value. This difference is illustrated by the code&n to the students for this
guestion, which are shown in Figure 9.5.2.1. Thesease in score for this cycle
of the intervention is confirmed by the resultsie# Kruskal-Wallis test that
showed the difference in scores for the four seengstas significant with the

third cycle of the intervention having the highestan rank® < .001). The de-
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tails of this analysis are found in Appendix E4 éimel mean ranks are displayed

in Table 9.5.2.1.
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Figure 9.5.2.1. Percentage of students in each semeho received the indicat-
ed codes for Question 1 of the test.

For the Question 2, three of the students not expfained the meaning of tlire
value in their answers, but also did this corre@lix gave correct answers to the
guestion itself, but did not explain tRevalue. Two students used the null and
alternative testing procedure without further erpldon. The comparison be-
tween the scores from the four semesters is showigure 9.5.2.2. In the first
three semesters no students received the highast atc“3,” whereas in the last
semester no student received a score of “0.” Tiusease in score for this cycle
of the intervention is confirmed by the resultsie# Kruskal-Wallis test that
showed the difference in scores for the four seengstas significant with the

highest mean rank being for the third cycle ofittiervention P = .015). The de-
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tails of this analysis are found in Appendix E4d dme mean ranks are shown in

Table 9.5.2.1.
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Figure 9.5.2.2. Percentage of students who recetvedndicated score for Ques-
tion 2 of the test.

Table 9.5.2.1
Mean ranked scores for the P-value questions
Mean Rank
Semester Question 1] Question 2
Pre-interventior 22.1¢ 26.0(
Cycle 1 26.04 26.86
Cycle 2 13.33 15.25
Cycle 3 42.54 36.33
9.6 A description of the teaching strategies used in the teaching of

P-values in second cycle of the intervention

This section gives a description of the strategsed to teacR-values in the sec-

ond semester of the intervention. Notes were Kepughout the semester of not
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only the students’ answers but also their reactiorfferent strategies. The in-
tention of keeping these notes was to gain furitifermation into students’ diffi-
culties to assist in the planning of the third eyef the intervention. Owing to
ethical considerations the researcher could nowvknbo was participating in the
study, therefore no identifying information was kegnd the notes of the stu-

dents’ work were written in a descriptive formatyon

9.6.1 Stage 1 — Introduction to probabilistic reas  oning

The initial step was to introduce the studentdrtukation and to introduce the
idea that the sample may not be exactly represeatatt a population via the use
of the “Chinese birth problem” described in Sect®o#.6. The students were then
asked to consider if a sample would have exactd 50ys and 50% girls even if
the population had this ratio. The students ansiveoafidently that this would
not be expected. Because null hypotheses are yératied in terms of no dif-
ference, the following proposition was then posétiy proposition is that the
population ratio of boys to girls is unchanged. Hawaway from the one to one
ratio would the sample have to be before you wdhiltk | was incorrect?” Some
students suggested that they would disagree wétiptbposition if the proportion
of girls was less than 85% of the boys, while @ldisagreed and stated that they
would disagree with the proposition if the propanmtiof girls to boys was greater

than 40:60/60:40.

The actual probabilities of getting these propoiovere not calculated. The aim
of this exercise had been to make sure that steidezrie familiar with the princi-

ples of simulation, that they had become awareaofi@ing variation, and that
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they were aware that samples do not exactly refifecpopulation from which

they were drawn.

The next step was to introduce numerical probatiiito the “Chinese Birth
Problem.” At this stage the actual calculation pahares were not introduced, so
that the students could think about the problerhavit being distracted by these
procedures. The students had to use the probatilggtting 116 girls or less out
of 256 births, 8%, to make a judgement of the ill@d of this sample, assuming

the ratio in the populating was still 1:1. They weassked to choose between the

options of very “unlikely,” “unlikely,” “likely” ard “very likely,” and then decide

if the sample indicated that the population ratd kchanged or not.

The students wrote down their answers and these eadlected and were re-
turned at the next session. It was apparent frenstindents’ answers that they
found the reasoning difficult, and some stated exjdlicitly. This difficulty was
reflected in inconsistency. For example, some stisdgtated that the sample was
unlikely but the population ratio would remain #@me as before, and others

stated that the sample was likely but the populatidio would change.

Students who were consistent in their reasoning@ weided between those who
stated that the sample was unlikely if the hypatheere true and that the popu-
lation ratio had changed, and those who statedtieasample was likely if the
hypothesis were true so the population ratio had&hanged. Some of the latter
specifically stated that the observed ratio wassnfficiently different from the
proposed population ratio to state that the pofmrattio would change. It was

also apparent from their answers that some ofttigests did not appreciate how
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varied samples from a population could be, andttieyt expected a sample ratio

to be closer to the population ratio than wouldcekpected in reality.

Because it had become evident that this form obthgtical reasoning was diffi-
cult for some of the students, an example was ddahghcould act as a model for
their reasoning, an example that the students amndect to easily. After some
searching the “It is hot outside” and the “SilvdaBe” examples were found and
it was at this point they were first used (SecBoh1). The reasoning used for
these examples was then repeated with the ChinebeBoblem with the addi-
tion of the actuaP-value. Table 9.6.1 shows the Chinese Birth Protdent was
presented to the students. The students did neeagth each other as to whether
or not the given probability was too low to acctya hypothesis. They were told
that the level of the “cut-off point” was a mattérconvention, that it was 0.05
(5%) and that later on they would work on why teigel might be changed to a

higher or lower level.
Table 9.6.1

The Chinese Birth Problem with the associated Rwvals given to the students

My hypothesis The ratio of girls to boys will remainchanged.

What is the probability of get-

ting 116 girls or less out of

256 births if the ratio if the
_hypothesis is correct?

What do you conclude about Some agreed with it, and some did not. The stu-
my hypothesis? dents were told of the convention of 0.05.

0.08 (8%)
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9.6.2 Stage 2 — Consolidation — hypothetical proba bilistic reasoning in an-
other context

Before the students proceeded further with hypaghesting, they were intro-
duced to the mathematics of probability and thecephof a probability distribu-
tion. In this unit, the students were introduceth® Poisson, Binomial, Normal
and Student’$- distributions. They were then given an examplengtthey were
asked to use the Poisson distribution to make sidecabout the effect of tem-
perature on the hatching rate of a species of ifiyttén this example, the number
of butterfly eggs that hatched on a leaf aftertémeperature in the greenhouse
had been raised by 8elsius was compared to the average number that h
hatched per leaf before the temperature changé. Watgiven data, the-value

in this example was 0.04 (4%).

The student responses were collected and retutrtbd aext session. These indi-
cated that a small number of students were so ynyhdat only one leaf was tak-
en into account they would not discuss the proldesnfurther. Some of the re-
sponses were inconsistent. These stated thatwbe gutcome was very unlikely
if the temperature change had made no differengehlen concluded that the

temperature had not altered the hatching ratesedl the reverse reasoning.

Most of the students, however, argued that theomugécwas so unlikely if the
temperature had not made a difference that thénimgtcate really had been al-
tered by the change. Most of the students alsdaitiplused the probability in

their answers.
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9.6.3 Stage 3 — Simulation of P-values

After the students had been introduced to the ngimial reasoning used in hy-
pothesis tests they carried out a series of simoualain their practical sessions to
further their understanding &values. One of the benefits of tB&celprogram

is that the spreadsheet capability can be usedllecta large number of “sam-
ples” easily, and if these samples are based oratidtom number generator the

process can be repeated quickly.

With these simulations, tHexcelprogram was used to generate the samples that
would be expected in each case if the null hypaghaere true, and, if the data
were graphed, to give a visual representation@wHriation among samples. The
sample statistics that were generated from thextora samples were then com-

pared with the value of the appropriate test statis

The first such exercise was based on an idea frachden (2006). In this situa-
tion the null hypothesis (that the population ofers was evenly divided for or
against a proposition to enable city dwellers tegkkoalas as pets) was simulated
and compared to the result of a pre-election gtié result of this pre-election

poll was that out of the 50 voters surveyed; oflystated that they were in favour
of the proposition. In the simulation, 500 samffes 50) were constructed. The
proportion of samples that had 19 or less “yesas’gstimate of thB-value) was
then calculated. The students’ simulations gaveneses of thé>-value between
.045 and .070. The calculatPévalue, P(X< 19|p = 0.5) is 0.059. The results of
one such simulation are demonstrated in Figur&4.6The columns representing

the samples with 19 or less voters in favour ofgieposition are left unshaded.
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Figure 9.6.3.1. Results of a simulation showingrthmber of samples with 19 or
less voters in favour of a proposition, assumirgghbpulation overall is evenly
divided. The P-value from this simulation is est@aao be 0.062.

The next time the students met after the simulafotomparison was made be-
tween the Koala exercise and the “It is hot outspteblem; this comparison is

shown in Table 9.6.3.1.

Table 9.6.3.1

Comparison of the “Koala” and “It is hot outside”rpblems.

__________________________ Is hotoutside ~~ ~ Koale
Hypothesi It's hot outsid. The proportion of all the vote
who agree with the proposition is
_____________________________________________________________ 50%.
Data Everyone we see is wr- 19 out of 50 people agree with t
. ing winter clothes. | proposition.
Probability of Very, very low. From practical4.5%, 6.2%, 5.19%
our outcome, if (Student results)
hypothesis is Calculation in Excel:
tue =binomdist(19,50,0.5,1) = 0.059
What we think It is not hot outsid. Two answers were give- one for
about our hy- and one against the hypothesis.
pothesis The students were reminded of the
convention of the “cut-off” of
0.05.
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The next simulation was again based on the wokkrizkson (2006). The data
were obtained from the Census at School webaitd consisted of a randomly
drawn sample of the heights of 38 Grade 12 studéntsn these data dfxcel
spreadsheet was designed so that the differenae®ethe mean of the first 16
Grade 12 students in the sample (all female) aadriban of the last 18 Grade 12
students (all male) was automatically calculatdte d@ifference in mean heights
was 11.62 cm. The students then used the spreddstaiocate the 34 students
in the data set randomly between the two groupbeofame size as before. Each
time the difference in means was automaticallyleedated. Each student per-
formed the reallocation 20 times, and then plaégs@hher results on a tally on
the whiteboard. Out of 360 results, a differenc&62 cm or more was ob-
served only 3 times. This gave an approxiniatalue of 0.01. An example of

one such simulation is found in Figure 9.6.3.2.

3 http://iwww.abs.gov.au/censusatschool

248



12

Frequency
(o)}

0 T
8 6 4 -2 0 2 4 6 8 10 12

Difference in Means (cm)

Table 9.6.3.2. Results of a simulation comparirgdtiference in means when the
data are randomly allocated compared to the testistic (unshaded bar).

9.6.4 Stage 4 — Introduction to the formal hypothe  sis testing procedure

In the lecture following the Grade 12 heights siatioin students were introduced
to the formal hypothesis testing procedure. Thdestts worked on the handout
shown in Figure 9.6.4.1 by filling in the gaps am$wering the questions. It was
at this point that the term#-value” and “null hypothesis” were first introduced
They were then introduced to the formal calculatiassociated with the 2-sample
t-test for the difference in means. After this thegre given the handout present-
ed in Figure 9.6.4.2. This handout lists commorbfenms in the understanding of
P-values. It was intended that if known misconcemgiavere made explicit to the

students, then these misconceptions could be av@@arfield & Ahlgren, 1988).
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Our questior Do adult males have a higher mean height
about thevhole adult females?
_population
The hypothesi  Hy: pm = Hr
— known as the
“null hypothe-  The null hypothesis is usually the one of NO DIF-
sis”. This is al- FERENCE. Statisticians put up a statement and
so about the then look for evidence against it. You will seettha
population. this usually gives a benchmark by which the ap-
_________________________ propriate probabilities can be calculated.
The data fron
oursample
P-value This is the probability of getting a sple with a
difference of 11.62cm or more, given that the null
hypothesis is true.
That is, P(difference in means is 11.62cm or
more|No difference).
From our practical we estimate this to be
_________________________ Formal calculations show ttRevalue to be 0.002.
Decision about Choose one of these statements:
the hypothesis A. This probability is so low that we witkject the
null hypothesis.
B. This probability is not low enough for us to say
we have strong enough evidence against the null
hypothesis to reject it, and we waltceptthe null
hypothesis.
Remember: Our cut-off point for going from B to
_________________________ Ais005(%).

Conclusion il
plain English

Figure 9.6.4.1. The handout used to introduce ¢ine&l hypothesis testing pro-
cedure for the difference in two population means.
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TheP-value tells you how likely it is to get the samptau got
(or a more extreme sample) if the null hypothesisue.

Many people are confused about Brgalue and try to read too
much into it. In an experiment, you get a cert@inas results,
like a sample mean. The hypothesis test asks whethdom
chance can account for those sample results iiulérypothesis
is true.

TheP-value is the likelihood, if His actually true, that random
chance could give you the results you got. Itéerditional
probability :

P-value = P(this sample |HE true)
When you write it in symbols like that, you can sight away

that theP-value is not the probability that the hypothesisrue
or false:

* TheP-value is not the probability thatohb true.
* TheP-value is not the probability that,Hk false.

* TheP-value is not the probability that your results due to
random chance.

* TheP-value is not the probability that your results aos
due to random chance.

Once again, the P-value is just a measure of Hadyliyour re-
sults would be if His true and random chance the only factor
selecting the sample.

There’s one other thing: the P-value is not a meastithe size
or importance of an effect. A small P-value meams gan be

pretty confident in rejecting §1But it doesn’t tell you by how
much you're rejecting kl(the effect size), or whether that rejed
tion has any practical consequences.

(Referencehttp://www.tc3.edu/instruct/sbrown/stat/pvalue.tn

Figure 9.6.4.2. The handout given to explain thammey of the
P-value and to describe some common misconceptions.
The next time the class met was in a tutorial sesdn this tutorial the students
were given a hypothesis test to work on (The Figiblem) where it was stated
that in the previous year the population mean wedigtthe fish in a holding pond
before release was 300 g. This year, a sampleveadytaken when the fish were

at the same stage of development, and the samle wes 280 g. Did this sam-
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ple give evidence to suggest that the mean weightless than the previous
year? The students were given a handout, whitlissrated in Table 9.6.4.2,

and were asked to fill in the gaps.

Table 9.6.4.2

The handout used for the Fish Problem.

Our question about the

_whole population
The hypothesis — known asH,:
the “null hypothesis”. This

is also about the population.

P-value TheP-value is 0.16.
Write the meaning of thiB-value is words, re-
o_..______membering it is a conditional probability.
Decision about the hypothe-Choose one of these statements:
sis A. This probability is so low that we witkject the
null hypothesis.
B. This probability is not low enough for us to say
we have strong enough evidence against the null
hypothesis to reject it, and we watceptthe null
hypothesis.
Remember: Our cut-off point for going from B to
A is 0.05 (5%).

Conclusion is plailEnglist

The students’ comments while they were workinglos problem indicated that
most of the students were now comfortable withhiyygothetical reasoning in-
volved in hypothesis testing. These students usgdr@ents suggesting that the
sample mean was likely in a population with a meaB00 g. Although explana-
tions such as this do not give a formal explanadibtihe meaning of B-value

they do show evidence of understanding of the m®oéthe hypothesis test. A
minority stated that they still found the reasonififficult — some stating that they

did not “get it.”
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The students were then asked to give an examgla ekperiment they had
worked on in their own disciplines. As it happeneast of the students were ag-
uaculture students, and they had been workingstnriutrition. As a result, an-
other fish problem was proposed. In this probleenrtiean weight of fish that had
been given extra Vitamin C was compared to the mesght of those who had
been given the standard feed (the difference imseas reported as 0.7 kg).
They were asked to write out the null hypothesig,(ihat the P-value would be
in words (it had a numerical value of 0.27), angirtkonclusions. The answers

were collected and returned in the next session.

Most of the students showed an understanding thatwery close to being cor-
rect. These students stated thatRhealue was the chance of seeing a difference
of 0.7 kg in the means if Hvas true. Some students had an understanding that
was close to the formal definition of tRevalue, stating that thie-value was the
probability of seeing a difference of 0.7 kg. A $ieranumber of students gave
evidence of misconceptions of the meaning ofRhalue, for example, that the

P-value was the probability that,Mas correct.

Overall, the students were starting to gain an tgtdeding of formal hypothesis
testing. It was apparent, however, that a smallbramof students still had prob-
lems in understanding the meaning of BRealue. For some of these with prob-
lems the consequence was that they drew the irctaroaclusion for the hypoth-
esis test. Instead of accepting the null hypothésigas rejected and the conclu-
sion was made that the extra level of Vitamin C imedeased the mean weight of

the fish.
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In later sessions the students were given more ghegnof hypothesis tests that
they worked on together in groups. For each hymisitest they were asked to
explain the meaning of tHevalue in context, and draw a conclusion from the
value of thisP-value, and then share their conclusions with és¢ of the stu-
dents. During the discussions it was apparentaisanall minority of students
were still struggling with the process of the hypaiical reasoning based on the

P-value.

9.6.5 Stage 5 — P-values in other contexts — chi-squared tests for i nde-
pendence, the analysis of variance, and linear regr  ession

Toward the end of the semester the students wimelirced to some applications
of hypothesis testing, chi-squared tests for inddpace, the analysis of variance
(ANOVA) and simple and multiple linear regressidhe first application to be
introduced was the chi-squared test for indepergldhevas introduced with the
means of a simulation in a practical session, whiak based on work taken from
Burrill (2002). The aim was for the students to compare the rathitdfren suf-
fering from Haemolytic Uraemic Syndrome (HUS) whaddtbeen given a certain
antibiotic to the rate for those who had not. Ha sample, five children who had
been given antibiotics suffered from HUS. Firsathf the students had to calcu-
late the expected number of children in the samwpbie had been given antibiotics
who would suffer from HUS if the disease occurrecaadom; this number was
1.7. The simulation then randomly allocated thédelin to the groups who had
been given antibiotics and those who had not, aachtimber of children with
HUS who had been given antibiotics was recordedaBse the exercise was

based on the random number generat@xce| the simulation was easily repeat-
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ed. Each student repeated the simulation 20 timeghee class data were tallied.

The results of this simulation are found in Tah&.9.1.

Table 9.6.5.1

Results of the simulation with the expected numtieckildren affected with HUS
if the disease occurs at random

Number of children Count
with HUS
0 50
1 63
2 46
3 15
4 16
5 (Observe value 0
Total 19C

Because none of the 190 simulations predictedStichildren would be affected,
theP-value was estimated to be less than 0.01 (1/I9@®).conclusion was that
treatment with antibiotics did increase the chasfce child contracting HUS.
Figure 9.6.5.1 shows the bar graph of the dataliel9.6.5.1. The test statistic,
the number of children who contracted HUS who nesgtiantibiotics, is desig-
nated with the solid fill. This figure gives a vaullustration of the comparison
of the test statistic with the predicted valuethd disease occurred at random. It
suggests that the administration of the antibittichildren did increase the

chances of the children to suffer from HUS.
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Figure 9.6.5.1. Results of a simulation comparimg actual number of times five
children were observed with HUS compared to thebeirif the disease occurred
at random.

One of the applications of hypothesis testing withich the students were ex-
pected to become familiar with was the single feétoalysis of Variance
(ANOVA). This process was introduced in an informaly. The students were
given data that consisted of the time to answes éal an airline reservation sys-
tem for five different shifts during a week. Thadnts were asked to plot the
data (Figure 9.6.5.2) and to make a judgement aich groups were signifi-
cantly different from each other based on an estiroithe mean and spread of

the data in each group.
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Figure 9.6.5.2. Times to answer calls for an alireservation system for five
shifts.

At the next lecture the students’ predictions werigten on the whiteboard be-
fore the formal procedure for ANOVA was introducédl.the students agreed
that groups 1 and 2, 1 and 3, and 1 and 5 had nteanwere significantly differ-
ent from each other. They did not agree on whetheot groups 2 and 4, and 2
and 5 had means that were significantly differemtnf each other, and they all
agreed that the other combinations of groups dichave means that were signif-
icantly different. The students were then askeekjain the meaning of thHe-
value in this context, that is, the probabilityteé observed differences, or those
more extreme, if all the population means were bquee formal procedures in-
dicated that significant differences were foundissin the means of groups land
2,1and 3,1and5, 2and 4, and 2 and 5. Thiegponded closely with the stu-

dents’ predictions.

The final of the simulations the students carrigtlio a practical session involved
observing what happens to the estimation of the&qu of the line of best fit
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when measurements are taken. The process of mesmniralways results in er-
ror, therefore the equation derived from measuremata will be only an estima-
tion of the situation for the entire population. #s any sample data, it is ex-

pected that variation will exist from sample to gden

The simulation asked the students to pretend tiegtwere the “God of Algebra”
so that they know what the true equation was ferr tttata, in this case

y =3+ 2. Arandom component was then added to egcvalue. The original
data and the data with the random component wegghgd and their equations
compared. For any data itxcelthat are based on the random number generator
the random numbers are easily recalculated anldessitnulation can be quickly
repeated. One example is shown in Figure 9.6.518.cbmplete line is that for

the “true” situationy = 3 + 2, and the dotted line is that for the data i

random component.

u y=2x+3
12 / y =1.1653x + 5.2369
- b
10 A o
g l_ ¢ Yactual
* )y -
L4
6 v ®  Yobs
4 4
2 Linear
(Yactual)
0 . ; = = = :Linear
0 2 4 6 (Yobs)

Figure 9.6.5.3. Comparison of the line for the ‘@'usituation, and the line of
best fit for the “sample” data.

A similar process was then carried out where the situation was one where
there was no influence of the independent variabléhe dependent variable; in

this case the true situation was given the equatio. A random component
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was added as before and the two lines were draain,aand their equations
compared. One example of this process is showiginrd 9.6.5.4. This figure
illustrates how a person may be misled into batig\that there is a significant
relationship between two variables when in fads ih not the case. THevalue

in this context is the probability of the sampladjent or greater if the population

gradient is zero (that is, there is not a signifta&lationship between the two var-

iables).
3.5 -
y =0.1358x + 2.1573
3 [ |
- y=2
2.5 - -
2 @ Yactual
1.5 - B Yobs
1 .
—— Linear
0.5 - (Yactual)
——Linear
0 T T 1 (YObS)
0 2 4 6

Figure 9.6.5.4. Comparison of the line for the ‘®fusituation where there is no
relationship between the dependent and independeiatble, and the line of best
fit for the “sample” data.

9.6.6 Stage 6 - revision

A week before the final lecture, the students vgiven a practice test and were
asked to bring their answers to this final lectditee question in this practice test

that related td°-values was the following.

A P-value of 0.9 means that it is almost certain thatrtull hypotle-
sis is true.

True or false? Give reasons for your answer.
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As the students shared their answers it becameeaphat some students were
convinced that the statement was true. They weseda8Vhat is aP-value?” As
the discussion progressed it also came appardrdlthaugh some students were
confident in correctly describingRvalue, they still thought that the highvalue
would mean the null hypothesis wouldllkely to be true. An example was given
to them where the “true” value of the parameter wexy close to that proposed in
the null hypothesis, and they were asked to consitiat theP-values might be
like for sample statistics close to the null hypsis. TheP-values would be high,
even though the hypothesis did not identify theaxirparameter. The semester
ended with a test that contributed to the formaeasment, part of which was
used for this study. A discussion of the studestans to the selected questions

from this test is found in Section 9.4.2.

9.7 Summary of the misconceptions identified durin g the study in

comparison to the literature

The following summarises the misconceptions showthb students in their un-
derstanding oP-values during the four semesters of the studys@&maisconcep-
tions were demonstrated in the student respondés test items that were part of
the second test used in the formal assessmentstddiye showed that the follow-

ing misconceptions abo&tvalues were held by some of the students.
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First, some of the students stated that ifRh&lue is below 0.05, then the null
hypothesis is accepted. Those students who hadigviswould appear not to
have understood the meaningRa¥alue in any way, but have merely attempted
to learn a rule which they then misapplied. Thigiency has also been observed
by Chance, delMas and Garfield (2004). If the stadead an idea of the true na-

ture of theP-value, it would seem unlikely that this mistakewsld be made.

Second, some of the students stated tha®the@lue is the probability that the null
hypothesis is true. This misconception has also bbserved by Gliner, Leech
and Morgan (2002). This is a simpler interpretatizain the correct definition of
theP-value, and would appear to make sense to thersidenerefore, not only
was it the most commonly held misconception alfbualues, but also it was te-
naciously held. Telling the students that this wassthe meaning of thie-value

did not appear to make any difference.

Other misconceptions included that #w@alue is the probability of being incor-
rect (also observed by Gliner, Leech and Morgaf22(hat theP-value indi-
cates the rate of replication of the conclusioat theP-value gives the probabil-
ity of seeing a difference and tRevalue gives the rate at which a specific treat-
ment will show a difference. In addition, there vea® other misconception that
was partly correct, that tHevalue gives the probability of the observationisTh
too is a simpler interpretation than the corredinition of the P-value, and also

appears to make sense to the students.
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9.8 How students’ understanding changed over the i ntervention

At the end of the pre-intervention semester noesitslattempted to explain the
meaning of @-value in their responses to the test questioren dwugh this
could have improved the quality of their explanasioAs the intervention pro-
gressed, the proportion of students who used ttenimg of theP-value to ex-
plain their answers, increased. The largest impreré was noted at the end of

the third intervention.

The third intervention used a combination of sgas, the introduction of hypo-
thetical, probabilistic process early on in the ester, simulations, students writ-
ing down their reasoning, students comparing theik with others, alternative
representations, and relating the process of hgsathests to the general scien-

tific method as described by Popper (1963).

Some of these strategies enabled the studentsk® coanections between the
unfamiliar and the familiar. It was apparent frdme students’ responses at the
time of their entry into the statistics unit thatgeneral, they had not been ex-
posed to hypothetical, probabilistic reasoning. iFlieduction of the “It is hot
outside” problem, however, enabled students to rataled the process in a sim-
ple context. Once this was completed, they were &btonnect more difficult
problems to the initial problem. The representatibthe hypothesis tests in visu-
al form enabled students to make connections betteeprobability distribu-
tion, what sample statistics would be likely gitee population parameter, the
likelihood of the test statistic given the paramesed the numerical result for the

P-value. Some of the simulations also led the sttgdenhave a visual representa-
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tion of what sample statistics are likely givenapplation parameter, and they

were able to compare their test statistics witlsehéikely” sample statistics.

Other simulations, for example the one used t@thtce the Central Limit Theo-
rem (see Section 6.4.3), allowed the studentsisztder’ some statistical princi-
ples for themselves. The element of surprise #milted from the predict, test,
re-evaluate format appeared to increase studertéseist. Even the simple com-
parison between means and medians, where a datawas replaced by a large
number, seemed to startle the students, and sotherofappeared to enjoy put-
ting in the largest number they could think of ¢@ $iow much they could make
the mean change, while the median remained condtaese simulations are all
possible because of a spreadsheet’s ability tamtsbheously update the calcula-

tions and to “resample.”

The connection of the writing of null hypotheseshwPopper’s ideas on falsifica-
tion was of interest to the students. It was apgatet some of them had not
been exposed to ideas of what makes a scientdiof pand that repeated observa-
tions in confirmation of a theory do not give ddfire proof. This process ena-
bled some students to make a more intelligent aecabout the null hypothesis,

instead of just learning that the null hypothesithe one of “no difference.”

It is not contended that one strategy alone leétiédncrease in understanding
shown by the students. It is believed that it wessdombination of strategies that
led to the observed improvement. This combinatielpdd to gain the students’
interest and enabled them to make connections kettire unfamiliar to the fa-

miliar, and connections between visual and writepresentations.
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9.9 Implications for teaching

This study confirms the proposition that studeirtd the reasoning used in infer-
ential statistics unfamiliar and difficult (Garfte& Ahlgren, 1988; Yilmaz,
1996). As a result, students often make the ehatrdP-value is the probability

that the null hypothesis is true, as this is a $g#amgoncept to understand.

One of the implications of constructivist theoradearning is that instructors
need to be aware of the misconceptions that stadeatlikely to have or to de-
velop and take steps to avoid these. This studyodstrated, however, that mere-
ly pointing out the misconceptions does not negédgsaean that the students
will avoid them or correct them. If students haweidea that makes sense to
them, it will persist. Students will not changeamception unless they see some
benefit (Posner et al., 1982), and so the instruateds to take steps that will en-
courage the students to make sense of the conoep#anstructor wishes the

students to have.

As a result of this study, the concept d?-aalue is now taught with the following
combination of strategies in the Data and HandBtagistics unit. First, thé>-
value is introduced with a simple example (thas'hot outside problem”) and
the terms P-value” and “null hypothesis” are introduced in first week of se-

mester so that the students have more time to betamiliar with the terminolo-
gy.

Second, for each hypothesis the students are eagmalito write out the meaning
of theP-value in that particular context and the studemésencouraged to help
each other in this process. The students are sbeduand individual questions

are answered. In addition, diagrams are used d@wekrbal explanations. In
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these diagrams the test statistic is placed oagrain of the hypothesised distri-
bution and questions are asked to assist the sgitemake a link between the
likelihood of the value of the test statistic, ahd numerical probability of thie-

value.

By these means the students are encouraged taoges@inections between the
unfamiliar hypothetical, probabilistic reasoningedsn hypothesis testing and
something familiar, so that they can find a medrdeveloping a concept of the

P-value that is personally meaningful.

The next chapter describes in a similar fashiorsthdents’ understanding of

confidence intervals over the period of the study.
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10. An Analysis of Students’ Understanding of Con-
fidence Intervals

10.1 Introduction

This chapter describes the progression of studentrstanding of confidence
intervals as the intervention progressed. It dbssrithe work through four semes-
ters, the pre-intervention semester, and the ttyeles of the intervention. In the
first semester of this study (the second teachémgester of 2007) the unit was
taught as in previous years. This was followedHgyfirst and second cycles of
the intervention (the first and second teachingestars of 2008) and then by the
third cycle of the intervention (in the first teaatp semester of 2009). In addi-
tion, the teaching program of second cycle of tervention is described. Dur-
ing this semester notes were taken of the studesgponses to certain problems
and their reactions to the different teaching egegs. This was so that more
knowledge about students’ problems in understandimgidence intervals could

be gained to assist in the planning of the thirdeyf the intervention.

At the end of this introductory statistics unitjd¢nts were expected to be able to
perform simple hypothesis tests, and be able tmast population means from
given samples. A population mean can be estimaitudtie value of the sample
mean (a “point” estimate). Alternatively, a randevalues can be calculated in
which it is believed the value of the populationameés likely to be. This process,
finding the 95% “confidence interval for the meatgKes into account the stand-
ard error (and hence the precision) of the estinfdte calculations for confi-

dence intervals are relatively simple; all that@eeded is the value of the sample
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mean, the value of the standard deviation of thepsa (as the population stand-
ard deviation is not usually known), and tltevalue for the appropriate level of
confidence. In this unit, the practice is to uspragimate 95% confidence inter-
vals and therefore the value af I's “2.” Using this value the formulae to deter-

mine the limits of the 95% confidence interval are:

L S
Lower limit =X-2* —

5

Upper limit =x+2* S
n

wherex refers to the sample mearefers to the sample standard deviation, and
n refers to the size of the sample. It is then Yikbht the value of the population
mean is in the range from the lower to upper liffilte likelihood that this has
occurred is indicated by the level of confidendée “95%,” therefore, indicates
that a process has been used that will give a rdragencludes the actual value of
the population mean 95% of the time the proceasasl. For any single interval,
however, it cannot be known if the value of theydapon mean is included or

not.

It appears that students find the reasoning bethimdise of these formulae diffi-
cult to understand. To understand the processtlwving knowledge needs to

be brought together.

1. Ninety-five percent of individuals in a normallystlibuted population are

within approximately two standard deviations of gugulation mean.
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2. If the sample size is large enough, sample means&Normal distribu-
tion (The Central Limit Theorem). This distributi@centred on the pop-
ulation mean and has the standard error as itdatdmeviation. The

standard errorof;) is linked to the population standard deviatiehkly
the formulag, = o/+/n .

3. As aresult of (1) and (2), 95% of the possible g@mmeans with a given
sample size are within two standard errors of thgufation mean.

4. Since a sample mean will be within two standardrsrof the population
mean 95% of the time, the interval calculated lgyftrmulae above will

include the value of the population mean 95% oftitme.

From the student answers, it appeared that theydfsteps one to three to be fair-
ly straightforward, but had difficulty in graspitige reasoning from step three to

step four.

To assess students’ understanding of confideneevals the students were re-
quired to answer the following questions in a tedd in the final week of each

semester, with the same wording used each time.

The 95% confidence interval for the expected nunalber,
visits by Tasmanians to a doctor during 1998 is 1.

—

a. In completely non technical words, explain whg
this statement means.
b. What does the 95% refer to?

An ideal response to part (a) would state thattkan number (or expected num-
ber) of visits by Tasmanians to a doctor in 1998 estimated to be between 7

and 11. This response would result in a code gfAZesponse that stated the
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above, but added “95% of the time,” or stated dmaverage, Tasmanians visited

a doctor between 7 and 11 times would receive a obdl.”

An ideal response to part (b) would state thagikien interval has a 95% chance
of including the value of the population mean. Aiggively, it could be stated
that the process used would include the valueeptipulation mean 95% of the
time it was used. These responses would receive@af “2.” A response that
stated that 95% of sample means will be within stamdard errors of the popula-
tion mean, but did not explain how these relatetthéoconfidence interval would

receive a code of “1.”

10.2 Results of the pre-intervention semester (Sem  ester 2 — 2007)

10.2.1 Teaching strategies

The pre-intervention semester was taught accotdipgevious practice, where
the students were introduced to the Central Lirhi#gdrem, and then to confi-
dence intervals in a lecture. Each week of the seaneonsisted of two tradition-
al lectures where the students were given, witheserplanation, the material
they were required to know. The students were r@gaired to attend one tutorial
per week where they were given exercises to woykasrexample calculating the
confidence interval from given sample statistidse Btudents also attended one
computer, “practical” session per week, where tlieye given the instructions to
carry out the required statistical procedureBliorosoft Excel There were no
computer exercises that related to confidenceviater except how to calculate

statistics such as the mean and standard deviatiexcel There were 14 stu-
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dents who provided data for this part of the stddypf whom completed the sec-

ond test.

10.2.2 Student answers to the confidence interval g  uestions

In their answers to part (a) of the question, omerigr of students answered cor-
rectly. The other students stated either that beriveeven and eleven Tasmanians
visited a doctor, that 95% of Tasmanians went ¢éodibctor 7 to 11 times, or that

the average falls between 7 and 11, 95% of the. time

For part (b), one quarter of the students answewe@ctly, but apart from one
student, these were not the students who answearée¢a) correctly. The other
students either stated that 95% refers to the nuofbEasmanians visiting a doc-
tor, 95% refers to the proportion of means thdwiéhin 7 and 11, or that the

mean for 95% of the population is between 7 and 11.

10.3 Results of the first cycle of the interventio  n (Semester 1 — 2008)

10.3.1 Teaching strategies

In the first cycle of the intervention guided digeoy learning via computer simu-
lation was introduced. For each idea introducedsirizulation, the appropriate
material was not introduced into the lecture ooriial until after the simulation
had been carried out. The first of the simulatithrad applied to confidence inter-
vals introduced the Central Limit Theorem. Thompddn and Saldanha (2007)
have reported that it is common for students tokitiat the distribution of sam-
ple means will have the same distribution of theepapopulation. This simula-

tion was designed to encourage students to gadrb#lief but then be confronted
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with conflicting evidence. In this simulation, sards were given some data that
were normally distributed. They were then inforntiealt they would be taking
samples from these data and calculating the samgas. They were asked to
predict the shape of the distribution that thesepda means would have. They
then usedlicrosoft Excelo take 500 samples, calculated the mean of tese
ples, and draw a histogram of these means. Thearsriermed a Normal distri-
bution. They were then asked to undertake a simpiacess for data that were
uniformly distributed. Because they had been |eledteve that the sample means
would have the same distribution as the populalistribution, most of the stu-
dents predicted that the sample means would h&alréfarm distribution as well,
and seemed to be surprised when a Normal distoibuésulted. They then re-
peated the process with a Binomial distributiorge aith a small sample size (n =

5) and then with a larger sample size (n = 25).

In the tutorial that followed the practical, thedtnts were given a handout to
encourage them to consider the consequences thédit frem sample means be-
ing normally distributed (see Figures 10.6.2.1 28.2.2). For example, approx-
imately 67% of sample means will be within one d&ad error of the population
mean. In the next practical class, the studentgeckhout a simulation with the

aim that they would see the proportion of intental would include the value of
the population mean. For this simulation, studeotsstructed 100 random sam-
ples drawn from a population with a given mean.yTtelculated the mean,
standard deviation and standard error for each amapd then calculated the in-
terval constructed by adding and subtracting ome,and then three standard er-

rors from the sample mean. Using the “IF” functinrkexcelthey determined the
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number of intervals out of the 100 that had thei@alf the population mean with-
in them for each number of standard errors. It @rdg after these simulations
were carried out that the students were givenradbtecture on confidence inter-

vals.

10.3.2 Student answers to the confidence interval @  uestions

For this semester 23 students participated intthedys Approximately one third of
these gave a correct answer to part (a). For exarfiphhere is a 95% chance that
the mean number of visits is between 7 and 11.”dther students indicated they
thought that 95% of Tasmanians visited a doctawveen 7 and 11 times, or that
the mean for 95% of the population is between 7Xndr that 95% of the sam-

ple means fall within 7 and 11.

For part (b), approximately one quarter of the stud gave a correct answer,
however only three students answered both partsaty. The misconceptions
shown were different from those in 2007, and indidaan improvement in under-
standing. The students in this semester stated®@8¥atof sample means fall with-
in two standard deviations of population meanhat 85% of data falls between
7 and 11 or that 95% refers to the probability thatnumber of visits is between

7 and 11.

It is apparent from the answers to parts (a) ahth@t several students believed
the confidence interval to be about the numbelisifsito the doctor, rather than

an estimate of the value of the population mean.
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10.4 Results of the second cycle of the interventi  on (Semester 2 —
2008)

10.4.1 Teaching strategies

As a result of the simulation to introduce stude¢atthe Central Limit Theorem, it
was apparent that students were more confidehiein knowledge that sample
means form a Normal distribution if the sample s&zkarge enough. It was also
apparent, however, that some students had not ctaththe fact that approxi-
mately 95% of the sample means were within twodstesherrors of the popula-
tion mean to the process of calculating confidantervals. The responses from
some of the students also indicated that they thiothait confidence intervals re-

fer to the number of occurrences and not to thalladion mean.

As a result, for this semester the students wepeined to carry out two addition-
al simulations where they would use a sample mea&stimate the value of the
population mean. These were both carried out by sarthat there would be no

distractions from following the computer instructso

In the second week of the semester the studentsginen small paper bags con-
taining 100 squares of paper on which were writtenblood lead levels for
workers at a sea port. Working in groups, samplieize 10 were collected and
the means of these samples calculated. To ensutemasampling, the samples
were taken with replacement, and the bags shaladnteae. A number line was
drawn on the whiteboard and the sample mean valaes place on it. This gave

a range of values for estimates of the populatieam The students were asked to
agree on the range in which they thought the pojpmianean value might be. The

results for one tutorial group are shown in Figl@e4.1.1. This tutorial group de-
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cided that they would estimate the value of theupettpon mean for the blood lead

levels to be between 17.5 pg/l and 22.5 pgl/l.

. o8 8o 8 8 .

1 ! | I 1 1
1250 15.00 1750 20.00 2240 2300

means

Figure 10.4.1.1. Values of sample means calculfxtad one tutorial group.

This exercise was designed so that students waddrbe aware of sampling var-
iation and that the value of a sample mean willb®exactly the same as the val-
ue of the population mean. They were also madeeathat “most” sample means
are “near” the population mean although what ctutsts “most” and “near” was

not clarified at this point.

Later on in the semester, the students were intextito the Central Limit Theo-
rem via simulation, as described in Section 9.8nt, then the formal theory of
confidence intervals. In the tutorial after thisnfal introduction, the students
were asked to carry out a second simulation torehete the proportion of bum-
blebees out of the total number of bees in a natipark (bumblebees were in the
news at that time, as they were displacing nateesbn the Tasmanian environ-
ment). The students were given large jars of caarakdifferent colours, one of
which represented the bumblebees, and asked tats&mple of 30 “bees.” From
this the students calculated the confidence intéorahe proportion of bumble-

bees.
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Another strategy was to use diagrams so that stsdenld visualise the deriva-

tion of confidence intervals. One such diagrantlustrated in Figure 10.4.1.2.

A sample mean will b
between these tw
numbers 95% of the
time. Therefore if we|
go two standard error
either side of a sampl
mean this interval will
contain the population
mean 95% of the time

A=

14

[

Figure 10.4.1.2. Example of a diagram used to ifate the derivation of confi-
dence intervals.

10.4.2 Student answers to the confidence interval @  uestions

The responses of six students were available eostilidy in this semester. In an-
swer to part (a), half gave correct answers, fangxe, “The mean number of
visits to doctors is between 7 and 11.” The otlhedents demonstrated miscon-
ceptions, either stating that the mean will falviien 7 and 11, 95% of the time,

or that 95% of Tasmanians visited a doctor betweand 11 times.

For part (b), two of the students gave correct amsyand these students gave
correct answers to part (a) as well. The otheresitgdstated that 95% of the time
the sample means would be between 7 and 11, thaoibulation mean will be-
tween these two numbers 95% of the time, or trat¥%” refers to two stand-

ard deviations either side of the population mé&aom these responses it was
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apparent that some students did not understandagre using a process of
inference to find the value of the population mesard did not appreciate that the

population mean is a single figure.

The number of students who agreed to participatlearstudy for this semester
was small, making it difficult to come to firm cdasions. Further details of the

students’ progression throughout the semestearafin Section 10.6.

10.5 Results of the third cycle of the interventio  n (Semester 1 —
2009)

10.5.1 Teaching strategies

This was the final semester of the interventiowirich data were collected for
this research. In this semester the students dastiethe same simulations, all
those that were carried out by hand and by compiuten the previous two cy-
cles. Throughout the semester the students wereaaked to write down what
confidence intervals were for and the principlelibe their derivation. It was
intended that by discussing their answers with edlear and with the lecturer,
students would become aware of the gaps in thewledge and try to fill in
these gaps (Morgan, 2001; Pugalee, 2001). Becaumse students appeared to
find this process difficult, care was taken notush the students. This part of the
intervention, combined with the intervention tore&se understanding Bf

values (described in Sections 9.4.1 and 9.5.1)deuh increased interaction be-
tween the students and between the students amhettbeer. One result was that
the lectures became more informal and on some iotathere was no difference

between the lectures and tutorials.

276



10.5.2 Student answers to the confidence interval guestions

Sixteen students agreed to provide data for thaystuthis semester, twelve of
whom completed the test. Eight of these studergwared part (a) correctly, in
that they stated that the value of the populatieamwas between 7 and 11. The
other students stated either that 95% of Tasmaniaited a doctor between 7
and 11 times, or that there is a 95% chance teattmber of people visiting a
doctor is between 7 and 11, or that there is a &Bb&fce that a Tasmanian visited

a doctor 7 to 11 times.

For part (a), the biggest difference between thisthe previous semesters was
that no student received a code of “0.” Figure Z015shows the distribution of
scores given to the students over the period otingy. It also shows that in the
third cycle of the intervention, a higher perceetaf students received a score of
“2.” The differences between the scores of theesten, however, were not sig-
nificant as determined by the Kruskal-Walllis td3t=(.397). Details of the analy-

sis can be found in Appendix E5.
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Figure 10.5.2.1. Percentage of each code givehecstudents’ answers to part
(a) of the confidence interval question in the.test

For part (b), six students in the third cycle an®aecorrectly, but only two stu-
dents answered both parts correctly. The otheestisceither stated that the
“95%” refers to two standard deviations, that thera 95% chance that the re-
sults (not specified) will fall between 7 and 1itlwat 95% refers to the range of

population means that fall within two standard déens.

The biggest difference between the scores recdiydte students in the final
semester and the previous semesters in the staldy Fegher proportion of stu-
dents who received a code of “2.” Figure 10.5.2v2gthe distribution of codes
given to the students’ answers for part (b) ofdbefidence interval question dur-
ing the four semesters of the study. The Kruskallg/est indicates that the dif-
ferences among the semesters were significant,thgtibhird cycle of the inter-

vention having the highest mean rafk=0.009, see Appendix E5). The mean
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ranks for both the confidence interval questiomsefich semester are displayed in

Table 10.5.2.1.
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Figure 10.5.2.2. Percentage of each code givehecstudents to answer part (b)
of the confidence interval question in the test.

Table 10.5.2.1
Mean ranked scores for the confidence interval tioes
Mean Rank
Semester Part (a)| Part (b)
Pre-intervention 25.05 26.86
Cycle 1 25.22 21.62
Cycle 2 32.50 31.00
Cycle 3 32.00 38.58
10.6 A description of the teaching strategies used in the teaching of

confidence intervals in the second cycle of the int ervention

This section gives a description of the strategsed to teach confidence inter-
vals in the second cycle of the intervention. Natese kept throughout the se-
mester of not only the students’ answers but d&swo teactions to different strat-
egies. This was so that more knowledge about stsdemblems in understand-

ing confidence intervals could be gained to agsiite planning of the third cycle
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of the intervention. Owing to ethical considerasighe researcher could not know
who was participating in the study, therefore rentifying information was kept,

and the notes of the students’ work were writtea @escriptive format only.

10.6.1 Stage 1 — Introduction to the distribution o f sample means

The initial step in the teaching of confidence iméds had the aim of giving stu-
dents experience of the presence of variation @nekient among samples in a
simple context. It was also intended to give stisléme idea that although a sam-
ple mean will not have the exact value of the papoh mean, the sample mean

can be used to estimate the value of the populatiean.

In the introduction to this exercise, the studevese instructed that they were
going to carry out some inferential statisticsthat they were going to draw a
conclusion about a population from a sample. Thegewthen given envelopes
that contained pieces of paper that had writtethem on the blood lead levels of
100 people. They were asked to take multiple sasmfisize 10, with replace-
ment after each individual draw, and calculatentigan of each sample. There
were two tutorial groups. The sample means for gaohp were placed on a

number line and these are reproduced in Figurés1@.and 10.6.1.2.

o o8 8a .Hﬁ. o

1 1
1250 13.00 17.50 20.00 22450 25.00

means

Figure 10.6.1.1. Sample means obtained by thettitstial group.
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Figure 10.6.1.2. Sample means obtained from thergktutorial group.

In each tutorial group the students were askeoiwecto an agreement on which
results they would regard as outliers, and whishilts they would include in the
range that would estimate the value of the poprdatnean. The students in the
first tutorial came to the conclusion that the pafian mean was a value between
17.5 pg/l and 22.5 pg/l. The students in the setoiadial came to the conclusion
that the population mean was a value between 1@l%pd 23.9 ug/l. For this
example the value of the population mean (20.0) pgs known, and this value
was marked on the diagrams and the conclusion wi#teny “Most sample means

are close to the population mean, but a small numteefar away.”

At the end of the lecture that was held after thertal described in the previous
paragraph, the students were asked to answer dgtigu, “What is the relation-
ship between sample means and the population mde?answers were collect-
ed to be returned at the next lecture. Most okthdents wrote down the conclu-
sion from the tutorial exactly as it had been writbn the whiteboard, but some
tried to explain the conclusion in their own worlisgeneral, these students stat-
ed that sample means give an idea of the populat&am, but are not exactly the

same as the population mean.
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At the beginning of the next lecture, after theisponses to the question de-
scribed in the previous paragraph had been retumplbt of the sample means
from both tutorial groups, shown in Figure 10.6,as displayed to the stu-
dents. The mean of the sample means, marked véttritngle and reference
line, is 20.0 pg/l, which is equal to the populatinean, and the students were
asked to add the following statement to their casion from the tutorial, “The
mean of the sample means we collected is the sarie gopulation mean.” The
students were then told it is possible to knowptaportion of sample means that
will be “near” and “far away” from the populatione@n and this would be dealt
with later in the unit. The next section descritiesspractical session that was

used to introduce the Central Limit Theorem andf¢imal introduction to confi-

dence intervals.

Sample Means
20.0

= 5-
= 5=
o 289
(5] 0_‘
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12 14 16 18 p2v) 22 24 26 28 30 32

means

Ly ,}l Circle Icon - {—l +| (?l 3

Figure 10.6.1.3. Plot of the sample means caledldtom data collected in
the tutorials. The mean of the sample means isstogvthe reference line
(plot produced in Tinkerplot@<onold & Miller, 2005)).
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10.6.2 Stage 2 — Putting the information into a ma thematical format

After being introduced to the idea that “most” sdéenpeans were “near” the
population mean, and that sample means could liktasstimate the value of
the population mean, the students were then int@dlto the Central Limit Theo-
rem via computer simulation. This theorem statasifta sample size is large
enough, sample means calculated from samples chimne size form a Normal
distribution. Usingexce| the students constructed four distributions: AriNal
distribution, a Uniform distribution, and two Bindahdistributions, one with a
sample size of five and other with a sample siz25ofSamples were then drawn
and the means of these samples calculated. Thenttuaere then required to

plot histograms of these sample means.

Before the distributions were created, the studeete asked to predict what sort
of distribution the sample means would have. FerNbrmal distribution they
generally predicted that the sample means woultblbmally distributed, and this
was the result. Most of the students then predittatithe sample means from the
Uniform distribution would also be Uniform, and weherefore surprised at the
resulting Normal distribution. By the time they hambgressed to the Binomial
distributions most of the students were suggestingga Normal distribution

might result. As the instructor walked around them, if a histogram was on a

student’s screen, he/she was asked the followingssef questions.

* What shape does the histogram have?
* What distribution do the sample means have whewtigial population
is Normally/Uniformly/Binomially distributed (as apopriate)?

* Were you surprised?
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The idea of the Central Limit Theorem was reinfore¢henever students finished
the work and left the room. As they left they wasked to explain the principle
they had observed that session. If they did na¢ givanswer that in some way

described the Central Limit Theorem they were askedries of questions.

» What distribution did the sample means from thenhadrdistribution
have?

* What distribution did the sample means from theftim distribution
have?

* What distribution did the sample means from theoBiral distribution
with the larger sample size have?

* What is your conclusion?

The next step was for the students to put togetieeknowledge of Normal
distributions gained from a previously held forrteadture, and the knowledge
that sample means form a Normal distribution. i phevious simulation,
they had also found that the standard deviaticgh@fample means was less
than that of the standard deviation of the origpwulation. They were given
a handout (Figure 10.6.2.1) in a tutorial and askedork in groups to give
the answers. In this handout they were expectéd tble to state that ap-
proximately 67% of sample means would be within staedard error of the
population mean, approximately 95% of sample me&angd be within two
standard errors of the population mean, and thaapnately 99.7% of sam-

ple means would be within three standard erroth@population mean.
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Write down what you know about the characteristicdata that have
a normal distribution.

A little interlude:

Recently you took several samples from a populadimhfound that
the standard deviation of the sample means wasHasghat of the
original population. In fact the standard deviatidrall the meansyy,
is related to the standard deviation of the irdiigilsc, in the origi-
nal population by the following formula:

o =2

" Jn
Now, using this information and what you know abootmal distri-
butions, write down what you know about the chamastics of sam-

ple means.

Figure 10.6.2.1. The first part of the worksheetegito students to make the con-
nection between Normal distributions and the disttions of sample means.

After the answers had been discussed, the studentsthen encouraged to make
the link between the distribution of sample meams statistical inference for the
value of the population mean. Because sample nfeansa Normal distribution,
when an individual sample mean is calculated it melwithin two standard errors
of the value of the population mean 95% of the t{aygroximately). The second

part of the students’ handout is shown in Figure 202.
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Implications for inference

A sample is taken so that the value of the popadatiean
can be estimated. The mean of this sample is eaémll

How often will this sample mean be within one stad
error of the population mean?
How often will this sample mean be within two stard
errors of the population mean?
How often will this sample mean be within threenstard
errors of the population mean?
How often will this sample mean be outside of thstnd-
ard errors of the population mean?

In conclusion, is it more likely that the valuetbé sample
mean is close to the value of the population meafar
away?

Figure 10.6.2.2. The second part of the workshieetveng the implications for
statistical inference for the value of the popuatmean that result from sample
means belonging to a Normal distribution.

The next time the students met was for a pracsiession where they were given
a simulation that gave a practical demonstratiotheforoportion of sample
means that fall within one, two or three standardre of the population mean.
Although the students calculated confidence internthis term was not intro-
duced at this stage. The students generated 1Qflesamith a known population
mean using=xcel For each sample, the mean, standard deviatiahstandard
error were calculated. The required intervals viees determined (sample mean
* one standard error, sample mean * two standaodseand * three standard er-
rors). Using the “IF” function in Excel, the studgmhen added up the number of
confidence intervals that included the value offibpulation mean in each case.

For one standard error, the student results wettgeinange of 60% to 74%. For
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two standard errors, the students results werdeeimange of 92% to 98%, and for

three standard errors, the results were in theerah9% to 100%.

10.6.3 Stage 3 - Formal introduction to confidence intervals for the mean

The formal introduction to confidence intervalskquace in the next lecture that
was scheduled after the practical sessions desadride previous section. The
purpose of this lecture was to demonstrate the fitapoe of knowing the stand-
ard error as well as the sample mean, and to daratamsow confidence inter-

vals are derived.

The example given was of a peanut butter manufactuno had two factories,
where one of the factories was newer than the sibié¢inat the jars were being
filled with greater precision. For both factoriée jars were to be filled to 500 g.
For the older factory the standard deviation offithevas 5 g, and for the newer
factory the standard deviation of the fill was 2rgboth factories a sample of 25
jars was taken and the sample mean for both fastevas 498.7 g. The students
were required to calculate the standard errorsaamd out how many standard
errors the sample mean was below the required atpnlmean for each factory.
Would they be concerned about this sample medneyf were the quality control
manager? For the older factory, the sample mearilv@astandard errors below
the proposed population mean, and the studentsaisdl that they would not be
concerned about this sample value. For the newéorfg however, the sample
mean was 3.25 standard errors below the proposadgimn mean, and the

sample indicated that the jars were being undedfil

287



This example illustrated how a point estimate (répg only the value of the
sample mean) was not adequate, as the same stetigtil have different conse-
quences in different contexts. Therefore in mangrgdic journals the standard
error is reported. The students were told abouwal@nnative method, the confi-
dence interval. They had been given lecture naised on the peanut butter fac-
tory examples, and a diagram from these notepredeced in Figure 10.4.1.2.
The students were then asked to consider the pregiomputer session when
they had observed the proportion of intervals theltided the value of the popu-
lation mean for each number of standard errorgegide of the sample mean.
They then calculated the approximate confidenaat for the peanut butter
factory. For the older factory, the confidence imé for the mean was from
496.7 g to 500.7 g, and for the newer factory cifidence interval for the mean
was from 498.3 g to 499.1 g. The confidence inteivMathe mean in the newer

factory did not include the required value for geanut butter jars.

In the next lecture the students were given a hatnithat was designed to consol-
idate their newly acquired knowledge about the eation between a population
and its sample means, and confidence intervalswiink was based on Rowntree
(1981). The first section of the handout askedsthdents to consider what they
could say about a population of gnomes if one gnsioelld come and visit them.
What could they say about the height of the popmniatf gnomes? They then had
to imagine what further information they could gdisome more gnomes came
to join their original visitor, which would let the gain an estimate of the popula-

tion standard deviation. They were also asked ttewlown what they knew
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about their sample mean and the relationship #ngoe would have to the popu-

lation of gnomes.

The final section of the handout (also based onrR@e, 1981) included the dia-

gram shown in Figure 10.6.3.2. The values of tistggposed sample means were
marked by A, B and C. The students had to dravethgth of two standard errors

either side of each sample mean and indicate wdfithese intervals would in-

clude the value of the population mean.
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Figure 10.6.3.2. Part of the exercise to consokdatowledge of confidence in-
tervals. The x-axis on the normal curve is markestandard errors.

10.6.4 Stage 4 — Practice and consolidation

Towards the end of the semester, the studentsgivera the paper bags with the

blood lead data they had used at the beginningeo§¢mester (as described in
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Section 10.6.1). From these data, the students agied to draw out a sample of
25 and to calculate the 95% confidence intervattierpopulation mean. One
group found the range to be very wide. On quertfirggy results one of the group

realised that the standard deviation, not the st@hdrror had been used.

The students were then asked, “What does the ‘988éi to?” They were asked
to write down their answers and these were retutinecdiext time the students
met. The answers to the question indicated thiadadth approximately half of the
students could explain the meaning of the “95%” s@hthe students believed
that the “95%” indicated that 95% of the individsi@ould be within the calculat-
ed range. The other students stated that 95% cfatimple means would be within
the calculated range. It is apparent from thesevarssthat some students did not
realise that they were making an inference abauptipulation mean. In addition,
whereas they realised that approximately 95% afranally distributed popula-
tion is within two standard deviations of the p@iidn mean, they had not made

the connection from this fact to how confidenceimals are derived.

Because there had been previous exposure to conédetervals it had been
hoped that more of the students would have beentaldxplain the meaning of a
confidence interval. A new handout was devisedimtempt to aid in the visual
representation of the principle behind the caléntabf confidence intervals. The

introduction to this handout is shown in Figure6l9.1.
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You have several hundred fish il
holding pond. You want to know the
mean weight of the fish. Measuring the
weight of ALL the fish is not practical.
Therefore you take a SAMPLE of 25
fish. The mean of this sample is 300g.
The standard deviation of this sample
is 20g.

What is your estimate of the value of
the mean weight of all the fish?

Figure 10.6.4.1. The introduction to the new handwuconfidence intervals.

The handout continued with a series of questionghi® students to answer about
the distribution of sample means, including thepprtion of sample means that
would be within one, two or three standard errdrthe population mean. The
handout continued with the diagram shown in Fidié.4.2. At the conclusion
of the handout, the students were required to tkethe confidence interval and

state what it meant for this situation.
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If a sample mean falls
between these two
numbers, adding and
subtracting two stand-
ard errors from this
mean will give an in-
terval containing the
population mean. This
is called finding the
95% confidence inter-
val for the mean

Yes
Do these confidence /
intervals includethe | 7 I
value of thepopula-
tion mean?
Yes
| f |
| X ]
No!
| — |
[ X 1
Yes
|
P L7 '
U

Figure 10.6.4.2. The final part of the new handomiconfidence intervals.
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10.6.5 Stage 5 — Responses to questions on part of  the formal assessment

During the unit the students had to complete foajgets as part of their formal
assessment. The data for the third project paoihgisted of the catch in tonnes of
the fishing fleet of Tasmania for four fishing siprhe skippers of the boats were
divided into two groups, “experienced” and “inexperced.” The students were
asked to calculate the 95% confidence intervatiHermean fishing catch for
boats with experienced skippers, and then for iaggpced skippers. They then
had to use the data to estimate the range in wih&konnages of 95% of the in-
dividual catches for all the boats would fall anxgblain why this second interval

was wider than either of the confidence intervals.

The calculations for these two questions are almdesttical but the interpreta-
tions of the answers are very different. The answethe confidence intervals
are found by subtracting and adding two standawa®to the sample means. The
answers give an estimate of the value of the ptipnlanean. Approximately half
of the students could successfully give this exaimm. To calculate the range
where 95% of the individual tonnages will be regsisubtracting and adding two
standard deviations to the sample mean. Becausatteeanswer refers to the
range of individuals, and not to the mean, thigyeais much wider than for the
confidence interval. Approximately a third of tHadents gave an explanation
along these lines. Some students stated that tige ras wider because the
standard deviation was used, but did not explaiy this was. Some of the stu-
dents claimed that the interval for the secondyamalvas wider because the

whole data set was used.
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At the first lecture after the projects were readithe differences between the
two questions were explained. The idea of tryin§ind a mysterious number

“out there” was introduced by the statement, “Cthly god of mathematics knows
what the value of the population mean is, and hlenwet tell us!” It was then sug-
gested that an educated guess can be made, tisainipée can give us an idea of

what the value of the population mean might be.

10.6.6 Stage 6 — revision

In the week before the final lecture, the studergse given a practice test and
were asked to bring their answers to this finaiuex Before the students shared
their answers to this test, they were given aolisome of the questions that had
been asked through the semester, and they weréd hekethey would be an-
swered. The first of these questions was, “Wh#iasvalue of the population
mean?” Initially there was no response. After artstime they were asked to
think about how the boy found out the mean weidlthe fish in the holding
pond. A student then answered that the boy to@a#pte and calculated the con-
fidence interval. The questions on this practice tieat directly related to confi-

dence intervals are presented in Figure 10.6.6.1.
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A new bus service has been trialled. To be prditah the
long term, the expected amount taken in as faregipemust
be at least $100.

Over the trial period of 64 daye<64), the average amount
taken in fares per trip is $9KE97) and the standard devia-
tion of the amounts is $16<16).

a. The standard error of the sample mean is $2. Presegn
the formula which is used to compute the standard ¢
ror and list the values taken by each elementen th
formula.

b. The sampling distribution of the average amoung¢mak
per trip is well approximated by a Normal distrilont
Why is it reasonable to make this statement?

c. Present a formula for computing an approximate 95p6
confidence interval for the expected amount takam g
trip, and establish that it produces limits of $9&i
$101.

d. Based on the 95% confidence interval, advise tleg-op
ator on how this finding relates to his requirentbat,
in the long term, the expected amount taken per tri
must be at least $100.

v

Figure 10.6.6.1. The question on the practice telsiting to confidence intervals.

During the discussion on this question it becanmaemt that some students still
had not realised that a confidence interval makesstimate of the value of a pa-
rameter. Disturbingly, there were a small numbestotients who did not realise
that the population mean is one, fixed number shated that the confidence in-
terval gives a range where the population meanavbel95% of the time. In ad-
dition, there were a small number of students wéleeted that the confidence
interval represented where 95% of the sample medhfll. This statement,
while not correct, does connect with the fact 8&# of sample means are within
two standard errors of the population mean, but bie connection to the deriva-

tion of confidence intervals has not been mader&tere no more lectures or
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tutorials until the day of the test. The resultshef relevant test questions for this

semester were presented in Section 10.4.

10.7 Summary of the misconceptions identified durin g the study in

comparison to the literature

This study shows that the following misconceptiabsut confidence intervals
were held by some of the students. These miscaoospivere demonstrated in

the student responses to the test items as ptre ddbrmal assessments.

When answering the confidence interval questiomsiesstudents stated that nine-
ty-five percent of the sample means will be witthie calculated interval; this
confirms the findings of delMas, Garfield, Ooms &tthnce (2007). Other stu-
dents stated that ninety-five percent of the paprawill be within the calculated
interval, and this is also confirms the findingsdgtMas et al. (2007). There was
one additional misconception not found in the &tere, this was that ninety-five

percent of the population means will be within steted interval.

The last misconception is disturbing, as it sugg#sit these students, fortunately
a very small number, may not even be aware of wieadlifference is between a
sample and a population. Owing to the ethical a@®ersitions brought to bear by
the researcher being the instructor, it was nosipéesto carry out follow up in-
terviews to find out if this really was the casewbether this statement was made
because there was only a lack of understandinigeofdnfidence interval, and the
students felt that some answer was required. Ther atisconceptions do relate
closely to true statements, that 95% of a populasawithin two standard devia-
tions of the population mean, and that 95% of Hmage means are within two

standard errors of the population mean.
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10.8 A summary of students’ understanding over the intervention

The student responses to the test items aboudesde intervals at the end of the
pre-intervention cycle (Section 10.2.2) showed trdy one quarter of the stu-
dents could give correct answers. This rose tethrearters by the end of the
third cycle of the intervention, but for all sen@stin the study most of the stu-

dents who gave correct responses did not do gwotbrparts of the question.

The answer that showed the least understandingheeenswer that “between 7
and 11 people visited a doctor” for the year. Hriswer occurred twice in the
pre-intervention semester, and once in the thiadecgf the intervention. This re-
sponse is particularly worrying because it makesarse at any level of under-
standing. It is not conceivable that only 7 to Ebgle visited a doctor in Tasma-

nia over a whole year.

Another response that showed little understandiag tivat the confidence inter-
val gives the proportion of population means betwte two numbers. This is
also concerning because statistical inferencesedan the relationship between
samples and populations, and this response sugpastbe students involved did
not understand the meaning of the terms “populatonl “sample.” This needs

to made clear at the beginning of the unit.

The other misconceptions, and the more common méggaions shown by the
students, were that 95% of the population visitedetor between 7 and 11
times, that 95% of the sample means were betwesse thumbers, that the mean
(not stated whether population or sample meangtiwden these numbers 95% of

the time, or that the mean for 95% of the poputaisobetween these numbers.
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These responses, although not correct in this ggrde have the virtue of mak-

ing some sense, unlike the responses discusskd previous paragraphs.

Constructivist theory states that if something doeke sense to students then
they will not change their understanding unlesy tan see some benefit to do
so. It would seem that the students with these nstatedings find it easier to keep
these beliefs than to make the effort to changeatWéhalso of interest in these
responses is that they show a relationship tortleedituation. It is true that ap-
proximately 95% of sample means are within two d&ad errors of the popula-
tion mean, and these students seem to have gdiisdchbwledge but failed to

apply it to the correct derivation of confidenceeivals.

It is the belief of this researcher that no onehé@sg strategy was of significant
benefit in helping students understand the priedi@hind confidence intervals.
Instead, there was a combination of strategiedékab an improvement in stu-
dents’ understanding. The simulations, both by aaepand by hand demon-
strated first, that no two sample means will benibal, and second, the principle
of the Central Limit Theorem. The addition of thagtams helped give a visual
connection to the theory, and the writing abouirtbederstanding helped stu-
dents realise where they had gaps in their knovdledigl motivated them to

search for the understanding they needed.

10.9 Implications for teaching

It is evident that in each semester there wereestisdvho did not understand
what confidence intervals are for, that is, to famdestimate of the value of the

population mean. The proportion of students withrexdt answers did not increase
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over the study to the same extent as for the dquresstelating td>-values. This
could be because an example was not found thad gday the role of the “It is

hot outside” problem that was used in the teachirigrvalues.

This study confirms a tenet of constructivist thedhat repetition alone, although
it may help students to remember, will not helpenmsthnding. The example of
the boy with the goldfish bowl had the aim of puftia confidence interval into a

context that the students could relate to, butvlas not entirely successful.

As a result of this study, the concept of confideimtervals is now taught with
the following combination of strategies in this tumiirst, the students are intro-
duced to the ideas that a sample mean can be asstirhate the population
mean and that “most” samples are “near” the pomurahean by physically
drawing samples. This exercise also allows theesttsdio observe the extent to
which samples can vary. Second, the Central Lithédrem is introduced by
computer simulation. After the students have cooregpipreciate that sample
means form Normal distributions, they are then eraged to consider the con-
sequences of this fact. That is, that sample mieaws the characteristics of all
normally distributed data. Students are also askedrite their reasoning of the

purpose and process of determining confidencevateat regular intervals.

One of the demonstrations used in this study is nowalways used in the teach-
ing of the unit. Unless the student cohort apptabe of above average computer
competence, the demonstration “How confidence walsrwork” (see Appendix
D8) is not used, as students tend to become capghtthe instructions without

thinking about what the results mean.
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Over recent semesters the students are told théitleace intervals make an “ed-
ucated guess” as to the value of the populatiomnfsdents seem to be com-

fortable with this terminology. However, more resdais needed in this area.
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11. Discussion with Implications for Teaching

This chapter summarises the findings of the stuthe-students’ understanding

of probability and stochastic processes on entammgersity and the students’
understandings of confidence intervals &dalues at the end of the unit. The
implications of these findings for instructors tditsstics are also discussed. Some
areas for future research are also identified. $tudy asked the following ques-

tions.

* What are students’ understandings of probability stochastic processes
on entering university? Are there any differenceanderstandings be-
tween those students who have studied statistitein previous mathe-
matics courses and those who have not?

* What are students’ understanding$efalues at the end of their first ter-
tiary statistics unit? How did these understandcigange over the time of
the study?

* What are students’ understandings of confidenavats at the end of
their first tertiary statistics unit? How did thesederstandings change

over the time of the study?

What are students’ understandings of probability an d stochastic processes
on entering university? Are there any differences i n understandings be-
tween those students who have studied statistics in their previous mathe-

matics courses and those who have not?
The discipline of inferential statistics would reotist if variation were not univer-

sal. Without variation, all samples would be repreative of the population and

all samples would be alike. As a result of variatithe mathematics of probabil-
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ity is used to make inferences about populationsnadnly samples are available.
The answers to the first questionnaire indicated ahsubstantial proportion of the
students had unrealistic views about probability @ariation on entering the uni-
versity. Approximately one quarter of the studetitsnot expect variation in out-
comes for a stochastic process; a similar propotiglieved that the outcomes of
an experiment, represented in graphical form, wbeldeal, even though the out-

comes presented were exactly symmetrical aroundxpected value.

According to Rubin, Bruce, and Tenney (1991), inagal, students at senior high
school and undergraduate level have little expegen sampling, and therefore
do not appreciate how representative (or not) sasnplay be of their parent pop-
ulations, and how much one sample may vary fronthemoThis assertion was

confirmed by the present study.

In a study by Tversky and Kahnemann (1982b), thiraas found evidence to
suggest that the participants did not have realidéas of the outcomes of sto-
chastic processes. In this study, when students asked about the outcomes of
a process where the two outcomes (odd or even msinlvere equally likely,
40% of the students did not realise that out ofriads, getting 6, 46 or 50 even
numbers would be in any way unusual. This item prasented in graphical form
and the previous item consisted of a graph thatexastly symmetrical. The re-
sponses from some of these students suggest éyatntight have only been com-
paring the pattern of data with the previous itand not reading the numbers on
the horizontal axis. However, some students spadiji stated that any quantity

of even numbers would be expected out of 50 triaksse students clearly did not
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have a realistic view of the possible variatiomutcomes for a process such as

this.

In general, two out of the three conditional praligbquestions, which were in a
written and graphical form, were relatively easytfe students. For the ques-
tions where the students were required to calctifeteumerical probability, 84%
of the students answered successfully when theiiqnesas in a simple “for-
ward” form (You have two white and two black bail)at is the probability of
getting a white ball on the second draw if thetfirall was white?). When the
guestion was asked in a “backward” form, howevaly 49% of the students
could answer the problem successfully (If the sddmall was white, what is the
probability of getting a white ball on the firstadv?). Most of the students argued
that a later event could not affect an earlier eveot realising that later infor-
mation could shed light on an earlier event. Tiveg further evidence to the
presence of the “Time Axis Fallacy,” described ligchbein and Schnarch
(1997). There may be implications for the undeditag of Bayes’ theorem,
where earlier probabilities are revised in thetlighlater knowledge. Students
will not understand the use of Bayes’ theorem witttbe knowledge that later
information can change earlier estimates of thégldity of an event. It may
even be that familiarity with Bayes’ theorem woiultprove students’ perfor-
mance on this question. Students’ understandi@pgés’ theorem could well be

a topic of further research.

Tversky and Kahneman (1982b) found that the pasitis in their study had a
tendency not to realise that deviations from theeeted value of a random pro-

cess are more likely in samples of small size. fifidings of the present study
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suggest that students who have previous formal ledye of statistical inde-
pendence may be more likely to have this miscommephan those who do not
have this previous knowledge, but confirmationgeded from a study involving
more students without previous statistical expegetman were available in this
study. This was the only item in the first questiame where a significant differ-
ence was found between these two groups of stu@eppendix E1). The stu-
dents with previous statistical experience gaveenmoiportance to the independ-
ence of each individual outcome than to the samipk It is possible that this
knowledge led them not to ask the question, “taadte likely to get 8 girls born
out of 10 births, or 40 girls born out of 50 birthign addition, some of the stu-
dents showed evidence of holding the Gambler'adsl(Fischbein &Schnark,
1997), that is, the belief that after several Thds been obtained when tossing a

coin that a Head would be more likely.

Of particular interest to the researcher were ¢éspaonses to the questions in
which the students were asked to compare the stmréso groups where the
information was given in graphical form. Watson ahoritz (1999) gave the
same questions to students in Grades 3 to 9. Twen&ypercent of the Grade 9
students in their study used strategies that irglsing either multiple calcula-
tions or proportional reasoning. It would be expddhat because the students in
the present study were older, a higher proportionld/be using such strategies.
This did occur, but to a lesser extent than wagebgal by the researcher. When
the students were required to compare the scordéwdogroups that had the same
mean, median and mode, but where one had a widge than the other, only

55% of them answered this question successfullstéyng that the two groups
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performed equally well. Others answered by sayag dbne group was more
“consistent” than the other, or that one group imade members with “higher” or
“lower” scores. It would appear that these studdidsnot see the arithmetic
mean as a balancing point or as a representatimdeiuof a group. The latter
problem was also illustrated by the number of stiglevho, after performing
three comparisons where the group sizes were eguat] not perform a fourth
comparison when the group sizes were not equalthtonnequally sized groups,
only 51% of the students correctly identified tmeup with the superior perfor-
mance. Of these, 39% used proportional reasonihgremas the others used an
estimate of the mean and median, or gave no exjmand hirty-five percent of
the students stated that the group with the infgresformance was better because
there were either more people in the group ovetadl scores were more “bal-
anced” or there were “more people in the highegeahEight per cent of the stu-
dents either said the problem could not be dordl,adr was “not fair.” Groth and
Bergner (2006) have suggested that some studemis wouniversity without any
knowledge of the arithmetic mean apart from thewatlgm used to calculate it
and this study confirms their proposition. It igrexnely unlikely that there are
any tertiary students who have not calculated tileraetic mean at some time in
their previous education. Yet, it appears that sofrthese students do not have
an understanding of what means are used for. Asudtrof the answers to these
guestions, the researcher has inserted questions tie purpose of the arithme-
tic mean into a tutorial session of the first yesatiary statistics unit, and has

found that the students usually have difficultyamswering.
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There were two ways of approaching the questiorrevtieere are different num-
bers of people in each group. One way was to etsithea mean or median, and
the other was to use proportional reasoning. Ptipal reasoning was required
to answer an item where the benefit (or otherwade) trial medication was to be
assessed by examining the number of people ing¢aégntent and control groups
who improved. Fifty-three percent of the studemiglieitly used proportional
reasoning, comparing the proportions in both teattnent and control group.
Sixteen percent used proportional reasoning byt m@ntioned the proportions
in one group, while the other students used reagahiat did not involve propor-
tions. Garfield and Ahlgren (1988) found that angeonceptions students may
have about probabilistic processes are exacerifatadients have poor mathe-
matical skills, citing proportional reasoning agai those skills that is most im-

portant.

Students’ will also have problems if they lack athasic mathematical skills. For
example, it was shown in this study that only 57he students could correctly
calculate the probability of getting four Tailsarrow when tossing a coin. Thirty-
three percent gave an answer of 1 in 2, and 11% teevanswer of 1 in 4. For a
small number of students, it was evident that i Weir basic arithmetic, not

their reasoning that was at fault (for exampl&/,« 1/, « 1/, 1/, = 1/5").

It was evident that students were generally unfamitith sampling, and in gen-
eral did not have realistic views on the variatiloat arises from stochastic pro-
cesses. It is recommended therefore, that statigtistructors do not to assume
this knowledge exists and should give their stuslemposure to these processes.

This exposure can be provided by the modern compudtere large numbers of
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samples can be generated very quickly and easitg ysograms such agi-
crosoft ExcelPossible alternatives fxcelincludeFathomsoftware (Konold &
Miller, 2005) and samplers available on the Worlal®Web. In the unit, as now
taught by the researcher, students are askeddaptiee range of sample means
they expect to get from a given population and teecompare their prediction

with their actual values.

This study has also provided further evidence shadents may have very little
idea of the purpose of the arithmetic mean or teamand may not see these
numbers as representative numbers that can bdarseainparisons. For these
students hypothesis tests for the comparison ofmans will have little mean-
ing. As a result, instructors need to provide opputies for the students to con-
sider the purposes of these statistics, for exarbyleroviding data sets and ask-

ing the students to make comparisons between them.

It was of concern to the researcher that because s6the students studying the
Data Handling and Statistics unit were enrolled tourse where there was a
higher Tertiary Entrance Score than other unitd,\ahere there was a require-
ment to have completed a pre-tertiary mathematids that these students would
be more mathematically competent than the othelesits. These students were
concentrated in the first semester of each caleyetar It was found however,
that there was no significant difference in meaifitglamong the semesters for
the students who completed the first questionnaines suggests that the stu-
dents’ previous mathematical experience did ndt@nice their ability to com-

plete the first questionnaire. The details of #nalysis are in Appendix E1.
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What are students’ understandings of  P-values at the end of their first ter-

tiary statistics unit? How did these understandings change over the time of

the study?

The results of this study indicated that, whereasrerity of students explained
theP-value fully in their final formal assessments befthe initial intervention,
the proportion that did so increased over the tifrthe study. This was con-
firmed by the Kruskal-Wallis test where the highestan rank was found at the
end of the third cycle of the intervention (see Apgix E4). Apart from the sec-
ond cycle of the intervention, where only six studecontributed data, there was
an increase in mean ranked scores for both testique that applied tB-values.
Students who described tRevalue correctly indicated that tiievalue was the
probability of a sample observation or a more emg@bservation, if the null hy-
pothesis were correct. Some of the students shavpeditial understanding, in
that they stated that thevalue is the probability of the observation if tingl
hypothesis were true. Although this reasoningé®mplete, it does indicate that
these students realise that hypothesis tests kithle dikelihood of observations
given a proposition about a population. This padialerstanding of R-value is
simpler to understand than the correct definiteond would appear to make sense

to the students.

The most common misconception in definfrgalues was found to be the belief
thatP-values give the probability that the null hypotkés true. This misconcep-
tion has also been reported by Gliner et al. (2002as found in this study that
this misconception was difficult to correct. Teflithe students in lectures and
tutorials, and including an explanation in the stgd’ lecture notes, was not ef-

fective. Garfield and Ahlgren (1988) suggested Kmatwn misconceptions
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should be pointed out to students so that they Imeagvoided, but this study sug-
gests that if a belief is firmly held, this may et enough. Strike and Posner
(1985) suggested that students will not change dugiceptions unless presented
with a good reason to do so. One way to do this confront students with their
misconceptions by the use of the predict-test-eataltormat (Garfield &

Ahlgren, 1988; Hardiman et al., 1986; Mills, 20@2sner et al., 1982). Finding a

way to use this format for abstract ideas asPtvalue, however, is difficult.

Some text books try to avoid this misconceptioaf theP-value gives the prob-
ability that the null hypothesis is true, by usthg term “not reject the null hy-
pothesis” in place of “accept the null hypothesigien theP-value is higher than
the level of significance (For example Lind, MarckaMason, 2001, and
Croucher, 2002). During the time of this study pinectice used by the instructors
in the unit, “accept the null hypothesis was us&ikice the time this study was
completed the practice has been changed to “naxttréje null hypothesis.” It is
observed, however, that some students are stdifgpthis misconception. More

research needs to be done in this area.

The responses to the first questionnaire indictitatlover 80% of the students
could answer simple conditional probability quessioboth in tabular and verbal
form. This study showed, however, that the moremermprocess of the hypo-
thetical, probabilistic reasoning used in hypothéssting was difficult, and con-
firmed that students were unfamiliar with this prss (Garfield & Ahlgren,
1988). This may partly explain why students havgadity in making the change
from believing that th&-value is the probability of the null hypothesisragtrue,

to the correct definition. It seems likely thatstimmisconception seems more intui-
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tive than the formal definition of B-value, and makes sense to the students.
Strike and Posner (1985) stated that for a cortoepé changed, the student must
find the new interpretation makes sense, and tmaedenefit is to be gained by
making the change. If this misconception works vi@llstudents trying to make
sense of the process of hypothesis testing, thikypevreluctant to make the extra

effort to change their understanding.

Other misconceptions shown by this study included theP-value is the proba-
bility of being incorrect (also identified by Glinet al., 2002), the rate of replica-
tion of the conclusion, the probability of seeinditierence, or the rate at which

the treatment will show a difference.

Cobb and McClain (2004, cited in Garfield and Ben-2008, p. 48) suggest that
statistics instructors should not underestimate fifficult the process of hypo-
thetical, probabilistic reasoning is for new studeof statistics. In this study this
was demonstrated not only by students’ difficultresinderstanding?-values,

but also by the fact that only one student configersed the given probability in
the circuit breaker questions in the second quastive, without resorting to a
formal hypothesis test. The ideal answer to tleisiitvould have stated that even
if the underlying rate of defective circuit breakés only 5%, the probability of
13% of getting three defectives in a box of 25 keea suggests that this event is
not so rare as to suggest the underlying rateeiatgr than specified. Most stu-
dents avoided using these numbers in their reagpbeing content to state that
since variation exists, other boxes will have naréess defectives. This suggests
that students found the latter reasoning easido tivan to use the hypothetical

reasoning involving the numerical values.
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A small number of students stated that H-aalue were below .05, then the null
hypothesis should be accepted. All of these stsd®aide no attempt to otherwise
define theP-value, suggesting that these students do not&avemderstanding
that theP-value is a probability that in some way relateth® sample observa-
tion, but instead have tried to learn a rule, whieky then have misapplied. The
tendency of students to try to compensate forladdcinderstanding by learning

rules has also been noted by Chance et al. (2004).

Some considerable time was spent by the reseafick&rding consultation with
colleagues) to find an example that used probaiilisasoning and to which stu-
dents could easily relate. If the right exampleev@und, it was hoped it could be
used to help the unfamiliar become familiar. Evatijuan example was found in
Shaughnessy and Chance (2005) and became thddrahis “It is hot outside”
problem where the students were asked to judgkkéiiinood of observing peo-
ple walking about in winter clothing if the weathveere hot. In the last two cycles
of the intervention this problem was introducedhe first week of the semester
and became the basis of all further work in hypsitheesting. With this process
the students became familiar with the terminolgggcedure and reasoning of
hypothesis tests over a period of time. Althougdrehis no formal evidence, from
the researcher’s point of view the students appe@araccept the process of hy-
pothesis testing more readily than before the wetation, where all of the ele-

ments of hypothesis testing had been introducesénlecture.

In this study it was also found that the use ogdims in the process of hypothe-
sis testing and calculatirigrvalues was an aid to understanding for some stu-

dents. In these diagrams, the distribution of #Hrae statistic centred on the
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value of the null hypothesis was drawn and thegtegistic placed on the distribu-
tion. On the basis of the placement of the tesissita a visual judgement could
be made as to the likelihood of this statistic on@e extreme statistic given the

null hypothesis and related to the numerieafalue.

Morgan (2001) and Pugalee (2001) suggested teaidents are encouraged to
explain their reasoning, their ideas are clariisdhey work to explain their ide-
as. Consistent with this, another strategy waskostudents to write down the
definition of theP-value for each context in words. Each time this @ane the
students were encouraged to talk to each otherdsfaring their answers to the
whole group. It was also found important to alldwe students time to do their

writing in a relaxed atmosphere.

From this study, it is apparent that students’ ustad@ding of-values can be en-
hanced, but one strategy will not work for all sats, but rather a mixture of
strategies is required. It is of note that it washie third cycle of the intervention,
where all strategies were combined, that the higlhesn ranks were obtained for
theP-value questions. The results suggest that instrsicteed to appreciate how
unfamiliar students are with the hypothetical, @iobstic reasoning used in mak-
ing decisions withP-values. Consequently, students will have problemex-
plaining aP-value, and if they resort to learning a rule, they likely to make
mistakes in its use. It is therefore recommendatlitistructors use examples
from a variety of sources, and use a variety ditiéques in aiding students to

make sense of their work.
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What are students’ understandings of confidence int ervals at the end of

their first tertiary statistics unit? How did these understandings change

over the time of the study?

The Central Limit Theorem states that if the sansje is large enough, the sam-
ple mean belongs to a Normal distribution, regasltef the distribution of the
original population. Because the sample meansaraaily distributed, then it
follows that approximately 95% of the sample meaitisbe within two standard
deviations of the population mean. The standardatien of the sample means is
less than that of the population, and is called'skendard error of the mean.” It
follows that if 95% of sample means are within tstandard errors of the popula-
tion mean, then 95% of the time the sample meavoistandard errors will in-

clude the value of the population mean.

This study has indicated that students find suakaring difficult. They seem to
find the information that sample means belong loemal distribution fairly

easy to comprehend, but then have immense difficalinaking the leap to how
this leads to a process for estimating the popriatiean. The teaching of the
topic was taken in steps, the first of which introdd students to the idea that
sample means vary, and that “most” sample mean$ase” the population
mean. The students performed a simulation as esdun¢tion to the Central Limit
Theorem, and were then introduced to the ideattieafacts about any Normal
distribution can be applied to sample means.besause sample means are nor-
mally distributed that the process of estimatimppulation mean by a confi-

dence interval is possible.
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The difficulty that students have in understandingfidence intervals is illustrat-
ed by their misconceptions: that the confidenceriretl contains 95% of the sam-
ple means (the most common misconception), that 8%te population is with-
in the interval (also reported by delMas et alQ20Q or that the interval contains
the mean for 95% of the population. From studengisponses it was also evident
that some students did not realise the purposerdfdence intervals, that is, to
use the sample to make an estimate of the valtleegiopulation mean. This
misconception persisted despite the fact that stsdeere given practice in tak-

ing samples and using them to estimate the populatiean.

The belief that 95% of the sample means (approxiypare within the confi-
dence interval is only a small difference from kimewledge that 95% of the
sample means are within two standard errors optipaillation mean. It is there-
fore understandable that students should hold suntsconception. It is a state-
ment that is easily understood, although factualtprrect, and this is possibly
why the misconception is hard to correct. If thedsents believe that this miscon-
ception helps their understanding and it makesesehen they will not be moti-
vated to change it. The challenge for instructet®ifind ways that will cause the

students to want to change this belief.

It was also apparent that some students were estyezonfused by the distinc-
tion between the “standard deviation” and the “séad error.” This was illustrat-
ed by the responses to questions both in the nelsthe second questionnaire.
Some students stated they had used the stand&edidevn their responses but
had actually used the standard error as requirdeer®stated they had used the

standard error in their responses but had actuabyl the standard deviation, and
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there was a small number who used the standardti®viand seemed oblivious
to the existence of the standard error. These @nubhbre possibly not helped by
the terminology, and this is another occasion wdiegctly telling the students

about a problem did not necessarily prevent it.

The strategy that had some positive effect was rgrback to the concept of the
confidence interval several times, not just restathe problem, but giving the
students time to write about their understandirige Students were also encour-
aged to ask questions of each other and of thanaser. Writing about a topic
helps students recognise gaps in their knowleddeuaderstanding, and helps
them to fill in these gaps (Morgan, 2001; Puga®®81). Strike and Posner
(1985) also pointed out that students, when workingchieve accommodation of
new ideas, may attempt many strategies and makg mestakes before this ac-
commodation is achieved. It is of note that it wdren this strategy was used, in
the third cycle of the intervention, the mean rémithe second part of the confi-
dence interval question was at its highest (seeeAgix E5). Whereas there was
not a significant difference in mean ranks amormgstmesters for the first part of
the confidence interval question, it was of not tho student received the lowest
score in the third cycle of the intervention (seguFe 10.5.2.1), which was a

change from previous semesters.

It is recommended, therefore, that statistics utsars, appreciating students’ dif-
ficulties in this area, give students time to reflepon and write about their un-
derstanding, and to create an environment in wtictents feel comfortable to

share their work with others.
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Constraints on the research - suggestions for furth er research

In this study, the researcher and the instructtianstatistics unit were the same
person. It was imperative, therefore, that studest® not constrained in any way
to take part in the research, and did not feelttiey could be penalised if it was
not their wish not to take part. One consequencetihat the number of students
who agreed to take part varied considerably, foapparent reason. The partici-

pation rate varied from 20% to 85% of the studéaitsng the unit.

More importantly, because the researcher was angnghe student numbers of
those who participated after their unit results bhadn formalised and published
(all their assessed work was labelled by studemt&ur only) it was not possible
to carry out follow up interviews. It is believetat in particular, the area of stu-
dent understanding of confidence intervals requimese research. The literature
is not extensive in this area, and this study shibasstudents are having difficul-
ties that are not easily corrected. More researcaquired into the influence of
the different terminology (standard deviation, sl error) on student under-
standing. More research is also required into tfiiewlties students have in mak-
ing the connection between understanding that samphns belong to a Normal
distribution, that 95% (approximately) of sampleamg are within two standard
errors of the population mean, and the consequiat®5% of the intervals cal-
culated by the sample mean * two standard errdrsavitain the value of the
population mean. The last step appears to be ti#gm, and if more knowledge
could be gained about this problem, it is likelgttalternative strategies could be

developed to aid students in making this step. Mesearch is also required into
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students’ understanding so that instructors may\irays to change the belief that

a confidence interval contains 95% of the samplamse

Because the participants were working towards varaegrees, the course con-
tent, as set by the School of Mathematics and Biydithe university where this

study took place, had to be covered and could eahlanged by the researcher.
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12. A personal reflection

This study originated from frustration — frustratithat the students | taught were
not “getting it.” In discussions with colleaguesiaon reading the literature it be-
came apparent that my concern was of concern gro#s well. It also originated
from the realisation of my own lack of understaigdas an undergraduate. De-
spite my high grades, | cannot say that | “gob#fore doing post-graduate work
in statistics. | now realise that | had not realppreciated the significance of the
Central Limit Theorem, particularly that it des@&iba connection between sam-
ples and populations. | also remember the frusmatf trying to learn what thie-
value represented by rote and failing at this. ésceptual understanding was
achieved, thé&-value became easy to use. | was determined, trerdd find al-
ternative ways to make it possible that my studemtsid understand the con-
cepts behind their work — to try and reduce the lmemof “cook book” statisti-

cians.

During the study | have found that it is possildénélp students to develop a
greater understanding than is achieved by didéegiching. This was achieved by
a combination of teaching methods, increased iotierawith the students, and
by the connecting the strange world of inferergtatistics to things they already
know. A world where nothing is certain is unfamilta many, and some of the
students who said they were “good at maths” opstaied that they found this
world frustrating and uncomfortable. These studerse used to working in an

environment where there were right answers andyedjéinding these answers.

Although there is no empirical evidence, it is ngfiéf that with the new teaching

program the students are much more engaged invlogl: Some of them say
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that they have to think about the numbers, thasthentific journals they read
make more sense, and that they now listen to repothe media with more scep-
ticism. | also find that the increased interactidrave with the students during
instruction time has made my job more interesting @njoyable. It is now not
unusual for students to tell me about how theirknnrstatistics has helped in
their other subject areas. It is also not unusaahfstudent to stop me as | go
about the campus to tell me about something hbehas read where statistical

analysis was important and that he or she thoungétasting.

From my point of view as instructor, the introdoctiof the simulations has
smoothed the teaching path in three areas wheveopsdy | felt the students

were having particular difficulties. First of adlthough not all the students make
the final link between the Central Limit Theorendaronfidence intervals, they
are much more likely than before to remember thatge means form a Normal
distribution. In the previous teaching format thedents did not often remember
this, and again repetition was not a successfalegy. | have also found that stu-
dents’ understanding of the principles behind thelysis of variance has im-
proved. Asking the students to make a visual assassof where the significant
differences are before the formal lecture hashedstudents to appear more inter-
ested when the variation “among” and “within” gpsus discussed. They also
seem to enjoy seeing how their predictions compéitethe results of the formal
calculations. The third area where the students se®m to have much less diffi-
culty is testing for a significant relationship Wween the dependent and independ-

ent variables in linear regression. Because thiests have seen how the gradient
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of the lines may vary even when there is no retstip, they seem comfortable

with the idea that a non-zero gradient may occuhis situation.

| have also found that since the students have inteluced to visual represen-
tations ofP-values, the last lecture of the semester, on Typel Type Il errors,
goes much more smoothly. Because they are alreadyidr with sketches of
probability distributions, they appear to find thiegrams used to describe how
the distribution of the “true” situation may oveslaith the distribution of the
proposed situation (the null hypothesis) easiemiderstand. The questions on the
test that ask students to explain the consequdracdype | error in a particular

context are usually done well.

A constant frustration throughout the study hasitstadents’ understanding of
confidence intervals. A colleague recently askéthW do we get across that
there is this number ‘out there’ we are tryingit@®” There has been an im-
provement in understanding over the time of theystbut not to the same extent
as forP-values. Since the time of the study | have beatingf that the sample
mean allows us to make an educated guess of the vathe population mean,

and this seems to work well. Here more researokésied.

Another frustration is the materials supplied by 8chool of Mathematics and
Physics, which the students were given in place teit book. The students fre-
quently complain (verbally and in their studentlaaions of the unit) about
these materials, stating that they are difficut@mnprehend. There is hope for the
future, however, as it has been suggested that thaserials be rewritten and that

| should be involved. It is gratifying that my r@seh should be of use in this way.
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Finally, it has been pleasing to me to read comssmth as, “The lecturer makes
a boring subject interesting,” in the student eatbns. It is my aim that one day

the students will say, “This subject is interesting
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Appendix A: Details of the Data Handling and Statis  tics Unit - The traditional teaching pro-

gram with the additions for the first cycle of the intervention
Teaching plai- pre-intervenion Additional material and/or alterations for the ficycle of interventior
WEEK 1
Lectures Introduction to the unit Introduction to simulation
* Introduction to the discipline of statistics The Chinese birth problem. If the one child polegs replaced with a
« Why do we use samples? “keep having children until a boy is born” poliayhat would be the
« Classifying data effect on the ratio of girls to boys born?
Practical Introduction toMicrosoft Excelincluding pivot tables and
e OEADING
Tutorial e The unusual event problem (A table of data was

presented that gives the number of people present

and the number who died for each gender and cab-

in class on the Titanic. Without being told the

source of the data, students were required to give

suggestions that would explain the pattern of jlata.
* Introduction to the first project
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Teaching plan — pre-intervention Additional madkand/or alterations for the first cycle of intergion
WEEK 2

Lectures Further introduction to unit and how tdedd data Comparison of the mean and median
« Displaying data Measures of central tendency and spread were neted until af-
« Measures of central tendency and spread ter the practical session, where the effects akex¢ values on the
« Sampling values of the mean and median had been demonstrated
. Survey design The results of the Chinese problem were used @stranluction to hy-
«  Experimental design pothetical, probabilistic reasoning. From the sanplould they con-
. Clude that the ratio of boys to girls will change?
Practica Work on projec The effects of extreme values or errors on the raeamedia

* The students entered a small data set into Exakellated the
mean, median and standard deviation, and therdintex a
very large number into the dalta.

» The button (clustering problem). What is “random”?

Tutorial  The effect of bias on reported statistics Students were asked the following questions
An example of a double blind experiment frdime Aus- Means versus medians
tralian, and an article froflew ScientisfHype and Her- * Why does the Real Estate Institute of Tasmaniarteparterly
ceptin) showing how the influence of financial and other median house prices?
interests can influence the statistics chosenportang Randomness
results. * What does “random” mean?
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Teaching plar- pre-interventiot

Additional material and/or alterations for the ficycle of interventior

WEEK 3

Lectures Introduction to statistical independence
* The statistical definition of independence
* Independence in a contingency table
* Introduction to probability

Practical Work on project

Tutorial  Questions about project- due week

The use of probability to make decisions
Problems that need probability reasoning in thaeltson
The effect of sample size on the outcomes of aBiabexperiment

Variation among samples

Students were instructed that they were goingke samples from a
population with a given mean and asked to predeidawest and high-
est sample means they would expect to get. Afeeséimples were tak-
en they compared their results to their predictidimey also compared
the standard deviation of the means to the stargandtion of the
original data
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Teachingplan- pre-interventiot

Additional material and/or alterations for the ficycle of interventior

WEEK 4

Lectures Introduction to probability distributions
» Introduction to probability distributions
» The Binomial distribution with example
» The Poisson distribution with example

Practical Introduction to calculating probability i&xcel

Tutorial  Project 2

Introduction to probability distributions

* The Binomial distribution was introduced by studemsing a
probability tree to calculate Binomial probabilgielhe result-
ing pattern was linked to the Binomial formula

* The introduction to the Poisson distribution waofeed by an
example where it was proposed that a change irriexpetal
conditions did not affect the outcome. The Poisdistribution
was used to calculate the probability of the oute@ssuming
the change in conditions made no difference. Theestts were
then required to make a conclusion about the effettte
change in conditions

A real application of the use of the Poisson itigtion
The V1 rockets problem — this was based on the wb@arke
(1946). The students were asked to compare thadreies pre-
dicted by the Poisson distribution with the obsdrirequencies and
decide whether the data were Poisson distributed. 8&xample was
again used to demonstrate Chi-squared goodneststes$ts in week

The consequences of the data being Poisson digtmilbvere discussed
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Teaching plan — pre-intervention

Additional madeeind/or alterations for the first cycle of intention

WEEK 5

Lecture:

Continuousprobability distribution
» The Normal distribution
» The Standard Normal distribution
» Thet-distribution — traditional lecture

Introduction to the Central Limit Theorem simulatior
Students simulated populations with Normal, Unif@nd Binomial
distributions, took sample means and observeditieldition of
the sample means

Tutorial  Probability problems using ttNorma, Binomial and Applications of the Central Limit Theore
Poisson distributions If sample means are normally distributed, then sammgans be-
long to a distribution that has the characteristicany Normal dis-
tribution
WEEK 6
Lecture: The sampling distribution of the mean and configen-  The students were asked the following quest
tervals * What do we mean by the word “sample” in statistics?
» Does random sampling guarantee representativeness?
__________________________________________________________________________________________________ *___What can we say about the population from a sample?
Practica Work on assignme Introduction to hypothesis testing by simula
The survey problem. How likely it is that 19 ordgzeople are
found in favour of a proposition in a sample of B@he population
is evenly split?
... How cOnfidence intervals work.
Tutorial  Questions on project
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Teaching plar- pre-interventiot

Additional material and/or alterations for the ficycle of interventior

WEEK 7

Lecture: * Practice test 1
* Introduction to hypothesis testing

Tutorial Consolidation of confidence intervalsheTGnome'’s visit
(see Appendix C for details)

Introduction to hypothesis testing (no formal hyyesis testing n-
guage used)
How likely is it that 19 or less people are foundavour of a prop-
osition in a sample of 50, if the population is ®yesplit? The an-
swer to this question was estimated from the resiflthe practical
and was compared with the probability calculatadgithe Bino-
mial distribution

Introduction to 2-sampletests via simulation
The Grade 12 heights problem* - How likely is iatltwo sample
means this far apart will occur if the populatioeans are equal?

WEEK 8

Lectures Test 1

Introduction to 2-sampletests (based on the Grade 12 heights prob-
lem)
How likely is it that two sample means this far dpeill occur if
the population means are equal? The answer tquieistion was es-
timated from the results of the practical and waspgared with the
probability calculated from the formal calculatiof®rmal hypoth-
esis testing language was not used
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Teaching plan — pre-intervention

Additional madeeind/or alterations for the first cycle of intention

Practica Work on projec

Introduction to ct-squared tests of independence via simul
The haemolytic uraemic syndrome (HUS) example -Hkely is it
that this number of children treated with antilietwill get HUS if
antibiotic treatment makes no difference? (REF)

WEEK 9

Introduction to cr-squared tests for independence
goodness-of-fit

Practica Calculation of ct-squared tests iExce

Tutorial  Project questior

Introduction to ct-squared tests for independence and goo-of-fit

» Test for independence - How likely is it that thismber of
children treated with antibiotics will get HUS ifi#biotic treat-
ment makes no difference? The answer to this questas es-
timated from the results of the practical and wamgared with
the probability calculated from the formal calcidat

» Goodness-of-fit - The V1 rocket problem — are thtad?oisson
distributed?

The formal language for hypothesis testing usddigilecture - the

null hypothesis, the alternative hypothesis, ctippoint — level of

significance, probability -value

Introduction to hypothesis tests on the line oft hiésia simuletion
Example of fitting line of best fit to a problem are there are er-
rors in the measurement.*

Project questior
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Teaching plar- pre-interventiot

Additional material and/or alterations for the ficycle of interventior

WEEK
10
Lectures Introduction to regression analysis Introduction to regression analysis
» Simple regression analysis The determination of the significance of the lifidest fit was
« Multiple regression analysis linked to the work in the last practical session.
Practical Regression analysisiRrcel Regression analysis and an introduction to thalysis of Variance
(ANOVA)
* Regression analysis Excel
Demonstration — the Analysis of Variance — a viassessment
_______________________________________________________________________________________________________ of whether or not two or more groups may have &ees W_‘?S’{‘ﬁ_:
Tutorial  Introduction to assignment 4
WEEK
11
Lectures Introduction to ANOVA, and Type | and Type Il ersor  ANOVA
« ANOVA Students used the work from the practical to esémadnich groups
« Type | and Type Il errors had significantly different means before the leetlrhese estima-
tions were compared with the results of the foroadtulations
_Practica_ Calculation of ANOVAsirExce  ANOVAinexce
Tutorial ~ Revision
WEEKS Revision and Test 2
12 &13
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Appendix B: The Questionnaires and test questions

B1 The first questionnaire

Please answer guestions in either the spaces prbeid when applicable, by cir-
cling the most appropriate answer.

Please note that these questions are designethir gaformation on students’
understanding of probability as they enter a stesisinit and are of varying diffi-
culty. If you find any of these difficult, this deaot in any way reflect your abil-
ity to complete the Data Handling and Statistici successfully.

Section A:

For questions one to five please circle the anskadris applicable to you.

1 Campus: Launceston Hobart

2 Gender: Male Female

3 Semester: 1 2

4 Course Biomedical Aquaculturc Pharmac Medicine Othe
Science

5 Highest level at which
you studied mathematics................

6 Was there any statistics
in your last mathematics Yes No
course?

Section B:

1. You are playing the game snakes and ladders withdther people. This
game requires you to get a ‘6’ on a die before gau start. After four
rounds no-one has started. Which of the followitagiesnents best matches
your conclusion?

a. Since a ‘6’ hasn’'t come up yet, it will come uptle next round.

b. Since the chance of getting a ‘6’ is 1 in 6, the should have come
up with a ‘6’ four times by now, so something isowg with it.

c. Throwing a die is a chance event, so it just hapfli&a this some-
times.
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d. If a‘6’ doesn’t come up soon, there must be somgttvrong with
the die.
e. There must be something wrong with the die.

2. ltis estimated that 14% of women will develop lstezancer sometime dur-
ing their lifetime. What is the best interpretatimfithis statement?

It is very likely that a woman will die of breasirwer.

Not many women die from breast cancer, but it isthat uncommon.
Not many women get breast cancer, but it is ndtuthaommon.

It is not likely that a woman will die of breastrzzer.

More women than not will get breast cancer.

It is very likely that a woman will get breast canc

It is not likely that a woman will get breast cance

More women than not will die of breast cancer.

SemoPo0oy

3.  The following message is printed on a bottle osprigption medication:

Warning: For application to skin areas there is a 5%
chance of developing a rash. If a rash develops,eult
your physician.

Which is the best interpretation of twisrning?

a. Don’t use the medication on your skin; there i®adychance of de-
veloping a rash.

For applications to the skin, apply only 15% of tlose.

If a rash develops, it will probably involve onl$% of the skin.
About 15 out of 100 people who use this medicatievelop a rash.
There is hardly any chance of getting a rash ingugiis medication.

oooo
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Section C.

1. Imagine that you are the captain of your localletdeam. The next sea-
son is coming up and you know that it is import#watt you win the toss
so you can choose whether or not you will bat first

You decide that you will choose heads for the erggason. What is the
chance that the coin will come up tails (and yairig the tosses) 4 times
out of 4?

2. Suppose tails did come up 4 times out of 4. Fosth®ss, should you

choose
a. Heads
b. Tails
c. Doesn’t matter
Please explain your answer.

3. What is the probability of getting heads on thigtrtess? Explain your
answer.

4. What is the probability of getting tails on thisxhéoss? Explain your an-
swer
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Section D

1. Half of all newborns are girls and half are boysspital A records an av-
erage of 50 births per day. Hospital B records\anage of 10 births a
day. On a particular day, which hospital is mokelly to record 80% or
more of female births?

a. Hospital A (with 50 births a day)

b. Hospital B ( with 10 births a day)

c. The two hospitals are equally likely to record saarevent.
Please explain your answer.

2. A tutorial group used this spinner. If you weresfon it once, what is the
chance it will land on an even number?

3. Out of the next 50 spins, how many times do yonkthihe spinner
will land on an even number? Why do you think ik
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4. If you were to spin it 50 times again, would yoyest to get the
same number out of 50 to land on an even number?d/lyou
think this?

5. How many times out of 50 spins, landing on an ewember,
would surprise you? Why do you think this is?

6. The members of three statistics tutorial groupss@igpins and
graphed the number of times the spinner landecha@van num-
ber. Each circle represents one person in theialignoup. In
some cases, the results were just made up witlotuelyy doing
the experiment.

Tutorial A

?ogﬁgggﬁgo?

0 5 10 15 20 25 30 35 40 45 50

a. Do you think tutorial A’s results are made up alkefrom the
experiment?
i. Made up
ii. Real from experiment
Explain why you think this.
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Tutorial B

b. Do you think tutorial B’s results are made up allgefrom the
experiment?
i. Made up
ii. Real from experiment
Explain why you think this is

Tutorial C

_ ?ggn§$n§§§? -

0 5 10 15 20 25 30 35 40 45 50

c. Do you think tutorial C’s results are made up @ilsefrom the
experiment?
i. Made up
ii. Real from experiment
Explain why you think this is
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Section E
1. Which probability do you think is bigger?

a. The probability that a woman is a schoolteacher
RO

b. The probability that a schoolteacher is a woman.
c. Both (a) and (b) are equally likely.

Please explain your answer.

2. The table below shows the number of defective Tprteduced every week at
two factories by the day shifts and by the niglitish

Factory A Factory B

Day 40 30

Night 40 60

a. How many defective TV's are produced at FactorwBrg week?

b. How many defective TV’s are produced by a nighttsvery
week?

c. If you were told that a defective TV was produceé&actory A,
what is the probability it was produced by a dai§t3h

353



3. An urn has 2 white balls and 2 black balls in izolballs are drawn out
without replacing the first ball.

a. What is the probability that the second ball istehgiven that the
first ball was white? Please explain your answer

b. What is the probability that the first ball was vehigiven that the
second ball was white? Please explain your answer.
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Section F

1. A new medication is being tested to determineffescéiveness in the treat-
ment of eczema, an inflammatory condition of thie.skhirty patients with
eczema were selected to participate in the stuldg.phtients were random-
ly divided into two groups. Twenty patients in aqperimental group re-
ceived the medication, while ten patients in a m@group received no
medication. The results after two months are shoglaw.

Experimental Group (Medica- Control Group (No Medica-
tion) tion)

Improved 8 2

No improvement 12 8

Based on this data, you think the medication was:

A. Somewhat effecti B. Basically ineffectiv

If you chose optiolA, select the on If you chose option , select theone
explanation below that best describes explanation below that best describes

your reasoning. your reasoning.

a. 40% of the people (8/20) in the ex- a. In the control group, 2 people im-
perimental group improved proved even without the medica-

tion.

b. 8 people improved in the experi- b. In the experimental group, more
mental group while only 2 improved  people didn’t get better than did (12
in the control group vs. 8).

c. In the experimental group, them- c. the difference between the numk
ber of people who improved is only who improved and didn’t improve
4 less than the number who didn’t is about the same in each group (4
improve (12-8) while in the control VS. 6).

group the difference is 6 (8-2).

d. 40% of patients in the experimental d. In the experimental group, only
group improved (8/20), while only 40% of the patients improved
20% improved in the control group (8/20).

(2/10)
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2. A tertiary institution is comparing the scores ofre tutorial groups on a
test of basic statistics facts. The test had nirestijons.

a. The scores for two of these tutorial groupssai@wvn in the charts
below. Each circle represents one person. Theréfor&roup A

four people answered two questions correctly, amdgdeople an-
swered three questions correctly.

Group A Group B

8

T T T T T T T T T T T
0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9

Number of Questions Correct Number of Questions Correct

Did the two groups perform equally well, or did agr@up perform better?
Please give reasons for your answer.

b. Now compare tutorial groups C and D.

Group C Group D

! ! ! (I) $ g g ! ! ! 8 g 8 §

r— T 1T 1T 1T "1 1
0 1 2 3 4 5 6 7 8 9 o 1 2 3 4 5 6 7 8

Number of Questions Correct Number of Questions Correct

Did the two groups perform equally well, or did agr@up perform better?
Please give reasons for your answer.
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c. Now compare groups E and F

Group E

Number of Questions Correct

Group F

o 8 8 8 4

T T T T T T T T
2 3 4 5 6 7 8 9

Number of Questions Correct

Did the two groups perform equally well, or did ogr@up perform better?

Please give reasons for your answer.

d. Now compare groups G and H

Group G

bbby

Number of Ouestions Correct

Group H

(0] (0]

§

I

i
I )

!

Number of Questions Correct

Did the two groups perform equally well, or did ogr@up perform better?

Please give reasons for your answer.

Thank you very much for your time.
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B2 The Second Questionnaire

Student NUMDEr: ... e

Please note that this questionnaire is investigatinforms of statistical think-
ing different to that in your formal assessments. ldw hard or easy you find
these questions does NOT reflect your ability to eoplete successfully the fi-
nal test.

Question 1.

Give an example of something that happens in aorangay. Explain why you
think this is an example of randomness.

Question 2

You work for a manufacturer of circuit breakers. i@gvto the difficulty of the
process, it is expected that 5% of these will bieatere. The occurrence of the
defective breakers occurs randomly. The breakersad in boxes of 25.

One of your customers buys a box with three defedireakers. This is 12% of
the contents of the box. Your customer is furiomsu are told that your underly-
ing rate is 12%, not 5% and they will take theistoun elsewhere.

a. If 5% are defective overall, them averagehow many defective
breakers would you expect to find per box?

b. It can be calculated th#tthe underlying rate is 5%, the probabil-
ity of getting 3 or more defectives in a box isIX8). Based on
these figures, getting three or more defectiveudiftereakers in a

box is:
i. Very likely
ii. Fairly likely
iii. Possible
iv. Unlikely

v. Very unlikely

Continued next page
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c. Does this box provide sufficient evidence thatuhderlying rate
of defectives for all the circuit breakers is gexdahan 5% as the
customer claims? Explain your answer.

Question 3.

Half of all newborns are girls and half are boysspital A records an average of
50 births per day. Hospital B records an averagidiirths a day. On a particu-
lar day, which hospital is more likely to record8@r more of female births?

d. Hospital A (with 50 births a day)
e. Hospital B (with 10 births a day)
f. The two hospitals are equally likely to record saahevent.

Please explain your answer.
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Question 4.

You are looking at the effects of supplementingitiftsh feed with vitamin E.
Some of the fish are given the standard commeiegal, and others are given the
same feed with double the level of vitamin E. Attesuitable time, you measure
the weights of the fish. The results are in théethlelow:

Standard fee Extra E
Mean weight (g) 256.4 263.1
Standard deviation (g) 12.3 11.2

You perform the two sample t-test and the p-value neceive is 0.45. Therefore
you tell your supervisor that the extra vitamindsmot made any difference to
the mean weight of the fish.

Your supervisor says that the mean weight of thle given ‘extra Eis higher
than the mean weight of those who were given tuedsird feed. Explain to your
supervisor why you say that even though the ‘etrieed has a higher mean
weight, the ‘extra E’ feed has not madsignificantdifference.

Question 5.

You are working for a consumer organisation. As payour duties, you select
49 boxes of “Get up and Go” cerearahdomand weigh the boxes. On the label
of the boxes you read that the minimum weight efttbx is 800g.
The standard deviation of the weight of the bogeBdig. Therefore the standard
error of the mean (the standard deviation of adisjmle sample means) is estimat-
ed to be 2g.

a. Assume the manufacturer’s claim that the minimunghteof 800g is cor-

rect. For your 49 boxes, is a sample mean of 799¢g

(i) Very likely

(i) Likely

(iif) Possible

(iv) Unlikely

(v) Very unlikely?

Give reasons for your answer.
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b. Again assuming the manufacturer’s claim to be abrfer your 49 boxes,

is a sample mean of 7969
(i) Very likely
(i) Likely
(i) Possible
(iv) Unlikely
(v) Very unlikely?

Give reasons for your answer.

c. At what value of a sample mean below 800g would stamt to suspect
the manufacturer’s claim to be untrue? Give reasmngour answer.

d. If you didn’'t use random sampling, how would thifeat your previous
answers in this question?
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Question 6.

A new medication is being tested to determinefitscéveness in the treatment of
eczema, an inflammatory condition of the skin. fhpatients with eczema were
selected to participate in the study. The patiemise randomly divided into two
groups. Twenty patients in an experimental grogeixed the medication, while
ten patients in a control group received no metinafl he results after two
months are shown below.

Experimental Group (Meda- Control Group (No Meda-
tion) tion)

Improved 8 2

No improvement 12 8

Based on this data, you think the medication was:

A. Somewhat effective B. Basically ineffective

If you chose option A, select the one If you chose option B, select the one
explanation below that best describes explanation below that best describes

your reasoning. your reasoning.
a. 40% of the people (8/20) in thx- a. In the control group, people m-
perimental group improved proved even without the medica-
tion.
b. 8 people improved in the exi- b. In the experimental group, mc
mental group while only 2 improved  people didn’t get better than did (12
in the control group vs. 8).

c. In the experimental group, the num- c. the difference between the numbers
ber of people who improved is only who improved and didn’t improve
4 less than the number who didn’t is about the same in each group (4
improve (12-8) while in the control vs. 6).
group the difference is 6 (8-2).
d. 40% of patients in the experimen d. In the experimental group, or
group improved (8/20), while only 40% of the patients improved
20% improved in the control group (8/20).
(2/10)

Continued next page
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Listed below are several possible reasons one migtgtion the results of the
experiment described above. Please circle the feit&EVERY reason you agree
with.

a. It's not legitimate to compare the two groups besesathere are different
numbers of patients in each group.

b. The sample of 30 is too small to permit drawingaosions.

c. The patients should not have been randomly putgraaps, because the
most severe cases my have just by chance endedome iof the groups

d. I'm not given enough information about how doctdexided whether or
not the patients improved. Doctors may have beaseli in their judge-
ments.

e. | don't agree with any of these statements.

Question 7

An urn has 2 white balls and 2 black balls in izoTballs are drawn out without
replacing the first ball.
c. What is the probability that the second ball istehgiven that the
first ball was white? Please explain your answer

d. What is the probability that the first ball was vehigiven that the
second ball was white? Please explain your answer.
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Question 8

Forty students from the Pacific University partatigd in a study of the effect of
sleep on test scores. Using random allocation, tynveinthe students were re-
quired to stay up all night studying the night befthe test (no-sleep group). The
other 20 students (the control ‘sleep’ group) wewgired to be in bed by
11:00pm on the evening before the test. The tesesdor each group are shown
in the graphs below. Each dot on the graph repteseparticular student’s score.
For example, the 3 dots above the 40 in the tophgnadicated that 3 students in
the no-sleep group scored 40 on the test.

- 88 B8 8 o o

(@) (@)
I I I I I I I I I I I I I I I I
25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

no_sleep

oo o B BE 8 8 8 4

(@]
I I I I I I I I I I I I I
25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

sleep

A. Examine the two graphs carefully. Then circle tdonclusion from the 6 pos-
sible conclusions listed below the ONE you MOSTeagwith.

a. The no-sleep group did better because none of gtadents scored below
35 and the highest score was achieved by a studéris group.

b. The no-sleep group did better because its aveggeaas to be a little
higher than the average of the sleep group.

c. There is no difference between the two groups ksxthere is considera-
ble overlap in the scores of the two groups.

d. There is no difference between the two groups kexthe difference be-
tween their averages is small compared to the atafwariation in the
scores.

e. The sleep group did better because more studettigsigroup scored 75
and above.
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f. The sleep group did better because its averageaepizebe a little higher
than the average of the no-sleep group.

B. Atlantic University repeated the same studydilawed the students tthoose
which of the groups (sleep or no-sleep) they cgaldnto. The Pacific Univer-
sity claims that allowing the students to choos@abias the results. Atlantic
University claims that this does not matter. WHigttiversity do you think is
correct? Give reasons for your answer.

Question 9

Fred is a plant geneticist and sent the resultssofesearch to a scientific journal
but his paper was rejected. He has sought help érsmatistician. Here is their
conversation:

Fred: I've just had my paper containing some importasths rejected because |
didn’t use random allocation of my treatments. Ndvave to repeat the whole
experiment!

Statistician: Tell me what you did.

Fred: | had a bench with eight pots sitting next to eattter along the bench. In
the first four pots | put my new wonder species anithe next four pots | put the
standard species. As | expected, my wonder sppoiekiced much higher
growth.

Statistician: OK. Of course, there may have been some otherrfaatging
along the bench which is responsible for the diffice.

Fred: I'm not that stupid! The temperature, light andmgtieing else is controlled
in this glasshouse. If | thought there was ancogffiect, | would have allocated
the treatments to take account of the fact.

Statistician: In that case, our task is simple. We will produnealiocation plan
by generating random numbers in the computer.

They do this, and find that the wonder varietyliscated to the first four pots,
and the standard variety to the other four pot,as before.

Fred: Great! You have just proved my results were vaéidduse they were ob-
tained under the layout recommended by randomatitmt.

Statistician: No! The editor rejected the WAY you obtained thgolat, not the
layout itself.

Fred: Il
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Can you explain to Fred why the randomisation veasrportant? See if you can
provide an argument for randomisation that will @megne Fred’s problem.

Thank you for your time
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B3 The Test Questions used in this study

1. A P-value of 0.98 indicates that the null hypothesialmost certainly
true. Is this statement correct? Give reasonsdar gnswer.

2. In the test of a null hypothesis that a new drugdpces the same expected
benefit as the standard drug, versus the altematpothesis that the new
drug produces a higher expected benefit than dwestandard drug, a p-
value of 0.01 is obtained. Explain what this resutans to a patient who
has read the result on the web but has no statistaning

3. A large number of Tasmaniaesidents were asked for their estimate of
the number of times they visited a GP in 2009.nFthe data, 95% confi-
dence limits were calculated for the mean numbersifs by Tasmanians
to a GP during 2009. The confidence interval vegorted as 7 to 11.

(@) In completely non-technical words, explain winas reported statement
means.

(b) What does the “95%” refer to?
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Appendix C: The coding protocols

C1 Coding protocol for the first questionnaire

Question Score  Explanation
B1 1 c
“Snhakes” 0 All others
B2 2 C
“Cancer” 1 g, b
0 NR, all others
B3 2 d
“Eczema’” 1 e a
0 b, ¢, NR, multiple selections
C1 2 1in 16 or similar
“Coin 1" 1 50%, 50-50 every time the coin is tossed
0 Other number, NR
C2 2 =, %2, each value ¥z with reasoning that imphes-
pendence
“Coin 2” 1 =, ¥, each value ¥z with reasoning tha¢sinot imply
independence, for example “there are only two out-
comes”
0 NR, a, b, illogical reasonit
C3,C4 2 =, %2, each value ¥z with reasoning thatieapnde-
pendence
“Coin 3-4” 1 =, ¥, each value %2 with reasoning that does nolyil
independence, for example “there are only two out-
comes”
0 NR, a, b, illogical reasoning
D1 3 b- reasoning suggests that probability for Hospitad
“Hospital” higher
2 b- “easier” or similar for Hospital B
1 ¢ — uses argument of independence of individirtis
0 Hospital A, NR, illogical reasoning
D2 1 50%, %2, 50-50, half
“Spinner 1” 0 NR, other
D3 2 Possibility of variation in outcomes indicated
“Spinner 2” 1 Strict probability used
0 NR, not reasonable number
D4 2 Recognition of the possibility of variation
“Spinner 3” 1 Anything can happen
0 Yes, NR
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Coding protocol for the first questionnaire (coniéd)

Question Score  Explanation
D5 2 >35,<15 or simila
“Spinner 4’ 1 >35 or similar only, larger extrerr
0 0 and/or 50 only, other single number, NR
D6e 2 Made up- too perfect/symmetrical/ne
“Tute A” 1 Made up — other reasoning
0 Real, NR
D6b 2 Made up with reasoning that includes two or nadre
“Tute B” * Too many results on two few numbers
* Would not get 0 and/or 50 evens
* No 25s
* Not clustered around 25
* Range is too wide
1 Made up — one of above reasons
0 No reason for choice, NR, Real
D6c 2 Real with reasoning that includes two or more of:
“Tute C” » Grouped around 25
* Some variation present/evidence of randomness
* Range is reasonable
1 Real — with one of above reasons
0 Made up, NR
El 2 b, Reasoning which takes all women’s occupatipr,
“Teacher” portion of teachers into account
1 b, personal experience that large numbers oheza are
women
0 a, NR, ¢ same questi
E2 1 1in 2/50%/ v
“Factory” 0 Other answe
E3¢ 2 1/3 with reasoning explain
“Urn A” 1 1/3 without reasoning explainejoint probability calu-
lated
0 NR, other answi
E3k 2 1/3 with reasoning explain
“Urn B” 1 1/3 without reasoning explained, joint probabitigicu-
lated
0 NR, other answer
F1 2 Ad - Uses proportional reasoning comparing one gl
“Med” to the other
1 Aa, Ab, Bd — Uses the results from one groumeuit
mentioning results of other group/uses raw scayes f
both groups
0 All others, no response
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Coding protocol for the first questionnaire (conied)

Question

Score

Explanation

F2
uA_Bn

3

Group B- All of Group B has a higher score than al
Group A, estimates means without full calculatiarses
totals and explains that numbers in each grouegueal
Group B — uses Group B’s results without refeesio
Group A, fully calculates means, uses totals wittsbat-
ing that group sizes are equal

Group B — “more” correct or similar

Group A, NF

F2
“C—D”

W o

Group C — calculates/estimates mean, uses totdls
explains that numbers in each group are equalyleads
frequency of each score

Group C-uses Group C’s results without referenc
group D, uses totals without stating that groupsire
equal

Group C — “more” correct or similar

F2
HE_FH

W=

N

Equal — mean or median used, uses totals andiesgpl
that numbers in each group are equal

Equal — uses totals without stating that grampssare
equal

Equal — no explanation

One group performed better than the other

F2
HG_HH

OrRrNyor

Group H — mean, median used/proportional reago
Group H — uses results of one group only

Group H — “more” correct or similar

Cannot be done, not fair, I
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C2 Coding protocol for the second questionnaire

Questior Codinc Explanatiol
1 2 Coin, Die or similar with appropriate explaoati
“Random” 1 Coin, Die or similar, no explanation
0 NR, Can't think of anything, Car breakdown angar.
2a 2 1.25
“CB 1" 1 1
0 NR, other answers
2b 2 (i)
“CB 2” 1 (), (iii)
0 (@iv), (v), NR
2c 2 No, used probability of 13% in reasoning
“CB 3" 1 Variation exists, other boxes may havesielsed formal
hypothesis test with no further explanation
0 NR, Yes
3 3 b- reasoning suggests that probability for HadBtis
“Hospital” higher
2 b- “easier” or similar for Hospital
1 c — uses argument of independenc individual births
0 Hospital A NR, illogical reasonin
4 2 ExplainsP-value in reasonir
“Fish” 1 Difference comes about by normal variation betw
samples
0 NR, other answer
5a 3 (i) - Appropriate use of standard errors isvear
“Cereal A” 2 (i), (iii) - Appropriate use of staadd errors in answer
1 Appropriate use of standard error in answesshudents
states that standard deviation was used
0 NR, other answer
5b 3 (i) - Appropriate use of standard errorsnsvaer
“Cereal B” 2 (i) - Appropriate use of standarda@s in answer
1 Appropriate use of standard errors in answestugent
states that standard deviation was used
0 NR, other answi
5c 2 Three or more standard errors below 800 g
“Cereal C” 1 Two or more standard errors below §0094 g instead
of <794 g, used standard errors but student diiadé¢s
standard deviation was used
0 NR, other answi
5d 2 All possible sampleneed to b equally likely
“Cereal D’ 1 Bias introduce/conclusionsnvalid
0 NR, Othe
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Coding for second questionnaire (Continued)

Questior Codin¢ Explanatiol
6a 2 Ad — Uses proportional reasoning comparing ooegr
“Med A” to the other
1 Aa, Ab, Bd — Uses the results from one groumexit
mentioning results of other group
0 All others, no response
6b 2 e
“Med B” 1 d
0 NR, any other answer, or combination of answers
7a 2 1/3 with reasoning explained
“Urn A” 1 1/3 without reasoning explained, jointglrability calcu-
lated
0 NR, other answi
7b 2 1/3 with reasoning explained
“Urn B” 1 1/3 without reasoning explained, joint probabitgicu-
lated
0 NR, other answi
8e 2 d — uses both mean and standard devii
“Pacific A” 1 c — usesstandard deviation or
0 NR, other
8k 2 Pacific university- all possible allocations of treatmel
“Pacific B” should be equally likely
1 Pacific University- bias may be introduc
0 NR, Atlantic
9 2 All possible combinations must be equédikely
“Fred” 1 Bias may be introduced/random allocation must leel
but no explanation given
0 NR, other answers
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C3 Coding protocols for the test items

Questior Codin¢ Explanatiol

1 3 False — P-value is probability of sample value
more extreme if kitrue, so sample likely if ktrue
2 False — Can only find evidence againgfTirue situ-
ation could be a value close tg H
1 False- cannot prove true or untrue in inferentiza-

tistics
0 True
2 3 If it were true that the new drug hthe same x-
pected benefit as the standard drug, then the proba
bility of the results shown by the new drug is only
1%.
2 Hypothesis test performed with no further explan
tion
1 New drug will do “better” or similar
0 Inappropriate use &-value
3a 2 Average number of visits to a doctor was betweé
and 11

1 Average number of visits to a doctor was betwéen
and 11, 95% of the time/on average Tasmanian visit-
ed a doctor between 7 and 11 times

0 7 to 11 Tasmanians visit a doctor, other an

2 Process used is correct 95% of the time/Chaa-
rameter will be included is 95%

1 95% of sample means will be within two stand
errors of the population mean

0 True for 95% of population, 95% of time popudati
mean is between 7 and 11, other answer

3k
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Appendix D: The simulations and demonstrations

D1 Introduction

This appendix contains the instructions for theudations and demonstrations as
they were given to the students. At the time otingi the students had access to
Microsoft Excel 95The instructions need altering if they are taibed inMi-

crosoft 97or a later version.

D2 Introduction to simulation — the Chinese birth problem

The aims of this exercise were:

* To introduce students to the process of simulation.
* Tointroduce students to the idea that samplesnwilireplicate exactly the

populations from whence they came.

Student instructions

Using simulation, an experiment or process in limtan be mimicked to see
what would happen if the conditions were changedtatistics, simulation is use-
ful because we can repeat a process many timeesdhkt not be repeated in real-
ity.

Example: The Republic of China has had a one giulity for many years. In
rural areas this has caused distress to those &hbanboy to carry on a farm.
What would happen to the ratio of male to fematehbiif the policy was changed
so that a couple could keep having children uritidby boy was born? (Assume
that no prenatal testing takes place)

Choose one of the options below:

* There would be an increase in the number of boys bompared to girls
born.

* There would be an increase in the number of gote lcompared to boys
born.

* The ratio of boys born to girls born would remagual.

This is not a question that could be answeredyemsikeality. However, with a
coin it will take just a few minutes. For this silation a ‘head’ will represent a
boy, and a ‘tail’ will represent a girl.
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Now do 10 trials. In each trial toss a coin andpkeessing until a head is ob-
tained. This will represent the number of childbemn until a boy is born. Each
trial will represent the births for one family, thére you will be trialling the
births for a total of 10 families. Record your aessvin the table below.

Trial number HorT BorG

Example (do not include this in your final tally) TH GGB

O[NP WINF

1C

Total number of children born:

Number of boys:

Now, answer the question again.

What would happen to the ratio of male to femaithbiif the policy was changed
so that a couple could keep having children unitiaby boy was born?

Choose one of the options below:

* There would be an increase in the number of boys bompared to girls
born.

» There would be an increase in the number of gote lcompared to boys
born.
* The ratio of boys born to girls born would remagual.

Is this answer different to your first answer?df what was incorrect with your
reasoning? What is the correct explanation?

D3 Demonstration — Means vs. Medians

The aims of this exercise were:
* To introduce students to the formulae for calca@8ummary statistics in
Microsoft Excel
» For students to observe the effects of an errdrérdata on the mean and

median of this data.
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Student instructions

1.

2.

Open up the excel file butterfly.xIs. This contaihe data for the butterfly
wing lengths for 20 specimens.
Go to cell A17 and typmean= In cell B17 type =average(B2:B16). Re-
member you can highlight the data in the brackettead of typing in the
cell range. Press enter. Write the answer here:
Go to cell A18 and type median=. In cell B18 typaedian(B2:B16).
Press enter. Write the answer here:
Go to cell A19 and type std.dev.=. In cell B19 tystdev(B2:B16). Press
enter. Write the answer here:
Now change one of the numbers to a very high valag 1000. Before
you do this, answer the following question:

a. After the value is changed, the new mean will be:

Higher Lower The same

b. The new median will be:
Higher Lower The same

c. The standard deviation (a measure of the spretiteafata will be:
Larger Smaller The same

Write down the new values:
a. The new mean is:
b. The new median is:
c. The new standard deviation is:

Experiment with a few more changes, then circlecthreect answer in the
following statements:
a. If there is an error in the data, the mean/mediahe LEAST af-
fected by this error.
b. If there is an extreme value (an outlier) in théadéhe
mean/median is LEAST affected by this extreme value

The Real Estate Institute of Tasmania reports qtlgnnedian house
prices. This is because:
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D4 Simulation — What is “random”?

The aim of this exercise was to stimulate studethteking of the meaning of
randomness in the statistical sense. The exer@samthe “predict, test, re-
evaluate” format (see Section 5.4).

Student instructions

Section A

One problem that occurs in epidemiology is how d&tl the situation when
several people in a small area come down with dheesdisease. Is there a com-
mon cause for this event, or is this a chance @veot example, if five children

in a town of 3,000 people get the same form of dewkia, does this mean there is
something wrong in the town’s environment, or is fbst a chance happening?

You might remember that in 2006 the ABC studioBiisbane were relocated at
great expense after there were several casesadtlmancer in the women who
worked there. A Statistical analysis concluded thetwas a cluster, and not a
chance happening, even though the cause coulceridehtified.

(For more information go to www.abc.net.au/rn/he@port and go to the tran-
script for February'8, 2007).

Here is a5 X 5 grid. You have 50 buttons to distie. If the buttons are distrib-
uted at RANDOM, how many buttons do you expecée® is each cell? As you
think about this consider the following questions:
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1. Do you expect that a random process will give &ody even spread,
that is, exactly two buttons per cell?

2. If you answered no to question 1, how much vanmisoallowable before
you will say the pattern is not random, but clustér

3. Look at grid A which gives the number of buttonsach cell. Were the
buttons distributed randomly, or are they clusteréthy do you think
this?

4. Look at grid A which gives the number of buttongach cell. Were the
buttons distributed randomly, or are they clustéréthy do you think this

Grid A

3 0 3 4 1
3 3 3 3 5
1 1 3 0 3
2 1 2 1 2
0 2 2 1 1

5. Now look at Grid B. Were the buttons distributeddamly, or are they
clustered? Why do you think this?

Grid B
2 1 3 0 3
1 3 1 2 1
5 3 1 2 1
2 2 2 1 2
3 1 1 6 1
Section B

Now you are going to simulate this for yourself.

1. Go to anExcelworksheet and in cell Al type Kand in cell B1 type ifY.
2. In cell A2 type=ROUNDUP(5*RAND(),0) Be careful to match up all the
parentheses. Press enter. This will give you a rurbbtween one and

five, produced by a random process. You will notltat the random
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number generator recalculates every time you @etes, do not worry
about this.

3. Copy across to cell B2 and then down until row¥du now have 50
pairs of numbers.

4. Highlight the two columns and then make a pivotdaput X in the rows
section, and Y in the columns section. Pick up X@nd place in the ta-
ble to give the counts. Make sure your data atberform ofcounts, and
not sums.

5. You have now simulated distributing 50 buttons iaté X 5 grid. Look at
this pattern. Is it more (less) clustered than ggpected? If you have
time, do another pivot table and see the results.

6. Now go back to your answers for questions 3 armdSeiction A. Do you
agree with your answers from before? Give reasons.

Section C.

Now consider, what makes something random? Thisbeitliscussed in your tu-
torial and lectures. You will also be given thewess to questions 3 and 4.

D5 Demonstration — the V1 rocket problem

The aims of this exercise were
* To give students a real example of a Poisson psowbsre the assump-
tion of independence was extremely important.

» To introduce students to a goodness-of-fit probiemn informal manner.
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Student instructions (most of the following is diretly quoted from Clarke
(1946)
A Real and Interesting Problem for You to Work On*

An Application of the Poisson Distribution
By R.D.Clarke, F.L.A.
Of the Prudential Assurance Company, Ltd.

Readers of LidstoneNotes on the Poisson frequency distribution (JV.@l.
LXXI, p.284)may be interested in an application of this disifiitn which | re-
cently had occasion to make in the course of atipeddnvestigation.

During the flying-bomb attack on London, frequessertions were made that the
points of impact of the bombs tended to be groupetsters. It was accordingly
decided to apply a statistical test to discovertivieany support could be found
for this allegation.

An area was selected comprising 144 square kil@setf south London over
which the basic probability function of the distriton was very nearly constant,
i.e. the theoretical mean density was not subgentdterial variation anywhere
within the area examined. The selected area wadadivinto 576 squares of ¥4
square kilometre each, and a count was made ofulmbers of squares contain-
ing 0,1,2,3,...,etc. flying bombs. Over the periodsidered the total number of
bombs within the area involved was 537. The expgkotenber of squares corre-
sponding to the actual numbers yielded by the caugmé then calculated by the
Poisson formula.

The result provided an exampleaafnformity/non conformity to the Poisson
law.

The actual results were as follows - complete &iidet

No. of flying Probability of no. of, Expected no. of| Actual no. of
bombs per square bombs per square squares squares
(Poisson) (Poisson)
0 22¢
1 211
2 93
3 35
4 7
5 and over 1
576

The closeness of fit which in fact appears leswjgport/no support to the clus-
tering hypothesis.

*From the Journal of the Institute of Actuaries,|Vi2 (1946), p.481.
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One of the assumptions of the Poisson distribusdhat each unit of
time/volume/space is independent from the otheesaBse these data fitted a

Poisson distribution, it was concluded that thes&ets were falling randomly.

D6 Simulation — the sampling distribution of the m ean

The aim of this exercise was for students to discdivat if the sample size is
large enough, the means of these samples meansfidionmal distribution. .
The exercise was in the “predict, test, re-evaluatenat (see Section 5.4).
Student instructions

The Distribution of Sample Means

Today we are going to examine the “sampling distidn of the mean”. What is
meant by this?

By the distribution, we mean the pattern into which data fall. Figure 1 shows
the histogram of the heights of 200 grade 5 childou can see that the shape of
this histogram is very close to that of a Normatritbution. The data are left
skewed, that it, there are a small number of childvho are shorter than the rest.
The result is that the shape is not exactly synmiostr
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Figure 1. Distribution of heights of 200 grade 5ldren.

Now, if you were to take a large number of samfiles these data, and then cal-
culate the sample mean for all of these samplesldxhistogram of these
means have the same shape as the original datagi€terthe following sen-
tence:
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| think that the histogram of the means will halvedame shape/different shape
to that of the original data.

It would be possible, but very time consuming,aketa large number of samples
from these data and then calculate and graph tla@sn&o we will go another
route using simulation.

Scenario 1 — the original population forms a Normabistribution

1. A random observation from a Normal population withanu = 100 and
standard deviatioa = 20 can be produced in Excel by:

=NORMINV(RAND(),100,20)

Type this in cell A2 of a new sheet. Copy this asrfor 5 columns (A2 to
E2). These numbers consist of a random sampleefssirom the Normal
distribution.

2. In cell F1 type in the word MEAN, and in cell F2aaate the mean of this
sample.

3. Now, highlight the cells from A2 to F2 and copyskecells down to row
1001. Now you have 1000 samples of size 5 fromrenalby distributed pop-
ulation which has a mean of 100 and a standarchtieriof 20. In column F
the means of all these samples has been calcu(étadght take a moment or
two for Excel to do the calculations, wait!)

4. What shape will the histogram of the means have&nBwer this question, in
cells H2:H14 type the numbers 70, 75, 80 ... up @ F3om here on you
must follow these directions VERY CAREFULLY! In ginular, do NOT
press enter until you have fully read the instrtdi Highlight all the cells
from 12:114. Type:

=FREQUENCY(F2:F1001,H2:H14)

Check that you have not made a mistake andRRESS CTRL, SHIFT and
ENTER. This is an array formula and excel will add braimethe outside of
the formula.

5. Now highlight the cells from H2 to 114 and use thart tool to draw a col-
umn chart. What shape does histogram have? Skdiehei.

6. You can press F9 and see what happens each tindrgauANOTHER 1000
samples of size 5.

7. What is your conclusion? When a population has arfdbdistribution, the
sample means form
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8. Calculate the mean of all the means, and the stdmf#sviation of the means.
Mean = , Standard deviation =

THIS WORK TAKES UP CONSIDERABLE MEMORY. TO STOP THEX-
ERCISES GETTING TOO SLOW, CLEAR THE SHEET BEFORE ING
THE NEXT EXERCISE.

Scenario 2. The Population Has A Uniform Distributbn

A Uniform distribution is one where every numbes laa equal chance of being
selected. Therefore the random number generatdel produces a Uniform
distribution because every number between 0 arablhe same chance of being
selected.

In the previous section, we saw that if the origiP@PULATION is normally
distributed, the SAMPLE means form a distribution.

The population in this exercise is uniformly distriied; the histogram of a Uni-
form distribution is in Figure 2. Note that everlis roughly the same height.

120
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Figure 2. Example of a Uniform distribution.

What shape do you think the histogram of the SAMPRALEANS will have?

Now to find out.
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1. Go to a new sheet in Excel. In cell A2 type =ran@Qpy this formula across
to cell E2. These five numbers represent a randonpke of size five from
the uniformly distributed population.

2. Goto cell F1 and type in the word MEAN. Go to d&ll and calculate the av-
erage of the five cells.

3. Highlight all the cells from A2 to F2 and copy thetown to row 1001. You
now have 1000 samples of size 5 from a populatibichvhas a Uniform dis-
tribution. The averages of all these samples aceliimn F.

4. In cells H2 to H11 type in the numbers 0.1, 0.3,.0. up to 1. Highlight the
cells 12 to 111 and use the frequency formula dereethat is, type:

=FREQUENCY(F2:F1001,H2:H11)
And then press CTRL, SHIFT and ENTER.

5. Highlight the cells H2 to 111 and produce a coluaimart. What distribution
does this histogram have? Aresygurised? Sketch it
here.

Scenario 3 — A Binomial distribution

In this section you will use the random numbersdaostruct samples from a Bi-
nomial distribution where the probability of a sess is 0.75. To do this, all the
random numbers that are less than 0.75 will belldbél’, and all those with
random numbers 0.75 or less will be labelled ‘0’.

1. Go to a new sheet in Excel. In cell A2 type =ran@Qpy this formula across
to cell E2. Then, making sure these five cellstaghlighted, copy these cells
down to row 1001.

2. Now go to cell G2 and type: =IF(A2<0.75,1,0). Preager and then copy this
formula across to cell K2.

3. In cell L1 type: mean. In cell L2 type: =average(&2). Press enter. Then
highlight the cells from G2 to L2 and copy them dote row 1001. The L
column represents the mean of 1000 samples obsideawn from Binomial
distribution where the probability of a succes8.i&5.

4. What pattern will the histogram of the averagesef?aVo find out, draw a his-
togram. To do this go to cell N2 and type in 0.2,0.. up to 1 in cell N11.
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Then go to Tools, Data Analysis and use the histogtool. The L column
goes into the Data Range box (leave out the lahat),the cells in the N col-
umn go into the bin range. Don’t forget to seldwrt output.

5. What does the pattern of the means look like? Bkietrere.

6. Now repeat steps one to five, but this time you salect samples of size 25.
Therefore the random numbers will go in column®A’t and the 1's and O’'s
will go in columns AA to AY, and the means will gato column AZ. Draw
the histogram. Make the bin from 0 to 1, in step8.d. What pattern does the
histogram of the means have? Sketch it here.

Now go back to the original problem of the heigbt<hildren in grade 5. What

distribution will the sample means have from thigpplation?

NOW FOR THE OVERALL CONCLUSION.
FOR ANY POPULATION:

IF THE SAMPLE SIZE IS LARGE ENOUGH, THE SAMPLE MEABIFORM
A DISTRIBUTION. FOR THIS TO BE TRUEE ORIGI-
NAL POPULATION MUST BE/DOES NOT HAVE TO BE A NORMAL DIS-
TRIBTUTION.

(THIS IS TRUE EXCEPT FOR SOME RARE EXTREMELY SKEWHPDPU-
LATIONS.)
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D7 Simulation — hypothesis testing

The purpose of this simulation was to introducelstis to hypothesis testing in
an informal and visual way. The assumption in éxisrcise is that the population
is evenly divided between those who are and arénrfawvour of a local council
proposition to keep koalas as pets. If a formalotiypsis test was to be carried
out this assumption would constitute the null hjagsis. This simulation also
gives students a practical demonstration of thepiamvariation that can result

from taking repeated samples from the same populati

This simulation is based on an article by Erick&006). The exercise was in the

“predict, test, re-evaluate” format (see Sectiat).5.

Student instructions

A survey

There is a proposition on the ballot in the upcamiouncil election which, if
passed, will make it legal to keep koalas as petresident of the local Koala
Foundation, you hope that this proposition will.fé&a a poll of 50 voters, only 19
(38%) will say they will vote yes.

You are now very happy. Since only 38% of your si@mwpte yes, you are sure
the proposition will fail. However, your 50 votease only asample from the to-
tal population of voters. If you should survey another 50 votdsyou expect to
get exactly 19 in favour again? Why or why not?

Is this proportion of 38% likely to be true for tiwbole population of voters?

50% is the threshold, the borderline between sgcard failure. Let us imagine,
then, that the population as a whole is evenly,Spli% for and 50% against.

Now ask, if the situation for thehole population is 50% in favour of the propo-
sition, how likely is it that we getsampleresult as low as 38%? Or, if 50% of
all the voters are in favour of the proposition, hdwll is it that we will get a
sampleof 19 voters out of 50 in favour? Let us use theputer to answer this
guestion.

Step 1: Go to akxcelworkbook. In cell Al, type: =rand().

(The random function gives a number where all tinalpers between 0 and 1 are
equally likely. You will notice that each time yode something in the worksheet
these numbers change. Don’t worry about this.)
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Copy this cell across to column AX, and then kegjtire top row highlighted,
copy down to row 500. You should now have 500 rowS0 numbers each.

Step 2: Now go to cell A503 and type: =if(A1>0.B)1 Again copy this cell
across to column AX and then down to row 1002.

Each row represents a sample of 50 people. Eatrepeésents a single person.
Owing to the way it is set up a ‘1’ represents espe who said ‘yes, they are in
favour’, and a ‘O’ represents a person who said they are not in favour.

Step 3: How many of your samples of 50 (represebyeeiach row) have 19 or
less people in favour? To find out, go to cell AB=nd type:
=sum(A503:AX503). Press enter and copy down forS(@ rows.

Have a quick look at the range of values you h¥ieat is the lowest number out
of 50 people in favour of the proposition (out oluy 500 simulations)? (Don't
spend too much time on this)

What is the highest number out of 50 people in é&out of your 500 simula-
tions)?
Now for the tricky bit. Make sure you follow thestnuctions EXACTLY.
When you get to step 4b, do NOT press enter witheading to the end!

Step 4a: Go to cell BA503, and type: 12. Continowmlthe column with the
numbers 13, 14, etc until you get to 40. The nusikaould be in cells BA503 to
BA531.

Step 4b: Highlight the cells BB503 to BB531 andetyp
=frequency(AY503:AY1002,BA503:BA531) Do NOT pressster!

Check that you have typed in the formula correethyd then press control, shift
and enter at the same time.

Step 5: Highlight the cells BA503 to BB531 and drawolumn graph. What is
the shape of this graph?

How many times, out of 500 samples, do you getgpawhere there are 19
people or less in favour of the koala propositidn7answer this, go to step 6.

Step 6: Go to cell BA533 and type: 19 or less=
In cell BB533 type: =SUM(BB503:BB510). This givesuy/the number of sam-
ples with 19 or less people in favour.

Step 7: To make this number a proportion, in célbB4 type: proportion=
In cell BB534 type: =BB533/500. You can make timtoia percentage in the cell
below (*100) if you wish.

Now, in how many samples out of 500 are 19 peopless in favour of the
proposition, if the population is evenly split? Wipaoportion of the total number
of samples is this? Remember you can press F9uwdnchatically repeat the
whole process with a new set of 500 samples.

Conclusion Therefore, IF the POPULATION is evenly split, tyeg a SAMPLE
with 19 people or less out of 50 in favour is:
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Almost impossible
Unlikely but still possible
Very likely

Almost certain

oo

From your sample of 19 people out of 50 in favaayld you conclude that the
proposition might still pass when ALL of the ratgpes vote?

Conclusion Therefore, IF the POPULATION is evenly split, tjeg a SAMPLE
with 19 people or less out of 50 in favour is:

a) Almost impossible

b) Unlikely but still possible
c) Very likely

d) Almost certain

From your sample of 19 people out of 50 in favaoyld you conclude that the
proposition might still pass when ALL of the ratgpes vote?

At the next lecture the hypothesis test was sdoupally, but without the alter-
native hypothesis. The-value was calculated using the Binomial distribnti

P(x<19|n =50, p = 0.5) = 0.0595.
The formula in excel, with which the students wiamiliar is:
=BINOMDIST(19,50,0.5,1)

D8 Demonstration/simulation — how confidence inter vals work

The aims of this demonstration were:
» For students to see that some confidence inteivalsde the value of the
population mean, while others do not.
» For students to see that the proportion of theidente intervals that in-
clude the value of the population mean depends@miimber of standard

errors used in the calculation.
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Student Instructions

Aim: To use computer simulation to demonstrate hoveconfidence intervals

work.

1.

Open upexcel In cell A2 type ‘=12+rand()’ and then copy acréss30
columns, i.e. to column AD. Then copy down all theslumns for 100
rows, i.e. to row 101. You should now have numlo@k00 rows for 30
columns. Eaclnow will be treated as a separate random sample ohsize
30. Notice that each time you presgerthe random function will recal-
culate the values in the cells; don’t worry abdus.t

Note: Since these numbers belong to a Uniformiligion the average
for the whole population of numbers will be 12.5.

Go to cell AE1 and type ‘mean’. In cell AF1 typed=rror’. In cell AG1
type ‘LL’ (for lower limit) and in cell AH1 type ‘W’ (for upper limit).

Now to calculate the mean for each of our sampieize 30. Go to cell
AE2 and type ‘=average(A2:AD2)'. Press enter anglydhis formula
down for the 100 rows.

Now to calculate the standard error for each ofstmaples. Go to cell
AF2 and type =stdev(A2:AD2)/sqgrt(30)’. Again presger and copy
down for the 100 rows.

Now you have 100 samples of size 30. You haveadsilated the
standard error for each of these samples. Remetimdeit is usual to not
be sure of the population standard deviation artht@ toestimateit
from the sample.

Approximately how many of thesamplemeans do you expect will be
within one standard error of tip@pulation mean?

Now calculate the one standard etvetow the sample mean. Go to call
AG2 and type =AE2-1*AF2. Press enter and copy down.

Now calculate the one standard embovethe sample mean. Go to call
AH2 and type =AE2+1*AF2. Press enter and copy down.

You now have the upper and lower limits for aninéé whichestimates
where the population mean lies. Does this intemealially contain the
population mean? Go to cell Al2, and type (be careful!)
=IF(AND(12.5>AG2,12.5<AH2),1,0). Copy dowrf your interval does
contain the population mean this formula will rettt’, if the interval
does not contain the population mean this formulereturn ‘0’.

Look at some of the rows with a ‘0’ and you wilkestnat the numbers be-
tween the upper and lower limit do NOT include 12.5

How many of these intervals contain the populatian? To determine
this, click in cell Al102 and then go to the to@irand presg, the Auto-
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Sum button, and press enter. What is the number? is it close
to what you estimated in step five?

10.Press F9 and you will see that the values in thésteet are recalculated.
Repeat this and watch the pattern to see how miaygyun intervals con-
tain the population mean.

11.Now repeat the process for two standard errorseabod below the mean.
First of all, how mangamplemeans do you expect will be within two
standard errors of thgopulation mean? Now all you need to
do is go to cells AG2 and AH2 and change ‘1* t& ‘@nd copy the for-
mulas down. How many of these sample means aréwitio standard
errors of the population mean? Is this whatexpected?

12.Now repeat the process for three standard errost.d¥ all make your
prediction ( ), and then compare it with yaciual value
(G

D9 Simulation — The Grade 12 Heights problem

This exercise was based on the work of Erickso0§20The aim of this simula-
tion was to simulate the null hypothesis, in tlasethat there is no difference in
mean heights between year 12 male and female dtudgach time the simulation
was carried out the difference in means was recoatel compared with the dif-
ference in means when the data were divided byagefithe results were pooled
so that an informaP-value could be calculated. This simulation watofeéd by

a lecture that introduced the formal 2-santgiest procedure.

Student Instructions

1. Open up the file G12heights.xls. This file contatims heights and gender of
a random sample of 34 grade 12 students who pzatedi in the Census at
Schools program. These data were obtained fromatidom sampler avail-
able from the Australian Bureau of Statistics wigd: svww.abs.gov.au.

2. Are adult males taller than females? You are mbksly to say ‘yes’, but it
is likely that all the females doing this unit kne@ame males shorter than
they, and all the males will know some femalestahan they. So how can
we say males are taller than females? This is wlereanmary statistic such
as the mean becomes useful. A more precise questiold be: Is the mean
height for males taller than the mean height fandkes?
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3. Have a look at the data in the G12 file. The dateetheen sorted into males
and females, and the mean heights for each geaderldeen calculated.
Have a look in cell H2, you will notice that this samplethe male mean
height is 11.62cm higher than the mean heightdordies. What are we
likely to find for the wholepopulation? Answer the following question:

4. If you took another random sample from this Cersuschool data for
grade 12 students, will you get the same differdreteeen the mean male
and mean female height? Explain your answer:

5. We will call the observed difference of 11.62cm tbst statistic Now, im-
agine that in reality, the mean heights for male$famales are equal. If
this is the case, gender will have NO INFLUENCEheght. Could this be
true? How can we test this? One way of testingftiliews:

6. Go to the worksheet and in cell B2, type in =rarat(@l copy this formula
down to cell B35.

7. Highlight the data in columns B and C. and go téeD8&ort, sort by RAN-
DOM, and press OK.

8. Now the results are distributed randomly, whahedifference in means
between the first and second group? Is it clogelt62? Write your differ-
ence down in the table below.

Test statistic = 11.62

Randomised Resul 7: 14:
1 8: 15:
2: 9: 16:
3: 10: 17:
4: 11: 18:
5: 12: 19:
6: 13: 20:

9. Repeat step 2 until you have 20 differences in meacorded. Note that
this process assumes that being a male or femakndanake a difference
to the overall mean height.

10. Place your results on the tally in the whitebodittese will be discussed
in the next lecture. Answer the following.

11. Does the observed difference of 11.62cm belonpddtstribution of dif-
ferences when the data are scattered at randorsN&'e

12. If there is really no difference in male and femalean height, then the
observed difference in the sample of 11.62cm is:

Common  Likely Unlikely ey Unlikely

13. From these data, do you think that males reallipaee a mean height that

is higher than that for females? Give reasons doir ynswer.
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D10. Simulation — the chi-squared test for independ  ence.

This simulation is based on a paper by Burrill @00'he purpose of this exercise
was to introduce students to the chi-squared teshflependence in an informal
way. The students were required to compare therobdeesults with those ob-
tained if the null hypothesis were true, thathsttthe two categorical variables
were independent. The students were introduceuketéormal procedure for the

chi-squared test for independence in the lectuss #iis exercise.

Student Instructions

Headline in newspaper: Antibiotics can worsen E-odéctions.

According to a study from the University of Washimg School of Medicine
(Wong, Jelacic, Habeeb, Watkins, & Tarr, 2000)%)dren who may be infected
with the bacteria E-coli 0157:H7 should not be tedawith antibiotics because
they raise the risk of a potentially deadly comgtien called haemolytic uraemic
syndrome (HUS). Researchers looked at 71 childiégmBvcoli poisoning, nine
of whom were treated with antibiotics. Of the nifiee developed HUS. Among
the remaining 62, five developed HUS. Do the dafgpsrt the headline?

The original data are shown in Table 1.

Table 1. Data showing incidence of HUS with treaiad untreated children

Antibiotics No Antibiotics Total
HUS 5 5 10
No HUS 4 57 61
Total 9 62 71

At this time, do you think that the evidence suggésat the researchers are cor-
rect, that treating with antibiotics increasesc¢hance of a child getting HUS?
Now the totals in each row and column have to reamanstant, that is the total
number getting HUS remains at 10, and the totalbmrgiven antibiotics re-
mains at 9 and so on. Fill in the next table, assgrthat the antibiotics have a
STRONG POSITIVE effect on contracting HUS, i.e. sra@e receiving antibiot-

ics will get HUS.

Table 2. Strong positive evidence relating antibfoand HUS

Antibiotics No Antibiotics Total
HUS 10
No HUS 61
Total 9 62 71
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The other extreme is that antibiotics have a STROME&ATIVE effect on get-
ting HUS, i.e. everyone receiving antibiotics VNIDT contract HUS. Assuming

this is the scenario, fill in Table 3.

Table 3. Strong negative evidence relating aniitsand HUS

Antibiotics No Antibiotics Total
HUS 10
No HUS 61
Total 9 62 71

Now assume that the HUS affects children with B-@d57:H7 completely at

random. If this is the case, the proportion otladl children with E-coli 0157:H7
who contract HUS, will be the same as the proportibthose taking antibiotics
and contacting HUS, and the same as the propasfitmose who did not take

antibiotics yet contracted HUS. (For example, ibf/all the children with E-coli
0157:H7 contract HUS, then ¥4 of the children whe rast on antibiotics will get
HUS, and ¥4 of those not taking antibiotics will §#1S). Complete the follow-

ing table. Go to one decimal place.

Table 4. Numbers of children contracting HUS ifedise occurs at random.

Antibiotics No Antibiotics Total
HUS 10
No HUS 61
Total 9 62 71

Compare this with Table 1, which contains the datuanbers contracting HUS,
so do you think there is a relationship betweertreating HUS and whether or
not a child receives antibiotics? Give reasons.

The random number generator was then usé&k@elto simulate the number of
children who contracted HUS who were on antibiotidse students were asked
to repeat the simulation 10 times and to tallyrthesults on the whiteboard. The
students were then asked:

Now answer the question again. Do you think the lielationship between con-
tracting HUS and whether or not a child receivatbastics? Give reasons. Is this
answer different from your last answer?

*Wong, C., Jelacic, S., Habeeb, R., Watkins, STa8r, P. (2000). The risk of
hemolytic-uremic syndrome after antibiotic treatteinescherichia coli
0157:H7 infectionsThe New England Journal of Medicine, 34930-1936.

D11 Simulation — Fitting a line of best fit to dat  a with measurement error

This exercise was based on the work by Frankli®2)9The aim of this exercise

was to show students that as measurements invaolye the underlying regres-
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sion population parameter@ndp;) are different from the estimated coeffi-
cients obtained from the sampéeandb. The exercise gives a visual representa-
tion of the way a sample line may vary around tinee” line. The other aim of
the exercise is for the students to have a visei@ahstration of regression lines

with gradients that are not significantly differéram zero.

Student instructions

Finding the Line of Best Fit for Real Data

Most of you will have found the equations of lineschool. For example, given
the points (2,7) and (4,11) you would have fourat the equation of the line that
goes through these two points is: y = 2x + 3. Phéere refers to how steep the
line is, thegradient and the ‘3’ here refers to where the graph itets the Y-
axis, theintercept The graph looks like this:
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You may also have found the “line of best fit” xperimental data, since for
real data you do not get all the points fallingakeon the line. Therefore, the
graph may look like this:

No matter how sophisticated your equipment, ALL MEAREMENTS ARE
MADE WITH ERROR. Also, your data are only a samaiel may not represent
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the entire population. If you were to repeat thpegiment, you will not get exact-
ly the same values. How does the inevitable expartal error affect your esti-
mates of the gradient and intercept? Imagine tbataye the deity of linear alge-
bra, so that you alone know the true gradient atetéept of an experiment a
lowly mortal is about to perform. This will mearathyou alone know that the true
relationship between X and Y is: Y = 2X +3.

1.

Go to a new sheet in excel. In cell Al type X, anthe A column type in
the whole numbers from 1 to 5.

In cell B1 type Yactual, and in cell B2 type: =2*A2 Copy this formula
down. These are the values that experimentergeilif their equipment
is perfect, so that no errors are made in the mea=&nts.

Now to model the experimental error, go to cellaft type error, and
then go to cell F2 and type, =NORMINV/(rand(),0,Cppy the formula
down. This mimics an error from a Normal distrilomtiwith mean zero
and standard deviation 1.

Now go to cell C1 and type the heading Yobservad,ia cell C2 type
=B2+F2. Copy this formula down. This column mimibs readings you
get in a real experimental situation, where theeeearors in the measure-
ment.

Now highlight the cells A1:C6, and plot a scattetpmaking sure the
cells in the A column are in the X-values celllie tvindow.

How do the real results compare with the actuabsibon? First of all, put
the mouse over one of the Yactual data points. tRilitk, go to add
trendline, options, display equation on graph, dick OK. Do the same
for the Yobs data, but also right click on the thame and format it so that
it is a dashed line. The result should look sonmgtlike this:

u y=2x+3
12 // y = 11653 + 5.2369
-0
10 o
8 l_ ¢ Yactual
. )y u
L d
6 v ®  Yobs
4 4
2 Linear
(Yactual)
0 T T = = = .Linear
0 2 4 6 (Yobs)

See how far the estimate of the gradient and iaprof the line of best fit
for the experimental data are from the true situatBy pressing F9 you
can repeat the whole experiment. Try this sevaradg, and see how the
situation changes each time you repeat your exgetim
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Remember, in the real experimental world you dokmatw what the true sit-
uation is, you only estimate it from your sampléad&rom the example
shown here you would say that the line followseheation : y = 1.2x + 5.2,
and would not know that it is really y = 2x +3.

One of the problems with experimental data is wemight think that we
have a relationship between x and y when noneyreaists. That is, a person
changes the x values thinking that this will chatigevalue on y, and meas-
ure these y values. Again you are the deity ofdiredgebra and know that the
x values have no effect on y. The values of y greakto 2 no matter what
else changes. Graphically, it looks like this:
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As we know, in our experiment the measurementsheilinade with an error.
What effect will this have on our line?

1. Go to column A and type in the heading and numéasisefore.

2. Go to column B and put in the heading Yactual ape in ‘2’ for every
number.

3. Go to column F and type in the heading and the samsula to mimic
the measurement errors made in the experiment.

4. Go to column C and type in the heading and forrasléhe previous sec-
tion. Then draw the charts and add the trendlimeg,format the observed
trendline as before.

5. Note your observations. Does the experimental idéitav a horizontal
line, or is it sloped? Press F9 again to mimicrépeating of your experi-
ment. Write down the equation of two of your expental lines.

From an idea in: Franklin, L (1992), Using simutatito study linear regressiohhe College
Mathematics JournaR3, pp. 290-295.
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D12 Demonstration — The Analysis of Variance

The aim of this demonstration was for studentsaia gn informal understanding
of the process of the Analysis of Variance. Thelshis were required to plot
some data and make a judgement of which groups sigmdicantly different
from each other. The formal procedure for the Asiglpf Variance was intro-
duced in the lecture following this exercise.

Student Instructions

Introduction to the Analysis of Variance

In the chapter of your notes, “Analysis of VariaiceDesigned Experiments”,
an example is given where an airline examinesithe spent per call by tele-
phone operators who answered callers wishing teera@kne reservations. The
data are in the file ‘Airline.xls’, and represehettimes for calls (in seconds) to
reservation operators in an airline reservatiomesys The calls were grouped ac-
cording to the time of day or day of week. Grougfiresents calls made on
weekdays between 8am and 4pm. Group 2 represdlstsnzale between 4pm
and midnight, group 3 represents calls made betwammight and 8am, group 4
represents calls made on a Saturday, and groypr&sents calls made on Sun-
day.

Open up this file. Using the data in columns A 8pdiraw a scatterplot showing
the spread of results for each group. It shoul#ét Emmething like this:

108

106

104

102

100

Time

.
. .

98 $ s
.

96

*o oo

94

92

90

Group

Calculate the overall mean, and the mean for eemlpg How does each group
mean compare with the overall mean?

Group 1 has a mean thatasver/higher than the overall mean.
Group 2 has a mean thatasver/higher than the overall mean.
Group 3 has a mean thatasver/higher than the overall mean.
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Group 4 has a mean thatasver/higher than the overall mean.
Group 5 has a mean thatasver/higher than the overall mean.

Are theresignificant differences between the average times betweegrthgps?
You already know how to compare the means for tveaigs (the 2-sample t-
test), but what about 5 groups at once? It is abtito compare the groups by
doing a series of 2-sample t-tests; the reasothi®will be explained in the lec-
ture.

Now print out the graph (at a fairly large size)i the position of the mean for
each group. Now compare how far each group metransthe other. To decide
whether or not there is a significant differencenieans you will need to consider
the position of each mean, the difference of méateeen each group, and the
overlap between the spread in each group. Now arthedollowing:

I think group 1is/is notsignificantly different to group 2.
| think group 1lis/is not significantly different to group 3.
| think group 1is/is not significantly different to group 4.
I think group 1is/is notsignificantly different to group 5.
I think group 2is/is not significantly different to group 3.
| think group 2is/is not significantly different to group 4.
| think group 2is/is not significantly different to group 5.
I think group 3is/is notsignificantly different to group 4.
| think group 3is/is not significantly different to group 5.
| think group 4isl/is notsignificantly different to group 5.

Please bring these instructions to the next lecture
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Appendix E: Statistical analyses

All analyses were completed using PASW Statist&8.2 (SPSS inc., http://www.spss.com), unlessraiise stated.
E1 Analyses of the first questionnaire

Table E1.1

Summary of the Rasch item analysis for the firsstjannaire (Winsteps)

SUMVARY OF 13 MEASURED |t ens

o o m o m e o e e e e e e e e e e e e meeeoeao o +
| RAW MODEL I NFI T QUTFIT |
| SCORE COUNT MEASURE ~ ERROR MSQ 2ZSTD MNSQ ZSTD |
R R e e P R e e e T P e TP PP T T PP PRPEPE |
| MEAN 83. 2 75.0 00 .17 1.01 -.1 1.02  -.1|
| S.D 30.5 .0 83 02 25 1.9 .27 1.4 |
| MAX 130.0 75.0 1. 80 .23 1.48 2.7 1.64 1.8 |
| MN 20.0 75.0 -1.43 15 62 -3.9 60 -3.1 |
R e P e e L OREP PP PEEE |
| REAL RMBE .18 ADJ. SD .81 SEPARATION 4.39 Item RELIABILITY .95 |
| MODEL RVBE .17 ADJ. SD .81 SEPARATION 4.67 Item RELIABILITY .96 |
| SSE. OF Item MEAN = .24 |
e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e +

UVEAN=. 000 USCALE=1. 000
I t em RAW SCORE- TO- MEASURE CORRELATION = -1.00
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Table E1.2

Summary of the Rasch person analysis for thedirsstionnaire (Winsteps)

SUMMARY OF 75 MEASURED Per sons

o m e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e +
| RAW MODEL INFIT QUTFI T |
| SCORE COUNT MEASURE  ERRCR MNSQ ZSTD MNSQ ZSTD |
R REEEEEE |
| MEAN 14. 4 13.0 19 .41 99 .0 1.02 1|
| S.D 4.1 0 71 .07 37 1.1 .52 1.0 |
| MAX 23.0 13.0 1.90 97 2.29 2.8 2.73 3.0 |
| MN 1.0 13.0 -2.87 38 44  -1.9 27  -1.5 |
R R, |
| REAL RMSE .44 ADJ. SD .55 SEPARATION 1.24 Person RELIABILITY .60 |
| MODEL RMSE .42 ADJ. SD .57 SEPARATION 1.36 Person RELIABILITY .65 |
| S.E. OF Person MEAN = .08 |
g +

Per son RAW SCORE- TO- MEASURE CORRELATION = . 99
CRONBACH ALPHA (KR-20) Person RAW SCORE RELIABILITY = .59
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Independent-Samples Kruskal-Wallis Test

2.00- N

—
0.007

ability

-2.00 T T T T

1 2 3 4
Semeaster
Total N 75
Test Statisic 2.795
Degrees of Freedom 3
Asymptotlc Slg. (2-slded tegt) 424

1. The test statistic is adjusted for ties.

Figure E1.1. Results of Kruskal-Wallis test fdifetiences
in ability among the four semesters of the study.
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Table E1.2

Items and P-values for the Kruskal-Wallis testdifferences in scores
among semesters for each item in the first quessioa.

Iltem P-value ltem P-value
Snakes .074 Tute B .920
Cancer 471 Tute C .841
Eczema. .787 Teacher .743
Coin 1 .128 Factory .635
Coin 2 416 Urn A 116
Coin -4 547 Urn B .361
Hospita .01€ Med 428
Spinner . 574 A-B .27C
Spinner ; 371 C-D 545
Spinner 3 422 E-F .952
Spinner 4 374 G-H 487
Tute A 577

Table E1.3

Items and P-values for the Mann Whitney U testsliiferences in scores for the
students with and without previous statistical eipee.

Item P-value Iltem P-value
Snake .074 Tute E .92(
Cance 471 Tute C .841
Eczema. .787 Teacher .743
Coin 1 .128 Factory .635
Coin 2 416 Urn A 116
Coin 3-4 547 Urn B .361
Hospital .016* Med 428
Spinner 1 574 A-B .270
Spinner : 371 C-D 545
Spinner . A2z E-F 952
Spinner . 374 G-H 481
Tute A 577

* Significant ata = .05
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Independent-Samples Mann-Whitney U Test

Previoustats

~4.00

[~2.00

[70.00

-2.00

N =57 N=18
4.00- Mean Rank = 34.83 Mean Rank = 48.03
k]
5 2.00
3
£
0.00
-2.00
30.0 20.0 10.0 0!0 10‘.0 26.0
Frequency Frequency
Total N 75
Mann-Whitney U 693.500
Wilcoxon W 864.500
Test Statistic 693.500
Standard Error 74.648
Standardized Test Statistic 2.418
Asymptotic Sig. (2-sided test) .016

|lepdsoy

Figure E1.2. Back to back histograms and statidticghe “Hospital” question.
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E2 Analyses of the second questionnaire

Table E2.1

Summary of the Rasch item analysis for the secoestipnnaire (Winsteps)

SUMVARY OF 13 MEASURED It ens

o +
| RAW MODEL I NFI T QUTFIT |
| SCORE COUNT MEASURE  ERROR MSQ ZSTD MNSQ ZSTD |
| -l |
| MEAN 26. 7 33.0 00 28 1.02 0 1.00 0 |
| S.D 14. 8 .0 96 03 28 1.2 .24 .9 |
| MAX 55. 0 33.0 1.44 37 1.41 1.5 1.35 1.1 |
| MN 8.0 33.0 -1.89 25 55  -2.2 60 -1.5 |
R PP PP RS |
| REAL RVMBE .30 ADJ. SD .92 SEPARATION 3.06 Item RELIABILITY .90 |
| MODEL RVBE .28 ADJ. SD .92 SEPARATION 3.30 Item RELIABILITY .92 |
| S'E. OF Item MEAN = .28 |
o o m o e e o o e e e e e e e e e e me e +

UMEAN=. 000 USCALE=1. 000
I t em RAW SCORE- TO- MEASURE CORRELATION = -1.00
429 DATA PO NTS. APPROXI MATE LOG- LI KELI HOOD CHI - SQUARE: 720. 10
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Table E2.2

Summary of the Rasch person analysis for the sepoestionnaire (Winsteps)

SUMVARY OF 33 MEASURED Per sons

o m e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e +
| RAW MODEL I NFI'T QUTHI T |
| SCORE COUNT MEASURE  ERROR MNSQ ZSTD MNSQ  ZSTD |
| = |
| MEAN 10.5 13.0 -.40 .44 1.02 .0 1.00 .0 |
| S. D 3.2 0 58 .02 44 1.2 49 1.1 |
| MAX. 20.0 13.0 1.29 .49 1.90 2.3 2.13 2.4 |
| MN 6.0 13.0 -1.29 .41 44 -1.8 43  -1.6 |
LI AEEEE, |
| REAL RVMSE .48 ADJ. SD .33 SEPARATION .69 Person RELIABILITY .32 |
| MODEL RMSE .44 ADJ. SD .39 SEPARATION .88 Person RELIABILITY .44 |
| S.E. OF Person MEAN = .10 |
e +

Per son RAW SCORE- TO- MEASURE CORRELATION = 1. 00
CRONBACH ALPHA (KR-20) Person RAW SCORE RELI ABILITY = .43
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Independent-Samplss Kruzkal-Walls Test

250
200
150
T
§. T
050 -
D00 J_
-05 T T T
1 2 3
BSemesier
Tolml N 33
Teel Satirtic 1.978
Dagreas of Fpadem 2
Asympiotic 3ig. {2-sided e 502

1. Thatest atulictic k& adjusted for bee.

Figure E2.1. Box plots and statistics for the KralsW/allis test for the differences
in students’ ability among semesters for the sequektionnaire.

406



Table E2.3

Items and P-values for the Kruskal-Wallis testdifference in scores among se-
mesters for each item in the second questionnaire.

ltem P-value
Pacific B .094
Fish .567
Cereal D 564
Fred .505
Random .207
CB1 491
CB2 .639
CB3 372
Med A .675
Med B .780
Urn A .963
urn B 464
Pacific A .861

E3 Comparisons between ability scores and final sco res from formal as-
sessment
Table E3.1

Results of Paired t-test comparing students’ abfliom the first and second
guestionnaire (Microsoft Excel).

t-Test: Paired Two Sample for Means

First Second

Questionnaire Questionnaire
Mean 0.311 0.787
Variance 0.240 0.331
Observations 33 33
Pearson Correlation 0.130
Hypothesized Mean
Difference 0
df 32
t Stat -3.870
P(T<=t) one-tail 0.000
t Critical one-tail 1.694
P(T<=t) two-tail 0.001
t Critical two-tail 2.037
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Table E3.2

Results of ANOVA on differences of ability scorergnsemesters (Microsoft Ex-
cel).

ANOVA: Single Factor

SUMMARY
Semester Count Sum  Average \Variance
Pre-intervention 9 2.22 0.247 0.108
Cycle 1 20 13.33 0.667 0.613
Cycle 2 4 0.12 0.030 0.463
ANOVA
Source of Variation ) df MS F P-value
Between Semes-
ters 1.99 2 0.997 2.151 0.134
Within Groups 13.907 30 0.464
Total 15.902 32
Table E3.3

Results of correlation analysis between the abddgres from the first question-
naire (Q1), the second questionnaire (Q2), andfitme score (final), with all da-
ta included.

Correlations

Q1 Q2 Final

Q1 Pearson Cor- 1 .178 .017

relation

Sig. (2-tailed) .374 .935
Q2 Pearson Cor- .178 1 .354

relation

Sig. (2-tailed) .374 .070*
Final Pearson Cor- .017 .354 1

relation

Sig. (2-tailed) .935 .070

* Significant at= .10
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Table E3.4

Results of correlation analysis between the abddgres from the second ques-
tionnaire (Q2), and the final score (final), withet influential point excluded.

Correlations

Q2 Final
Q2 Pearson 1 177
Correlation
Sig. (2- .387
tailed)
Final Pearson 177 1
Correlation
Sig. (2- .387
tailed)
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E4. Comparison among semesters for the  P-value and confidence interval

guestions on the test

Independent-Samples Kruskal-Wallis Test

3.00

SN

1.00|

Pvalue

0.00- I I [
1 2 3 4
Semester
Total N 54
Test Statistic 19.399
Degrees of Freedom 3
Asymptotic Sig. (2-sided test) .000

1. The test statistic is adjusted for ties.

Figure E4.1. Box plots and statistics for the KraisW/allis test for difference
in scores among semesters for the first P-valuetipe
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Independent-Samples Kruskal-Wallis Test

3.00
[
N, 2,00
E
[J
&
1.00 — -
0.00 I \ \
1 2 4
Semester
Total N 54
Test Statistic 10.485
Degrees of Freedom 3
Asymptotic Sig. (2-sided test) .015

1. The test statistic is adjusted for ties.

Figure E4.2Box plots and statistics for the Krus-Wallis test for differenc

in scores among semesters for the second P-vaksiqo.
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Independent-Samples Kruskal-Wallis Test

2.00 T

1.50
M
© 100 ——
0.50
0.00 I I
1 2 3 4
Semester
Total N 54
Test Statistic 2.966
Degrees of Freedom 3
Asymptotic Sig. (2-sided test) .397

1. The test statistic is adjusted for ties.

Figure E4.3Box plots and statistics for the Kruskal-Wallistties difference
in scores among semesters for the first confidareeval question.
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Independent-Samples Kruskal-Wallis Test

2.00

1.50-

cl2

1.00

0.50

:

0.00

Semester
Total N 54
Test Statistic 11.463
Degrees of Freedom 3
Asymptotic Sig. (2-sided test) .009

1. The test statistic is adjusted for ties.

Figure E4.4Box plots and statistics for the Kruskal-Wallisttfes difference

in scores among semesters for the second confidetereal question.

Table E4.1

Mean ranked scores for the confidence interval tioes

Mean Rank
Semester Part (a)| Part (b)
Pre-interventiot 25.0¢ 26.8¢
Cycle 1 25.22 21.62
Cycle 2 32.50 31.00
Cycle 3 32.00 38.58
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Table E4.2

Mean ranked scores for the P-value questions

NI

Mean Rank
Semester Question 1| Question
Pre-interventior 22.1¢ 26.0(
Cycle ] 26.0¢ 26.8¢
Cycle - 13.3¢ 15.2¢
Cycle 3 42.54 36.33
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