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ABSTRACT

Student understanding and competency in probability have been investigated from different
perspectives. Competency is often measured in the form of tests. The purpose of this study
was to investigate whether perceived understanding and competency can be calibrated and
assessed together using Rasch measurement tools. The study comprised 44 students who
enrolled in the STAT131 Understanding Uncertainty and Variation course at University of
Wollongong, Australia. Their voluntary participation in the study was through the e-learning
Moodle platform where tests and assessment were administered online. Data were analysed
using the Rasch measurement models. The study revealed majority of the students had
little understanding about conditional and independent events prior to learning them but
tended to demonstrate a slightly higher competency level afterward. Based on the Rasch
map, there is an indication of some increase in learning and knowledge about probability
concepts at the end of the two weeks lesson.
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of probability. Probability ideas also
seem to conflict with students’ real time
experience in solving problems. Zamalia,
Masniyati and Nor Azura (2013) showed
that students perceived little understanding
of certain basic probability concepts such
as conditional probability and independent
events.

No matter how the concepts of
the

always arises as to how students study

probability are taught, question
and understand the concepts. Educators
acknowledge the complexity of this
method  of

assessment takes raw scores as benchmark

process.  Conventional
for student learning. How students perceive
their learning and how well they perform
in the tests are always treated separately.
Therefore, this study will attempt to
calibrate these two measures on a single
interval scale so students’ learning of
probability can be gauged accurately.

The the
questions:

following are research

i.  How do students perceive their level of
understanding in probability concepts?

ii. What are students’ competency in
probability concepts?

iii. Do students who profess to having good
understanding of probability concepts
demonstrate a good competency in

probability concepts?

LITERATURE REVIEW
Learning Statistics

Statistics courses are challenging for
students in the social sciences (Forte,
1995; Yilmaz, 1996; Townsend, Moore,

Tuck, & Wilton, 1998). Research into how
students study statistics and probability
have also been carried out from the
cognitive aspects of learning (Kapadia,
1985; Garfield & Chance, 2000; Kassim,
Mahmud, Zainol, 2010). This
is an important area of study because
with  different
and characteristics undergo the learning

Ismail,

students backgrounds
processes in many different ways. In spite
of the various methods of teaching and
learning, many are still facing difficulty in
learning statistics because of insufficient
computation skills and negative attitudes
towards the subject (Garfield, Hogg, Schau
& Whittinghill, 2002).

Perceived Ability and Competency in
Statistics

Students’ perceived ability is an important

indicator in predicting the level of
performance or motivation  among
them. Perceived ability or perceived

self-efficacy refers to one’s belief about
one’s capabilities to achieve certain level
of performance or ability in specific
situations (Bandura, 1994). This core belief
is the foundation of human motivation,
accomplishments, and emotional well-being
(Bandura, 1997, 2006). Harter (1982) on the
other hand, considers perceived competence
as a more global construct than self-efficacy
which is consistent with Roberts, Klieber
and Duda (1981) that the terms self-efficacy,
perceived ability, perceived and physical
competence are interchangeable.

Rumsey (2002) states that statistical
competence includes data awareness, an

74 Pertanika J. Soc. Sci. & Hum. 24 (S): 73 — 82 (2016)



Understanding Probability Concepts in e-Learning Environment

understanding of certain basic statistical
concepts and terminology, knowledge of
the basics of collecting data and generating
descriptive statistics, the ability to describe
what the results mean in the context of
the problem and being able to explain the
results to someone else. Thus, every time the
students go through the process, they will
reinforce their understanding of the terms
and concepts, reasoning and thinking skills.

METHODOLOGY

A survey was conducted among 44

mathematics and computer sciences
undergraduates in the in the e-learning
Moodle platform to. They had enrolled in
the STAT131 Understanding Variation and
Uncertainty as part of their programme

requirement. They were given two sets of

questionnaires to answer. The first set of
questionnaire asked how they perceived
their understanding of probability concepts.
The items were related to the probability
concepts requiring students to read through
and understand the terms, definitions or/
and examples ( see Figure 1).
The students were required to respond
based on rating scales (from 1-5) as follows:
1) I have NO UNDERSTANDING of
the term, definition or example.

2) Thave LITTLE UNDERSTANDING
of the term, definition or example.

3) I have SOME UNDERSTANDING
of the term, definition or example.

4) 1 have GOOD UNDERSTANDING
of the term, definition or example.

5) I have FULL AND COMPLETE
UNDERSTANDING of the term,
definition and example.

B5_i Conditional probability

occurred, is

P(A/B) = ”(]ff(;)”) if P(B) # 0

B5_iii  Example:

B6_i Independent Events

B. So:
P(B/A) = P(B)
P(A/B) =P(A)

P (A N B)=P(A). P(B)

The conditional probability of B, given that A has
P(B/A) = P(40B) ifP(A) # 0
P(4)

B5_ii  The conditional probability of A, given that B has occurred, is

A and B are two independent events such that P(A) = 0.2

and P(B) = 0.15. Then, P (A N B) =P(A) =02

Event B is said to be independent of event A or event A

does not affect the probability of the occurrence of event
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Figure 1. Perceived Understanding of Probability Concepts Items
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The second set of questionnaire tests

student knowledge and competency

in probability concepts. The items are
constructed based on how they should

solve probability problems. Students are
required to state whether the solutions for
each question is either true or false (see
Figure 2).

is a strike.

a.  Draw a tree diagram.

035

Stike ~~—__ 065

0.85
No Strike —

T~ 015

0.60

o

0.40

completed if there is a strike?

1. The completion of construction job may be delayed because of a
strike. The probabilities are 0.60 that there will be a strike, 0.85 that
the construction job will be completed on time if there is no strike,

and 0.35 that the construction job will be completed on time if there

‘Will be completed

b.  What is the probability given that the construction job will be T F

Will not be completed
‘Will be completed

‘Will not be completed

Figure 2. Items Representing Students’ Competency in Probability

Concepts

In order for the calibration to hold in
both instruments, students were matched
in both samples and their responses to the
questionnaires were captured in Moodle
site and later exported as an Excel file.
Data were analysed using Winsteps 3.81.0
software to produce the relevant Rasch
output (Linacre, 2007; Linacre, 2011).

Rasch measurement models

Two Rasch measurement models, namely
dichotomous and polytomous rating scale,
are used for calibrating the instruments.
Also known as a probabilistic model,

76

Rasch measurement takes into account two
parameters — test item difficulty and the
person’s ability.

Dichotomous Rasch Model

This is a mathematical probability model
that that
expresses the probabilistic expectations of

incorporates an algorithm

item and the person’s performances:
exp(8, - D))
[l+exp(B, - D,)

P.Ax, = 1|Bn,Di} = (D

Eq. (1) represents the conditional
probability of person B on item D,
responding with a

correct response
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(x=1) orreceiving arating of 1. This Rasch
model is a useful way to conceptualise the
relationship of responses with person and
item locations on the latent variable.

The equation shows that the probability
of success is a function of the difference
between a person’s ability and the item
difficulty. Thus, when B = D, and B - D, =
0, the probability of a correct answer, P {X
=1} =0.5 (equal to half or 50%). When B >
D and B - D > 0, the probability of a correct
answer, P {X = 1} > 0.5 (more than half
or 50%). When B < D, and the difference
between B - D < 0, the probability of a
correct answer, P {X =1} <0.5 (less than
half or 50%) (Bond & Fox, 2007).

Rasch Rating Scale Model

Rasch Polytomous / Rating Scale model is
an extension of Rasch Dichotomous model
where the items have more than two response
categories or rating scale such as (1=strongly
disagree, 2=disagree, 3=agree, 4=strongly
agree) and it is modelled as having three
thresholds. Each item threshold (k) has its
own difficulty estimate (F), and this estimate
is modelled as threshold at which a person
has 50/50 chance of choosing one category
over another.

The first threshold, for example, is
modelled as the probability of choosing a
response of 2 (disagree) instead of response
1 (strongly disagree), and is expressed
using the following formula:

exp(f—[5.+F))
1+exp(8-[5,+ F))

2

I)nil{xni =1|ﬂn,5,»,F1}=

where P is the probability of student n
choosing “disagree” (Category 2) over
“strongly disagree” (Category 1) on any
item (i). In this equation, F', is the difficulty
of the first threshold, and this difficulty
calibration is estimated only once for this
threshold across the entire set of items in
the rating scale. The threshold difficulty F,
is added to the item difficulty oi to indicate
the difficulty of Threshold 1 in item i.

The Rating Scale model decomposes
the category parameter, 50., into two
parameters: a location parameter o, that
reflects item difficulty and a category
parameter T, The separation is achieved by
using a probabilistic approach in which a
person’s raw score in a test is converted
into a success-to-failure ratio and then
into logarithmic odds that the person will
correctly answer the items (Linacre, 2011).
This is represented in a logit scale. When
this is estimated for all persons, the logits
can be plotted on one scale.

Assessing Data Fit

A Rasch analysis is a procedure for
assessing the quality of raw score data using
fit statistics, z-standard residuals, and point
measure correlations (Bond & Fox, 2007). A
Rasch analysis involves checking the degree
to which the data match a unidimensional
measurement model, identifying and
diagnosing sources of discrepancy, removing
items or persons if they are degrading the
overall quality of measurement.

Infit and outfit mean square fit statistics
are used in assessing quality of data. They

provide summaries of the Rasch residuals,
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responses that differ from what is predicted
by the Rasch model for each item and person.
High mean square fit statistics indicate a
large number of unexpected responses.
High person mean square values indicate
persons who filled in responses randomly
and have unusual gaps in their knowledge.
Item infit mean square values between 1.5
and 2.0 are considered to be unproductive
for measurement, and values higher than 2.0
are actually degrading (Linacre, 2011).

ANALYSIS AND RESULTS

Perceived understanding and
competency in probability concepts

The summary statistics shows the results
of the perceived understanding and
competency in probability concepts
based on the analysis of data using Rasch
measurement tools. The mean infit and
outfit for person and item mean squares are
0.95, 1.09, 1,0 and 1.09 respectively. This
indicates that the data had shown acceptable
fit to the model. The mean standardised infit
and outfit for person is between -0.4 and
0.1 which is within Rasch measurement
acceptable range. The mean standardised
infit and outfit for items is between 0.1
and 0.2. This indicates the items measure
are slightly overfit and that the data fit the
model somewhat better than expected [30].
The standard deviation of the standardised
infit is an index of overall misfit for persons
and items. Using 2.0 as a cut-off criterion,
standardised infit/outfit standard deviation
for persons is between 1.5 and 1.8 and
standardised infit/outfit standard deviation
for items is between 1.2 and 1.3. All show

an overall acceptable fit. Separation is the
index of spread of the person positions or
item positions. Separation of 2.0 and above
indicates the items have sufficient breadth
in position. For persons, separation is 3.80
for the data at hand (real) indicating an
approximately four levels of ability. The
item on the other hand has separation index
of 2.91 which indicates item difficulty can
be separated into 3 difficulty levels. The
person separation reliability estimate for
this data is 0.94 (Cronbach’s Alpha) which
indicates a wide range of students’ ability.
The item separation reliability estimate is
0.89 which indicates items are replicable
for measuring similar traits. The mean of
the item logit position is arbitrarily set at
0.0, similar to standardised z-score. The
person mean is 1.09 which suggests that a
small group of students had a slightly good
perception of understanding of probability
concepts. For quality check, the data had
gone through two stages of data cleanup
where misfit responses on some items
based on outfit mean square values of
above 1.6 were identified and removed.
Figure 3 the most misfitting
response came from two male students
(corresponding to ID number 26 and 44)
with outfit mean square values of above
1.60. The table shows that the students did
not respond appropriately according to the
Rasch model. For example, student 26 was
expected to disagree with a scale of 1 or 2
to the most difficult item 28 and agree with
a scale of 3 or 4 to the fairly difficult items
6 and 1. Similarly, student 44 was expected
to agree with items which are fairly simple
for his ability but the reverse happened.

shows
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MOST MISFITTING RESPONSE STRINGS
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Figure 3. Misfitting Response Strings of
Students’ Competency in Probability Concepts

Figure 4 shows the Wright map of
perceived understanding and competency
in probability concepts. The map displays
the distribution of students (on the left side
of the map) according to their ability from
most able to least able in endorsing items as
agree or correct. It also displays the items
according to the difficulty levels. Four
concepts from the perceived understanding
instrument (i.e., B7i, B7ii, B7iii, B7iv) at

logit values between 2.0 and 2.5 were found
to be difficult to understand by 97% of the
students while concepts Alii, B8iii and
BYiii at -1.0 logit value were found easiest
to understand by 98% of the students. It
was observed that majority of the students
perceived little or no understanding about
Bayes’ theorem and conditional probability
prior to the teaching of the concepts. At the
competency level, there is a slight increase
in the learning of conditional probability in
between 1.0 and 1.5 logit. It was discovered
that students found it hard to understand
the concepts through the Bayes’ formula
(as in B7i, B7ii, B7iii and B7iv) but they
understood more when the concepts were
demonstrated in the form of solutions (as
in Q1b).
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Figure 4. Wright Map of Perceived Understanding and Competency in Probability Concepts
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About 40% of the students perceived
some understanding to no understanding
about the concept of independent events
(as in B6i and B6ii) prior to studying it.
However, most students found the concepts
of independent events (as in Q4a, Q4b,
Q5a, Q5b) easy to understand as shown
in the location of logit values (between
-1.0 and -3.0) on the map. In exploring
students’ perceived understanding of the
probability concepts, about 45% perceived
as having moderate to good understanding
of about 60% of the concepts. The map
shows a wide spread of competency items
ranging between +1.0 and -3.0 logit. Small
gaps were seen in between the competency
items and the range of item difficulty did
not match quite well with the ability of
70% of the students. About 70% of the
probability test items were considered
casy by the students. As the person (mean
logit = +1.00) was greater than the item
(mean logit =0.00), generally the test
was considered easy by majority of the
students. In investigating if data fit the
model, the distribution of empirical data

was plotted across the expected values for
the perceived understanding of items in the
Likert scale (Group L) and competency
in probability concepts dichotomy items
(Group D). This is shown in Figure 5.
The characteristic curve for all empirical
values in Group L falls along the expected
ogive curve and within the upper and lower
bound of the 95% confidence interval. This
indicates a good item person targeting
for the perceived understanding towards
probability items. On the other hand, the
characteristic curve for all empirical values
in Group D mostly falls along the upper
50% of expected ogive curve and within
the upper and lower bound of the 95%
confidence interval. A wide confidence
interval is seen around the middle section
of the curve compared to the upper section.
Two empirical observations did not behave
according to the Rasch model. However,
these points are considered negligible as
most of the other empirical points were
closer to the upper section of the expected
Rasch model. This also signals the data fit
the model better than expected.

GROUP "L"

Score on ltem

4 3 2 4 0 1 2 3 4 5 & 71

Measure relative to item difficulty

= Expected score ogve: Model ICC
* Empinkal CC

— Upper 95% 2-sided confidence inferva
— Lower 95% 2-sided confidence inferva

GROUP"D"

5

Score on ltem
~—

0

4353252451050 05 1 15 2 25 3 35 4 45 §
Measure relative to item difficulty

= EXpected score ogive: Model ICC
- Empircal ICC

— Upper 95% 2:5ded confdence interva
— Lower 95% 2sided confidence interva

Figure 5. Empirical-Expected Item Characteristic Curves for Likert Scale and Dichotomous Items
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DISCUSSION AND CONCLUSION

This study has attempted to show that
perceived understanding and competency
can be calibrated and assessed together
using the Rasch measurement tools. Rasch
measurement which is based on the Rasch
probabilistic models were used to calibrate
the responses from two survey instruments
and investigate the interactions between
them. The study showed that majority of the
students perceived little understanding about
conditional and independent events prior to
studying aboutthem buttended to demonstrate
a slightly higher competency level afterward.
Based on the Rasch map, there was indication
of some increase in learning and knowledge
about probability concepts at the end of the
two weeks lesson. The study discovered
that students had perceived a greater
understanding of probability concepts after
two weeks of exposure to them. However,
when perceived understanding was calibrated
against their competency in probability
concepts, the students performed better
than expected. Many students who initially
perceived they had little understanding of
probability concepts had shown a much
higher understanding of the concepts after
two weeks of study.
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