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Abstract

Mathematics teachers must have different beliefs when teaching statistics because statistics have
different characteristics from mathematics. Forming these beliefs takes a relatively long time,
so, they must be prepared early in the prospective teacher preparation program. Unfortunately,
until now, no instrument has been available to measure this construct. Therefore, this research
aims to use Rasch analysis to develop a "beliefs about statistics" scale for prospective math-
ematics teachers containing 60 items. The initial sample was obtained from 380 prospective
mathematics teachers spread across various colleges in Indonesia. After repeated calibration,
leaving three items and two persons misfits, a dataset containing 57 items and 378 persons was
obtained. The research results show that this scale is of good quality and has adequate psycho-
metric properties. This scale successfully identified various problems of beliefs about statistics
that prospective mathematics teachers have. Nevertheless, this research has provided a "beliefs
about statistics" scale that is much needed for prospective mathematics teacher preparation pro-
grams.
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1 Introduction

In an era where information is widely available, people must be wise and critical when using
it [49, 5]. This change in the situation requires educational institutions to update their curriculum
frameworks, especially school mathematics, because statistical content is entrusted to them [15,
22]. Statistics is closely related to data and decision-making, so, today’s society needs it to face the
onslaught of information [64, 35]. However, interestingly, statistics has different characteristics
from the main subjects that contain it.

Numerous scholars have articulated the distinctions between mathematics and statistics [4, 9].
Mathematics and statistics differ in their approach to numerical data [29]. Numbers, their op-
erations, generalizations, and "abstractions" are the primary focus of mathematics. For instance,
statistical reasoning and mathematical modeling necessitate "data related to context" [29, 32]. To
continue the analysis and draw conclusions, it is necessary to understand the nature of the data,
its origin, and the methods by which it was generated. In contrast, mathematics is motivated by
context in the classroom or as a source of research problems; however, the objective is to gener-
alize, identify patterns, and abstract. To comprehend the model or structure, it is necessary to
disregard the context. In conclusion, statistics employs more inductive reasoning than mathemat-
ics, which relies on deductive reasoning. Statistics emphasizes interpretation in context, whereas
mathematics encourages abstraction [57, 60]. The logical implication is that statistical thinking is
distinct from mathematical thinking and that a strong foundation in mathematics does not inher-
ently translate into statistical thinking [29, 32].

Proficiency in mathematical theory and statistical concepts is essential for effectively instruct-
ing statistics [32]. Both of these abilities must be integrated into the concepts of variability and
uncertainty of conclusions because there are fundamental differences between statistics and math-
ematics in how they are viewed [29, 55]. In mathematics, results are usually reached through
deduction, logical proof, or mathematical induction, and there is usually only one correct answer.
Statistics, however, uses inductive reasoning, and conclusions are always uncertain. This is mainly
due to interpreting the context and methods surrounding data collection and analysis. This also
stems from the nature of the variability of the problem. For example, "How old are the teachers in
your school?" is a statistical question that expects variability in age. One needs to decide where to
get the data (teachers), measure (age), and choose the appropriate statistic (a measure of central
tendency or variation) and graphical display to answer the question. In contrast, giving a set of
data points on the ages of teachers and asking students to find the mean of the data set is not a sta-
tistical question because the answer must be a single number found using an algorithm. Another
example of bivariate data is fitting a linear function between height and weight. In mathematics,
students are often asked to see a (deterministic) function over a set of points. In contrast, statistical
questions focus on the degree of certainty one can make when using a "best fit" function to predict
one variable based on another. In particular, one considers how far such extrapolations can be
made given the context and how much error is associated with such predictions. Teaching statis-
tics also calls for knowledge of the environments that support and inspire statistical procedures
so that teachers can guide students in developing their statistical thinking [10, 36]. This requires a
typical mathematics teacher to believe in teaching statistical material, which is called beliefs about
statistics [52]. Pfannkuch [50] states, "To be a statistics teacher is to realize that one does not teach
a branch of mathematics" and that "statistical thinking, reasoning, or literacy needs to be recog-
nized as a primary learning goal for all students". This is a problem and challenge for mathematics
teachers [29]. Depending on their experiences with statistics, prospective mathematics teachers’
opinions on statistics will affect their practices and attitudes toward statistics instruction [25, 26].

Rolka and Bulmer [56] state that one can clarify ideas concerning statistics by applying the
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same structure as those connected to mathematics. Still, beliefs about statistics also bring in other
aspects, namely statistical thinking [50]. Wolfe [71] introduced beliefs about statistics, but this
topic did not experience much development until Gal and Ginsburg [28] echoed it again. The
subject of beliefs related to statistics has been widely researched [1, 38]. In the beliefs structure,
beliefs about statistics are domain-specific [67]. Domain-specific beliefs are related to a specific
field or domain of mathematics, such as calculus, geometry, or statistics [56]. The field of statis-
tics is characterized by a variety of beliefs, such as those regarding the discipline, the relationship
between mathematics and statistics, learning statistics, the placement of statistics in the curricu-
lum, teaching statistics, the relationship between mathematics and statistics, students and their
needs, teaching statistics, beliefs regarding statistical content knowledge, the relevance of statis-
tics, the efficiency of teaching practices, the social order shaping the classroom, and beliefs about
technology [18, 24]. This research focuses on two beliefs that have received the most attention in
statistics education research: beliefs about the discipline of statistics and beliefs about teaching
and learning statistics [52, 34].

In contrast to beliefs about mathematics, which have been researched for a long time [43],
beliefs about statistics are new ideas that continue to develop. Currently, many instruments mea-
sure beliefs about mathematics [54, 14]. However, instruments to measure beliefs about statistics
are few and are only intended for school students [52]. Several studies related to statistics have
highlighted aspects of "attitude" that some people consider similar to "beliefs". Several academics
have created tools to identify and assess students’ attitudes about statistics [44, 62]. Nolan et al.
[44] conducted a thorough review of 15 instruments measuring attitudes toward statistics, while
Carmichael et al. [16] present a theoretical model and explain the development of the Statisti-
cal Literacy Interest Measure (SLIM), which can be used to assess students’ interest in statistical
literacy. Nolan et al. [44] examined the Survey of Attitudes Toward Statistics (SATS). SATS is a
comprehensive tool that has been widely used to evaluate students’ perspectives on statistics in
many settings [33, 59]. Initially, SATS was designed to consist of 28 items (SATS-28) and then
developed into 36 items (SATS-36). SATS was developed based on six main attitude components:
affection, cognitive competence, values, difficulties, interests, and effort.

However, experts distinguish between the "attitude" and "beliefs". Eagly and Chaiken [23] call
attitude "an individual’s tendency to evaluate a particular entity with a certain degree of favor or
disfavor". Student attitudes in statistics classes can be described as a mix of positive, neutral, and
adverse reactions to various people, places, and things that contribute to their statistical educa-
tion [21]. Unlike attitudes, Philipp [51] defines beliefs as "psychologically held understandings,
premises, or propositions about the world that are considered true". Beliefs are considered cogni-
tive (and so are 'known’ in a sense). Beliefs are held to different extents. Beliefs are enduring and
relatively impervious to alteration, characterized by a greater emphasis on cognitive aspects and
a lesser degree of emotional intensity than attitudes [52]. Pierce and Chick [52] contend that be-
liefs have exerted a significant and enduring impact on teaching and learning processes. Teachers’
opinions regarding the teaching of statistics encompass their beliefs about the subject of statistics
itself and its role within the curriculum. Teachers’ statistical beliefs will impact their attitudes and
practices in teaching statistics, and these ideas will be shaped by their previous experiences with
the subject. Therefore, studying teachers’ beliefs in teaching statistics is very important.

The difference between attitudes and beliefs and the importance of beliefs in teaching statistics
prompted researchers to develop a scale to measure beliefs about statistics for college students as
prospective mathematics teachers. Researchers want to see the root of the problems in statistics
learning through the beliefs about statistics of prospective mathematics teachers. Beliefs take time
to develop, and cultural factors play an essential role in their development [27]. The culture in
mathematics teacher preparation programs fosters prospective teachers’ beliefs about statistics,
which will carry over when they become mathematics teachers. Beliefs are stable and reasonably
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resistant to change, with a more significant cognitive component and less emotional intensity than
attitudes [52, 40]. Through this research, testing was carried out to see whether the "beliefs about
statistics" scale for prospective mathematics teachers developed by researchers had adequate psy-
chometric properties. The existence of this instrument will be beneficial for mathematics teacher
preparation programs and for producing prospective mathematics teachers who are ready to teach
statistics.

2 Methods

This quantitative research uses a "beliefs about statistics" scale in data collection. In this study,
beliefs about statistics are defined as the ideas that prospective mathematics teachers individually
hold about the discipline of statistics, about themselves as learners of statistics, and about the social
context of statistics learning that together provide the context for the statistics experience. Based
on this definition, this study focuses on two areas of beliefs that have received the most attention
in statistics education research: beliefs about the discipline of statistics and beliefs about teaching
and learning statistics [52, 34]. First, beliefs about the discipline of statistics include three parts,
namely beliefs about the nature of statistics, beliefs about the relationship between mathematics
and statistics, and beliefs about the placement of statistics in the curriculum. Second, beliefs about
teaching and learning statistics include beliefs about the importance of statistics for students to
learn and beliefs about teaching and learning statistics.

The initial design of the scale contained 60 items, consisting of 37 items related to beliefs about
the discipline of statistics and 23 items related to beliefs about learning and teaching statistics.
Viewed from the type of statement, there are 27 favorable and 33 unfavorable items (refer to Ap-
pendix A). Each item uses a 4-point Likert rating, with a range of 1 (strongly disagree), 2 (dis-
agree), 3 (agree), and 4 (strongly agree). Reverse scoring is done for unfavorable items. Favorable
items are items that have characteristics that support scale-measuring attributes, whereas unfavor-
able items are items that have characteristics that do not support scale-measuring attributes. It is
hoped that the existence of items that have a reverse direction (unfavorable items) will condition
respondents to read each statement item more carefully and not be careless in responding [70, 68].
The homepage of the online survey states that the scale is anonymous and voluntary in addressing
ethical issues. So, by completing the survey, respondents agree to participate in this research.

A total of 380 respondents participated in this research. The respondents came from 24 colleges
in Central Java Province, Indonesia. They had a Bachelor of Mathematics Education or Math-
ematics Tadris (a prospective teacher preparation program designed for Islamic schools) study
program. These respondents are currently studying in semester 6 or 8. In general, in the cur-
riculum for the preparation program for prospective mathematics teachers in Indonesia, essential
advanced statistics courses and mathematics pedagogy have been taken at least by semester 6.
Data collected through a scale of beliefs about statistics were tabulated using Microsoft Excel soft-
ware and evaluated using the Rasch model, especially the Rating Scale Model (RSM), assisted
by WINSTEP software version 5.2.0.0. The sample size in Rasch modeling is adequate for stable
item calibration within 40.5 logit, and 95% confidence level ranges from 64 — 144 respondents
[46, 58]. Therefore, the sample size in this study is very adequate for Rasch model analysis. The
Rasch model is a measurement technique based on a model that has gradually become famous for
creating scales.

Rasch models generally provide excellent and reliable results [47, 53]. The analysis results
contain two outputs, namely person-output and item-output. Item and person fit statistics show
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the extent to which the data obtained is suitable and reliable, follows the fundamental measure,
and provides information about the quality of the measurement. The person table shows whether
the respondent is statistically fit, while the item table describes whether the items used in the
instrument are fit or not. When evaluating item match and person match, the primary focus is
on identifying the item and person using an outfit match statistic. Specifically, the outfit means
square (MNSQ) of item and person. The outfit MNSQ value for the item must be in the interval
0.5 — 1.5, indicating that the data fits reasonably with the model so that the data is productive for
item measurement [2, 13]. Meanwhile, there is a tolerance for outfit MNSQ values for the person
in the interval 0.0 — 2.0 [2]. Outfit statistics were chosen because these statistics are more sensitive
to outliers and have more familiar calculations. The sensitivity of outfit statistics to outliers also
makes it easier to identify and correct suitability problems [13].

There are several steps for fit analysis [13, 12]. First, the analysis begins by evaluating the outfit
MNSQ item. Second, if the items are misfits, specific responses from individuals that might cause
the items to misfit are examined. The experiment removed unexpected responses (z-residual less
than —2 or more than 2), and the analysis was rerun [13]. Next, the misfit items are rechecked
to see whether they are within the acceptable limits of the MNSQ. Deletion of a response does
not mean the researcher forgot what was done, and deletion of a response does not mean that the
researcher did not learn from the response - such responses obscure information for measurement
purposes, distorting the researcher’s actions [13]. Third, if these measures have not brought the
item within the acceptable MNSQ range, the z-standardized outcome (ZSTD) value is checked to
see whether it falls between intervals —1.9 and 1.9 [13]. The ZSTD value interval shows that the
data has reasonable predictability. As long as the MNSQ value is within the acceptable fit range,
the ZSTD value is ignored because ZSTD is greatly influenced by sample size [66, 6]. ZSTD has
insufficient power for sample sizes less than 30, which causes ZSTD to be too insensitive, i.e., "all
fit". Meanwhile, ZSTD has excessive power for sample sizes over 300, which causes ZSTD to be too
sensitive, i.e., "everything is not appropriate” [66, 65]. Considering the sample size in this study,
which was more than 300, the ZSTD value was ignored because it could be misleading in inter-
pretation. Furthermore, the Point Measure Correlation (PT-Measure Corr.) value is confirmed to
be not negative [2]. Negative values on correlations usually indicate responses to items that con-
tradict the direction of the latent variable [6, 17]. Analysis of item and person fit was also done
by looking at standard error measurement (SEM), measurement reliability, separation index, and
strata separation [2]. Not limited to the results of this analysis, this research is also equipped with
an analysis of rating scales, dimensionality, ceiling and floor effects, differential item functioning
(DIF), Cronbach Alpha reliability, information function, and Wright map to provide a compre-
hensive picture regarding the "beliefs about statistics" scale.

3 Results

Data calibration was carried out repeatedly using the Rasch model to eliminate misfit items
and persons [13, 12]. The most critical first step is to investigate the fit of items and then the fit of
persons [13]. After cleaning misfit items and persons, other testing criteria were carried out, such
as standard error measurement (SEM), measurement reliability, separation index, and separation
strata. It does not stop here, and this research is also equipped with an analysis of rating scales,
dimensionality, ceiling and floor effects, differential item functioning (DIF), Cronbach Alpha re-
liability, information function, and Wright map to provide a comprehensive picture regarding the
"beliefs about statistics" scale. The final dataset consisted of 57 items and 378 persons. All items
and persons in the final dataset are declared fit, meaning that the data fits reasonably with the
model and is productive for item measurement. Respondent demographic data is presented in
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Table 1, and a summary of the results of the dataset analysis is presented in Table 2. The model
fit section (item and person) explains eliminating misfit items and persons.

Table 1: Profile of respondents.

Attribute Category Code Person (n) Proportion (%)
Gender Male M 65 17.20
Female F 313 82.80
Type of college State S 196 51.85
Private P 182 48.15
Study program Bachelor of Mathematics Education  E 270 71.43
Bachelor of Mathematics Tadris* T 108 28.57
Semester Semester 6 6 248 65.61
Semester 8 8 130 34.39

*Mathematics Tadris is a unique teacher preparation program for Islamic schools.

3.1 Model fit: Item summary

Of the 60 items on the confidence scale about statistics calibrated using the Rasch model re-
peatedly, three misfit items were removed, leaving 57 items. Item fit statistics were utilized to
measure the validity of the scale. Misfit items in the scale are indicated by negative values on
point measurement correlations or outfit MNSQ values outside the 0.50 — 1.50 interval [2]. The
calibration results show that all items have outfit MNSQ values within this interval. However,
from the point measurement correlation values, three items were found to have negative values,
namely item i15 (P TMEASUR-AL CORR = —0.12), i20 (PTMEASUR- AL CORR = —0.13), and
i37 (PTMEASUR-AL CORR = —0.19). Therefore, these three items need to be deleted from this
scale because they indicate responses to the items that contradict the direction of the latent vari-
able [69, 11]. This is possible because most respondents do not understand these things. This
item deletion also considers the distribution of items on the scale grid so that all indicators are
represented in the remaining scale items. These three misfit items are part of beliefs about disci-
pline statistics with favorable statement types. Finally, this "beliefs about statistics" scale consists
of 34 items related to beliefs about the discipline of statistics and 23 items related to beliefs about
learning and teaching statistics. Viewed from the type of statement, there are 24 favorable and
33 unfavorable items. The calibration results also show that the items in the scale have excellent
measurement accuracy, as indicated by the SEM value of 0.28 (less than 0.5) [69, 61]. To give you
a rough idea, if the mean of a measure is less than one measurement error from the center of the
item hierarchy, then the instrument is on target. This description explains that the items in the
"beliefs about statistics" scale are said to be valid (see Table 2).

On the other hand, the item measurement reliability value was 1.00, which was a perfect cat-
egory (above 0.94). This reliability is not equivalent to classical test theory. This reliability report
shows how reproducible the order of item difficulty levels for this set of items is for this sample of
persons. This reliability value indicates that the sample is large enough to confirm the difficulty
level of the items in the "beliefs about statistics" scale (i.e., construct validity) [2, 63]. This scale has
varying levels of agreement difficulty, from items that are easiest to agree on to the most difficult
to decide on. This statement is supported by the item separation index, namely 18.65, approxi-
mately 19 levels of difficulty of agreement with the appropriate category (more than 3), and item
strata separation, namely 25.2, approximately 25 with difficulty with the perfect category (more
than 5). This description shows that the items in this scale are said to be reliable, refer to Table 2.
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Table 2: Summary of the Rasch measurement model on the "beliefs about statistics" scale.

Analysis

Parameter (with quality criteria)®

Value

Category

Model fit:
Item
summary”

Measure item

(criteria: poor SEM > 2;

fair SEM 1 — 2; good SEM 1 — 0.5;
very good SEM 0.5 — 0.25;
perfect SEM < 0.25)

Reliability of item measurement
(criteria: poor < 0.67; fair 0.67 — 0.80;
good 0.81 — 0.90; very good 0.91 — 0.94;
perfect > 0.94)

Item separation index
(criteria: > 3)

Strata item separation

= [(4 x item separation index) + 1]/3
(criteria: fair 2 — 3; good 3 — 4;

very good 4 — 5; perfect > 5)

Outfit MNSQ item
(criteria: 0.50 — 1.50)

Point measurement correlation
(criteria: > 0.00)

M: 0.00;
SD: 2.12;
SEM: 0.28

1.00

18.65

25.2

0.50 — 1.50

0.00 —0.61

Very good

Perfect

Suitable

Perfect

Suitable

Suitable

Model fit:
Person
summary

Measure person

(criteria: poor SEM > 2;

fair SEM 1 — 2; good SEM 1 — 0.5;
very good SEM 0.5 — 0.25;
perfect SEM < 0.25)

Person measurement reliability
(criteria: poor < 0.67; fair 0.67 — 0.80;
good 0.81 — 0.90; very good 0.91 — 0.94;
perfect > 0.94)

Person separation index
(criteria: > 2)

Strata person separation

= [(4 x person separation index) + 1]/3
(criteria: fair 2 — 3; good 3 — 4;

very good 4 — 5; perfect > 5)

Outfit MNSQ item
(criteria: 0.00 — 2.00)

Point measurement correlation
(criteria: > 0)

M: 0.79;
SD: 0.92;
SEM: 0.05

0.88

2.77

4.03

0.21 — 2.00

0.39 —0.97

Perfect

Good

Suitable

Very good

Suitable

Suitable

Rating scale
analysis

Responses per category
(criteria: > 10)

Measurement means
(criteria: increases monotonically

952;

6, 903;
10,123;
2,575

—2.47;
—1.17;

DT S e

Suitable

Suitable
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between rating scales) 3: 1.81;
4: 3.41
Outfit MNSQ 1: 1.30; Suitable
(criteria: 0.00 — 2.00 logits) 2: 0.93;
3: 0.90;
4: 0.96
Andrich threshold 1: NONE; Suitable
(criteria: increases monotonically 2: —4.04;
between rating scales) 3: 0.03;
4: 4.01
Adjusted threshold distance Category 1 — 2 Suitable
(criteria 1.4 — 5.0) —5.15to —2.01 = 3.14;
Category 2 — 3:
—2.01 to 2.02 = 4.03;
Category 3 — 4:
2.02t05.12=3.10
Dimensiona- Raw variance in data explained by 57.0% Good
lity® measurements (criteria:
poor < 20%; fair 20% — 40%;
good 40% — 60%; excellent > 60%)
Unexplained variance in the 1st-5th 1st contrast = 5.0%; Very good
contrast of residual PCA (criteria: 2nd contrast = 3.3%;
poor > 15.0%; fair 10.0% — 15.0%; 3rd contrast = 1.4%;
good 5.0% — 10.0%; 4th contrast = 1.3%;
very good 3.0% — 5.0%; 5th contrast = 1.2%
excellent < 3.0% )
Effect Ceiling effects (criteria: 1: 4.63%; Moderate
significant > 15%; 2: 33.59%;
moderate 10% — 15%; 3: 49.25%;
minor 5% — 10%; 4: 12.53%
negligible < 5% person with a maximum
score of 4)
Floor effects (criteria: 1: 4.63%; Negligible
significant > 15%; 2: 33.59%;
moderate 10% — 15%; 3: 49.25%;
minor 5% — 10%; 4: 12.53%
negligible < 5% person with minimum
score 1)
DIF Items with significant DIF Gender, 3 Items
(criteria: p < 0.05) i2: 0.0029;
i22: 0.0478;
i34: 0.0034
Type of college, 7 Items
i11: 0.0144;
i24: 0.0024;
i25: 0.0176;
i28: 0.0153;
i36: 0.0100;
i41: 0.0152;
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i42: 0.0003

Study program, 6 Items
i29: 0.0230;
i36: 0.0000;
i39: 0.0020;
i51: 0.0200;
i58: 0.0310;
i60: 0.0326

Semester, 2 Items
i36: 0.0419;
i49: 0.0392

Reliability Cronbach Alpha (criteria: 0.97 Excellent
bad < 0.50; poor 0.50 — 0.60;
fair 0.60 — 0.70; good 0.70 — 0.80,
excellent > 0.80)

: Rating scale quality criteria.
: All items achieved an acceptable fit because outfit MNSQ values were within the 0.5 — 1.5
logits, and correlations were not negative.
c: PCA of standardized residuals is used to assess the dimensions of whether a group of items
measures the underlying construct.
Note: M: mean; SD: standard deviation; SEM: standard error of measurement; MNSQ: mean-
square; PCA: principal component analysis; DIF: differential item functioning.

T e

3.2 Model fit: Person summary

Two misfit persons were repeatedly removed from the 380 respondents calibrated using the
Rasch model, leaving 378 persons as the final dataset. Person 018FPE8 was removed from the
dataset because it was considered a misfit by the Rasch model (Outfit MNSQ = 2.67). Mean-
while, respondent 053MST6 was removed because he responded "Strongly Agree" to all items
despite being unfavorable [2]. After the misfit person was eliminated, a research sample size
of 378 respondents was obtained, consisting of 65 male and 313 female prospective mathematics
teachers (see Table 1). In this study, the respondent’s identity was given a code shown in Table 1
(e.g., 053MST6). The first three characters indicate the respondent’s serial number, and then the
4th to 7th characters indicate the respondent’s attributes, namely gender, type of college, study
program, and semester. Respondent attributes will be beneficial during DIF analysis. The calibra-
tion results also show that the persons in the sample have a perfect level of measurement accuracy,
which is indicated by the SEM value of 0.05 (less than 0.25) [69, 61]. As a rough idea, the sample
is on target if the average size is less than one measurement error from the center of the person
hierarchy. This description explains that the respondents in this study are said to be valid (see
Table 2).

On the other hand, the reliability value obtained for the person measurement was 0.88, which is
asuitable category (0.81—0.90). This reliability is equivalent to the reliability in classical test theory
[13]. This reliability report shows how reproducible a person’s measurement sequence is from
this sample of persons for this set of items. This reliability value also indicates that many items in
the scale are sensitive and adequate to differentiate between different levels of a person’s abilities
[2, 63]. This research sample has a broad scope, meaning that the sample is spread from persons
with the highest beliefs about statistics to those with the lowest. The person separation index
supports this statement, namely 2.77, approximately three levels of respondent confidence in the
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appropriate category (more than 2), and person strata separation, namely 4.03, approximately
four levels of respondent confidence in the excellent category (4 — 5). This description shows that
the respondents in this study are said to be reliable (see Table 2).

3.3 Rating scale analysis

The information in Table 2 helps investigate the quality of the rating scale, whether the cat-
egories fit the model sufficiently, and whether the thresholds show a hierarchical pattern on the
rating scale. An essential examination of the assessment scale shows that each category has pro-
vided sufficient observations to estimate a stable threshold value: category 1 is 952 (4.63%), cat-
egory 2 is 6,903 (33.59%), category 3 is 10, 123 (49.25%), and category 4 is 2,575 (12.53%). The
recommended minimum number of responses per category is 10 [2].

Next, based on the average measurement and Andrich threshold calibration, all categories are
ranked and increase monotonically [41, 37]. The average measurement starting from category 1
is —2.47, category 2 is —1.17, category 3 is 1.81, and category 4 is 3.41. Meanwhile, in the Andrich
calibration threshold, starting from category 1, the value is NONE, category 2 is —4.04, category
3is 0.03, and category 4 is 4.01. Apart from that, the adjusted threshold distance is also known.
Category 1 — 2 ranges from —5.15 to —2.01 with a gap of 3.14; category 2 — 3 starts from —2.01 to
2.02 with a distance of 4.03, and category 3 — 4 starts from 2.02 to 5.12 with a distance of 3.10. It
can be seen that the adjusted threshold distance meets the criteria, namely in the interval 1.4 —5.0.

To further support this, observations based on the outfit MNSQ for each category show that
the suitability of each rating scale category to the Rasch model meets the outfit MNSQ statistical
criteria of less than 2.0 [2]. The outfit MNSQ value in category 1 is 1.30, category 2 is 0.93, cate-
gory 3 is 0.90, and category 4 is 0.96. In addition, category probability curves can also be used to
strengthen arguments in rating scale analysis. The category probability curve shows differences
in each response category, and each curve peak is higher than 0.5 logit, as presented in Figure
1. This analysis indicates that the quality rating scale with its categories reasonably follows the
model, and the stable threshold value shows a pattern hierarchy on a ranking scale (see Table 2).

CATEGORY PROBABILITIES: MODES - Andrich thresholds at intersections

P T Fommmm——————— tommmmm————— tommm——————— fommmm————— +=
R 1.0 + 444444+
o] | 4444 |
B 11 444 |
n | 1 4 |
B 8+ 1 222 333 4 +
I | 1 22 22 33 33 44 |
L | 1 2 2 3 3 4 |
I | 1 2 2 3 3 4 |
T .6+ 1 2 2 3 3 4 +
Y | 12 23 34 |
.3 .
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3.4 Dimensionality

Dimensional analysis investigates whether a scale is unidimensional. Unidimensionality was
analyzed using Principal Component Analysis of Rasch measures and residuals. The instrument
has excellent unidimensionality (see Table 2). The raw variance value of 57.0% is located in the
interval 40% — 60% (good). It is supported by the unexplained variance values of 1st contrast
= 5.0%, 2nd contrast = 3.3%, 3rd contrast = 1.4%, 4th contrast = 1.3%, and 5th contrast = 1.2%,
which all lie in the 3.0% — 5.0% interval (perfect). This indicates that the instrument can effec-
tively measure the beliefs about statistics of prospective mathematics teachers (see Table 2). As
expected, all items in the scale regarding statistics measure one dimension, so the unidimensional
requirement has been met [17, 37].

3.5 Ceiling and floor effects

The words "ceiling effect”" and "floor effect” are opposed but refer to the same phenomenon:
the clustering of a person’s answers at specified numbers [2, 39]. More specifically, the ceiling
effect happens when many participants receive the maximum score, whereas the floor effect occurs
when many people receive the lowest score. This can be seen when an instrument is too simple
(ceiling effect) or challenging (floor effect). As a result, researchers cannot use the instrument to
rank individuals on either end of the scale.

The analysis results show that the "beliefs about statistics" scale has a moderate ceiling effect
but is insignificant (see Table 2). This is demonstrated by the response to a maximum score of 4 of
12.53% (10% — 15%). On the other hand, the floor effect of the instrument can be ignored because
the response to a minimum score of 1 was 4.63% (< 5%). Based on this effects analysis, it can be
concluded that the "beliefs about statistics" scale is of good quality because the ceiling and floor
effects are not significant.

3.6 Differential item functioning

Differential Item Functioning (DIF) investigates whether instrument items function differently
for different groups of respondents [3, 72]. In other words, DIF examines the items in a test,
one by one, to look for signs of interaction with sample characteristics, such as gender, ethnicity,
and socio-economic status. This study has several respondent attributes, such as gender, type
of college, study program, and semester, which can be used to investigate the DIF of instrument
items. An item is said to have significant DIF (item bias) if the probability value is less than 0.05.
Interpretation of DIF must consider the risk of a "pseudo-DIF" phenomenon if fewer than 200
respondents are in each attribute category. There is debate around sample size for DIF analysis as
this depends on many factors, such as the method of DIF analysis, distribution of item responses,
scale length, and ceiling and floor effects [39].

Three items on the "beliefs about statistics" scale have DIF on the gender attribute, namely
items i2 (p = 0.0029), i22 (p = 0.0478), and i34 (p = 0.0034). This means that these three items
function differently for men and women. Seven items on the "beliefs about statistics" scale have
DIF on type of college attributes, namely items i1l (p = 0.0144), i24 (p = 0.0024), i25 (p = 0.0176),
i28 (p = 0.0153), 136 (p = 0.0100), i41 (p = 0.0152), and i42 (p = 0.0003). This means that the seven
items function differently for public and private colleges. Six items on the "beliefs about statistics"
scale have DIF on study program attributes, namely items i29 (p = 0.0230), i36 (p = 0.0000),
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i39 (p = 0.0020), i51 (p = 0.0200), i58 (p = 0.0310), and i60 (p = 0.0326). This means the
six items function differently for mathematics education and mathematics education study pro-
grams. Two items on the "beliefs about statistics" scale have DIF on the semester attribute: items
i36 (p = 0.0419) and 149 (p = 0.0392). This means the two items function differently for students
in semesters 6 and 8. Item i36, which reads, "based on my experience as a student at school, I have
enough time studying statistics in mathematics subjects"”, has a DIF in the type of college, study
program, and semester attribute. This item needs more attention and consideration for future
improvements (see Table 2).

The DIF items in this study inform future DIF research to develop a sampling strategy of more
than 200 respondents for each category on the attributes of gender, type of college, study program,
and semester. Deleting or modifying DIF items is not recommended, as it may affect the precision
of the matched variables. Therefore, more researchers are advocating qualitative methods to com-
plement DIF analysis for an in-depth assessment of whether a particular DIF effect is of sufficient
practical importance [39].

3.7 Cronbach alpha reliability

Cronbach Alpha explains the internal consistency reliability of the scale, and if the value is
close to 1, the internal measurement consistency is excellent [61]. This confidence scale about
statistics has a Cronbach Alpha value of 0.97, which is in the excellent category (> 0.80). This
reflects that the interaction between 378 persons and 57 items is reliable. In other words, the
results show the suitability between the person and the item used (see Table 2) [2].

3.8 Information function

Fisher information refers to the quantity of information data offered on a parameter [72]. For
item information, this refers to the amount of information the item response provides concerning
the person parameter. For instrument information, this is the sum of the information provided by
all items a person encounters regarding the person’s parameters. The item information functions
are added together to generate the instrument information function. Figure 2 depicts the Fisher in-
formation for the instrument (collection of items) at different points along the latent variable. This
function reports "statistical information" in data relating to each score or metric on the instrument
[3,72].

Simply put, Figure 2 shows the measurement information obtained from the "beliefs about
statistics" scale. The z—axis shows prospective mathematics teachers’ confidence level in working
on a given scale, while the y—axis shows the value of the information function. In practice, the
functional values of information are usually overlooked, with just its form being evaluated. We
often want the information function to peak at (1) the most critical cut point (criteria-referenced
instruments) or (2) the sample mode (norm-referenced instruments) [3, 72].

Based on Figure 2, it can be seen that the curve has two peaks. The peak of the information
function is at 1.875 logits (high level of ability) with information of 14.1581; apart from that, there
is also another peak that is slightly lower, namely at —1.3375 logits (low level of ability) with details
of 14.1479. The information obtained by the measurement is very high at high and low levels of
confidence, meaning that this scale is suitable or optimal for use with prospective mathematics
teachers in both groups. Furthermore, this information function ranges from —12 to 13 logits,
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which means that this scale of beliefs about statistics has an extensive and effective measurement
range to reach various levels of respondent confidence [3, 72].
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Information

i1 Very
weak Weak

Very

I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
: Strong strong
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--- person measurement average, ¢ peak point

Figure 2: Test information function.

3.9 Wright map

Figure 3 displays the Wright map of the research data. Generally, the person’s ability (M= 0.79,
SD = 0.92) on the left side is higher than the item difficulty (M = 0.00, SD = 2.12) on the right
side. This shows that, in general, prospective mathematics teachers have sufficient beliefs about
statistics. However, if examined further, it is revealed that only 10.58% of prospective mathematics
teachers have beliefs about statistics at high and very high levels (see Table 2). This indicates
a problem with beliefs about statistics among prospective mathematics teachers. Furthermore,
based on the Wright map, the items on the scale of beliefs about statistics function well and can
separate each respondent, meaning they have good discrimination abilities.

The person with the highest beliefs about statistics is 173FPE6 (4.89 logit); conversely, the per-
son with the lowest beliefs about statistics is 137FST6 (—5.21 logit). Person 173FPE6 (4.89 logit)
has a higher logit than any item on the scale (—2.90 to 4.23). This means the respondent’s beliefs
about statistics exceed the scale’s measurement capability. This is in contrast to person 137FST6
(—5.21 logit) and 281FPE6 (—3.74 logit), who have lower logits than any item on the scale (—2.90
to 4.23). This means that both respondents have beliefs about statistics below the scale’s measure-
ment capability.
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Figure 3: Wright map.

The item with the highest difficulty level is 118 (4.32 logit), and the item with the lowest is i52
(—2.90 logit). The items on the scale that need more attention are the items that have logits above
the person’s measurement average. In other words, items with a higher difficulty level than the
person’s average ability (M = 0.79). This has the potential to be explored further so that problems
in the beliefs about statistics of prospective mathematics teachers can be identified. There are 20
items with such criteria, namely items 118, i46, il, i3, i8, i53, 149, i11, i40, i7, i17, i21, i31, i24, i36,
i19, 113, i14, i34, and i30 (sorted from the highest item measurement), which coincidentally are all
unfavorable items. Interestingly, even though the items are unfavorable, many respondents agree
with them. As a result, these respondents get low scores on these items on this scale.

4 Discussion

The calibration results show that the "beliefs about statistics" scale containing 57 items has ad-
equate psychometric properties, such as category function, item properties, item bias, reliability,
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unidimensionality, ceiling and floor effects, information function, and Wright map. This "beliefs
about statistics" scale consists of 34 items related to the discipline of statistics and 23 items related
to learning and teaching statistics [52, 34]. Viewed from the type of statement, there are 24 fa-
vorable and 33 unfavorable items. Favorable items are items that have characteristics that support
scale-measuring attributes, whereas unfavorable items are items that have characteristics that do
not support scale-measuring attributes. It is hoped that the existence of items that have a reverse
direction (unfavorable items) will condition respondents to read each statement item more care-
fully and not be careless in responding [70, 68].

Using 4—point Likert ratings on each item in the scale worked well and was fully understood
by respondents [41, 37]. The items in the scale are declared valid and have excellent measurement
accuracy [69, 61]. Items in the scale represent all indicators of the construct of beliefs about statis-
tics. This scale has varying levels of agreement difficulty, from the easiest to agree on to the most
difficult to decide on [13, 63]. The insignificant ceiling and floor effects on this scale support this.
This means that the scale is not too easy to cause a ceiling effect and not too difficult to cause a floor
effect, so researchers can use this scale to determine respondents’ ranking at both ends [2, 39]. This
item’s difficulty level has been confirmed through a research sample of adequate size, namely 378
respondents [19, 58]. The responses given by respondents were declared valid and had a perfect
level of measurement accuracy [69, 61]. Many of the items in the scale are sensitive and adequate
to distinguish between different levels of a person’s abilities, from persons with the highest beliefs
about statistics to those with the lowest [2, 63]. In other words, the items on the "beliefs about
statistics" scale have good discrimination ability. This description emphasizes that the items and
respondents in this research dataset are valid and reliable. Hence, the dataset fits the Rasch model
and is productive for item measurement [2, 13].

Based on Wright’s map, this study also found something interesting, namely that many re-
spondents agreed with unfavorable items. This research identified various problems in the be-
liefs about statistics of prospective mathematics teachers. Many prospective mathematics teach-
ers agree that statistics is part of mathematics (i18). This finding aligns with the opinion of Begg
and Edwards [8], who stated that most teachers and prospective teachers believe that statistics is
part of mathematics. This is not surprising because they know that statistics is taught in school
mathematics. Therefore, they believe that learning statistics is the complete responsibility of math-
ematics teachers (i34) and a person’s mathematical ability is a requirement for success in learning
statistics (i24). This finding is confirmed by Chick and Pierce [20], who stated that prospective
teachers surveyed believed they had to be good at mathematics to understand basic statistical con-
cepts. Many prospective mathematics teachers believe mathematics and statistics have the same
characteristics (i7) related to numbers and mathematical calculations (il). It is believed that all
numbers in mathematics and statistics can be operated mathematically (i8). This aligns with the
opinion of Pierce and Chick [52], who stated that mathematics teachers may not consider them-
selves teaching "statistics" but instead applying calculations. Such beliefs conflict with Pfankuch’s
opinion [50], who states that being a statistics teacher means realizing that one does not teach a
branch of mathematics. The solution and truth in statistical problems are always single (i13 and
i14). These findings confirm that prospective mathematics teachers with such beliefs are identi-
fied as seeing statistics as part of mathematics, so that all mathematical properties are transferred
to statistics. Although closely related to mathematics, statistics is a separate discipline and did
not originate from mathematics [42, 30]. Statistics uses mathematics to solve problems, such as
algorithms and formulas, theoretical probability models, and several forms of graphical represen-
tation [31, 45]. Mathematics is a tool to help investigate statistical questions, but it is not the sole
end of statistics. Many of the core ideas of statistics are not mathematical. For example, statistical
inquiry is based on context and depends on data, unlike mathematical investigations, which are
independent of context [9, 32]. Mathematics and statistics differ in essential defining character-
istics, which include the role of context, reasoning methods, precision, data, and data collection
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[7].

This research identified biased items for each respondent’s attributes, such as gender, type of
college, study program, and semester. Three items on the gender attribute, namely items i2, 122,
and i34, show that these three items function differently for males and females. The seven items
on type of college attributes, namely items i11, i24, i25, 128, i36, 41, and 142, show that these items
function differently for public and private colleges. Six items in the study program attributes,
namely items i29, 136, i39, i51, i58, and i60, show that these items function differently for mathe-
matics education and mathematics education study programs. Two items in the semester attribute,
namely items i36 and i49, show that these two items function differently for students in semester
6 and semester 8. Item i36, which reads, "based on my experience as a student at school, I have
enough time studying statistics in mathematics subjects", has DIF on all three attributes: type of
college, study program, and semester. This item needs more attention and consideration for fu-
ture improvements. DIF research is recommended to have a sample of more than 200 respondents
in each attribute category. Because the sample size is insufficient for DIF analysis in this study,
it is not recommended that these items be deleted [39]. As an alternative, many researchers ad-
vocate qualitative methods to complement DIF analysis for an in-depth assessment of whether a
particular DIF effect is of practical importance.

Even though it has several items indicating DIF, this confidence scale about statistics has excel-
lent reliability, namely 0.97, which reflects the correspondence between the person and the items
in the research dataset [2, 61]. This unidimensional scale, where all items measure one dimen-
sion, namely beliefs about statistics. This scale can effectively measure the beliefs about statistics
of prospective mathematics teachers [48, 37]. Furthermore, the information function strengthens
this argument. The information obtained by the measurement is very high at high and low levels
of confidence, meaning that this scale is suitable or optimal for use with prospective mathematics
teachers in both groups. This scale has an extensive, effective measurement range to reach various
levels of respondent beliefs 3, 72].

One of the limitations of this research is that participants were recruited using an online survey
and were limited to students in Central Java Province, Indonesia. The internet has reached most
areas in the province, and the education sector is increasing. However, Indonesian people in rural
areas may interpret the scale content differently than expected. This must be studied empirically
by expanding the research population. This population expansion can also sharpen DIF analysis
because DIF research is recommended for sample sizes of more than 200 in each category. There-
fore, future research needs to develop a sampling strategy. A second possible limitation is that
this study focused only on the internal psychometric characteristics of the scale. Although these
findings are promising, external validity measures can indicate how much the measure aligns
with theoretically related constructs. Therefore, it is necessary to test external validity using this
instrument in different populations. Despite these limitations, the procedures of this study are
considered sufficient to illustrate the instrument’s reliability.

5 Conclusions

Based on Rasch’s analysis, this research dataset has good reliability and validity, and matches
the expected model. The "beliefs about statistics" scale is generally of good quality. It has adequate
psychometric properties, especially regarding category function, item properties, item bias, reli-
ability, unidimensionality, ceiling and floor effects, information function, and Wright map. This
scale successfully identified various problems of beliefs about statistics that prospective mathe-
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matics teachers have. On this scale, it is indicated that several items are biased, but because the
sample size is not sufficient for DIF analysis, it is not recommended to delete these items. Further
testing and refinement of the instrument need to be carried out to increase test precision. Never-
theless, this research has contributed to providing a much-needed scale of beliefs about statistics
for prospective mathematics teacher preparation programs.
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Appendix A

"Beliefs about Statistics" Scale for Prospective Mathematics Teachers

Note:

N

AR

N

11.

12.

13.

14.

15.

16.

17.

18.
19.
20.
21.

(+) is favorable item, (-) is unfavorable item

. Statistics related to numbers and mathematical calculations. (-)

Statistics contains a collection of analysis techniques, but they are used separately and are
not related to each other. (-)

Statistics is a collection of analysis techniques related to each other.(-)
Statistics as data analysis and interpretation. (+)
Statistics as a way of understanding real life using various statistical models. (+)

Statistics is a tool that can develop one’s thinking and create new interpretations of data and
life. (+)

Statistics has the same characteristics as mathematics. (-)

Mathematics and statistics use numbers similarly by operating on them mathematically. (-)

. Mathematics emphasizes abstraction, but statistics emphasizes interpretation in context. (+)

10.

Mathematics exploits deductive reasoning, while statistics uses more inductive reasoning.

(+)

Mathematics and statistics rely on context as a source of problems, only to motivate students
to learn. (-)

Problems in statistics are always solved through one method, such as solving mathematical
problems in general. (-)

Solving problems in statistics always provides a single answer, such as solving mathematical
problems in general. (-)

The truth of solving cases in statistics is always singular, and there are no other alternative
answers. (-)

Mathematics is an exact and precise science, while statistics is a science that contains uncer-
tainty and error. (+, drop out)

Different representations (tables or graphs) of the same data in statistics are used to identify
different aspects. (+)

Different representations (tables or graphs) of the same data in statistics are used to show
the same relationship. (-)

Statistics is a part of mathematics. (-)
Mathematics is a part of statistics. (-)
Statistics is a separate discipline that is different from mathematics. (+, drop out)

Learning activities in statistics have the same characteristics as mathematics, centering on
mathematical calculations for all numbers. (-)
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44,

1374

no et al. Malaysian J. Math. Sci. 19(4): 1351-1375(2025) 1351 - 1375

. Statistics learning activities are more suitable for group work than individual work. (+)

Technology such as calculators, smartphones, computers, and the internet is appropriate for
supporting statistics learning activities. (+)

A person’s mathematical ability is required to learn statistics. (-)
Learning statistics does not require being good at mathematics. (+)
Statistics material is very applicable in all fields. (+)

Statistics material is taught only through mathematics subjects. (-)

Statistics gives meaning to mathematics because statistical material is motivating and fun for
students. (+)

Statistics is not useful for mathematics lessons because it has no connection to other materi-
als. (-)

If I become a teacher later, I will teach statistics using the same method as in other mathe-
matics materials. (-)

If I become a teacher later, I will use a learning method oriented towards independent learn-
ing activities for students in statistics learning. (-)

If I become a teacher later, I will use a group learning method in statistics learning, where
students carry out activities together in a group to achieve learning goals. (+)

Statistics learning is taught across subjects because of its applicability. (+)
Statistics learning is the responsibility of mathematics teachers. (-)

Everyone needs to learn statistics because it can be used as a tool to solve problems in every-
day life. (+)

Based on my experience as a student at school, I have enough time to study statistics in
mathematics. (-)

Based on my experience as a student at school, statistics should be given more hours per
week, even if this means that other mathematics materials get less. (+, drop out)

Statistics is useful for solving various problems in the real world. (+)
Statistics is only a matter of calculating numbers and is not useful for everyday life. (-)

If Ibecome a teacher later, I will prioritize students’ procedural skills, such as making graphs
and calculating statistical measurements. (-)

If Ibecome a teacher, I will prioritize statistical thinking and make it the main goal of statistics
learning. (+)

Types of data and measurement scales do not need to be taught because they are useless and
confusing for students. (-)

All types of diagrams or graphs can be used to present all types of data, so there is no need
to differentiate their use. (-)

Distribution and variability of data are not important in statistics learning, so there is no
need to teach them. (-)
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45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Population and sample do not need to be differentiated in statistics learning for school stu-
dents. (-)

If I become a teacher, I will provide data for students to work on when teaching statistics.
)

If I become a teacher, I will allow students to explore things around them to be researched
and discussed in class. (+)

If Ibecome a teacher, I will design statistics learning based on projects and group discussions.

(+)

If I become a teacher, I will choose quantitative data (metric/continuous) in example ques-
tions, assignments, and tests. (-)

If I become a teacher, I will emphasize the context from which the data was obtained so that
data analysis techniques can be determined and how to interpret them. (+)

If I become a teacher, I will teach students procedural skills to solve statistical problems,
regardless of the context of the problem from which the data was obtained. (-)

If I become a teacher, I will utilize relevant computer or smartphone software to support
statistics learning. (+)

If I become a teacher, I will avoid using technology to solve statistical problems because it
encourages students to depend on technology. (-)

If I become a teacher, I will direct students to learn using the same method as when learning
other mathematics materials by memorizing the formulas and giving lots of practice ques-
tions. (-)

If I become a teacher, I will prohibit students from using technology to solve statistical prob-
lems because it makes students dependent on technology. (-)

If I become a teacher, I will design statistics learning where students learn through data
collection activities in their surroundings according to their interests. (+)

If I become a teacher, I will get students used to discussing various problem solutions in
statistics learning. (+)

If I become a teacher, I will get students used to using software to solve statistical problems.

(+)

If I become a teacher, I will design statistics learning where students learn in groups, work
on projects, and present them. (+)

Statistics material is not related to other subjects. (-)
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