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ABSTRACT

The functionality and quality structure of a rating scale are vital in a survey instrument. This article discusses
the underlying assumption of a rating scale and the application of the Rasch Rating Scale Model (RSM) to
diagnose the rating scale structure in a survey instrument. The instrument used to demonstrate the process of
diagnosis a rating scale functioning in this study was the Vocational Teachers’ Assessment Literacy (VoTAL)
instrument. The VOTAL instrument used the five-point Likert-type response format and consisted of 88 items
representing three assessment literacy constructs. The data were obtained from randomly selected 224
vocational teachers at five vocational colleges from Selangor State and the federal territory of Kuala Lumpur
in Malaysia. The rating scale diagnosis results revealed that the initial five-step of rating scale categories were
not effectively functioning as intended. It showed that the Andrich threshold of category three was disordered
as it was not monotonically rich with categories. In addition, the result also found that the width of the threshold
between category three and category four was too narrow (0.66 logits). The results indicate that the rating scale
used in the VoTAL instrument was disordered. Thus, the initial five rating step categories collapsed down into
four categories. In conclusion, this study highlights the importance of assessing the rating scale’s functionality
in a survey instrument to reduce measurement error and collect valid and reliable data.
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INTRODUCTION

Surveys in social science research remain one of the most popular data collection methods
(Bradley, Peabody, Akers, & Knutson, 2015). Survey instruments are easy to administer in various
ways, such as mail, online, paper-pencil, telephone, etc. With substantial studies utilizing survey
design in social research, it is becoming increasingly essential that the instruments function as
expected and measure what is supposed to measure. The instrument’s precision and quality play
crucial roles in ensuring the collected data are reliable and valid. Hence, to identify the problems that
may distort the collected data’s reliability and validity, it is vital to confirm the instrument’s quality
at the early stages of the instrument development (Bond & Fox, 2015).

The typical approach and the most popular type of instrument used in survey studies that have
been around for a long is the rating scale. Therefore, there has been a significant number of research
devoted to the rating scale functioning, especially the number of steps categories used in a rating scale
(DiStefano & Jiang, 2020; Preston & Colman, 2000). The research into the rating scale steps
categories has been becoming a debate for decades, especially on a Likert-type scale. Categorizations
in the rating scale should be univocal, mutually exclusive, exhaustive, and well-defined (Linacre,
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2002). In 1932, Rensis Likert made an early finding that differential category weighting structure was
unproductive and beyond ordinal numbering. Rensis Likert later introduced the five-point category
agreement rating scale. In 1967, Nunnally introduced an even category by removing the middle one
in rating scales such as the Likert scale. In terms of Psychometric theory, Nunnally (1967) also
reported that using more categories has more advantages than fewer categories. However, he also
agrees that plentiful categories will confuse and irritate studies respondents. In addition, a study by
Stone and Wright (1994) and Zhu, Updyke, and Lewandowski (1997), by changing five ordered
categories into three ordered categories, found that fewer categories produce higher test reliability.
Then, Lei Chang (1994) compares the output of four and six categories scales, and he reported that
the four categories scale produced higher test reliability. In contrast, other scholars (e.g., Finn, Ben-
Porath, & Tellegen, 2015; Hilbert, Kiichenhoff, Sarubin, Nakagawa, & Buhner, 2016; Weng, 2004)
had reported that a higher number of step categories would produce higher test reliability. Therefore,
although the rating scale is customary in social research, there has been no consensus concerning the
appropriate number of criteria used in the rating scale.

If researchers are still uncertain about the appropriate number of categories in the rating scale,
examining the rating scale structure and functioning is always worthwhile (Linacre, 2002). In
improving and verifying the functionality of rating scale categorization, Rasch measurement (Rasch,
1960) provides a practical method for rating scale analysis. Therefore, the purpose of this study was
to demonstrate the processes to diagnose the rating scale’s quality structure in a survey questionnaire
by employing the Rasch measurement model, particularly the Rasch Rating Scale Model (RSM).

Rating Scales As Instruments In Social Research

The rating scales that Rensis Likert (1932) first established are widely used in the education and
social sciences to assess latent variables. Survey instruments with ordered-categories rating scales are
prevalent in education and social sciences research. Rating scales are employed when there is no
instrument available, such as the natural sciences’ measurement tools to measure latent constructs in
the social sciences (Andrich, 2011). In social sciences, the Likert-type scale is the most commonly
used tool for data collection. The Likert-type scale enables researchers to collect various data on
perspectives (e.g., likelihood, agreement intensity, etc.) that make it highly versatile to most research
conditions (Andrich, 2011; Fowler, 2013). Apart from that, the number of step categories on the
Likert-type scale is always with the five-step categories. Likert-type scale is subject to change to
provide more or fewer step categories, such as adding or removing the middle or creating a more
continuous type of step categories (Fink, 2003; Fowler, 2013; Nardi, 2015). Referring to Smith,
Wakely, De Kruif, and Swartz, (2003), the Likert-type scale provides three primary assumptions. At
first, the Likert-type scale enables researchers to focus on the relevant research areas that need to
study. Secondly, the Likert-type scale structure includes a range of potential responses to each item
in a questionnaire. At last, all respondents are using the same stimuli to formulate their responses.

Regardless of the latent construct that the researchers are trying to assess, the use of the Likert-
type scale may have several commonalities (Bond & Fox, 2015). Firstly, a statement serves for each
item on the scale. Secondly, respondents are required to respond by choosing the degree of their level
of agreement to a statement on the given rating scales. Lastly, the given scale for each statement is in
the form of a rating scale with two or more step categories. The rating scale might be in the form of
five steps agreement categories such as “strongly disagree” (1), “disagree” (2), “neutral” (3), “agree”
(4), and “strongly agree” (5). The given rating scale might also may be in the form of four steps
likelihood categories such as “very likely” (1), “unlikely” (2), “likely” (3), “very likely” (4). The odd
number type of step categories may enable respondents to choose a “neutral” option for their response.
In contrast, the even number type of steps categories leaves respondents with no choice but to accept
either a negative or positive response (Bond & Fox, 2015).
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Psychologists are generally finding a Likert-type scale the softer approach of data collection, as
researchers explicitly maintain that the statements of items on the questionnaires are simply just to
collect an opinion (Bond & Fox, 2015). Thus, the subjective nature of the Likert-type scale makes it
easily be assigned to collect data that involves various forms of human conditions (Hales, 1986).
However, even with the researchers’ best effort in developing rating scales questionnaire, a variety
of issues may still arise (Smith et al., 2003). Respondents might not use the rating scales as was
expected. Respondents might not use the rating scales as was expected. Respondents may select
socially appropriate responses, misunderstand the confusing items, or answer in a set of responses.
Moreover, respondents’ interpretation of the rating scale is solely based on their understanding of the
rating labels. The use of ambiguous labels on a rating scale such as “sometimes” or “often” may cause
distinctive use of the category. At the same time, the use of middle categories such as “neutral” or
“unsure” may not be sharing the attribute measured by the other categories (Bradley et al., 2015;
Smith et al., 2003). Additionally, the rating scale that only labeled the first and last points of the scale
categories may leave respondents guessing and make their interpretation of the unlabelled responses
categories. Further, the use of too many categories will bring more noise to the scale that could distress
respondents to make an idiosyncratic selection of answers and may cause some categories to
improperly function or not be used by respondents (Bond & Fox, 2015).

Therefore, the number of step categories in a questionnaire should be optimized by using a
specific method to ensure that each category is effectively used to collect valid and reliable research
data. Rasch Model, particularly the Rasch Rating Scale Model (RMS), is a reliable method used to
diagnose the number of step categories in a questionnaire without the need to collect several sets of
data from the distinct version of the same scale (Smith et al., 2003).

Rasch Rating Scale Model (RSM)

The conventional approach of analyzing rating scale data such as the Likert-type scale relies on
the belief that all items in a questionnaire have the same level of difficulty, and the increased unit
across each step of a category have equal value(Bond & Fox, 2015; Boone, 2020; DiStefano & Jiang,
2020). For example, from a set of five steps Likert scale, “strongly disagree” (1), “disagree” (2),
“neutral” (3), “agree” (4), and “strongly agree” (5), the fifth (5) category has five times the value of
the first category (1). This practice was used in the previous studies when researchers assumed the
ordinal data of a rating scale as interval data by summing up the coded steps category in a
guestionnaire to create a total scale score (Boone, 2020). The calculated total score is then used in
statistics to compare respondents. As stressed by Boone (2020), the rating scale, such as the Likert-
type scale, cannot be assumed to have equal units across each step category, and each item on a
guestionnaire does not have the same level of difficulty. This traditional approach of analyzing rating
scale data has ignored the subjectivity of the data by making unjustified assumptions about the nature
of the scale (Bond & Fox, 2015; Boone, Staver, & Yale, 2014). Hence, this practice may lead to
invalid mathematical operation and ineffective treatment of statistical analysis (Merbitz, Morris, &
Grip, 1989; Wright & Linacre, 1989; Smith et al., 2003; Mokshein, Ishak, & Ahmad, 2019)).

However, the Rasch model treatment of rating scales data, particularly RSM, does not assert the
conventional belief. In the Rasch model, items are categorized based on the item difficulty level. Each
item in a questionnaire has its level of difficulty. The level of difficulty for each item is different. In
a survey questionnaire, one particular item might be easier to agree on, and the other particular item
might be harder to agree on. For example, in a five items questionnaire, the difficulty of respondents
to agree with item one is not the same as the difficulty to agree with item five. In addition, Rasch
RSM allocates each step of the category based on realistic nature (Bond & Fox, 2015). For example,
on a Likert scale, Rasch RSM recognizes the values increased from “strongly disagree” (1) to
“disagree” (2) does not have the same values increased from “agree” (4) to “strongly agree” (5). The
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Likert scale label of “strongly disagree”; “disagree”; “neutral”; “agree”; and “strongly agree” with
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the following coding of 1, 2, 3, 4, and 5 is only used to acknowledge the ordered step categories, not
to be summoned to create a total score (Bond & Fox, 2015; Boone, 2020). As highlighted by Bond
and Fox (2015), and Boone (2020), data collected with the rating scale has always been ordinal, and
the number is the order of the rating scale.

The Rasch RSM developed by David Andrich (1978) is the extended version of the Rasch
dichotomous model. RSM s specifically used to analyze ordinal data in a rating scale such as the
Likert-type scale with a fixed number of step categories in a questionnaire (Wright & Masters, 1982;
Linacre, 2000; Dimitrov, 2014; Engelhard & Wind, 2017). RSM analyzed the ordinal data on a rating
scale by estimating the person measures (ability) and item location (difficulty) values on a single
interval measurement scale (Mokshein et al., 2019). The unit values are known as logits, referred to
as the logarithm of odds. Besides, RSM also estimates the thresholds value that signifies the width
between each step category on a rating scale. The threshold on the rating scale is the point where a
step from one to the nearby category. The number of entries on a rating scale is determined by the
number of step categories minus one (DiStefano & Jiang, 2020). For example, the number of
thresholds on a five-point Likert scale would be four, and the number of entries on a four-point rating
scale would be three. Each entry on the rating scale would have its difficulty estimate (Abd-El-Fattah,
2015). Therefore, the way of rating scale managed by Rasch RSM is mathematically more reasonable
and naturally appropriate than the conventional belief (Bond & Fox, 2015). Hence, Rasch RSM is the
solution to convert the ordinal nature of rating scale data into interval data based on actual statistical
proof.

Hence, the RSM equation can be expressed as below:

NS0 21 i 57 N
P =20 = S ey alu=Grer) * = 0L 1)

This formula contains three main parameters as follow:
Pn is the measure (ability) of person n,
oi is the difficulty of item i,
7 is the threshold parameters
Where P (X, = X) is the probability that a person n is observed in the rating scale category x on item
i, which has m + 1 rating scale categories, and
Yj=olBn = (G +1;)] =0

From the formula (1), the Rasch RSM can be specified as the probability of a person n with the
ability of £, is observed in a particular step category x on item i with the difficulty of 6; (Andrich,
1978; Smith et al., 2003). Thus, every rating scale for a survey questionnaire should be analyzed to
optimize the scale category effectiveness and to ensure that each category is appropriately
functioning. For this purpose, the Rasch RSM provides the most convenient and simplest model to
validate and improve the rating scale categorization functioning to increase the measurement accuracy
(Linacre, 2002).

METHOD
Instrumentation

This study employed the Rasch RSM to analyze the rating scale categories of a measurement
instrument. The instrument used to demonstrate the process of diagnosis a rating scale functioning in
this study was the Vocational Teachers’ Assessment Literacy (VoTAL) instrument. The VOoTAL
instrument was developed to assess vocational teachers’ self-perceived assessment literacy. The
VOTAL instrument consists of 88 items statements that represent three assessment literacy constructs;
(1) Assessment Foundation, (2) Use of Assessment, and (3) Assessment Quality. The VOoTAL
instrument utilized the five-point Likert-type response format, which is (1) “strongly disagree,” (2)
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“disagree,” (3) “less agree,” (4) “agree,” and (5) “strongly agree.” This instrument had gone through
a rigorous content validity process before being used in this study.

Samples and Procedure

The data were from the pilot study for the VOTAL instrument conducted on 224 vocational
teachers at five vocational colleges in Selangor and Kuala Lumpur, Malaysia. The five vocational
schools were chosen through a simple random sampling method. Of these samples, 128 (57.14%)
were male, and 96 (42.86%) were female. All unit samples possess the same characteristics as they
are all vocational teachers teaching vocational subjects in the government’s vocational colleges,
which use the same curriculum. The data were collected in November 2019 by on-site administration
of the printed questionnaires to the study participants. Approvals for the data collection were obtained
through the Malaysia Education Planning and Research Division (EPRD), Technical and VVocational
Education Division, and the director of the selected vocational college.

Data Analysis

Rasch RSM is used to analyze various types of analysis, such as fit statistics, unidimensional
diagnosis, differential item functioning, etc. However, this study only utilized the Rasch RSM to
demonstrate the diagnosis of the rating scale functioning of the VoTAL instrument. Rasch RSM s
pertinent for assessing the item difficulty of a rating scale with two or more ordered step categories
(Smith, 2003). As previously described, Rasch RSM can be specified as the probability of a person n
with the ability of £, is observed in a particular step category x on item i with the difficulty of o
(Smith, 2003; Andrich, 1978). The Rasch RSM probability formula is shown in formula (1) from the
previous section. The Rasch RSM formula is implemented by Winsteps software (version 4.5.2),
which was then used to perform the data analysis in this study. Winsteps is one of the many software
packages that are used to run Rasch RSM analysis. Winsteps software can produce empirical evidence
in discovering the ability of respondents to understand and discriminate the step categories as well as
to inform the rating scale quality (Linacre, 2002).

Thus, in an attempt to diagnose and optimize the rating scale category effectiveness, each analysis
concerning the rating scale functioning such as category observations and distributions, average
measures, outfit MNSQ, Andrich threshold, and the width of step categories were rigorously
analyzed. In achieving the desired results, Linacre (2002) had provided seven criteria as a guideline
to assist researchers in conducting the analysis. However, as advised by Linacre (2002), not every
criterion is appropriate for any specific rating scale analysis. Therefore, based on the review of Rasch
rating scale analysis in the literature along with the suggestion by Smith et al. (2003) and Dimitrov
(2014), it is recommended that the following five criteria are applicable for most rating scale
conditions:

1. Each category should have a minimum of ten observations,

2. Observed average monotonically progress with categories,

3. The value of the Outfit means square (MNSQ) is lower than 2.0,

4. Step calibration (Andrich threshold) monotonically progress with categories, and

5. Step calibration (Andrich threshold) advances by a minimum of 1.4 logits and a maximum

of 5.0 logits.
These criteria were used as a guideline to analyze and optimize the function of rating scale categories
in this study.

Copyright © 2022, author, e-ISSN 2442-8620, p-ISSN 0216-1370
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FINDINGS AND DISCUSSIONS
Findings

The rating scale functioning analysis is assessed based on the output table produced by Winsteps.
The initial application of the VOTAL instrument shows that the instrument’s reliability was high. The
person and item reliability were .96 and .99, respectively. The rating scales analysis begins by
investigating the instrument’s category structure, as shown on the Winsteps output in Figure 1.

SUMMARY OF CATEGORY STRUCTURE. Model="R"

| CATEGORY OBSERVED | OBSWD SAMPLE|INFIT OQUTFIT]|| ANDRICH |[CATEGORY|
ILABEL SCORE COUNT %|AVRGE EXPECT| MNSQ MNSQ| |THRESHOLD| MEASUREI
————————————————————— i S
| 1 1 672 4| -.48 -.56] 1.11 1.40]| HONE |C -2.787] 1
| 22 2106 13| -.16 -.19] 1.04 1.10]] -1.52 | -1.16 | 2
| i 3 2172 13| 23 .31} .92 98] | .02 -.19 | 3
| 4 4 7695 47| 96 .97 .85 801 | -.64 | 1.05 | 4
| S 3707 23] 1.9 1.91] 1.09 1.0Z]| 2.14 | C 3.29)] 5

OBSERWED AVERAGE is mean of measures in category. It is not a parameter estimate.

Figure 1. Category structure of VOTAL instrument

The result from Figure 1 was based on the previously mentioned criteria for optimization of rating
scale category functioning as below:

Each category should have a minimum of ten observations: This criterion revealed as the observed
count for each category ranged from 672 to 7695 observations. The lowest observations were in
category one, and the highest observations were in category four. This frequency of observations was
more than enough to estimate a stable rating scale structure.

Observed average monotonically progress with categories: The observed average was in ordered
and consistently increased monotonically (-0.48 < -0.16 < 0.23 < 0.96 < 1.95) across the step
categories. This result implies that, in general, respondents with lower ability progressively endorsed
lower step categories, while respondents with higher ability progressively endorsed higher step
categories. Thus, this criterion was fulfilled.

The value of the Outfit means square (MNSQ) is lower than 2.0: The result in Figure 1 shows that
the outfit MNSQ values ranged from 0.80 to 1.40, indicating that the data set introduced more
information with lower unexplained noise. Therefore, this criterion was also fulfilled.

Step calibration (Andrich threshold) monotonically progress with categories: This criterion was
not met as the Andrich threshold values reported in Figure 1 were not monotonically progress with
categories. The value of category three (-.64) was smaller than category two (.02), which leads to
disordering thresholds. The disordering thresholds can also be observed graphically from the category
probabilities response curves in Figure 2. The x-axis in Figure 2 is the respondents’ measures relative
to item difficulty of endorsement, and the y-axis is the probability of a particular category observed
in logit values. From Figure 2, it is noted that the ‘hilltops’ of category three were missing and did
not peak.
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CATEGORY PROBABILITIES: MODES - Andrich thresholds at intersections
P R - - +-————- - - +-————- +-
E1.0 + +
0 | |
B | |
A | 555
B B +11 55 +
I | 11 55 |
L | 11 55 |
I | 1 44 55 |
T B+ 11 444 4444 55 +
N | 1 44 44 5 |
5o+ 1 44 45 +
8] | 1%222272 4 5 44 |
F Ao+ 222 1 22 4 55 4 +
| 22 1 224 5 44 |
R | 22 1 42 55 44
E | 22 11 433¥¥ 55 44
5 L2 o+222 AR *333 55 444 +
P | 1334411 22 w3 444 |
8] | 333 44 11 552 3333
M | 3333334444 S]] 22227 3333333 |
g O +'\ﬁ"\0r\‘r\'r\‘r1\"ﬂ"\0r\‘r\'r\‘r55555555555 11111111*****#*****#**********+
E - R R o= R R o= +-
-3 -2 -1 ] 1 2 3 4
PERSOMN [MIWUS] ITEM MEASURE

Figure 2. Category probabilities for VOTAL instrument

Step calibration advances by a minimum of 1.4 logits and a maximum of 5.0 logits: The Andrich
threshold values across the step categories in Figure 2 did not meet this criterion. The width between
each category threshold is given in Table 1.

Table 1. Thresholds width between categories

Thresholds between category Thresholds width (logits)
Category 1 and 2 1.52
Category 2 and 3 1.54
Category 3 and 4 0.66
Category 4 and 5 2.78

From Table 1, it is found that the width between the Andrich threshold of category three and four
was 0.66 logits (-0.64 — 0.02 = 0.66), which is less than the minimum requirement of 1.4 logits. This
narrow threshold indicates that respondents might be unable to discriminate the categories. It may be
a signal of categories overlapping. None of the entries advances more than 5.0 logits, as the maximum
width of thresholds was 2.78 logits, which is the width of entries between categories four and five (-
0.64 —2.14 =2.78).

The result from Figure 1, Figure 2, and Table 1 show empirical evidence that the rating scale
categories of the VoTAL instrument were not properly functioning. Therefore, one possible remedy
is those problematics categories should match the adjacent categories or be revised to improve the
meaning and function of the rating scale (Linacre, 2002). From the above analysis, step category three
was the most problematic. Thus, category three suggested being collapsed down into category two or
collapsed up into category four. The result of both sets of collapse categories (category three collapse
down into category two and collapse up into category four) was then compared to decide a better set
of empirical categories. Collapsing down category three into category two and collapsing up category
three into category four will result in the rating scale categories down to four categories instead of
five. In the first set of collapsing categories (collapsing category three down into category two), the
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first category remained as category one. The second and third categories were re-coded as category
two. The fourth category was re-coded as category three. Lastly, the fifth category was re-coded as
category four. The original code of “12345” in the Winsteps control file was then re-coded to
“12234”, and re-analyzed. In this case, the response of category three serves as the same response as
category two. The summary of category structure and category probabilities curves resulting from the
collapsing of category three down into category two is presented in Figures 3 and 4, respectively.

SUMMARY OF CATEGORY STRUCTURE. Model="Rr"

| CATEGORY OBSERVED | OBSWD SAMPLE |INFIT OUTFIT|| AMDRICH |CATEGORY|

ILABEL SCORE COUNMT %|AWRGE EXPECT| MNSQ MNSQ| [THRESHOLD| MEASUREI
————————————————————— e i o

| 1 1 672 4| -.7y -.B4] 1.09 1.17|| NOME [C -3.48)] 1

| 2 2 4278 26| -.08 -.0Z| .93 1.007 | -2.30 1 -1.22 | 2

| i3 768 471 1.09 1.05] .83 B0 -.09 | 1.18 | 4

| 4 4 3707 23] 2.31 2.34] 1.12 1.10]] 2.39 | C 3.55)] 5

OBSERWVED AWERAGE is mean of measures in category. It is not a parameter estimate.

Figure 3. Category structure for collapsing category three down into category two, “12234”

CATEGORY PROBABILITIES: MODES - Andrich thresholds at intersections
P - - +--———- +--———- - +--———- +--———- - +-
E 1.0 + +
0 | |
B | |
A |1 4|
E 8 + 111 44 4+
I | 1 44 |
L | 11 4 |
I | 1 333 44 |
T B o+ 11 222222 333 3333 4 +
Y | 1 222 22 33 i3 44

5o+ 122 22 33 34 +

| 211 w3 4313 |
F Ao+ 22 1 E 44 33 +

| 22 1 13 22 4 3 |
R | 2 11 3 2 4 33
E | 27 1 33 22 44 33
S 2o+ 22 v 2¥d 13 +
P | 22 i3 11 44 27 3
0 | 333 111 444 222 |
M | 33333 MR AR 222272
S O ek AAAAAA4 QA4 444444 INRRRRRRRRRRNRERR AL LA A AL AANE
E - - +--———- +--———- - +--———- +--———- - +-

-4 -3 -2 -1 0 1 2 3 4

PERSON [MIWUS] ITEM MEASURE

Figure 4. Category probabilities for collapsing category three down into category two, €12234”

In the second set of collapsing categories (collapsing category three up into category four),
the first category remained as category one. The second category remained as category two. The third
and fourth categories were re-coded as category three. Lastly, the fifth category was re-coded as
category four. The original code of “12345” in the Winsteps command was then changed into
“12334”. The response of category three was analyzed as the same response as category four. The
summary of category structure and category probabilities curves resulting from the collapsing of
category three up into category four is shown in Figures 5 and 6, respectively.
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SUMMARY OF CATEGORY STRUCTURE. Model="R"

| CATEGORY OBSERVED|OBSVD SAMPLE|INFIT OUTFIT|| ANDRICH |CATEGORY|

ILABEL SCORE COUNT %|AVRGE EXPECT| MNSQ MNSQ| | THRESHOLD]| MEASUREI
————————————————————— e T e i

| 1 1 672 41 -.62 .78 1.11 1.25|| MONE [C -3.000] 1

| 2 Z 2106 131 -.19 -.05| .59 AN -1.60 | -1.37 | 2

| 3 3 9867 60 1.02 1.01| .90 .89 -1.11 | .88 | 3

| 4 4 IF0Y 231 2.5%4 2.4 1.06 1.00](| 2.7 | 3.822] 5

OBSERVED ANWERAGE 1s mean of measures in category. It 1s not a parameter estimate.

Figure 5. Category probabilities for collapsing category three up into category four, “12334”

CATEGORY PROBABILITIES: MODES - Andrich thresholds at intersections

P —4mm - +--—-——- +------- +--———- +--———- - +--—-——- +-
1.0 + +
0 | |
B | |
A | |
B . | 44
I | 11 3333333333 44 |
L | 1 333 33 44 |
I | 11 33 33 44 |
T B+ 1 3 33 4 +
Y | 1 33 i3 44 |
Do+ 1 3 ERd +

8] | 11 3 44 3 |
F Ao+ w22223 | 44 13 +
| 22221 332222 4 33 |

R | 22 ¥ 22 44 33 |
E | 222 33 11 222 44 33 |
5 L2422 3 1 22 444 I+
P | 13 11 222 44 |
0 | 333 111 dewwid |
M [33333 LAARAAY:! 22222232 |
5 L0 +444444444444444444444 1111313133131y
E oo R +--—-——- +--————- +--————- o= R +-
-3 -2 -1 0 1 2 3 4

PERSON [MINUS] ITEM MEASURE

Figure 6. Category probabilities for collapsing category three up into category four, “12334”

In deciding which set of collapsing categories to be used, the comparison based on the guideline
criteria was made. This comparison is seen in Table 3. The analysis in Table 3 clearly shows that
collapsing category three down into category two “12234” fulfills all the criteria. However, collapsing
category three up into category four “12334” has improved the order of the threshold but failed to
meet the width of the minimum threshold of 1.4 logits. The thresholds width between category three
and two was only 0.49 logits. The category probabilities curves resulting from the small width of
thresholds are in Figure 6. As in Figure 6, although a “hilltop” can be seen in category two, the peak
was unclear and almost sunken in-between categories one and three. In comparison to Figure 4, a
clear peak can be observed for every category, indicating that all categories had a reasonable width
of thresholds.
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Table 2. Comparison of categorization of original “12345”, collapsing category three down
into category two, “12234”, and up into category four, “12334”
Collapsing category  Collapsing category

Original,

Criteria «12345” three down into two, three up into four,
«“12234” «“12334”

Minimum of 10 observations v v v

per category

Observed average advance v v v
monotonically

Outfit MNSQ < 2.0 v v v
Andrich threshold advance < v v
monotonically

Andrich threshold advance by > < v <

1.4 logits and < 5.0 logits

Based on the comparison result, the final verdict of the analysis was to use the categorization of
“12234”. The collapse of category three to category two shows a better empirical rating scale
improvement and can meet all the mentioned criteria. Hence, the labels of the new set of step
categories were then re-arranged and re-coded as “strongly disagree” (1), “disagree” (2), “agree” (3),
and “strongly agree” (4). The “less agree” label was eliminated. This new set of four-step rating scales
will be tested again in the next data collection for final verification.

Discussions

A well-functioning rating scale used in an instrument is crucial in collecting valid and reliable
data. Thus, this study demonstrates the method to analyze and optimize the rating scale function of
the VOTAL instrument using the Rasch RSM method. At first, the VOTAL used five-step rating scale
categories in data collection. The collected data were then analyzed using Winsteps software version
4.5.2, and the result was assessed based on the five criteria mentioned in the data analysis section.
The initial five steps rating scales used in the VOTAL instrument were able to meet criteria one, two,
and three but failed to fulfill criteria four and five.

For the first criteria, each category of the VOoTAL instrument has more than ten observations. The
result shows that the number of observations on each of the step categories was stable for step
calibration estimations. The step calibration is determined by the log ratio of the number of
observations of its nearby category. If the number of observations is low, the estimation of the step
thresholds is imprecise and possibly unstable as it does not provide adequate responses for the
estimation of the thresholds (Linacre, 2002). For that reason, a small change in the number of
observations will shift the scale estimation structure. Thus, to get a stable rating scale, each step
category should have a minimum of ten observations.

The second criterion was also fulfilled. The observed average was monotonically in line with
categories. The observed average is the indicator that implies the use of each step category. Generally,
higher measures should indicate higher categories, while lower measures should indicate lower
categories. Thus, the observed average must be in order and monotonically advance with step
categories. The disorder observed average could indicate the uncertain meaning of the rating scale
that may lead to a controversial and imprecise measure (Linacre, 2002).

The third criterion required the Outfit means square (MNSQ) values to be lower than 2.0. This
criterion was met, as from the result, it was reported that the highest Outfit MNSQ values were 1.40.
The MNSQ is the ratio of chi-square statistics to its degrees of freedom(Linacre, 2019). Therefore,

Copyright © 2022, author, e-ISSN 2442-8620, p-ISSN 0216-1370
106



Cakrawala Pendidikan: Jurnal limiah Pendidikan, Vol. 41 No. 1, February 2022, pp.97-111

the model specified a uniform value of randomness for MNSQ is expected to bel.0 (Wright &
Panchapakesan, 1969). The Outfit MNSQ values of more than 1.50 imply that up to 50 percent or
more unexplained noise in the data (Smith, 1996; Linacre, 2002; Smith, Rush, Fallowfield, Velikova,
& Sharpe, 2008). While Outfit MNSQ values exceed 2.0 implies that the unexplained noise is higher
than the explained noise, showing that the responses data introduce more falsity than useful
information (Smith, 1996; Linacre, 2002; Smith, Rush, Fallowfield, Velikova, & Sharpe, 2008;
Mokshein et al., 2019). High Outfit MNSQ values (> 2.0) suggest that the data may not support
meaningful measurement and associate with unexpected use of categories and noisy data.

The fourth criterion was not fulfilled. The requirement for the fourth criterion was the Andrich
threshold should progress monotonically with step categories. Failure to comply with this criterion
will lead to disordering thresholds. From the result, it was found that the Andrich threshold of
category three was disordered. Disordering thresholds indicate low functionality of certain rating
steps that result from the improper use of categories and irregular pattern of category frequency
(Linacre, 2002). For example, a lower measure of persons was observed in the higher categories, and
a higher measure of persons was observed in the lower categories. The disordered thresholds do not
conform to the crucial conceptual aspect of the rating scale expected by the Rasch model, where a
higher measure of persons should be observed in the higher categories and vice versa (Andrich, 1996;
Linacre, 2002). In addition, the disordering threshold observed in Figure 2 implies that category three
never be the highest probability to find at any point as the respondents’ measures relative to item
difficulty increase along the x-axis. Ideally, to shows that a particular category would be the most
probability being endorsed at some point as the respondents’ measure relative to item difficulty
increase along the x-axis, each step category should peak and show clear ‘hilltops’ (Bond & Fox,
2015). Disordering thresholds, therefore, may degrade the quality of the data (Dimitrov, 2014).

The fifth criterion required the Andrich threshold advance by a minimum of 1.4 logits and a
maximum of 5.0 logits. In this study, the analysis showed that the threshold width between category
three and category four was too narrow, which is less than 1.4 logits. Thus, the fifth criterion was not
fulfilled. The width between thresholds categories indicates that each step category specifies a
specific location on the latent variable (Bond & Fox, 2015). Thus, to ensure the step calibration
distinct location, the estimates threshold for each category on the logit scale should be neither too
near nor too distant between them. A threshold width of fewer than 1.4 logits could be a signal of
overlapping categories and may indicate that respondents might be unable to discriminate between
the step categories (Bond & Fox, 2015; Dimitrov, 2014; Linacre, 2002). In contrast, a threshold width
of more than 5.0 logits could deprive the precision of measurement in the center of a category, which
will provide fewer details from the best-targeted respondents (Linacre, 2002). Hence, a narrow
threshold width of fewer than 1.4 logits is suggested to be collapsed to the adjacent categories or
redefined to have a more precise meaning (Linacre, 2002). On the other hand, a wider threshold width
of more than 5.0 logits might be conceptualized or divided into two narrowed categories to allow the
scale to be able to collect more comprehensive information (Linacre, 2002).

From the result in Figure 1, Figure 2, and Table 1, it was suggested that category three should
either be collapsed down into category two or up into category four. The collapsing categories were
done to reduce noise and improve the functionality of the rating scale (Wright & Linacre, 1992;
Linacre, 1999). However, careful consideration is required in collapsing categories, and it needs to
be aware of the qualitative meaning of each of the step categories (Bond & Fox, 2015; Smith et al.,
2003). Collapsing categories should make sense. It would be compatible with collapsing “agree” and
“strongly agree”, but not for collapsing “agree” and “disagree” that has a different meaning. In this
study, respondents may not be able to distinguish between category two, “not agree” and category
three, “less agree” or category three, “less agree” and category four, “agree”. The problematic
category here was category three, which carried the label of “less agree”. The “less agree” label was
confusing. According to the Oxford Dictionary (2020), the meaning of “less” is “a smaller amount
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of”. In this case, “less agree” means “a smaller amount of agreement”. At the same time, some parts
of “a smaller amount of agreement” may also carry the meaning of disagreement. Therefore, it is
sensible to collapse the “less agree” category down into “disagree” or up into “agree”.

The decision to choose either to collapse the “less agree” category (category three) down into
“disagree” (category two) or up into “agree” (category four) was made by comparing the analysis
results for both sets of collapsing categories to the required criteria. As previously shown in Table 2,
collapsing category three down into category two was able to meet all the required criteria and
demonstrate the functionality of all step categories. While collapsing category three up into category
four failed to meet the width of the minimum threshold of 1.4 logits. Therefore, category three was
decided to be collapsed down into category two. The initial five steps rating scale categories of the
VOTAL instrument were re-coded to four steps rating scale categories with the new arranged labels
of “strongly disagree” (1), “disagree” (2), “agree” (3), and “strongly agree” (4).

The decision to choose either to collapse the “less agree” category (category three) down into
“disagree” (category two) or up into “agree” (category four) was made by comparing the analysis
results for both sets of collapsing categories to the required criteria. As shown in Table 2, collapsing
category three into category two enables it to meet all the required criteria and demonstrate the
functionality of all step categories. While collapsing category three up into category four failed to
meet the width of the minimum threshold of 1.4 logits. Therefore, category three was collapsed into
category two. The initial five steps rating scale categories of the VoTAL instrument were re-coded to
four steps rating scale categories with the new arranged labels of “strongly disagree” (1), “disagree”
(2), “agree” (3), and “strongly agree” (4).

It is evident that collapsing problematics categories down or up into the adjacent categories would
improve the function and meaning of a rating scale. Nevertheless, there was no assurance that the
new set of categories would function as expected. Therefore, the diagnosis of the rating scale should
be made at the pilot study stage. The new set of categories from the pilot data should be tested again
in the next data collection to confirm the functionality of the new set of rating categories.

CONCLUSION

This study had systematically demonstrated the diagnosis of a rating scale functioning using
Rasch RSM. The diagnosis of the rating scale was just one aspect of the Rasch RSM analysis. The
instrument is subject to other types of analysis to assess the instrument’s overall quality, such as item
polarity analysis, person and item fit analysis, unidimensional diagnosis, Wright map analysis,
differential item functioning (DIF), etc. From this study, it was suggested that anytime rating scales
are used in an instrument, the rating step categories need to be empirically assessed before they can
be claimed as appropriate for any study. This study also discusses the underlying assumptions of the
rating scale in a survey questionnaire, reviews the parameter criteria used by the Rasch RSM in the
diagnosis of the rating scale, and demonstrates the diagnosis process. Therefore, this study may
benefit social science researchers in developing a survey questionnaire. Notably, this study provides
a framework for assessing the functionality of the rating scale used in a survey questionnaire so that
the data collected with properly functioning rating scales will be more precise, lower noise, and with
a reduced measurement error.
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