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Scan Me:

A research instrument is crucial and must meet the requirements to be valid and
reliable in content and construction. Not infrequently, various methods are tried to
increase the accuracy of research instruments, one of them being a simple method
such as the scaling technique. This research aims to improve measurement accuracy
by using scaling techniques through the process of successive intervals and summated
rating scale in confirmatory factor analysis of the Academic Resilience (ARS)
instrument. This research is a descriptive exploratory study using a questionnaire
consisting of five answer choices (5-point Likert scale) as the research instrument.
Participants in this research were 300 students. Data analysis was conducted using
Microsoft Excel and R programs. The research results showed that there was a
significant difference in the results of the reliability and validity of the constructs as
well as the parameters in the confirmatory factor analysis of the ARS instrument
before and after transformation with the method of successive intervals and
summated rating scale. This research contributes to implementing quantitative data
scaling practices in measurement research, and it has been proven that there was an

increase in measurement accuracy after scaling.
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INTRODUCTION

Technology can no longer be separated from student life. Rapid technological progress
has led to significant societal changes, intertwining technology with people's lives, particularly
students The use of technology, in this case, the Internet, significantly impacts students. The
Internet provides unlimited knowledge and unlimited opportunities for students. The Internet
also causes stress and anxiety, which triggers mental health disorders in students (Pawar, 2021;
Trigueros, 2020).

The Covid-19 pandemic has significantly impacted the use of technology in Indonesia.
Learning activities that cannot carried out at school have resulted in a shift from the learning
model to a distance method carried out online (Ramadhana et al., 2021). It causes a lack of
understanding about adapting, making students feel stressed. The pressure that students
continuously face causes students' mental health problems. This mental health disorder is what
makes it difficult for students to develop, and their learning achievement declines. Students who
can adapt and excel when faced with life's difficulties (with limitations) are strong students
considered to have good academic resilience (Cassidy, 2016; Shengyao et al., 2024).
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Academic resilience is related to students' ability to face challenges and achieve success in
academic success (Garcia-Crespo et al., 2021; Romano et al., 2021; Shengyao et al., 2024). Based
on systematic literature review research, research on academic resilience is research that
researchers often carry out because academic resilience can potentially improve the learning
outcomes of students at risk of school failure (Rudd et al., 2021). Rudd et al. (2021) stated that
most research on academic resilience is research related to calculating students' academic
resilience scores based on their academic resilience abilities using academic resilience
measurement instruments.

Measuring students' academic resilience abilities is carried out using various academic
resilience instruments, such as the Academic Resilience Scale (ARS) (Martin & Marsh, 2000),
the Academic Resilience in Mathematics scale (ARMS) (Ricketts et al., 2017), and the Academic
Resilience Scale (ARS-30) (Cassidy, 2016). The instrument for measuring academic resilience
abilities that researchers most widely use is the ARS-30 instrument developed by Cassidy (2010)
because this instrument is considered to have the ability to measure the academic resilience of
students from various student backgrounds. Several measurement scales, such as the Thurstone,
Guttman, and Likert scales, can be used to measure behavioral-based academic resilience
abilities. The ARS-30 instrument is a measurement instrument that uses a Likert scale containing
five student answer choices (1 = very unsuitable, 2 = not suitable, 3 = not suitable, 4 = suitable,
and 5 = very unsuitable).

The Likert scale is widely used by researchers in agriculture, psychology, education, and
society (Sumin et al., 2022). The Likert scale is an ordinal scale with ordinal data where the data
must be analyzed nonparametrically (Waryanto & Millafati, 2006). Although Rensis Likert (the
inventor of the Likert scale) believes that the Likert scale has the quality of an interval scale,
many experts consider the Likert scale to be an ordinal scale because it requires an interval scale
that the difference between two consecutive scales reflects the same difference in the variables
being measured (Sumin et al., 2022). Non-parametric is an analysis method that does not require
certain assumptions, which results in the analysis being less sensitive and less potent than data
analysis using parametric (Jamieson, 2004). For this reason, ordinal data must be converted into
interval data for the analysis to be applied (Setiawati et al., 2013). One effort to make data into
interval data on psychological measurement results is a scaling process (Setiawati et al., 2013).

The scaling process is an effort to place attributes or characteristics on a continuum range,
which involves changing values or transforming scores from ordinal data to interval data
(Setiawati et al., 2013). In this research, transformation was carried out using the Method of
Successive Interval (MSI) and the Method of Summated Rating Scale (MSRS). Both methods
transform data into the z-score form using a normal distribution to produce the same units for
distance from each other (Kosherbayeva et al., 2024). However, the difference between the two
is that MSI is done by looking for a standardized score for each response on each item, while
MSRS is done by changing the cumulative proportion of each response in a category into a
standard normal curve value (Ningsih & Dukalang, 2019; Asdar, 2011). Scaling is considered
capable of supporting the use of measurement instruments and increasing several scales'
reliability and discriminant validity (Musa et al., 2021). Through this research, it is hoped that
we can find out the differences in the effects of psychometric characteristics on the ARS
instrument before and after transformation using MSI and MSRS through confirmatory factor
analysis.

RESEARCH METHOD

This research is quantitative research, involving 300 students at university level to fill out
a questionnaire about ARS. The instrument used in this research was developed based on the
ARS instrument by Cassidy (20106), which consists of three dimensions, namely perseverance,
reflecting and adaptive help-secking, and negative affect and emotional response.

Copyright © 2024, Jurnal Penelitian dan Evaluasi Pendidikan, 28 (1), 2024
ISSN (print) 2685-7111 | ISSN (online) 2338-6061



34 — Beta Wulan Febriana & Farida Agus Setiawati
@10.21831 /pep.v28i1.69334

The questionnaire was given online using Google Forms, which was open for two weeks.
The questionnaire uses a Likert scale with five options, namely 1 = very unsuitable, 2 = not
appropriate, 3 = less appropriate, 4 = appropriate, and 5 = very appropriate. Before use, the
ARS instrument is first tested for content validity to ensure the correctness of the instrument
by eliminating ambiguous words and double-barreled questions.

The data analysis technique used in this research is using MS Excel and the R Program.
The MS Excel program is used to transform the scale based on students' responses using MSI
and MSRS. Meanwhile, the R program tests validity and estimates construct reliability using a
Confirmatory Factor Analysis (CFA) approach on data before and after scaling with MSI and
MSRS. CFA was carried out to test construct validity because, in developing this instrument,
the author adapted a frequently used instrument, the ARS-30. MSI and MSRS transform data
into the z-score form using a normal distribution to produce the same units for distance from
each other (Kosherbayeva et al., 2024). However, the difference between the two is that MSI is
done by looking for a standardized score for each response on each item, while MSRS is done
by changing the cumulative proportion of each response in a category into a standard for normal
curve value (Ningsih & Dukalang, 2019; Asdar, 2011).

Before testing using CFA, it is necessary to determine the adequacy of the sample using
Kaiser-Meyer-Olkin (KMO). The KMO test is applied to assess the adequacy of sampling for
each variable in the structure, while the Bartlett test is used to determine the significance of the
correlation between research variables. The sample adequacy measure is met if the KMO value
is> 0.6 and the significance of Bartlett's Test of Sphericity is <0.05 (Watkins, 2018).

The overall model fit test in CFA is associated with a standard fit index or goodness-of-
fit (GOF), which refers to three fit type parameters, namely, Comparative Fit Index (CFI),
Tucker Lewis Index (TLI), Standard Root Mean Square Residual (SRMR) and root Mean Square
Error of Approximation (RMSEA). Overall model suitability is met if CFI and TLI=0.90,
SRMR=0.08, and RMSEA<0.08 (Gana & Broc, 2019). This index provides evidence of how
well the ARS three-factor model is based on empirical data. In addition, it is possible to improve
model fit through simultaneous modification of indices and correlation coefficients during
variable analysis.

FINDINGS AND DISCUSSION

Findings

This research aims to analyze the effects of scale transformation (scaling) using MSI and
MSRS in confirmatory factor analysis. This scale transformation is carried out on the Academic
Resilience (ARS) instrument by changing the score from a raw score whose range/distance is

Table 1. ARS Instrument Indicator

Dimensions Example of Items
I would try to think of new solutions
Perseverance I would do my best to stop thinking negative
thoughts

I would try to think more about my strengths and

Reflecting and adaptive o1 esses to help me work better

help-seeki
clp-seeking I would try different ways to study

1 would probably get depressed
Negative  affect  and would probably get depresse

. I would feel like everything was ruined and was
emotional response

going wrong
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unknown into a z-score to produce the same units for the distance from each other, then
comparing the psychometric characteristics of the prior data and the scaling results data using
an approach classic.

The development of the ARS instrument was carried out by examining the ARS concept
and theory according to Cassidy (2016), with three constructs as in Table 1. The data resulting
from testing the ARS instrument is from now on referred to as prior data. The priority data
obtained is a response, which is then transformed into a z-score via MSI and MSRS.

Method of Successive Interval (MSI)

The Likert-type instrument scaling process with MSI was catried out using "add-ins" in
Microsoft Excel. In general, the steps in MSI (Mondiana et al., 2018) are calculating the number
of frequencies (f) of the subject's responses to each criterion for each item, calculating the
proportion in each category, which is then converted into a proportion score (p) and cumulative
proportion. The proportion score is calculated by dividing the frequency (f) by the number of
respondents (N) while the cumulative proportion (pk) is obtained from the proportion in each
category plus the proportion from the previous category. Then, calculate the Z value for each
cumulative proportion obtained (using the normal distribution table) and determine the Z limit
value (the value of the probability density function on the Z abscissa) for each category using
the Formula 1.

z

5() = \/% e[;] —00 < Z.< +00 @

and finally calculate the scale value (average interval) for each category, with a Formula 2.

lower limit density — upper limit density

Scale = — —
the area under the upper limit — the area under the lower limit (2)

The results of MSI scaling in item 2 can be seen in Table 2.

Table 2. Results of Successive Interval Method Scaling on One Item

No.

I Categories F Prop Cum Density Z Scale
tems

2 1 6,000 0.02 0.02 0.05 -2.05 1.00

2 45,000 0.15 0.17 0.25 -0.95 2.06

3 90,000 0.30 0.47 0.40 -0.08 2.94

4 103,000 0.34 0.81 0.27 0.89 3.80

5 56,000 0.19 1.00 0.00 8.21 4.86

The results of MSI scaling obtained a z score for each response on each item. These
results show that with the scaling process, the response score for each item is different from the
response score without scaling (category). In Table 2, there are changes in the scale, especially
in category 3, which changed to 2.94; category four which changed to 3.80; and category five
which changed to 4.86. This difference is due to differences in density in each category, where
the greatest density is in category three, and the smallest density is in category 5.

Method of Summated Rating Scale (MSRS)
Scaling Likert-type instruments using MSRS was carried out with the help of the
Microsoft Excel program. This scaling calculation begins by calculating the number of
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frequencies (f) of the subject's responses to each criterion for each item. This frequency score
is converted into a proportion score (p) and cumulative proportion. The proportion score is
calculated by dividing the frequency (f) by the number of respondents (N). Cumulative
proportion (pk) is obtained from the proportion in each category plus the proportion in the
previous category. The following process is calculating the middle pk, namely the midpoint of
the cumulative proportion, which is calculated from half the proportion in the category plus the
pk of the previous category or can be formulated as follows: middle pk= "2p + pkb. The next
process calculates the deviation value (z) by converting the middle pk score into a z score by
referring to the normal curve z score table. The results of the summated rating scale calculation
in item 2 can be seen in Table 3.

The MSRS scaling results obtained a z score for each response on each item. These results
show that with the scaling process, the response score for each item is different from the
response score without scaling (category).

Table 3. Scaling Results of the Summated Rating Scale Method on One Item

INO' Categories F Prop Cum Density Z Scale
tems
2 1 6,000 0.02 0.02 0.01 -2.33 0.00
2 45,000 0.15 0.17 0.10 -1.31 1.02
3 90,000 0.30 0.47 0.32 -0.47 1.86
4 103,000 0.34 0.81 0.64 0.36 2.69
5 56,000 0.19 1.00 0.91 1.32 3.65
Sample Adequacy Test

The steps taken before carrying out CFA are the Kaiser-Meyer-Olkin (KMO) sampling
adequacy test and iteration with the Bartlett Sphericity test. The test results show that the KMO
and Bartlett test values for the three data (prior data, MSI data, and MSRS data) show the same
results, namely 0.91 and 0.00, respectively. It indicates very high sample adequacy, and the p-
value significance level shows sufficient correlation between variables (Watkins, 2018), so the
three data can be analyzed using CFA.

Determination Goodness-of-fit

Next, calculations are carried out to determine the goodness-of-fit criteria for each data
using three fit types: incremental, parsimonious, and absolute. The results of calculating the
goodness-of-fit indices are shown in Table 4.

Table 4. Calculation of goodness-of-fit criteria

. Data
Fit Type Index 4 Data MSI Data_ MSRS Data
Incremental CFI 0.827* 0.950 0.943
TLI 0.791% 0.939 0.931
Parsimonious ~RMSEA 0.130%* 0.067 0.073
Absolute SRMR 0.129% 0.057 0.053

The results of the goodness-of-fit indices calculation show that the MSI and MSRS data
meet a fit model (CFI and TLI=0.90, SRMR<0.08, and RMSEA<0.08) (Gana & Broc, 2019).
However, all goodness-of-fit indices cannot be met in data that has not been transformed.

Validity Analysis

In CFA, a variable is said to be good if one of the indicators is a factor loading greater
than 0.6 (Gana & Broc, 2019). Table 5 shows the calculation of loading factors in ARS for prior
data, MSI data, and MSRS data.
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Table 5. Calculation of loading factors for each item

Loading Factor

Ttems 5 Data MSI Data_ MSRS Data
RAI 0.623 0,665 0.660
RA2 0.748 0.748 0.746
RA3  0.589% 0.806 0.812
RA4 0.749 0.765 0.765
RAS 0.674 0.773 0.774
RAG 0.729 0.796 0.796
RA7 0.772 0.684 0.684
RAS 0.675 0.725 0.725
RAO  0.274% 0.670 0711
RAI0 0782 0.736 0.685
RA11 0.823 0.813 0.813
RAIZ 0794 0.785 0.773
RAIZ 0716 0.601 0.716
RAI4 0883 0.864 0.886
RAI5S 0782 0.732 0773

The calculation results show that each indicator (item) in the MSI data and MSRS data
has a loading factor value > 0.6, which means it is valid and can reflect the ARS. However, the
loading factors on items RA3 and RA9 (prior data) are below 0.6, 0.589, and 0.274. It shows
that the construction of the ARS instrument on prior data cannot be said to be valid and does
not adequately reflect the ARS. Generally, the instrument construction for the three data can be
seen in Figure 1, Figure 2, and Figure 3.

Reliability Analysis

This study used three approaches to calculate reliability: Cronbach Alpha, composite
reliability, and omega reliability. The aim of using these two types of reliability is to compare
data reliability before and after being transformed using MSI and MSRS. The Cronbach alpha
is used to determine the lower limit of the reliability value of a construct, while composite
reliability estimates the reliability value of each indicator on a variable, and omega reliability
estimates the reliability of a construct (Hair et al., 2017). Reliability estimates are carried out to
prove the instrument's accuracy, consistency, and precision in measuring the construct. To
achieve good reliability, the Cronbach Alpha, composite reliability, and omega values must be
greater than 0.70 (Chin, 1998). The results from Table 6 show that all data meets good reliability,
namely more than 0.7, regarding statement items and constructs.

Table 6. Estimates Reliability

e . . Reliability

Reliability  Dimensions— s ™ ST Data MSRS Data

Cronbach Alpha 0.90 8 0.90 8 0.90 8

Omega PRS 0.765 0.834 0.834

REF 0.803 0.832 0.832

NEG 0.903 0.904 0.909

Composite PRS 0.780 0.780 0.780

REF 0.813 0.813 0.813

NEG 0.913 0.913 0.913
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Figure 1. CFA for prior data in ARS
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Figure 2. CFA for MSI data in ARS
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Discussion

The academic resilience assessment instrument that has been developed is expected to
have good instrument characteristics after transformation. The characteristics of a good
instrument produce validity and reliability both in content and construct. Constructively, the
validity of the instrument is proven through confirmatory factor analysis. In this study, CFA
was used, where the validity evidence met the statistical model, namely CFI and TLI=0.90,
SRMR=0.08, and RMSEA<0.08) (Gana & Broc, 2019). Before construct testing, CFA requires
tests that have been fulfilled, namely the sample adequacy test (KMO) and the Bartlet test.

The construct validity parameters can also be seen from the factor loading, which meets
the value >0.6. Table 5 shows that as many as two statement items, namely RA3 and RA9 in
the prior data, have a factor loading of less than 0.6, meaning that the construct in the prior data
has not been proven to be construct valid. On the other hand, all items in the MSI data and
MSRS data show a loading factor of more than 0.6, which means that the MSI data and MSRS
data have been proven to be construct valid.

Determining the criteria for obtaining a quality instrument is by testing its reliability.
The reliability estimate for this instrument uses Cronbach Alpha, which must be greater than
0.70, namely 0.908. Apart from using Cronbach Alpha, reliability is estimated using composite
reliability and omega reliability. Table 6 shows that reliability estimates using different
techniques produce good reliability (> 0.7). High construct reliability indicates internal
consistency, so all measurement steps consistently represent the same latent construct (Pada et
al., 2018). These estimates are comparable to those found in studies using the same scale and
thus are considered satisfactory (Trinidad et al., 2005). In conclusion, the ARS instrument, which
has been transformed into the MSI and MSRS scales, meets the requirements for good reliability.

In general, based on research that has been conducted, the effect of
transformation/scaling that has been carried out using MSI and MSRS shows that ARS
instrument data that has been transformed produces better instrument constructs than data that
has not been transformed. This result can occur because the distance between value entries is
not the same in the prior data, resulting in a mismatch between the conclusions drawn and the
actual data. To produce the same scale, the data needs to be converted into the same units (scale)
into a z-score using a normal distribution (Kosherbayeva et al., 2024). The scaling results show
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differences in categories (scores); for example, in item number 2, the prior data category is 2,
but in MSI, it is 2.06, while in MSRS, it is 1.02. This difference is due to differences in density
in each category. Differences in score categories result in differences in instrument constructs
between prior data, MSI, and MSRS, such as validity (loading factor), goodness of fit, and
reliability.

This finding also strengthens research conducted by Setiawati (2014), where after scaling,
there were changes in scores before and after the scaling process, which was possible for
changes in psychometric characteristics. In line with what was stated by Bahar et al. (2021),
scores resulting from scaling using different methods will produce different psychometric
scores. The results are similar to research conducted by Solimun et al. (2017), which used MSI
and MSRS transformations to view latent data parameters in path analysis. This research shows
that analysis using MSI and MSRS transformations is efficient. This research shows that with
good construct results from the transformation process, it can be said that data transformation
using MSI and MSRS can increase the accuracy of a measurement, especially in CFA construct
variables.

On the other hand, the findings that have been produced differ from research conducted
by Kusuma et al. (2023), which states that scaling using the MSRS shows an insignificant effect
on the community of inquiry instruments. Differences in results may occur due to many factors,
for example, the number of scoring criteria used in the Likert scale, the test taker's abilities, the
statement items in the instrument, or the suitability of the statement items with the theory taken.
This research recommends that the transformation of scores to the same range or scale (scaling)
increases measurement accuracy by minimizing measurement errors and drawing conclusions
from actual data (Huang et al., 2020; Kosherbayeva et al., 2024). However, researchers also need
to ensure the qualitative quality of the instruments used.

CONCLUSION

Scaling using the Method of Successive Interval (MSI) and Method of Summated Rating
Scale (MSRS) provides changing effects on the psychometric characteristics of the academic
resilience instrument that has been developed. These changes include differences in the z-score
scale resulting from prior data and data from scaling results using the two methods, even though
the order from smallest to largest is the same.

Scaling provides a dominant change in the instrument construct, namely goodness of fit
which consists of CFI/TLI, RMSEA, SRMR, and loading factor where all goodness of fit
requirements are met on all scaled data. In general, the scaling that has been carried out can
influence the instrument's characteristics for the better.
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