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Abstract
Computational thinking can be identified as an individual’s ability to solve problems in a systematic
manner. It represents a skill that has been demonstrated to facilitate effective problem-solving. However,
instruments specifically designed to assess computational thinking remain relatively limited. We aim to
develop and evaluate a high-quality of a Computational Thinking Skills instrument (COTS) for use in
educational contexts with potential for broader application. The study involved students from various
universities in Makassar-Indonesia, with 364 participants in the first-study and 434 participants in the
second-study. The data analysis was conducted in two stages. The factor structure was examined using
Confirmatory Factor Analysis (CFA) with JASP, Followed by Rasch model with j.Metrik. The CFA results
indicated that all retained items had factor loadings > 0.50. The model demonstrated good fit across
most indices, with values > 0.90, while RMSEA and SRMR were < 0.06, and reliability was > 0.80. The
Rasch results showed that the local independence and unidimensionality were adequately satisfied. The
rating scale analysis demonstrated a monotonically increasing pattern across categories. The item
reliability was 0.97 (excellent), and the person was 0.88 (good). The number of strata was 7.56 for items
(excellent) and 3.80 for persons. Moreover, none of the model fit values fell < 0.5 or > 1.5. Finally, item
difficulty ranged from − 0.79 (dec3) to 0.82 (algo3), indicating that the instrument is most effective in
assessing individuals with moderate levels of CT skills.

INTRODUCTION
Computational thinking (CT) has emerged as a foundational competence in the landscape of 21st-
century skills, transcending disciplinary boundaries and educational levels. Initially popularized by
Jeannette Wing, CT is now widely recognized as a universal problem-solving framework applicable
across fields, rather than being confined to computer science alone (1, 2). It enables individuals to
approach complex problems systematically, fostering logical reasoning, abstraction, and algorithmic
processes. In educational contexts, CT is increasingly viewed as essential for cultivating higher-order
thinking skills, creativity, and adaptability, which are critical for both academic success and future
workforce readiness (3–7).

The integration of CT into education has demonstrated substantial benefits. Students with well-
developed CT skills tend to exhibit more efficient and structured problem-solving abilities, which
positively influence their academic performance and learning experiences (8–10). Moreover, CT
supports collaborative and innovative learning environments, enabling learners to engage in meaningful
inquiry and solution design (11, 12). Its relevance extends beyond higher education, with evidence
suggesting that CT-based interventions can enhance learning outcomes from primary to tertiary levels
(13, 14). Consequently, CT is not only a cognitive skill but also a critical educational objective that aligns
with the demands of an increasingly digital and complex global society (15–18).

Conceptually, CT encompasses a range of interrelated cognitive processes, including abstraction,
decomposition, algorithmic thinking, and pattern recognition or generalization (11, 16, 19, 20). These
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components collectively enable individuals to break down complex problems, identify underlying
patterns, and construct step-by-step solutions. The theoretical roots of CT can also be traced to
constructionist learning theory, particularly the work of Seymour Papert, who emphasized learning
through active engagement and programming as a means of developing procedural thinking (21, 22)
While Papert’s work laid the groundwork, CT has evolved into a broader construct that integrates multiple
cognitive and computational processes (2).

Despite its growing importance, the measurement of CT remains a significant challenge. Existing
approaches often rely on closed-ended questionnaires; however, the availability of psychometrically
robust instruments that account for contextual and cultural differences is still limited (12, 23). This
limitation is particularly evident in non-ICT fields, such as the social sciences, where CT has not been
extensively operationalized despite its potential applicability. The lack of valid and reliable measurement
tools restricts the ability to accurately assess CT skills and, consequently, to design effective educational
interventions.

The development of a high-quality measurement instrument necessitates rigorous attention to
psychometric properties, particularly validity and reliability. Validity refers to the extent to which an
instrument accurately measures the intended construct, whereas reliability reflects the consistency and
stability of measurement results (24–26). These properties are fundamental to ensuring that the data
generated can be used confidently for research, policy-making, and educational decision-making.
Without adequate psychometric quality, measurement outcomes may lead to inaccurate conclusions
and ineffective interventions.

To address these challenges, contemporary research increasingly advocates for the integration of
multiple analytical approaches in instrument validation. In particular, the combination of CFA and the
Rasch measurement model offers a comprehensive framework for evaluating both structural and
measurement properties (27–29). CFA enables researchers to test the theoretical factor structure and
examine the relationships between observed indicators and latent constructs (29–31), while the Rasch
model provides item-level analysis, ensuring unidimensionality, local independence, and invariant
measurement (32–35). Importantly, the Rasch model transforms ordinal Likert-scale data into interval-
level measurements, thereby enhancing the precision and interpretability of results (36).

Grounded in these methodological considerations, the present study aims to develop and validate a CT
measurement instrument with strong psychometric properties. The instrument is designed to achieve
high reliability (≥ 0.80) and adequate item discrimination, supported by a clear factorial structure that
explains a substantial proportion of variance (25). Furthermore, the integration of Rasch analysis
ensures that the instrument meets the requirements of modern measurement theory, including proper
scale functioning and accurate estimation of both item difficulty and person ability.

Accordingly, the central research question guiding this study is: How are the psychometric properties of
the computational thinking measurement tool after being analyzed using CFA and the Rasch model?
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Addressing this question is essential for advancing the field of educational measurement and for
providing a robust tool that can be used to assess CT skills among university students.

The significance of this study lies in its potential practical implications. A valid and reliable CT
measurement instrument can serve as an early diagnostic tool for identifying students’ strengths and
weaknesses in computational thinking. This information can inform targeted interventions, curriculum
design, and instructional strategies aimed at enhancing students’ cognitive and problem-solving abilities.
Moreover, understanding students’ CT levels can help educators design learning environments that
promote engagement, motivation, and academic success.

In conclusion, while CT has been widely acknowledged as a critical competency for the modern era, its
measurement remains underdeveloped, particularly in non-technical contexts. This study addresses this
gap by developing a psychometrically sound instrument grounded in both CFA and Rasch modeling.

Computational thinking concept
CT has acknowledged numerous attention as a necessary skill in our global society for adequately
explaining and predicting common events that require computational solutions (37). CT is perceived as
an important competency to deal with computing in everyday life (38, 39). It encourages students from
all science areas to think in innovative ways (40). Wing (2008) employed the term of CT to define a
problem-solving strategy that relies on core computer concepts. It involved three significant foundations:
abstraction, algorithms, and automation (19, 41). It is a baseline ability and skill set individuals should
have and develop to tackle confusing, complicated, and wide-ranging issues for the future environment
in diverse circumstances (42). It comprises the ideas of abstraction, problem-solving, investigation,
decomposition, incorporation, algorithmic-thinking, coding, generalization, and debugging (43).

This thinking skill allowed individuals to design computational answers to problems by combining their
cognitive abilities and the reasoning processes of computer scientists (44). It is a style of analytical
thinking for solving difficulties that entails defining issues using a proper expressive structure,
abstracting concepts, and eventually designing computers solutions to the issues (45). It is considered
one of the essential 21st century skill for any disciplines (15, 16). CT could be used in a variety of
courses across grade levels, offering both obstacles and possibilities (14). CT should be included not
just into undergraduate courses at universities, but also at the primary through high school levels of
education (2).

In general, CT adheres to the ideas of constructionism, Saymor Papert that a child actively constructs
knowledge through contact with the environment, so inclined to provide opportunities to engage in
hands-on experiences that fuel the creative process (21, 22). Papert's work with the LOGO programming
language, as well as his book Mindstorms: Children, Computers, and Powerful Ideas (1980), demonstrate
the principle of CT (21). He defined CT as work on the LOGO programming language and the concept of
youngsters handling computers to acquire procedural thinking through programming (21). These two
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perspectives share many similarities, however CT is a larger idea that incorporates concepts from Papert
(2). CT is a set of skills to help solve problems (41). It is a problem-solving process (46) or thought
process (19), algorithm-design and problem-solving strategies that possibly will be employed to address
typical computing problems. It included decomposition, pattern recognition (as generalization),
algorithmic thinking and abstraction (19, 20, 47, 48).

Hanid et al., (2022) concluded that there were substantial variations in students' computational thinking,
visualization abilities, and accomplishment after employing the augmented reality application with CT
versus traditional learning. CT is an important aspect in improving thinking scores, visualization skills,
and achievement (49). CT aspect successfully improves students mastery and comprehension towards
the course (8). Various research have demonstrated that incorporating CT into classrooms might create
possibilities for both students and instructors to solve problems cooperatively (11, 12, 50). Moreover,
effective treatments based on CT have the potential to contribute on more effective problem solving, and
the impact will extend beyond higher education since the same interventions can be deployed in primary
and secondary school (13).

CT is important in self-exploration and digital self-efficacy, both of which have an impact on learning
satisfaction (51). Student achievement correlated with students CT skill (9). The findings emphasize the
significance of students establishing applied CT procedural skills to improve their assignment quality (9).
Meanwhile, according to Taub et al., (2015), the benefits of CT from the instructors perspective is to
provide significant assistances for the teacher in producing ideas to deal with a variety of challenges.

Shute et al., (2017) and Ezeamuzie & Leung, (2021) identified various popular keywords of CT categories.
They classified CT into five categories: (1) Abstraction (2) Decomposition (3) Algorithmic Thinking and
(4) Pattern recognition/generalization.

Abstraction (ignoring unnecessary detail)

It is a mental process used to develop structured thinking (54). Patterning a problem into smaller
components and then identifying characteristics are examples of abstraction (11). Ignoring unnecessary
elements in favor of concentrating on crucial facts. It allows individuals to focus on the necessary,
relevant, and significant aspects (55).

Decomposition (breaking down into parts)

It entails identifying the structure of the problem and how each of the parts will interact together in the
final solution. When decomposition is done correctly, it is easier to alter the solution later by modifying
each aspect, and it also allows for the reuse of aspects in other issues' solutions. It is the breaking down
of an issue into smaller pieces. Long before the introduction of computational thinking, challenge
decomposition was recognized as a generic problem-solving method (56). The complexity of a work can
be reduced by recognizing smaller sections that can be addressed independently (40).

Algorithmic thinking (considering the order of steps)
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An algorithm is a well-defined technique that describes how to use resources to achieve a particular goal
(57). It included creating an algorithm to create step-by-step instructions for addressing the problem.
Beginning with what is currently known and going broader, plan how to overcome the problem. It allows
individuals to transform their abstract concepts and patterns into a collection of processes.

Pattern recognition (generalization)

It is an action that seeks possibilities to apply the answer in new circumstances (11). It involves the
ability to deduce principles from observations and apply those principles to previously unknown
circumstances. Developing components that can be employed in multiple scenarios.

METHOD
The CT instrument used in this study was adapted from the scale developed by Alim (2024), consisting
of 22 items designed to assess university students’ CT skills. The instrument demonstrated good
internal consistency, with a reliability coefficient of 0.88, indicating its suitability for research purposes.
Responses were recorded using a five-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly
agree).

Data were collected anonymously from undergraduate students enrolled in several universities in
Makassar, Indonesia. The data collection process was conducted directly in classroom settings to
ensure consistency in administration and to minimize potential response bias. Prior to completing the
questionnaire, all participants were provided with an informed consent statement explaining the purpose
of the study, the voluntary nature of participation, and the confidentiality of their responses.

This study was conducted in two sequential stages of instrument validation. Each stage was completed
before proceeding to the next stage, and only items meeting the established psychometric criteria were
retained for subsequent analyses.

In the first stage, the factorial validity of the instrument was evaluated using CFA. Data were collected
from 364 undergraduate students, and the analysis was performed to examine the extent to which the
proposed measurement model fit the observed data. Items with insufficient factor loadings or
inadequate psychometric performance were removed to improve the overall construct validity of the
instrument.

In the second stage, the refined instrument resulting from the CFA analysis was further evaluated using
the Rasch Rating Scale Model (RSM). This stage involved a sample of 434 undergraduate students.
Rasch analysis was employed to examine item and category functioning, reliability, separation indices,
unidimensionality, local independence, and item difficulty indices. Only items that satisfied both CFA and
Rasch measurement criteria were retained in the final version of the CT Instrument.

Confirmatory Factor Analysis (CFA)
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CFA is a statistical technique within the framework of Structural Equation Modeling (SEM) used to
evaluate the extent to which a theoretically specified measurement model fits the empirical data (59).
This analysis is conducted to ensure that the distribution of items aligns with the underlying theoretical
structure prior to proceeding with Rasch analysis. In the present study, a total of 22 items were examined
using JASP version 0.12.2 (60).

Only high-quality items that adequately represent each component of CT skills were retained for further
analysis. The criteria for item selection and model evaluation are as follows:

a. Factor Loadings
Each item must demonstrate a standardized factor loading greater than 0.50 and be statistically
significant (p < 0.05), indicating that the item adequately represents the intended latent construct (61,
62).

b. Model Fit Indices
The overall model must meet acceptable fit criteria, as indicated by goodness-of-fit indices such as
Comparative Fit Index (CFI), Goodness-of-Fit Index (GFI), Tucker–Lewis Index (TLI), Bentler–Bonett Non-
Normed Fit Index (NNFI), and other related indices, all exceeding the threshold of 0.90 (61, 63–65).

c. Error of Approximation
The model should demonstrate low levels of error, as reflected by Root Mean Square Error of
Approximation (RMSEA) and Standardized Root Mean Square Residual (SRMR), both of which should be
below 0.08 (Cho et al., 2020; Sathyanarayana & Mohanasundaram, 2024).

d. Reliability
The instrument must exhibit satisfactory internal consistency, with McDonald’s ω and Cronbach’s α
values exceeding 0.80 for the overall scale and above 0.60 for each individual dimension (66–68).

Rasch model analysis
Rasch analysis is one of the item analysis approaches within the framework of Item Response Theory
(IRT), which is used to estimate item parameters and individual abilities simultaneously on a common
logit scale. This model enables the transformation of ordinal data (e.g., Likert-scale responses) into
interval-level measurements, thereby enhancing the precision and interpretability of the results in
quantitative terms (32, 69–71). By placing both item difficulty and person ability on the same metric, the
Rasch model provides a robust foundation for evaluating the quality of measurement instruments.
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In this study, the Rasch analysis was conducted using J.Metrik version 4.1.1 (72). The analysis focuses
on several key aspects to ensure the psychometric soundness of the instrument, including: (1) testing
fundamental assumptions such as unidimensionality and local independence, (2) evaluating item and
person reliability as indicators of measurement consistency, (3) examining model fit through Infit and
Outfit Mean Square statistics, (4) analyzing the functioning of the rating scale, and (5) estimating item
difficulty to assess the distribution of items across the latent trait continuum.

a. Rasch model assumptions
Local independence refers to the assumption that a respondent’s answer to a given item is not
influenced by their responses to other items once the underlying latent ability has been controlled for. In
other words, any association between items should be fully explained by the latent trait being measured,
and there should be no additional dependency among items. This assumption is typically evaluated by
examining residual correlations between item pairs. Ideally, these correlations should remain low,
indicating that items function independently after accounting for the latent variable. A commonly
accepted guideline is that residual correlations should not exceed 0.40, which corresponds to
approximately 16% shared variance. When this criterion is satisfied, it suggests that the instrument does
not contain redundant or overly similar items that could bias the measurement. Thus, meeting the local
independence assumption supports the validity of the Rasch model and ensures that each item
contributes uniquely to the assessment of the construct (73–75).

Unidimensionality refers to the assumption that all items within an instrument measure a single
underlying latent construct. In the context of Rasch analysis, this assumption is typically evaluated using
a Principal Component Analysis (PCA) of residuals. Evidence of unidimensionality is supported when the
eigenvalue of the first contrast (first residual factor) is less than 3.0, indicating that no substantial
secondary dimension is present beyond the primary construct being measured. When this criterion is
met, it suggests that the variance explained by potential secondary factors is minimal and does not
meaningfully threaten the dominance of the main latent trait. Consequently, the instrument can be
considered to have a coherent internal structure, with all items contributing to the measurement of a
single construct. This is essential for ensuring the validity and interpretability of the measurement
results within the Rasch model framework (73, 75–77).

b. Rating scale threshold
A well-functioning rating scale is characterized by a monotonic increase across response categories,
such that each successive category represents a higher level of the underlying construct. This orderly
progression indicates that respondents are using the scale in a meaningful and consistent manner, with
each category reflecting a distinct level of the latent trait (78–81).

In addition, each response category should be supported by an adequate frequency of use to ensure
stable parameter estimation. The average measures for each category are also expected to increase
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progressively, demonstrating that higher categories correspond to higher levels of the construct.
Furthermore, the threshold parameters (Andrich thresholds) should be ordered logically without any
evidence of disordering, indicating that transitions between adjacent categories occur as intended (78,
79, 81). When these criteria are met, the rating scale can be considered to function optimally, providing
clear differentiation between response options and contributing to the overall validity and precision of
the measurement instrument.

c. Reliability test
Reliability refers to the degree of consistency and stability in measurement, both in distinguishing
between individuals (person reliability) and in maintaining a consistent hierarchy of item difficulty (item
reliability). Person reliability indicates how well the instrument can differentiate respondents across
varying levels of the latent trait, while item reliability reflects the stability of item difficulty estimates
across different samples (67).

In the context of Rasch analysis, a reliability coefficient above 0.80 is generally considered desirable, as
it indicates that the instrument can reliably and consistently measure differences in respondents’
abilities as well as accurately position items along the difficulty continuum. High reliability values
suggest that the measurement results are replicable and not substantially influenced by random error
(82–84). Consequently, instruments that achieve this threshold are regarded as having strong
measurement precision and are suitable for both research and assessment purposes.

d. Model fit estimation
Model fit refers to the degree of correspondence between the observed empirical data and the
expectations of the Rasch model, indicating how well individuals’ responses to items conform to the
probabilistic structure of the model. In other words, it reflects whether the response patterns are
consistent with the assumption that item difficulty and person ability interact in a predictable and
systematic manner (32, 69, 71, 73).

A commonly used criterion for evaluating model fit in Rasch analysis is based on the Infit and Outfit
Mean Square statistics. Acceptable values typically fall within the range of 0.5 to 1.5. Values below 0.5
may indicate redundancy or overpredictability, suggesting that the item provides limited new
information. In contrast, values above 1.5 may signal excessive noise or unpredictability in the data,
indicating that the item or respondent does not behave consistently with the model expectations (32,
71).

Therefore, items and persons with fit statistics within the acceptable range can be considered to
contribute meaningfully to the measurement process, while those outside the range may require further
examination, revision, or potential removal to ensure the overall quality and validity of the instrument.

e. Item difficulty estimation
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Item difficulty is a parameter that reflects the level of difficulty of an item in measuring a latent construct,
typically expressed in logit units. This parameter indicates the point along the latent trait continuum at
which a respondent has a 50% probability of endorsing or correctly responding to the item. In the Rasch
model framework, item difficulty plays a crucial role in defining the measurement scale and establishing
the relative ordering of items from easiest to most difficult (85, 86).

An optimal distribution of item difficulty is expected to be well-spread across the full range of
respondents’ abilities. Such a distribution ensures that the instrument can effectively capture variability
among individuals at low, moderate, and high levels of the latent trait. When items are evenly distributed,
the measurement precision is enhanced, as the instrument provides meaningful information across the
entire continuum. Conversely, if item difficulty is clustered within a narrow range, the instrument may
only be sensitive to a specific segment of respondents, thereby limiting its ability to accurately assess
individuals at the extreme ends of the ability spectrum.

RESULT

Confirmatory factor analysis (CFA)
Model fit was evaluated using multiple goodness-of-fit indices, including the Comparative Fit Index (CFI),
Goodness-of-Fit Index (GFI), Tucker–Lewis Index (TLI), Bentler–Bonett Non-Normed Fit Index (NNFI),
Bollen’s Incremental Fit Index (IFI), and the Relative Noncentrality Index (RNI). All of these indices
exceeded the recommended threshold of 0.90, indicating that the hypothesized measurement model for
CT demonstrates a satisfactory fit to the observed data.

Furthermore, the error-based indices, namely the Root Mean Square Error of Approximation (RMSEA) and
the Standardized Root Mean Square Residual (SRMR), were both below 0.06 – see Table 1. These results
suggest that the model exhibits a low level of approximation error and residual discrepancy, indicating
that the measurement errors are minimal and within acceptable standards. Overall, these findings
provide strong evidence that the instrument possesses an adequate model fit and can reliably represent
the underlying construct of computational thinking.
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Table 1. Fit indices information  

Index Value  

Comparative Fit Index (CFI)   0.922  

Goodness of fit index (GFI)   0.918  

Tucker-Lewis Index (TLI)   0.908  

Bentler-Bonett Non-normed Fit Index (NNFI)   0.908  

Bollen's Incremental Fit Index (IFI)   0.923  

Relative Noncentrality Index (RNI)   0.922  

Root mean square error of approximation (RMSEA)   0.057  

Standardized root mean square residual (SRMR)   0.046  

Furthermore, the results of the factor loading analysis showed that the values ranged from 0.52 (abs6)
to 0.75 (algo20) – see Table 2. These findings indicate that each item demonstrates an adequate level of
association with its respective latent construct, suggesting that all items function as intended in
representing the underlying dimensions. In addition, the number of items varies across the dimensions.
The first component, abstraction, consists of three items, while the last component, generalization,
comprises five items. Meanwhile, both the decomposition and algorithmic thinking dimensions consist
of six items each. This distribution reflects the structural composition of the instrument, with each
dimension being represented by a sufficient number of indicators to capture the construct adequately.
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Table 2
Factor loadings and reliability

Factor Indicator Estimate Reliability

McDonald's ω Cronbach's α Overall

Abstraction abs1 0.579      

  abs4 0.686 0.622 0.617 0.89

  abs5 0.517      

Decomposition dec6 0.659      

  dec7 0.564      

  dec8 0.552 0.788 0.787  

  dec9 0.689      

  dec10 0.615      

  dec11 0.623      

Algorithmic algo12 0.684      

  algo13 0.749      

  algo14 0.684 0.855 0.855  

  algo15 0.701      

  algo16 0.742      

  algo17 0.720      

Generalization gen18 0.622      

  gen19 0.713      

  gen20 0.599 0.788 0.786  

  gen21 0.611      

  gen22 0.632      

Furthermore, the overall reliability coefficient reached 0.89, as indicated by both McDonald’s ω and
Cronbach’s α, demonstrating a high level of internal consistency across the instrument. This consistency
suggests that the items collectively provide a stable and reliable measurement of the underlying
construct. At the dimensional level, all subscales exceeded the acceptable cutoff values. Specifically, the
abstraction dimension yielded a reliability coefficient of 0.62, which can be considered acceptable for an
exploratory or newly developed scale. The decomposition dimension showed a reliability of 0.79, while
the algorithmic thinking dimension demonstrated a strong reliability of 0.85. Similarly, the generalization
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dimension achieved a reliability coefficient of 0.79. These findings, as presented in Table 2, indicate that
each dimension contributes meaningfully to the overall construct and exhibits adequate to strong
internal consistency.

However, at this stage, two items were excluded as they did not meet the required factor loading criteria,
namely items 3 and 4 within the first dimension, abstraction. The removal of these items was necessary
to ensure that only indicators with adequate psychometric properties were retained in the measurement
model. As a result, a total of 20 items remained and were considered suitable for further analysis. The
items that met the validity criteria were subsequently carried forward to the next stage, namely the
Rasch analysis. This step was intended to further evaluate the measurement properties of the
instrument at the item and person levels.

The model plot presented on Fig. 1 provides a visual representation of the distribution of items across
each dimension, accompanied by their respective parameter estimates. This visualization facilitates a
clearer understanding of how each item contributes to the latent constructs and supports the
interpretation of the overall measurement structure.

Rasch model analysis

a. Rasch assumption
The Rasch model analysis revealed that all 20 items satisfied the established model fit criteria, indicating
that each item functioned consistently with the expectations of the Rasch measurement model. This
finding suggests that the items contribute meaningfully to the measurement of the underlying construct
and do not exhibit substantial misfit that would compromise the validity of the scale. Furthermore, the
assessment of the unidimensionality assumption showed that the eigenvalue of the first contrast was
2.54, which is below the commonly accepted threshold of 3.0 (32, 87). This result provides evidence that
the instrument predominantly measures a single latent dimension. In this context, the findings support
the conclusion that the scale is unidimensional and specifically captures the construct of CT skills
without the presence of significant secondary dimensions. Overall, these results indicate that the
instrument demonstrates a satisfactory internal structure, with items that align well with the Rasch
model and collectively represent a coherent and unidimensional measurement of CT abilities.

The analysis of the local independence assumption indicated that the highest observed residual
correlation was 0.400 (pat4 and pat5), which remains within the acceptable limit for evaluating local
independence in the Rasch model framework (69, 70, 88–91). These findings suggest that the responses
to each item were not influenced by responses to other items after controlling for the underlying latent
trait. In other words, there is no evidence of substantial local dependency among the items. Therefore, it
can be concluded that the assumption of local independence is satisfactorily met, indicating that each
item contributes independently to the measurement of the construct without redundancy or overlap
beyond what is explained by the latent variable.

b. Model fit and Rating scale analysis
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Moreover, none of the Infit and Outfit Mean Square statistics for the items fell below the lower bound of
0.5 or exceeded the upper threshold of 1.5, indicating that all items fit well within the expectations of the
Rasch model – see Table 3. This result suggests that the response patterns are consistent with the
probabilistic assumptions of the model, and that no items exhibit substantial noise or redundancy.

In addition, the rating scale analysis demonstrated that participants were able to effectively utilize all five
response categories. Each category showed a monotonically increasing pattern in the average
measures, indicating a logical progression across the scale. This pattern confirms that respondents
could clearly distinguish between the different rating categories, which in turn supports the accuracy and
validity of their responses. Consequently, the functioning of the rating scale can be considered optimal,
as it allows for meaningful differentiation in participants’ levels of the underlying construct.

c. Reliability and Separation Index
Additionally, the analysis demonstrated that the item reliability coefficient reached 0.98, which falls
within the excellent category, indicating a very high level of consistency in the hierarchical ordering of
item difficulty across samples. This suggests that the set of items is well-targeted and sufficiently
diverse to define a stable measurement continuum. Meanwhile, the person reliability was 0.87, which
can be considered good, reflecting the instrument’s ability to consistently distinguish between
individuals with different levels of the underlying trait. This level of reliability indicates that the scale is
effective in capturing variability in respondents’ abilities.

Furthermore, the separation index, expressed in terms of strata, showed that the number of strata for
items was 9.88, categorized as excellent. This implies that the instrument is capable of differentiating
item difficulty into multiple distinct levels. For persons, the strata value was 3.80, which falls into the
moderate category, indicating that the instrument can classify respondents into approximately four
distinct ability groups. Overall, these results provide strong evidence of the measurement precision and
discriminative power of the instrument, both in terms of item calibration and person differentiation – see
Table 3.

d. Item difficulty
The distribution of item difficulty ranged from − 0.79 (dec3) to 0.82 (algo3), indicating that the items
were primarily clustered within the moderate range of the latent trait. This pattern suggests that the
instrument is well targeted for medium levels of CT skills. However, the absence of more difficult items
implies that individuals with higher levels of ability may not be measured with optimal precision, as the
instrument provides limited coverage at the upper end of the continuum, an issue that is also showed in
Fig. 2.

Table 3. Summary of the Item Information
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Item  Difficulty WMS UMS Reliability Number of Strata

Items Persons Items Persons

abs1  -0.56  0.95 1.06 0.98 0.87 9.89 3.80

abs4 -0.27 1.01 1.10

abs5 0.46 0.89 0.92

dec1 -0.68 0.85 0.83

dec2 -0.34 0.88 0.88

dec3 -0.79 1.44 1.48

dec4 -0.03 0.90 0.89

dec5 -0.56 1.19 1.13

dec6 -0.76 1.14  1.06

alg1  0.08   0.85 0.83

alg2 0.15 0.76 0.75

alg3 0.82 1.00 1.08

alg4 0.09 0.86 0.85

alg5 0.26 0.90 0.89

alg6 -0.02 0.82 0.82

pat1  0.47 1.07 1.10

Pat2 0.41  1.12 1.12

Pat3 -0.30 1.22  1.17

Pat4 0.80 1.29 1.36

Pat5  0.78 1.05 1.09

Overall, the instrument can be effectively used to assess the level of CT among university students,
particularly those who fall within the moderate category of the construct. This is reflected in the
distribution of item difficulty, where most items are concentrated within the low to moderate difficulty
range, while relatively few items represent the moderate to high difficulty levels.

As a result, the instrument is more sensitive in capturing variations among individuals with average
levels of computational thinking, as it provides more information within this range of the latent trait.
Conversely, its ability to accurately differentiate individuals with higher levels of CT is somewhat limited
due to the scarcity of more challenging items. Therefore, the measurement precision of this instrument
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is maximized when the target respondents are predominantly within the moderate category of CT ability.
The finalized CT instrument presented in Table 4 is intended for further use in research and practical
applications.
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Table 4
Validated Items Based on CFA and Rasch Measurement Model

Aspect English Indonesian

Abstraction ♣ I can determine the distinction
between information that is
useful and that is not.

♣ Saya bisa membedakan antara informasi
yang bermanfaat dan yang kurang/tidak
bermanfaat

♣ I concentrate on things that
are directly related to a problem I
am dealing with.

♣ Saya memperhatikan hal-hal yang
berkaitan langsung dengan masalah yang
saya hadapi

♣ I can solve a problem by
finding the best solution.

♣ Saya dapat menemukan cara yang tepat
untuk menyelesaikan suatu masalah.

Decomposition ♣ I consider that large problems
can be solved if they are
described in detail.

♣ Saya menganggap bahwa masalah yang
besar dapat diselesaikan jika diuraikan
secara rinci/detail

♣ I will concentrate on the
primary factors that contribute
to a problem.

♣ Saya fokus pada penyebab utama
terjadinya suatu masalah

♣ I see big problems as a
collection of small problems.

♣ Saya melihat bahwa masalah besar
terbentuk dari tumpukan masalah-masalah
kecil

♣ If I describe a problem, I can
quickly understand it.

♣ Saya dapat memahami setiap masalah
dengan mudah jika saya menguraikan
masalah tersebut.

♣ There are no complicated
problems if we can see them
from different perspectives.

♣ Tidak ada masalah yang rumit jika kita
mampu melihat dari sudut pandang yang
berbeda

♣ If we understand the details
of the problem, heavy problems
will seem light.

♣ Masalah yang berat akan terasa ringan
jika kita faham secara detail masalah
tersebut

Algorithmic
thinking

♣ Before I solve a problem, I
organize the steps to solve the
problem.

♣ Sebelum menyelesaikan suatu masalah,
saya terlebihdahulu menyusun langkah-
langkah penyelesaian masalah tersebut.

♣ I will stick to the problem-
solving strategy I created earlier.

♣ Saya akan mengikuti pola penyelesaian
masalah yang telah saya rencanakan
sebelumnya

♣ I am used to solving problems
in a systematic manner.

♣ Saya terbiasa menyelesaikan masalah
secara sistematis

♣ I am used to working through
problems step by step.

♣ Saya menyelesaikan masalah secara
bertahap

♣ Before attempting to solve a
problem, I devise a strategy for
doing so.

♣ Sebelum menyelesaikan masalah, saya
terlebihdahulu menyusun rencana
penyelesaian masalah tersebut
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Aspect English Indonesian

♣ My mind guides me step by
step in problem solving.

♣ Pikiran saya menuntun saya dalam
memecahkan masalah secara bertahap

Pattern
recognition

♣ I can see similarities in every
problem I encounter.

♣ Saya dapat melihat kesamaan pada
setiap masalah yang saya hadapi

♣ I tend to look for general
patterns in every problem I face

♣ Saya mencari pola yang sama pada setiap
masalah yang saya hadapi

♣ I solve a problem by applying
the solution to a previous
problem.

♣ Saya menggunakan pengalaman
sebelumnya untuk menyelesaikan masalah
saat ini.

♣ I believe that every problem is
connected.

♣ Saya menganggap setiap masalah saling
memiliki keterkaitan

♣ Current and previous
problems often have something
in common.

♣ Masalah saat ini dan masalah yang telah
berlalu cenderung memiliki kesamaan

DISCUSSION
The present study offers a comprehensive evaluation of the psychometric properties of the CT
instrument by integrating two complementary analytical frameworks, namely CFA and the Rasch
measurement model. This dual-approach strategy strengthens the validity argument by combining
covariance-based evidence of structural validity with item-level probabilistic modeling, as recommended
in contemporary measurement literature (32, 71, 92, 93).

From the CFA perspective, the measurement model demonstrated a consistently satisfactory fit across a
wide range of goodness-of-fit indices. Specifically, the Comparative Fit Index (CFI), Goodness-of-Fit Index
(GFI), Tucker–Lewis Index (TLI/NNFI), Incremental Fit Index (IFI), and Relative Noncentrality Index (RNI)
all exceeded the recommended threshold of 0.90. These findings indicate that the hypothesized factor
structure is well supported by the empirical data and that the model adequately reproduces the observed
covariance matrix. Such results align with widely accepted guidelines suggesting that values above 0.90
reflect acceptable fit, while values approaching 0.95 indicate a more robust model fit (30, 94).

Moreover, the error-based fit indices further reinforce this conclusion. The Root Mean Square Error of
Approximation (RMSEA) and the Standardized Root Mean Square Residual (SRMR) were both below
0.06, indicating a low level of approximation error and minimal residual discrepancies. These findings
suggest that the model does not suffer from substantial misspecification and that the measurement
errors are within acceptable limits. Collectively, the CFA results provide strong evidence of structural
validity, indicating that the instrument is capable of capturing the latent construct of CT in a theoretically
coherent manner.
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The factor loading estimates, ranging from 0.52 to 0.75, further support the adequacy of the
measurement model. Loadings above 0.50 are generally considered practically significant, indicating
that each item contributes meaningfully to its respective latent (95). The removal of two items from the
abstraction dimension was undertaken to ensure the psychometric quality of the instrument. This
decision reflects adherence to established measurement principles, which emphasize that each item
should contribute meaningfully to the representation of the underlying latent construct and demonstrate
a substantial relationship with the dimension it is intended to measure (96). Specifically, Item 2 (In order
to solve a problem, I will only focus on the most important points) and Item 3 (I only think about things that
I consider useful) demonstrated factor loadings below the recommended threshold of 0.50, indicating a
weak association with the abstraction construct. According to Hair et al. (2022), factor loadings below
0.50 suggest that an item explains less than 25% of the variance in the latent variable, thereby reducing
its contribution to construct measurement and potentially compromising the validity of the scale.

A plausible explanation for the low loadings lies in both the wording and conceptual focus of the items.
Item 2 primarily emphasizes the act of prioritizing important information when solving a problem.
Although this behavior is related to information selection, it does not fully capture the essence of
abstraction as defined within computational thinking. Abstraction involves reducing complexity by
identifying underlying patterns, relationships, and essential characteristics, and then constructing
generalized representations that can be applied across different situations (41). Consequently,
respondents may interpret this item merely as a strategy for focusing attention on salient information
rather than as an indication of their ability to abstract and generalize from complex problems.

Similarly, Item 3 emphasizes attending only to information that respondents personally perceive as
useful. The phrase “I consider useful” introduces a subjective evaluative component that may vary
considerably across individuals, making responses more reflective of personal preferences, interests, or
decision-making styles than of abstraction ability. As a result, the item may capture selective attention or
information-filtering behaviors rather than the cognitive process of abstraction itself. This interpretation
is problematic because abstraction in CT requires individuals not only to ignore irrelevant information but
also to create simplified conceptual models, identify common structures, and transfer these
representations across contexts (4, 11).

From a psychometric perspective, the low factor loadings suggest that the two items share relatively
little common variance with the abstraction dimension compared to other indicators. Their weak
contribution may stem from the fact that they assess peripheral problem-solving behaviors rather than
the core attributes of abstraction. Consequently, retaining these items could introduce construct-
irrelevant variance and reduce the conceptual coherence of the dimension. Their removal therefore
strengthens the dimensional integrity of the abstraction construct, improves the overall measurement
quality of the instrument, and enhances the validity and interpretability of the resulting scores. This
refinement process is consistent with best practices in scale development, which recommend retaining
only those items that demonstrate both statistical adequacy and theoretical alignment with the intended
construct (96, 97).
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All the items chosen in each factor were the best and correspond to the theoretical concept of CT skills.
Previous researchers, such as Gertsen et al. (2022), who developed a moral authorship questionnaire
measurement tool, and Dang et al. (2023), who constructed the school level environment questionnaire,
used the same criteria to increase the model's fit, all items with poor psychometric properties were
deleted. This approach will lead to a reduction in the number of items, retaining only the best-performing
ones. This is consistent with Alim's study, which conducted a short-version construction of the big-five
measurement tool and achieved high property quality despite the restricted number of items (100). This
refinement process is consistent with best practices in scale development, where poorly performing
indicators are excluded to enhance construct representation and internal consistency (101).

In terms of reliability, the instrument demonstrated a high level of internal consistency, with both
McDonald’s ω and Cronbach’s α reaching 0.89. This level exceeds the commonly accepted threshold of
0.70, indicating that the items consistently measure the same underlying construct (102). At the
subscale level, reliability coefficients ranged from 0.62 to 0.85. While the abstraction dimension yielded a
relatively lower reliability (0.62), it remains acceptable given the limited number of items and the
exploratory nature of this dimension (68). The other dimensions, decomposition, algorithmic thinking,
and generalization demonstrated moderate to strong reliability, further confirming the multidimensional
integrity of the construct.

Building on the CFA findings, the Rasch model analysis provides deeper insights into the measurement
functioning at both item and person levels. All 20 retained items satisfied the Rasch model fit criteria,
with Infit and Outfit Mean Square statistics falling within the acceptable range of 0.5 to 1.5. This
indicates that the observed response patterns align well with model expectations and that no items
exhibit excessive noise or redundancy (103). Such results support the internal construct validity of the
instrument from a probabilistic measurement perspective.

The assessment of unidimensionality revealed that the eigenvalue of the first contrast (2.54) was below
the threshold of 3.0, suggesting that the scale predominantly measures a single latent trait. This finding
is particularly noteworthy given that the CFA results support a multidimensional structure. The apparent
convergence between these findings can be interpreted within the framework of essential
unidimensionality, where multiple related dimensions collectively reflect a dominant overarching
construct (32, 104). In this case, abstraction, decomposition, algorithmic thinking, and generalization can
be viewed as interrelated facets of computational thinking, justifying the use of a unidimensional Rasch
model.

The local independence assumption was also satisfied. Residual correlation analysis indicated that most
item pairs exhibited low residual correlations. Only one item pair (Pat4–Pat5) showed a residual
correlation slightly above the commonly used threshold, suggesting minor local dependence. Previous
studies have suggested that residual correlations exceeding 0.30–0.40 may indicate potential local item
dependence and therefore warrant further examination (32, 71). However, because both items belonged
to the same theoretical dimension and no systematic pattern of elevated residual correlations was
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observed across the instrument, the assumption of local independence was considered adequately
satisfied. This interpretation is consistent with recommendations that evidence of local dependence
should be evaluated in conjunction with substantive theory and the overall pattern of residual
correlations rather than relying solely on a single item pair (105).

In terms of rating scale functioning, the analysis demonstrated that all five response categories operated
as intended. The monotonically increasing average measures and well-defined category probability
curves indicate that respondents were able to distinguish meaningfully between response options. This
finding is critical, as poorly functioning rating scales can compromise measurement precision (103). The
current results confirm that the Likert scale structure is appropriate and contributes to the overall validity
of the instrument.

The reliability evidence from the Rasch model further complements the classical reliability findings. The
item reliability coefficient of 0.98 indicates excellent stability in the ordering of item difficulty, while the
person reliability of 0.87 reflects a strong ability to differentiate individuals based on their CT ability.
Additionally, the separation indices (9.89 for items and 3.80 for persons) suggest that the instrument can
distinguish multiple strata of item difficulty and respondent ability. These results demonstrate a high
level of measurement precision and align with recommendations for well-functioning Rasch instruments
(36).

However, the analysis of item difficulty distribution reveals an important limitation. The items are
primarily concentrated within the low to moderate difficulty range (− 0.79 to 0.82), indicating that the
instrument is optimally targeted for individuals with moderate levels of computational thinking. While
this enhances sensitivity within this range, it limits the instrument’s ability to accurately measure
individuals at higher ability levels. This issue of targeting is well-documented in Rasch measurement,
where the alignment between item difficulty and person ability is crucial for maximizing measurement
information (71). These findings were in accordance with investigation undertaken by Denovan et al
(2022), revealed that Ego Resiliency Scale-Revised demonstrated relatively robust psychometric
properties within a general population sample. Future research should therefore consider developing
more challenging items to improve coverage at the upper end of the latent continuum.

The integration of CFA and Rasch measurement modeling provides a robust and complementary
framework for validating the CT instrument. While CFA and Rasch analysis are grounded in different
measurement paradigms, their combined use enables a more comprehensive evaluation of construct
validity than either approach alone. CFA contributes evidence regarding the theoretical structure of the
instrument by examining the relationships between observed indicators and their underlying latent
dimensions. The satisfactory model fit indices, factor loadings, and reliability estimates obtained from
the CFA support the multidimensional structure of CT and demonstrate that the retained items
adequately represent their intended constructs. In addition, CFA provides evidence of convergent and
discriminant validity, thereby confirming that the dimensions of abstraction, decomposition, algorithmic
thinking, and pattern recognition function as theoretically distinct yet related components of CT (97,
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107). Consequently, the CFA findings establish the structural integrity of the instrument and provide
support for the theoretical assumptions underlying its development.

Complementing these findings, Rasch analysis offers a more detailed examination of the measurement
properties of individual items and the functioning of the scale as a whole. Unlike CFA, which focuses
primarily on the covariance structure among items, Rasch modeling evaluates whether each item
operates consistently with the expectations of a probabilistic measurement model, thereby providing
evidence of item fit, category functioning, person and item reliability, separation indices, local
independence, and unidimensionality (105, 108). The Rasch results indicate that the retained items
function appropriately across respondents, the rating scale categories operate in an ordered manner, and
the instrument demonstrates satisfactory measurement precision. Furthermore, the person–item
targeting analysis reveals that the scale is particularly effective for measuring individuals with moderate
levels of computational thinking.

The convergence of evidence obtained from CFA and Rasch analysis therefore provides strong support
for the validity, reliability of the instrument. Nevertheless, the targeting results suggest that the
instrument contains relatively few highly difficult items, limiting its ability to discriminate among
respondents with advanced levels of computational thinking.

CONCLUSION
CT is a core 21st-century competency that supports effective, structured, and creative problem-solving
across disciplines. This study provides strong evidence for the psychometric robustness of the CT
Measurement Tool, which comprises 20 items across four dimensions: abstraction, decomposition,
algorithmic thinking, and generalization/pattern recognition. Overall, the findings demonstrate that the
instrument possesses satisfactory psychometric properties and can be considered a valid and reliable
tool for assessing CT among university students. Evidence from both CFA and Rasch analyses supports
the measurement quality, and overall functionality of the scale.

The results from CFA indicate a well-fitting measurement model with satisfactory factor loadings and
high internal consistency (ω and α = 0.89), confirming the structural validity of the instrument.
Furthermore, Rasch model analysis demonstrated that all items fit the model expectations, satisfy
unidimensionality and local independence assumptions, and exhibit good rating scale functioning. High
item (0.97) and person reliability (0.88), along with strong separation indices, further confirm the
instrument’s precision and discriminative capacity.

However, the distribution of item difficulty indicates that the instrument is most sensitive for assessing
individuals with moderate levels of computational thinking, while providing relatively limited
measurement coverage for respondents with higher levels of computational thinking. This finding
suggests that the instrument is effective in differentiating among individuals with average CT skill but
may be less capable of distinguishing those with more advanced. Consequently, the development of
additional high-difficulty items is necessary to improve the instrument’s targeting and enhance its ability
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to capture the full range of CT skills. Such refinement would increase measurement precision and
strengthen the instrument’s capacity to assess individuals across varying levels of ability.

Future studies should focus on expanding item difficulty levels, incorporating broader cognitive
dimensions of computational thinking, and conducting additional Rasch-based analyses, such as
Differential Item Functioning (DIF), to examine whether items function consistently across demographic
groups, including gender, age, and other relevant characteristics. It will provide stronger evidence
regarding the absence of item bias and support the broader applicability of the instrument across
diverse populations.
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