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Abstract – In the contemporary digital landscape, 
computational thinking (CT) has become an essential 
skill for problem-solving across multiple disciplines. In 
preparing students for these problem-solving skills, 
measuring CT skills is just as important as teaching CT. 
However, most of the available tools for examining CT 
in higher education largely emphasis on programming 
and technical skills. They neglect other CT domains 
such as abstraction, teamwork, and communication. 
This study aims to validate and refine the Holistic 
Assessment of Computational Thinking (Hi-ACT) scale, 
which measures CT skills and perceptions across a 
broader range of cognitive and interpersonal abilities. 
The revised Hi-ACT instrument was tested on 1,438 
undergraduate students from different disciplines in 
Indonesia, resulting in 4 constructs: effective 
collaboration, problem-solving and adaptability, 
analytical thinking, and modelling and algorithmic 
thinking. Through a process of expert qualitative 
review, content validation, and factor analysis, the Hi-
ACT scale demonstrated high reliability and validity. 
Cronbach’s alpha values ranged from 0.920 to 0.964, 
demonstrating a robust internal consistency. The 
instrument captures important non-technical 
dimensions, including problem solving, teamwork, and 
communication. These dispositions are imperative for 
multidisciplinary learning and collaboration.  
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The restructured Hi-ACT can be a comprehensive 
tool for educators to measure CT skills, especially for 
non-computer science students. It can be applied in 
various academic fields. Future research should extend 
this validation to different educational contexts and 
regions to enhance its applicability. 

Keywords – Computational thinking, post-secondary 
education, multidisciplinary learning, perception. 

1. Introduction

Today’s digital society is a witness to the 
incorporation of digital information and 
communication technologies, which have changed 
almost every aspect of life. In the educational context, 
digital technology integration supports 
interdisciplinary education. Digital technologies 
foster project-based learning that calls for the 
development of digital-based solutions for different 
fields, including economy [1], arts [2], environment 
[3], health [4], and energy [5], wherein complex real-
world problems cannot be solved using only one 
discipline. Interdisciplinary education has emerged as 
a fundamental component of modern universities. 
Computational biology and bioinformatics employ 
computational approaches such as modelling and 
simulation to analyze large amounts of biological data. 
Data science applies statistics and artificial 
intelligence to analyze large collections of data. 
Computational linguistics involves the construction of 
computational models to solve linguistic problems. 
Biomechatronics is an interdisciplinary science that 
encompasses biology, mechanical engineering and 
robotics. These are just a few examples of the blend of 
computational methods with traditional disciplines.  

This shift in education raises a need for a future 
workforce that understands computational methods 
and how to integrate them into solving complex 
problems in digital workplaces. At the core of this 
shift lies CT. CT is a cognitive process that utilizes 
technical knowledge (skills) and attitudes to enable 
individuals to solve problems, design systems, and 
understand human behaviour [6], [7].  
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Interestingly, even originally rooted in computer 
science, CT is regarded as a universal ability that is 
applicable to various domains, not only computer 
science or STEM [8], [9], [10], [11], [12], in all 
educational level, including higher education. 

The significant growth of CT incorporation in 
higher education is increasingly evident. Especially as 
Artificial Intelligence drives the transformation of the 
labour market, analytical thinking and creative 
thinking become core cognitive skills needed [13]. In 
response to this, the fields committed many efforts to 
foster CT through higher education classroom or 
curriculum intervention [10], [14], [15], [16], [17]. 
Studies to examine higher education students’ CT 
skills have also been conducted [9], [10], [18], [19]. 
The studies targeted Computer Science majors [20], 
[21], [22]. Other studies focused on STEM majors 
[18], [23], [24] non-major [25], [26], [27], [28] such 
as arts, journalism, music, public administration, and 
English. 

However, although extensive investigations on 
measuring CT skills in the context of higher education 
have been conducted, there are gaps in current studies. 
Most of these studies assess computer science 
conceptual knowledge, such as programming-related 
topics. On the other hand, higher education students 
with diverse academic backgrounds can engage with 
CT in various ways. Non-major students might not 
directly engage in programming but apply CT 
principles creatively and abstractly. Undergraduate 
students’ perception of their CT abilities has been 
measured differently in the literature. The study of 
[29] developed the ‘Computational Thinking Scale’ 
(CTS), which consists of five constructs: creativity, 
algorithmic thinking, critical thinking, problem-
solving, and cooperativity. A study by [22] narrowed 
the scope of measuring CT of students’ previous 
experience with programming. A scale called 
Programming-based Computational Thinking (P-
CTS) focuses on measuring 3 subscales, namely 
conceptual knowledge, algorithmic thinking, and 
evaluation. The study [25] was conducted to capture 
how undergraduate education students (prospective 
teachers) view their competencies in CT. The scale’s 
constructs are CT, robotic coding and software, and 
professional development and career planning. Some 
core skills of CT, such as abstraction, pattern 
recognition, generalization and evaluation [7], [30], 
[31] are not addressed. These instruments have gaps. 
Core CT skills are underrepresented. Focusing only on 
the technical aspect of CT might lead to an incomplete 
assessment. Besides, they are short on non-major 
students. The [29] instrument measures undergraduate 
students’ CT ability by linking algorithmic thinking to 
mathematical problem-solving, which may be more 
relevant to STEM fields.  

Similarly, [22] limits assessment to students with 
programming experience. Even though [25] gave its 
scale to English majors, it ties CT to robotics, 
computing, and software development. Thus, their 
relevance to abstract CT disciplines is limited. 

In the previous studies [19], [32], the Hi-ACT was 
developed to measure undergraduate students’ 
perception of their CT, including skills and 
dispositions (attitudes), as indicated by [7]. The Hi-
ACT consists of 10 constructs, i.e. abstraction, 
algorithmic thinking, decomposition, debugging, 
generalization, evaluation, problem-solving, 
communication, teamwork, and spiritual intelligence. 
The scale was tested on students from different 
disciplines but targeted fourth-year students only. This 
study aims to re-evaluate the Hi-ACT scale to be 
applied to a wider and more diverse population to 
enable the use of the instrument in a broader context, 
i.e., undergraduates of all levels, as CT is relevant at 
all levels of education. 
 
2. Computational Thinking Studies in Higher 

Education 
 

The CT assessment studies conducted at higher 
education level highlight conceptual knowledge of 
computer science, in particular, to identify students’ 
misconceptions about basic programming topics [20], 
[33] and algorithms and data structure [34], [35]. 
Other studies examine students’ improvement in 
learning CT after a training session through products 
such as programming projects. The assessment tools 
are specifically designed for programming 
environments, including R programming language 
[23], Arduino [21], C++ [27], Matlab [36], Scratch 
[37], and Python [38] aim. 

Some instruments were developed as CT 
diagnostic and transfer tools [39]. Most studies that 
highlight the CT diagnostic instrument aim to measure 
the CT level of entry-level students without any prior 
programming experience. The study of [40] designed 
a test to measure students’ CT at the start of their 
computer science course. The Testing Algorithmic 
and Application Skills (TAaAS) was developed to 
assess first-year informatics students’ CT skills in 
both traditional programming (pseudocode) and non-
traditional environments (spreadsheet) [41]. The study 
of [42] reports the development and validation of the 
Computational Thinking Concepts and Skills Test 
(CTCAST), a language-independent instrument 
consisting of 18 multiple-choice items that measure 
six key aspects of CT. A more recent study created 
The Engineering Computational Thinking Diagnostic 
(ECTD) to identify first-year engineering students’ 
entry-level skills to prepare proper curriculum 
intervention [24].  
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CT transfer tools are instruments designed to 
assess the subject’s ability to transfer CT skills to 
various problems [39]. Some examples of CT 
instruments included in this group are the assessment 
that focuses on how students apply CT during 
gameplay of strategic board games in a non-
computational environment [43]. A test was 
developed for a “Principles of Informatics” course to 
assess the ability of students from various disciplines 
to transfer CT skills to diverse real-world problems 
[44].  

Another study by [45] assesses students’ transfer 
of skills in problem-solving and coordination between 
different modes of thinking. Students’ strategies and 
thought processes in solving Linear Algebra problems 
using CT are observed and analyzed through 
interviews and problem-solving sessions. 

 
 
 

 

Table 1.  CT assessment studies in higher education level  
 

Studies Audience CT Concepts 

[33] 

University 
students 
enrolled in the 
CS1 course 

Basic programming Basic programming structure (function, parameters, return value), 
mathematical operators, recursion, conditionals 

[43] 
First-year 
undergraduate 
students 

Algorithmic thinking Create step-by-step strategies to achieve goals within the game. 
Conditional logic to predict various action outcomes 

Debugging Identifying and correcting errors in strategy or rule interpretation 
Simulation Modeling strategies before committing to actions in the game 

[34] 

First-year CS 
students 
enrolled in 
introductory 
programming 
and data 
structure course 

Algorithmic thinking Dynamic programming and divide-and-conquer 

Debugging Identifying and correcting misconceptions about the 
implementation and logic of the algorithm 

Data structure Concepts of heaps, binary search tree, and recursion 

[44] 
First-year 
Informatics 
students 

Data structure Understanding file structure and digital information storage 

Critical thinking Evaluating algorithms and analyzing evidence 

[40] First-year CS 
students 

Process and 
transformation 

A solution is defined as a series of ordered steps that involve 
decomposition and planning. 

Models and 
abstraction 

Representing data and problems abstractly, reformulating 
problems, and using appropriate notation. 

Patterns and 
algorithms 

Think algorithmically. 
Recognize patterns and work with repetitive structures (loops, 
recursion, or function). 

Tools and resources Tools (constructs) for solving a problem, including physical tools, 
mathematical operators, and instruction sets. 

Inference and logic Using heuristics, induction and deduction, approximation, and 
logical systems to solve problems 

Evaluations and 
improvements 

Analyzing solutions, identifying errors, and selecting the best 
(optimal) solutions 

[35] First to third-
year students 

Data structure Key operations (insert, handling duplicate) in binary search tree 
and hash tables (resizing hash table) 

Debugging Diagnosing and correcting errors in data structure operations 

[36] 
Junior-level 
Biology 
students 

Algorithmic thinking Writing programs to process and analyze data 

Abstraction The transition between multiple problem representations and 
generalized solutions 

Data analysis and 
visualization 

Analyze real-world datasets, visualize them through graphs and 
interpret results. 

[41] 
First-year 
Informatics 
students 

Algorithmic thinking 
Formulating instructions to solve problems in traditional 
(algorithms and pseudo codes) and non-traditional programming 
environments (spreadsheets) 

[45] First-year 
undergraduates Algorithmic thinking Procedural execution of instructions, including choosing 

appropriate steps and reasoning about the steps and their outcome. 

[20] Engineering 
students Basic programming 

Basic programming includes function parameters, variables, 
identifiers, scope, control structures (recursion, iteration), pointers, 
and Boolean expressions. 

[23] Undergraduate 
students in 

Algorithmic thinking 
and Data analysis 

Develop step-by-step solutions to calculus and probability 
problems using Monte Carlo simulation and matrix calculation in 
R programming 
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STEM 
disciplines Simulation Simplify complex calculus and probability problems through 

computational models and simulations. 

Visualization Using R programming to visualize statistical and mathematical 
data 

[28] First-year non-
major students 

Abstraction Simplifying complex tasks into more manageable components 

Algorithmic thinking 
Applying an algorithm developed by the Computer Skills 
Foundation Taiwan to solve problems using MS PowerPoint and 
Word functions 

[29] Undergraduate 
students 

Creativity Ability to generate new ideas and solve problems creatively 
Algorithmic thinking Understanding, applying, and developing algorithm 
Cooperativity Cooperative learning 
Critical thinking Using cognitive skills and systematic methods to solve problems 
Problem-solving Ability to demonstrate and apply solutions in cooperative learning 

[37] 
Third-year 
Education 
students 

Problem identification Identifying components of a problem and their structure 
Organize and model Organizing problems’ components and creating models of solution 
Code literacy Programming to operationalize the models of solution 

Technological literacy System (hardware and software) to operationalize the models of 
solution 

Programming Plan and create a computer program 
Evaluation An iterative process to improve solutions (computer program) 

[25] 

Undergraduate 
Education 
students 
(prospective 
teachers) 

Computational Perception of CT as a systematic problem-solving process that 
focuses on the process. 

Robotic coding and 
software Attitudes towards robotics and coding 

[27] 

First-year 
Educational 
Technology 
students 

Computational 
concept Sequence, loop, conditions, operator, and data structure. 

Computational 
practice 

Computational activities, including incremental and iterative, 
testing and debugging, reusing and remixing, and abstracting and 
modularizing 

Computational 
identity 

The students' view of themselves within the computing field and 
links to their future careers. 

[21] Undergraduate 
students Algorithmic thinking Control structure (sequences, loops, conditionals), events, 

parallelism, mathematical and string operators. 

[38] 

Non-major 
students (arts, 
music, public 
administration) 

Creativity Ability to generate new ideas and solve problems creatively 
Algorithmic thinking Understanding, applying, and developing algorithm 
Cooperativity Working in a group effectively 
Critical thinking Using cognitive skills and systematic methods to solve problems 
Problem-solving Ability to demonstrate and apply solutions in cooperative learning 

[42] 

First-year 
Computer 
science 
students 

Abstraction Simplifying complex problems into generalizable models 
Algorithm design Designing systematic procedures to solve problems 

Evaluation Assessing the effectiveness and efficiency of the computational 
process 

Generalization Applying solutions across different problems and context 
Pattern recognition Identifying patterns in data and process 
Problem 
decomposition Break down problems into smaller parts 

[22] Undergraduate 
students 

Conceptual 
knowledge 

Understanding and using programming structure, including loops, 
conditions, as well as variables and decomposition. 

Algorithmic thinking Creating algorithms using pseudocode 
Evaluation Testing and debugging to improve the algorithms 

[18] 
First-year 
Engineering 
students 

Abstraction Identify the main ideas and synthesize information from a problem 
Modeling Create and manipulate models 
Decomposition Break down complex problems into smaller parts. 
Algorithmic thinking Establishing steps to solve a task 
Representation Interpreting data accurately 
Generalization Reflecting on the applicability of solutions to other problems 
Evaluation and 
adjustment Evaluate and adjust solutions after problem-solving 

[24] 
First-year 
Engineering 
students 

Abstraction Represent a system, thing or problem by hiding irrelevant details 
Algorithmic thinking 
and programming 

Develop systematic methods to solve problems and express the 
methods in an appropriate language 

Data representation, 
organization, and 
analysis 

Transform data into useful information and knowledge 

Pattern matching Find similarities between data or algorithms. 
Automation Embed components into algorithms 
Decomposition Break-down problem or system into smaller components 
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However, the aforementioned tools for assessing 
CT focus on objective, task-based and project-based 
evaluations that require coding and algorithmic 
problem-solving. The subjective aspect of how 
students perceive their CT skills is overlooked. On the 
other hand, this is particularly important in higher 
education. It was evident in the literature that students’ 
perception of their abilities plays a significant role in 
their academic performance or achievement [46], [47], 
[48]. 

Higher education students with diverse academic 
backgrounds might engage with CT in various ways. 
Non-major students might not directly engage in 
programming. However, they still apply CT principles 
creatively and abstractly. Undergraduate students’ 
perception of their CT abilities has been measured 
differently in the literature. Of all studies listed in 
Table 1, the study of [29] developed the 
‘Computational Thinking Scale’, which consists of 
five constructs: creativity, algorithmic thinking, 
critical thinking, problem-solving, and cooperativity. 
Creativity emphasizes the combination of rational 
decision-making, confidence in solving problems, and 
trust in intuition. It calls the construct ‘creativity’, but 
the ability to create many possible innovative 
solutions, which characterize creativity, is not fully 
addressed in this construct. Algorithmic thinking 
measures the ability to express the solution to a 
problem through mathematical instructions and 
processes, focusing on using mathematical concepts, 
symbols, and expressions. Critical thinking focuses on 
measuring ones positive attitude in solving complex 
problems with precision and using systematic 
methods. The items in the ‘Problem-solving’ construct 
focus on the ability to create and demonstrate/apply 
solutions in a cooperative learning context. 
Cooperativity measures the dispositional aspect of 
CT: working together in teams to share ideas and 
collaborate to create solutions. In summary, these 
widely used CT perception measurement instruments 
capture important cognitive processes in problem-
solving, such as algorithmic thinking with a focus on 
mathematical approaches that encourage logical 
reasoning, structured problem-solving and systematic 
evaluation of solutions to ensure precision and 
accuracy. However, some core skills of CT, such as 
abstraction, pattern recognition, generalization and 
evaluation  [7], [30], [31] are not addressed.   

Another study administered a similar-name scale, 
the “Computational Thinking Scale”, was conducted 
to capture how undergraduate education students 
(prospective teachers) view their competencies in CT 
[25]. The scale’s constructs are CT, robotic coding and 
software, and professional development and career 
planning. The ‘Computational thinking’ construct 
highlights an individual’s ability to analyze and solve 
problems using a structured, systematic, logical 
approach.  

Skills included in this construct are systematic 
problem-solving, understanding of computational 
concepts, and the ability to work with technology and 
data. The ‘Robotic coding and software’ construct 
emphasizes an individual’s skills and adaptability in 
technical engagement with software development, 
robotics, and coding activities. In addition, this 
dimension also measures an individual’s interest in 
technology and perspectives on the importance of 
integrating software and robotic education at the 
higher education level. Construct ‘Professional 
development and career planning’ focuses on the 
multidisciplinary implementation of CT in 
professional contexts, career goals, and technology’s 
impact on society’s progress and well-being. Overall, 
the dimension of CT is not explicitly mentioned. 
However, ‘algorithmic thinking’ can be inferred from 
the items that comprise the ‘computational thinking’ 
construct and the ‘robotics, coding and software 
construct’. Also, this scale does not cover other critical 
dimensions of CT, such as abstraction, pattern 
recognition and generalization, and evaluation.   

A study by [22] narrowed the scope of measuring 
CT by building a scale that focuses on measuring CT 
abilities based on students’ previous programming 
experience. There are 3 subscales measured, namely 
conceptual knowledge, algorithmic thinking, and 
evaluation. Conceptual knowledge includes 
understanding syntax, semantics, scripts, basic 
structures in programming (sequences, loops, 
conditions, parallelism, events), variables, 
mathematical operators, and data. There’s one item 
under the conceptual knowledge subscale that 
measures ability to separate problems 
(decomposition). The algorithmic thinking subscale 
assesses the skill of designing problem-solving steps. 
Evaluation subscale measures the ability to evaluate 
algorithms in terms of accuracy, resource utilization, 
and ease of use. This construct also considers the 
algorithm’s simplicity, effectiveness, and efficiency. 
Even though other core skills like abstraction, 
decomposition, and generalization are not explicitly 
defined as separate constructs, the author argues that 
these skills are also utilized while solving 
programming problems. 

Gaps are found in these instruments. First, the 
incomplete coverage of core CT skills. The studies of 
[25], [29] emphasize algorithmic thinking and some 
dispositions of CT. Nevertheless, there is insufficient 
rationalization of other skills like abstraction, pattern 
recognition and generalization, decomposition, and 
evaluation. A more recent study [18]  reports the 
modification of [29] s CTS instrument. It restructures 
the previous five constructs into seven constructs, 
namely abstraction, modeling, decomposition, 
algorithmic thinking, representation, generalization, 
and evaluation and adjustment.  



TEM Journal. Volume 15, Issue 2, pages 1530-1547, ISSN 2217-8309, DOI: 10.18421/TEM152-48, May 2026. 
 

TEM Journal – Volume 15 / Number 2 / 2026.                                                                                                                             1535 

However, it is not further explained whether the 
authors also reviewed the initial items of this 
instrument and revised them on the operational 
definitions of abstraction, modelling, decomposition, 
generalization, and evaluation. On the other hand, the 
study of [22] considers core CT skills. Nevertheless, it 
fails to capture the full breadth of CT, which should 
accommodate both skills and attitude [7], [49]. 
Focusing only on the technical aspect of CT might 
lead to an incomplete assessment.  

Second, limited focus on non-major disciplines. Of 
the instruments aimed at how undergraduate students 
perceive their CT ability, [29] links algorithmic 
thinking construct to mathematical problem-solving, 
which might be more applicable to STEM disciplines. 
[22] narrows the assessment to students with previous 
programming experience. Similarly, even though [25] 
administered its scale to English major students, it also 
links CT to robotics, coding and software 
development. Thus, their applicability to disciplines 
where CT is applied more abstractly is limited.  
 
3. Methods 
 

The Hi-ACT was first initiated in 2019 with the 
aim of measuring fourth-year college students’ 
perceptions of their CT skills and dispositions. Built 
from scratch, its development involved experts, 
practitioners, and academics to evaluate the suitability 
of Hi-ACT content to the purpose of instrument 
development [32]. The instrument was pilot tested on 
students from two private universities in Indonesia - 
one small and one medium-sized [19]. Subsequently, 
in 2021, the instrument was refined through the 
involvement of two large state universities and one 
private university.  

This refinement resulted in clearer definitions and 
increased validity and reliability for ten categories of 
CT skills and dispositions, namely abstraction, 
algorithmic thinking, decomposition, debugging, 
evaluation, and generalization, as well as problem-
solving, teamwork, communication, and spiritual 
intelligence [50]. 

Question refinement and valuation is an ongoing 
process for an instrument. In this study, the Hi-ACT 
instrument underwent a further refinement and 
expansion process, involving experts in computer 
science and education fields as well as students from 
all levels of study, not limited to fourth-year students. 
Table 2 presented the respondents of this study. The 
process involved students from five universities in 
Indonesia, consisting of one large-sized public 
university, two medium-sized private universities, and 
two small-sized private universities. This approach 
allows for broader and more representative testing of 
the Hi-ACT while strengthening the validity and 
reliability of the instrument in measuring CT 
perception in various higher education contexts. These 
steps are followed in re-evaluating the Hi-ACT: 

 

a. Conceptualization. The Hi-ACT has 109 items that 
are grouped into 10 constructs. A revisit of the CT 
dimensions in the Hi-ACT is necessary to ensure 
these constructs are still relevant for 
undergraduates of all levels. Thus, this study 
examines prior research that measures 
undergraduate students’ perceptions of their CT, 
including [18], [22], [25], [29]. In some less 
relevant CT assessment studies, deep investigation 
was not conducted due to different target audiences 
[51], [52], [53] or different evaluative approach 
[10], [21], [24], [38], [42]. 

 
 

Table 2.  Demographic of experts and students’ samples 
 

Categories Sub-categories Female Male Total 
Content Validation (Experts) 
Current job Professor/ Lecturer 2 4 6 

Professional (IT trainer, project developer) - 2 2 
Years of experience 6 – 10 years - 1 1 

More than 10 years 2 5 7 
Face Validation (undergraduates) 
Majors Computer Science 8 10 18 

STEM Non-CS 6 7 13 
Non-STEM 6 5 11 

Pilot Study (undergraduates) 
Majors Computer Science 360 513 873 

STEM Non-CS 254 82 336 
Non-STEM 127 102 229 

Level 1st year 176 118 294 
2nd year 171 212 383 
3rd year 195 174 369 
4th year 199 193 388 
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b. Item review and refinement. Two evaluations were 
conducted in this phase to ensure the items were 
unambiguous, relevant, and clear. Content 
validation was conducted in two steps: First, all 
items’ wording was reviewed by eight experts in 
computer science and education fields. Based on 
the experts’ comments and recommendations, item 
wording was revised, merged, and removed, as 
shown in Table 3.  

Next, the remaining 96 items went through 
quantitative validation to assess the relevance of 
the items to the measured constructs. Item-level 
and scale-level convent validity indexes were 
calculated. After that, face validation was 
conducted to examine relevancy and clarity. Forty-
two undergraduate students participated in face 
validation, and the results are discussed in the next 
section. 

 
 

Table 3.  Numbers of items deleted or merged from initial Hi-ACT  
 

Construct No. of Initial items Item deleted Item merge Remaining Items 
Abstraction (ABS) 5 1  4 
Algorithmic thinking (AT) 16 1  15 
Decomposition (DEC) 5  2 3 
Debugging (DE) 2  - 2 
Evaluation (EV) 10  3 7 
Generalization (GE) 9  2 7 
Problem-solving (PS) 20  2 18 
Teamwork (TW) 21  2 19 
Communication (COM) 5  - 5 
Spiritual Intelligence (SI) 16  - 16 

 
c. Reexamine factor structure. At this stage, 

exploratory factor analysis is employed, given that 
the study targets undergraduate students at all 
levels, which differs from the previous one [19]. As 
many as 1438 students from various disciplines 
(among others: computer science, economics and 
business, nursing, law, and agriculture) in seven 
universities in Indonesia were recruited. Of these, 
48% are male students and 52% are female. Based 
on their major, 61% of the students are CS majors, 
and the rest (49%) are non-majors, divided into 
23% of STEM non-CS and 16% of non-STEM. 

d. Reliability and validity testing. Reliability and 
validity testing were conducted after making 
revisions and confirming the factor structure. 

 
 
 
 
 
 
 
 
 
 

4. Results 
 

Item Review and Refinement: First step in 
reviewing the initial Hi-ACT was experts’ assessment 
of items’ wording and semantic.  

Corrections were made to items that shared the 
same semantics by deleting/merging items and 
revising ambiguous wording on some items. 
Secondly, content validity analysis was conducted by 
a different group of experts. Based on the expert 
panel's assessment, the item-level content validity 
index (i-CVI), scale-level (s-CVI), and content 
validity ratio (CVR) of all constructs were calculated. 
The results are presented in Table 4. The calculation 
results showed that the S-CVI/Ave (overall) value was 
0.96, and S-CVI/UA was 0.72. The i-CVI calculation 
results show that 15 out of 96 items do not meet the 
threshold value of 0.83, according to the number of 
experts of three to eight people [54]. These 15 items 
are AT15, GE8, PS1, PS9, PS11, TW9, TW15, TW16, 
TW19, SI3, SI6, SI9, SI12, SI14, and SI15. Next, 
based on CVR calculation, it was found that items 
AT5, AT7, GE9, and SI1 did not reach the cut-off 
value of 0.75 [55]. The 19 items were eliminated, 
leaving 77 for further evaluation (face validity). 
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Table 4.  Content validity results  
 

Item Experts in 
Agreement 

I-CVI CVR Decision 

ABS1 I understand that a model is a specific representation of the 
problem to be solved. 8 1 1 Retained 

ABS2 I can create representation (model) to solve problems. 8 1 1 Retained 
ABS3 I can distinguish between essential and non-essential 

information. 8 1 1 Retained 

ABS5 I can filter redundant information. 8 1 1 Retained 
AT1 I can create a set of precise steps to solve a problem. 8 1 1 Retained 
AT2 I can break down a specific activity or task into a detailed series 

of steps or instructions. 7 0.875 1 Retained 

AT3 I am capable of executing the necessary steps to solve problems 
effectively. 8 1 0.75 Retained 

AT5 I can identify possible decisions or branching points in a 
problem-solving procedure. 8 1 0.5 Removed 

AT6 I can make decisions by evaluating specific conditions. 8 1 1 Retained 
AT7 I can think of multiple possible approaches to solve a problem. 8 1 0.5 Removed 
AT8 I can generate multiple potential solutions to solve a problem. 8 1 0.75 Retained 
AT9 I can run different sets of instructions simultaneously. 8 1 1 Retained 
AT10 I can organize resources and tasks to allow them to be 

processed simultaneously. 8 1 0.75 Retained 

AT11 I can identify the procedures that can be executed more than 
once. 8 1 1 Retained 

AT12 I can determine when to execute a procedure and when to stop 
it based on specific conditions. 7 0.875 1 Retained 

AT13 I can provide a clear explanation of why something happens. 8 1 1 Retained 
AT14 I can explain how a conclusion is drawn. 8 1 1 Retained 
AT15 I can explain the reasoning behind my thoughts. 6 0.75 0.75 Removed 
AT16 I can elaborate the logical connections between cause and 

effect. 7 0.875 1 Retained 

DEC1 I can simplify complex problems by breaking them down into 
smaller, easier-to-solve ones. 8 1 1 Retained 

DEC3 I am capable of performing classification tasks. 8 1 1 Retained 
DEC4 I can develop a solution by combining smaller components. 7 0.875 0.75 Retained 
DE1 I can think of an anticipation plan for a problem. 8 1 1 Retained 
DE2 I can recognize a problem when the procedure does not result 

in the intended solution. 8 1 0.75 Retained 

EV1 I can refine the solution to improve precision. 8 1 1 Retained 
EV2 I can evaluate solutions against the success criteria. 8 1 1 Retained 
EV3 I can adjust the design and implementation of a solution when 

necessary. 8 1 1 Retained 

EV4 I can develop solutions that efficiently utilize the available 
resources. 8 1 1 Retained 

EV7 I can assess whether the solution procedure is sufficient to 
solve the problem. 8 1 1 Retained 

EV8 I can assess whether the solution procedure functions correctly. 8 1 1 Retained 
EV10 I can compare the performance of different solution procedures 

that solve the same problem. 8 1 1 Retained 

GE1 I can seamlessly combine my own work with the work of 
others. 8 1 1 Retained 

GE4 I can efficiently search for relevant information. 7 0.875 1 Retained 
GE5 I can identify patterns, similarities, and connections between 

past and current problems. 8 1 1 Retained 

GE6 I can apply the same solution procedure or principles to solve 
similar problems. 8 1 0.75 Retained 

GE7 I can adapt pre-existing solutions to a new problem to explore a 
broader range of possibilities. 8 1 0.75 Retained 

GE8 I can use a sequence of information previously employed to 
solve a new problem. 6 0.75 0.75 Removed 

GE9 I can transfer ideas and solutions from one problem to another. 7 0.875 0.5 Removed 
PS1 I can anticipate the impact of change and navigate myself and 

others through a smooth shifting. 6 0.75 0.75 Removed 

PS2 I can apply the solution I have planned accordingly. 8 1 1 Retained 
PS3 I am confident I can help others to manage uncertain situations. 8 1 1 Retained 
PS4 I am confident in my ability to tackle challenges or accept risks 

or uncertainties. 8 1 0.75 Retained 

PS5 I remain calm and focused during times of change. 7 0.875 1 Retained 
PS6 I have no problem demonstrating a solution to a problem that I 

have in mind. 8 1 1 Retained 

PS7 I am confident in my ability to solve most problems. 8 1 1 Retained 



TEM Journal. Volume 15, Issue 2, pages 1530-1547, ISSN 2217-8309, DOI: 10.18421/TEM152-48, May 2026. 
 

1538                                                                                                                           TEM Journal – Volume 15 / Number 2 / 2026. 

PS9 Given enough time, I believe I can solve most problems that 
confront me. 6 0.75 0.75 Removed 

PS10 I can solve a new and difficult problem. 8 1 1 Retained 
PS11 I have a systematic method for comparing alternatives and 

making decisions. 6 0.75 0.75 Removed 

PS12 When I create a plan to solve a problem, I am confident that it 
will work. 8 1 0.75 Retained 

PS13 I keep working on a problem until I get the right answer. 8 1 1 Retained 
PS14 I remain persistent in solving a problem, even when it becomes 

difficult. 8 1 0.75 Retained 

PS15 When a solution to a problem is unsuccessful, I will analyze 
why it did not work. 7 0.875 1 Retained 

PS16 When facing a complex problem, I create strategies to gather 
information, allowing me to clearly define the issue. 8 1 1 Retained 

PS17 Even if my first attempt to solve a problem fails, I remain 
confident in my ability to handle the situation. 8 1 1 Retained 

PS18 I enjoy trying to solve problems. 8 1 1 Retained 
PS20 I will try to solve almost any problem type. 8 1 1 Retained 
COM1 I communicate using acceptable vocabulary. 8 1 0,75 Retained 
COM2 I can use various modes of communication (written messages, 

email, telephone, informal discussions). 8 1 1 Retained 

COM3 I listen to everyone and respect their viewpoints. 8 1 1 Retained 
COM4 I contribute appropriately to healthy debate. 8 1 1 Retained 
COM5 I ensure consistency between words and voice tone. 8 1 1 Retained 
TW1 I effectively manage conflict, whether through constructive 

resolution or by finding compromises to maintain harmony. 8 1 0.75 Retained 

TW4 I accept other’s strengths and weakness. 8 1 1 Retained 
TW5 I accept criticism in a friendly way. 8 1 1 Retained 
TW6 I can work together harmoniously. 7 0.875 1 Retained 
TW7 I communicate actively and constructively. 8 1 1 Retained 
TW8 I acknowledge the contributions of others. 8 1 1 Retained 
TW9 I can share the power with others. 6 0.75 0.75 Removed 
TW10 I understand that there is shared knowledge and skills among 

team members. 8 1 1 Retained 

TW11 I can create an atmosphere of cooperation among members 
during the problem-solving process. 8 1 1 Retained 

TW12 I listen to and consider other members’ opinions. 
 8 1 1 Retained 

TW13 I can set aside differences when collaborating with others to 
achieve a common goal. 8 1 1 Retained 

TW14 I enjoy experiencing cooperative learning together with my 
group mates. 7 0.875 1 Retained 

TW15 In cooperative learning, I think I achieve more successful 
results because I work in groups. 6 0.75 0.75 Removed 

TW16 I like to solve problems related to group projects. together with 
my friends in cooperative learning. 6 0.75 0.75 Removed 

TW17 I can stay focused on the task during group work. 8 1 1 Retained 
TW18 I fulfil my assigned role in the group. 8 1 0.75 Retained 
TW19 I actively participate and accept my fair share in group work. 6 0.75 0.75 Removed 
TW20 I work skillfully on assigned tasks and complete them on time. 8 1 1 Retained 
TW21 I am willing to share responsibility for both the team's 

successes and failures. 8 1 0.75 Retained 

SI1 I use my ability to understand and accept contradictions to 
solve problems. 8 1 0.5 Removed 

SI2 I can integrate seemingly contradictory points of view. 8 1 1 Retained 
SI3 I find it challenging to find out what the truth is. 6 0.75 0.75 Removed 
SI4 I can come up with a solution to a problem, even when. it 

initially seems unsolvable. 8 1 1 Retained 

SI5 I can offer new ways of looking at the problem. 8 1 1 Retained 
SI6 I show curiosity about many things. 6 0.75 0.75 Removed 
SI7 I keep the promises given to others. 8 1 1 Retained 
SI8 My actions are consistent with my values. 8 1 1 Retained 
SI9 I accept myself as I am with all my problems and limitations. 6 0.75 0.75 Removed 
SI10 I am comfortable being myself when interacting with others. 7 0.875 0.75 Retained 
SI11 I put awareness in a positive direction. 7 0.875 0.75 Retained 
SI12 I live my values in my relationships with others. 6 0.75 0.75 Removed 
SI13 I keep working diligently even when no one is watching. 8 1 1 Retained 
SI14 My actions are aligned with my soul-my essential true nature. 6 0.75 0.75 Removed 
SI15 I am aware of my inner truth-what I know inside to be true. 6 0.75 0.5 Removed 
SI16 During an activity or conversation, I pay attention to my 

thoughts and emotions. 8 1 0.75 Retained 
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The third evaluation in item review and refinement 
is to conduct face validation with a small sample from 
the population in which the instrument will be used. 
The result is shown in Table 5. A total of 42 students, 
48% female and 52% male, quantitatively assessed 
(rated) the clarity of all items in each construct. The 
four-interval scale was used, with the first two low 
ratings (1 and 2) representing unclear content and the 
other two high ratings (3 and 4) representing clear 
content.  

The calculation results showed that the S-FVI/Ave 
(overall) value was 0.92, and the S-FVI/UA was 0.3. 
The i-FVI calculation results show that 3 (items AT9, 
DEC3, EV1) out of 77 items do not meet the i-FVI 
value of at least 0.80 with at least 30 raters [56]. These 
three items were then eliminated. 

 
 

 
Table 5.  Face validity results – the FVI values  
 

Item I-FVI Item I-FVI Item I-FVI Item I-FVI Item I-FVI 
ABS1 0.98 DEC1 0.93 GE7 0.86 COM1 0.98 TW17 0.95 
ABS2 0.93 DEC3 0.79 PS2 0.93 COM2 0.95 TW18 0.93 
ABS3 0.88 DEC4 0.90 PS3 0.83 COM3 0.98 TW20 0.95 
ABS5 0.93 DE1 0.93 PS4 0.93 COM4 0.95 TW21 0.95 
AT1 0.98 DE2 0.90 PS5 0.93 COM5 0.95 SI2 0.88 
AT2 0.90 EV1 0.76 PS6 0.93 TW1 0.90 SI4 0.95 
AT3 0.98 EV2 0.93 PS7 0.88 TW4 0.95 SI5 0.93 
AT6 0.93 EV3 0.81 PS10 0.88 TW5 0.98 SI7 0.93 
AT8 0.86 EV4 0.83 PS12 0.95 TW6 0.93 SI8 0.93 
AT9 0.79 EV7 0.86 PS13 1 TW7 0.95 SI10 0.93 
AT10 0.83 EV8 0.86 PS14 0.98 TW8 0.98 SI11 0.98 
AT11 0.83 EV10 0.90 PS15 1 TW10 0.95 SI13 0.98 
AT12 0.93 GE1 0.90 PS16 0.95 TW11 0.93 SI16 0.98 
AT13 0.95 GE4 0.88 PS17 0.98 TW12 0.98  
AT14 0.88 GE5 0.93 PS18 0.95 TW13 0.95 
AT16 0.98 GE6 0.98 PS20 0.95 TW14 0.95 
 
Validity: The Kaiser-Meyer-Olkin (KMO) 

measure and Bartlett’s Test of Sphericity were 
employed to determine if the data were suitable for 
factor analysis. The KMO value was 0.988, indicating 
that the data were highly appropriate for factor 
analysis. This result suggests a strong intercorrelation 
among the items, ideal for identifying distinct factors. 
Additionally, Bartlett’s Test of Sphericity was highly 
significant (𝜒𝜒2 = 79067.815; df = 2701; p = 0.000), 
confirming that the variables were related enough to 
proceed with the analysis. The initial analysis 
identified five factors with eigenvalues greater than 1, 
which together explained 58.84% of the total variance. 
As many as one item with loading less than 0.4 (SI2) 
and 14 overlapping items (AT11, AT14, AT16, 
DEC1, GE1, PS2, PS13, PS14, PS15, COM4, TW1, 
TW7, TW11, and SI8) were removed from the scale 
to improve clarity and construct alignment. Analysis 
was repeated. 

The results of repeated analysis, the KMO test 
producing a value of 0.987, show that the data is 
highly suitable for factor analysis, even after removing 
overloading items. This value suggests strong 
relationships among the variables and a well-
structured instrument.  

Similarly, Bartlett's Test of Sphericity was highly 
significant (𝜒𝜒2 = 60038.217; df = 1711; p = 0.000), 
confirming that the data is ideal for uncovering 
meaningful factor structures. These results provide a 
solid foundation for the analysis. 

As shown in Table 6, after refining the instrument, 
four factors with 59 remaining items emerged, 
explaining a combined total of 58.058% of the 
variance. This shows that the scale’s total variance is 
sufficient to capture multiple dimensions of CT.  

 
Table 6.  Face validity results – the FVI values  
 

Factor Eigenvalue Variance 
(%) 

Cumulative 
(%) 

1 27.445 46.517 46.517 
2 3.616 6.128 52.645 
3 1.967 3.333 55.978 
4 1.227 2.080 58.058 
5 0.946 1.603  

 
Figure 1 depicts the scree plot of this four-factor 

structure. The diagram shows that the slope notably 
flattens out after component number four. 
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Figure 1.  Scree plot diagram 
 

In Table 7, item factor loads were presented. The 
EFA resulted in a different number of constructs from 
the initial Hi-ACT. Items that highlight 
communication, teamwork, and some spiritual 
intelligence-related items were grouped into the first 
factor. Its key themes include communication, 
teamwork, respect for others, collaborative learning, 
and responsibility sharing when working in a team. 
Thus, this factor is called ‘Effective Collaboration’. 
The factor loadings of the items range from 0.497 to 
0.794, with an Eigenvalue of 27.445 explaining 
46.517% of the total variance. Next, the second factor 
emphasizes the ability to solve complex problems or 
challenges, remain confident, persistent and calm in 
uncertain situations, and create strategies to solve new 
and difficult problems. This factor is called ‘Problem-
solving and Adaptability’.  

The factor loadings of the items range from 0.473 
to 0.727, with an Eigenvalue of 3.616, explaining 
6.128% of the total variance. After that, the third 
factor encompasses analytical thinking skills, which 
involve breaking down problems, analyzing their 
parts, and critically evaluating solutions. Thus, this 
factor is called ‘Analytical Thinking’. The factor 
loadings of the items range from 0.490 to 0.663, with 
an Eigenvalue of 1.967 explaining 3.333% of the total 
variance. Lastly, the fourth factor is called ‘Modeling 
and Algorithmic Thinking’. This factor stresses 
filtering essential information, creating models 
(abstraction) and step-by-step problem-solving and 
task organization (algorithmic thinking). The factor 
loadings of the items range from 0.455 to 0.676, with 
an Eigenvalue of 1.227 explaining 2.080% of the total 
variance. 
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Table 7.  EFA results  
 

Factors Items Common F1 F2 F3 F4 

Effective Collaboration 

COM1 0.677 0.497    
COM2 0.675 0.611    
COM3 0.680 0.734    
COM5 0.704 0.541    
TW4 0.677 0.729    
TW5 0.690 0.742    
TW6 0.713 0.746    
TW8 0.713 0.778    
TW10 0.690 0.709    
TW12 0.717 0.794    
TW13 0.723 0.722    
TW14 0.670 0.650    
TW17 0.698 0.625    
TW18 0.719 0.767    
TW20 0.722 0.654    
TW21 0.735 0.739    
SI7 0.694 0.618    
SI10 0.637 0.542    
SI11 0.679 0.595    
SI13 0.686 0.611    
SI16 0.694 0.621    

Problem-solving and 
Adaptability 

PS3 0.667  0.603   
PS4 0.713  0.614   
PS5 0.643  0.626   
PS6 0.632  0.647   
PS7 0.669  0.691   
PS10 0.646  0.727   
PS12 0.671  0.616   
PS16 0.733  0.473   
PS17 0.707  0.628   
PS18 0.687  0.574   
PS20 0.623  0.637   
SI4 0.705  0.624   
SI5 0.710  0.503   

Analytical Thinking 

DEC4 0.662   0.490  
DE1 0.689   0.490  
DE2 0.670   0.574  
EV2 0.724   0.594  
EV3 0.674   0.598  
EV4 0.711   0.603  
EV7 0.707   0.600  
EV8 0.716   0.537  
EV10 0.707   0.663  
GE4 0.711   0.495  
GE5 0.712   0.579  
GE6 0.712   0.552  
GE7 0.707   0.566  

Modeling and Algorithmic  
Thinking 

ABS1 0.561    0.618 
ABS2 0.625    0.616 
ABS3 0.618    0.676 
ABS5 0.614    0.647 
AT1 0.680    0.622 
AT2 0.668    0.551 
AT3 0.673    0.656 
AT6 0.682    0.600 
AT8 0.639    0.563 
AT10 0.602    0.455 
AT12 0.672    0.531 
AT13 0.654    0.490 
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Reliability: Table 8 presents the scale’s reliability 
test results, which were examined through Cronbach 
Alpha (CA) and corrected item-total correlation 
(CITC). CAs were 0.964 for Effective Collaboration, 
0.937 for Problem-solving and Adaptability, 0.940 for 
Analytical Thinking, and 0.920 for Modeling and 
Algorithmic Thinking.  

CA values of 0.9 or higher are considered excellent 
reliability [57]. The items for each factor measure their 
intended constructs well. In the same way, the CITC 
should be greater than 0.3 [58]. All CITCs were more 
than 0.6 (Table 8), indicating good internal 
consistency. The reliability test results show excellent 
internal consistency for all four factors. 

 
Table 8. Reliability testing results  
 

Effective Collaboration Problem-solving and 
Adaptability Analytical Thinking Modeling and Algorithmic 

Thinking 
Cronbach Alpha: 0.964 Cronbach Alpha: 0.937 Cronbach Alpha: 0.940 Cronbach Alpha: 0.920 

Item Item-total 
Correlation Item Item-total 

Correlation Item Item-total 
Correlation Item Item-total 

Correlation 
COM1 0.645 PS3 0.691 DEC4 0.677 ABS1 0.601 
COM2 0.696 PS4 0.737 DE1 0.676 ABS2 0.667 
COM3 0.752 PS5 0.679 DE2 0.697 ABS3 0.668 
COM5 0.682 PS6 0.685 EV2 0.743 ABS5 0.659 
TW4 0.743 PS7 0.737 EV3 0.716 AT1 0.725 
TW5 0.764 PS10 0.745 EV4 0.746 AT2 0.687 
TW6 0.786 PS12 0.703 EV7 0.730 AT3 0.732 
TW8 0.795 PS16 0.692 EV8 0.710 AT6 0.711 
TW10 0.748 PS17 0.741 EV10 0.749 AT8 0.671 
TW12 0.806 PS18 0.699 GE4 0.693 AT10 0.606 
TW13 0.776 PS20 0.676 GE5 0.725 AT12 0.671 
TW14 0.710 SI4 0.725 GE6 0.712 AT13 0.645 
TW17 0.719 SI5 0.680 GE7 0.723   
TW18 0.797       
TW20 0.744       
TW21 0.790       
SI7 0.705       
SI10 0.640       
SI11 0.696       
SI13 0.701       
SI16 0.711       

 
5. Discussion 
 

This study intends to reexamine the Hi-ACT [19], 
an instrument designed to assess undergraduates’ 
perception of CT. Its constructs resulted from a 
comprehensive study of CT literature [32]. The 
previous Hi-ACT was tested solely on fourth-year 
students. This study reexamines the instrument on 
tertiary students across all levels and disciplines. The 
result was a scale comprised of 59 items encapsulated 
in four dimensions: effective collaboration (21 items), 
problem-solving and adaptability (13 items), 
analytical thinking (13 items), and modelling and 
algorithmic thinking (12 items). 

Effective Collaboration: Two constructs from the 
previous Hi-ACT [19], namely teamwork and 
communication and some spiritual intelligence items, 
emerged as a single entity in the new Hi-ACT. 
According to [49], one CT-related disposition is the 
ability to communicate and work in a team to achieve 
a shared goal.  

The items under this dimension underscore 
teamwork, communication, self-integrity, and self-
awareness. They are intermixed as one factor that 
composes effective collaboration. This result implies 
that collaboration requires individuals to work 
harmoniously with others, accept diverse 
perspectives, fulfil assigned roles, and share 
responsibilities (teamwork). Meanwhile, clear 
communication (expressing ideas clearly using 
appropriate modes of communication, vocabularies, 
and respecting other’s points of view) can foster 
collaborative work. Finally, maintaining ethical 
behaviour is required to ensure trust and 
accountability. This is in harmony with CT’s role in 
guiding 21st-century individuals in solving problems 
[59], as teamwork, communication, and integrity are 
also clearly visible within the National Research 
Council 21st century skills framework [60]. A 
comparable subscale in CTS that assessed teamwork 
is cooperativity.  
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However, the items under cooperativity purely 
address measuring cooperative learning, a learning 
method used by small groups of students studying an 
academic subject together. In fact, for students, both 
teamwork and communication are important for 
participating actively in a larger community [61], such 
as online coding communities [62]. 

Problem-solving and Adaptability: This 
dimension comprises items from the problem-solving 
construct of the previous Hi-ACT. These items 
describe self-efficacy, persistence, and adaptability in 
solving problems. There is an interplay between self-
efficacy and persistence. Self-efficacy, which reflects 
confidence, will lead to persistence in facing 
challenges [63]. Otherwise, persistence level 
significantly affects self-efficacy [64]. Despite this, 
both confidence and persistence are part of the 
dispositions of CT [49]. Adaptability is shown in 
items like PS5 and PS17. This is aligned with the 
adaptive problem-solving concept [65], where 
vigilance to changes and willingness to modify plans 
are required in a rapidly changing technological 
world. 

In addition to these problem-solving-related items, 
the EFA results also included two items that were 
previously included in the spiritual intelligence 
construct on the previous Hi-ACT, namely SI4 and 
SI5. The inclusion of these two items into this 
dimension confirms that the ability to think beyond 
conventional solutions and adapt to unusual situations 
(creativity) is important to deal with ill-defined or 
unstructured complex problems, which is what CT is 
for [50]. The CTS assess problem-solving and 
creativity as two different subscales. The ‘problem-
solving’ subscale juxtaposes confidence in solving 
problems, mathematical problem-solving, and 
cooperative learning. The ‘creativity’ subscale 
assesses the ability to discover solutions in a new 
situation. However, the central theme of most of the 
items in this subscale describes confidence in 
problem-solving activity, which overlaps with the 
‘problem-solving’ subscale.  

Analytical Thinking: Analytical thinking is a 
cognitive skill. It involves breaking down challenging 
material (problem) into its fundamental parts, which 
involves identifying patterns, correlations, and cause-
and-effect relationships between problems [66]. In the 
CT context, analysis involves generalization and 
evaluation of solutions [67], [68]. These notions are 
aligned with the third dimension of the new Hi-ACT, 
which is a blend of four dimensions of the previous 
Hi-ACT, i.e., decomposition, generalization, 
debugging, and evaluation. The items under this 
analytical thinking dimension are intended for 
assessing the ability to construct a solution from its 
constituent parts, determine whether a solution is 
effective and efficient (resource-efficient), and 
determine solution adaptability.  

Similarly, the evaluation subscale in P-CTS [22] 
also involves items to debug, determine solutions’ 
effectiveness and suitability, and predict their possible 
results, except for decomposition. In P-CTS, 
decomposition is grouped with items that measure 
understanding of programming syntax structure and 
abstraction skills in the conceptual knowledge 
subscale. As a matter of fact, in CT, solution 
construction applies decomposition when dealing with 
large and complex tasks [7]. When the problem to be 
solved is like the previous one, then the same solutions 
can be applied to the current problem. Such solution 
adaptation enables knowledge transfer across multiple 
contexts. In this case, the ability to identify patterns 
and commonalities between problems is needed [69]. 
Once the solution is articulated, before execution, 
evaluation is necessary to think about anticipation 
plans, as CT also considers prevention and recovery 
strategies [7]. 

Modeling and Algorithmic Thinking: While many 
studies like [31], [69], [70], [71] cogitate abstraction 
and algorithmic thinking as different constructs, in the 
current study, these two constructs were grouped as 
one dimension in the new Hi-ACT, which is hereafter 
referred to as ‘modeling and algorithmic thinking’. 
This dimension highlights the ability to develop 
models that focus on the core problem and translate 
the model into executable solution steps. The 
justification is that CT’s problem-solving skill set is 
not isolated. Dynamic interaction in sequential 
relationships happens during the problem-solving 
process. When the problem has been successfully 
defined (using the ‘abstraction’ skill), a solution to the 
problem is created (using ‘algorithmic thinking’ skill) 
process [67], [68]; comparably, algorithmic thinking 
develops abstractions that can be reused to solve 
similar problems [22]. 

Abstraction and algorithmic thinking skills are 
grouped into separate subscales in P-CTS [22]. 
Abstraction is grouped inside conceptual knowledge, 
a subscale to assess programming syntax structure. 
Abstraction focuses on essential characteristics in 
programming concepts, such as the proper 
implementation of loop or conditional structures. 
Similar to the result of this study, algorithmic thinking 
in P-CTS assesses the ability to develop problem-
solving steps, process schematization, and formulate 
various algorithms for identical solutions. As in CTS 
[29], although it does not consider abstraction, it has 
one subscale that measures algorithmic thinking. In 
contrast to this ‘modeling and algorithmic thinking’ 
dimension, CTS’ algorithmic thinking underlines the 
ability to perform the mathematical operation as the 
substance to determine algorithmic thinking, as 
explained by its items (for example, ‘I can 
immediately establish the equity that will give the 
solution of a problem’, ‘I think I have a special 
interest in the mathematical processes’). 
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To conclude, comprehensive evaluation of the new 
Hi-ACT resulted in an instrument to measure 
perceptions of CT that confirms cognitive and non-
cognitive skills are critical in fields beyond 
programming and coding. CT is not just for computer 
science or STEM domains but for everyone [7]. By 
covering a wider range of skills, the Hi-ACT becomes 
more inclusive in measuring CT ability across 
disciplines. Thus, the new Hi-ACT is highly relevant 
for stakeholders at the higher education level. 
Specifically, the findings indicate what knowledge 
students need to understand and what soft skills they 
need to become proficient in to improve their ability 
to solve novel, complex, and unstructured problems 
that are critical in a data-driven and artificial 
intelligence-driven problem-solving world.  

In addition, the validation of non-technical CT 
constructs, i.e., teamwork and communication under 
the effective collaboration dimension and confidence, 
persistence, and spiritual intelligence under the 
problem-solving and adaptability dimension, offers a 
more inclusive understanding of CT as a 
multidimensional construct. Simultaneously, opens 
the door for CT education to be adopted across 
disciplines such as humanities, social sciences, and 
arts. CT cannot be fully realized in isolation as 
technical skills alone in solving problems process. CT 
is collaborative by nature and requires strong 
interpersonal skills. This indicates that CT curricula 
should prioritize collaborative projects, peer learning, 
and ethical decision-making rather than focusing 
solely on technical tasks performed individually. For 
industries and organizations, this non-technical 
integration will be crucial. As such, lifelong learning 
is necessary. Today, industries increasingly rely on 
automation, data analytics, and interdisciplinary 
collaboration [13]. The ability to adapt, evaluate, and 
generate technology-based solutions has become a 
necessity for the future workforce in order to compete 
in the digital labor market. Therefore, higher 
education institutions must be more aligned with the 
rapid changes in labor market requirements by 
preparing students with cognitive and non-cognitive 
CT skills to ensure their graduates are agile thinkers 
and can be productive in diverse work environments. 

 
 
 
 
 
 
 
 
 
 
 
 

6. Conclusion 
 
In this study, the Hi-ACT instrument is re-

evaluated, as a measure of undergraduate students’ 
perceptions of their CT abilities. The main innovation 
of this research lies in the validation of the new Hi-
ACT, which goes beyond programming-centered 
evaluation to encompass both cognitive and non-
cognitive dimensions of CT. It is applicable across 
disciplines. This research fills a gap in the CT 
assessment literature by evaluating how students from 
various disciplines and higher education levels 
perceive their CT abilities. Thus, the study highlights 
the relevance of CT for non-STEM fields, such as the 
humanities and social sciences, where abstract 
problem-solving, collaboration and ethical decision-
making are essential. In conclusion, Hi-ACT offers a 
novel and inclusive approach to assessing CT across 
multiple disciplines, making a valuable contribution to 
the body of knowledge in computer science education 
and beyond. Its implications for curriculum design and 
interdisciplinary education prepare students for a 
future in which computational problem-solving 
becomes critical in diverse professional contexts. To 
conclude, the Hi-ACT offers a novel and inclusive 
approach to assessing CT across disciplines, making a 
valuable contribution to the body of knowledge in 
computer science education and beyond. Its 
implications for curriculum design and 
interdisciplinary education prepare students for a 
future where computational problem-solving is crucial 
in various professional contexts.  

The primary shortcoming of this study is that it was 
conducted on undergraduate students in only one 
country, Indonesia. However, the study draws on 
widely referenced literature that addresses CT in 
various domains. Thus, the Hi-ACT should be 
pertinent to other domains. A further study using 
samples from different educational levels, like 
secondary education, is recommended to expand the 
Hi-ACT’s reliability and validity. Also, replications in 
other countries would increase its relevance in 
diversified countries. 
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