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Abstract— Advanced technological innovations and problem-
solving across various domains demand proficient programming
skills. Thus, developing and measuring computational
competencies are critical in this modern digital era. Despite their
significance, assessing these competencies is challenging, especially
when catering to personalized learning needs. Several assessment
methods are available, yet there is a lack of fast, adaptable and
validated evaluation tools. This study addresses this gap by
developing and validating adaptable rubrics for assessing
computational competencies and fostering improved learning
outcomes in the computer programming domain. The preliminary
rubric was developed per the JAVA programming curricula,
educational frameworks, and experts' opinions. A sample of 300
students studying the JAVA programming language were assessed
via a multiple-response objective assessment based on the initial
rubric. The rubric-based evaluation results were subjected to
rigorous statistical analyses, including exploratory and
confirmatory factor analyses, correlation, and regression analyses.
The findings yielded a four-factor validated adapted rubric
structure emphasizing the required computational competencies
in the programming domain. Further, moderate associations
between rubric scores and Java academic evaluations were
revealed, highlighting the predictive validity of rubric-based
objective assessments. This research work contributes to the
refinement of rubric and assessment practices in programming
education, offering insights into the role of adaptable rubrics in
promoting student learning and suggesting pedagogical
approaches. The findings of this study hold practical implications
for educators, curriculum designers, and policymakers. The
targeted interventions, adapting rubric-based assessment criteria,
improving pedagogical strategies, and enriching curriculum
design ensure that the learning experiences of programming
learners are tailored to their individual needs and aspirations.
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I. INTRODUCTION
VV ith the increasing demand for digital literacy and rapid

technological advancements, computational skills have

emerged as a keystone in modern educational establishments
(Tang et al., 2020). Computational skills are incorporated as a
set of substantial learning goals to prepare the learners to
improve their competencies in various domains (Grover & Pea,
2013; Forero-Garcia et al., 2022; Tan et al., 2023). Therefore,
it is essential to identify and assess students' computational
skills.

The transformation of teaching-centric to learning-centric
environments necessitates adaptable assessment tools to
measure the required learner competencies and enhance their
proficiencies effectively (Ingaleshwar & Jamadar, 2019),
specifically in online learning scenarios (Kukreja et al., 2021).
Rubrics have emerged as valuable instruments in educational
assessments, providing structured guidelines for evaluating
learners' performance across various domains (Jagtap & Powar,
2016; McTighe & Ferrara, 2021). The rubric approach helps
both the learner and assessor clearly understand what learning
outcomes the learner has achieved and where the gaps persist
(Monbec et al., 2020).

However, the dynamic nature of computer programming
education demands rubrics that can adapt to the evolving skills
of learners and technological advancements (Jeyamala &
Abirami, 2020). To thrive in this digital age, worldwide
educational institutions employ various rubrics to teach
computer programming languages to equip learners with the
necessary computational competencies (Ana et al., 2020).
Adaptable rubrics represent a cornerstone in contemporary
educational assessment practices, specifically in the dynamic
field of programming education. They offer a comprehensive
approach to assessment, assisting educators with the required
flexibility to evaluate diverse student learning dimensions
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based on well-defined criteria and learning objectives and tailor
feedback to individual learner needs (Fletcher et al., 2012;
DeLuca & Klinger, 2010; Molins-Ruano et al., 2014). The
adaptability or flexibility in rubrics emerges from learners'
diverse needs and skills as per the demands of the technological
industry (Pedro et al., 2017; Pefia, 2018).

Unlike traditional rubrics focused solely on predetermined
criteria, adaptable rubrics allow for customization, ensuring that
the assessments accurately reflect the diverse competencies
required in the current dynamic job market of the computer
programming domain. Adapting the rubric framework involves
refining and modifying the existing structure (Lee et al., 2020).
However, it transcends mere refinement; it is a strategic
endeavor to improve the rubric for better alignment with its
intended purpose. This is achieved by revising the rubric's
criteria, descriptors, and scoring strategies to improve accuracy
and meaning. Also, the adaptation process highlights the
specific relevant parts of the rubric. It emphasizes certain skills
or competencies substantially impacting desired educational
goals (Chen et al., 2019).

This paper embarks on a comprehensive exploration of
developing and validating adaptable rubrics tailored
specifically for programming assessments. With a keen focus
on measuring computational skills and nurturing student
learning in this domain, this study aims to establish the validity
and reliability of these adaptable rubrics in assessing
programming skills and fostering student improvement.

Although rubrics are extensively used for subjective
evaluation purposes, their potential in objective assessments is
yet to be explored. A simple scoring rubric is typically referred
to as a mere key for multiple-choice examinations (Kayarkaya
& UNALDI, 2020; Dhanya et al., 2022), but if a rubric is
developed and utilized for partial grading in multiple response-
based assessments (Denny et al., 2019; Das et al., 2021), its
potential is extended from a simple key to effectively
identifying learner competencies as well (Simkin & Kuechler,
2005). Further, the concept of adaptability in such rubrics
provides a flexible approach to assessing and evaluating the
diverse skills of learners (Pang et al., 2022). The advent of
adaptable rubrics also aligns with the personalized learning
scenario, allowing learners to tailor their educational learning
paths to their specific learning goals and styles (Qushem et al.,
2021). This paper promotes and validates this aspect of rubrics
to be utilized in the objective assessment of programming
languages that facilitates the mass assessment process and
identifies programming aptitudes and valuable feedback
mechanisms.

Our research objectives include initially developing a
programming rubric considering experts insights and JAVA
syllabi, then validating this rubric through rigorous statistical
analysis and factor identification via EFA and CFA, leading to
the four-factor adapted rubric, and finally exploring the
associations between rubric-based assessments and JAVA
academic performances via correlation and regression analysis.
This paper aims to provide a comprehensive understanding of
the role of adaptable rubrics in identifying the desired
computational competencies of learners in computer
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programming and promoting student learning.

This study contributes to the advancements in current
practices in programming education by introducing an
adaptable and validated rubric-building practice that aligns with
the evolving industry demands and provides personalized
learning pathways.

It is important to note that the focus of this research work is
not to develop any new Java programming assessment or
instrument, as numerous standard programming instruments
exist already (Relkin et al., 2020; Relkin et al., 2021; Fraillon
et al., 2020; Steinhorst et al., 2020). Instead, the study
emphasizes the significance of adaptable rubrics in the
objective assessment process and highlights their potential to
enhance learning outcomes in programming education. The
rubric developed in this study serves as a versatile tool that can
be utilized to assess any programming language to evaluate
diverse computational proficiencies and promote a holistic
approach to programming education. The refined rubric may
specifically evaluate key computational competencies such as
problem-solving, algorithm design, code optimization,
debugging, and object-oriented paradigms, ensuring the
assessment of learners’ programming knowledge and skills on
a deeper level.

In the subsequent sections, this research paper delves into the
methodology utilized in rubric development and validation,
presents the analysis findings, and discusses the research
questions and implications of this work for assessment practices
in programming education.

II. LITERATURE REVIEW

Pursuing computational competencies among programming
learners is essential to enhance their proficiency and readiness
for the continuously evolving technological landscape. This
section investigates the prior research that guides the
foundation of this study, focusing on identifying competencies

through rubric-based assessment and their subsequent
association with academic performance.
Computational ~ competencies have been  widely

acknowledged in the literature. Scholars and researchers
explore various intellectual processes, such as logical thinking,
algorithmic reasoning, and problem-solving skills (Wing, 2006;
Tsai et al., 2019). The integration of computational thinking
skills in the curriculum of almost every educational scenario has
been internationally acknowledged and is increasing rapidly
(Nouri et al., 2019; Kjéllander et al., 2021; Fagerlund et al.,
2021; Dimos et al., 2023). Computational Thinking is a
common way of solving problems utilizing programming
perspectives (Nouri et al., 2019; Knuth, 2014; Amoako et al.,
2013). Researchers used various methodologies to measure
computational practices and competencies by assessing coding
exercises and projects (Relkin et al., 2021; So et al., 2020;
Durak et al., 2019; Papadakis, 2020).

Rubrics, a dynamic assessment tool, assist in measuring
computational skills in various domains if properly developed
and validated in the proper context. For instance, Ardito et al.
(2020) utilized rubric scores to assess students' performances
and understand the collaborative development of computational
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thinking skills via a six-week robotics program. Similarly, Ung
et al. (2021) developed an assessment rubric to evaluate the
teaching and learning outcomes of integrated Computational
Skills among primary school students. Alves et al. (2020)
designed a rubric for a performance-based assessment of
programming concepts using an automated static analysis tool.
Adler et al. (2022) also created and implemented a
computational thinking rubric incorporating key computational
components using Bloom’s Taxonomy. Ridlo et al. (2022)
explored computational skills in implementing a learning model
of teaching integrated with computer programming using
rubrics and questionnaires. Some researchers also emphasize
building smart and intelligent learning environments to support
student learning in programming education utilizing
computational Thinking approaches and rubrics (Agbo et al.,
2019; Sonsilphong et al., 2022).

Further, adapting the rubric framework serves as an
educational compass directing focus on the key competencies
that significantly affect learning outcomes and teaching
pedagogies (Chen et al., 2019; Lee et al., 2020). This research
emphasizes an adaptable rubric based on the latent factors
obtained from the factor analysis in the programming domain.
Then, this refined rubric was validated against the final
academic performances of programming learners. The
preliminary rubric development and its adaptation based on
factor analysis and regression analysis in the programming
education scenario should be explored more.

In summary, the research exploring and measuring
computational skills in computer programming focuses on
utilizing rubrics and their analysis, code analysis methods,
survey questionnaires, and computational thinking framework.
These research threads build a foundation for this study.
However, the gap lies in the amalgamation of rubric-based
assessment, factor analysis, and regression analysis to identify
the specific computational proficiencies of programming
learners, adapting the rubric accordingly, and their implications
on academic performance. There is a need to apply statistical
analysis techniques to rubric-generated assessment results,
leading to more efficient adaptable rubrics. This study will
contribute to the ongoing implementation of measuring
computational skills and adaptable rubrics, shaping
pedagogical strategies and curriculum design to empower
learners in this digital era.

III. RESEARCH QUESTIONS

This study investigates the structure of a multiple-response-
based JAVA questionnaire prepared per the preliminary
developed rubric to extract the significant factors and
associations between questionnaire scores and JAVA final
exam marks. After data analysis, the following research
questions (RQs) will be addressed in the Discussion section.

1. What computational competencies are represented as a
result of a thorough analysis of rubric results and objective
assessment?

2. What kind of factor structure does the statistical analysis
of rubric-based JAVA objective assessment items produce?

3. What associations can be found between the rubric scores
and academic programming grades?

IV. METHODS

A. Participants

This research study involved 300 students studying JAVA
programming in their undergraduate courses.

B. Rubric Creation

The whole process of rubric development demands careful
selection of different criteria across which the competencies
have to be assessed, scoring levels/scale across which a
particular criterion is measured, and descriptors describing the
expectations of an evaluator related to each criterion per scoring
level (Gulikers et al., 2021; Jones et al., 2019). The first step of
this study was to develop a JAVA-based rubric that can
quantify the learner's abilities in diverse programming domains.

To create an initial rubric, learning/course outcomes of
various JAVA syllabi of computer programming courses from
different Indian Universities were thoroughly studied and
analyzed. In addition, the authors extensively reviewed
knowledge areas related to computer programming in the
ACM/IEEE Computer Science curricula (Mehran et al., 2013).
They identified common CS concepts in the course descriptions
(Parker et al., 2021). This analysis included a review of the key
concepts, skills, and knowledge areas emphasized in these
curricula. We identified common themes and patterns across the
learning outcomes through this process, which guided the
selection of the rubric criteria. Conclusively, almost all learning
outcomes focus on strengthening Object-Oriented Concepts,
syntax, multithreading, exception handling, event handling,
optimization, and application building.

After careful consideration, we categorized all programming
learning proficiencies into seven criteria to develop a rubric,
ensuring the scope of this rubric is not limited to only the JAVA
programming language. However, it can be utilized for any
language as any computer programming language demands the
learners to master these global skills. These criteria are as
follows:

1. Theory and Concepts: This criterion assesses students'
comprehension and familiarity with fundamental JAVA
programming concepts and ideas.

2. Syntax Knowledge: This criterion evaluates students'
familiarity with and accuracy with the syntax and structure of
the Java programming language.

3. Conceptual Thinking & Skills: This criterion assesses the
student’s ability to think conceptually and apply abstract
reasoning to programming problems.

4. Critical Thinking: This criterion evaluates students' ability
to analyze, evaluate, and make logical decisions regarding
programming scenarios and code segments.

5.Logic Building & Thinking: This criterion assesses
students' logical reasoning skills and ability to identify
structured and efficient algorithms.
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6. Optimization Skills & Complexity: This criterion
evaluates students’ ability to optimize code efficiency and
complexity measures.

7. Applications Design: This criterion assesses students'
capability and skills to design and develop JAVA applications.

Further, Bloom's taxonomy aligned each criterion with the
appropriate cognitive skill. The categorization of all rubric
criteria with the revised Bloom's taxonomy levels provides a
framework for assessing students' cognitive engagement and
depth of understanding in each criterion, enabling a
comprehensive evaluation of their JAVA programming skills.
The categories assigned to the criteria are as follows:

1. Remembering: Theory and Concepts,
Knowledge
Understanding: Conceptual Thinking & Skills
Analyzing: Critical Thinking
Applying: Logic Building & Thinking
Evaluating: Optimization Skills & Complexity
6. Creating: Applications Design

The finalized rubric serves as a valuable instrument for
instructors to evaluate students' performance and proficiency in
each programming domain aligned with the key cognitive
skills. The development process ensures that the essential
aspects of JAVA programming are captured and provides a
reliable assessment mechanism for measuring and improving
student learning outcomes.

Syntax

b

C. Measures

In this study, the participants were administered a JAVA quiz
of 35 multiple-choice (multiple correct answers) questions.
This quiz format of multiple-response objective assessment was
chosen for this study because it aligns with evaluating the
foundational and specific computational skills in programming
education which is the objective of this study. Further, current
programming courses generally utilize evaluation methods such
as coding assignments, project-based assessments, and
automated objective tests to measure the practical competencies
of learners, specifically in virtual learning environments. The
objective assessments with multiple-response format are able to
measure conceptual understanding and basic knowledge
effectively and rapidly. In addition, while traditional multiple-
choice questions (MCQs) assess learners’ knowledge in a
binary, black-and-white manner (correct or incorrect), multiple-
response quizzes evaluate learners’ partial knowledge and
understanding. The quiz in this study was prepared according
to the rubric developed for assessing programming skills.

Five questions with four possible options were formulated
for each rubric criterion in the quiz. These types of MCQs
demand competency-based and careful framing of questions
with equivalent and perplexing distractors. This is critical for
assessing analytical and logical reasoning abilities in
programming. Consequently, the proposed method necessitates
analyzing and categorizing learners based on their learning
aspects and requirements.

Each question was worth four points, with one point assigned
to each correctly chosen option. Therefore, each criterion

accounted for a total of 20 points. A particular partial marking
scheme was employed to determine the correctness of each
option. For example, if a specific question had valid answers (a)
and (d), the marking scheme was as follows:

If option (a) was selected, 1 point was awarded; otherwise, 0
points were awarded.

If option (b) was selected, it was awarded 0 points; otherwise,
it received 1 point.

If option (c) was selected, it was awarded O points; otherwise,
it received 1 point.

If option (d) was selected, 1 point was awarded; otherwise, 0
points were awarded.

For instance, if a student selected options (b) and (d) for that
question, their score would be 2 (0 + 0 + 1 + 1), indicating that
they answered the question with 50% correctness.

The partial grades obtained for each rubric criterion reflect
the learner's knowledge and analytical abilities relevant to that
criterion. The final scores were calculated by adding up all the
partial grades. This comprehensive calculation gave learners
detailed feedback on their programming abilities, with the
scoring scale aligned with the rubric. Since the questions were
designed to represent each criterion, the cumulative grade for
each criterion allowed students to receive specific feedback on
their performance in various programming domains.

D. Validation

According to Messick (1995), construct validity is validating
the internal structure of the questionnaire. The internal structure
refers to the relationships between test items and the
components employed to validate the constructs measured by
the instrument (Hogenboom et al., 2021). Item Response
Theory (IRT)-Rasch method was used to examine the internal
structure of the instrument.

E. Quantitative Analysis

To analyze the questionnaire's factor structure based on the
preliminary rubric, Exploratory Factor Analysis (EFA) and
Confirmatory Factor Analysis (CFA) were conducted.
Correlations and linear regression techniques were used to
study the relationships between the latent factors and JAVA
final exam marks to examine the convergent validity. The latent
factors were finally labeled based on the desired computational
competencies for the computer programming outcomes.

V. FINDINGS

A. Descriptive Statistics

A preliminary examination of the multiple-choice exam
revealed a wide disparity in the applicants' scores. The total
scores ranged from 59 to 120, with an average score of 86.75
(SD = 13.17). This observation indicates that the candidates'
performance on the exam was significantly variable.

Fig. 1 depicts the average scores of all individual items of the
questionnaire, confirming the observation of score dispersion.
The average scores of personal items fluctuated between 0.51
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and 3.32, with a mean score of 2.48 and an SD of 0.6. The
relatively substantial standard deviation specifies the wide
variation in the scores of individual items among the applicants.

The descriptive statistics offer significant insights into the
scores’ distribution and the applicants’ performances on the
multiple-choice examination. The broad range of aggregate
scores and the disparity in scores for individual items
emphasize the diversity in the abilities and knowledge of
learners across different competencies assessed in the exam.
These findings are the foundation for further analyses and
interpretation of the rubric results.

Mean rubric scores of questionnaire items
3.5
25

2
1

05 I
0

1234567 8 91011121314151617181920212223242526272829303132333435

Mean Rubric Scores
-
n

Questionnaire Item Numbers

Fig. 1. Average scores distribution of individual items of the questionnaire

B. Quantitative content analysis based on an initial rubric

The initial rubric design consisted of seven factors. The
JAVA questionnaire was categorized according to these seven
factors. Five questions of each factor were included and
assessed using a partial marking scheme. Each criterion's
maximum score was 20 since each question had four marks.
The means and SDs of the rubric scores of learners are
represented in Table I. It can be observed that the criterion of
Syntax Knowledge attained a maximum mean value of 16.59
(SD =2.55), and the criterion of Applications Design possesses
a minimum mean value of 10.06 (SD = 2.11). This indicates
that learners score quickly in the Syntax Knowledge criterion
while they score less in application design.

Further investigation into the results revealed that the
students perform very well in syntax, conceptual, and critical
thinking-related problems. At the same time, they face
difficulties in code optimization and application designing
criteria. The criterion Theory and Concepts also showed
relatively less attention span due to its theoretical knowledge
assessment property. In programming domains, learners are
more interested in coding and logical thinking parts rather than
memorizing the theory part. Further, not all learners can
optimize the code and design parts since they may be in the
intermediate stages of their learning. Instead, all learners
efficiently understand the syntax and apply the concepts in all
programming challenges.

TABLEI

MEANS AND STANDARD DEVIATIONS OF RUBRIC SCORES PER CRITERIA

Criteria Mean Standard Deviation
Theory and Concepts 11.77 3.09
Syntax Knowledge 16.59 2.55
Co_nceptual Thinking & 15.64 252
Skills

Critical Thinking 14.34 2.51
Logic Building & Thinking 13.75 235
OptlleaFlOl‘l Skills & 11.95 5
Complexity

Applications Design 10.06 2.11

C. The factor structure of multiple-choice exam: EFA and
CFA

Initially, to assess the suitability of the data for factor
analysis, the Kaiser-Meyer-Olkin (KMO) measure of sampling
adequacy and Barlett's test of sphericity were performed in this
research study. The KMO measure was found to be 0.79,
suggesting that the data exhibits a reasonably high degree of
shared variance among variables. Further, Barlett's test results
indicate y2 = 1859.567 with p < 0.001 and 595 degrees of
freedom. This highly significant p-value provides additional
evidence of the uncorrelatedness of variables. Both measures
recommend the suitability of factor analysis for our data to
explore the underlying latent factors to explain the further
observable patterns in the data and whether these factors are
comparable with the rubric's criteria.

To determine the suitable number of factors, a scree plot was
employed first, as shown in Fig. 2. We also utilized parallel
analysis, a statistical technique for extracting the number of
appropriate factors by comparing the eigenvalues of actual data
with those generated from random data. Parallel analysis scree
plots are depicted in Fig. 3.
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Fig. 2. Scree Plot of data
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Parallel Analysis Scree Plots
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Fig. 3. Parallel Analysis of Data

The scree plot's careful examination revealed an elbow point
between 3 and 5. Additionally, the parallel analysis suggested
five factors. After thoughtful consideration, domain experts'
consultation, and JAVA outcomes analysis, we decided to
perform factor analysis considering four factors. Additional
criteria for choosing these four factors include their
meaningfulness, interpretability, and the extent to which they
explained the variance in the data.

EFA with Principal Axis Factoring extraction method was
applied with varimax rotation specifying four factors using
SPSS 20. The rotated factor loadings are shown in Fig. 4. Using
this model, CFA was conducted using SPSS AMOS 26.
Initially, the model fit was satisfactory; however, some items
needed to have improved factor loadings, falling below 0.30.
The model was further modified by removing these items and
re-running the analysis. Eleven items were removed, which led
to the improved model fit. The model fit indices indicated the
chi-square statistic as 361.497 (p<.001). This means that the
observed covariance matrix matched the model-implied
covariance matrix well. In addition, the Comparative Fit Index
(CFI) was 0.892, and the Tucker-Lewis Index (TLI) was 0.879.
These measures were close to the recommended threshold of
0.90, indicating a good fit. Further, the Root Mean Square Error
of Approximation (RMSEA) was 0.040, with a 90% confidence
interval (CI) ranging from 0.031 to 0.048, which suggests a
close fit of the model. The Root Mean Square Residual (RMR)
was 0.082, supporting a model's adequacy.

Fig. 5 presents the four factors' standardized factor loadings
in the refined model. As shown in Figure., all the factor loadings
and correlations are now significant at p<.001. This refined
model accurately captures the underlying structure of the
variables, providing insights into the items' relationships and
the factors they represent. These four factors were termed
Programming Abilities (encompassing Theory and Concepts,
Syntax Knowledge, and Conceptual Thinking & Skills),
Analytical Skills (encompassing Critical Thinking and Logic
Building & Thinking), Optimization Skills, and Applications
Design. The four factors are the required Computational
Competencies for programming learners.

Rotated Factor Matrix™
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a. Rotation converged in 13 iterations.

Fig. 4. Factor Loadings of EFA

@), 124]
€2
N
®), {os] “
&) (a3} q
4 Frogramming
& 5] 45 Abilities
&)
@ FIE y
)
@) (215}
@
£1) [034]
€12 {oz]
£1) 3 s
A2
€D Q14 33
40 Analytical
€19 EIE 3 e
- Skills o
w9 o -
T [215] =
€13 az3] 5
€13 [223)
£2) 2]
£2) [219] 45 ’
% Optimization
£ [ozs] N Skills
£2)
g (5] a4 g
o Applications
5
€3 EER = Design
-5
€23

Fig. 5. Confirmatory Factor Model of JAVA Multiple-Choice Questionnaire

147

JEET



Journal of Engineering Education Transformations, Volume 39, No.2, October 2025, ISSN 2349-2473, eISSN 2394-1707

The factor labelled Programming Abilities comprised ten
items. These items encompassed questions testing the learner’s
proficiency in programming syntax, theory, and fundamental
concepts essential for writing functional codes. Analytical
Skills comprised eight items assessing the learner's application
capabilities of programming concepts logically and critically.
Optimization Skills and Applications Design factors included
three items, each assessing the programmer's aptitude for
efficient code optimization and real-world programming
challenges. Educators can develop targeted instructional
strategies and specific assessments by aligning these factors
with clearly stated learning objectives to promote the
comprehensive skill development of learners.

Further, the descriptive statistics and inter-factor correlations
are presented in Table II. As depicted in Table II, learners
achieved relatively high scores in the Programming Abilities
factor due to its foundational concepts testing items only, and
mostly all programming learners are profound in the basic
syntax and concepts. Alternatively, learners scored less in the
Optimization Skills and Applications Design factors due to
their advanced and optimization testing items. Not all
programming learners must achieve a high learning threshold
in these areas in the early stages. Moreover, the correlations
among the latent constructs, as shown in Table II, indicate the
relationships between the identified factors.

TABLE II
MEANS AND STANDARD DEVIATIONS OF THE SUM VARIABLES ON THE ITEMS
OF THE FACTORS AND CORRELATIONS BETWEEN THE LATENT CONSTRUCTS

Criteria Mean SD PA AS oS AD
Abities (b, 2968 6364 -

/S%l?iéllllzt(izasl) 2194 5167 0.79 -

(s)lf’it]ilrsnég‘g)on 744 2742 088 0.62 ]
ggfil;;a&gs) 49 2.71 096 088  0.65 -

D. Internal Structural Aspect: Item Analysis

Table III presents the fit statistics for the latent factors
extracted in the factor analysis step. As shown in Table III, all
items exhibit infit and outfit MNSQ values within the
acceptable range of 0.60-1.40 (Wright & Linacre, 1994). This
means that all the items will discriminate all the factors.

Q8 0.4 114 113 0.73
Q9 2033 0.98 1 0.73

Qll -0.46 105 094 0.73

Q12 -0.79 103 0.84 0.73

Q13 0.07 099 088 0.72

Ql6  -1.30 082 076 0.74

Q17 -0.26 098 092 0.73

Q4 035 104 101 0.71

Q2 -0.05 092 098 0.64

Q6 027 104  1.03 0.63

Ql4  -031 102 093 0.65

Analytical QI8  -0.72 104 1.00 0.65
Skills Q19  -0.64 100 1.05 0.64
Q3 052 106 1.06 0.62

Q5 -097 099 088 0.63

Q26 049 121 133 0.64

o Q0 037 1 1 0.68
(S)lfitl‘l‘?‘za“o“ Q29 -0.70 1 1 0.62
Q5 062 1 1 0.66

o Q5 1.07 1 1 0.69
gepg’il;f“"ns Q32 -0.19 1 1 0.66
Q3 006 1 1 0.65

E. Relations to the JAVA Final Exam Marks of Learners

A correlation and regression analysis has been conducted
using IBM SPSS 20 to examine the relationship between the
latent factors and JAVA final exam marks. The findings are
summarized in Table IV.

According to the results shown in Table IV, the correlations
between the factors and final exam marks are almost moderate.
The factors of Programming Abilities, Analytical Skills, and
Optimization Skills exhibited a significant positive correlation
of 0.353 (p<0.001), 0.365 (p<0.001), and 0.210 (p<0.001)
respectively with the final exam marks. This indicates that the
learners who possess these skills in programming tend to
achieve high scores in the final programming examination. The
factor — Applications Design exhibits a negligible correlation of
0.010 with the final exam marks. However, this correlation was
not statistically significant (p = 0.862), revealing no substantial
relationship between this factor and final marks. This result is
justified since the final programming examination focuses more
on assessing the essential and conceptual competencies, and
Applications Design factor focuses on higher-level
programming constructs and application building.

A deeper understanding of the association between the JAVA
final exam marks and the factors is carried out by Linear
Regression analysis, as shown in Table IV. The aim is to predict
the final exam marks based on the four factors. As shown in
Table IV, Programming Abilities and Analytical Skills exhibit
a beta coefficient of 0.247 (p = 0.001) and 0.232 (p < 0.001),
respectively, which indicates that these two factors had a
statistically significant positive impact on the predicted final
exam marks. Applications Design also expected the final exam
marks, but with less impact (beta coefficient = 0.126 with p <

TABLE I 0.05). However, Optimization Skills yielded a beta coefficient

ITEM FIT STATISTICS FOR THE QUESTIONNAIRE INSTRUMENT of 0.043 with p = 0.467, which was not statistically significant.

. it outit Cflnk})]acgs This indicates that this factor did not significantly impact the

Dimension Na Measure 1\?11118Q M;SIQ . predicted final exam marks. This model explained 18.2% of the

Deleted  variance in the predicted final exam marks (R? = 0.182).

Programming Q4 -0.97 0.97 0.92 0.74 To further understand the role of these factors and the impact

Abilities Q7 -0.38 1.11 1.14 0.71
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of adaptable rubrics on learning outcomes, this study could
further extend towards longitudinal analysis and deeper
exploration of relationship between final marks and refined
rubric criteria. It is essential to reveal how these factors
influence learners” advanced programming skills and
professional competencies over a period of time. In addition,
including project-based evaluations in modern assessment
practices may offer a profound comprehensive understanding
of the role of higher-order skills such as Applications Design
and Code Optimization. These adjustments help enhance the
applicability and efficiency of adaptable rubrics in the
programming domain.

TABLE IV
CORRELATIONS AND REGRESSION ANALYSIS BETWEEN JAVA FINAL EXAM
MARKS AND SCORES OF THE LATENT FACTORS

Correlations  Regression Analysis
B (S.E.) P R?

Programming 0.353

Abilities (p<0.001) 0.247 0.001

Analytical 0.365

Skills (p<0.001) 0.232 0.000
Optimization 0.210 0.182
Skills (p<0.001) 0.043 0.467
gpp.l“‘a“ons 0.010 0.126 0.025

esign

F. Rubric Adaptation

A comprehensive JAVA rubric was formulated in the initial
phases of this study comprising seven distinct factors - Theory
and Concepts, Syntax Knowledge, Conceptual Thinking &
Skills, Critical Thinking, Logic Building & Thinking,
Optimization Skills & Complexity, and Applications Design.
This rubric was built to align the course outcomes of JAVA
with experts' opinions. Subsequently, this rubric was utilized to
assess a JAVA multiple-response-based questionnaire of 35
items using a partial grading scheme. This assessment process
generated initial rubric scores encompassing various
programming skills and conceptual proficiencies.

The partial grading scores of students were then subjected to
factor analysis to identify further the potential latent factors
present in the data of learners' responses. The factor analysis
resulted in four significant factors: the refinement of the initial
seven-factor rubric. These four factors (Programming Abilities,
Analytical Skills, Optimization Skills, and Applications
Design) were the required computational competencies for any
comprehensive programming curriculum. This transformation
from an extensive rubric to a comparatively concise set of
factors, driven by the statistical examination of learners'
responses, is the process of rubric adaptation, which captures
the core competencies that influence learners' performances in
the computer programming domain.

This work highlighted rubric development's dynamic nature
through the iterative rubric adaptation and statistical analysis
process. The findings emphasized the potential of rubrics not
only as a mere assessment tool but also to assist in refining and
adapting itself and pedagogical approaches. Using various

statistical analysis tools and techniques, rubrics may evolve to
precisely capture the desired core competencies in a particular
domain, thereby effectively enhancing the quality and
relevance of educational assessments. Currently, existing
programming assessment tools often emphasize final outputs or
specific coding tasks, whereas the adapted rubric in this work
assesses a broader range of programming competencies and
provides meaningful levelled feedback assessing the
knowledge attainment by the student.

VI. DISCUSSION

The first research question (RQ1) inquired about the
competencies in programming emerging from a comprehensive
analysis of rubric results and objective assessments. Initially, a
basic JAVA rubric possessing seven factors (Theory and
Concepts, Syntax Knowledge, Conceptual Thinking & Skills,
Critical Thinking, Logic Building & Thinking, Optimization
Skills & Complexity, and Applications Design) has been
designed concerning the course outcomes and experts’ insights
to address this RQ1. Further analysis of this rubric-based
assessment provided profound insights into learners'
computational strengths and challenges. The descriptive
statistics of rubric scores revealed that Syntax Knowledge was
easier to gain than all the other criteria. Learners also performed
well in conceptual, critical, and logical thinking criteria. They
faced challenges in application design and Code Optimization.
Learners' varying programming stages influenced the disparity
in performance across all rubric criteria. The general
competency in understanding syntax and applying core
concepts was uniform across the cohort. These observations
divulged the dynamic nature of programming education,
shaping the computational competencies of learners based on
their exposure and proficiency levels in various programming
aspects. This initial exploration results in a broader set of
computational competencies, setting the stage for subsequent
analysis into the learners' performances and their impact on
outcomes that finally influence programming achievements.

The second research question (RQ2) focussed on the factor
structure results of the JAVA assessment items. The statistical
analysis of JAVA questionnaire items offered interesting
observations into their relationships. EFA and CFA models
identified four significant factors: Programming Abilities,
Analytical Skills, Optimization Skills, and Applications
Design. These factors encapsulate the desired computational
competencies for programming learners. The descriptive
statistics and inter-factor correlations yielded similar results to
the preliminary seven-factor rubric scores. Learners achieved
high scores in Programming Abilities and Analytical Skills
owing to their foundational and concept application-based
items. However, Optimization Skills and Applications Design
yielded lower scores, reflecting the complexity of advanced and
code optimization items. These observations may be explained
by the learner's priorities in different stages of their learning
process. Not all learners quickly achieve code optimization and
application designing techniques, which may be necessary to
develop high-end applications. Their primary focus is logical
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and critical thinking in programming concepts, which are
necessary for their strong foundation-building in the
programming path.

This work combines the classical test theory and Item-
Response theory (CFA and Rasch Analysis) to enhance the
validity structure of the instrument. Rasch analysis further
confirmed the best-fitting model obtained from CFA. A
regression model was built based on this validated instrument.

The third research question (RQ3) queried the associations
between the modified rubric scores and JAVA programming
examination marks. The correlation between the factors and
final exam marks was moderate. Programming Abilities,
Analytical Skills, and Optimization Skills exhibited significant
positive correlations with the final marks, whereas Applications
Design manifested an insignificant negligible correlation with
the final marks. This observation validates the previous
anticipation of prioritizing foundational concepts over higher-
order ones. Linear regression analysis predicted the JAVA final
exam marks based on the four latent factors. The results
anticipated that Programming Abilities and Analytical Skills
significantly influenced the predicted final marks. Applications
Design also predicted the final exam marks but with less
significant impact, and Optimization Skills were not
statistically significant in predicting final exam marks. All the
factors predicted 18.2% of the variance in JAVA final exam
marks.

Finally, the rubric was transformed from a seven-factor
preliminary structure to a four-factor concise structure
representing programming learners' prominent computational
competencies. This adaptive rubric may be used to predict the
programming areas where learners need to improvise in the
educational assessments. This iterative rubric formation assists
educators in developing a robust rubric structure measuring the
required competencies in outcome-based education. The
distinctiveness of this rubric lies in its adaptability which
ensures its relevance across various programming languages,
other educational scenarios, and different skill levels, thereby
making it a versatile tool for promoting and evaluating
computational competencies in diverse contexts.

CONCLUSION

Technology is evolving rapidly, demanding that education
systems worldwide adapt their methodologies and approaches
to meet new challenges. Extracting computational skills with
valid, comprehensive rubric-based assessment strategies
encourages progressive and outcome-based learning.

One of the aims of this study is to investigate the
computational competencies and skills demonstrated by the
learners through a comprehensive analysis of adaptable rubric
results and objective assessment in computer programming.
These skills can be identified by inspecting the patterns, trends,
and performance indicators present in the data.

This study initially designed an essential JAVA rubric,
considering course outcomes and experts' opinions. Based on
this rubric, an objective assessment has been prepared.
Subsequent factor analysis of the assessment scores revealed

four significant factors: Programming Abilities, Analytical
Skills, Optimization Skills, and Applications Design. These
factors encapsulate the overall programming competencies and
reflect each level of learning, from grasping foundational
concepts to unravelling complex coding challenges. Educators
can design their teaching strategies and pedagogies by focusing
on targeted and relevant programming skills of learners as per
their learning capabilities. This adapted and refined rubric
structure aligns assessment practices with learning objectives,
assisting educators to identify and address skill gaps efficiently.
It also reflects the interconnectedness of learners' specific
competencies, leading to personalized learning paths.

The correlations between the identified factors and JAVA
final exam marks unveiled that programming abilities and
analytical skills are pivotal in shaping learners' programming
prowess. Regression analysis also reveals that these factors
emerged as robust predictors of final exam performance,
emphasizing their role in determining academic success.

This study also highlights the importance of objective
assessment techniques in programming education. Educators
can gain deeper insights into students' problem-solving
abilities, critical thinking skills, and overall programming
competence by utilizing rubrics in objective exams, primarily
via a partial grading mechanism. This comprehensive
evaluation enhances the effectiveness of objective assessments
in programming education and promotes the development of
well-rounded programming professionals.

This research focuses on bridging the gap between
theoretical frameworks and practical implementation by
developing, validating and applying adaptable rubrics, thereby
contributing to solving the assessment challenges in
programming education and computational skills. Educators
may utilize the rubric to design formative and outcome-based
assessments resulting in immediate feedback on key
computational abilities of the learner. The refined rubric may
be integrated into the learning management systems for
automated and targeted evaluations of programming
assessments. Further, policymakers may adopt the strategy to
build refined and adapted rubric as a standard procedure for
effective evaluations of programming proficiencies across
institutions, ensuring uniformity and orientation with the
industry demands.

The future scope of this research study includes the
longitudinal analysis of the evolvement of competencies over
time and their impact on learners' long-term success in the
programming domain using adaptable rubrics. Further,
experimenting with the rubric refinement process across other
programming languages, such as Python, C++, Javascript, and
other diverse contexts, helps to reveal how the computational
competencies of learners adapt to different educational
scenarios. For instance, the Programming Abilities criterion can
be utilized for language-specific features such as the
indentation rules of Python or the Applications Design criterion
can be expanded to assess web application developments in
JavaScript. Furthermore, the adapted rubric framework could
be utilized to evaluate computational thinking patterns in non-
programming contexts as well such as data analytics, system
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design, or software testing by focusing on logic, abstraction
details, and other suitable criteria. Additionally, sharing the
refined rubric with the learners enable them to monitor their
learning levels and skill gaps accordingly which leads to further
enhancement in their learning outcomes.
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