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ABSTRACT

This study presents a quantitative structural evaluation of undergraduate data science curricula across
Indonesian universities using a compositional modeling approach. Existing competency frameworks
identify essential domains in data science education, yet limited empirical research evaluates how these
competencies are proportionally structured across institutions. Using course-level curriculum data
collected from 37 undergraduate programs, courses were mapped into five competency domains:
programming, statistical foundations, machine learning, applied practice, and ethics. Each curriculum
was operationalized as a normalized compositional competency vector and analyzed using the
Curriculum Structural Balance Index (CSBI), a distance-based metric that measures proportional
structural imbalance across competency domains. Hierarchical clustering was further applied to identify
recurring curriculum typologies. The findings reveal a consistent structural pattern characterized by
strong concentration in programming and statistics, moderate variation in machine learning, and limited
integration of applied practice and ethics. This recurring configuration, identified as a Foundational-
Dominant model, indicates that current programs prioritize technical consolidation over
interdisciplinary integration. Unlike conventional curriculum evaluation approaches that primarily
assess competency presence or coverage, the proposed CSBI framework quantitatively evaluates
proportional competency balance and enables systematic comparison of curriculum structures across
institutions. The study contributes a measurable and replicable analytic approach for evaluating
interdisciplinary curriculum architecture in higher education.
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1. INTRODUCTION

Data science has rapidly institutionalized as an academic field in response to expanding
industry demand for professionals capable of extracting insight from complex data (Donoho, 2017;
Harden, 2001). As an inherently interdisciplinary field integrating statistics, computing,
mathematics, and domain expertise, data science presents distinct challenges in curriculum
design (De Veaux et al., 2017; National Academies of Sciences, Engineering, and Medicine, 2018).
Recent studies highlight the rapid expansion of data science education alongside advances in
artificial intelligence and data technologies, while emphasizing unresolved questions regarding
competency definition, proportional emphasis, and curriculum coherence (Avila-Garzon & Bacca-
Acosta, 2025; Fadillah et al,, 2025). Universities must therefore determine not only which
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competencies to include, but how to structure and balance technical, applied, and governance
components within a coherent program architecture (Li & Yu, 2022; Smaldone et al., 2022).

To guide curriculum development, several international frameworks have articulated core
competency domains. The ACM Data Science Task Force (2021) emphasizes programming, data
management, and modeling within computing-oriented curricula, while the National Academies
of Sciences, Engineering, and Medicine (2018) provide a broader interdisciplinary vision for
undergraduate data science education. The EDISON Data Science Framework (2017) further
operationalizes competencies into structured bodies of knowledge to support curriculum
mapping and design. Despite these advances, comparative analyses show limited international
consensus on how competencies should be prioritized or structured within curricula (Schmitt et
al,, 2025). More importantly, existing frameworks define which competencies should be included
but provide limited methodological guidance for quantitatively evaluating how these
competencies are proportionally distributed and structurally balanced across programs.

Beyond formal frameworks, discipline-rooted scholarship has shaped the intellectual
foundations of data science as an academic field. Donoho (2017) conceptualizes data science as
an extension of computational statistics grounded in empirical workflows, while Hardin et al.
(2015) emphasize the integration of programming, data acquisition, and modern data practices
in undergraduate education. De Veaux et al. (2017) translate these principles into curriculum
guidelines that integrate statistics, computing, and domain context within a coherent program
structure. Collectively, these contributions underscore that data science education should
combine technical foundations, applied context, and professional responsibility. However, while
they define what should be taught, they do not address how these components are structurally
distributed within curricula.

Existing research on data science education has largely focused on pedagogical strategies,
competency descriptions, and individual program case studies (Deza & Deza, 2016; Harden, 2001).
Reviews of the field highlight the predominance of descriptive and case-based approaches, with
limited application of quantitative methods for analyzing curriculum structure across institutions
(Deza & Deza, 2016; Dogucu et al., 2024). While curriculum mapping approaches have been used
to identify where competencies are taught (Worden & Bray, 2025), these methods typically assess
presence rather than proportional emphasis, limiting their ability to compare structural
configurations across programs.

A related body of work highlights persistent challenges in integrating applied practice and
ethics/governance within data science curricula (Borenstein & Howard, 2021; Nguyen et al,,
2023). Studies show that undergraduate programs often prioritize computing and statistical
foundations while allocating less structural emphasis to ethics and domain context (Oliver &
McNeil, 2021). Even when these domains are included, their integration is often limited or
compartmentalized (Baumer et al., 2022; Colando & Hardin, 2024). This reinforces a critical
limitation: the presence of a competency does not guarantee its meaningful structural integration
within a curriculum (Borenstein & Howard, 2021; Holmes et al., 2022).

Taken together, the literature demonstrates broad agreement regarding the core competency
domains required in data science education, yet a significant methodological gap remains in how
curriculum structures are evaluated across institutions. Existing competency frameworks
primarily identify which competencies should be included, while curriculum mapping approaches
generally assess competency presence or coverage rather than proportional structural
distribution. As a result, limited quantitative methods exist for evaluating how competencies are
compositionally organized, balanced, or concentrated within curriculum architectures across
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programs. This limitation is particularly important in interdisciplinary fields such as data science,
where curriculum quality depends not only on competency inclusion but also on the proportional
relationship among technical, applied, and ethical domains.

Conceptually, this study positions curriculum as a compositional system in which competency
domains function as interdependent structural components whose proportional distribution
shapes the overall curriculum architecture. From this perspective, compositional analysis
provides an appropriate analytical framework for evaluating curriculum balance and structural
concentration across institutions. This gap is especially relevant in emerging higher education
systems, where institutional capacity, disciplinary heritage, and resource constraints may
influence curriculum design in distinctive ways (Li & Yu, 2022). Indonesia provides a useful
context for examining these dynamics as undergraduate data science programs continue to
expand nationally while adapting global competency expectations to local academic conditions.
However, systematic evidence remains limited regarding how Indonesian universities
proportionally structure core data science competencies and whether recurring structural
patterns emerge across institutions.

This study addresses this gap by conducting a multi-institutional structural evaluation of
undergraduate data science-related programs across Indonesian universities. Courses are
mapped to five core competency domains derived from internationally recognized frameworks
(ACM Data Science Task Force, 2021; De Veaux et al., 2017; EDISON Data Science Framework,
2017; National Academies of Sciences, Engineering, and Medicine, 2018), and each curriculum is
operationalized as a compositional competency vector. Using distance-based metrics and
clustering analysis, the study enables quantitative comparison of proportional emphasis across
programs. To support this evaluation, the study introduces the Curriculum Structural Balance
Index (CSBI), which measures the degree of structural balance by quantifying deviation from an
equal distribution of competency domains. Accordingly, this study addresses the following
research questions: (1) how are core data science competencies proportionally distributed across
undergraduate curricula in indonesian universities? (2) what structural patterns of curriculum
configuration emerge across institutions? (3) which programs exhibit more balanced competency
structures, and which show structural concentration? and (4) how do observed competency
distributions align with internationally articulated data science competency frameworks?

By operationalizing curriculum as a compositional competency system and applying distance-
based comparison and clustering techniques, this study moves beyond descriptive curriculum
mapping toward quantitative structural evaluation. The proposed framework enables systematic
detection of concentration patterns and recurring curriculum typologies across institutions, and
provides areplicable approach for analyzing curriculum architecture in interdisciplinary program
design.

2. METHODS
2.1 Research Design

This study adopts a quantitative structural evaluation design in which curriculum is
conceptualized as a compositional system. Rather than treating programs as narrative
descriptions of course content, each curriculum is modeled as a measurable distribution of
competency domains. This approach enables systematic comparison of curriculum structures
across institutions and supports quantitative evaluation of structural balance. Competency
domains were derived from internationally recognized data science curriculum frameworks,
including ACM Data Science Task Force (2021), the National Academies of Sciences, Engineering,
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and Medicine (2018) report, and the EDISON Data Science Framework (2017). These frameworks
provide domain taxonomies but do not prescribe proportional allocation across domains. In this
study, they serve as definitional references for domain construction rather than normative
weighting standards. Each curriculum C; is represented as a compositional competency vector:

Ci = (Pi1, Piz) Piz» Pia» Dis) (1

where p;;denotes the normalized proportion of required coursework allocated to competency
domain j, and:

Foapi =1 (2)

The five domains are Programming and Data Handling, Statistical Foundations, Machine
Learning and Data Mining, Applied Data Practice, and Ethics and Governance. This representation
allows curriculum structures to be analyzed within a metric space of proportional distributions.
An equal-weight benchmark vector is defined as:

B =(0.2,0.2,0.2,0.2,0.2) (3)

to enable quantitative evaluation of curriculum structure, this study introduces the Curriculum
Structural Balance Index (CSBI), which measures the degree of proportional deviation between
each program’s competency distribution and a neutral equal-weight benchmark. Lower CSBI
values indicate more proportionally balanced distributions, while higher values indicate stronger
structural concentration in selected domains. The detailed calculation and methodological
justification are presented in the quantitative structural comparison subsection.

2.2 Data Collection and Sample Selection

Data were collected from publicly available institutional sources, including official program
websites, curriculum structures, course catalogs, and published course descriptions. Data
collection was conducted between December 2025 and January 2026 from Pangkalan Data
Pendidikan Tinggi (PDDikti) website. Programs were included if they: (1) offered a standalone
undergraduate data science degree or a formally designated data science track within a related
discipline (e.g., computer science, informatics, statistics); (2) included at least three data science-
related courses; and (3) addressed a minimum of three core competency domains.

Elective courses were excluded to ensure comparability based on required curricular
structure. An initial screening identified 83 programs explicitly designated as Data Science or
formally structured as data science tracks. Of these, 37 programs met the inclusion criteria,
comprising 27 private universities and 10 public institutions. Figure 1 presents a donut chart
showing the proportion of private and public institutions, while Figure 2 displays a bar chart of
program distribution across provinces.
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Figure 1. Distribution of Data Science Programs by Institution Type
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Figure 2. Distribution of Data Science Programs Across Provinces

The unit of analysis was the required course. Each required course was treated as a structural
component contributing to the competency distribution of its respective program. This sampling
approach ensures that all included programs meet a minimum threshold of disciplinary relevance
while preserving comparability across institutional contexts. Courses were mapped to five core
competency domains: Programming and Data Handling, Statistical Foundations, Machine
Learning and Data Mining, Applied Data Practice, and Ethics and Governance. These domains
synthesize competency categories identified across ACM, NASEM, and EDISON frameworks.

Course classification was based on analysis of course titles and official descriptions. When a
course addressed multiple competencies, it was assigned to all relevant domains. This multi-label
coding approach captures integrative course design while preserving proportional comparability
across programs. A predefined coding rubric guided domain classification. The coding rubric was
developed to ensure consistent classification across domains, with domain definitions aligned to
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established competency frameworks. This approach reduces subjectivity in course classification
and strengthens the interpretability of the resulting competency distributions.

2.3 Quantitative Structural Comparison

For each program, the proportion of required courses associated with each competency
domain was calculated relative to total required coursework. A multi-label coding scheme was
employed to account for courses that addressed multiple competencies. Accordingly, proportions
were calculated based on total domain assignments per program rather than unique course
counts, ensuring that the resulting competency vector summed to one. To evaluate curriculum
structure, CSBI was calculated using Manhattan (L1) distance between each program'’s
competency distribution vector and the equal-weight benchmark distribution. Because
curriculum was operationalized as proportional distributions summing to one, L1 distance
provides a direct measure of aggregate proportional deviation across competency domains (Cha,
2007). Manhattan distance was selected because it is sensitive to overall proportional deviation
while being less influenced by extreme values within individual dimensions compared with
Euclidean distance.

The equal-weight benchmark distribution was adopted as a neutral reference condition rather
than a normative model of ideal curriculum design. This approach enables consistent comparison
of structural concentration and balance across institutions without imposing framework-specific
weighting assumptions. Alternative approaches such as entropy-based measures or weighted
models were not employed because the study focuses on interpretable proportional deviation
rather than probabilistic dispersion or predefined normative weighting schemes.

Pairwise Manhattan distances were further computed to assess structural similarity across
programs. The resulting distance matrix was analyzed using hierarchical clustering with average
linkage to identify recurring curriculum typologies based on shared proportional competency
distributions (Everitt et al.,, 2011). To improve procedural clarity and reproducibility, the overall
analytical workflow was organized into four sequential stages. The research procedure consisted
of four stages:

a. Identification and selection of undergraduate data science-related programs based on

predefined inclusion criteria;

b. Collection of curriculum documents and course descriptions from publicly available

institutional sources;

c. Classification of required courses into five competency domains using the predefined

coding rubric and construction of normalized compositional competency vectors;

d. Quantitative analysis using CSBI calculation, pairwise Manhattan distance comparison,

and hierarchical clustering to identify structural patterns across institutions.

2.4 Reliability and Validity

Course classification was conducted using a predefined coding rubric aligned with established
competency frameworks, including ACM Data Science Task Force (2021), the EDISON Data
Science Framework (2017), and the National Academies of Sciences, Engineering, and Medicine
(2018). Domain definitions and classification criteria were explicitly operationalized prior to
coding to ensure consistency across programs. To strengthen classification reliability, the coding
process followed a rule-based audit procedure in which ambiguous courses were iteratively
reviewed using course descriptions, learning objectives, and domain indicators specified in the
rubric. Repeated consistency checks were conducted throughout the coding process to ensure
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stable classification decisions across institutions. Multi-label assignment was applied when
courses addressed multiple competency domains, reducing the risk of forced single-domain
categorization in interdisciplinary coursework.

While the study employed a single-rater coding process, inter-rater reliability testing was not
applied because the analysis relied on publicly documented curriculum structures and an
explicitly rule-based domain classification rubric rather than independent subjective judgment.
To mitigate potential classification bias, the coding process incorporated systematic coding audits,
repeated consistency checks, and iterative review of ambiguous cases using course descriptions,
learning objectives, and predefined domain indicators. These procedures strengthened the
transparency, objectivity, and reproducibility of the competency mapping process.

3. RESULT AND DISCUSSION
3.1 Structural Distribution of Competency Domains

Analysis of required curricula across the 37 programs reveals a clear structural hierarchy of
competency domains. Programming and Data Handling and Statistical Foundations are
consistently emphasized across institutions, indicating their role as core structural components
of data science curricula. Machine Learning and Data Mining are also widely included, although
their proportional allocation varies across programs. Figure 3 presents the average and median
number of courses allocated to each competency domain. Programming and data handling exhibit
the highest representation (mean = 6.4; median = 5.0), followed by statistical foundations (mean
= 4.1), although the lower median (1.0) suggests uneven distribution across programs. Machine
learning occupies a moderate position (mean = 3.7; median = 3.0), indicating relatively consistent
inclusion with varying emphasis. In contrast, applied data practice (mean = 2.5; median = 2.0) and
ethics and governance (mean = 0.6; median = 0.0) exhibit substantially lower representation.

B Average [l Median

8.0

programming_data_handling  statistical_foundations machine_learning_data_mining applied_data_practice ethics_governance

Figure 3. Average and Median Number of Courses by Competency Domain Across Programs

This distribution indicates a systematic structural imbalance in which technical domains
dominate curriculum design, while integrative components remain comparatively
underrepresented. The substantial gap between technical domains and integrative domains
suggests that curriculum emphasis remains strongly oriented toward foundational computational
competencies. In particular, the comparatively low representation of applied practice and
ethics/governance indicates that interdisciplinary integration is often treated as a secondary
structural component rather than a program-wide organizing principle. While such emphasis
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aligns with the disciplinary foundations of data science (Donoho, 2017; Hardin et al., 2015), it also
reflects a prioritization of technical consolidation over cross-domain integration

3.2 Structural Balance and Concentration (CSBI)

To evaluate structural balance, CSBI was computed as the Manhattan (L1) distance between
each program’s competency distribution and the benchmark distribution. Figure 4 demonstrates
a moderately right-skewed distribution of CSBI values, indicating that structurally concentrated
curricula are more prevalent than highly balanced configurations across institutions. Most
programs are distributed within the mid-range interval (approximately 0.6-0.9), suggesting
recurring patterns of moderate concentration rather than extreme specialization. Only a limited
number of programs exhibit relatively low CSBI values, indicating more proportionally
distributed competency structures. Conversely, the upper tail of the distribution reflects a smaller
subset of institutions with strong structural concentration, particularly in programming and
statistical foundations.

1.4

1.2 1

1.0+

0.8

0.6

0.4 4
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Figure 4. Distribution of CSBI Values Across Programs

Programs with lower CSBI values exhibit more evenly distributed competency structures,
while higher values indicate stronger concentration in selected domains. These patterns suggest
that while variation exists across programs, curriculum architectures tend to converge toward a
shared foundational emphasis rather than highly diverse structural configurations. Importantly,
these results quantify structural imbalance rather than merely describing it, enabling direct
comparison of curriculum configurations across institutions. This extends prior descriptive
analyses of data science education Deza & Deza (2016) by introducing a measurable framework
for evaluating curriculum structure.
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3.3 Structural Typologies and Clustering Patterns

Hierarchical clustering based on Manhattan distance matrices reveals the presence of distinct
curriculum typologies across institutions (Figure 5). Using average linkage, programs group into
clusters that reflect shared structural emphasis patterns rather than random variation.

1

0.8 4

0.6

0.4 4

0.2 4

0.0
S T A T N e A L T e e T T TR

Figure 5. Hierarchical Clustering Dendrogram of Curriculum Structures

Three structural configurations emerge. The first cluster represents relatively balanced
curricula with distributed competency emphasis. The second cluster reflects moderately
concentrated structures, combining strong foundational emphasis with partial integration of
applied domains. The third cluster exhibits highly concentrated configurations, where
programming and statistical foundations dominate with minimal representation of applied
practice and governance. These patterns demonstrate that curriculum structures are not
randomly distributed across institutions but instead converge toward recurring proportional
configurations characterized by varying degrees of structural concentration. This supports the
identification of a Foundational-Dominant model as the prevailing structural pattern across
programs.

The clustering results further clarify the structural meaning of CSBI values across programs.
Programs with lower CSBI values tended to cluster within more proportionally distributed
curriculum configurations, indicating relatively balanced competency allocation across domains.
In contrast, programs with higher CSBI values were more frequently associated with clusters
characterized by strong concentration in programming and statistical foundations. This
relationship indicates that CSBI not only measures individual structural imbalance but also
contributes to distinguishing recurring curriculum typologies across institutions. Accordingly, the
integration of CSBI and clustering analysis enables identification of both the degree and the
structural pattern of curriculum concentration within undergraduate data science programs.
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3.4 Interpretation: The Foundational-Dominant Model

The combined evidence from domain distribution, CSBI analysis, and clustering indicates that
undergraduate data science curricula converge toward a Foundational-Dominant structural
model. This configuration is characterized by: (1) high proportional emphasis on programming
and statistics; (2) consistent but variably weighted inclusion of machine learning; (3) limited
structural integration of applied practice; and (4) compartmentalized treatment of ethics and
governance. This pattern reflects strong technical consolidation but comparatively weak cross-
domain integration. While foundational emphasis supports disciplinary grounding and aligns
with established frameworks, excessive concentration may constrain the development of
integrative competencies required for real-world data problem-solving.

3.5 Structural Integration Challenges: Applied Practice and Ethics

The underrepresentation of applied practice and governance domains reflects a broader
challenge in data science education. International frameworks emphasize the importance of
integrating applied and ethical dimensions throughout curricula (De Veaux et al,, 2017; National
Academies of Sciences, Engineering, and Medicine, 2018), yet empirical evidence shows these
domains are often structurally marginalized (Oliver & McNeil, 2021). The present findings
reinforce this pattern. Applied components are frequently positioned at later stages of programs,
limiting iterative reinforcement, while ethics is typically treated as a standalone component
rather than embedded across technical courses. As prior studies suggest, meaningful integration
requires program-wide embedding rather than isolated inclusion (Baumer et al., 2022; Colando &
Hardin, 2024). The issue is therefore not the absence of these domains, but their structural
positioning. This affects how students experience interdisciplinarity, with technical competencies
developed early and integrative competencies introduced later or peripherally.

The findings of this study are consistent with prior research indicating that undergraduate
data science curricula tend to prioritize computational and statistical foundations over applied
and ethical integration. Previous studies have similarly reported that programming, statistics, and
machine learning frequently dominate curriculum structures, while ethics and interdisciplinary
application receive comparatively limited emphasis (Oliver & McNeil, 2021; Baumer et al., 2022).
The present study supports these observations while extending existing research through
quantitative structural evaluation across institutions rather than descriptive curriculum mapping
alone. Unlike earlier studies that primarily examined competency presence or pedagogical
approaches, the current findings demonstrate how proportional concentration patterns
systematically recur across curriculum architectures. This suggests that the imbalance identified
in prior literature is not only curricular but also structural in nature.

3.6 Institutional Drivers of Curriculum Structure

Clustering patterns further suggest that institutional context influences curriculum structure.
Programs embedded within computing-oriented departments tend to exhibit stronger
concentration in programming and machine learning, consistent with computing-driven
frameworks (ACM Data Science Task Force, 2021). In contrast, programs with interdisciplinary or
business orientation display relatively more distributed profiles, although integration of
governance remains uneven. These findings indicate that curriculum structure is shaped not only
by pedagogical considerations but also by institutional capacity, disciplinary heritage, and
resource allocation. In emerging higher education systems, such factors may strongly influence
which competencies are structurally emphasized.
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3.7 Implications for Curriculum Design

The findings suggest three directions for curriculum design. First, applied learning should be
integrated progressively across multiple semesters rather than concentrated at the end of
programs. Second, ethical reasoning should be embedded within technical coursework instead of
isolated in standalone modules. Third, institutions should adopt periodic structural evaluation
using competency-distribution metrics such as CSBI to assess curriculum balance. Overall, while
strong foundational emphasis provides technical robustness, proportional distribution
determines how interdisciplinarity is experienced throughout the curriculum. Structural
evaluation therefore complements existing competency frameworks by revealing patterns of
emphasis not captured through coverage-based analysis (Hsu, 2024).

4. CONCLUSION

This study demonstrates that undergraduate data science curricula in Indonesian universities
exhibit recurring patterns of structural concentration when evaluated as compositional
competency systems. Across institutions, programming and statistical foundations consistently
dominate curriculum structures, while applied practice and ethics/governance remain
comparatively underrepresented. The clustering results further reveal that these distributions
are not institution-specific anomalies but recurring structural configurations shared across
programs. The findings support the identification of a Foundational-Dominant curriculum model
characterized by strong emphasis on technical foundations combined with limited proportional
integration of interdisciplinary and professional competencies. Theoretically, this study
contributes by conceptualizing curriculum as a compositional system in which competency
domains function as interdependent structural components rather than isolated content
categories. Through the introduction of the Curriculum Structural Balance Index (CSBI), the study
further provides a quantitative framework for evaluating proportional curriculum balance and
structural concentration across institutions.

The results suggest that curriculum quality in interdisciplinary fields depends not only on
competency inclusion but also on how competencies are proportionally distributed throughout
program structures. Accordingly, curriculum developers should move beyond additive
curriculum design approaches toward more integrated proportional models. Applied learning
components should be distributed progressively across multiple semesters rather than
concentrated at the end of programs, while ethical and governance competencies should be
embedded within technical coursework through cross-subject integration strategies. Institutions
may also use CSBI-based evaluation periodically to assess curriculum balance and identify
structural concentration patterns during curriculum revision processes. Several limitations
should be acknowledged. The study evaluates intended curriculum structures derived from
publicly available documentation and does not assess instructional implementation, pedagogical
quality, or student learning outcomes. Future research should therefore extend this framework
through longitudinal analysis, cross-national comparison, and outcome-based evaluation linking
curriculum structure with graduate competencies and professional readiness.
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