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Resumo
This article explores the development and
application of composite indexes as tools for
simplifying and synthesizing complex insti-
tutional data within Higher Education Ins-
titutions (HEIs). By condensing multiple
performance, growth, and success indica-
tors into structured indexes, the approach
enhances the interpretability of multidimen-
sional datasets. These indexes are then inte-
grated with Support Vector Machine (SVM)
classifiers to identify institutional patterns
and classify institutions into distinct stra-
tegic categories. The study highlights how
this combination not only strengthens the
predictive capacity of machine learning mo-
dels but also provides clearer insights for
top management. Ultimately, the integra-
tion of composite indexes with SVM mo-
dels demonstrates a significant potential to
support evidence-based strategic decision-
making, offering HEIs a robust analytical

framework for aligning institutional performance with long-term development ob-
jectives.

Palavras-chave: Strategic Decision-Making. Higher Education. Composite Inde-
xes. SVM Machine Learning. Morocco.
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Abstract
Este artigo explora o desenvolvimento e a aplicação de índices compostos como
ferramentas para simplificar e sintetizar dados institucionais complexos em Institui-
ções de Ensino Superior (IES). Ao condensar múltiplos indicadores de desempenho,
crescimento e sucesso em índices estruturados, a abordagem amplia a interpretabi-
lidade de conjuntos de dados multidimensionais. Esses índices são então integrados
a classificadores de Support Vector Machine (SVM) para identificar padrões insti-
tucionais e classificar as instituições em categorias estratégicas distintas. O estudo
destaca como essa combinação não apenas fortalece a capacidade preditiva dos mo-
delos de aprendizado de máquina, mas também fornece percepções mais claras para
a alta gestão. Em última instância, a integração de índices compostos com modelos
SVM demonstra um potencial significativo para apoiar a tomada de decisão estraté-
gica baseada em evidências, oferecendo às IES uma estrutura analítica robusta para
alinhar o desempenho institucional com os objetivos de desenvolvimento de longo
prazo.

Keywords: Tomada de Decisão Estratégica. Ensino Superior. Índices Compostos.
Aprendizado de Máquina SVM. Marrocos.
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INTRODUCTION

Higher Education Institutions (HEIs) today operate in increasingly complex
and competitive environments, where strategic management requires balancing re-
source allocation, institutional performance evaluation, and stakeholder satisfaction.
These institutions face mounting pressures to expand student access, improve edu-
cational quality, and respond to evolving labor market demands while maintaining
financial sustainability and accountability (Altbach, Reisberg, & Rumbley, 2009).
In such a context, effective management cannot rely solely on intuition or tradition;
it must be informed by rigorous, data-driven approaches. As noted by Brynjolfsson
and McElheran (2016), organizations that adopt systematic data analysis in their
decision-making processes significantly outperform those that rely on conventional
methods.

The challenge, however, lies in the inherent heterogeneity and multidimensi-
onality of HEI data, which encompasses academic performance, institutional effici-
ency, research productivity, and stakeholder perceptions. Managing such diverse in-
formation often overwhelms decision-makers and obscures meaningful insights (Ket-
tunen, 2015). To overcome this limitation, composite indexes have emerged as valu-
able tools, as they allow for the aggregation of multiple indicators into a simplified
yet comprehensive representation of institutional performance and growth (Nardo
et al., 2008). By condensing complexity into structured measures, these indexes fa-
cilitate comparability across institutions and enhance the interpretability of trends
relevant to strategic management.

Still, even when aggregated into indexes, the complexity of institutional data
requires advanced analytical methods to reveal underlying patterns and strategic
positioning. Traditional descriptive analyses are often insufficient for this purpose.
Machine learning techniques, particularly Support Vector Machines (SVMs), offer
robust capabilities for handling multidimensional data and achieving high predic-
tive accuracy (Cortes & Vapnik, 1995). When combined with composite indexes,
SVM classifiers can provide decision-makers with a clearer mapping of institutional
identities, enabling more precise categorization of HEIs and supporting long-term
planning. This integration responds directly to the growing demand for evidence-
based governance in higher education systems (Salmi, 2009).

The purpose of this study is to build on these developments by proposing a
structured framework for formulating composite indexes tailored to HEIs, encompas-
sing dimensions of academic success, institutional performance, and growth capacity.
Furthermore, it aims to demonstrate how SVM classifiers can leverage these indexes
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to generate reliable classifications that improve the clarity and robustness of stra-
tegic insights. By uniting the strengths of composite indexes and machine learning,
this research seeks to contribute to more effective strategic management in HEIs,
particularly in contexts where data complexity presents significant challenges.

LITERATURE REVIEW

Strategic Management in HEIs

Strategic management in Higher Education Institutions (HEIs) encompasses
the systematic planning and coordination of academic, financial, and institutional
activities to achieve long-term objectives. Academic planning is central to this pro-
cess, as it ensures that teaching programs align with evolving labor market demands,
research priorities, and broader societal needs. According to Shattock (2010), uni-
versities must continuously adapt their academic offerings to remain relevant while
balancing pressures of quality assurance, accreditation standards, and international
competitiveness. Financial management constitutes another critical pillar, parti-
cularly in an era where institutions face shrinking public resources and growing
accountability requirements. Jongbloed (2015) highlights that financial strategies
increasingly involve diversification of income sources, cost-efficiency measures, and
transparent allocation of budgets to ensure sustainability. Beyond academics and
finance, institutional positioning within ranking systems has become a key driver
of strategic choices, with global rankings influencing not only student and faculty
recruitment but also government funding and partnerships (Hazelkorn, 2015).

Yet the complexity of these domains is intensified by the nature of the data re-
quired to inform them. Decision-making in HEIs must often reconcile quantitative
measures—such as enrollment statistics, graduation rates, and research output—
with qualitative inputs, including student satisfaction, stakeholder perceptions, and
institutional reputation. As Kettunen (2015) observes, the challenge lies in inte-
grating such heterogeneous evidence into coherent management strategies without
oversimplifying the underlying realities. This multidimensionality of higher educa-
tion data underscores the need for frameworks that both respect its complexity and
provide actionable insights for decision-makers.
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Composite Indexes in Higher Education

To address these challenges, composite indexes have emerged as an impor-
tant tool in higher education governance. A composite index combines multiple
indicators into a single measure, thereby offering a simplified representation of com-
plex realities. Perhaps the most visible examples are global university rankings,
such as the Times Higher Education World University Rankings and the QS World
University Rankings, which synthesize data on teaching, research, citations, inter-
nationalization, and reputation into aggregated scores (Docampo, 2013). These
rankings, while contested, have become powerful benchmarks that shape institu-
tional strategies worldwide, influencing governments, funders, and students alike
(Hazelkorn, 2015). In addition to rankings, other indexes—such as student satisfac-
tion indices—provide systematic measures of the learning environment and teaching
quality, offering valuable feedback for both institutional leaders and policymakers
(Richardson, Slater, & Wilson, 2007).

The benefits of composite indexes lie in their ability to distill diverse sets of in-
formation into a form that is accessible to a wide range of stakeholders. Nardo et al.
(2008) argue that indexes improve transparency, enable comparability across institu-
tions, and facilitate the monitoring of progress toward strategic goals. They function
as communication tools that translate complex realities into clear, actionable ben-
chmarks. However, they are not without limitations. Questions of methodological
validity such as the choice of indicators, weighting schemes, and normalization te-
chniques have long been debated in the literature (Saisana, d’Hombres, & Saltelli,
2011). Misinterpretations or over-reliance on these indexes can lead to unintended
consequences, such as the prioritization of activities that improve rankings at the
expense of other mission-critical functions. This tension highlights the need for ca-
reful design and contextual adaptation of composite indexes tailored to the unique
realities of HEIs.

Machine Learning in HEIs

Parallel to these developments, machine learning techniques have increasingly
been deployed to address the growing complexity of higher education data. Educa-
tional data mining and learning analytics have expanded rapidly as fields, offering
new methods to extract actionable insights from large and heterogeneous datasets
(Romero & Ventura, 2020). Applications include predicting student performance
and dropout risk (Kotsiantis, Pierrakeas, & Pintelas, 2007), optimizing resource
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allocation such as classroom scheduling and faculty deployment (Baker & Inven-
tado, 2014), and identifying patterns in administrative operations. These tools not
only allow for proactive interventions but also enhance institutional efficiency and
accountability.

Among the wide range of machine learning models, Support Vector Machines
(SVMs) stand out for their ability to handle high-dimensional and structured data
with strong predictive performance. First introduced by Cortes and Vapnik (1995),
SVMs work by contructing optimal hyperplanes that separate data into distinct ca-
tegories. This makes them particularly effective for classification problems, where
the goal is to categorize entities based on complex input features. In higher educa-
tion, SVMs have been applied to tasks such as predicting student success, identifying
at-risk learners, and classifying institutions based on multidimensional performance
metrics (Delen, 2010). Their flexibility in managing both structured and partially
unstructured data, combined with their robustness against overfitting, makes them
especially suitable for addressing the challenges posed by HEI datasets.

Gaps in Existing Research

While composite indexes and machine learning models have been widely dis-
cussed in the literature, their integration for strategic decision-making in HEIs re-
mains underexplored. Composite indexes are primarily used for benchmarking and
communication, whereas machine learning models are often applied to specific ope-
rational challenges such as student retention or resource allocation. Very few studies
have systematically examined how composite indexes—when employed as structured
inputs—can enhance the predictive accuracy and interpretability of machine lear-
ning models such as SVMs. As a result, there is a gap between the simplification
of complex data through indexes and the analytical power of advanced modeling
techniques.

This gap represents a promising direction for research. The integration of
composite indexes with machine learning could offer HEIs a robust analytical fra-
mework capable of bridging complexity and decision-making. By combining the
transparency and communicability of indexes with the predictive strength of SVMs,
institutions may be better equipped to classify their strategic positioning, anticipate
future challenges, and align management decisions with long-term objectives. Salmi
(2009) emphasizes that data-informed strategies are essential for building world-class
universities, and this integration could represent a practical step toward realizing
that vision in diverse higher education contexts.
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METHODOLOGY

Data Collection and Preprocessing

The data for this study is sourced exclusively from the official yearly statistics
published by the Ministry of Higher Education, Scientific Research, and Innovation.
The focus of this data collection effort is specifically on the higher education public
sector, encompassing 13 universities along with 130 associated faculties and insti-
tutions. The data spans a comprehensive 10-year period, starting from 2012 and
concluding in 2022.

The dataset is meticulously structured to include a range of essential sta-
tistical metrics pertinent to higher education institutions. These metrics consist
of:

- New Registrations per Year: This metric tracks the number of newly
enrolled students at each institution on an annual basis.

- Total Number of Students: This encompasses the overall student enroll-
ment figures across all 13 universities and their affiliated faculties and institutions.

- Number of Graduates per Year: This metric captures the yearly count
of students who successfully complete their respective academic programs and gra-
duate from their institutions.

- Number of Pedagogical and Administrative Staff: This includes data
on the total workforce within each institution, differentiating between pedagogical
(Professors) and administrative roles (Administrators and technicians).

- Occupational Capacity: This metric assesses the capacity of each ins-
titution to accommodate students and staff, providing insights into infrastructure
and resource utilization.

- Data preparation:
After the data collection process, data preparation incorporates a rigorous

preprocessing methodology to ensure data integrity and reliability. This preproces-
sing includes three distinct steps:

- Filtering: Institutions displaying inconsistencies in their statistical re-
porting or experiencing operational disruptions are carefully filtered out from the
dataset. This step results in a refined dataset focusing on 105 institutions with
consistent and reliable data.

- Data Cleaning: The cleaning phase involves a meticulous review of the
dataset to identify and rectify any anomalies or discrepancies. This ensures that
the data is accurate and consistent across all entries, mitigating potential errors in
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subsequent analysis.
- Data Coding: Once the dataset is refined and cleaned, a comprehensive

data coding process is implemented. This step involves converting the raw data into
a structured format suitable for analysis and inclusion in the scientific study. Each
of the 105 institutions affiliated with the 13 universities is meticulously coded to
facilitate meaningful analysis and interpretation of the collected data.

By adhering to these stringent data collection and preprocessing protocols,
the resulting dataset is robust, reliable, and well-suited for conducting in-depth
analyses and deriving meaningful insights into the higher education public sector’s
dynamics and trends over the specified 10-year timeframe.

Here are the recapitulative figures of the final form dataset:
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Figures 1, 2 & 3: Representing the number of newly registered students and total number of current

students per year for 105 institutions over 13 universities from 2012 to 2022.
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Figures 4, 5 & 6: Representing the Number of Graduates and the number of pedagogical

staff Per Year for 105 institutions over 13 universities from 2012 to 2022.
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Figures 7, 8 & 9: Representing the number of administrative staff and the occupational

capacity Per Year for 105 institutions over 13 universities from 2012 to 2022.

Formulating Composite Indexes for HEIs

Identifying Key Variables

In the strategic management of Moroccan public higher education instituti-
ons (HEIs), the construction of composite indexes requires the careful identification
of variables that capture institutional effectiveness, efficiency, and adaptability. For
this purpose, three core indexes were developed: the Success Index (S), the Perfor-
mance Index (P), and the Growth Index (G).

The Success Index (S) evaluates student achievement outcomes by measu-
ring the proportion of graduates relative to total student enrollments over a given
period. Its formula is expressed as:

S=Number of Graduates/Total Number of Students
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This index serves as a fundamental variable for institutional evaluation, high-
lighting the ability of HEIs to guide students to program completion.

The Performance Index (P) integrates multiple variables that represent
institutional efficiency, combining academic outcomes with staff–student coverage.
The components include the student success rate, the pedagogical coverage rate
(faculty-to-student ratio), and the administrative coverage rate (administrative staff-
to-student ratio). Its weighted formula is given by:

P= (SR×0.5) + (PCR×0.25) + (ACR×0.25)
Where SR is the success rate, PCR is the pedagogical coverage rate, and

ACR is the administrative coverage rate.
Finally, the Growth Index (G) measures institutional capacity to scale and

accommodate increasing student populations, expressed as:
G= (New Enrollments/Total Enrollments) × (Total Enrollments/Occupancy Ca-

pacity) ×100
This variable highlights institutional scalability and resource management

efficiency. Together, these three indexes encapsulate the critical dimensions of suc-
cess, operational performance, and growth, making them highly relevant inputs for
machine learning models.

Weighting and Aggregation Method:

The development of composite indexes requires explicit weighting and ag-
gregation methods to ensure that the importance of each variable is accurately
represented. Weighting involves assigning relative importance to indicators, while
aggregation specifies how weighted values are combined.

For this study, the Performance Index provides a clear example of weigh-
ted aggregation. The success rate receives a weight of 0.5, emphasizing its centrality
to institutional outcomes, while pedagogical and administrative coverage rates are
each weighted at 0.25. The choice of weights follows a normative approach,
prioritizing academic outcomes while still recognizing the operational role of staf-
fing. In alternative contexts, weighting could also be determined using Principal
Component Analysis (PCA), which derives weights from statistical variance, or
entropy-based methods, which assign higher weights to variables with greater
informational content (Nardo et al., 2008).

The aggregation method adopted is the weighted sum model, one of the
most transparent and widely used approaches in composite index construction:
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Where wi represents the weight of indicator i, and xi its normalized value.
This linear method ensures interpretability, as each variable’s contribution to the
composite score is proportional to its weight. In contexts where interactions among
variables are nonlinear, alternative aggregation techniques such as the geometric
mean may be applied:

This method penalizes unbalanced performance across indicators, making
it useful when institutional balance across dimensions is as important as overall
strength.

Normalization of Composite Indexes:

Normalization is a crucial step to ensure comparability of variables expressed
in different units or scales. Without normalization, variables with larger numerical
ranges such as total enrollments would dominate the composite index, overshadowing
smaller-scale ratios like staff coverage rates. Normalization ensures methodological
rigor and comparability across institutions and time periods.

Two primary normalization techniques are applied in composite index cons-
truction:

1. Min–Max Normalization:
This method scales variables to a fixed range, typically [0, 1], ensuring that
all indicators contribute proportionally to the index. The formula is:

Where xi norm is the normalized value of indicator xi, and min(x),max(x)
are the minimum and maximum values observed in the dataset.

2. Z-Score Standardization:
This technique centers the variable around its mean and scales it by its stan-
dard deviation, making it suitable for normally distributed variables:
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Where µ is the mean of the indicator and σ is its standard deviation.
Normalization guarantees consistency across Moroccan HEIs within the 10-

year dataset used in this study. It also enhances the predictive performance of
Support Vector Machine (SVM) models by ensuring that all input features (S, P,
G) contribute equitably to classification and regression tasks. Without this step,
disparities in scales could bias the model, leading to inaccurate decision boundaries
and weaker institutional classifications.
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Figures 10, 11 & 12: Representing calculated Success index Per Year for 105 institutions over 13

universities from 2012 to 2022.
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Figures 13, 14 & 15: Representing calculated Performance index Per Year for 105 institutions

over 13 universities from 2012 to 2022.
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Figures 16, 17 & 18: Representing calculated Growth index Per Year for 105 institutions over 13

universities from 2012 to 2022.
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Integration with SVM Classifier

In the implementation of SVM models for optimizing the strategic manage-
ment of public higher education institutions in Morocco, the dataset was carefully
structured to cater to the specific requirements of classification and regression tasks.
The dataset comprised data from 105 institutions over a ten-year period, spanning
from 2012 to 2022. To ensure robust model training and evaluation, the dataset
was split into two parts: 84 institutions were used for training the models, while the
remaining 21 were reserved for testing.

Classification Model

For the classification model, the dataset utilized the three composite indexes
Success Index, Performance Index, and Growth Index as input features. The target
variable for this model was the classification class, which categorized institutions
based on the Student Success to Institutional Performance Index into three classes
(Class A, Class B, and Class C). This approach allowed the model to learn and
predict the categorical labels that represent different levels of institutional perfor-
mance. The goal of this model was to accurately classify institutions into one of the
three predefined classes, providing a high-level overview of their performance based
on the combined index criteria.

Classification class Criteria:

The subsequent phase of the analysis involved the integration of the Success
Index and the Performance Index into a unified metric, termed the "Student Success
to Institutional Performance Index."This composite index was designed to capture
the relationship between student outcomes and the operational effectiveness of edu-
cational institutions. The formula used for this index is as follows:

Student success to institutional performance Index = Performance
Index * 0.5 + Success Index * 0.5.

This combined index provides a balanced evaluation, equally weighting both
student success and institutional performance. It thus offers a comprehensive pers-
pective on an institution’s capacity to deliver quality education and maintain effici-
ent operational support systems.
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To assess this index across a broader context, data was generalized across 105
institutions over a ten-year period. For each institution, a mathematical harmonic
mean was calculated based on the yearly values of the composite index. The har-
monic mean was chosen for its ability to account for variations and ensure a more
representative central tendency when dealing with ratios and rates.

Following the computation of these harmonic means, the results were syste-
matically mapped onto a classification scale. This scale facilitated the categorization
of institutions into three distinct classes, reflecting varying levels of performance as
measured by the Student Success to Institutional Performance Index. These classes
provide a clear and structured framework for comparing institutional effectiveness,
thereby enabling stakeholders to identify areas of excellence and opportunities for
improvement within the higher education sector.

The classification scale for the Student Success to Institutional Performance
Index categorizes institutions based on their performance ratios, providing a clear
framework for understanding the effectiveness of each institution. The criteria for
classification are defined as follows:

• Class A: High Success to Performance Ratio

– Institutions with an index greater than 1 are classified under Class
A. This category represents institutions that exhibit a strong balance
between student success and institutional performance, indicating
both high academic achievements and efficient operations. These ins-
titutions are considered exemplary in their ability to support students
while maintaining robust administrative and educational practices.

• Class B: Moderate Success to Performance Ratio

– Institutions with an index ranging from 0.5 to 1 fall into Class B. This
classification indicates a moderate balance between student success
and institutional performance. Institutions in this category demons-
trate a satisfactory level of student outcomes and operational effici-
ency, though there may be areas that require further development to
reach the highest standards.
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• Class C: Low Success to Performance Ratio

– Class C includes institutions with an index of less than 0.5. These
institutions show a lower success to performance ratio, suggesting
challenges in achieving high student success rates and/or maintai-
ning effective operational systems. This classification highlights the
need for significant improvements in both educational outcomes and
institutional management.

This classification system not only facilitates a nuanced understanding of
institutional performance but also serves as a valuable tool for policymakers, admi-
nistrators, and stakeholders. By categorizing institutions based on their success to
performance ratios, the scale helps identify institutions that excel, those that are
performing adequately, and those that may benefit from targeted interventions and
support to enhance their overall effectiveness.
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Figures 19, 20 & 21: Representing student success to institutional performance index Per Year

and the classification classes according to the harmonic mean calculations for 105 ins-

titutions over 13 universities from 2012 to 2022.
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Regression Models: M1S, M2P, and M3G

In contrast to the classification model, the regression models were designed
to predict the specific values of the composite indexes. The dataset was decomposed
into three subsets, each tailored to train a specific regression sub-model:

1. M1S (Model for Success Index): This sub-model was trained to pre-
dict the Success Index. The inputs included the data elements associated
with the composition of the Success Index, such as the number of gra-
duates and total student enrollments. By focusing on these elements,
the model aimed to accurately forecast the Success Index based on the
institution’s performance in facilitating student success.

2. M2P (Model for Performance Index): The second sub-model tar-
geted the prediction of the Performance Index. The training dataset for
M2P included variables related to the success rate, pedagogical coverage
rate, and administrative coverage rate. These inputs were crucial for ena-
bling the model to learn the intricate relationships between institutional
operational metrics and the Performance Index, thereby optimizing its
predictive capabilities.

3. M3G (Model for Growth Index): The third sub-model, M3G, was
developed to predict the Growth Index. The input dataset for this model
comprised factors influencing institutional growth, such as new student
enrollments, total student enrollments, and occupancy capacity. The
model leveraged these data points to forecast the Growth Index, offering
insights into the institution’s ability to manage and sustain growth.

Each of these regression sub-models was specifically designed to maximize
the learning process by focusing on the relevant data elements associated with their
respective composite index. This decomposition into specialized sub-models allowed
for a more targeted and effective prediction, ensuring that each model could cap-
ture the nuances and complexities inherent in the different aspects of institutional
performance.

e272 - 419



Isagoge, v. 5, 2025, eISSN 2763-7123
Telos Publicações, Rio de Janeiro, Brasil

The structured approach to dataset partitioning and the differentiation between
classification and regression tasks enabled a comprehensive analysis of the institu-
tions. By training on the majority of the data and testing on a separate subset,
the models were rigorously validated to ensure their accuracy and generalizability.
This methodology not only facilitated precise predictions and classifications but also
provided valuable insights for decision-making and strategic management within the
public higher education sector in Morocco.

SVM models implementation:

The implementation of the SVM models focuses on developing both clas-
sification and regression algorithms to categorize institutions and predict future
performance metrics.

1. SVM Classification Model Implementation: The SVM classification model
is designed to categorize public higher education institutions into distinct classes
based on a composite index of performance metrics. The implementation involves:

• Model Construction: The SVM algorithm constructs a decision boundary,
known as the hyperplane, which separates the data into different classes.
The choice of kernel function such as linear, polynomial, or radial basis
function (RBF) is crucial in defining this hyperplane, particularly when
the data is not linearly separable.

• Optimization: The model’s parameters, including the regularization pa-
rameter (C) and the kernel-specific parameters, are optimized. The regu-
larization parameter controls the trade-off between achieving a low error
on the training data and minimizing the margin width. Kernel para-
meters, such as gamma in the RBF kernel, determine the influence of
individual data points on the decision boundary.

2. SVM Regression Model Implementation: Three SVM regression models
are developed to predict the values of three composite indexes, each reflecting
different aspects of institutional performance over a ten-year forecast period.
The implementation process includes:
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• Model Structure: The SVM regression, also known as Support Vector
Regression (SVR), is configured to predict continuous outcomes. Unlike
traditional linear regression, SVR uses a margin of tolerance (epsilon)
within which no penalty is given for errors, enhancing its robustness to
outliers.

• Kernel Application: The choice of kernel function in SVR is similarly
critical as in classification, allowing the model to capture non-linear rela-
tionships between input features and the target index. The model seeks
to fit a regression line (or hyperplane in multi-dimensional space) that
best approximates the actual data points, with support vectors defining
the margin boundaries.

• Loss Function: The SVR model uses an epsilon-insensitive loss function,
which ignores errors within a certain range (epsilon). The objective is to
minimize a loss function that includes this insensitivity parameter, along
with the regularization term, to achieve a balance between the complexity
of the model and the accuracy of the predictions.

Both the SVM classification and regression models are implemented using
a series of iterative training processes, where the model parameters are adjusted
to minimize the classification error and regression prediction error, respectively.
These models leverage the strength of SVMs in handling high-dimensional data
and capturing complex relationships, making them well-suited for the diverse and
multifaceted data of public higher education institutions.

RESULTS

The empirical testing of Support Vector Machine (SVM) models demonstra-
tes the decisive role of the carefully constructed composite indexes Success Index (S),
Performance Index (P), and Growth Index (G) in enhancing both the accuracy and
interpretability of institutional evaluations in Moroccan public Higher Education
Institutions (HEIs). The integration of these indexes as structured inputs ensu-
red the reliability of classification models and the robustness of regression models,
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ultimately reinforcing their capacity to support data-informed strategic decision-
making.

Classification Results

The classification model achieved an Overall Accuracy (OA) of 95.24%,
indicating that the SVM classifier was able to accurately assign institutions to their
respective classes based on the composite indexes. Such a high level of predictive
accuracy is rarely achieved in institutional studies that rely on fragmented or uns-
tructured data. The result highlights that the design of the Success, Performance,
and Growth Indexes successfully captured the underlying multidimensional features
of institutional effectiveness and efficiency.

The OA value underscores the value of feature engineering through com-
posite indexes. Instead of relying on raw or heterogeneous variables, the integra-
tion of well-structured, normalized, and weighted indexes facilitated the detection
of nuanced institutional patterns, thus improving classification precision. For top
management, this means that institutional typologies can be identified with high
confidence, providing a robust basis for policy interventions, capacity allocation,
and targeted support strategies.

Regression Results

To complement the classification results, regression models were trained se-
parately on each of the three composite indexes, enabling predictive insights into
institutional outcomes.

• Model M1S (Success Index) achieved a Mean Squared Error (MSE)
of 0.02, a Root Mean Squared Error (RMSE) of 0.13, and a Mean
Absolute Error (MAE) of 0.03. These results reflect the model’s ability
to predict student outcomes with high precision, confirming that success is
a measurable and stable indicator when integrated into SVM regression fra-
meworks.

• Model M2P (Performance Index) demonstrated exceptional accuracy,
with MSE of 0.00, RMSE of 0.03, and MAE of 0.01. This near-perfect
predictive power reveals that the Performance Index, as a weighted composite
of academic and administrative efficiency factors, is the most reliable deter-
minant of institutional behavior. It validates the methodological decision to
emphasize weighting and aggregation methods in its construction, particu-
larly the prioritization of student success outcomes (50%) relative to coverage
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measures.

• Model M3G (Growth Index) reported MSE of 0.03, RMSE of 0.17,
and MAE of 0.08. While slightly less precise than the other two models,
the results remain within a strong predictive range. The higher error margins
may reflect the inherent volatility of institutional growth, which depends on
external factors such as demographic dynamics, national education policy, and
resource allocation. Nevertheless, the Growth Index still provides valuable
insights into capacity management and scalability.

DISCUSSION

The performance of the SVM models demonstrates the central importance
of composite index design in supporting advanced machine learning applicati-
ons within higher education management. The exceptional classification accuracy
(95.24%) and the low error margins in regression tasks validate the methodological
rigor of combining normalization, weighting, and aggregation strategies in construc-
ting S, P, and G.

From a strategic management perspective, these results translate into actio-
nable benefits for decision-making:

1. Precision in Typology Identification – High classification accuracy en-
sures that institutional classes (e.g., high performance vs. low growth) are
defined with reliability, facilitating differentiated governance strategies.

2. Predictive Insights for Policy – Regression outputs allow policymakers to
forecast institutional trajectories based on current input conditions, making it
possible to anticipate risks (e.g., declining success rates) or opportunities (e.g.,
scalable growth).

3. Optimization of Resource Allocation – The Performance Index, with its
near-zero prediction error, emerges as the most decisive factor for institutional
efficiency, guiding resource prioritization toward pedagogical and administra-
tive staffing as leverage points for improvement.

4. Support for Data-Informed Governance – The integration of SVM with
composite indexes bridges the gap between quantitative analytics and strate-
gic management, enabling HEIs to transition from descriptive assessments to
predictive and prescriptive strategies.

In summary, the careful design and integration of composite indexes signifi-
cantly enhance the performance of SVM models, demonstrating their potential as
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decision-support tools for Moroccan HEIs. By embedding such models into gover-
nance frameworks, institutions can move toward optimized, data-driven, and
transparent strategic management.

CONCLUSION

The findings of this study underline the transformative role of composite in-
dexes, carefully designed and adapted to the context of Moroccan Higher Education
Institutions, in addressing the complexity of decision-making processes. By con-
solidating heterogeneous data into the Success Index, the Performance Index, and
the Growth Index, this research demonstrated that abstract and fragmented vari-
ables can be transformed into actionable, comparable, and quantifiable measures.
These indexes not only provided clarity in evaluating student outcomes, institutio-
nal efficiency, and growth capacity but also served as the backbone for the machine
learning framework. Their integration into Support Vector Machine models proved
decisive in achieving both exceptionally high classification accuracy, with an ove-
rall performance of 95.24%, and strong predictive capabilities in regression analyses,
particularly with the Performance Index model, which achieved near-zero error rates.

The results illustrate that the construction of well-defined indexes is not a
mere technical exercise, but a strategic necessity for optimizing decision-making in
higher education. The methodological rigor applied in weighting, aggregating, and
normalizing these indexes ensured their reliability and interpretability, allowing SVM
models to uncover patterns that would otherwise remain hidden in raw datasets.
This emphasizes the broader implication that the quality of decision-support systems
in education is highly dependent on the conceptual soundness of the indicators on
which they are built.

From a policy perspective, the adoption of such a framework carries signifi-
cant potential. Ministries of Higher Education and institutional leaders can utilize
these models to classify institutions with confidence, anticipate future trajectories,
and allocate resources more efficiently. The Performance Index, for instance, provi-
des a clear and empirically validated signal that staffing and coverage levels represent
leverage points for improving institutional effectiveness. Likewise, the Growth Index
offers a tool for forecasting scalability challenges, ensuring that expansion policies
are aligned with actual capacity. By institutionalizing the use of such composite
indexes in governance frameworks, higher education systems can strengthen trans-
parency, accountability, and long-term strategic planning.

Future developments may enhance this framework further, such as by in-
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troducing dynamic weighting methods that reflect evolving national priorities or
by testing alternative machine learning approaches, including ensemble methods or
deep learning, to enrich predictive capabilities. Beyond institutional efficiency and
growth, the same analytical logic can be extended to critical areas such as student
retention, faculty performance evaluation, or curriculum impact assessment, thus
broadening the strategic reach of data-driven decision-making.

In conclusion, this study demonstrates that the real strength of machine le-
arning in higher education management does not solely lie in the sophistication of
algorithms, but in the formulation of composite indexes that translate complex rea-
lities into structured, comparable, and meaningful indicators. By creating Success,
Performance, and Growth Indexes specifically tailored to the Moroccan context and
embedding them in SVM models, this research provides both a methodological in-
novation and a policy-relevant tool that can transform governance practices. The
synergy between well-constructed indexes and advanced analytical models thus of-
fers a path toward more informed, efficient, and sustainable strategic management
in higher education.
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