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Abstract

This thesis investigates the efficiency of global universities using an integrated Data

Envelopment Analysis (DEA) and machine learning framework. Based on data for 800

universities from the 2016 rankings, this study employs input-oriented CCR, BCC, and

NIRS DEA models to assess the technical, scale, and overall efficiencies, using the student-

staff ratio as input, and scores for teaching, research, citations, industry income, and

international outlook as outputs.

The DEA results indicate significant scope for efficiency improvement, with a mean

overall (CCR) efficiency of approximately 0.108 and a mean technical (BCC) efficiency

of 0.189. A predominant finding is that 86.75% of universities exhibit Increasing Returns

to Scale (IRS), suggesting most were operating below optimal scale. Sensitivity analysis,

conducted by altering output specifications, showed that while absolute efficiency scores

and RTS distributions changed (Spearman rank correlation of ˜0.81 for BCC scores), the

relative rankings of universities demonstrated considerable robustness.

K-Means clustering (K=2, determined via Silhouette analysis) grouped universities

based on contextual variables (location, student numbers, female-male ratio, international

student percentage), identifying a large primary cluster and a very small cluster of dis-

tinct mega-scale institutions. DEA performed within these clusters highlighted improved

relative efficiency scores, especially for the smaller cluster, when benchmarked against

more homogenous peers.

Finally, tuned Random Forest, LightGBM, and Gradient Boosting regression models

were developed to explain technical efficiency. LightGBM performed best, achieving an

R-squared of approximately 0.4725 in predicting BCC scores. Key contextual drivers

identified were total student numbers, location, and percentage of international students.

This multi-stage approach provides a nuanced understanding of university performance,

offering actionable insights for strategic planning and policy development in the higher

education sector.
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Chapter 1

INTRODUCTION

The global higher education sector operates within an increasingly complex and compet-

itive environment, demanding greater accountability and optimal utilization of resources.

As multifaceted institutions, universities transform various inputs—such as academic staff,

financial resources, and infrastructure—into multiple outputs, including educated grad-

uates, research contributions, and societal engagement. Evaluating the efficiency with

which these transformations occur is paramount for institutional self-improvement, strate-

gic decision-making by administrators, and evidence-based policy formulation by govern-

ing bodies. Traditional performance metrics often fail to capture the holistic nature of

university operations, particularly the interplay between multiple inputs and outputs.

Data Envelopment Analysis (DEA) offers a robust, non-parametric approach to mea-

sure the relative efficiency of a set of comparable Decision-Making Units (DMUs)—in

this context, universities. Developed by Charnes, Cooper, and Rhodes (1978), DEA con-

structs an ”efficient frontier” based on the observed best-performing DMUs and evaluates

the efficiency of others relative to this frontier. It does so without requiring pre-specified

weights for inputs and outputs or making assumptions about the underlying functional

form of the production process.

However, while DEA is adept at identifying what level of efficiency a DMU achieves

and where potential improvements lie (i.e., input reductions or output augmentations), it

does not inherently explain why some DMUs are more efficient than others, particularly

when considering contextual or environmental factors not directly included as inputs or

outputs. Moreover, the significant heterogeneity among universities globally—in size,

mission, funding, and operational context—can complicate direct comparisons and the

interpretation of efficiency scores.

This thesis adopts an integrated, multi-stage analytical framework to address these

x

12

17

32
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challenges. This framework combines the strengths of DEA for efficiency measurement

with the capabilities of machine learning (ML) techniques. Specifically, ML is used to

handle institutional heterogeneity through clustering and identify key contextual factors

significantly associated with the DEA-derived efficiency scores. This approach aims to

provide a more nuanced, robust, and comprehensive understanding of university perfor-

mance.

1.1 BACKGROUND

The quest to measure and enhance efficiency in higher education institutions (HEIs) has

been a consistent theme in academic research and policy discussions for several decades.

Universities worldwide are under continuous pressure to deliver high-quality education

and impactful research while managing resources effectively. Data Envelopment Analysis

(DEA) has become a cornerstone methodology in this domain since its inception. Its abil-

ity to handle multiple inputs and outputs simultaneously without requiring a pre-defined

production function makes it particularly suitable for analyzing complex organizations

like universities.

Foundational DEA models, including the CCR model, which assumes Constant Re-

turns to Scale (CRS), and the BCC model, which assumes Variable Returns to Scale

(VRS), allow for assessing overall efficiency, pure technical efficiency, and scale efficiency.

These models have been widely applied to benchmark universities across different regions

and contexts, providing valuable insights into their relative performance.

Despite its utility, DEA is not without its limitations. Efficiency scores can be sensitive

to the choice of variables and the sample of DMUs. Furthermore, DEA is a deterministic

method that attributes any deviation from the frontier to inefficiency without explicitly

accounting for statistical noise or the impact of external contextual factors that are not

part of the input-output specification.

Researchers have increasingly focused on multi-stage analytical approaches to over-

come some of these limitations. This often involves using DEA in the first stage to

estimate efficiency scores and then employing statistical or machine-learning techniques

in the second stage to regress these scores against potential explanatory variables. Ma-

chine learning algorithms like Random Forest, LightGBM, and clustering methods like

xi
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K-Means are particularly well-suited for this task. They can identify complex non-linear

relationships, handle diverse data types, and group heterogeneous DMUs into more com-

parable subsets, enriching the insights derived from DEA. This thesis embraces such an

integrated methodology, applying it to a contemporary global dataset of universities to

offer fresh perspectives on their operational efficiency.

1.2 PROBLEM STATEMENT

Measuring and understanding university efficiency is critical, yet it presents significant

analytical challenges. While DEA is a robust tool for assessing relative efficiency, its

standard application may not fully account for the substantial heterogeneity among global

universities. Institutions differ widely in their scale of operations, funding models, national

contexts, and strategic priorities. Comparing a small, specialized institution with a large,

comprehensive university using a single DEA model might yield results that are difficult

to interpret or act upon.

Furthermore, identifying the factors driving efficiency is as important as measuring

efficiency. DEA provides target improvements but does not inherently pinpoint which

specific institutional characteristics or environmental factors (not used as direct inputs

or outputs) are associated with higher or lower performance. This limits the ability of

university managers and policymakers to develop targeted interventions.

Therefore, there is a clear need for an analytical framework that can:

1. Rigorously measure university efficiency while acknowledging and addressing insti-

tutional heterogeneity.

2. Assess the robustness of efficiency findings to variations in model specification.

3. Identify and quantify the key contextual drivers or correlates of university efficiency.

This research aims to tackle this problem by developing and applying an integrated DEA-

clustering-ML framework to a global sample of universities, thereby providing a more

comprehensive and actionable understanding of their performance.

xii
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1.3 OBJECTIVES

The primary objective of this thesis is to conduct a comprehensive analysis of global

university efficiency by integrating Data Envelopment Analysis (DEA) with clustering

and machine learning techniques. The specific objectives are:

1. To define and preprocess a suitable dataset of global universities, specifying ap-

propriate inputs and outputs for DEA based on the available data and relevant

literature.

2. To apply input-oriented DEA models (CCR, BCC, and NIRS) to the full sample of

universities to calculate their technical efficiency, overall efficiency, scale efficiency,

and determine their respective returns to scale (IRS, CRS, DRS).

3. To conduct a sensitivity analysis on the primary DEA model by altering the output

specification to evaluate the robustness of the efficiency results and returns to scale

classifications.

4. To employ K-Means clustering, informed by Silhouette analysis and the Elbow

method, to segment the universities into more homogenous groups based on selected

contextual variables.

5. To profile the identified university clusters based on their input/output variables,

contextual characteristics, and initial DEA scores to understand their distinct fea-

tures.

6. To perform DEA (specifically the BCC model) within each identified cluster to

assess the relative technical efficiency of universities against more comparable peers

and compare these with their overall efficiency scores.

7. To develop, tune, and evaluate supervised machine learning models (Random For-

est, LightGBM, Gradient Boosting) to identify and quantify the significant contex-

tual university characteristics associated with the DEA-derived technical efficiency

scores.

8. To synthesize the findings from the DEA, sensitivity analysis, clustering, and ma-

chine learning stages to provide a holistic understanding of university efficiency, its

drivers, and to offer pertinent policy and managerial implications.

1
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Chapter 2

LITERATURE REVIEW

This chapter reviews the foundational concepts of Data Envelopment Analysis (DEA),

its application in assessing the efficiency of higher education institutions (HEIs), and

the emerging role of machine learning techniques in enhancing DEA-based performance

evaluations.

2.1 DATA ENVELOPMENTANALYSIS (DEA) FUN-

DAMENTALS

Data Envelopment Analysis (DEA), first introduced by Charnes, Cooper, and Rhodes

in 1978, is a non-parametric mathematical programming technique used for measuring

the relative efficiency of a collection of Decision Making Units (DMUs) that consume

multiple inputs to produce multiple outputs. It is particularly useful for evaluating non-

profit organizations, such as universities, where market prices for inputs and outputs are

often unavailable or inappropriate. DEA constructs an empirical ”best-practice” frontier

based on the observed performance of DMUs and calculates efficiency scores for other

DMUs relative to this frontier.

2.1.1 CCR Model

The CCR model, named after Charnes, Cooper, and Rhodes (1978), assumes Constant

Returns to Scale (CRS). This assumption implies that any proportional change in inputs

will result in an equi-proportional change in outputs. The CCR model provides a measure

of overall efficiency, which integrates both technical efficiency (managerial ability to use

2
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inputs) and scale efficiency (operating at the optimal size). DMUs with a CCR score of

1 are considered globally efficient, lying on the CRS frontier.

2.1.2 BCC Model

Recognizing that the CRS assumption might be too restrictive, Banker, Charnes, and

Cooper (1984) developed the BCCmodel, which assumes Variable Returns to Scale (VRS).

The BCC model allows the production frontier to exhibit increasing, constant, or decreas-

ing returns to scale. It measures pure technical efficiency by comparing a DMU only to

other DMUs of similar scale, thus isolating managerial efficiency from scale effects. A

BCC score of 1 indicates that a DMU is technically efficient, irrespective of its size.

2.1.3 Scale Efficiency and Returns to Scale (RTS)

The difference between the CCR and BCC efficiency scores for a DMU indicates the

presence of scale inefficiency. Scale Efficiency (SE) can be calculated as the ratio of

the CCR score to the BCC score (SE = CCR / BCC). An SE of 1 implies that the

DMU is scale efficient (i.e., its technical efficiency under CRS and VRS is the same).

Further analysis, often involving a Non-Increasing Returns to Scale (NIRS) model, helps

distinguish between Increasing Returns to Scale (IRS – DMU is too small) and Decreasing

Returns to Scale (DRS – DMU is too large). The NIRS model, as used in this thesis,

assumes that the sum of lambdas (peer weights) is less than or equal to 1.

2.1.4 Input and Output Orientation

DEA models can be input-oriented or output-oriented. An input-oriented model seeks to

minimize inputs while maintaining current output levels, asking ”by how much can input

quantities be proportionally reduced without changing the output quantities produced?”

An output-oriented model aims to maximize outputs for a given level of inputs. The

choice of orientation depends on the managerial control context; this study employs input-

oriented models, assuming universities have more control over their resource utilization

for given performance targets.
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2.2 APPLICATIONS OF DEA IN HIGHER EDU-

CATION

DEA has been widely adopted for efficiency analysis in the higher education sector glob-

ally. Studies typically use inputs such as academic staff numbers, student enrollment (as

a proxy for resources consumed or an input factor), research funding, and infrastructure.

Outputs commonly include graduate numbers, research publications, citation counts, re-

search income, and sometimes measures of teaching quality or societal impact. These

studies vary in scope, from national systems to international comparisons, and often aim

to identify benchmarks and policy implications for improving HEI performance.

2.3 ADDRESSINGHETEROGENEITY: CLUSTER-

ING IN DEA

A significant challenge in applying DEA to diverse sets of HEIs is their inherent hetero-

geneity. Universities differ in size, mission, funding, location, and student body composi-

tion. Applying DEA without considering such differences can lead to unfair comparisons.

Clustering techniques, such as K-Means, are increasingly used as a precursor or an inte-

grated step to group DMUs into more homogenous subsets based on relevant contextual

variables. DEA is then performed within these clusters, allowing for more meaningful rel-

ative efficiency assessments against truly comparable peers. This study utilizes K-Means

clustering based on variables like university location, student numbers, female-male ratio,

and international student percentage.

2.4 EXPLAINING EFFICIENCY: SECOND-STAGE

ANALYSIS WITH MACHINE LEARNING

While DEA identifies efficient and inefficient DMUs and quantifies the magnitude of in-

efficiency, it does not inherently explain the sources of these variations, particularly con-

cerning factors not included in the input-output model. A common approach is to use a

two-stage analysis, where DEA efficiency scores (obtained in the first stage) are regressed

4
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against a set of explanatory environmental or contextual variables in the second stage.

Traditional statistical methods like Tobit regression have been used for this second

stage, but machine learning (ML) models are gaining prominence due to their ability to

handle non-linear relationships, complex interactions, and offer robust feature importance

measures without stringent distributional assumptions. Tree-based ensemble methods like

Random Forest and gradient boosting machines like LightGBM and XGBoost are partic-

ularly powerful. They can be used for both regression (predicting continuous efficiency

scores) and classification (predicting discrete efficiency categories). This thesis employs

Random Forest, LightGBM, and scikit-learn’s Gradient Boosting for this second-stage

analysis.

2.5 INTEGRATED DEA-ML FRAMEWORKS

The integration of DEA with ML techniques forms a synergistic analytical framework.

This study contributes by applying a systematic multi-stage methodology that encom-

passes:

1. Robust DEA modeling (CCR, BCC, NIRS) with sensitivity analysis to test model

stability.

2. Data-driven clustering (K-Means with optimal K selection) to address heterogeneity.

3. Contextualized DEA-within-cluster analysis for fairer peer comparisons.

4. Application of tuned ML models (Random Forest, LightGBM, Gradient Boosting)

for explaining efficiency based on contextual variables.

This comprehensive approach is designed to yield more nuanced, robust, and actionable

insights into university performance than standalone methods.

5
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Chapter 3

METHODOLOGY

This chapter details the methodological framework employed in this research to assess the

efficiency of global universities and identify factors associated with their performance. It

covers the research design, data sources and variable selection, data preprocessing steps,

the specific Data Envelopment Analysis (DEA) models used, clustering techniques, and

the machine learning approaches for second-stage analysis.

3.1 RESEARCH DESIGN

The study follows a quantitative, multi-stage analytical research design. The core objec-

tive is to provide a comprehensive assessment of university efficiency by systematically

integrating DEA with clustering and supervised machine learning. The key stages are:

1. Data Acquisition and Preprocessing: Sourcing the university rankings data

and preparing it for analysis through cleaning, transformation, and imputation.

2. Primary DEA Modeling: Applying input-oriented CCR, BCC, and NIRS mod-

els to the entire dataset to compute overall efficiency, technical efficiency, scale

efficiency, and determine returns to scale. This stage also includes a sensitivity

analysis of the DEA model.

3. Clustering of DMUs: Segmenting universities into more homogenous groups us-

ing K-Means clustering based on key contextual variables. The optimal number of

clusters is determined using established statistical methods.

4. Contextualized DEA Modeling: Re-applying DEA models (specifically BCC)

within each identified cluster to assess relative efficiency against more comparable

6
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peers.

5. Second-Stage Machine Learning Analysis: Developing and evaluating Ran-

dom Forest, LightGBM, and Gradient Boosting regression models to identify and

quantify the association between contextual university characteristics and DEA-

derived technical efficiency scores.

3.2 DATA SOURCE ANDVARIABLE SELECTION

The data for this study are derived from the 2016 World University Rankings, specifically

the 2016 rankings.csv file. After necessary cleaning and ensuring completeness for DEA

variables, the dataset comprises 800 universities, which serve as the Decision Making Units

(DMUs).

3.2.1 Input and Output Variables for DEA

The selection of inputs and outputs is crucial for meaningful DEA. Based on the data

and common practice in HEI efficiency literature, the following variables were defined:

• Input Variable (1):

– stats student staff ratio: Student-staff ratio.

• Output Variables (5):

– scores teaching: Teaching score.

– scores research: Research score.

– scores citations: Citations score.

– scores industry income: Industry income score.

– scores international outlook: International outlook score.

3.2.2 Contextual Variables for Clustering and Machine Learn-

ing

To explore the impact of institutional characteristics beyond the direct DEA inputs/outputs,

the following contextual variables were selected:

7
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• DMU NAME COLUMN (’name’): Name of the university.

• COUNTRY COLUMN (’location’): Country of the university. This was label encoded as

location Encoded for use in models.

• NUM STUDENTS COLUMN (’stats number students’): Total number of students.

• FEMALE MALE RATIO COLUMN (’stats female male ratio’): Ratio of female to male stu-

dents.

• PC INTL STUDENTS COLUMN (’stats pc intl students’): Percentage of international stu-

dents.

3.3 DATA PREPROCESSING

The raw data underwent extensive preprocessing:

1. Data Cleaning and Type Conversion: Columns such as stats number students

(commas removed), stats pc intl students (percentage signs removed, converted

to proportion), and stats female male ratio (string ”F:M” parsed to female pro-

portion) were cleaned and converted to numeric types.

2. Label Encoding: The categorical COUNTRY COLUMN (’location’) was converted into

a numerical representation (location Encoded) using LabelEncoder.

3. Handling Missing Values:

• DMUs with missing values in any of the essential DEA input or output columns

(essential dea cols) were subject to dropna. In this specific run, 0 rows were

dropped at this stage for the 800 DMUs.

• Missing values in other numerical contextual columns (e.g., stats female male ratio

which had 52 missing values after conversion) were imputed using the median

strategy with SimpleImputer).

4. Ensuring Positivity for DEA: DEA inputs and outputs must be positive. Vari-

ables like scores industry income that contained non-positive values were clamped

to a small positive epsilon (1× 10−6).

5. Index Reset: The DataFrame index was reset after cleaning.

8
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3.4 DEA MODELING

This study utilizes input-oriented DEA models, assuming universities aim to minimize

resource consumption for given output levels. The calculations for each DMU were par-

allelized using joblib and psutil for efficiency.

3.4.1 CCR, BCC, and NIRS Models

The core DEA models implemented are:

• dea ccr input oriented: Calculates overall efficiency assuming Constant Returns

to Scale (CRS). The objective is to minimize θ (proportional input reduction) sub-

ject to
∑

λjXij ≤ θXik for inputs and
∑

λjYrj ≥ Yrk for outputs.

• dea bcc input oriented: Calculates pure technical efficiency assuming Variable

Returns to Scale (VRS). It adds the convexity constraint
∑

λj = 1 to the CCR

formulation.

• dea nirs input oriented: Calculates efficiency assuming Non-Increasing Returns

to Scale. This is similar to BCC but uses the constraint
∑

λj ≤ 1.

All models use the ’highs’ solver in scipy.optimize.linprog. Efficiency scores are

bounded between 0 and 1.

3.4.2 Scale Efficiency (SE) and Returns to Scale (RTS) Deter-

mination

Scale Efficiency (SE) for each DMU is computed as:

SE =
DEA CCR Score

DEA BCC Score
(3.1)

Returns to Scale (RTS) are determined using the logic):

• CRS: If DEA NIRS Score ≈ DEA BCC Score ≈ DEA CCR Score.

• IRS: If DEA NIRS Score ≈ DEA BCC Score and DEA BCC Score > DEA CCR Score.

• DRS: If DEA NIRS Score < DEA BCC Score.

A tolerance of 1× 10−5 is used for these floating-point comparisons.

9
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3.4.3 DEA Sensitivity Analysis

To assess the robustness of DEA results, a sensitivity analysis was performed by running

the DEA models with an alternative output specification: output cols scenario2 =

[’scores teaching’, ’scores research’, ’scores citations’]. Efficiency scores, RTS

distributions, and Spearman rank correlations between original and scenario BCC scores

were compared.

3.4.4 Peer (Benchmark) Analysis

For inefficient DMUs (BCC score ¡ 0.5, for example), efficient peers are identified using

the lambda (λj) values from the BCC model output. A DMU is considered a peer if its

lambda value is greater than 1× 10−5.

3.5 CLUSTERING OF UNIVERSITIES

K-Means clustering was used to group universities based on contextual variables.

3.5.1 Feature Selection and Scaling for Clustering

The features used for clustering were location Encoded, stats number students, stats female male ratio,

and stats pc intl students. These features were imputed using median strategy and

then standardized using StandardScaler before applying K-Means.

3.5.2 Determining the Optimal Number of Clusters (K)

The optimal K was determined by:

1. Elbow Method: Plotting Within-Cluster Sum of Squares (WCSS) against K (for

K from 2 to 10).

2. Silhouette Analysis: Calculating the average Silhouette score for K from 2 to 10.

Based on the Silhouette analysis, K=2 was chosen.

10
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3.5.3 Cluster Profiling

Once clusters were formed (N CLUSTERS CHOSEN = 2), they were profiled by calculating

the mean values of numeric features (including original DEA scores and clustering vari-

ables) and the mode of ’Returns to Scale’ for each cluster. ANOVA was used to test for

statistical differences in means for DEA BCC Score across clusters.

3.5.4 DEA-within-Clusters

The input-oriented BCC DEA model was applied separately to DMUs within each of the

K=2 clusters to obtain contextualized efficiency scores (DEA BCC Score Within Cluster).

These were then compared to the overall BCC scores.

3.6 SECOND-STAGEMACHINE LEARNINGANAL-

YSIS

Supervised machine learning models were developed to explain the overall DEA BCC Score

using contextual variables as predictors.

3.6.1 Target and Explanatory Variables

• Target Variable (Regression): Continuous DEA BCC Score.

• Explanatory Variables (Features): location Encoded, stats female male ratio,

stats number students, stats pc intl students. These features were scaled us-

ing StandardScaler.

3.6.2 Machine Learning Models

The following regression models were implemented and tuned:

1. Random Forest Regressor (sklearn.ensemble.RandomForestRegressor).

2. LightGBM Regressor (lightgbm.LGBMRegressor).

3. Gradient Boosting Regressor (sklearn.ensemble.GradientBoostingRegressor).

11
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3.6.3 Model Training, Tuning, and Evaluation

1. Data Splitting: Data was split into training (70%) and testing (30%) sets.

2. Hyperparameter Tuning: GridSearchCV with 3-fold cross-validation was used

to find optimal hyperparameters for each model, using ’r2’ as the scoring metric.

3. Model Evaluation (Regression): Performance on the test set was evaluated

using Mean Squared Error (MSE) and R-squared (R²).

4. Feature Importance: Feature importances were extracted from the best-performing

regressor to identify key drivers of efficiency.

3.7 SOFTWARE AND LIBRARIES

The analysis was conducted in Python using several key libraries: pandas for data han-

dling, numpy for numerical operations, scipy.optimize.linprog for DEA, matplotlib

and seaborn for visualizations, scikit-learn for preprocessing, clustering, ML models

and evaluation, joblib and psutil for parallel processing. lightgbm was used for the

LightGBM model.
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Chapter 4

RESULTS AND DISCUSSION

This chapter presents the empirical results derived from the application of the methodol-

ogy outlined in Chapter 3. The findings are structured according to the analytical stages:

primary DEA results, sensitivity analysis, clustering outcomes, DEA-within-cluster anal-

ysis, and machine learning model insights.

4.1 DESCRIPTIVE STATISTICS OF KEY VARI-

ABLES

After preprocessing, the dataset comprised 800 universities. Table 4.1 summarizes the

descriptive statistics for the primary DEA input, outputs, and key contextual variables.

Table 4.1: Descriptive Statistics of Key Variables
Variable Mean Std Dev Min Max
stats student staff ratio 19.09 12.50 0.60 162.60
scores teaching 31.64 15.03 9.90 95.60
scores research 28.25 19.58 2.90 99.00
scores citations 51.31 27.05 1.20 100.00
scores industry income 44.96 22.43 0.00 100.00
scores international outlook 48.50 23.69 7.10 99.90
stats number students 24071.77 22494.25 462.00 379231.00
stats female male ratio 0.49 0.13 0.00 1.00
stats pc intl students 0.13 0.11 0.00 0.82

13
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4.2 PRIMARY DATA ENVELOPMENT ANALY-

SIS (DEA) RESULTS

Input-oriented CCR, BCC, and NIRS DEA models were applied to all 800 DMUs.

4.2.1 Efficiency Score Distributions

Table 4.2 presents the descriptive statistics for the calculated DEA scores.

Table 4.2: Descriptive Statistics of DEA Scores (CCR, BCC, NIRS, SE)
Score Count Mean Std Dev Min 25% 50% 75%
Max
DEA CCR 800 0.1077 0.1078 0.0052 0.0478 0.0767 0.1195
1.0000
DEA BCC 800 0.1892 0.2150 0.0055 0.0626 0.1185 0.2157
1.0000
DEA NIRS 800 0.1890 0.2151 0.0052 0.0622 0.1185 0.2157
1.0000
Scale Eff. 800 0.6900 0.1991 0.1016 0.5558 0.6724 0.8630
1.0000

The mean overall efficiency (CCR score) was 0.1077, while the mean pure technical

efficiency (BCC score) was 0.1892. The distributions of these scores are depicted in

Fig. 4.4.

Figure 4.1: (a) BCC Scores Figure 4.2: (b) CCR Scores
Figure 4.3: (c) Scale Effi-
ciency

Figure 4.4: Distributions of DEA Scores

4.2.2 Returns to Scale (RTS)

The RTS analysis results are summarized in Table 4.3 and visualized in Fig. 4.5.

A significant majority (86.75%) of universities exhibited Increasing Returns to Scale

(IRS).

14
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Table 4.3: Distribution of Returns to Scale
Returns to Scale Type Percentage (%)
Increasing (IRS) 86.75
Decreasing (DRS) 13.00
Constant (CRS) 0.25

Figure 4.5: Returns to Scale Distribution (%)
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4.2.3 Peer (Benchmark) Analysis

For selected inefficient DMUs (BCC Score < 0.5):

• University of California, Berkeley (BCC Score: 0.405) had California Institute of

Technology (Lambda: 0.875) and Duke University (Lambda: 0.125) as peers.

• University of California, Los Angeles (BCC Score: 0.409) had California Institute

of Technology (Lambda: 0.179), Johns Hopkins University (Lambda: 0.804), and

Duke University (Lambda: 0.017) as peers.

• Cornell University (BCC Score: 0.356) had Johns Hopkins University (Lambda:

0.966) and Yale University (Lambda: 0.034) as peers.

4.2.4 Geographical Variations in Efficiency

Fig. 4.6 illustrates the BCC technical efficiency scores distributions for the top 7 coun-

tries.

Figure 4.6: Box Plot of BCC Scores by Top 7 Countries

4.3 DEA SENSITIVITY ANALYSIS

A sensitivity analysis (“Scenario FewerOutputs”) used only scores teaching, scores research,

and scores citations as outputs. Table 4.4 compares key metrics.

16
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Table 4.4: DEA Sensitivity Analysis Results Summary
Metric Original Model Scenario FewerOutputs
Mean BCC Score 0.1892 0.1095
Mean CCR Score 0.1077 0.0915
Mean Scale Efficiency 0.6900 0.9042
% IRS 86.75% 22.75%
% DRS 13.00% 76.88%
% CRS 0.25% 0.38%
Spearman Corr. (BCC) - 0.8096

The RTS distribution changed significantly, with DRS becoming dominant. The Spear-

man correlation was 0.8096.

4.4 CLUSTERING RESULTS (K=2)

K-Means clustering used location Encoded, stats number students, stats female male ratio,

and stats pc intl students.

4.4.1 Optimal Number of Clusters

Fig. 4.9 Shows the Elbow method and Silhouette scores.

Figure 4.7: (a) Elbow Method Figure 4.8: (b) Silhouette Scores

Figure 4.9: Optimal K Determination

Silhouette analysis suggested K=2 as optimal.
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4.4.2 Cluster Sizes and Profiles

Clustering with K=2 resulted in: Cluster 0: 793 DMUs; Cluster 1: 7 DMUs. Table 4.5

details the profiles.

Table 4.5: University Cluster Profiles (K=2) - Mean Values (Mode for RTS)

Variable Cluster 0 (n=793) Cluster 1 (n=7)
DEA BCC Score 0.1905 0.0442
DEA CCR Score 0.1084 0.0388
Scale Efficiency 0.6884 0.8736
location Encoded 41.06 31.00
scores citations 51.59 19.30
scores industry income 44.96 44.81
scores international outlook 48.67 29.49
scores research 28.32 19.96
scores teaching 31.71 23.79
stats female male ratio 0.4933 0.5829
stats number students 22641.84 186063.14
stats pc intl students 0.1277 0.0386
stats student staff ratio 18.73 59.36
Returns to Scale Mode IRS IRS

ANOVA for DEA BCC Score across clusters showed a P-value of 0.07296.

4.4.3 DEA-within-Clusters (K=2)

BCC DEA was run within each cluster. Table 4.6 provides descriptive statistics. The

mean DEA BCC Score Within Cluster was 0.1941.

Table 4.6: Descriptive Statistics of Within-Cluster BCC Scores (Overall Sample)
Statistic Value
Count 800.000000
Mean 0.194095
Std 0.220496
Min 0.014315
25% 0.063403
50% 0.122550
75% 0.219844
Max 1.000000

Fig. 4.10 and Fig. 4.11 visualize these scores.
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Figure 4.10: Box Plot of Within-Cluster BCC Efficiency Scores by Original Cluster ID

Figure 4.11: Scatter Plot of Overall BCC Score vs. Within-Cluster BCC Score
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4.5 MACHINE LEARNING RESULTS (EXPLAIN-

ING EFFICIENCY)

Regression models predicted DEA BCC Score using contextual features.

4.5.1 Regression Model Performance

Table 4.7 summarizes test set performance.

Table 4.7: Performance of Regression Models on Test Set
Model Test R² Test MSE
Random Forest 0.4594 0.0297
LightGBM 0.4725 0.0290
Gradient Boosting (sklearn) 0.4673 0.0293

LightGBM was the best regressor (R² = 0.4725).

4.5.2 Feature Importances (LightGBM Regressor)

Fig. 4.12 displays feature importances from LightGBM.

Figure 4.12: Feature Importances for Predicting DEA BCC Score (LightGBM Regressor)

The most important features were stats number students, location Encoded, stats pc intl students,

and stats female male ratio.
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Chapter 5

CONCLUSION AND FUTURE SCOPE

This chapter summarizes the key findings of the research, draws conclusions based on the

analyses performed, discusses the limitations of the study, and outlines potential directions

for future research. It also reflects on the broader social impact and practical implications

of the work.

5.1 CONCLUSION

This thesis successfully applied an integrated multi-stage framework, combining Data

Envelopment Analysis (DEA) with clustering and machine learning, to assess the efficiency

of 800 global universities from the 2016 rankings.

The primary DEA revealed an average technical (BCC) efficiency of 0.189, highlighting

significant potential for improvement. A key finding was the prevalence of Increasing

Returns to Scale (IRS) across 86.75% of institutions, suggesting most were operating

below their optimal scale given the broad range of outputs considered. Sensitivity analysis

confirmed the robustness of relative rankings (Spearman correlation ˜0.81) despite changes

in absolute efficiency scores and RTS distributions under different output specifications.

K-Means clustering (K=2) effectively segmented the universities into a large main-

stream group and a very small, distinct group of mega-scale institutions with lower overall

efficiency but higher scale efficiency. Contextualized DEA-within-clusters demonstrated

that universities, especially those in the unique smaller cluster, achieve considerably higher

relative efficiency when benchmarked against more homogenous peers, underscoring the

importance of contextualized comparisons. Machine learning models, particularly Light-

GBM (test R2 ≈ 0.4725), identified stats number students, location Encoded, and
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stats pc intl students as significant predictors of technical efficiency. This indicates

that institutional size, geographical context, and internationalization are key factors as-

sociated with variations in university efficiency.

The multi-stage methodology employed provides a more nuanced and comprehen-

sive understanding of university performance than standalone approaches. It not only

quantifies relative efficiencies and scale characteristics but also sheds light on important

contextual drivers, offering a robust basis for strategic planning and policy interventions

in the higher education sector.

5.2 LIMITATIONS OF THE STUDY

Several limitations should be acknowledged:

• Data Scope and Variables: The analysis is based on a single year (2016), preclud-

ing dynamic efficiency analysis. The variables are from a public rankings dataset,

which may not capture all nuanced inputs (e.g., granular financial data) or outputs

(e.g., long-term graduate impact, direct teaching quality measures). The ”scores”

used as outputs are themselves composite indicators.

• DEA Model Assumptions: DEA is deterministic and attributes all deviations

from the frontier to inefficiency, without accounting for statistical noise. The choice

of input orientation and specific models (CCR, BCC, NIRS) carry inherent assump-

tions. Sensitivity analysis highlighted how output definitions impact RTS results.

• Clustering Limitations: K-Means has assumptions (e.g., spherical clusters), and

the optimal K, while guided by Silhouette analysis, remains a choice. The identified

K=2 resulted in highly imbalanced cluster sizes (793 vs. 7), suggesting one group

is very distinct or that chosen features strongly separate this small group.

• Machine Learning Model Limitations: The R² of ˜0.47 means a portion of

efficiency variance remains unexplained by the selected contextual variables. Feature

importances indicate association, not causation.

• Generalizability: Findings are based on universities included in the 2016 rankings,

which may not represent all HEIs globally.
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5.3 FUTURE SCOPE

This research opens several avenues for future work:

• Longitudinal Analysis: Our current study uses single-year data, limiting insights

into efficiency trends. Future work could use panel data DEA (e.g., Malmquist Pro-

ductivity Index, Window DEA) to analyze efficiency evolution over time, revealing

how universities adapt to changes in policy or strategy.

• Alternative DEA Formulations: Beyond standard CCR, BCC, and NIRS mod-

els, exploring advanced formulations like the Slacks-Based Measure (SBM) could

offer more precise assessments by accounting for non-radial inefficiencies. Network

DEA could also be valuable for analyzing universities as multi-stage systems (e.g.,

teaching and research processes).

• Expanded Variable Sets: The current analysis uses public ranking data. Future

studies should integrate more granular data, including detailed financial inputs,

qualitative teaching indicators, and diverse research outputs (e.g., patents, industry

collaborations) for a more comprehensive evaluation.

• Advanced Machine Learning and Econometric Techniques: While Random

Forest, LightGBM, and Gradient Boosting provided a strong basis, future research

could explore deep learning or Bayesian techniques for more complex relationships.

Incorporating causal inference methods (e.g., propensity score matching) or econo-

metric models like Tobit regression would also help establish stronger causal links

between contextual variables and efficiency outcomes.

• Qualitative Case Studies: Complementing quantitative findings with qualitative

case studies of selected universities (efficient and inefficient) could reveal organi-

zational practices, leadership strategies, and institutional cultures contributing to

performance. Such insights are crucial for translating analytical results into action-

able recommendations.

• Sub-group Analysis and Local Contexts: Applying the framework to specific

university sub-groups (e.g., by country, region, or institutional type) would provide

context-specific insights. This stratified analysis would enable policymakers to tailor

improvement strategies that align with local challenges and priorities.
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5.4 SOCIAL IMPACT

The insights from this thesis can contribute to several positive social impacts:

– Enhanced University Management: Provides objective self-assessment

tools and benchmarks, enabling data-driven strategic planning and resource

allocation for university leaders.

– Informed Higher Education Policy: Offers critical insights on scale effi-

ciency and key efficiency drivers to inform policymakers’ decisions regarding

funding models, expansion, and strategies for a more effective education sector.

– Improved Accountability and Resource Utilization: Enhances trans-

parency in fund utilization, allowing stakeholders to understand how resources

generate outcomes, leading to more responsible allocation and greater public

trust.

– Fairer Performance Evaluation: Promotes equitable comparisons by ac-

counting for diverse institutional contexts, moving beyond simple rankings to

highlight true operational effectiveness.

– Contribution to Economic and Societal Development: Fosters more

efficient universities, which are better positioned to produce high-quality grad-

uates, conduct impactful research, drive innovation, and address societal chal-

lenges, thereby boosting national competitiveness.

By offering a comprehensive and nuanced approach to evaluating university perfor-

mance, this research aims to support ongoing efforts to strengthen the global higher

education sector and its contributions to society.
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