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An Al-based Approach to Academic Quality Quantification

ZEYNEP KARAMAN

Abstract

In the context of academic recruitment at universities and research institutions, establish-
ing consistent and effective evaluation criteria remains a complex challenge. Identifying
robust metrics that align with globally recognized standards of academic quality is essen-
tial to ensure merit-based evaluation of researchers and maintain institutional credibility.
In this thesis, we address this challenge through an Al-based solution aimed at developing
a data-driven approach to quantify academic quality. As a benchmark of academic ex-
cellence, we use Nobel laureates’ profiles in Physics, Chemistry, Physiology or Medicine,
and Economics as a reference cohort. Comparison group includes researchers from the
same fields affiliated with universities with an average ranking based on the Times Higher
Education World University Rankings. By defining bibliometric features of the academic
profiles of both Nobel laureates and the comparison group, we develop machine learn-
ing models to quantify academic quality and identify key features that define academic
excellence. The ultimate goal is to support the decision-making process of universities
and research institutions in academic recruitment, creating fair and objective evaluation

criteria.

Keywords: Data Science, Machine Learning, Scientometrics, Academic Quality Quan-

tification, Recommendation Systems



Akademik Kalite Olciimii Icin Yapay Zeka Tabanl Bir Yaklagim

ZEYNEP KARAMAN
Oz

Universiteler ve aragtirma kurumlarinda akademik degerlendirme ve ise alim baglamimda
tutarli ve etkili degerlendirme kriterleri olugsturmak karmagik bir konudur. Aragtirma-
cilarin liyakate dayali sekilde degerlendirilmesi ve kurumsal giivenilirligi stirdiirmek igin,

akademik kalite standartlarinin belirlenmesi biiyiik énem tagimaktadir.

Bu tez ¢aligmasinda, akademik kaliteyi nicel olarak degerlendirmeye yonelik yapay zeka
tabanli bir ¢6ztim 6neriyoruz. Akademik kalitenin bir dlgiitii olarak, Fizik, Kimya, Fizy-
oloji veya Tip, ve Ekonomi alanlarinda Nobel 6diilii kazanmig aragtirmacilarin profil-
leri referans grubunu olugturmaktadir. Kargilagtirma grubu, ayni alanlarda ¢aligan ve
Times Higher Education Diinya Universite Siralamalar’’na gore ortalama siralamaya

sahip tniversitelerde gorev yapan aragtirmacilardan olugmaktadir.

Nobel 6diillii arastirmacilar ile kargilagtirma grubundaki aragtirmacilarin akademik profil-
lerine iligkin bibliyometrik metrikler tanimlanmigtir. Bu metrikler kullanilarak, akademik
kaliteyi nicel olarak olgmek ve akademik kaliteyi tanimlayan temel gostergeleri belir-
lemek amaciyla makine 6grenmesi modelleri geligtirilmistir. Nihai amag, tniversiteler
ve aragtirma kurumlarinin akademik ige alim siireclerinde karar verme mekanizmalarini

destekleyerek, objektif degerlendirme kriterleri olugturulmasina katk: saglamaktir.

Anahtar Soézciikler: Veri Bilimi, Makine Ogrenmesi, Bilimmetri, Akademik Kalite

Olciimii, Oneri Sistemleri
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Chapter 1

Introduction

1.1 Introduction

Universities and research institutions are the fundamental pillars of higher education,
research, innovation, and human capital development. To successfully achieve their role,
maintain progress and remain competitive, the ability to attract and retain qualified
academic personnel is crucial. While selecting the best candidates for research or profes-
sorial positions is challenging, the task has became more difficult due to the increasing

number of qualified applicants with diverse academic backgrounds.

One of the challenges in academic hiring is the absence of objective, data-driven and
verifiable assessment methods. Expert panels and peer review are typically used to
assess candidates, but this process is susceptible to subjectivity, inconsistency, and biases.
This is especially true when committee members have different opinions about evaluation
criteria or when decisions are heavily influenced by unofficial factors such as institutional

inbreeding or personal networks.

The purpose of this thesis is to develop an indicator of academic quality for researchers
to address this problem. Specifically, our objective is to develop an Academic Quality
Index (AQ!) to predict academic quality by developing two machine learning frameworks:

Siamese neural network (NN) [2] and ensemble learning model.

The input for both models is composed of features that characterize researcher’s output

ad impact, such as h-index, a-index, g-index, number of publications, and total citations.
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The features are derived from bibliometric data for each researcher (e.g., number of pub-
lications, number of citations per publication, average author position per publication),
all of which are stored in bibliographic databases. The output of both models is com-
posed of the AQI and feature importance scores, which highlight the key factors that

distinguish the overall academic quality of a researcher.

Both models were trained on data from researchers in four fields - Physics, Chemistry,
Physiology or Medicine, and FEconomics. The benchmark group consists of Nobel laure-
ates in these four fields, while the comparison group includes researchers affiliated with
universities ranked between 601 and 800 in the Times Higher Education World University

Rankings [3], which we consider to represent an average ranking.

The resulting tool can serve as a decision support mechanism for universities and research

institutions, allowing a fair and consistent evaluation of academics for recruitment.

1.2 Historical background

Scientometrics is the field that analyzes how scientific knowledge is produced, shared and
evaluated to understand the mechanisms of research [4]. Within this field, bibliometrics
plays a central role by applying statistical methods to analyze publication and citation
patterns. Bibliometric indicators are widely used to inform national research policies,
guide funding decisions, support hiring and promotion processes, and assess the overall
impact of research. Traditionally, peer review has served as the dominant method of
evaluating scientific output and academic personnel, while bibliometric analysis provides
a quantitative complement to this approach. When integrated with expert judgment,
this approach - known as informed peer review - can improve quality of the evaluation,

thus reducing bias and increasing transparency [5].

Bibliometrics can be categorized into two categories: descriptive and evaluative. Descrip-
tive bibliometrics involves tracking metrics such as the number of publications, while
evaluative bibliometrics focuses on assessing the impact of research, most commonly
through citation analysis [6]. Among these, citation counts are generally regarded as a
more reliable indicator of research influence |7]. However, simple counts of publications
and citations have limitations. To address these, the scientific community has developed

a wide range of specialized indices, including the h-index [8], g-index [9], a-index [10],
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r-index [11], w-index [12], hg-index [13], m-index [14], e-index [15], and hi-index [16]. In
fact, over 100 bibliometric indicators are used to evaluate research performance at the
author level [17]. These metrics can be broadly grouped into two categories: research
output and productivity measures (e.g., total publications, total citations, number of
authors per paper, number of citations per year, number of citations per paper) and ci-
tation intensity-based indices (e.g., h-index, g-index, a-index, f-index, r-index, hg-index)
[18]. Most of these indicators are derived from mathematical functions that incorporate

factors such as publication count, citation frequency and the number of co-authors.

No single indicator can fully capture an individual’s scientific impact, which makes a
combination of metrics necessary for a valid evaluation [19]. Therefore, bibliometric
research generally emphasizes the need for diverse metrics to evaluate different facets
of a researcher’s work [20]. Each indicator reflects a specific aspect of research perfor-
mance, and the use of multiple indicators, ideally along with peer review, offers a more

comprehensive assessment [21, 22].

Several studies have investigated the most relevant bibliometric indicators using tradi-
tional statistical methods such as correlation analysis. For example, a study of senior
academics in Italy’s occupational medicine field (based on citation analysis of products
published during 2001-2010) highlighted three core metrics: number of publications,
number of citations, and h-index [23]. Another study introduced the C-score, a compos-
ite metric that combines indicators such as citation count, h-index, hm-index (adjusted
for co-authorship) and citations weighted by author position [24]. Clustering techniques
have also been used to group author-level indicators and explore their relation to perfor-
mance [25]. One study clustered 44 metrics that cover productivity, impact, and influence
to categorize researchers by performance level [26]. Recent works in [27, 28] have also
examined the relationship between traditional bibliometrics and altmetrics, sometimes

integrating peer review as a quality measure.

Machine learning approaches have further advanced the evaluation of bibliometric indica-
tors. A study applied a binomial regression model (logit) to data from 3,659 researchers
across disciplines, using eight variables including variants of the h-index, publication and
citation counts, and demographics, to predict promotion results [29]. Another study
analyzed 363 biomedical Ph.D. graduates to predict tenure-track success using logistic

regression and SVM, evaluating 10 indicators such as publication counts, authorship
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roles, impact factors, and weighted outputs [30]. Logistic regression was also used to
identify h-index variants that align with qualitative assessments by international civil
engineering societies for award nominations [18]. A recent study applied Random Forest
algorithms to evaluate 30 bibliometric features among mathematicians [31], while another
used SVM to predict outcomes from Italy’s National Scientific Habilitation, identifying

key predictors for permanent faculty applications [32].

A substantial body of literature, including the studies referenced above, has analyzed
bibliometric data to develop research assessment indicators to rank researchers, typically
emphasizing metrics such as publication and citation counts. Previous studies also high-
light a positive correlation between peer review outcomes and bibliometric indicators,
reinforcing their value as complementary tools in academic evaluation. However, there is
still no consensus in the academic community on the most significant features or metrics
to assess academic quality. Accordingly, our review identified two primary gaps in the

existing literature:

1. Limited used of machine learning approaches: Many of these studies rely
on conventional ranking methods rather than leveraging modern machine learning
techniques to evaluate the relative effectiveness of these indicators. There remains
a need to assess and rank research indicators using contemporary machine learning

approaches.

2. Lack of comprehensive models, new features and data in existing ma-
chine learning studies: Among the few studies that employ machine learning,
most focus on specific fields, narrow data or feature sets, and a single model,
without offering a generalizable approach. Two main limitations are: i) Limited
disciplinary scope: Most studies are confined to a single academic field or lack
clear reference groups for comparison. Although some research has attempted to
evaluate the effectiveness of various indices, the absence of a standardized dataset
limits the ability to make meaningful comparisons; and ii) Narrow methodological
focus: Previous studies often consider only a small subset of bibliometric indicators

and typically rely on a single model to assess research performance.
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1.3 Original value

As a result, there is a lack of studies that simultaneously incorporate diverse bibliometric
indicators, multiple machine learning models, field-spanning comparisons, and integrated

datasets from multiple sources. This thesis aims to address these gaps by:

e Developing a new indicator called Academic Quality Index to assess the academic

quality of a given researcher based on multiple features;

e Incorporating a wide array of bibliometric indices and introducing new metrics
(cpppp-indezx, aap-inder and mazx_fa_ citations) as input features to capture mul-

tiple dimensions of researcher performance;

e Applying Siamese NN and ensemble learning models to measure AQI and feature
importance scores to identify the most significant features for measuring academic

quality;

e Covering four disciplines, namely Physics, Chemistry, Physiology and Medicine,

and Economics;
e Using Nobel laureates as a benchmark group;

e Using professors affiliated with average ranking universities as a comparison group;

and

e Combining data from multiple databases (e.g., Web of Science and Scopus) to

create a robust dataset that is intended to be made publicly available.

By embedding bibliometric data within machine learning frameworks, the proposed AQI
and feature importance scores offer predictive power for evaluation. We aim for our find-
ings to complement peer review in the researcher evaluation process by offering objective

and data-driven insights.

The following chapters are organized as follows. Chapter 2 provides details on the
data description and collection process, and introduces the features used in the mod-
els to quantify academic quality. Chapter 3 presents two machine learning frameworks:
Siamese NN and ensemble learning. The chapter then discusses the determination of

feature importance scores in academic quality quantification. Chapter 4, presents the
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results, including a comparison of the performance of models and a comprehensive dis-
cussion. Finally, Chapter 5 concludes the thesis and outlines the directions for future

research.



Chapter 2

Methodology

2.1 Data description

In this thesis, we define two distinct academic classes to quantify academic quality. The
benchmark class, referred to as the "positive class" (label=1), consists of Nobel laureates
in four fields, namely Physics, Chemistry, Physiology or Medicine, and FEconomics. The
second class, referred to as the "negative class" (label=0), consists of professors in the
same four fields, affiliated with institutions ranked between 601 and 800 according to
the 2025 Times Higher Education World University Rankings. We included only full
professors from these universities for comparability purposes with Nobel laureates. These
two classes serve as comparative baselines for training and evaluating machine learning

models.

2.2 Data collection

For each researcher, we manually downloaded data from Web of Science (WoS) as the
primary source, and used Scopus only when a WoS profile was unavailable. The raw
data collected includes publication titles, citation counts, publication date, author infor-

mation, and source details (e.g., publication venue, volume, issue, pages).

The dataset was collected manually by seven annotators, and the data of each researcher
was subsequently reviewed and validated by the thesis author, who performed a com-
prehensive quality check. Initially, we considered using Google Scholar as the source of

7
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bibliometric data. However, after careful consideration, we opt for the WoS and Scopus
databases because of their higher data quality. Our analysis showed that Google Scholar
often includes unverified content across the internet, listing any document containing the

author’s name as a publication, leading to unreliable data.

2.3 Data preprocessing

We put together all the researcher data that are needed to calculate the features in one
place, either from WoS and Scopus whichever is applicable to the researcher. Then, we
created a new document that includes a subset of the existing columns (i.e., name, field,
title, authors, citations), along with additional calculations for each publication (i.e., a
flag for indicating whether the researcher is the first author, a flag for author inclusion,
the total number of authors, and the researcher’s position in the author list) that are
needed to calculate the features. The features of the model are described in detail in

Section 2.4.

To ensure reliability of the dataset, our analysis; i) removed duplicate publications, (ii)
made sure the author names are correctly processed (e.g., accented characters, suffix
and prefixes such as "Jr.", "De", "Al"), (iii) verified authorship by confirming that each
listed publication included the researcher’s name as an author, (iv) filtered professors
who had less than five publications in the dataset, and (v) filtered publications with
publication years earlier than 1900 to ensure accuracy. Table 2.1 presents a descriptive
summary of the dataset, which consists of a total of 296,234 publications (42% Nobel,
58% average) by 2,331 researchers (27% Nobel, 73% average). The average group includes
researchers from 117 universities around the world. Please see Appendix A for the list
of the universities.

TABLE 2.1: Data description.

Positive Class Negative Class
Field name (higher academic quality) (lower academic quality)
Physics 182 511
Chemistry 173 514
Physiology or Medicine 185 344
Economics 92 330

Total number of researchers 632 1,699
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2.4 Features for academic quality quantification

Based on a thorough literature review, we identified 15 features to be used as input for

both machine learning models to predict academic quality. These features include a set

of new metrics proposed in this thesis and conventional bibliometric metrics to train and

evaluate models for academic quality quantification. Table 2.2 presents a descriptive

summary of the features.

TABLE 2.2: Features for academic quality quantification.

Feature

Description

Conventional metrics

Number of publications
Total citations

h-index

normalized h-index

g-index

a-index
k-index

110-index
1100-index
11000-index
110000-index
cpp-index

Total number of publications

Total number of citations

Number of papers (h) with citations > h

h-index divided by the square root of the total number of
publications

Largest number of top g publications whose cumulative ci-
tations reach at least g2

Average number of citations of h-core publications

Average citations per publication, divided by the ratio of
citations in the h-tail to citations in the h-core

Number of publications with at least 10 citations

Number of publications with at least 100 citations

Number of publications with at least 1000 citations
Number of publications with at least 10000 citations
Average number of citations per publication

Proposed new metrics

cpppp-index
mazx_fa_ citations

aap-index

Average number of citations per author per publication
Maximum number of citations among publications where the
researcher is the first author

Average author position across all publications

The following are the descriptions of the features.

e Number of publications (Number of publications per person): This metric reflects

the overall research productivity of the researcher, defined as

Number of publications := Pub - (2.1)
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e Total citations (Sum of citations of all publications per person): This metric indi-

cates the total impact or influence of a researcher’s work, defined as

Total citations := Cit,,. (2.2)

e h-index (Number of papers (h) with a citation count > h): The h-index is the
maximum number h for which the top h most-cited publications have each received
at least h citations. This metric reflects the most impactful and productive part of

a researcher’s work based on the number citations received, defined as

h-index := max {h € N : Cit;, > h}. (2.3)

e normalized h-index (h-index divided by the square root of total number of publi-
cations) [33]: This metric adjusts h-index for the number of publications, helping

to compare researchers with different publication volumes, defined as

normalized h-index := m. (2.4)

Pubcoun
e g-index (Largest number of top g publications whose cumulative citations reach
at least g?): The g-index is the maximum number g such that top g most-cited
publications have at least g? citations in total. Similar to the h-index, the g-index
evaluates impact and productivity of a researcher, however, it gives more weight

on impact. A few highly cited publications can result in a higher g-index than a

larger number of averagely cited ones, defined as

k
g-index := max {k‘ eN: Z Cit; > k‘Q} . (2.5)

i=1

e a-index (Average number of citations of h-core articles): Since h-index and g-index
values are integers, many researchers, especially in small groups, can share the
same value, making it difficult to distinguish their performance. Moreover, h-
index effectively highlights highly impactful researchers, but it has limited ability
to differentiate among average researchers. This metric addresses this limitation as

a-index does not have to be an integer value and may increase as the researcher’s
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citation counts increase, even if the h-index remains unchanged. This makes a-
index more effective at distinguishing researchers with the same h-index and g-
index value. a-index is defined as

h -y
—Zijl City (2.6)

a-index :=

e k-index (Average number of citations per publication divided by the ratio of cita-
tions in the h-tail to citations in the h-core) [34|: H-tail consists of publications
having at most h citations and is not captured by h-index. To avoid this loss, this
metric considers the citations in the less cited h-tail, which are not a part of highly
cited h-core, defined as

Citay
Pubcount

Citp. tail
Cith_core

e i10-index (Number of publications with > 10 citations): This metric highlights a

k-index :=

(2.7)

researcher’s ability to consistently produce impactful work, defined as

110 := |{p € Pub | Cit, > 10}]. (2.8)

e i100-index (Number of publications with > 100 citations) [35]: Publications with
over 100 citations are generally considered influential in their field and signify a
strong contribution to scientific discourse. This metric highlights a researcher’s

ability to consistently produce highly impactful work, defined as

i100-index := |{p € Pub | Cit, > 100}|. (2.9)

e 1000-index (Number of publications with > 1000 citations) [35]: High citation
counts are rare and typically reflect groundbreaking or field-defining work. This
metric serves as a marker of exceptional academic influence and long-term rele-

vance, defined as

11000-index := |{p € Pub | Ciit, > 1000}|. (2.10)
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e 10000-index (Number of publications with > 10000 citations) [35]: Extremely
high citation counts are rare and typically reflect groundbreaking or field-defining
work. This metric also serves as a marker of exceptional academic influence and

long-term relevance, defined as

i10000-index := |{p € Pub | Cit, > 10000}|. (2.11)

e cpp-index (Citations per publication): This metric normalizes the total citation
count by productivity, allowing for a quality-over-quantity assessment. It provides

insight into the impact of each publication on average and defined as

Citall o Z’fil Cltl

2.12
Pchount N ( )

cpp-index :=

e cpppp-index (Citations per author per publication): By accounting for co-authorship,
this metric emphasizes individual contribution and helps distinguish between highly

collaborative and independent high-impact work, defined as

N

1 Cit;
-index 1= — . 2.13
cpppp-index N; m (2.13)

e maz_fa_ citations (Maximum number of citations among publications where the
researcher is the first author): The first author often plays a key role in the execu-
tion and production of research. This metric captures leadership in the production

of research, deefined as

max_fa_citations := max C'it;. (2.14)
- ieF

e aap-index (Average author position): The author’s position is often used to infer the
role in the publication. A low aap index implies consistently early author position
(e.g., first or second) and may indicate sustained leadership or major contributions

in publications. aap index is defined as

N
) 1
aap-index := N ; a;. (2.15)
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2.5 Model selection

We identify the academic quality assessment problem as a supervised learning task, where
the AQI is predicted as a value between 0 and 1. A higher AQI value, closer to 1, indicates
greater academic quality. The models are trained using data from Nobel laureates (the
"positive class"), who represent high-quality academic profiles, and data from average
academics (the "negative class"), who have relatively lower-quality academic profiles

based on their university rankings.

To predict AQI and identify the most important features for assessing academic quality,
we use Siamese NN and XGBoost [36] as the ensemble learning model. These models in-
corporate: (i) a class separation margin, where applicable, which penalizes small margins
between the positive and negative classes to maximize the dissimilarity between classes;
(ii) regularization to prevent overfitting; and (iii) hyperparameter tuning to optimize the

model performance.

Model training: For each modeling approach (Siamese NN and XGBoost), five models
are developed using data from the following subsets: (i) the full dataset (all fields);
(ii) Physies; (iii) Chemistry; (iv) Physiology or Medicine, and (v) Economics. For each
subset, the corresponding Siamese NN and XGBoost models are trained and tested using

the same train-test splits to ensure a fair comparison of their performance.

Data are split into train (80%) and test sets (20%), with performance evaluated using
5-fold cross-validation. Once the models are trained, the resulting AQI values provide a
measure of researcher performance and feature importance scores that distinguish suc-

cessful researchers.

Model quality: To evaluate the performance of all AQI prediction models, we use the
MQ score, a custom metric to minimize variance of the same class and maximize differ-
entiation between positive and negative classes. Inspired by Fisher’s linear discriminant

analysis, the MQ score is defined as

where:
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e m, and m,, are the mean AQI values for the positive and negative classes, respec-

tively,

e s, and s, are the variances of AQI values within the positive and negative classes.

Software: All data preprocessing and analysis, and implementation of the Siamese NN
and XGBoost models are performed using Python programming language. For software
packages and libraries, we use PyTorch and scikit-learn to implement Siamese NN,
XGBClassifier and scikit-learn to implement XGBoost, and matplotlib for visual-

izations.

Hardware: The training of the models was conducted on a system with an Apple
M2 Pro with 12-core CPU, 19-core GPU, advanced Neural Engine, and 16 GB RAM,
which enabled efficient performance. The complete training process took 4.3 hours for

all Siamese NN models and 0.3 hours for all XGBoost models.



Chapter 3

Models for Academic Quality

Quantification

In this thesis, we employ two machine learning techniques, Siamese NN and XGBoost,
to quantify academic quality. Both models are well-suited for supervised learning tasks

involving complex nonlinear relationships, offering potentially improved performance.

The objective of all models is to predict academic quality by minimizing the distances
between the same-class instances and maximizing the separation between positive and

negative classes.

To evaluate model performance, we use the MQ score, a custom metric that rewards a

larger mean separation between classes while penalizing high variance within each class.

3.1 Siamese neural network model

In this section, we introduce Siamese NN to distinguish between positive and negative

classes, thus indirectly quantifying academic quality.

3.1.1 Overview of Siamese neural networks

A Siamese NN is a machine learning model, which learns the similarity between input

paired data by comparing them using a distance metric that aims to distinguish and

15
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classify. Although there are many similarity approaches, a Siamese NN is considered

the most effective choice [37]| to compare complex data samples with features of varying

types.

Siamese NN consists of two identical neural networks that process two input vectors in
parallel. Both networks are feedforward perceptrons trained using error backpropagation.
They share the same architecture and weights, and each side learns a hidden represen-
tation (or features) of its input vector. The outputs of these networks are compared
using a similarity function (e.g., distance function). The final output of the Siamese NN
reflects how similar the two input vectors are based on their learned representations. An

illustration of the Siamese NN model is shown in Figure 3.1.

Neural
Tngut 1 Network
shared Contrastive
weights Liiss Output
Neural -
Input 2 Network /7

FIGURE 3.1: Siamese NN model.

Applications of Siamese neural network

Siamese NN was originally applied to signature verification to detect forged signatures by
comparing two handwritten signatures [2]. It was able to state whether the two signatures
were original or not. In recent years, research on Siamese networks has gained increased
attention due to the improvement in computational capabilities [38]. They have since
been widely used for classification problems by learning similarity metrics to compare
and score input pairs, in several different fields such as image and video analysis, biology,
chemistry, physics, medicine, signal processing, text mining, and robotics. For example,
Siamese NN was used for action quality assessment [39], for medical imaging [40], for text
similarity assessment [41], for chromosome classification [42|, for road detection from the

perspective of moving vehicles [43], for plant leaves classification [44], for software defect
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prediction [45], for video anomaly prediction and detection [46], for phonetic similarity

detection between speech signals [47] and for cervical cancer diagnosis [48|.
Advantages and Challenges of Siamese neural networks

The main advantage of Siamese NN over other neural network models is their strong
ability to learn effectively even with limited training data [49]. Accordingly, Siamese NN
can effectively learn representations in limited or imbalanced data, or in high-dimensional
settings, which are common challenges in binary classification. Table 3.1 presents a

summary of the advantages and challenges of the Siamese NN.

TABLE 3.1: Advantages and challenges of Siamese NN.

Advantages of Siamese NN

Challenges of Siamese NN

Efficient learning from comparisons:
Requires fewer labeled data by leverag-
ing pairwise comparisons. Creating sam-
ple pairs augments the dataset size and al-
lows the model to learn from pairwise sim-
ilarity rather than absolute labels.

Computationally expensive: Generat-
ing all possible pairs leads to quadratic
growth in training samples, increasing
computation costs.

Flexibility in input data types: Can
be used for tabular data, images, text, or
mixed types.

Hyperparameter sensitivity: Requires
careful tuning of margins used in con-
trastive loss function and batch sizes.

Better generalization: Siamese net-
works can generalize to unseen data via
learned similarity metrics, especially in

few-shot learning.

Training instability: Sensitive to ini-
tializations and learning rates due to pair-
based optimization.

3.1.2 Siamese neural network for academic quality quantification

We implement the Siamese NN models to predict academic quality as follows. Section
3.1.2.1 explains the structure of the Siamese NN that learns the tabular data. Section
3.1.2.2 presents the modified contrastive loss function used to group same-class samples,
to push different-class samples apart and to ensure that positive samples rank higher
than negative ones. Section 3.1.2.3 explains the grid search performed over margin

hyperparameters and number of epochs to find optimal settings. Finally, Section 3.1.2.4

shows the training of the final model with the best parameters and the testing process.
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3.1.2.1 Siamese neural network architecture

We implement a Siamese NN model to predict academic quality by comparing pairs of
researcher profiles from the dataset with 15 features and binary labels (positive class
labeled as 1 and negative class labeled as 0). The model architecture is a fully connected

feedforward neural network (multi-layer perceptron) with:

Input layer: Input dimension is equal to the number of features (i.e., 15 features)

in the dataset;

e Ist hidden layer: 48 units, ReLU activation, followed by 30% dropout for regular-

ization;
e 2nd hidden layer: 48 units, ReLU;
e 3rd hidden layer: 48 units, ReLU;

e Qutput layer: 1 unit. The final output is a sigmoid activation to produce a score

between 0 and 1 (interpreted as AQI).

This structure with regularization (via dropout) is well suited for our structured tabular
data and data size, where a fixed-length feature vector is compared in pairwise fashion.
An illustration of the Siamese NN architecture used for the prediction of AQI is shown

in Figure 3.2.

fully connected feedforward neural network

Input layer —»(lst hidden layerHan hidden layer)—»(?&rd hidden layer]—b Output layer

15 features 48 neurons, RELU, 48 neurons, RELU 48 neurons, RELU 1 unit, sigmoid
30% dropout

FIGURE 3.2: Siamese NN for AQI quantification.

Data preparation: Before training, five datasets were prepared: one comprising the
full dataset (all fields), and four field-specific subsets, Physics, Chemistry, Physiology or
Medicine and Economics, partitioned from the full dataset. Each dataset was split into
80% train and 20% test sets. Standard scaling (zero mean, unit variance normalization)
was applied to all features. The scaler is fitted using the training data and subsequently

applied to both the training and test sets.
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Subsequently, all pairs consisting of positive and negative samples were generated for
each model using full cross-pairing to construct the training inputs. Given P positive

instances and N negative instances, we form P x N training pairs.

Full dataset: 632 x 1699 x 80% = 859,014 pairs

Physics: 182 x 511 x 80% = 74,402 pairs

Chemistry: 173 x 514 x 80% = 50,912 pairs

Physiology or Medicine: 185 x 344 x 80% = 63,640 pairs

e Economics: 92 x 330 x 80% = 24,288 pairs

Training: During training, each input instance x; and z; (i.e., input vectors of two
researcher profiles) is independently passed through an identical feedforward neural net-

work fy with shared weights 6 to produce comparable embeddings

hi = fo(xs),
hj = fo(z;),

where:

o fy(-) is the neural network with parameters 6,

e h;, h; are the output embeddings (feature representations) of the two profiles.
At each hidden layer [, the neural network performs a non-linear activation
a® = (Wa)a(l—l) I b<l>) 7
where:

e a9 = 2 is the input vector,

W® and b® are the weights and biases at layer [,

¢(+) is the ReLU activation function,

e a) is the output activation of layer I.
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These activations transform the inputs into high-level representations, enabling the net-
work to capture non-linear relationships between features. The embeddings h; and h;

are the outputs of the final layer.

Weight updates via backpropagation: The loss function £ (defined in Section 3.1.2.2)
compares these outputs of sample pairs to quantify how well the model distinguishes be-
tween positive and negative samples. £ encourages embeddings of similar instances to
be close and dissimilar instances to be far apart. The network parameters are updated

by minimizing £ using stochastic gradient descent (SDG) as follows:

1. Compute gradients of the loss with respect to sigmoid-transformed outputs as

oL ot
882'7 88]' '

2. Backpropagate through the sigmoid and each layer to compute gradients for all

layers [ as

oL oL

owm’  ap)”
3. Update weights and biases with learning rate 7 as

oL
ob®

oL
(0 o _, Y= O] o _,
W «— W 7)8 Ok b\ b ]

Through these iterative updates, the neural network learns to produce embeddings that
bring similar instances closer and push dissimilar instances apart, improving the model’s

ability to predict academic quality.

Similarity score computation. The Siamese NN outputs the scores that indicate
the similarity between two input instances. These scores are computed using a sigmoid

function

1
o) = T

1
o(hj) = m,

where o(h;) and o(h;) are the predicted scores (AQI value) between 0 and 1 for each
input instance (i.c., researcher profile). These scores are then used in the loss function

to guide the training process.
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Optimization Setup. The model training is performed using stochastic gradient de-
scent with a learning rate of 1 x 10™3 and batches of size 32. To reduce overfitting and

enhance generalization, we apply the following:

Early stopping (patience = 10 epochs),

Dropout regularization,

Lower model complexity (48 neurons),

5-fold cross-validation.

3.1.2.2 Loss function: Modified contrastive loss

In a standard Siamese NN, the input to the model is a pair of feature vectors that
are passed through the same neural network to generate their respective embeddings.
The similarity or dissimilarity between these embeddings is then quantified, commonly

through contrastive or triplet loss functions.

In this thesis, the Siamese NN model is trained using a modified contrastive loss to
maximize separation between embeddings of different classes, while preserving same-

class similarity. Modified contrastive loss function, Ly, is defined as

Emcl = Leontrastive + Eorder: (31)
1 i i 2
Econtrastive = VaI‘(fp) + Val"(fN) + N [maX (07 me — ‘f](D) - f](v) )] ’ (32&)
=1
RS (@), ()
Eorder_N;maX <07 mo_fp +fN)7 (32b)

where

e N is the number of pairs
e fp are the output values for positive class

e fx are the output values for negative class
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° I(Di) is the output value for the i-th positive sample
o f ](é) is the output value for the i-th negative sample
e m, is the contrastive loss margin

® m, is the order loss margin
Ly comprises two distinct components: contrastive 1oss Leontrastive and order loss Lorder-

e Contrastive loss term (Lcontrastive): This term penalizes when the outputs of
positive and negative pairs are not sufficiently separated and enforces compact

clusters by minimizing the same-class output variance as follows:

— Different-class separation: For pairs (z;,z;) of different classes (i.e., one pos-
itive and one negative), their outputs are separated by at least the specified

margin me.

— Same-class clusters: Minimizes the variance of outputs among same-class pairs

(both positive and negative), encouraging them to cluster closely.

e Order loss term (Lyqer): This term enforces that positive samples receive higher
scores than negative ones by at least the margin m,, as samples in the positive class
are expected to exhibit higher academic quality compared to those in the negative

class.

3.1.2.3 Hyperparameters of Siamese neural network

To train the models effectively, we perform a hyperparameter grid search for the margin
parameters using a 20% validation set, and a separate grid search for the optimal number

of epochs for early stopping, using a 5-fold cross-validation.

Margin parameters: For the model trained on the full dataset (all fields), a grid
search was performed to find the optimal margin values for the modified contrastive loss
function. The following margin parameters are tested using the 20% validation set, which
was split from the initial 80% training set (resulting in a 60% training, 20% validation,

and 20% test split) m. € {0.25, 0.5, 0.75}, and m, € {0.2, 0.3, 0.4, 0.5}.
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Each model was trained with the same architecture and optimizer (SGD, Ir=0.001) and
evaluated by the MQ score. The optimal margin parameters obtained from the full
dataset were subsequently used to train the four field-specific Siamese NN models as

well.

Early stopping: For each of the five Siamese NN models, an additional grid search was
performed using a 5-fold cross-validation to determine the optimal number of training
epochs (up to a maximum of 100 epochs) using early stopping. The best number of
training epochs is decided based on the fold with the highest average MQ score. Table

3.2 presents the final training parameters.

TABLE 3.2: Training parameters for the Siamese NN model.

Training Parameters
Parameter Physics | Chemistry | Physiology or Medicine | Economics | All Fields
m. 0.75 0.75 0.75 0.75 0.75
m, 0.2 0.2 0.2 0.2 0.2
Number of epochs 88 66 74 100 40
Learning rate 0.001 0.001 0.001 0.001 0.001
Batch size 32 32 32 32 32

3.1.2.4 Final model training and testing

Final Siamese NN models were trained using:

e The training datasets with all pairs from positive and negative classes;
e The same architecture;
e The best margins and number of epochs identified during grid search.

The outcome is a trained Siamese neural network that maps the input feature vectors

(from tabular data) into a similarity score (between 0 and 1) such that:
e Both positive class (label = 1) and negative class (label = 0) samples are clustered
in the output space (close same-class scores).
e Different class samples are separated (by at least contrastive loss margin m.).

e Positive samples score higher than negative samples (by at least order loss margin

Mo).
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The models output a scalar between 0 and 1 for each test sample that can be interpreted

as AQL.

3.2 Ensemble learning model

In this section, we introduce XGBoost, a powerful gradient boosting model, to quantify

academic quality.

3.2.1 Overview of XGBoost

XGBoost was first introduced in 2016 [36], and is considered one of the most effective
gradient boosting implementations. It constructs an ensemble of decision trees, where
each tree is trained to fix the errors (residuals) of the previous trees. This is achieved by

minimizing a regularized loss function using gradient descent.

Specifically, at each boosting step, the newly trained tree predicts the negative gradients
(residuals) of the loss function with respect to the model’s output. Its output is then
added to the prediction of the previous trees to improve the final output of the model.
The boosting process continues iteratively until either the residuals stop reducing or the

maximum number of trees is reached.

One of the valuable aspects of XGBoost is its built-in feature importance metrics, which

help to understand how much each feature influences the model’s predictions.
Applications of XGBoost

Due to its robust predictive performance and relatively low computational cost, XGBoost
has been adopted across various domains, ranging from chronic kidney disease diagnosis
[50], bankruptcy prediction [51], and credit risk assessment [52] to vehicle driving as-
sessment [53]. There is also research [54] that demonstrates that XGBoost can perform

better than other machine learning methods on imbalanced datasets.
Advantages and challenges of XGBoost

The main advantage of XGBoost is its strong learning ability with tabular data and

its efficiency in managing limited or imbalanced datasets, which makes it well-suited
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model for our study, where the class imbalance is 2.7:1 (1699 negative samples vs. 632

positive samples). Table 3.3 presents a summary of the advantages and challenges of the

XGBoost.

TABLE 3.3: Advantages and challenges of XGBoost.

Advantages of XGBoost

Challenges of XGBoost

High predictive performance: Uti-
lizes gradient boosting and regularization
(L1/L2), making it highly accurate and
less likely to overfit compared to basic de-
cision trees.

Hyperparameter complexity: Re-
quires many hyperparameters, which can
be computationally intensive.

Robust with structured/tabular
data: XGBoost often outperforms neural
networks on small-to-medium structured
datasets.

Less effective for unstructured data:
Struggles with image, audio, or text data
compared to neural networks.

Efficient and scalable: Supports paral-

Overfitting risk on noisy data: Al-

though regularized, it may still overfit if
the dataset contains too much noise or re-
dundant features.

lelized tree building and out-of-core com-
putation.

3.2.2 XGBoost for academic quality quantification

We implement XGBoost models to predict academic quality as follows. Section 3.2.2.1
explains the structure of the XGBoost that learns the tabular data. Section 3.2.2.2
presents the loss function. Section 3.2.2.3 explains the grid search performed over

hyperparameters to find optimal settings. Finally, Section 3.2.2.4 shows the training of

the final model with the best parameters and the testing process.

3.2.2.1 XGBoost architecture

We implement XGBoost model to predict the probability that an instance belongs to the
positive class using the dataset with 15 features and binary labels (positive class labeled
as 1 and negative class labeled as 0). XGBoost first predicts the log-odds (logits) that a
researcher belongs to the positive class. These logits are then converted into probabilities
using the sigmoid function. The resulting probabilities are interpreted as a measure of

the AQI for each researcher.

e A high probability indicates that the researcher belongs to the positive class, im-

plying higher academic quality.
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e A low probability indicates that the researcher belongs to the negative class, im-

plying lower academic quality.

Data preparation: We use the same train (80%) and test (20%) splits prepared for
the Siamese NN models to train and evaluate XGBoost models: one comprising the
full dataset (all fields), and four field-specific subsets, Physics, Chemistry, Physiology or
Medicine and Economics, partitioned from the full dataset. The dataset is not standard-

ized for XGBoost, as ensemble learning models do not require feature scaling.

Initialization: XGBoost initializes the prediction y, for every instance x; in the dataset

as

yo = 0.5 as an initial guess, which will be iteratively improved during training. (3.3)

Training - iterative boosting process: XGBoost implements the iterative boosting
process, in which an ensemble of decision trees is built to correct the errors (residuals)

of previous trees as follows:

1. Compute residuals: For each instance, the residual r; is the difference between the

true label y; and the current prediction g;, defined as

r; =y; — y; for each training instance (i),

where y; is the true label ( 0 or 1) and ¢; is the model’s prediction (initially 0.5).

2. Build a decision tree: At each iteration, XGBoost fits a new decision tree to predict
the residuals. The tree is trained to minimize the logistic loss function (in the case
for binary classification), effectively learning the necessary corrections to improve the

model’s predictions.

3. Calculate leaf values for the tree: The leaf value indicates the prediction of the
instances within that leaf node and is used to update the model’s overall prediction. It is
calculated as the negative average of the residuals for all instances that fall into current
leaf node as

— S

number of instances in the leaf’

leaf value =
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After a new tree decision tree is built, its output is added to the cumulative predictions

of the existing model (previous trees) as

7PV = 424 4 learning rate x leaf value,

where:

° Qz‘-’ld is the previous prediction before adding the new tree.

e The leaf value is the output (prediction) of the current leaf node in this new tree,

calculated from residuals.

e The learning rate controls the magnitude of the update; a smaller learning rate

means that each tree makes smaller corrections.

e learning rate x leaf value is the impact of the new tree.

nnew

e UV is the updated prediction after including this tree.

4. Repeat iterative boosting to build an ensemble of trees: The boosting process repeats
until the residuals stop improving or the maximum number of trees is reached. Each new
tree corrects the errors of the previous trees by adjusting the predictions, improving the

accuracy of the model over time.

Final model prediction: Once the trees are trained, XGBoost computes a logit score
for each instance x;, which is the sum of the predictions from all trees scaled by the

learning rate. The predicted output (logit score) for an instance z; is defined as

T

il = g0+ filws),

t=1

where f;(x;) = learning rate x leaf value;

Here, fi(z;) is the contribution (prediction) from the ¢-th tree for instance z;, and T is

the number of trees in the model.

An illustration of the XGBoost model used for the academic quality quantification is

shown in Figure 3.3.
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FIGURE 3.3: XGBoost model for AQI quantification (adapted from [1]).

Conversion to probability (using logistic function): The logit score is then passed
through a logistic (sigmoid) function to convert it into a probability that the instance

belongs to the positive class as

1

P(yl =1 | 35‘1) = 1+ e—logit(z;)’

where:

e P(y; = 1] z;) is the predicted probability of the model that instance i belongs to

class 1 (positive class).

e logit(x;) is the output from the ensemble of decision trees.

This probability is interpreted as an indicator of how likely an instance (i.e., researcher)
belongs to the positive class. For example, let us say we have a researcher with a set
of 15 feature values (e.g., h-index, total citations, etc.). After passing the researcher’s
features through the trained XGBoost model, the predicted probability of the researcher
is

This indicates that the researcher’s AQI value is 0.75. The closer the AQI is to 1, the

higher the academic quality.
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3.2.2.2 Loss function

The model minimizes classification error by updating the trees using the gradients (first
derivatives) of the loss function with respect to the model predictions. To differentiate

between the two classes, XGBoost employs a logistic loss function, liog, defined as

hog (Yi> 9i) := — [yilog(9i) + (1 — i) log(1 — §i)] , (3.4)

where y; € {0,1} is the true class label and ¢; is the predicted probability for sample i.

During training, we minimize the following function

N
Lensemb = Z llog(yia gz) + Q(f)v (35)

i=1
where Q(f) is the regularization term that controls model complexity, based on the
structure of the decision trees. XGBoost incorporates both L1 (lasso) and L2 (ridge)

regularization within €(f) to control overfitting and improve generalization.

3.2.2.3 Hyperparameters of XGBoost

To train the models effectively, we performed a hyperparameter grid search using 5-fold

stratified cross-validation. The parameters of grid search are:

e n_estimators € [30, 35, 40, 45, 50]. The number of weak learners (decision trees).

e max_depth € [3, 5, 7]. The maximum depth allowed for each of the weak learners.
The model grows the tree up to the maz_depth and then performs backward prun-
ing, removing nodes until the loss falls below a threshold. Controls the complexity

of individual trees, where shallower trees help to reduce overfitting.

e learning rate € [0.01, 0.05]. Step size parameter that helps to reduce overfitting,

where lower values lead to slower, more cautious convergence.

e subsample € [0.8, 1|. The proportion of the training data randomly sampled to

grow each tree, where values below 1 introduce randomness and reduce overfitting.
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e min_child_weight € [3, 5, 7, 10]. The minimum total weight of samples needed
to form a child node. The higher value restricts splitting nodes with few samples,

which helps to reduce overfitting.

e reg_lambda € [1, 5, 10|. L2 regularization term, which is useful when features are

collinear.
e reg_alpha € [0.01, 0.1]. L1 regularization term that promotes feature selection.

e scale_pos_weight € [1, 2, 2.7, 2.8, 3, 3.6, 4]. This parameter is used to compensate
for class imbalance. Balances the importance of positive versus negative classes by
scaling the loss associated with positive class instances to allow the model to pay
more attention to this underrepresented class. For example, 2.7 is calculated as the

ratio of negative to positive samples (1699:632), to reflect the class distribution.

e gamima € [0, 0.1, 0.5|. The minimum decrease in loss (or gain) necessary for a
node to be split. This parameter regularizes tree growth by controlling node splits
and reduces overfitting for small and imbalanced data. A node is split only if the
resulting split leads to a loss reduction greater than gamma. Higher gamma implies

a more conservative tree with fewer splits.

Each model was evaluated according to the MQ score to select the best parameters.
Table 3.4 presents the final training parameters. This configuration ensures that the

TABLE 3.4: Training parameters for the XGBoost model.

Training Parameters

Parameter Physics | Chemistry | Physiology or Medicine | Economics | All Fields
n_estimators 50 50 50 30 50
max_depth ) 5 5 3 5
learning_rate 0.05 0.05 0.05 0.05 0.05
subsample 1 1 1 0.8 1
min_child_weight ) ) 3 ) 3
reg_lambda 1 1 1 1 1
reg_alpha 0.1 0.01 0.01 0.01 0.1
gamma 0.5 0.1 0.3 0 0.1
scale_pos_weight 2.8 3.0 4.0 3.6 2.7

structures to minimize overfitting.

XGBoost models are leveraging regularization, class balancing, and conservative tree
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3.2.2.4 Final model training and testing

Final XGBoost models were trained using:

e The same training datasets with Siamese NN models;

e The optimal hyperparameters found during grid search.

The outcome is a trained XGBoost model that maps the input feature vectors (from tab-
ular data) to a probability (between 0 and 1) for each test sample that can be interpreted
as AQL.

3.3 Feature importance determination

Feature importance scores quantify how much each input feature contributes to the
model’s predictions. Features with higher scores are more important for the model’s

output.

This is different from feature selection, which aims to identify only a subset of features
that improve model performance. While feature importance scores provide information
on the relevance of all features after training, feature selection uses such insights to
exclude less useful features before or during model training. Feature importance helps
interpreting the model but does not reduce features. Table 3.5 presents a comparison of

the two approaches.

TABLE 3.5: Feature importance determination vs. Feature selection.

Feature Importance (as applied in this study) Feature Selection

Purpose Quantifies importance of each feature to Selects a subset of features for building a
the model’s prediction. more interpretable model.

Output Importance scores for all features. A subset of features.

‘When is it applied After training, for interpretation. Before or during training to reduce dimen-

sionality.

How is it applied Measure effect of perturbing each feature Methods include filter (e.g., correlation)

on model output. and embedded (e.g., Lasso).

3.3.1 Feature importance for Siamese neural network

In Siamese NN, the perturbation approach is used to determine the feature importance

scores as follows:
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e Compute the final model’s predictions on the training data.

e Apply perturbation. For each feature 2| create a copy of input tensor and zero
out feature (/) across all samples. This simulates "removing" feature z) by

neutralizing its influence.
e Run the model on the perturbed data and compute predictions.

e Calculate the absolute difference between the original and perturbed output (pre-
dictions) per sample and take the average difference over all samples. This differ-
ence measures the change in the model output when the feature z9) is removed and
indicates how important that feature is. If setting the feature () to zero causes
a significant change in the model’s output, the feature is considered more crucial;
whereas if zeroing it out barely affects output, the model does not rely heavily on

the feature.

e Normalize all importance scores so that they sum to 1.

This process is illustrated below. Let:

o, = [%(11)7 x,(f), . 7%(115)] be the n-th input data point, where each wg) is a feature

value.

e f(zy) be the model output for input .

° xkj be identical to z, except that the feature 29 is set to zero as

x;j = [acfll), .. ,xg_l), O,w,(f'l), . ,acflw)].

The raw importance score of feature z\7) is calculated as
. 1 X
=53 [F@a) = f@))].
n=

To express feature 2(/)’s contribution as a percentage over all features, we normalize

FI(21)) : I(zY))

= ——7 % 100.
21165:1 I(x(k))
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3.3.2 Feature importance for ensemble learning

In XGBoost, feature importance is evaluated using gain-based metrics. Accordingly, each

feature’s contribution to predictive performance is measured by calculating the reduction

in the logistic loss function when a node in the XGBoost decision trees is split using that

feature. Features with higher gain values are considered to be more influential in reducing

classification error. For a given feature (), its total gain is

Gain(w(j )) = Z Gaingpi.
splits on (9

Each split’s gain is:

G2 G% (GL + GR)?

. 1
Gaingpliy 1= 3 [

where:

Hp + X HR—F)\_HL—FHR—F)\ L

(3.7)

e G, Gp are the gradient sums (first derivatives of the loss) for the left and right

child nodes as

o=y S

)
i€left node 8f($l)

_ Ol(ys, f(x;))
Gr= Y ~of@)

i€right node

(3.8)

(3.9)

e Hj, Hp are the Hessian sums (second derivatives of the loss) for the left and right

child nodes as
_ Oy, f(x:))
Ho= X ey

82£ i xZ;

i€left node

i€right node

o /(y;, f(x;)) is the logistic loss function,

f(z;) is the model prediction (logit or score) for the i-th sample,

A is the L2 regularization parameter,

~ is the regularization on the number of splits.

(3.10)

(3.11)
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The feature importance score for feature (), denoted by FI(x(j)), measures how useful
each feature is in improving the model prediction, and is defined as

S(z9))

FI(z) := Z Gain at split s, (3.12)
s=1

where S(z()) counts how many times the feature 29 is selected to split throughout the

entire ensemble of trees.
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Results

4.1 Results of all-field data

The training and test performance of the Siamese NN model developed for AQI using

the full dataset (all fields) are presented in the following figures. Figure 4.1 shows the

training predictions and the prediction distribution, Figure 4.2 shows the test predictions

and the prediction distribution and Figure 4.3 displays the training loss and MQ score

per epoch.
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Network Output [0, 1]

Siamese NN Output (Test) - All Fields
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FIGURE 4.3: Training loss and MQ score for Siamese NN model - All Fields

The training and test performance of the XGBoost model developed for AQI using the

full dataset (all fields) are presented in the following figures. Figure 4.4 shows the training

predictions and the prediction distribution, and 4.5 shows the test predictions and the

prediction distribution.
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XGBoost Output Distribution (Test) - All Fields
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4.2 Results of field-based data

Integrating the dataset across different fields may have limitations, since each field pos-

sesses unique traits, and features important to one field may not be applicable to another.

To address this, we developed field-specific models to quantify AQI and feature impor-

tance scores.

4.2.1 Physics

The training and test performance of the Siamese NN model developed for AQI using

Physics data are presented in the following figures. Figure 4.6 shows the training pre-

dictions and the prediction distribution, Figure 4.7 shows the test predictions and the

prediction distribution, and Figure 4.8 displays the training loss and M(Q score per epoch.
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The training and test performance of the XGBoost model developed for AQI using
Physics data is presented in the following figures. Figure 4.9 shows the training pre-
dictions and the prediction distribution, and Figure 4.10 shows the test predictions and

the prediction distribution.
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XGBoost Output Distribution (Test) - Physics
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4.2.2 Chemistry

The training and test performance of the Siamese NN model developed for AQI using

Chemistry data are presented in the following figures. Figure 4.11 shows the training

predictions and the prediction distribution, Figure 4.12 shows the test predictions and

the prediction distribution, and Figure 4.13 displays the training loss and MQ score per

epoch.
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The training and test performance of the XGBoost model developed for AQI using Chem-
istry data are presented in the following figures. Figure 4.14 shows the training predic-
tions and the prediction distribution and Figure 4.15 shows the test predictions and the

prediction distribution.
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4.2.3 Physiology or Medicine

The training and test performance of the Siamese NN model developed for AQI using

Physiology or Medicine data is presented in the following figures. Figure 4.16 shows the

training predictions and the prediction distribution, Figure 4.17 shows the test predic-

tions and the prediction distribution, and Figure 4.18 displays the training loss and MQ

score per epoch.
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The training and test performance of the XGBoost model developed for AQI using Phys-

iology or Medicine data is presented in the following figures. Figure 4.19 shows the train-

ing predictions and the prediction distribution, and Figure 4.20 shows the test predictions

and the prediction distribution.

XGBoost Output (Train) - Medicine

XGBoost Output Distribution (Train) - Medicine

1.0 YO
W. ® ® Positive 2004 0 B Positive
e oy ® Negative . mum Negative
il ) 175
0.8 - e ® l
— P ° |
:_ o % LY . 150 .
5 061 o3 g 125 _
: ak | |
3 o o 5100 . I
~ [
§ 0.4 4 p ] 754
: L] |
°
T |
' o0 ™% - 254
° (34
oo & 0
0.0 ! | 0.2 0.4 0.6 0.8 1.0
Positive Negative Network Output

FIGURE 4.19: AQI distribution for XGBoost model (training) - Physiology or Medicine




Chapter 4. Results

43

XGBoost Output Distribution (Test) - Medicine
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4.2.4 FEconomics

The training and test performance of the Siamese NN model developed for AQI using

Economics data is presented in the following figures. Figure 4.21 shows the training

predictions and the prediction distribution, Figure 4.22 shows the test predictions and

the prediction distribution, and Figure 4.23 displays the training loss and MQ score per

epoch.
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FIGURE 4.22: AQI distribution for Siamese NN model (test) - Economics
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FIGURE 4.23: Training loss and MQ score for Siamese NN model - Economics

The training and test performance of the XGBoost model developed for AQI using Eco-
nomics data is presented in the following figures. Figure 4.24 shows the training pre-
dictions and the prediction distribution, and 4.25 shows the test predictions and the

prediction distribution.
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FIGURE 4.24: AQI distribution for XGBoost model (training) - Economics
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4.3 Comparison of models

To evaluate the performance of the models, we use the MQ score. Tables 4.1, 4.2, 4.3,

4.4, and 4.5 present the MQ scores of all AQI prediction models.

TABLE 4.1: Comparison of training and test performance of models based on MQ score

- All Fields.
Model type Training /test | MQ
Siamese NN model Trrz;z;ng 143.98079293
XGBoost model Tr;leréltng ggggi

TABLE 4.2: Comparison of training and test performance of models based on MQ score

- Physics.
Model type Training/test | MQ
Siamese NN model Tr;gltng 2(1)322
XGBoost model Tr’z;;l;ng ;g;gi

TABLE 4.3: Comparison of training and test performance of models based on MQ score

- Chemistry.
Model type Training/test | MQ
Siamese NN model izzmng ggigg
XGBoost model izznlng 145.;1496529

Based on the results, the XGBoost models achieve the best performance, with the highest

test MQ scores across both the full dataset and the field-specific subsets.
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TABLE 4.4: Comparison of training and test performance of models based on MQ score
- Physiology or Medicine.

Model type Training/test | MQ
. Training 15.8350
Siamese NN model Test 10.6731
Training 31.6798
XGBoost model Test 16.9994

TABLE 4.5: Comparison of training and test performance of models based on MQ score

- Economics.
Model type Training/test | MQ
Siamese NN model Tr;;r;ng ;(1)2;5?

4.4 Feature Importances

Feature importance scores for the best performing models - XGBoost for both full dataset
and field-specific subsets - are presented in Tables 4.6 and 4.7, and shown in Figures 4.26,
4.27 and 4.28. For the full dataset, feature importance scores for Siamese NN are also

included in Figure 4.26 for comparison purposes.

TABLE 4.6: Feature importances for the best-performing model.

Feature importance scores
Feature Physics | Chemistry | Physiology or Medicine | Economics | All Fields
cpppp-index 24.40% | 33.83% 50.12% 46.32% 31.32%
a-index 11.30% 3.11% 1.68% 4.45% 11.58%
aap-index 9.39% 20.75% 14.40% 5.50% 9.14%
1100-index 5.30% 5.20% 2.53% 0.00% 6.70%
normalized h-index 7.46% 5.57% 5.19% 4.64% 6.27%
Number of publications | 5.77% 3.89% 6.11% 5.09% 5.92%
maz_fa_ citations 5.21% 4.68% 3.43% 20.61% 5.37%
cpp-index 4.14% 4.53% 6.75% 3.98% 5.25%
11000-index 3.58% 0.00% 0.00% 0.00% 4,81%
h-index 2.16% 3.24% 0.00% 1.61% 4.23%
k-index 3.28% 5.08% 6.23% 5.49% 2.94%
110-index 6.32% 4.39% 3.00% 0.00% 2.711%
Total citations 6.96% 5.73% 0.00% 0.00% 2.16%
g-index 4.711% 0.00% 0.57% 2.31% 1.58%
110000-index 0.00% 0.00% 0.00% 0.00% 0.00%

TABLE 4.7: Top 5 feature importance rankings.

Category 1st 2nd 3rd 4th 5th

All Fields cpppp-index | a-index aap-index 1100-index normalized h-index
Physics cpppp-index | a-index aap-index normalized h-index | Total citations
Chemistry cpppp-index | aap-index Total citations | normalized h-index | i100-index

Physiology or Medicine | cpppp-index | aap-index cpp-index k-index Number of publications
Economics cpppp-index | mazx_fa_ citations | aap-index k-index Number of publications
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XGBoost - Feature Importances (Sum = 100) - All Fields Siamese NN - Feature Importances (Sum = 100) - All Fields
cpppp-index cpppp-index
a_index a_index
average_author_position cpp-index
i100_index average_author_position
normalized_h_index normalized_h_index
Number of Publications g_index
max_fa_n_citations i1000_index
cpp-index Number of Publications
i1000_index h_index
h_index i10000_index
k_index i10_index
i10_index Total Citations
Total Citations i100_index
g_index max_fa_n_citations
i10000_index k_index
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FIGURE 4.26: Feature importance scores for XGBoost and Siamese NN models - All

Fields

XGBoost - Feature Importances (Sum = 100) - Physics XGBoost - Feature Importances (Sum = 100) - Chemistry
cpppp-index cpppp-index
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g_index Number of Publications
cpp-index h_index
i1000_index a_index
k_index g_index
h_index i1000_index
i10000_index i10000_index

0 5 10 15 20 25 0 5 10 15 20 25 30 35

Percentage Contribution (%) Percentage Contribution (%)

FIGURE 4.27: Feature importance scores for XGBoost model - Physics and Chemistry

XGBoost - Feature Importances (Sum = 100) - Medicine XGBoost - Feature Importances (Sum = 100) - Economics
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FIGURE 4.28: Feature importance scores for XGBoost model - Medicine and Economics

4.5 Discussion of results

4.5.1 Summary of findings

In line with the objective of this thesis, both models, the Siamese NN and XGBoost,

were able to distinguish between positive and negative classes, predict AQI values, and
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identify features that are strong indicators of academic quality both for the full dataset
(all fields) and field-specific subsets. Table 4.8 presents the summary of results in the

test data.

TABLE 4.8: Summary of test results for Siamese NN and XGBoost models.

Test | MQ Score | Accuracy* (Threshold = 0.5) | ROC AUC* | F1 Score*
Siamese NN:

All Fields 4.9099 90.15% 94.59% 84.35%
Physics 2.1926 77.70% 89.19% 64.37%
Chemistry 3.2639 88.41% 95.84% 74.19%
Physiology or Medicine | 10.6731 91.51% 99.01% 86.57%
Economics 2.1661 85.88% 88.77% 66.67%
XGBoost:

All Fields 5.0824 92.08% 96.24% 86.45%
Physics 3.2794 92.81% 92.90% 84.38%
Chemistry 4.4942 92.75% 95.11% 83.33%
Physiology or Medicine |  16.9994 93.40% 99.82% 89.23%
Economics 2.1864 92.94% 87.18% 78.57%

* The evaluation metric for the AQI is the MQ score, which measures the degree of separation between
classes. Since AQI is a continuous value rather than a binary outcome, the ROC AUC, accuracy, and
F1 score are reported for completeness and informational purposes but should be interpreted with
caution. The evaluation focuses on the model’s ability to quantify academic quality rather than to
classify it into binary categories.

Models trained on the full dataset (all fields):

e Both models demonstrated a strong separation ability on the test data, with an
average MQ of 5, ROC AUC > 0.9, accuracy > 0.9, indicating that chosen biblio-
metric indicators can meaningfully separate profiles of high academic quality from

the average.

o XGBoost model outperformed Siamese NN in test data, with an MQ score of 5.08,
ROC AUC of 0.96 and accuracy of 0.92.

e The top three feature importance ranking of the best performing model (XGBoost)
are cpppp-index, a-index and aap-index. This supports findings from previous
literature that citation intensity-based features are strong indicators of academic

quality.
Models trained on field-specific subsets:

e All field-specific models demonstrated strong separation ability on the test data,
indicating that chosen bibliometric indicators can meaningfully separate high aca-

demic quality profiles from the average.
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e XGBoost models outperformed Siamese NN on the field-specific test datasets across

all four fields, with an average MQ > 6, ROC AUC > 0.90, and accuracy > 0.90.

e Field-specific models revealed differences in feature importance scores, highlight-
ing variation in various disciplines. The top feature importance rankings of the best
performing models include cpppp-indez, a-index, aap-index, max fa citations,

Total citations, normalized h-index, k-index and 1100-index.

4.5.2 Interpretation

Model performance on AQI prediction:

e The results of both models demonstrate that bibliometric features used in this study
can meaningfully distinguish between Nobel laureates and average researchers, with

the positive class consistently receiving AQI scores close to 1.

o XGBoost: XGBoost, with its tree-based structure, provided the best performing
models with strong test results. The ensemble learning models benefit from built-in
techniques such as subsampling, tree-based regularization, and effective handling
of class imbalance. These properties likely contribute to XGBoost’s ability to
work with small tabular datasets and to distinguish between the two classes more
effectively. Additionally, XGBoost are less computationally expensive than Siamese

NN and offer direct interpretability through built-in feature importance values.

e Siamese NN: The Siamese NN also successfully learned a meaningful classification of
academic profiles, providing a robust complement to the XGBoost. The models are
trained to maximize different-class separation while preserving same-class similarity
using a modified contrastive loss function. However, their overall performance was
slightly lower, likely due to overfitting, which is an inherent challenge when working

with small datasets.

e Field-specific differences in model performance may indicate the distinct biblio-
metric characteristics of each discipline. For instance, in Physiology or Medicine,
the model predictions are more accurate, suggesting that features used in this
study more effectively capture academic quality in this field. Conversely, lower MQ

scores observed in Physics and Economics may reflect limitations of citation-based
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indicators in capturing academic quality in these fields, possibly due to varying

publication behaviors.

Feature importance rankings:

Among the 15 features used in this study, feature importance scores are heavily concen-
trated among the top 3 to 5 features, whereas 1 to 5 features receive near-zero importance
scores. The results reveal that there is a subset of bibliometric indicators, such as the
cpppp-indexr and a-index, that consistently have strong predictive power for high aca-

demic quality.

All fields: The best performing model (XGBoost) highlights three features as strong
indicators of academic quality, cumulatively accounting for more than 50% of the total

feature importance:

e cpppp-index, a combined measure of both impact (citation) and individual con-
tribution, received the highest weight with 31%), suggesting that the citation count

and author count of the publications of a researcher are particularly important.

e a-index, a measure of average number of citations of the most influential work
(h-core) of a researcher, is one of the most important features. While h-indez is a
combined measure of productivity and impact, it is not able to differentiate between
researchers with the same h-index but varying levels of impact of h-core publica-
tions. This metric highlights the importance of consistent high-impact research
over time and its top ranking aligns with its widespread recognition in scientomet-

rics research.

e aap-index, a measure of individual contribution, is also one of the most important
features capturing patterns in co-authorship roles. In many disciplines, author po-
sition interpreted as the level of involvement in the research, with first or low author
position often signifies major contribution or leadership. The high importance score

of this feature highlights the value of individual contribution in academic quality.

e Features such as normalized h-index and i100-index are also among the top-

ranking contributors to the prediction of AQI. Although these are conventional
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metrics of productivity and impact, their lower importance relative to contribution-
sensitive features suggests that quantity alone is insufficient to capture academic

quality.

e Notably, the top feature importance rankings of the XGBoost model are closely
aligned with the Siamese NN model, strengthening confidence in the model’s find-
ings. Across both models, bibliometric features, cpppp-index, a-index, aap-index
and normalized h-indez, consistently emerged as the most important predictors of

high academic quality.

Field-specific: In field-specific models, cpppp-index received the highest weight across
all four fields in line with the model with full dataset (all fields). The rest of the feature
importances were subtly changed, reflecting how different disciplines can value different

aspects of the research output.

e Physics: Higher weight on cpppp-index, a-index and aap-index suggests that
individual contribution, author position and impact of h-core publications are more

critical in defining academic quality.

e Chemistry: Higher weight on cpppp-index, aap-index and Total citations,
cumulatively accounting for 60% of the total feature importance, with more em-

phasis on author’s position and contribution.

e Physiology or Medicine: Similar to Chemistry but shows more dominance in in-
dividual contribution, cpppp-index and aap-index, which cumulatively account
for 65% of the total feature importance. cpp-index and k-index are also among

the top ranking features, highlighting the importance of impact per publication.

¢ Economics: Higher weight on cpppp-index, max fa citations and aap-

index suggests that impact and individual contribution are more critical.

e Features such as k-index, i100-index, normalized h-index, number of pub-
lications and max fa citations, showed more nuanced importance in field-
specific analyses, illustrating that field-specific models are crucial for accuracy in

academic evaluation.
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4.5.3 Implications

This thesis combines bibliometric metrics and machine learning-based modeling, con-
tributing to research on academic quality assessment to complement fair and effective

evaluation. Our findings offer several important contributions:

e Modeling academic quality: The ability to model and predict academic qual-
ity using machine learning models based on bibliometric features with reasonable
performance suggests opportunities for data-driven academic assessment, which
could support more objective evaluations, particularly when complemented with

peer review.

e Feature transparency and interpretability: The convergence between the
Siamese NN and XGBoost models in the top feature importance rankings enhances
the reliability of the models and offers actionable insights into the most important

characteristics of academic success in general and across disciplines.

e Field differentiation: The study demonstrates that field-specific modeling could
lead to more accurate assessments due to variation in test performances (MQ

scores) and feature importance rankings between disciplines.

4.5.4 Limitations

Despite the strong performance of the models, this study has several limitations:

e Benchmark of academic quality: Reducing academic quality to a binary clas-
sification (Nobel laureate or not) ignores the other dynamics of academic perfor-
mance. Researchers who are not Nobel laureates may still exhibit high quality that
may not be captured in this study, limiting generalizability. Moreover, some high
AQI values appear in the negative class, potentially representing outliers, such as
professors with an unusually high number of publications. In addition, the negative

class was chosen based on university rankings, which is a limited criterion.

e Class imbalance and small data size: Nobel laureates represent a small class,
and the larger number of samples in the negative class may bias the models toward

the majority class, potentially affecting prediction accuracy. Furthermore, although
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our average group includes researchers data from 117 universities worldwide, the

small size of field-specific data may limit the generalizability of the results.

e Period sensitivity and temporal bias: Nobel laureates span from the early
1900s to the present, while all negative class samples represent currently active
researchers. Although selecting only full professors for the negative class was in-
tended to create a more balanced comparison, temporal differences can still influ-
ence feature values. For example, recent publications by current professors may
have accrued fewer citations simply due to the limited time since publication. As
a result, younger or more recently active scholars may be penalized due to shorter

publication histories.

e Popularity effect among Nobel laureates: Potential popularity effect may be
observed among Nobel laureates, where winning the Nobel prize increases their
visibility, attracts more collaborations, and leads to higher citation counts in the
years following the award. This introduces a potential bias, as a portion of the
metrics may result from the award itself rather than solely reflecting research pro-
ductivity and impact, thereby potentially inflating the perceived academic quality
of Nobel laureates relative to other researchers. The accuracy and magnitude of
this assumed effect could be explored in future research. A possible approach would
involve conducting a pre-award analysis of the data to quantify the Nobel prize’s
impact on the features. Nonetheless, it is important to note that Nobel laureates
typically demonstrate outstanding academic performance and citation impact well
before receiving the award, which may mitigate, though not entirely eliminate, this

bias.

e Omitted features: The current model may exclude some important bibliomet-
ric features, such as journal quality of the publications. Incorporating additional
features could further improve the performance and interpretability of the model,

representing a promising direction for future research.

e Data source limitations: Both Web of Science and Scopus can contain inac-
curacies or incomplete publications for certain researchers, potentially distorting
bibliometric features. For example, one reason some Nobel laureates may have low

AQI scores is that the data for earlier laureates may be incomplete or unavailable
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online, especially for those awarded in the early 1900s, leading to an underestima-
tion of their academic impact. In addition, not all Nobel laureates may have a
large number of publications. Furthermore, given the high volume of publications
(296,234) analyzed in this study, it was not feasible to manually verify each record,

which may further contribute to the limitations of data quality.
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Conclusion and Future Directions

This thesis aims to develop an Al-based approach for quantifying the academic quality of
researchers across various fields - Physics, Chemistry, Physiology or Medicine, Economics,
and the combined (all fields) dataset. Specifically, it seeks to predict Academic Quality
Index using supervised learning by distinguishing between 632 Nobel laureates (positive

class) and 1,699 researchers affiliated with average-ranking universities (negative class).

To achieve this, we train machine learning models using two frameworks, Siamese NN
and XGBoost, based on a set of 15 bibliometric features to predict AQI. The performance
of the models is evaluated on test datasets using a custom metric, the MQ score. Finally,
we extract feature importance scores to assess the contribution of each feature in the AQI

predictions made by the trained models.

According to the results, XGBoost models demonstrated stronger performance on both

the training and test datasets, indicating higher generalization capability.

Notably, XGBoost achieved its highest performance in the Physiology or Medicine, pos-
sibly due to the greater suitability of the model architecture and input features for

distinguishing between classes and quantifying AQI in this field.

Siamese NN models, while more complex, shows potential in distinguishing classes with

MQ scores close to those of XGBoost models.

Table 5.1 presents a summary comparison between the Siamese NN and XGBoost models

developed in this thesis.

55
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TABLE 5.1: Summary comparison between the Siamese NN and XGBoost.

Siamese NN XGBoost

Input data 15-feature tabular data 15-feature tabular data
Output AQI prediction AQI prediction
Training objective supervised pairwise learning | supervised learning
Loss function modified contrastive loss logistic loss
Evaluation metric MQ score MQ score
MQ score (full test dataset) 4.9099 5.0824
Model performance prone to overfitting on small | robust generalization; handles

data class imbalance effectively
Computational cost higher with 4.3 hours (due to | lower with 0.3 hours

large number of pair combina-

tions)
Feature importance determination | perturbation (manual) built-in (gain-based)
Top ranking feature cpppp-index cpppp-index
Hyperparameter tuning yes yes
Regularization yes yes
Model complexity more complex less complex

The analysis of feature importance scores provided further insights into the key drivers of
AQI predictions. Among the features, the cpppp-indexr consistently emerged as the most
important across fields as well as the full dataset. Moreover, citation-sensitive features

frequently emerged as strong indicators of academic quality.

Feature importance analysis also indicates nuanced differences in rankings across field-
specific datasets, emphasizing the value of developing field-specific models to capture

domain-specific characteristics.

All in all, the findings of this study offer data-driven insights that can support academic
evaluations and decision making in academic recruitment. By complementing peer review
with quantitative metrics, the approach presented in this thesis may enhance the fairness

and consistency of researcher evaluations.
Future research can further explore academic quality quantification by using;
e alternative modeling approaches such as optimization- based and maximum-margin
classifiers,

e additional features, particularly to capture publication quality, such as journal

quartiles (Q1-Q4), reflecting the impact and prestige of journals,
e larger or more diverse datasets to enhance model generalizability,

e a pre-award analysis of Nobel laureates data to better understand and mitigate the

bias introduced by receiving prestigious awards.
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University List

A.1 List of universities for the average class researchers

The universities with which researchers in the average class are affiliated, which we

consider to represent an average ranking, are listed in Table A.1. These universities

are ranked between 601 and 800 in the 2025 Times Higher Education World University

Rankings.
TABLE A.1: List of universities for the average class researchers.
# University Country
1 Al-Ahliyya Amman University Jordan
2 Aligarh Muslim University India
3 American University United States
4 American University in Cairo Egypt
5 American University of Sharjah United Arab Emirates
6  Amity University, Noida India
7 Auburn University United States
8 Banaras Hindu University India
9 Bar-Ilan University Israel
10 Baylor University United States
11 Beirut Arab University Lebanon
12 Bilkent University Turkey
13 Birla Institute of Technology and Science, Pilani India
14 Bogazici University Turkey

Continued on next page
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Table A.1 — List of universities for the average class researchers (cont.).

# University Country

15 Chang Gung University Taiwan

16 Chulalongkorn University Thailand

17 Clark University United States

18 COMSATS University Islamabad Pakistan

19 Cyprus International University Northern Cyprus
20 De Montfort University United Kingdom
21 Eastern Mediterranean University Northern Cyprus
22  Ewha Womans University South Korea

23 Florida Atlantic University United States

24 Fuzhou University China

25 Gachon University South Korea

26 Golestan University Iran

27 Graz University of Technology Austria

28 Hiroshima University Japan

29 Imam Mohammad Ibn Saud Islamic University = Saudi Arabia

30 Indian Institute of Technology Patna India

31 Iran University of Medical Sciences Iran

32 Isfahan University of Technology Iran

33 Jagiellonian University Poland

34 Jiangnan University China

35 Kafrelsheikh University Egypt

36 Kansas State University United States
37 Keio University Japan

38 KIIT University India

39 King Faisal University Saudi Arabia

40 Kobe University Japan

41 Lehigh University United States

42 Liverpool John Moores University United Kingdom
43 Louisiana State University United States
44 Lovely Professional University India

45 Majmaah University Saudi Arabia

46 Malaviya National Institute of Technology India

47 Manchester Metropolitan University United Kingdom
48 Mansoura University Egypt

49 Masaryk University Czech Republic
50 Mazandaran University of Medical Sciences Iran

Continued on next page
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Table A.1 — List of universities for the average class researchers (cont.).

University

Country

51
52
53
54
55
o6
o7
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
7
78
79
80
81
82
83
84
85
86

Mississippi State University

Nanjing Tech University

Nantes Université

National Sun Yat-Sen University

National University of Sciences and Technology
Near East University

Nottingham Trent University

Ohio University

Ohio University (Main campus)
Oklahoma State University

Pontifical Catholic University of Rio de Janeiro
Prince Sattam Bin Abdulaziz University
Panjab University

Rochester Institute of Technology

RUDN University

Sultan Qaboos University

SUNY Binghamton University

Taif University

Tecnologico de Monterrey

Texas Tech University

The Catholic University of America

The Catholic University of Korea

The University of Jordan

The University of Texas at San Antonio
Toronto Metropolitan University

UiT The Arctic University of Norway
Universidade Federal do Rio Grande do Sul
University of L'Aquila

University of Lincoln

University of Malakand

University of Maryland, Baltimore County
University of Minho

University of Nevada, Las Vegas
University of New Brunswick UNB
University of North Carolina at Charlotte

University of Palermo

United States
China

France

Taiwan

Pakista
Northern Cyprus
United Kingdom
United States
United States
United States
Brazil

Saudi Arabia
India

United States
Russian Federation
Oman

United States
Saudi Arabia
Mexico

United States
United States
South Korea
Jordan

United States
Canada

Norway

Brazil

Italy

United Kingdom
Pakistan

United States
Portugal

United States
Canada

United States
Italy

Continued on next page
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Table A.1 — List of universities for the average class researchers (cont.).

# University Country

87 University of Parma Italy

88 University of Pretoria South Africa
89 University of Rennes 1 France

90 University of Sassari Italy

91 University of Stavanger Norway

92 University of Tabriz Iran

93 University of Texas at Arlington United States
94 University of the Basque Country Spain

95 University of the Sunshine Coast Australia

96 University of the Western Cape South Africa
97 University of the West of Scotland United Kingdom
98 University of Toledo United States
99 University of Warsaw Poland

100 University of Wyoming United States
101 VIT University India

102 Wenzhou University China

103 William & Mary United States
104 Worcester Polytechnic Institute United States
105 Xi'an Jiaotong-Liverpool University China

106 Xidian University China

107 Yeungnam University South Korea
108 Zhejiang University of Technology China

109 Universiti Pendidikan Sultan Idris Malaysia

110 Universiti Putra Malaysia Malaysia

111 University of Alaska Fairbanks United States
112 University of Aveiro Portugal

113 University of Bari Aldo Moro Italy

114 University of Denver United States
115 University of Cagliari Italy

116 University of Calabria Italy

117 University of Crete Greece
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Pseudocode

This appendix contains the pseudocode for the Siamese NN and XGBoost models, pro-

viding a description of the algorithms.

Load and preprocess data:

e Assign binary labels: Nobel as 1 (positive class) and average as 0 (negative class)
e Split dataset into features (X) and labels (y)

e Split dataset into 80% training, 20% test

Note: Data split is performed once and used in all Siamese NN and XGBoost models
(both for the models with full dataset and models with field-specific subsets).

B.1 Siamese neural network model

Note: Section below performed in all Siamese NN models (both for the model with full

dataset and four models with field-specific subsets).
Standardize the features (mean=0, std=1)
Define build_pairs function:

e Function build_pairs(positive data, negative data):

61
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e Takes two datasets: positive_data and negative_data

e Generate all possible pairs between each positive and each negative sample using

a Cartesian product (via np.meshgrid)
e Return:

— Array of repeated positive samples (all_positive_pairs)
— Array of negative samples paired with them (all_negative_pairs)

— The total number of such pairs

Example: Pair construction
Assume a 2-feature dataset with 2 positive class samples and 3 negative class samples as

follows:

e Positive class:
— Sample 1: [5, 6]
— Sample 2: [7, §]
e Negative class:
— Sample 1: [1, 2]
— Sample 2: [3, 4]

— Sample 3: [2, 3]

Then, pairs using the build_pairs function would be formed as:

Pair # | Positive Sample | Negative Sample
1 [5, 6] 1, 2]
2 [5, 6] (3, 4]
3 [5, 6] (2, 3]
4 [7, 8] 1, 2]
5 [7, 8] (3, 4]
6 [7, 8] (2, 3]

Define a Siamese neural network:

Class SiameseNet (nn.Module):
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e Input: input_dim
e Layers:

— fcl = Linear(input_dim — 48) + ReLU + Dropout(p = 0.3)
— fc2 = Linear(48 — 48) + ReLU
— fc3 = Linear(48 — 48) + ReLU

— output = Linear(48 — 1) + Sigmoid (binary probability)

e Forward pass returns sigmoid output (probability for binary classification)

Define contrastive_loss function:

Define the function contrastive_loss(model, positive_pairs, negative_pairs, margin_contras:

margin_order, lambda_reg):

Inputs:

e model: the Siamese network (SiameseNet)

e positive_pairs: output of build_pairs() function, all training pairs composed

of samples labeled as 1

e negative_pairs: output of build_pairs() function, all training pairs composed

of samples labeled as 0
e margin_contrastive (m.): float, margin for contrastive loss
e margin_order (m,): float, margin for ordering constraint

e lambda_reg (A): float, regularization coefficient

Forward pass both positive and negative pairs:

e fP =model(positive_pairs)
e fN =model(negative_pairs)

e Extract unique forward outputs as fP_unique, fN unique

Compute loss components:
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e Use contrastive_loss to minimize same-class variance:
e contrastive_loss = Var(fP _uniqueqVar(fN unique)tmean <max (0, me— |fp—fN|)2>
e Use order_loss to ensure positive scores > negative scores:

e order_loss = mean (maX(O, me — (fP - fN)))

total_loss = contrastive_loss + order_loss

Return total_loss
Define MQ function:

Define the function compute_mqg_score(model, positive outputs, negative outputs):

e Calculate MQ score for a given output

_ (mean(fp)—mean(fn))?
o MQ = i yrvar)

Perform grid search over margins (margin contrastive and margin order):

Define lists of contrastive and order margins:

e margins_contrastive = [0.25, 0.5, 0.75]

e margins_order = (0.2, 0.3, 0.4, 0.5]

Split training data again into training (75%) and validation (25%).

For each combination of margin contrastive and margin _order:

Generate positive/negative training and validation pairs

Initialize SiameseNet and optimizer

— model = SiameseNet (input_dim)

— optimizer = SGD(1lr=1e-3)

Train model using mini-batch SGD:

For epoch in range(num_epochs):



Appendix B. PSEUDO CODE 65

Shuffle training pair indices

For each batch:

— Select batch positive and batch negative

Compute loss

— Backpropagation and optimizer step

Compute train loss

e After final epoch:
— Compute validation loss and MQ score

e Return MQ score and trained model

Select best margins as a result of grid search:

e Select best margins (best_margin_contrastive, best_margin_order) with high-

est validation MQ

Note: Section below performed separately for all Siamese NN models (one model with full
dataset and four models with field-specific subsets).
Perform early stopping for best number of epochs: Model training with k-fold
cross-validation (k=5).

e maximum_number_epochs = 100

e patience = 10 epochs
Perform 5-fold CV using best margins on the full training set to calculate the best number
of epochs: For each fold:

e Split train/validation sets

e Build positive/negative pairs

e Initialize model and optimizer
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e For each epoch (up to maximum_number_epochs):

— Train on training pairs

Evaluate on validation pairs

Track best_validation_MQ

If best_validation_MQ improves: save state_dict

Else: increase no_improvement counter

— If no_improvement > patience: stop early and save num_epochs

e Save loss and MQ history per fold

After all folds are completed:

e Select fold with highest average validation MQ score

e Set num_epochs as the best_number_epochs

Final model training with best margins and best number of epochs:

e Create all possible positive-negative pairs from full training set

e Train final model for best_number_epochs and best margins (best_margin_contrastive,

best_margin_order)

e Track training loss and MQ score at each epoch

Feature importance computation: Calculate feature importance scores via zero-out

perturbation:

e Get baseline model output on original data: base_outputs = model(X train)

e For each feature i:

Set column i to 0 (perturb) across all samples

— Measure updated output: perturbed_outputs

Compute mean absolute change in output as:

— feature importance = mean(abs(base_outputs - perturbed_outputs))
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e Normalize importance scores to sum to 1

Evaluate model output (AQI predictions)) for training and test sets:

Training data:

e AQI_positive = final model(positive data train)
e AQI_negative = final model(negative data train)

e (Calculate MQ score

Test data:

e test_AQI_positive = final model(positive data_test)
e test_AQI_negative = final model(negative data test)

e Calculate MQ score

B.2 XGBoost model

Note: Section below performed separately for all XGboost models (one model with full
dataset and four models with field-specific subsets):

Prepare data: Use the same train/test dataset used in Siamese NN model
Model tuning via grid search:

Define grid search parameters:

e n_estimators: [30, 35, 40, 45, 50| Lower number of trees for small dataset
e max_depth: [3, 5, 7| Shallow trees for generalization
e learning_rate: [0.01, 0.05] Small learning rates
e subsample: [0.8, 1] Random row sampling

min_child_weight: [3, 5, 7, 10] Node split reqularization
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e reg_lambda: [1, 5, 10] L2 reqularization (smooth weights)
e reg_alpha: [0.01, 0.1] L1 reqularization (sparse models)
e scale_pos_weight: [1, 2, 2.7, 2.8, 3, 3.6, 4] Class balancing

Define base model:

e XGBClassifier(eval_metric="logloss", random_state=42)

Define cross-validation:

e cv = StratifiedKFold(n_splits=5, shuffle=True, random_state=42)

Define grid search parameters :

grid_search = GridSearchCV(
estimator=xgb_base,
param_grid=param_grid,

scoring=mq_score_func_cv,

cv=cv,
verbose=1,
n_jobs=1)

Perform grid search:
grid_search.fit(X_train, y_train)

Output:

e Best hyperparameters: grid_search.best_params_

e Best cross-validated MQ score: grid_search.best_score_

Evaluate model output (AQI predictions) for training and test sets:

Retrieve the final model:

® best_xgb = grid_search.best_estimator_



Appendix B. PSEUDO CODE

69

Training set:

y_train_proba = best_xgb.predict_proba(X_train)[:, 1]

AQI_positive = y_train_probaly_train == 1]

AQI_negaive = y_train_probaly_train == 0]

Calculate M@ score

Test set:

e y_test_proba = best_xgb.predict_proba(X_test)[:, 1]

test_AQI_positive = y_test_probaly_test == 1]

test_AQI_negative = y_test_probaly_test == 0]

Calculate MQ score

Feature importance computation:

e feature importances = best_xgb.feature_importances_
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