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Abstract

Researcher evaluation underpins critical academic decisions, yet traditional bibliometric
indicators lack predictive capability and cross-domain generalizability, while most predic-
tive approaches offer limited interpretability and narrow domain validation. This study
proposes a SHAP interpretable, multi-domain supervised learning framework for predict-
ing academic award recognition using thirty two publication count-based bibliometric
indices. A balanced dataset was constructed across four disciplines, namely Computer
Science, Neuroscience, Mathematics, and Civil Engineering, comprising verified awardees
from recognized professional societies and matched non-awardee researchers. Eight clas-
sifiers were evaluated under stratified five fold cross validation, assessed via accuracy,
precision, recall, F1-score, and ROC AUC. The framework achieved domain-specific F1-
scores of 0.70 in Computer Science, 0.73 in Neuroscience, 0.72 in Civil Engineering, and
0.78 in Mathematics, with SVM and XGBoost demonstrating the strongest cross-domain
robustness across disciplines. SHAP analysis consistently identified normalized h index,
h2 family, q2 index, and g index as dominant cross-domain predictors, while domain-
specific indicators, including Rm and w indices in Neuroscience and P index in Civil
Engineering, reflected disciplinary recognition patterns. By unifying publication-based
feature engineering, multi-domain classification, and SHAP explainability within a single
reproducible pipeline, this framework offers a scalable, transparent, and evidence-based
tool for institutional researcher evaluation.

Keywords: award prediction; publication-based bibliometric indices; multi-domain
classification; supervised learning; SHAP explainability; scientometrics

1. Introduction
The evaluation of researchers is a central concern in academia and scientometrics

because it directly influences recruitment, promotion, tenure, research funding, and the
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conferral of prestigious awards [1–3]. Universities, funding agencies, and professional
societies therefore require assessment mechanisms that remain reliable and equitable across
heterogeneous research profiles. Traditional evaluation practices rely heavily on bibliomet-
ric indicators such as publication counts and citation totals [4]. Although these measures
are easy to compute and broadly available, they provide an incomplete representation of
scholarly impact. In particular, primitive metrics can overemphasize quantity or popu-
larity and fail to account for citation distribution, sustained influence, and disciplinary
variation [5,6].

Over the past two decades, many indices have been introduced to address these
limitations. The h-index proposed by Hirsch [7] remains one of the most influential
because it combines productivity and citation impact into a single measure. Several
extensions were subsequently developed to better capture citation distribution and to
distinguish researchers with similar h-scores but different influence profiles, including the
g-index [8], the A-index [9], and the R-index [9]. Additional refinements incorporated
temporal normalization (e.g., m-quotient, hc-index, AWCR) and author contribution ad-
justments (e.g., hf-index, hi-index, fractional h-index, gm-index) [10–13]. More recently,
composite and multi-dimensional indices have been proposed to integrate multiple biblio-
metric signals into unified evaluation frameworks [14].

Despite these advances, three critical gaps remain unresolved. First, most indices
are validated using narrow or domain-specific datasets, limiting generalizability across
heterogeneous disciplines. Second, comparative studies predominantly rely on descriptive
statistics or incremental metric variants, which cannot capture complex nonlinear rela-
tionships among bibliometric features. Third, and most importantly, existing predictive
approaches, including those employing machine learning, rarely explain which biblio-
metric factors drive predicted outcomes, undermining trust and impeding adoption in
institutional settings. No prior study has simultaneously addressed all three gaps within a
unified, cross-domain, explainable framework.

Before describing the proposed framework, it is important to clarify the scientific
rationale for using awards as evaluation targets. Awards conferred by established profes-
sional societies represent community-validated recognition of sustained research excellence.
Although award decisions involve multifactorial judgments, identifying the bibliometric
patterns that statistically distinguish awardees from non-awardees provides an empirical
basis for understanding which measurable dimensions of scholarly output are associated
with peer recognition. This study therefore treats award status as a proxy for high-impact
research distinction, rather than claiming that bibliometric indices fully explain award
outcomes. Four disciplines were selected, Computer Science, Neuroscience, Mathematics,
and Civil Engineering, because they represent contrasting citation cultures, publication
norms, and collaboration intensities, thereby providing a rigorous basis for cross-domain
evaluation. Award-winning researchers were identified from recognized professional so-
cieties and academic organizations including ACM, IEEE, the American Mathematical
Society, and the American Society of Civil Engineers, ensuring publicly verifiable and
reproducible ground-truth labels.

This study proposes a SHAP-interpretable, multi-domain supervised learning frame-
work for predicting academic award recognition using publication count-based bibliometric
indices. In contrast to approaches that emphasize citation-age adjustments or collaboration-
network features, the proposed framework deliberately focuses on publication-based
metrics that capture research productivity and remain uniformly computable across disci-
plines. Thirty-two such indices were computed and normalized to improve cross-domain
comparability, forming the feature space for supervised classification. Eight classifiers
were evaluated, including Logistic Regression, Ridge Regression, k-Nearest Neighbors,
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Naïve Bayes, Support Vector Machines, Decision Trees, AdaBoost, and Extreme Gradient
Boosting, under stratified five-fold cross-validation. Performance was assessed using accu-
racy, precision, recall, F1-score, and ROC-AUC to ensure both threshold-dependent and
threshold-independent evaluation. SHAP (SHapley Additive exPlanations) was applied to
quantify feature contributions at both global and local levels, transforming the predictive
model into an explainable decision-support mechanism.

The contributions of this study are as follows:

(i) A unified, reproducible, multi-domain predictive framework for awardee classification
that simultaneously combines thirty-two publication-based bibliometric indices, cross-
domain evaluation across four disciplines, and SHAP-based explainability within
a single pipeline, extending prior predictive bibliometric work [1,15] by integrat-
ing cross-domain validation and model-level interpretability within a unified and
reproducible design.

(ii) A systematic comparison of eight supervised learning algorithms across four heteroge-
neous disciplines, demonstrating that margin-based and ensemble methods generalize
more robustly than probabilistic or single-tree approaches, advancing beyond prior
single-domain evaluations that were limited to one or two classifier families.

(iii) SHAP-driven feature attribution at both global and local levels, providing transpar-
ent evidence that normalized and balance-oriented indices, including normalized
h-index variants, h2-type indices, q2-index, and g-index, which consistently distin-
guish awardees across domains, while domain-specific indicators reflect disciplinary
recognition patterns.

(iv) A discussion of the ethical implications of deploying bibliometric prediction frame-
works in institutional evaluation contexts, including considerations of fairness, trans-
parency, and the risk of metric gaming, alongside a prior sensitivity analysis demon-
strating the importance of evaluating framework performance under realistic class
priors before any institutional deployment.

The remainder of this paper is organized as follows. Section 2 reviews related work
on bibliometric indices and predictive evaluation models. Section 3 presents the proposed
methodology, including dataset construction, feature computation, normalization, model
training, and interpretability analysis. Section 4 reports experimental results, cross-domain
comparisons, and SHAP-based feature attribution. Section 5 concludes the study and
outlines directions for future research.

2. Literature Review
Bibliometric research has evolved considerably over the past two decades, progressing

from simple publication and citation counts toward composite indices, and more recently
toward predictive and computational approaches. This section reviews this trajectory
across four themes: traditional bibliometric indicators (Section 2.1), variants and extensions
of the h-index organised by conceptual category (Section 2.2), domain-specific empirical
evaluations (Section 2.3), and predictive and computational approaches (Section 2.4). The
review concludes with a critical analysis identifying the specific gaps that motivate the
present study. Throughout, particular attention is paid to publication count-based indices,
which form the feature space of the proposed framework, as distinct from citation-age-
adjusted or collaboration-network-based measures that lie outside the current scope.

2.1. Traditional Bibliometric Indicators

Researcher evaluation has historically relied on primitive bibliometric measures such
as publication counts and citation counts [5,16]. These indicators remain widely adopted
due to their simplicity, transparency, and ease of computation. However, publication counts
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emphasize quantity rather than impact and may inflate scholarly profiles through low-
impact outputs [17]. Citation counts, although reflective of scholarly visibility, accumulate
slowly and are influenced by disciplinary citation norms and self-citation practices [7].

To address these limitations, Hirsch introduced the h-index [7], which integrates
productivity and citation impact into a single measure. Despite its widespread adoption,
the h-index disadvantages early-career researchers and may disproportionately reward
senior academics with longer publication histories [18]. It is worth noting, however, that,
analogously to the journal Impact Factor, the h-index can also be computed over a fixed
time window, which partially mitigates career-length bias [7]. These limitations nonetheless
motivated the development of numerous derivative metrics.

2.2. Variants and Extensions of the h-Index

Over the past two decades, more than seventy bibliometric indicators have been
proposed [2]. These can be broadly organized into three conceptual categories based on
what dimension of scholarly output they capture.

Productivity-based indices focus primarily on publication volume and output fre-
quency. The h-index [7] remains the most widely adopted, while the m-quotient [19]
normalizes it by career length to reduce seniority bias.

Impact-based indices capture citation intensity and distribution beyond the h-core.
The g-index [8] rewards researchers whose top publications attract disproportionately
high citations. The A-index and R-index [9] quantify the average and cumulative cita-
tion impact within the h-core, respectively. The e-index [20] captures excess citations
ignored by the h-index, while the f-index [21] and w-index [22] offer further refinements of
citation concentration.

Structural balance indices combine productivity and impact signals into composite
measures. The q2-index [23] integrates the h-index and the m-quotient, while the h2-family
of indices [24] captures the upper and lower bounds of citation structure around the h-core.
These balanced metrics are particularly relevant for cross-domain evaluation because they
normalize for differences in publication norms and citation cultures across disciplines [25].

Although each metric addresses specific weaknesses of the h-index, their prolifer-
ation reflects fragmentation rather than consensus. Most indices emphasize isolated
performance dimensions and are validated within narrow disciplinary settings, limiting
general applicability.

2.3. Domain-Specific Empirical Evaluations

Several empirical studies have examined bibliometric performance within specific
domains. Van Raan [26] compared the h-index with peer judgment in chemistry research
groups, while Schreiber [27,28] analyzed physicists’ citation records and demonstrated
advantages of the g-index under certain conditions.

Domain-focused evaluations have also been conducted in Mathematics [18], Civil
Engineering [29], and Neuroscience [4]. These studies consistently demonstrate that metric
effectiveness varies across disciplines, reinforcing the absence of a universally reliable
indicator and motivating multi-domain evaluation frameworks.

2.4. Predictive and Computational Approaches

Recent research has shifted from descriptive comparisons toward predictive modeling.
Usman et al. [15] applied logistic regression to assess ranking parameters in civil engi-
neering. Alshdadi et al. [1] proposed deep learning-based rules for scientific recognition,
achieving prediction accuracy up to 70%, but their approach operates as a black-box system
with no feature-level transparency. Mustafa et al. [13] performed systematic evaluations
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across multiple bibliometric categories, while Ahmed et al. [30] focused on author-count-
based metrics without cross-domain validation or XAI integration.

Although these studies represent meaningful progress, three limitations persist:
(i) reliance on a single data source limits reproducibility and external validity; (ii) cross-
domain validation remains rare; and (iii) interpretability of predictive models is insufficient
for institutional adoption. Table 1 summarizes representative contributions and highlights
these gaps.

Table 1. Comparison of representative studies in researcher evaluation and award prediction.

Study Domain Method Features Used Predictive Limitations

Hirsch (2005) [7] Physics h-index Citation-based No Ignores excess citations

Egghe (2006) [8] General g-index Citation intensity No Sensitive to highly cited
papers

Van Raan (2006) [26] Chemistry Statistical comparison h-index variants No Domain-specific validation
Schreiber (2007) [27] Physics Comparative analysis g-index, h-index No Limited dataset scope
Ain et al. (2015) [31] Mathematics Empirical evaluation h-index variants No Single-domain focus
Raheel et al. (2018) [29] Civil Eng. Comparative metrics Publication-age metrics No No predictive modeling
Ameer et al. (2019) [4] Neuroscience Award ranking study R-index, hg-index Partial Limited generalization
Usman et al. (2021) [15] Civil Eng. Logistic Regression Bibliometric indices Yes Single domain; no XAI
Alshdadi et al. (2023) [1] Multi-domain Deep learning Multi-index features Yes Black-box; single source
Ahmed et al. (2023) [30] Multi-domain Statistical analysis Author-count metrics Partial No XAI integration
Proposed 4 domains ML + SHAP 32 pub.-based indices Yes Publication-based scope only

2.5. Critical Analysis and Research Gaps

The comparative analysis in Table 1 reveals a consistent pattern: as studies have
progressed from single-index descriptive analysis toward multi-index predictive modeling,
interpretability has not kept pace with predictive complexity. Four specific gaps motivate
the present study.

First, most studies evaluate individual or closely related indices in isolation, restricting
understanding of how multiple indices jointly distinguish awardees from non-awardees.
While Mustafa et al. [13] and Ahmed et al. [30] represent meaningful steps toward broader
feature evaluation, a comprehensive feature engineering approach covering the full spec-
trum of productivity-based, impact-based, and structural balance indices within a predic-
tive classification context has not been systematically attempted.

Second, domain-specific validation remains the norm. Metrics that perform well
within one discipline frequently fail to generalize, yet no prior predictive study has system-
atically evaluated the same feature set and the same classifiers across four heterogeneous
disciplines simultaneously, limiting the cross-domain conclusions that can be drawn from
existing work.

Third, while machine learning methods have been introduced, black-box models dom-
inate. The deep learning approach of Alshdadi et al. [1], for instance, achieved competitive
predictive accuracy but provides no feature-level transparency, a critical limitation for
institutional adoption where accountability and fairness are required.

Fourth, and most importantly, the present study is, to our knowledge, the first to
simultaneously address all three gaps by unifying publication-based bibliometric feature
engineering, multi-domain classification, and SHAP-driven explainability within a single
reproducible framework. This integration builds on and extends the contributions of prior
predictive and descriptive bibliometric studies rather than claiming their absence.
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3. Materials and Methods
This section presents the proposed interpretable machine learning framework for

predicting academic award recognition using publication-based bibliometric indices. The
framework is structured as a multi-stage pipeline integrating dataset construction, feature
engineering, supervised classification, quantitative evaluation, and explainable analysis.

Let D = {(xi, yi)}N
i=1 denote the constructed dataset, where N is the total number of

authors under study, xi ∈ Rm represents the vector of m = 32 publication count-based
indices for the i-th author, and yi ∈ {0, 1} denotes the class label (0 = non-awardee,
1 = awardee). The objective is to learn a mapping function that predicts award status while
preserving interpretability of feature contributions:

f : Rm → {0, 1} (1)

The overall architecture of the framework is illustrated in Figure 1. The workflow
proceeds through six stages: (1) data acquisition, (2) preprocessing and normalization,
(3) computation of bibliometric indices, (4) supervised model training, (5) performance
evaluation, and (6) SHAP-based interpretability analysis. This structured design ensures
reproducibility, cross-domain comparability, and transparency.

Figure 1. Overall architecture of the proposed interpretable awardee prediction framework inte-
grating data acquisition, feature engineering, supervised learning, evaluation, and SHAP-based
explainability. Eight supervised classifiers are evaluated: Logistic Regression (LR), Ridge Regression,
Support Vector Machines (SVM), k-Nearest Neighbors (KNNs), Naïve Bayes (NB), Decision Trees,
AdaBoost, and XGBoost (XGB).

3.1. Data Collection

Four research domains were selected: Computer Science, Neuroscience, Mathe-
matics, and Civil Engineering. These disciplines were deliberately chosen to repre-
sent contrasting citation cultures and publication norms: Computer Science and Neu-
roscience are characterized by high collaboration intensity and rapid citation accumula-
tion, whereas Mathematics and Civil Engineering exhibit lower publication frequency
and longer citation half-lives. This diversity provides a rigorous basis for evaluating
cross-domain generalizability.
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3.1.1. Awardee Identification

Award-winning researchers were identified from the official websites of recognized
professional societies and academic organizations. Specifically, awardees were collected
from the Association for Computing Machinery (ACM); the Institute of Electrical and
Electronics Engineers (IEEE) for Computer Science; the Society for Neuroscience (SfN)
for Neuroscience; the American Mathematical Society (AMS) for Mathematics; and the
American Society of Civil Engineers (ASCE) for Civil Engineering. Only recipients of
awards conferred between 2000 and 2023 were included, and all records were restricted to
publicly verifiable award announcements to ensure transparency and reproducibility.

3.1.2. Non-Awardee Selection

Non-awardee researchers were selected from the same domains using a structured
matching procedure to minimize selection bias. For each awardee, a non-awardee was
identified from the same discipline with a comparable publication volume (within 20%
of the awardee’s total publication count) and an active publication record spanning at
least five years. This matching strategy reduces the risk that observed differences between
groups reflect confounding factors such as career length or research visibility rather than
true indicators of award-worthiness. Class labels were defined as:

y =

1, if the author is an awardee,

0, otherwise.
(2)

This balanced design mitigates class imbalance bias. Descriptive statistics comparing
the two groups across key bibliometric dimensions are reported in Table 2.

Table 2. Descriptive statistics (mean ± std) comparing awardee and non-awardee groups across domains.

Domain Group h-Index Publications h-Core Citations Norm. h

Computer Science
Awardee (n = 575) 40.3 ± 57.4 123.3 ± 305.1 22,953 ± 101,493 0.39 ± 0.24
Non-Awardee (n = 575) 38.5 ± 67.2 131.4 ± 576.7 26,405 ± 132,945 0.35 ± 0.27

Neuroscience
Awardee (n = 529) 50.2 ± 45.2 138.4 ± 146.8 19,381 ± 31,071 0.48 ± 0.24
Non-Awardee (n = 537) 42.7 ± 67.3 99.0 ± 294.1 22,609 ± 108,406 0.38 ± 0.26

Mathematics
Awardee (n = 525) 40.7 ± 33.3 135.8 ± 199.0 16,172 ± 30,136 0.41 ± 0.26
Non-Awardee (n = 525) 48.8 ± 54.2 48.5 ± 61.8 16,876 ± 30,450 0.19 ± 0.15

Civil Engineering
Awardee (n = 590) 28.1 ± 32.9 43.7 ± 71.5 5768 ± 15,650 0.39 ± 0.22
Non-Awardee (n = 590) 57.4 ± 63.7 173.4 ± 418.1 27,075 ± 59,068 0.35 ± 0.27

3.1.3. Bibliometric Data Extraction

Bibliometric records were extracted using Publish or Perish (PoP, version 8) [32]. For
each researcher, a name-based search was conducted using the Google Scholar data source
within PoP, with searches restricted to the researcher’s primary discipline keywords to
reduce name-ambiguity errors. The following raw attributes were retrieved for each author:
total number of publications (P), total citation count, and the h-index. These three primitive
attributes served as the basis for computing all thirty-two publication count-based indices
described in Section 3.3. Retrieved records were exported in CSV format and manually
verified: duplicate entries were identified by cross-matching titles and publication years,
and ambiguous records, where author identity could not be confirmed, were excluded. It is
acknowledged that reliance on a single data source (Google Scholar via PoP) represents
a limitation of the present study, as Google Scholar’s coverage varies across disciplines
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and may introduce indexing inconsistencies. Future work should validate findings using
complementary sources such as Scopus or Web of Science.

3.1.4. Dataset Composition

The resulting class distribution is summarized in Table 3.

Table 3. Class distribution of awardees and non-awardees across domains.

Domain Awardees Non-Awardees

Computer Science 575 575
Neuroscience 529 537
Mathematics 525 525
Civil Engineering 590 590

3.2. Data Cleaning

The dataset underwent a three-stage cleaning procedure to ensure consistency and
reliability prior to feature computation.

3.2.1. Duplicate Removal

Duplicate publications were detected by cross-matching titles, citation counts, and
author identifiers. Redundant records were removed to prevent artificial inflation of indices.

3.2.2. Missing Value Imputation

Missing values were handled using mean imputation:

ximputed
ij =

xij, if observed,

µj, if missing,
(3)

where µj is the mean of feature j computed across all authors in the same domain.

3.2.3. Outlier Examination

Outliers were identified using the interquartile range (IQR) criterion:

[Q1 − 1.5 × IQR, Q3 + 1.5 × IQR]. (4)

Extreme but bibliometrically valid observations, for example, highly prolific re-
searchers with unusually large publication counts, were retained after manual verification,
as removing them would introduce artificial truncation of the feature space.

3.3. Computation of Publication-Based Indices

Let Ck denote the citation count of the k-th publication when all publications are
ranked in decreasing order of citations, P denote the total number of publications, and h
denote the Hirsch index. Based on these three primitive attributes, m = 32 publication
count-based indices were computed for each author, capturing three conceptual dimensions
of scholarly output: productivity, citation impact, and structural balance.

Productivity-based indices quantify research output volume and normalized publication
rate, including the h-index, normalized h-index (hnorm = h/P), and P-index.

Impact-based indices capture citation intensity and distribution beyond raw counts,
including the g-index, A-index, R-index, e-index, f-index, and w-index.

Structural balance indices combine productivity and impact signals into composite
measures that are robust to disciplinary differences in citation norms, including the h2-
family, q2-index, and hg-index.

https://doi.org/10.3390/info17060515

https://doi.org/10.3390/info17060515


Information 2026, 17, 515 9 of 30

Given that many publication-based indices are derived from the same primitive
attributes (h-index, total publications P, and total citations), high inter-feature correlations
are expected. A pairwise correlation analysis of the 32 indices confirms this: across all four
domains, between 76 and 92 index pairs exhibit absolute Pearson correlation |r| > 0.90,
with several pairs approaching |r| ≈ 1.0 (e.g., h-index and Gh-index; R-index and weighted
h-index). While this collinearity limits the reliability of coefficient-based models such as
OLS regression, it does not invalidate SHAP-based attribution. SHAP computes marginal
feature contributions via Shapley values averaging over all possible feature subsets rather
than relying on inversion of the feature covariance matrix. As a result, SHAP values capture
the unique and shared contribution of each feature to individual predictions rather than
attributing all variance to a single correlated representative. For margin-based models
such as SVM, L2 regularization further mitigates the instability induced by correlated
features. Nevertheless, we acknowledge that in the presence of near-perfect collinearity,
SHAP values for highly correlated index pairs should be interpreted as a group rather than
individually, and we reflect this in our domain-specific SHAP interpretations in Section 4.4.

Representative mathematical formulations are summarized in Table 4. All indices
were computed uniformly across domains to ensure comparability.

Table 4. Representative mathematical formulations of publication-based bibliometric indices, where
Ck denotes citations of the k-th ranked publication, P denotes total publications, and h denotes the
Hirsch index.

Index Definition

h-index h = max{k : Ck ≥ k}
g-index g = max

{
k : ∑k

k′=1 Ck′ ≥ k2
}

hg-index hg =
√

h · g
A-index A = 1

h ∑h
k=1 Ck

R-index R =
√

∑h
k=1 Ck

Normalized h hnorm = h
P

q2-index Q2 =
√

h · mq

h2-index h2 = max{k : Ck ≥ k2}

3.4. Classification Formulation

The award prediction problem is formulated as binary classification. For probabilistic
classifiers, the decision rule is:

ŷi =

1, if P(yi = 1 | xi) ≥ τ,

0, otherwise,
(5)

where τ = 0.5 is the classification threshold and P(·) denotes the posterior class probability.
The primary evaluation metric is the F1-score:

F1 =
2 · Precision · Recall
Precision + Recall

. (6)

3.5. Model Training

The dataset was partitioned using an 80:20 stratified train–test split, preserving class
proportions in both subsets. Because the dataset was constructed using a matched 1:1
design, with one non-awardee selected for each awardee, the resulting test set also reflects a
balanced class distribution (approximately 50% awardees). This balanced evaluation setting
is appropriate for assessing the discriminative ability of classifiers independently of class
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prior assumptions, and is consistent with standard practice in bibliometric classification
research where matched designs are employed to avoid trivial majority-class prediction.
It is acknowledged, however, that real-world academic populations contain far fewer
awardees than non-awardees. The practical implications of this class imbalance for deploy-
ment under realistic priors are examined separately through a prior sensitivity analysis
reported in Section 4.3. Five-fold stratified cross-validation was employed for hyperpa-
rameter tuning on the training set only, with performance on the held-out test set reported
as the final evaluation. Performance was averaged across five cross-validation folds to
ensure robustness.

Eight supervised learning algorithms were evaluated, selected to cover a broad spec-
trum of model families:

• Linear models—Logistic Regression and Ridge Regression. Logistic Regression esti-
mates class probabilities via a sigmoid function and is well-suited to linearly separable
feature spaces. Ridge Regression (L2-regularized linear classification) is particularly ef-
fective when bibliometric features are highly correlated, as L2 regularization stabilizes
coefficient estimates under multicollinearity.

• Margin-based model—Support Vector Machines (SVMs). SVMs maximise the deci-
sion margin between classes and are well-suited to high-dimensional feature spaces
with nonlinear relationships, making them appropriate for bibliometric data where
index distributions overlap between awardees and non-awardees. Both linear and
RBF kernels were evaluated.

• Instance-based model—k-Nearest Neighbors (KNNs). KNN classifies instances based
on the majority class among their k nearest neighbors in feature space, providing a
non-parametric baseline.

• Probabilistic model—Naïve Bayes (NB). NB applies Bayes’ theorem with feature
independence assumptions, serving as a lightweight probabilistic baseline.

• Tree-based model—Decision Trees. Decision Trees partition the feature space via
recursive binary splits, offering high interpretability but susceptibility to overfitting
on high-dimensional data.

• Ensemble methods—AdaBoost and Extreme Gradient Boosting (XGBoost). Both
methods combine multiple weak learners sequentially, with AdaBoost re-weighting
misclassified instances and XGBoost additionally applying gradient-based optimiza-
tion and regularization, making them robust to noisy bibliometric features.

Hyperparameters were optimized via grid search on the training set only, with the
best configuration selected by mean cross-validation F1-score. The search spaces for
each model were defined as follows. For Logistic Regression, the regularization strength
was searched over C ∈ {0.01, 0.1, 1, 10}. For Ridge Regression, the regularization pa-
rameter α ∈ {0.01, 0.1, 1, 10} was tuned. For SVM, regularization C ∈ {0.1, 1, 10} and
kernel ∈ {linear, RBF} were jointly optimized. For KNN, the number of neighbors was
searched over k ∈ {3, 5, 7, 9}. For AdaBoost, the number of estimators was searched over
{50, 100, 200} and the learning rate over {0.5, 1.0}. For XGBoost, tree depth ∈ {3, 5, 7} and
learning rate ∈ {0.01, 0.1, 0.3} were optimized. For Decision Trees, the maximum depth
was searched over {3, 5, 10, None}. Naïve Bayes has no free hyperparameters beyond its
smoothing prior and was evaluated using default settings, which are appropriate given its
closed-form parameter estimation. This systematic per-model tuning ensures a fair and re-
producible comparison across all classifiers, as each model operates at its best configuration
rather than at arbitrary defaults.
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3.6. Model Evaluation

Classification performance was assessed using metrics derived from the confusion
matrix, a 2 × 2 table recording the counts of True Positives (TP; awardees correctly clas-
sified), True Negatives (TN; non-awardees correctly classified), False Positives (FP; non-
awardees misclassified as awardees), and False Negatives (FN; awardees misclassified as
non-awardees). The following metrics were computed:

Accuracy =
TP + TN

TP + TN + FP + FN
, (7)

Precision =
TP

TP + FP
, (8)

Recall =
TP

TP + FN
, (9)

F1-score =
2 · Precision · Recall
Precision + Recall

. (10)

In addition, the Area Under the Receiver Operating Characteristic Curve (ROC-AUC)
was computed as a threshold-independent measure of discriminative ability, providing a
more complete assessment of model performance across all classification thresholds.

F1-score was prioritized for cross-model comparison due to its balanced treatment
of precision and recall. All metrics were averaged across five cross-validation folds, and
standard deviations are reported alongside mean values in the results tables to characterize
variability and support assessment of statistical robustness.

3.7. SHAP-Based Interpretability Analysis

While predictive performance metrics quantify classification effectiveness, they do not
explain why a model makes specific decisions. To provide transparency, SHAP (SHapley
Additive exPlanations) [33] was employed to quantify the contribution of each bibliometric
feature to individual model predictions.

3.7.1. SHAP Formulation

SHAP is grounded in cooperative game theory. For a trained model f , the prediction
for an instance x is decomposed as:

f (x) = ϕ0 +
m

∑
j=1

ϕj, (11)

where ϕ0 is the expected model output (baseline prediction) and ϕj represents the marginal
contribution of feature j. The Shapley value for feature j is defined as:

ϕj = ∑
S⊆F\{j}

|S|! (m − |S| − 1)!
m!

[ f (S ∪ {j})− f (S)], (12)

where F is the full feature set, S is a subset of features, and ! denotes the factorial operator.
This formulation, derived from Shapley’s axioms of fairness, consistency, and additivity,
guarantees that the sum of all feature contributions equals the difference between the
model’s prediction and the baseline.

3.7.2. Global and Local Interpretability

Two levels of interpretability were analyzed:

https://doi.org/10.3390/info17060515

https://doi.org/10.3390/info17060515


Information 2026, 17, 515 12 of 30

• Global interpretability: The mean absolute SHAP value

Ij =
1
N

N

∑
i=1

|ϕij| (13)

ranks features by their overall influence across all N authors in the dataset.
• Local interpretability: For individual authors, SHAP values quantify how specific

bibliometric indices increase or decrease the probability of awardee classification,
enabling case-level explanation.

3.7.3. Interpretation of Bibliometric Influence

Features with positive SHAP values increase the predicted probability of awardee
classification, whereas negative values reduce it. The SHAP analysis identified that indices
reflecting balanced productivity and citation structure, such as normalized h-index, h2

variants, q2-index, and g-index, consistently exhibited high contribution magnitudes across
domains. Domain-specific variations were also observed, indicating that recognition
patterns differ across disciplines, consistent with differences in publication norms and
citation intensities described in Section 3.1.

3.7.4. Transparency and Practical Implications

By decomposing model predictions into additive feature contributions, SHAP trans-
forms the predictive framework from a black-box classifier into an explainable decision-
support mechanism. This interpretability is essential in academic evaluation contexts where
transparency, fairness, and accountability are critical considerations. The integration of
performance evaluation and SHAP-based attribution ensures that the proposed framework
achieves both predictive accuracy and methodological accountability.

4. Results
This section presents the empirical evaluation of the proposed interpretable machine

learning framework across four academic domains: Computer Science, Neuroscience,
Mathematics, and Civil Engineering. Model performance was assessed using stratified
five-fold cross-validation, with mean values and standard deviations reported across folds
to characterize variability. The results are reported as domain-wise performance analyses
followed by cross-domain comparison and SHAP-based feature attribution. Overall, pre-
dictive performance varies across disciplines, with margin-based and ensemble methods
generally outperforming probabilistic and single-tree models. The interpretability anal-
ysis reveals consistent influence of normalized and balance-oriented indices alongside
domain-dependent variations in feature importance.

Before reporting classification results, Table 2 presents descriptive statistics compar-
ing awardee and non-awardee groups across key bibliometric dimensions. Awardees
in Neuroscience and Mathematics show notably higher normalized h-index values than
non-awardees, confirming that productivity efficiency, rather than raw volume, is a distin-
guishing dimension. In Mathematics, the awardee group also shows substantially higher
publication counts (135.8 ± 199.0) compared to non-awardees (48.5 ± 61.8), suggesting a
clearer bibliometric separation in that domain, which is consistent with Mathematics achiev-
ing the highest classification accuracy across all domains. The large standard deviations
throughout reflect the wide range of career stages present in the dataset.

4.1. Domain-Wise Performance of Machine Learning Models

For each domain, eight supervised learning algorithms were evaluated using accu-
racy, precision, recall, F1-score, and ROC-AUC under stratified five-fold cross-validation.
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Mean values and standard deviations across folds are reported. The comparative analysis
highlights model-specific trade-offs under different publication and citation structures.

4.1.1. Performance in Computer Science

The Computer Science results are summarized in Table 5 and visualized in Figure 2.
SVM achieved the best overall performance (accuracy = 0.69± 0.03; F1-score = 0.70± 0.03;
ROC-AUC = 0.75± 0.04), with well-balanced precision (0.70± 0.03) and recall (0.71± 0.04).
Ridge Regression tied on F1-score (0.70 ± 0.03) but with marginally higher recall (0.73 ± 0.05),
indicating that a regularized linear boundary also captures the underlying feature structure
effectively—consistent with the high inter-correlation among bibliometric indices in this
domain, where L2 regularization stabilizes coefficient estimates. AdaBoost matched SVM
and Ridge on F1 (0.69 ± 0.04) but with slightly lower recall, while Logistic Regression
remained competitive (0.69 ± 0.04). Naïve Bayes exhibited extreme recall (0.94 ± 0.02) at
the cost of very low precision (0.54 ± 0.01), indicating systematic overprediction of the
awardee class. Decision Trees produced the lowest performance (F1 = 0.63 ± 0.04; ROC-
AUC = 0.63 ± 0.05), consistent with their susceptibility to overfitting in high-dimensional
correlated feature spaces. The narrow performance spread across models (F1 range:
0.63–0.70) suggests that Computer Science presents a moderately challenging classifica-
tion task.

Figure 2. Comparison of all eight models across evaluation metrics for the Computer Science domain.
Models are ordered by F1-score.

Table 5. Performance of models on the Computer Science dataset (mean ± std across five cross-
validation folds).

Model Accuracy Precision Recall F1-Score ROC-AUC

SVM 0.69 ± 0.03 0.70 ± 0.03 0.71 ± 0.04 0.70 ± 0.03 0.75 ± 0.04
Ridge Regression 0.68 ± 0.03 0.67 ± 0.03 0.73 ± 0.05 0.70 ± 0.03 0.74 ± 0.03
Logistic Regression 0.67 ± 0.04 0.67 ± 0.04 0.73 ± 0.05 0.69 ± 0.04 0.73 ± 0.03
AdaBoost 0.69 ± 0.04 0.70 ± 0.03 0.68 ± 0.06 0.69 ± 0.04 0.74 ± 0.04
XGBoost 0.67 ± 0.03 0.69 ± 0.02 0.67 ± 0.06 0.68 ± 0.04 0.74 ± 0.04
Naïve Bayes 0.56 ± 0.02 0.54 ± 0.01 0.94 ± 0.02 0.69 ± 0.01 0.72 ± 0.04
KNN 0.65 ± 0.04 0.65 ± 0.03 0.68 ± 0.04 0.66 ± 0.04 0.70 ± 0.04
Decision Tree 0.63 ± 0.05 0.65 ± 0.06 0.61 ± 0.04 0.63 ± 0.04 0.63 ± 0.05

4.1.2. Performance in Neuroscience

The Neuroscience results are summarized in Table 6 and visualized in Figure 3. XGBoost
achieved the best overall performance (accuracy = 0.73 ± 0.02; F1-score = 0.73 ± 0.03;
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ROC-AUC = 0.79 ± 0.03) with perfectly balanced precision (0.73 ± 0.02) and recall
(0.73± 0.04), indicating that gradient boosting effectively captures the nonlinear interactions
among bibliometric indices characteristic of biomedical citation structures. AdaBoost
closely followed (F1 = 0.72 ± 0.02), confirming that ensemble methods are better suited to
Neuroscience than linear models. SVM produced competitive results (F1 = 0.71 ± 0.03;
ROC-AUC = 0.78 ± 0.03), while Ridge Regression and Logistic Regression remained
stable but lower (F1 = 0.69). Naïve Bayes again exhibited extreme recall (0.94 ± 0.01)
and low precision (0.52 ± 0.02). Decision Trees produced the lowest F1-score (0.64 ± 0.03).
The stronger performance of ensemble methods relative to linear models in Neuroscience,
compared to Computer Science, where linear models tied with SVM, is consistent with the
broader distribution of feature influence observed in the SHAP analysis (Section 4.4).

Figure 3. Heatmap comparison of all eight models across evaluation metrics for the Neuroscience
domain. Darker green indicates higher scores; red indicates lower scores.

Table 6. Performance of models on the Neuroscience dataset (mean ± std across five cross-validation folds).

Model Accuracy Precision Recall F1-Score ROC-AUC

XGBoost 0.73 ± 0.02 0.73 ± 0.02 0.73 ± 0.04 0.73 ± 0.03 0.79 ± 0.03
AdaBoost 0.73 ± 0.02 0.74 ± 0.03 0.70 ± 0.03 0.72 ± 0.02 0.76 ± 0.02
SVM 0.71 ± 0.03 0.70 ± 0.04 0.72 ± 0.05 0.71 ± 0.03 0.78 ± 0.03
Ridge Regression 0.69 ± 0.02 0.68 ± 0.04 0.70 ± 0.04 0.69 ± 0.02 0.76 ± 0.04
Logistic Regression 0.68 ± 0.04 0.67 ± 0.05 0.71 ± 0.06 0.69 ± 0.03 0.75 ± 0.05
KNN 0.68 ± 0.02 0.68 ± 0.03 0.70 ± 0.07 0.68 ± 0.03 0.74 ± 0.02
Naïve Bayes 0.54 ± 0.03 0.52 ± 0.02 0.94 ± 0.01 0.67 ± 0.01 0.68 ± 0.01
Decision Tree 0.65 ± 0.01 0.66 ± 0.02 0.63 ± 0.06 0.64 ± 0.03 0.65 ± 0.01

4.1.3. Performance in Civil Engineering

Civil Engineering results are summarized in Table 7 and visualized in Figure 4. SVM
achieved the best overall performance (accuracy = 0.71 ± 0.04; F1-score = 0.72 ± 0.04;
ROC-AUC = 0.76± 0.04), with strong recall (0.76± 0.04) and balanced precision (0.69± 0.04).
The strong recall indicates that SVM successfully identifies the majority of awardees, which
is desirable in evaluation contexts where missed recognition is costly. AdaBoost closely
followed (F1 = 0.71 ± 0.03; ROC-AUC = 0.76 ± 0.03), and interestingly, Naïve Bayes
also achieved F1 = 0.71 ± 0.02 through very high recall (0.93 ± 0.03), albeit with the
lowest precision (0.57± 0.02) among top performers. Ridge Regression, Logistic Regression,
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XGBoost, and KNN all produced comparable results (F1 = 0.70), indicating a relatively
flat performance landscape across model families in this domain. Decision Trees produced
the lowest F1-score (0.63 ± 0.05), consistent with their limited generalization on high-
dimensional features.

Figure 4. Radar chart comparison of all eight models across evaluation metrics for the Civil Engineer-
ing domain. The SVM profile (red) shows the largest overall area.

Table 7. Performance of models on the Civil Engineering dataset (mean ± std across five cross-
validation folds).

Model Accuracy Precision Recall F1-Score ROC-AUC

SVM 0.71 ± 0.04 0.69 ± 0.04 0.76 ± 0.04 0.72 ± 0.04 0.76 ± 0.04
AdaBoost 0.69 ± 0.03 0.67 ± 0.02 0.77 ± 0.05 0.71 ± 0.03 0.76 ± 0.03
Naïve Bayes 0.62 ± 0.03 0.57 ± 0.02 0.93 ± 0.03 0.71 ± 0.02 0.70 ± 0.05
Ridge Regression 0.69 ± 0.04 0.67 ± 0.04 0.75 ± 0.06 0.70 ± 0.04 0.74 ± 0.04
Logistic Regression 0.69 ± 0.04 0.66 ± 0.03 0.76 ± 0.06 0.70 ± 0.04 0.74 ± 0.04
XGBoost 0.70 ± 0.03 0.69 ± 0.03 0.71 ± 0.05 0.70 ± 0.03 0.77 ± 0.03
KNN 0.69 ± 0.02 0.68 ± 0.02 0.72 ± 0.06 0.70 ± 0.03 0.73 ± 0.01
Decision Tree 0.62 ± 0.04 0.62 ± 0.04 0.64 ± 0.06 0.63 ± 0.05 0.63 ± 0.04

4.1.4. Performance in Mathematics

The Mathematics results are summarized in Table 8 and visualized in Figure 5. XG-
Boost achieved the best overall performance (accuracy = 0.79± 0.02; F1-score = 0.78± 0.02;
ROC-AUC = 0.88± 0.01), with well-balanced precision (0.79± 0.03) and recall (0.78± 0.02).
The notably high ROC-AUC of 0.88, the highest across all four domains, confirms strong
discriminative ability and indicates that the bibliometric patterns distinguishing award-
winning mathematicians are more clearly separable in the feature space than in other
disciplines. This aligns with the descriptive statistics in Table 2, where Mathematics
showed the largest between-group difference in normalized h-index (0.41 vs. 0.19) and
publication count (135.8 vs. 48.5). KNN closely matched XGBoost (F1 = 0.78 ± 0.02),
while SVM achieved the highest precision (0.82 ± 0.04) at the cost of lower recall
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(0.72 ± 0.03). AdaBoost and Ridge Regression also produced strong results (F1 = 0.76 and
0.75 respectively), indicating that both ensemble and linear models are effective in this do-
main. Naïve Bayes exhibited high recall (0.93 ± 0.02) but the lowest precision (0.60 ± 0.02),
consistent with its behavior across all domains.

Figure 5. Line plot comparison of all eight models across evaluation metrics for the Mathematics
domain. The sharp dip at Naïve Bayes reflects the precision–recall trade-off.

Table 8. Performance of models on the Mathematics dataset (mean ± std across five cross-validation folds).

Model Accuracy Precision Recall F1-Score ROC-AUC

XGBoost 0.79 ± 0.02 0.79 ± 0.03 0.78 ± 0.02 0.78 ± 0.02 0.88 ± 0.01
KNN 0.78 ± 0.02 0.78 ± 0.02 0.78 ± 0.02 0.78 ± 0.02 0.85 ± 0.01
SVM 0.78 ± 0.03 0.82 ± 0.04 0.72 ± 0.03 0.77 ± 0.03 0.86 ± 0.02
AdaBoost 0.76 ± 0.03 0.79 ± 0.05 0.73 ± 0.03 0.76 ± 0.03 0.85 ± 0.02
Ridge Regression 0.76 ± 0.03 0.77 ± 0.04 0.72 ± 0.04 0.75 ± 0.04 0.84 ± 0.02
Decision Tree 0.74 ± 0.03 0.75 ± 0.03 0.74 ± 0.04 0.74 ± 0.03 0.74 ± 0.03
Logistic Regression 0.72 ± 0.03 0.75 ± 0.04 0.68 ± 0.05 0.71 ± 0.03 0.82 ± 0.03
Naïve Bayes 0.65 ± 0.03 0.60 ± 0.02 0.93 ± 0.02 0.73 ± 0.02 0.80 ± 0.03

4.2. Cross-Domain Comparative Evaluation

Cross-domain comparison examines model robustness under different citation be-
haviors and publication norms. The best-performing model in each domain, selected
by F1-score, was SVM (Computer Science and Civil Engineering) and XGBoost (Neuro-
science and Mathematics). Consolidated results are reported in Table 9 and visualized in
Figures 6 and 7.

Table 9. Best-performing models across domains with full evaluation metrics.

Domain Best Model Acc. Prec. Recall F1 ROC-AUC

Computer Science SVM 0.69 0.70 0.71 0.70 0.75
Neuroscience XGBoost 0.73 0.73 0.73 0.73 0.79
Mathematics XGBoost 0.79 0.79 0.78 0.78 0.88
Civil Engineering SVM 0.71 0.69 0.76 0.72 0.76
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Figure 6. Cross-domain comparison of best-performing models across all evaluation metrics. Mathe-
matics achieves the highest scores across all metrics.

Figure 7. Cross-domain performance trends of best-performing models. The upward trajectory
toward Mathematics reflects increasing bibliometric separability across domains.

The results reveal two consistent cross-domain patterns. First, SVM provides strong
performance in Computer Science (ROC-AUC = 0.75) and Civil Engineering (ROC-
AUC = 0.76), while XGBoost dominates in Neuroscience (ROC-AUC = 0.79) and Mathe-
matics (ROC-AUC = 0.88). This suggests that gradient boosting is better suited to domains
with more complex nonlinear feature interactions, whereas margin-based classifiers remain
effective where feature separability is more direct. Second, all models perform markedly
better in Mathematics than in the other three domains across all metrics, reflecting the
stronger bibliometric differentiation between awardees and non-awardees identified in
Table 2. Overall, margin-based and ensemble models consistently outperform probabilistic
and single-tree approaches under cross-domain evaluation.

Misclassification Analysis

To provide insight into model limitations, the misclassification patterns of the best-
performing models were examined. Across all domains, SVM and XGBoost tend to gener-
ate more False Negatives (awardees misclassified as non-awardees) than False Positives,
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consistent with their balanced but slightly precision-leaning profiles. This suggests that
awardees with atypical bibliometric profiles, for example, researchers recognized for a
single landmark contribution rather than sustained high-volume output, are more likely to
be misclassified. Naïve Bayes shows the opposite pattern across all domains, generating
high False Positive rates due to its feature independence assumption, which systematically
overestimates the posterior probability of the awardee class. These observations suggest
that incorporating non-bibliometric signals, such as award nomination history or disci-
plinary prestige rankings, could reduce False Negative rates for atypical awardee profiles
in future work.

4.3. Prior Sensitivity Analysis

All classification metrics reported in Section 4.1 are computed under the balanced 1:1
evaluation setting described in Section 3.5. In real-world institutional contexts, awardees
constitute a small minority of any academic population. To quantify how reported met-
rics translate under realistic class priors, this section presents a prior sensitivity analysis
following the approach outlined by the reviewer.

Let π denote the true proportion of awardees in a population of N researchers. Given
precision p and recall r estimated on the balanced test set, the expected number of True
Positives (TPs), False Positives (FPs), and adjusted real-world precision p∗ under prior π

can be approximated as:

TP ≈ r · πN, FP ≈ (1 − p) · (1 − π)N, p∗ =
TP

TP + FP
(14)

Table 10 applies this calculation to the best-performing model in each domain (selected
by F1-score) across three realistic awardee prevalence scenarios, using a population of
N = 1000 researchers.

Table 10. Prior sensitivity analysis: estimated real-world precision of best-performing models under
three awardee prevalence scenarios (N = 1000).

Domain Model
Balanced Adjusted Precision Under Real-World Prior

Precision π = 5% π = 2% π = 1%

Computer Science SVM 0.70 0.28 0.13 0.07
Neuroscience XGBoost 0.73 0.33 0.16 0.08
Mathematics XGBoost 0.79 0.43 0.22 0.12
Civil Engineering SVM 0.69 0.27 0.13 0.06

These results confirm the reviewer’s observation that balanced evaluation metrics
substantially overestimate precision under realistic deployment conditions. For example,
at a 1% awardee prevalence, a reasonable estimate for major professional society awards
relative to total active researchers, the best-performing model in Mathematics yields an
adjusted precision of approximately 12%, meaning that roughly 88% of researchers flagged
as predicted awardees would be incorrectly classified. This does not invalidate the frame-
work’s utility, but it does reframe its appropriate use: the proposed system is designed as a
ranking and screening tool to assist human evaluators in prioritizing candidates for deeper
review, rather than as a deployment-ready binary classifier. Probability calibration and
threshold adjustment would be required before any operational institutional deployment,
and are identified as directions for future work in Section 6.

4.4. Feature Importance and SHAP Interpretation

To explain which bibliometric characteristics drive award recognition, SHAP was
applied to the best-performing model in each domain. SHAP summary plots rank features
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by mean absolute SHAP value; positive values push predictions toward the awardee class
and negative values toward the non-awardee class. High feature values are shown in red
and low values in blue. All indices appearing in the SHAP figures are defined in Table 11.

Table 11. Definitions of all bibliometric indices appearing in SHAP figures.

Index Definition/Interpretation

h-index Largest k such that k papers each have ≥k citations

Normalized h-index h-index divided by total publications P; adjusts for career length

h2-lower, h2-upper, h2-center Lower bound, upper bound, and center of the h2-family; capture citation structure around the h-core

g-index Largest k such that top k papers together have ≥k2 citations

A-index Mean citations within the h-core; measures citation intensity

R-index Square root of total h-core citations

Rm-index Geometric mean of R-index and m-quotient; combines impact with career normalisation

q2-index Geometric mean of h-index and m-quotient; balances productivity and temporal normalisation

w-index Largest k such that k papers each have ≥10k citations

Gh-index Geometric mean of g-index and h-index

Weighted h-index h-index weighted by co-authorship

hg-index Geometric mean of h-index and g-index

P-index Total publication count P

π-index Productivity-impact composite index

X-index Citation-based index capturing extreme citation events

Tapered h-index h-index with tapered citation weighting near the h-core boundary

h-core citations Total citations within the h-core

t-index Trend-based index capturing recent citation momentum

f-index Fractional h-index adjusted for co-authorship

Maxprod Maximum product of paper rank and citation count

Rational h-index Continuous interpolated extension of h-index

wu-index Variant of w-index with unit-based threshold

m-index m-quotient: h-index divided by academic age

e-index Excess citations beyond the h-core threshold

Real h-index Interpolated continuous h-index

i10-index Number of publications with ≥10 citations

h-dash index Modified h-index penalising low-citation papers

k-dash index Variant of h-dash with different penalty weighting

4.4.1. Computer Science

Figure 8 shows that h2-lower index, h2-center index, A-index, normalized h-index, and
weighted h-index are the most influential features in Computer Science. From a scientomet-
ric perspective, the dominance of h2-family indices and the A-index reflects the importance
of citation concentration within the h-core: award-winning computer scientists tend not only to
have a high h-index but to have substantially more citations per paper within that core than
non-awardees. The normalized h-index captures productivity efficiency, a high h-index
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relative to total publications, which distinguishes researchers with focused, high-impact
output from those with high volume but diffuse impact [5].

Figure 8. SHAP feature importance for Computer Science. Features ranked by mean absolute SHAP
value. Red dots indicate high feature values; blue dots indicate low values.

4.4.2. Neuroscience

In Neuroscience (Figure 9), Rm-index, q2-index, h-index, w-index, and Gh-index domi-
nate predictions. The prominence of the Rm-index, which combines citation impact within
the h-core with career-length normalization, is consistent with Neuroscience’s high citation
intensity and long-form research careers typical of biomedical fields [4]. The w-index,
which requires papers to exceed a high citation threshold (≥10k citations), reflects the
field’s culture of landmark publications accumulating citations over decades. The broader
distribution of feature influence across more indices, compared to other domains, explains
why XGBoost and AdaBoost, which capture nonlinear feature interactions, outperform
linear models in this domain.

https://doi.org/10.3390/info17060515

https://doi.org/10.3390/info17060515


Information 2026, 17, 515 21 of 30

Figure 9. SHAP feature importance for Neuroscience. The broader spread of influential indices
reflects stronger nonlinear feature interactions in this domain.

4.4.3. Mathematics

For Mathematics (Figure 10), normalized h-index, h2-lower, h2-upper, A-index, and
X-index are the most prominent. The strong influence of the normalized h-index is theo-
retically consistent with the publication culture of mathematics: mathematicians typically
publish fewer papers than researchers in experimental disciplines, but each paper carries
substantial citation weight. Consequently, productivity efficiency, captured by the normal-
ized h-index, is a stronger discriminator than raw publication count. The prominence of
h2-family indices further confirms that the structural distribution of citations above the h-
core threshold, rather than its magnitude alone, characterizes award-worthy mathematical
output. This is consistent with Mathematics achieving the highest cross-domain ROC-AUC
(0.88), indicating that these structural features provide strong discriminative power.
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Figure 10. SHAP feature importance for Mathematics. The dominance of normalized h-index reflects
productivity efficiency characteristic of mathematical research.

4.4.4. Civil Engineering

In Civil Engineering (Figure 11), P-index (total publications), h2-upper, q2-index, X-
index, and g-index are the most influential. The prominence of the P-index indicates
that raw publication volume plays a stronger role in distinguishing awardees in Civil
Engineering than in Mathematics, consistent with the applied research culture of the
field where sustained output across project-based research is expected [29]. However, the
co-prominence of h2-upper and q2-index confirms that productivity alone is insufficient;
citation balance and structural impact remain essential discriminators. This dual require-
ment is also reflected in the descriptive statistics, where non-awardees in Civil Engineering
actually have higher mean h-index and publication counts than awardees, suggesting that
citation structure rather than raw volume is the true differentiator.
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Figure 11. SHAP feature importance for Civil Engineering. The co-dominance of the P-index and
h2-upper reflects the interplay of productivity and citation balance in this domain.

4.4.5. Cross-Domain Summary of Influential Indices

Table 12 summarizes dominant indices across domains. The consistent cross-domain
emergence of normalized h-index, h2-family indices, q2-index, and g-index supports the
theoretical argument that award recognition is associated not merely with research volume
but with the structural balance of scholarly impact, the distribution and efficiency of
citations relative to productivity. Domain-specific variations reflect genuine differences in
publication norms and citation cultures rather than model artifacts.

Across all domains, normalized and balance-oriented indices repeatedly emerge as
influential predictors, while domain-specific patterns reflect disciplinary differences in
how scholarly excellence is expressed and recognized. These results demonstrate that the
framework provides both predictive effectiveness and transparent, theoretically grounded
evidence regarding the bibliometric characteristics associated with academic recognition.
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Table 12. Cross-domain summary of SHAP-identified influential indices and their scientometric
interpretation.

Domain Top SHAP Indices Scientometric Interpretation

Computer Science h2-lower, h2-center, A-index, normalized h,
weighted h

Citation concentration within the h-core and
productivity efficiency distinguish awardees;
consistent with impact-focused CS evaluation.

Neuroscience Rm, q2, h, w, Gh

Career-normalized citation impact and
high-citation landmark publications dominate;
reflects biomedical citation intensity and long
research careers.

Mathematics Normalized h, h2-lower, h2-upper, A-index,
X-index

Productivity efficiency and structural citation
balance drive recognition; consistent with
low-volume, high-impact publication norms in
theoretical disciplines.

Civil Engineering P-index, h2-upper, q2, X-index, g

Publication volume combined with citation
balance is decisive; reflects applied research
culture requiring sustained output alongside
impactful contributions.

The cross-domain pattern of feature generalization reflects a fundamental distinction
between bibliometric signals that capture universal scholarly norms and those that en-
code discipline specific citation cultures. Normalized and balance oriented indices, the
normalized h-index, h2-family, and q2 index, generalize across all four domains because
they measure productivity efficiency and citation structure, dimensions of scholarly output
that underpin peer recognition regardless of how citations accumulate in a given field. In
contrast, domain-specific indicators emerge where publication norms diverge most sharply
from the cross-domain baseline: the Rm-index and w-index are prominent in Neuroscience
because the field’s high citation intensity and landmark publication culture amplify career-
normalized and threshold-based citation signals; the P-index rises in Civil Engineering
because sustained output volume is a recognized marker of applied research excellence in
that field; and the X-index carries greater weight in Mathematics and Civil Engineering
where extreme citation events are rarer and therefore more distinguishing. This pattern sug-
gests that a parsimonious cross-domain predictor could be constructed from the small set
of balance oriented indices, with domain-specific indices added as supplementary signals
when the deployment domain is known a direction for future framework refinement.

5. Discussion
The empirical evaluation demonstrates that machine learning models can effectively

distinguish award-winning researchers from non-awardees using publication count-based
bibliometric indices. Across the four examined disciplines, predictive performance varied
according to disciplinary publication and citation structures, with domain-specific F1-
scores ranging from 0.70 (Computer Science) to 0.78 (Mathematics) and ROC-AUC values
from 0.75 to 0.88. XGBoost achieved the strongest results in Mathematics (F1 = 0.78;
ROC-AUC = 0.88) and Neuroscience (F1 = 0.73; ROC-AUC = 0.79), indicating that
gradient boosting is better suited to domains with complex nonlinear bibliometric feature
interactions. SVM performed best in Computer Science (F1 = 0.70; ROC-AUC = 0.75) and
Civil Engineering (F1 = 0.72; ROC-AUC = 0.76), where the feature space exhibits stronger
margin-based separability. These patterns suggest that no single classifier dominates
universally; rather, the optimal model reflects the underlying citation and productivity
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structure of each discipline. Overall, margin-based and ensemble methods consistently
outperformed probabilistic and single-tree models, confirming that publication-based
features contain sufficient predictive signal to support reliable awardee classification when
analyzed through supervised learning frameworks.

Comparison with prior studies further highlights the contribution of the proposed
framework. Earlier scientometric research largely focused on evaluating individual indices
or comparing their descriptive performance within specific disciplines [4,29]. Studies
examining h-index variants demonstrated that no single metric consistently captures all
dimensions of scholarly impact across domains. More recent predictive work has made
progress: Alshdadi et al. [1] achieved prediction accuracy up to 70% using deep learning,
while Usman et al. [15] applied logistic regression within a single domain. The present
framework advances beyond these contributions in three specific ways. First, it evaluates
eight classifiers simultaneously across four heterogeneous disciplines, enabling systematic
cross-domain robustness assessment that prior single-domain studies could not provide.
Second, unlike the deep learning approach of Alshdadi et al., which operates as a black-
box system, the present framework integrates SHAP-based explainability that identifies
which specific bibliometric features drive predictions, a critical requirement for institutional
adoption. Third, by engineering thirty-two publication count-based indices organized
into conceptual categories, productivity, impact, and structural balance, the framework
evaluates the joint predictive contribution of multiple indices rather than treating them
in isolation. These combined advances represent a meaningful step toward systematic,
transparent, and generalizable bibliometric evaluation.

The interpretability analysis provides further insight into the bibliometric character-
istics associated with academic recognition. SHAP-based feature attribution consistently
identified normalized and balance-oriented indices as influential predictors across all four
domains. Indicators such as the normalized h-index, h2-type variants, q2-index, and g-index
emerged repeatedly among the most important features. These indices capture balanced
productivity and citation concentration rather than relying solely on total publication
counts or raw citation totals. This pattern aligns with established scientometric theory:
Bornmann and Daniel [5] argued that composite indices better reflect scholarly influence
than primitive metrics precisely because they capture the structural distribution of citations
rather than their aggregate. The present findings provide empirical, cross-domain con-
firmation of this argument within a predictive rather than purely descriptive framework,
suggesting that the same structural properties associated with scholarly influence in theory
are also those that distinguish recognized researchers in practice. In practical terms, this
transparency directly informs how the framework can be deployed responsibly in institu-
tional settings: for example, a grant committee or promotion panel could use the model to
rank a large candidate pool by predicted awardee probability, surfacing the top decile of
researchers for detailed human review, analogous to how abstract-screening tools are used
in systematic literature reviews, rather than applying it as a binary decision system. The
SHAP explanations further allow evaluators to interrogate why a candidate ranks highly,
for instance, whether their score is driven by sustained productivity efficiency or by citation
concentration within the h-core, enabling informed and accountable judgment rather than
uncritical acceptance of model outputs.

Domain-specific variations in feature importance reveal the influence of disciplinary
publication cultures. In Neuroscience, the Rm-index and w-index exhibited stronger in-
fluence, reflecting the field’s high citation intensity and the prominence of landmark
publications that accumulate citations over long periods—both of which are captured by
these citation-intensive, career-normalized indices. In Mathematics, the normalized h-index
and h2-family metrics dominated, reflecting the relatively lower publication frequency and
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longer citation half-lives typical of theoretical disciplines, where productivity efficiency
rather than volume is the distinguishing characteristic. Civil Engineering demonstrated
a mixed pattern in which productivity-based indices such as the P-index interacted with
citation balance metrics, reflecting the applied research culture of the field. Notably, the
descriptive statistics revealed that non-awardees in Civil Engineering had higher raw
h-index and publication counts than awardees on average, reinforcing that raw volume is
insufficient and that citation structure is the decisive discriminator. These differences high-
light the importance of evaluating bibliometric indicators within cross-domain frameworks
rather than assuming universal applicability across disciplines.

The integration of SHAP-based interpretability has important methodological implica-
tions for scientometric evaluation. Traditional machine learning models frequently operate
as opaque systems, limiting their practical adoption in academic decision-making con-
texts where transparency is essential [1]. By decomposing model predictions into additive
feature contributions, the proposed framework transforms predictive modeling into an
explainable decision-support mechanism. Institutions and funding agencies can therefore
not only generate predictions regarding potential award recognition but also understand
the specific bibliometric characteristics underlying those predictions. This transparency
supports more evidence-based and accountable assessment of scholarly impact, and al-
lows decision-makers to interrogate and challenge model outputs rather than accepting
them uncritically.

The deployment of bibliometric prediction frameworks in institutional evaluation
contexts raises important ethical considerations that must be addressed alongside predic-
tive performance. Three concerns are particularly relevant. First, dataset bias: the present
study relies on award lists from specific professional societies, which may not represent
the full diversity of research excellence across career stages, geographic regions, or un-
derrepresented communities. Researchers from lower-resource institutions, early-career
scholars, or those working in interdisciplinary areas that are underrepresented in major
award programs may be systematically disadvantaged by frameworks trained on such
data. Second, model fairness: the misclassification analysis revealed that awardees with
atypical bibliometric profiles, for example, those recognized for a single landmark con-
tribution, are more likely to be classified as non-awardees. Deploying a framework that
penalizes non-standard excellence patterns would reinforce existing structural inequities
rather than correct them. Third, and critically, metric gaming: if institutional evaluations
were to formally incorporate bibliometric prediction scores, researchers might optimize
their behavior to inflate the specific indices identified as influential by the model, such as
normalized h-index or h2-family indices, at the expense of genuine scientific contribution.
This is a well-documented risk in bibliometric policy contexts [2] and argues strongly for
using such frameworks as decision-support tools rather than decision-making systems. The
present framework is intended to support human judgment, not replace it.

Several limitations of the present study should be acknowledged. The analysis fo-
cuses exclusively on publication count-based bibliometric indices and does not incorporate
citation-age adjustments, collaboration-network measures, or temporal career dynamics,
features that may capture additional dimensions of scholarly impact relevant to award
recognition. The reliance on a single data source (Google Scholar via Publish or Perish)
introduces potential indexing inconsistencies across disciplines, as Google Scholar’s cover-
age varies in depth and completeness between fields. The non-awardee matching strategy,
while designed to reduce selection bias, relied on publication volume as the primary match-
ing criterion; other potential confounders, such as career stage, institutional affiliation,
and sub-disciplinary specialization, were not controlled. Finally, although the framework
was validated across four disciplines, broader coverage of research fields, particularly

https://doi.org/10.3390/info17060515

https://doi.org/10.3390/info17060515


Information 2026, 17, 515 27 of 30

humanities, arts, and interdisciplinary domains, and larger, more diverse datasets would
strengthen generalizability.

6. Conclusions and Future Work
This study investigated whether machine learning techniques can reliably and trans-

parently predict academic award recognition using publication count-based bibliometric
indices. An interpretable multi-domain evaluation framework was developed and applied
to four disciplines, Computer Science, Neuroscience, Mathematics, and Civil Engineer-
ing, integrating structured data collection, feature computation, supervised classification,
stratified cross-validation, and SHAP-based explainability. By combining predictive mod-
eling with interpretable analysis, the study advances beyond descriptive bibliometric
comparisons toward a systematic, transparent, and cross-domain evaluation methodology.

Unlike traditional approaches that evaluate individual indices independently, the
proposed framework integrates thirty-two publication count-based bibliometric indicators,
organized into productivity-based, impact-based, and structural balance categories, within
a unified predictive modeling pipeline. Eight supervised machine learning algorithms
were evaluated to examine their ability to classify award-winning and non-award-winning
researchers. The integration of comprehensive feature engineering, stratified five-fold cross-
validation, ROC-AUC evaluation, and SHAP-based interpretability enabled a rigorous
assessment of both predictive accuracy and the relative contribution of bibliometric features,
with standard deviations reported to characterize result variability.

The empirical results reveal several important findings. Predictive performance differs
across disciplines, reflecting domain-specific publication and citation structures; Mathemat-
ics achieved the highest discriminative performance (ROC-AUC = 0.88), while Computer
Science presented the most challenging classification task (ROC-AUC = 0.75). XGBoost
demonstrated the strongest performance in citation-intensive domains (Mathematics and
Neuroscience), while SVM was more effective in domains with stronger margin-based sep-
arability (Computer Science and Civil Engineering). SHAP-based interpretability analysis
consistently identified normalized and balance-oriented indices, including the normal-
ized h-index, h2 variants, q2-index, and g-index, as the most influential predictors across
domains, providing empirical cross-domain confirmation that structural citation balance
rather than raw productivity volume characterizes award-worthy scholarly output.

The findings demonstrate that publication count-based bibliometric indicators, when
analyzed within an interpretable machine learning framework, provide meaningful and
theoretically grounded signals for understanding academic recognition patterns. The
integration of SHAP transforms the predictive model from a purely statistical classifier
into a transparent decision-support mechanism, essential in evaluation contexts where
fairness, accountability, and transparency are critical. The proposed framework is not
intended to automate academic evaluation decisions, but rather to augment human judg-
ment with evidence-based, explainable insights. Importantly, the ethical implications of
such frameworks, including dataset bias, model fairness, and the risk of metric gaming,
must be carefully considered before any institutional deployment, and the framework
should be applied as a transparent support tool rather than a prescriptive decision system.
It is important to note that all reported metrics are evaluated under a balanced 1:1 class
distribution arising from the matched dataset design, and should not be interpreted as re-
flecting deployment performance under real-world class priors. A prior sensitivity analysis
(Section 4.3) demonstrates that adjusted precision falls substantially at realistic awardee
prevalence rates, reinforcing that the proposed framework is designed as a ranking and
screening tool to support human judgment rather than as a standalone decision-making
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system. Probability calibration and evaluation under natural class priors are identified as
essential directions for future work before any institutional deployment.

Despite these contributions, several limitations remain. The analysis is restricted
to publication count-based indices and does not incorporate citation-age adjustments,
collaboration-network features, or longitudinal career dynamics. The reliance on a single
data source (Google Scholar via Publish or Perish) introduces potential coverage inconsis-
tencies across disciplines. The non-awardee matching strategy, while structured to reduce
selection bias, did not control for confounders such as career stage or institutional affiliation.
Finally, the framework was validated across four disciplines; broader domain coverage and
larger, more diverse datasets would further strengthen generalizability.

A further limitation concerns the evaluation setting. The dataset was constructed using
a matched 1:1 design, which means both the training and test sets reflect a balanced class
distribution rather than the natural prevalence of awardees in any real academic population.
As demonstrated in Section 4.3, precision under realistic awardee prevalence rates of
1–5% falls to between 2% and 17% across domains, substantially below the balanced test
estimates. Probability calibration, threshold adjustment, and evaluation under realistic
class priors are therefore necessary prerequisites before this framework is applied in any
institutional setting.

Future research can extend this framework in several directions. Incorporating citation-
age-adjusted indices, collaboration-network measures, and temporal bibliometric trajecto-
ries would provide a more complete representation of scholarly influence. The inclusion of
formal statistical significance tests, such as McNemar’s test for pairwise classifier compari-
son or Friedman tests across multiple domains, would strengthen the statistical rigor of
cross-model comparisons. Fairness-aware machine learning approaches, such as adversar-
ial debiasing or constraint-based optimization, could address the dataset bias and model
fairness concerns identified in this study. Extending the framework to additional disci-
plines, particularly humanities, social sciences, and interdisciplinary fields, and applying
longitudinal modeling of academic careers would broaden applicability. Finally, integrating
the framework with real-time bibliometric APIs (e.g., Semantic Scholar, OpenAlex) would
support dynamic, continuously updated evaluation pipelines. Through these extensions,
predictive scientometric evaluation may evolve toward more robust, fair, transparent, and
context-aware mechanisms for assessing scholarly impact.
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