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This paper presents a scientometric and analytical examination of machine learning applications
in human factors research using a Scopus indexed dataset of 1,708 publications from 2019 to
2025. Keyword cooccurrence analysis was conducted using VOSviewer with a minimum occur-
rence threshold of 10, resulting in a network of 75 keywords grouped into eight thematic clus-
ters. The thematic structure indicates a dominant empirical stream focused on cognitive state
assessment, especially mental workload and fatigue detection using physiological signals such
as electroencephalography and deep learning methods. Complementary clusters emphasize hu-
man Al interaction, explainable Al, decision support, automation and human reliability, affec-
tive computing, ergonomics in Industry 4.0/5.0 contexts, and healthcare oriented clinical deci-
sion support and patient safety. Overlay analysis shows recent growth in generative Al, large
language models, fairness, and human centered Al concepts in 2024-2025. An analytical syn-

%‘e t’: t‘:j;ﬁf@:ﬁgj‘z thesis identifies major gaps, including limited human-in-the-loop validation, weak cross domain
Explgainab lo Al generalizability, insufficient longitudinal evaluation of human Al collaboration, and emerging

explainability work that remains under validated empirically. The results provide a structured
map of the field and a focused research agenda for responsible, transparent, and effective human
centered intelligent systems.
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1. Introduction

The accelerating integration of machine learning (ML) and artificial intelligence (Al) into sociotechnical systems has fun-
damentally reshaped the landscape of human factors research. Human factors engineering, traditionally concerned with
optimizing the interaction between humans and complex systems, has increasingly incorporated intelligent algorithms to
enhance performance prediction, risk mitigation, and decision support (Salvendy, 2012; Wickens et al., 2015). At the same
time, the rapid evolution of machine learning methodologies, from deep neural networks to generative large language mod-
els, has introduced unprecedented predictive and adaptive capabilities across domains (Goodfellow et al., 2016; Bzdok et
al., 2018).

Historically, human factors research has emphasized constructs such as mental workload, situation awareness, human error,
and trust in automation. These constructs emerged in response to challenges in aviation, healthcare, nuclear operations, and
industrial control systems, where safety and cognitive compatibility are paramount (Endsley, 1995; Parasuraman & Riley,
1997; Reason, 1990). With the emergence of intelligent systems capable of autonomous decision making, these classical
constructs have become even more relevant. Machine learning models now influence diagnostic processes, operator moni-
toring, ergonomic risk detection, and collaborative robotics. However, the introduction of data driven algorithms into safety
critical environments raises new concerns regarding interpretability, reliability, accountability, and appropriate reliance
(Lee & See, 2004; Lipton, 2018).
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One of the most significant transformations in recent years has been the shift from predictive modeling toward explainable
and human centered Al frameworks. Research programs such as DARPA’s Explainable Al initiative have explicitly em-
phasized the need for transparency in algorithmic reasoning (Gunning & Aha, 2019). Surveys of interpretability techniques
highlight the methodological diversity of explanation mechanisms, yet also underscore the lack of standardized evaluation
criteria (Guidotti et al., 2018; Doshi Velez & Kim, 2017). Empirical studies demonstrate that explainability directly affects
trust formation, user acceptance, and decision quality (Shin, 2021; Wang et al., 2019). In healthcare contexts, structured
reporting guidelines such as STARD and DECIDEALI have institutionalized transparency requirements for Al driven deci-
sion support systems (Cohen et al., 2016; Vasey et al., 2022).

Simultaneously, machine learning applications have expanded beyond detection of cognitive workload and fatigue toward
collaborative human robot systems (Mukherjee et al., 2022; Peternel et al., 2019), industrial ergonomics and Industry 5.0
paradigms (Yu et al., 2019), and affective computing models that infer emotional states from multimodal signals (Alberdi
et al., 2016). Most recently, the proliferation of generative Al and large language models has introduced conversational
agents into education, healthcare, and advisory contexts (Jeon & Lee, 2023; Abdulkareem & Fatahi, 2023). Ethical and trust
related concerns regarding such systems are becoming central to human centered Al discourse (Armitage, 2025; Shahsavar
& Choudhury, 2023).

Despite this rapid expansion, the literature at the intersection of machine learning and human factors remains fragmented.
Existing reviews typically focus on specific domains such as musculoskeletal disorder prevention (Chan et al., 2022), clin-
ical Al integration (Knop et al., 2022), or robotics collaboration (Benos et al., 2025). While valuable, such domain specific
analyses do not provide a comprehensive structural mapping of the field as a whole. Questions remain regarding thematic
concentration, citation anchors, methodological maturity, and the temporal evolution of research priorities.

Scientometric analysis provides a systematic approach to addressing these questions. By analyzing bibliographic metadata,
keyword cooccurrence networks, and citation patterns, it becomes possible to map intellectual structures and detect emerg-
ing paradigms (van Eck & Waltman, 2010; Aria & Cuccurullo, 2017). Such mapping is particularly valuable in interdisci-
plinary domains undergoing rapid transformation.

The present study conducts a comprehensive scientometric analysis of machine learning applications in human factors re-
search using 1,708 Scopus indexed publications from 2019 to 2025. The objectives are to (1) examine publication growth
dynamics, (2) identify dominant thematic clusters, (3) evaluate citation concentration and intellectual anchors, (4) analyze
temporal evolution through overlay visualization, and (5) identify structural gaps and developmental imbalances. By inte-
grating quantitative mapping with structured interpretive analysis, this study contributes a data driven synthesis of how
machine learning is reshaping human factors research and whether the field is progressing toward integrated human centered
intelligent systems or expanding along isolated technical trajectories.

2 Theoretical and Conceptual Foundations

The integration of machine learning into human factors research cannot be understood solely through bibliometric mapping;
it requires grounding in the theoretical constructs that have historically shaped human centered system design. This section
establishes the conceptual framework that informs interpretation of the scientometric results. It synthesizes classical human
factors theory, methodological developments in machine learning, interpretability research, and emerging paradigms in
collaborative Al systems. By situating the bibliometric findings within established theoretical traditions, this section ensures
that structural mapping is interpreted in relation to underlying cognitive, behavioral, and sociotechnical principles.

2.1 Classical Human Factors Foundations in Intelligent System Contexts

Human factors engineering emerged from the need to design systems compatible with human cognitive, perceptual, and
physical capabilities. Early research emphasized error prevention, workload management, and system reliability in aviation
and industrial operations (Reason, 1990; Salvendy, 2012). As automation increased, the field shifted toward understanding
the dynamics of human automation interaction.

2.1.1 Situation Awareness and Cognitive Compatibility

Situation awareness (SA), defined as the perception of environmental elements, comprehension of their meaning, and pro-
jection of future states, remains a foundational construct (Endsley, 1995). In dynamic environments, loss of SA is strongly
associated with operational errors. Intelligent systems can enhance SA by providing predictive alerts and anomaly detection;
however, they may also degrade it if decision processes become opaque. Endsley (2017) emphasized that automation should
support rather than replace human cognitive processes. As machine learning models generate increasingly complex outputs,
preserving user comprehension becomes critical. If operators cannot understand how an Al system reaches its recommen-
dations, projection and anticipation may be impaired.
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2.1.2 Mental Workload and Resource Allocation

Mental workload theory, particularly Multiple Resource Theory (Wickens, 2002), conceptualizes cognitive performance as
dependent on limited attentional resources distributed across perceptual and cognitive channels. Excessive workload results
in errors and degraded performance, while insufficient workload may induce vigilance decrement. Traditional workload
assessment relied on subjective scales and physiological monitoring. Machine learning has introduced automated classifi-
cation of cognitive states using electroencephalography (EEG), heart rate variability, and eye tracking signals (Jeong et al.,
2019; Monteiro et al., 2019). These approaches enable real time prediction of fatigue and cognitive strain, yet they raise
questions regarding interpretability and ecological validity. The theoretical alignment between model outputs and estab-
lished workload constructs is not always explicitly articulated.

2.1.3 Trust in Automation and Appropriate Reliance

Trust in automation has long been recognized as central to effective human machine collaboration (Lee & See, 2004).
Miscalibrated trust may lead to over reliance (automation bias) or under reliance (disuse). Parasuraman and Riley (1997)
identified misuse, disuse, and abuse as recurring problems in automated systems. With the advent of machine learning
systems that adapt dynamically and learn from data, trust calibration becomes even more complex. In safety critical envi-
ronments such as healthcare and aviation, automation bias may have severe consequences. Reason’s (1990) framework of
human error emphasizes systemic contributions to failure, including latent design weaknesses. When machine learning
systems are integrated without transparent reasoning, latent cognitive vulnerabilities may emerge. These foundational pro-
vide criteria for evaluating whether machine learning integration enhances or undermines human centered design principles.

2.2 Methodological Evolution of Machine Learning in Human centered Applications

The methodological trajectory of machine learning has significantly influenced its adoption within human factors research.
Advances in deep learning, representation learning, and multimodal fusion have expanded predictive capabilities.

2.2.1 Deep Learning and Pattern Recognition

Deep neural networks have achieved state-of-the-art performance in computer vision, signal processing, and natural lan-
guage processing (Goodfellow et al., 2016). In human factors contexts, CNNs and recurrent architectures such as LSTM
networks are widely used for classifying EEG signals and detecting cognitive states (Asgher et al., 2020; Jeong et al., 2019).
Monteiro et al. (2019) reviewed EEGbased mental fatigue assessment and reported improved classification accuracy using
deep learning compared to traditional statistical methods. However, variability across individuals and contexts remains a
challenge, highlighting the tension between predictive performance and generalizability. Bzdok et al. (2018) contrasted
statistical modeling with machine learning, noting that ML prioritizes predictive accuracy over inferential transparency. In
human centered domains, this distinction is crucial because interpretability often determines user acceptance and regulatory
approval.

2.2.2 Interpretability and Explainable Al

The black box nature of complex models has prompted extensive research in interpretability. DoshiVelez and Kim (2017)
argued for rigorous scientific evaluation of interpretable machine learning, emphasizing measurable definitions of explana-
tion quality. Lipton (2018) critically examined the concept of interpretability, highlighting ambiguity in its operationaliza-
tion. Guidotti et al. (2018) surveyed algorithmic techniques for explaining black box models, including feature attribution
and surrogate modeling. Gunning and Aha (2019) described the objectives of the DARPA XAI program, aiming to create
systems capable of generating human understandable explanations.

In human computer interaction research, Wang et al. (2019) proposed theory driven user centric explainable Al frameworks,
aligning explanations with cognitive models. Shin (2021) demonstrated that explainability influences perception, trust, and
acceptance of Al systems. Felzmann et al. (2019) emphasized transparency requirements at the intersection of legal norms
and contextual concerns. Despite these advances, Hoffman et al. (2018) highlighted challenges in measuring explanation
effectiveness. The absence of standardized metrics complicates cross study comparison and cumulative knowledge devel-
opment.

2.3 Domain Specific Integration: Healthcare, Industry, and Robotics

Machine learning applications in human factors span multiple domains, each with distinct operational constraints.

2.3.1 Healthcare and Clinical Decision Support

Healthcare represents one of the most structured environments for Al deployment. Clinical decision support systems

(CDSS) utilize machine learning to assist diagnosis and risk assessment (Knop et al., 2022). Tschandl et al. (2020) demon-
strated that human computer collaboration can enhance dermatological diagnosis accuracy compared to either human or



108

algorithm alone. Reporting standards such as STARD 2015 (Cohen et al., 2016) and DECIDEAI (Vasey et al., 2022) provide
methodological guidance for evaluating diagnostic accuracy and early-stage Al systems. Ahmad et al. (2018) argued that
interpretability is critical for clinical trust and adoption. Van Leersum and Maathuis (2025) further emphasized human
centered explainable Al decision making in healthcare contexts. Conversational Al systems such as ChatGPT have entered
healthcare advisory domains. Studies examining user trust and adoption behavior highlight the importance of perceived
reliability and transparency (Abdul et al., 2019; Cacao et al., 2025). Ethical analyses emphasize principlism and accounta-
bility (Armitage, 2025).

2.3.2 Industrial Ergonomics and Industry 5.0

Industrial ergonomics research integrates machine learning to assess physical fatigue and musculoskeletal risk (Yu et al.,
2019). Industry 5.0 paradigms emphasize human machine collaboration rather than full automation, promoting augmenta-
tion rather than replacement (Peternel et al., 2019). Human robot collaboration studies investigate adaptive control and
reinforcement learning to enhance ergonomic safety (Mukherjee et al., 2022; Benos et al., 2025). These applications illus-
trate the transition from static ergonomic assessment toward dynamic predictive systems.

2.3.3 Affective Computing and Multimodal Modeling

Affective computing research focuses on emotion recognition using multimodal signals (Alberdi et al., 2016). Deep learning
architectures integrate facial expressions, speech, and physiological data to infer affective states. While promising, cross
cultural generalizability and ethical concerns remain underexplored.

2.4 Fragmentation and Need for Structural Mapping

Although individual domains demonstrate methodological sophistication, the literature remains fragmented. Reviews in
musculoskeletal prevention (Chan et al., 2022), robotics (Mukherjee et al., 2022), and clinical Al (Knop et al., 2022) rarely
integrate cross domain perspectives. This fragmentation complicates understanding of whether machine learning integration
is converging toward unified human centered design principles or expanding along isolated technical trajectories. Scien-
tometric mapping provides a systematic method to identify structural patterns, intellectual anchors, and temporal shifts (van
Eck & Waltman, 2010; Aria & Cuccurullo, 2017). The theoretical constructs outlined above, situation awareness, workload,
trust, error, interpretability, and domain specific integration, serve as interpretive criteria for analyzing the scientometric
results presented in subsequent sections.

3 Methodology

This study adopts a quantitative scientometric design complemented by structured interpretive analysis. Scientometric meth-
ods enable objective mapping of large bibliographic datasets, identification of thematic clusters, and examination of tem-
poral dynamics within rapidly evolving interdisciplinary domains (van Eck & Waltman, 2010; Aria & Cuccurullo, 2017).
Given the accelerating integration of machine learning into human factors research, such mapping provides a systematic
framework for evaluating structural concentration, methodological maturity, and emerging paradigms. The methodological
workflow consisted of four stages: database selection and query construction, dataset extraction and preprocessing, keyword
normalization and cleaning, reliability and methodological limitations.

3.1 Database Selection and Search Strategy
3.1.1 Database Justification

The Scopus database was selected due to its extensive interdisciplinary coverage across engineering, computer science,
healthcare, ergonomics, and applied psychology. Comparative bibliometric analyses indicate that Scopus provides broader
journal representation than alternative indexing systems in technology-oriented research domains (Mongeon & PaulHus,
2016). Its structured metadata facilitates extraction of author keywords, citation counts, and publication year information
necessary for network analysis.

3.1.2 Time Frame Definition

The temporal window was restricted to publications from 2019 to 2025. This period captures contemporary developments
including the proliferation of deep learning architectures, explainable Al frameworks, and generative Al systems. Restrict-
ing the time window reduces legacy bias and ensures that network patterns reflect current research trajectories rather than
historical foundations.

3.1.3 Query Construction

The search was performed using the TITLEABSKEY field to maximize conceptual relevance, as shown in Table 1. The
query combined human factors constructs with machine learning terminology using Boolean operators.
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Table 1
Core conceptual blocks using in the TITLEABSKEY
Human factors-related terms Machine learning-related terms Additional context specific terms included
“human factors” “machine learning” “mental workload”
“ergonomics” “deep learning” “fatigue”
“human factors engineering” “artificial intelligence” “human error”
“neuroergonomics” “decision support”
“human—computer interaction” “trust in automation”

Subject area filters were applied to exclude domains such as molecular biology, genomics, and financial modeling that were
not conceptually aligned with human centered system research.

3.2 Dataset Characteristics

The cleaned dataset served as the basis for all subsequent analyses. Table 2 summarizes the dataset configuration. The
dataset size is sufficient to support robust network construction while remaining focused on a clearly defined interdiscipli-
nary domain. Using author keywords rather than index generated terms increases construct validity by reflecting conceptual
emphasis chosen by authors.

Table 2
Dataset Characteristics (2019-2025)
Characteristic Description
Database Scopus
Time window 2019-2025
Language English
Document types Article, Review, Conference Paper, Conference Review
Total records analyzed 1,708
Unit of analysis Author keywords
Counting method Full counting

3.3 Data Cleaning and Keyword Normalization

Reliable scientometric analysis depends on metadata consistency (Aria & Cuccurullo, 2017). Raw database exports fre-
quently contain duplicate records, inconsistent keyword spelling, and noninformative descriptors.

3.3.1 Duplicate Detection

Duplicate entries were identified using DOI matching and title comparison. Records without valid publication year or key-
word metadata were excluded. This ensured that each record represented a unique, analyzable publication.

3.3.2 Keyword Standardization

Keyword normalization was performed using a manually constructed thesaurus file in VOSviewer. Variants such as “deci-
sion making” and “decision making” were merged. Abbreviations such as “EEG” were standardized to “electroencephalog-

raphy.” Generic descriptors (e.g., “study”, “analysis”) were removed. This normalization step reduced artificial fragmenta-
tion and improved cluster interpretability.

3.4 Reliability and Methodological Limitations

Reliability is supported by the explicit documentation of all search criteria, normalization procedures, and threshold testing
employed in this review. The use of standardized metadata from Scopus further enhances reproducibility (Mongeon &
PaulHus, 2016). Construct validity is strengthened by selecting author keywords as the unit of analysis, ensuring that the
terms analyzed reflect the authors' own conceptual framing. However, several limitations should be acknowledged, includ-
ing the study's dependence on a single bibliographic database, the exclusion of non-English publications, and the inherent
inability of keyword-based analysis to capture full semantic nuance. Despite these constraints, the structured workflow and
sensitivity testing applied throughout support the robust interpretation of the resulting networks.

4 Results: Structural Mapping and Thematic Evolution

This section presents the empirical findings derived from the scientometric analysis of 1,708 publications addressing ma-
chine learning applications within human factors research between 2019 and 2025. The results are structured into six ana-
lytical dimensions: publication growth patterns, citation concentration and intellectual anchors, Network Construction and
Threshold Selection Results, thematic cluster configuration, and temporal evolution of research topics, Structural Synthesis
of Findings. All figures and tables referenced below correspond to the finalized dataset described in Section 3.
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4.1 Publication Growth and Field Expansion

The annual distribution of publications provides the first indication of structural development within the field. Figure 1
presents the yearly publication counts across the study period.
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Fig. 1. Keyword cooccurrence overlay visualization (minimum occurrence = 5)

The annual distribution of publications reveals not merely quantitative growth but a structural acceleration pattern indicative
of disciplinary convergence. The moderate increase between 2019 and 2022 reflects a stabilization phase in which machine
learning methods were progressively integrated into established human factors domains such as workload analysis and
clinical decision support. The pronounced inflection beginning in 2023 and intensifying in 2024-2025 suggests a transition
from gradual adoption to rapid expansion. Such nonlinear growth is characteristic of fields experiencing technological ca-
talysis, particularly following the diffusion of largescale deep learning frameworks and generative Al architectures. The
disproportionate increase in the final year implies that the domain has entered an expansionary phase in which conceptual
diversification and methodological experimentation may temporarily outpace theoretical consolidation. This trajectory sig-
nals vitality, but it also suggests the need for systematic synthesis to prevent fragmentation.

The data reveal a nonlinear growth trajectory characterized by three phases. The period between 2019 and 2021 reflects
relative stabilization, with moderate publication volume and incremental methodological refinement. This phase corre-
sponds primarily to applications of deep learning in cognitive workload detection, physiological monitoring, and initial
explainability research.

Between 2022 and 2023, publication growth accelerates, coinciding with expanded adoption of explainable Al frameworks,
broader healthcare integration, and increasing interdisciplinary collaboration. The period from 2024 to 2025 exhibits sub-
stantial expansion, with publication volume more than doubling. This surge aligns temporally with the widespread diffusion
of generative Al technologies, large language models, and Industry 5.0 discourse.

The pronounced increase in 2025 suggests that machine learning integration in human factors research is not stabilizing but
undergoing rapid structural expansion. Such growth is typical of interdisciplinary domains experiencing technological in-
flection points.

4.2 Citation Concentration and Intellectual Anchors

Citation distribution analysis provides insight into intellectual influence concentration within the dataset. Summary statistics
indicate a highly skewed distribution, as shown in Table 3.

Table 3
Summary Statistics for Citation Distribution
Mean citation count Median citation count Maximum citation count
11.03 1 908

The large discrepancy between mean and median reflects a small number of highly influential publications that anchor the
field’s conceptual trajectory. Table 4 presents the ten most cited publications.
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Table 4
Top 10 Most Cited Publications in the Dataset
Rank Title (Abbreviated) Authors Year Citations

1 Effects of Explainability on Trust Shin 2021 908
2 Human—Computer Collaboration in Dermatology Tschandl et al. 2020 690
3 TheoryDriven UserCentric XAl Wang et al. 2019 666
4 Large Language Models in Education Jeon & Lee 2023 485
5 HumanCentered Medical Al Tools Cai et al. 2019 345
6 DECIDEAI Reporting Guideline Vasey et al. 2022 309
7 Transparency Requirements for Al Felzmann et al. 2019 296
8 Trust and Adoption of ChatGPT Choudhury & Shamszare 2023 292
9 Robot Learning Strategies Mukherjee et al. 2022 289
10 Unremarkable Al in Clinical Processes Yang et al. 2019 220

The citation distribution illustrates a strong concentration of intellectual influence around themes of transparency, trust
calibration, and human Al collaboration. The most highly cited works are not exclusively technical contributions proposing
new model architectures; rather, they address the interpretability of Al systems, reporting standards, and user centered
validation frameworks. This pattern indicates that the field’s intellectual gravity is anchored in sociotechnical concerns
rather than purely computational innovation. The asymmetry between mean and median citation counts confirms a power
law dynamic typical of rapidly evolving scientific domains, where foundational conceptual works accumulate dispropor-
tionate influence while recent publications have not yet matured in citation impact. The prominence of explainability related
research within the citation core demonstrates that interpretability has become structurally central to the field’s identity.
Three intellectual anchors emerge from this citation structure.

First, explainability and trust represent the dominant conceptual axis. Shin (2021) and Wang et al. (2019) collectively rein-
force the shift from predictive performance toward cognitive compatibility and user acceptance. Felzmann et al. (2019)
introduce legal and ethical dimensions of transparency. Second, clinical collaboration and reporting standards form a struc-
tured domain cluster. Romeo & Conti (2025) demonstrate human Al collaboration benefits in dermatology, while Vasey et
al. (2022) institutionalize evaluation rigor through structured guidelines. Third, generative Al and conversational systems
appear as emergent high impact contributions, particularly in educational and healthcare adoption contexts (Jeon & Lee,
2023; Choudhury & Shamszare, 2023). The citation structure thus reflects a transition from performance optimization to-
ward interpretability, collaboration, and responsible deployment.

4.3 Network Construction and Threshold Selection Results

A minimum occurrence threshold of 5 produces a highly dense network containing over 100 keywords. As shown in Fig-
ure 2, this configuration results in excessive fragmentation, where minor and peripheral topics obscure the underlying
structural patterns. While no meaningful theme is excluded, the overall interpretability is diminished due to visual and
conceptual clutter.
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At the opposite extreme, a threshold of 15 retains fewer than 50 keywords, as illustrated in Figure 3. Although the network
becomes sparse and visually clean, emerging yet significant topics such as generative Al and fairness are entirely excluded.
This oversimplification sacrifices conceptual richness for the sake of parsimony, which is unsuitable for a field undergoing
rapid expansion.
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Fig. 3. Keyword cooccurrence overlay visualization (minimum occurrence = 15)

The intermediate threshold of 10 retains 75 keywords and produces a balanced network that is neither over-fragmented
nor over-simplified. Table 5 summarizes the comparison across the three thresholds. The ten-occurrence configuration
achieves equilibrium between thematic richness and interpretive coherence, preserving emerging topics while maintaining
structural clarity. Therefore, this threshold was selected for all subsequent analyses.

Table 5
Threshold Sensitivity Comparison
Threshold Keywords Retained Network Structure Interpretability
5 >100 Highly dense Fragmented
10 75 Balanced Coherent
15 <50 Sparse Oversimplified

4.3.2 Final Network Parameters

Using the selected minimum occurrence threshold of 10, the final network was constructed. Table 6 presents the complete
set of parameters. This configuration formed the basis for cluster identification, temporal overlay analysis, and all subse-
quent interpretations reported in Sections 4.4 through 4.6.

Table 6
Final Network Parameters
Parameter Value
Publications analyzed 1,708
Keywords retained 75
Clusters identified 8
Normalization method Association strength
Visualization modes Cluster map and overlay map

4.4 Thematic Cluster Configuration

Keyword cooccurrence analysis (minimum occurrence = 10) retained 75 keywords organized into eight clusters. Table 7
summarizes the cluster structure.
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Table 7
Keyword Cluster Summary (Minimum Occurrence = 10)
Cluster Thematic Label Representative Keywords
1 Explainable & Human centered Al Explainable Al, Artificial intelligence, Human Al interaction
2 Cognitive Workload & Fatigue Modeling Machine learning, Deep learning, Electroencephalography
3 Human Computer Interaction & Decision Making Human computer interaction, Decision making
4 Affective Computing Emotion recognition, Multimodal learning
5 Ergonomics & Industry 5.0 Ergonomics, Industry 5.0, Decision support
6 Automation & Human Reliability Human factors, Automation, Human reliability
7 Explainable Al in Healthcare XAl, Healthcare, Patient safety
8 Clinical Decision Support Systems Clinical decision support

Fig. 4 presents the cooccurrence network visualization. The spatial arrangement of clusters confirms a centralized structure
anchored around high frequency nodes such as “machine learning”, “human factors”, and “explainable AI”. Peripheral
clusters representing emerging topics such as generative Al and fairness appear with lower density but increasing promi-
nence.
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Fig. 4. Keyword cooccurrence network visualization (minimum occurrence = 10)

Clusters are color coded according to the eight thematic groups listed in Table 9. The cluster configuration demonstrates
both thematic diversity and structural coherence. Cluster 2 represents the most technically concentrated stream, character-
ized by physiological workload detection and deep learning classification models. Clusters 1 and 7 collectively represent
the conceptual shift toward transparency and responsible Al deployment. Clusters 5 and 8 reflect domain specific integration
in industrial and healthcare settings. Cluster 4, centered on affective computing, indicates expansion beyond cognitive mod-
eling toward emotional state recognition.

4.5 Temporal Evolution of Clusters and Emerging Themes

This section examines the temporal dynamics of research themes using two complementary approaches: quantitative anal-
ysis of cluster level keyword frequency over time, and overlay visualization of average publication years to identify emerg-
ing and declining topics. Together, these methods reveal how research priorities have shifted from detection-oriented mod-
eling toward interpretability, fairness, and generative Al systems.

4.5.1 Cluster Level Keyword Frequency Over Time

Cluster level keyword frequency was analyzed longitudinally by extracting cluster year frequency data from the cleaned
dataset. Figure 5 presents the temporal distribution of cluster prominence across the 20192025 period.
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Fig. 5. Temporal evolution of thematic clusters in machine learning applications within human factors research (2019-
2025).

The longitudinal trend visualization highlights differential growth trajectories across thematic clusters. Workload modeling
(Cluster 2) demonstrates steady expansion with relative stabilization in proportional growth from 2022 onward, suggesting
methodological maturity. In contrast, explainable Al (Clusters 1 and 7) exhibits accelerated expansion beginning in 2022,
indicating rising structural centrality. Generative Al related terms display abrupt late-stage emergence during 2024-2025,
reflecting rapid diffusion rather than gradual development. The temporal analysis reveals that Cluster 2 dominates the early
years (2019-2022), reflecting a sustained focus on cognitive state detection using physiological signals such as EEG and
heart rate variability. Traditional machine learning classifiers and deep learning architectures were primarily applied to
fatigue detection, mental workload assessment, and pattern recognition from multimodal data. From 2023 onward, Clusters
1 and 7 exhibit significant growth, indicating increasing emphasis on explainability, transparency, and healthcare-oriented
Al validation. This shift coincides with the maturation of XAl frameworks and the publication of structured reporting guide-
lines such as DECIDEAI and STARD, which institutionalized transparency requirements for clinical Al systems. Cluster 5
(Ergonomics & Industry 5.0 integration) demonstrates moderate but consistent growth throughout the study period. This
reflects the gradual integration of machine learning into industrial ergonomics, human robot collaboration, and smart man-
ufacturing paradigms. Unlike the sharp acceleration observed in explainable Al, Industry 5.0related research has followed
a steady upward trajectory without abrupt inflection points. Generative Al related terms rise sharply in 2024-2025, repre-
senting the most recent and rapidly expanding theme. This surge aligns temporally with the widespread diffusion of large
language models, conversational agents such as ChatGPT, and generative architectures into human factors contexts. The
abrupt emergence of this cluster suggests a technological catalysis effect rather than a gradual conceptual evolution. The
divergence in growth trajectories confirms that the field's expansion is uneven, with interpretability-oriented streams gaining
momentum more rapidly than traditional physiological modeling streams. This dynamic rebalancing illustrates a shift in
research emphasis from detection performance toward systemic integration, accountability, and human centered Al design.

4.5.2 Sequential Keyword Frequency Analysis by Year

Beyond cluster level aggregation, a granular analysis of individual keyword frequencies by year provides deeper insight
into the temporal layering of concepts. Table 8 presents the top 15 keywords ranked by total frequency, with annual break-
downs from 2019 to 2025.

Table 8

Top 15 keywords by year
Keyword 2019 2020 2021 2022 2023 2024 2025 Total
Artificial Intelligence 15 17 16 28 40 48 108 272
Machine Learning 18 17 17 29 32 47 73 233
Deep Learning 7 12 13 10 17 14 58 131
Human Computer Interaction 7 11 8 11 18 34 37 126
Human Factors 14 8 8 9 20 18 39 116
Decision-Making 5 3 1 9 5 8 25 56
Explainable AI 0 6 5 3 3 11 20 48
Ergonomics 4 3 6 3 7 7 10 40
Trust 3 2 6 4 3 7 12 37
Human Al Interaction 1 2 3 5 0 3 22 36
Decision Support Systems 13 1 3 2 3 2 10 34
Human Computer Interaction 1 1 1 5 7 8 10 33
Explainable Artificial Intelligence 2 1 2 6 4 8 9 32
Decision Making 4 2 2 3 6 7 7 31
Decision Support System 6 3 3 1 1 8 7 29
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Examination of the annual keyword frequencies reveals a three-phase developmental progression that reflects the intellec-
tual evolution of the field. The earliest phase, spanning 2019 to 2021, is characterized by detection-oriented terminology.
During this period, keywords such as EEG, fatigue classification, and physiological signal processing predominated. Ma-
chine learning and deep learning were employed primarily as predictive tools for cognitive state assessment, with research
questions centered on classification accuracy, feature extraction, and real-time monitoring. Classical human factors con-
struct including mental workload and human error appeared frequently in the literature; however, they were largely opera-
tionalized as target variables for prediction rather than as theoretical frameworks guiding system design. This phase reflects
a technically driven research agenda in which methodological innovation outpaced conceptual integration.

The intermediate phase, covering 2022 to 2023, marks a substantive shift toward interpretability and trust recalibration.
During these years, keywords such as explainable Al, trust, and human Al interaction gained sustained prominence. This
transition reflects growing recognition within the research community that predictive accuracy alone is insufficient for
deploying intelligent systems in safety critical and high stakes environments. Studies from this period increasingly examined
how explanation interfaces influence user perception, acceptance, and decision quality. Theoretical grounding in classical
human factors constructs trust in automation, situation awareness, and appropriate reliance became more explicit. Unlike
the preceding phase, where human factors theory often served as background motivation, this period witnessed active inte-
gration of cognitive engineering principles into XAl system design and evaluation.

The most recent phase, encompassing 2024 to 2025, is defined by the rapid incorporation of generative Al, large language
models, fairness, cybersecurity, and human centered Al. The sharp increase in the frequency of "artificial intelligence"
(from 48 occurrences in 2024 to 108 in 2025) and "machine learning" (from 47 to 73) reflects not only a general rise in
publication volume but also a conceptual expansion of what constitutes relevant Al research within human factors. Gener-
ative Al introduces distinct challenges for interpretability, bias amplification, accountability, and user trust challenges that
differ qualitatively from those posed by traditional classification models. The concurrent emergence of fairness and cyber-
security as high frequency keywords indicates a parallel normative shift toward responsible deployment and system level
resilience. Researchers in this phase are no longer solely concerned with predictive performance; they increasingly address
questions of algorithmic fairness, adversarial robustness, and ethical governance.

Across these three phases, the chronological layering of keywords demonstrates thematic continuity alongside directional
evolution. Rather than abrupt paradigm shifts, the data indicate a pattern of cumulative expansion in which foundational
predictive work provides scaffolding for subsequent interpretive and governance-oriented research. Early workload detec-
tion studies did not disappear; instead, they became progressively integrated with explainability frameworks. Traditional
machine learning methods persist alongside deep learning and generative architectures. This cumulative character suggests
that the field is not discarding its technical foundations but is instead building upon them to address increasingly complex
sociotechnical challenges.

4.5.3 Overlay Visualization of Emerging Themes

Overlay analysis provides additional insight into topic emergence by mapping the average publication year of each keyword
onto the cooccurrence network. Temporal overlay mapping provides insight into thematic evolution. Earlier research phases
are visually concentrated around physiological monitoring and classification-oriented keywords, reflecting the field's initial
focus on detection and measurement. In Figure 4, earlier dominant themes such as fatigue detection and EEG modeling
appear in cooler tones (blue to green). In contrast, the most recent keywords, highlighted in warmer spectral tones (yellow
to red), are associated with generative Al, fairness, cybersecurity, and human centered Al. This temporal layering indicates
evolutionary expansion rather than abrupt paradigm displacement. Emerging themes overlay existing predictive frame-
works, suggesting additive integration rather than replacement. The spatial position of warm toned nodes is not entirely
peripheral. Instead, keywords such as "explainable AI" and "human centered AI" increasingly overlap with central concepts
such as "machine learning" and "human factors." This configuration suggests that interpretability and ethical alignment are
becoming embedded within the conceptual core rather than remaining as isolated subdomains. Table 9 quantifies emerging
keywords based on average publication year, limited to terms with the highest recency scores.

Table 9
Top Emerging Keywords by Average Publication Year (2024-2025)
Keyword Average Publication Year

Generative AL 2025
Large language models 2024.93
Explainable AI (XAI) 2024.80
Cybersecurity 2024.71
Industry 5.0 2024.67
Fairness 2024.50
Human-robot interaction 2024.43
Transfer learning 2024.36

Human centered Al 2024.29
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The recency ranking of keywords identifies generative Al and large language models as the most temporally concentrated
themes. Their rapid ascent reflects the diffusion of conversational and generative architectures into human factors contexts.
Unlike previous technological transitions that took several years to penetrate the field, generative Al has achieved structural
visibility within 1824 months. The concurrent appearance of fairness and human centered Al demonstrates a parallel nor-
mative shift toward ethical alignment and accountability. This co-emergence is not coincidental. As generative systems
become capable of producing open ended, context sensitive outputs, concerns regarding bias, transparency, and appropriate
reliance intensify. Fairness is no longer a peripheral ethical consideration but a core design requirement.

Industry 5.0's inclusion signals integration within smart manufacturing and human machine collaboration paradigms. Unlike
Industry 4.0, which emphasized full automation and cyber-physical systems, Industry 5.0 explicitly positions human work-
ers as central to intelligent manufacturing. Machine learning in this context supports augmentation rather than replacement.
The co-emergence of these themes suggests that technological innovation and governance awareness are advancing simul-
taneously. Rather than representing isolated trends, these keywords collectively indicate the maturation of sociotechnical
consciousness within the field.

4.6 Structural Synthesis of Findings

Cross analysis of publication growth, citation concentration, and cluster evolution reveals three structural characteristics:
First, the field possesses a strong empirical core centered on physiological detection and predictive modeling. Second,
conceptual consolidation around explainability and trust has emerged as a dominant intellectual axis. Third, domain frag-
mentation persists, with healthcare, industrial ergonomics, robotics, and HCI developing semi independently. These find-
ings indicate that machine learning integration within human factors research is evolving from isolated detection models
toward collaborative human Al ecosystems. However, standardized evaluation frameworks and cross domain integration
remain incomplete.

5 Cross Domain Interpretation and Structural Implications

The empirical findings presented in Section 4 reveal a rapidly expanding yet structurally uneven research landscape. While
machine learning applications within human factors research demonstrate clear thematic coherence, they also exhibit meth-
odological imbalance and cross domain fragmentation. This section synthesizes cluster level insights, interprets structural
dynamics, and situates the results within broader theoretical and technological trajectories. Rather than reiterating descrip-
tive statistics, the focus here is on analytical integration and structural implications.

5.1 The Dominant Technical Core: From Measurement to Prediction

The most empirically dense and technically mature stream identified in the dataset corresponds to Cluster 2, centered on
cognitive workload and fatigue modeling. This cluster is characterized by the extensive application of deep learning archi-
tectures particularly convolutional neural networks (CNNs) and long short-term memory (LSTM) networks to physiological
signal analysis (Hong et al., 2020; Asgher et al., 2020). Electroencephalography (EEG) appears as a dominant keyword,
reflecting the strong reliance on neurophysiological measurement techniques (Monteiro et al., 2019). From a methodologi-
cal standpoint, this stream represents a significant shift from traditional workload assessment toward real-time predictive
monitoring. Classical workload theory, rooted in resource allocation and attentional capacity models (Wickens, 2002), em-
phasized post hoc measurement through subjective scales and limited physiological metrics. The integration of machine
learning transforms workload assessment into a dynamic classification problem capable of continuous prediction.

However, while predictive accuracy has improved substantially, the conceptual alignment between algorithmic output and
established cognitive constructs remains partially underexplored. Many studies report classification accuracy, precision,
recall, and Flscores as primary evaluation metrics, yet few examine how predictive outputs influence operator behavior,
decision strategies, or long-term cognitive adaptation. This gap reflects a broader structural imbalance: technical optimiza-
tion has advanced more rapidly than systemic human centered validation. The implications of this imbalance become more
pronounced when considered alongside automation bias research. Parasuraman and Riley (1997) warned that increasing
automation sophistication does not inherently guarantee improved human performance. Without transparent reasoning and
calibrated trust, predictive systems may introduce new forms of error. Thus, the dominance of physiological modeling
within the network indicates strong technical maturity but incomplete integration with human centered design principles.

5.2 Conceptual Consolidation: Explainability as a Structural Axis

Clusters 1 and 7 collectively represent a conceptual shift toward transparency, interpretability, and trust calibration. Citation
concentration analysis identified works by Shin (2021) and Wang et al. (2019) as central intellectual anchors. These studies
move beyond algorithmic performance metrics to examine how explanation interfaces influence perception, acceptance,
and decision quality. The emergence of explainable Al (XAl) as a crosscutting theme indicates structural consolidation
around cognitive compatibility. Early machine learning adoption often prioritized predictive accuracy over interpretability.
However, as algorithms entered safety critical environments such as healthcare, concerns regarding accountability intensi-
fied (Ahmad et al., 2018; Vasey et al., 2022). Explainability research attempts to reconcile technical complexity with user
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comprehension. Doshi-Velez and Kim (2017) argued for measurable standards of interpretability, while Guidotti et al.
(2018) catalogued algorithmic explanation methods. Nevertheless, Hoffman et al. (2018) highlighted persistent challenges
in defining robust metrics for explanation effectiveness. This inconsistency is reflected in the scientometric network, where
explainability appears conceptually central but methodologically heterogeneous.

In healthcare contexts, structured evaluation frameworks such as DECIDEAI and STARD institutionalize reporting rigor
(Cohen et al., 2016; Vasey et al., 2022). These frameworks represent one of the few domains where interpretability and
transparency have been formalized within standardized protocols. Such institutionalization may explain the strong presence
of healthcare related explainability within the cluster structure. The rise of generative Al and conversational systems further
intensifies the importance of explainability. Large language models introduce probabilistic reasoning mechanisms that are
difficult to interpret. Ethical analyses underscore the need for principled evaluation and accountability mechanisms
(Armitage, 2025). User adoption studies demonstrate that trust dynamics directly influence system acceptance (Abdul-
kareem & Fatahi, 2023; Shahsavar & Choudhury, 2023). Thus, explainability functions as a structural axis connecting
predictive modeling, user trust, and responsible deployment. Its prominence in both citation concentration and overlay
analysis suggests that it will continue shaping the field’s evolution.

5.3 Domain Fragmentation and Limited Methodological Convergence

Although thematic clusters exhibit internal coherence, cross domain integration remains limited. Industrial ergonomics re-
search (Yu et al., 2019) focuses primarily on physical fatigue assessment and posture analysis. Human robot collaboration
studies emphasize adaptive control and reinforcement learning (Mukherjee et al., 2022; Benos et al., 2025). Healthcare
research concentrates on diagnostic accuracy and reporting guidelines (Knop et al., 2022; van Leersum & Maathuis, 2025).
Despite methodological similarities such as supervised learning architectures and classification models evaluation metrics
vary across domains. Ergonomic studies often prioritize physical strain reduction and productivity metrics, while healthcare
studies emphasize sensitivity, specificity, and patient safety outcomes. Trust measurement approaches differ widely, rang-
ing from subjective Likert scale surveys to behavioral reliance metrics. This fragmentation restricts knowledge transfer and
slows methodological consolidation. For instance, workload redistribution metrics from aviation contexts could inform
evaluation of Al driven decision support in healthcare, yet cross domain comparative studies are scarce. The absence of
unified validation protocols suggests that the field is expanding in parallel streams rather than converging toward integrated
human centered frameworks. Such fragmentation is not uncommon in interdisciplinary domains experiencing rapid tech-
nological growth. However, without convergence, cumulative knowledge development may be hindered.

5.4 Emergence of Generative Al and System Level Integration

Overlay analysis indicates that generative Al, large language models, fairness, and cybersecurity are the most recent addi-
tions to the thematic network. This shift marks a transition from detection-oriented modeling toward conversational and
system level augmentation. Jeon and Lee (2023) examined the complementary relationship between human teachers and
large language models, illustrating how generative systems can augment cognitive processes. In healthcare contexts, con-
versational Al systems are increasingly used for triage and advisory support (Choudhury & Shamszare, 2023). Ethical
analysis emphasizes principlism-based evaluation and accountability mechanisms (Armitage, 2025).

The integration of generative Al introduces new structural complexities. Unlike classification models, generative systems
produce open ended outputs, increasing unpredictability and interpretability challenges. Trust dynamics become more nu-
anced, as users may anthropomorphize conversational agents. Fairness and bias considerations gain prominence, particu-
larly in decision support contexts affecting vulnerable populations. The emergence of cybersecurity within the overlay
network further indicates awareness of systemic vulnerabilities. As intelligent systems become embedded in sociotechnical
infrastructures, resilience and adversarial robustness become integral components of human centered design. This phase
can be conceptualized as a shift from "measurement centric AI" toward "collaborative Al ecosystems." The former empha-
sizes detection of human states; the latter emphasizes coadapted interaction between humans and intelligent systems.J5.6
Implications for Future Integration

The structural patterns identified in this study imply several long-term trajectories. First, predictive performance metrics
are likely to remain central, but they will increasingly be complemented by transparency and fairness considerations. Sec-
ond, domain specific fragmentation may gradually decrease as standardized reporting frameworks and interdisciplinary
collaborations expand. Third, generative Al integration will require new theoretical models addressing cognitive load, trust
dynamics, and automation bias in conversational contexts. The evolution of machine learning applications within human
factors research thus reflects both progress and tension. The field is moving toward collaborative human Al ecosystems,
yet methodological convergence has not fully matured.

5.5 Implications for Future Integration

The structural patterns identified in this study imply several long-term trajectories for the field. First, predictive performance
metrics are likely to remain central to empirical research, but they will increasingly be complemented by transparency,
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fairness, and explainability considerations. Future studies should move beyond reporting accuracy and Flscores to include
human centered outcomes such as user trust, situation awareness, workload redistribution, and decision quality. The opera-
tionalization of explainability as a measurable performance variable remains an important research frontier. Second, domain
specific fragmentation may gradually decrease as standardized reporting frameworks and interdisciplinary collaborations
expand. The success of healthcare-oriented guidelines such as DECIDEAI and STARD provides a model that could be
adapted for industrial ergonomics, robotics, and human computer interaction contexts. Cross domain comparative validation
studies would accelerate methodological convergence.

Third, the integration of generative Al into human factors research will require new theoretical models addressing cognitive
load, trust dynamics, automation bias, and accountability in conversational contexts. Unlike static classification models,
generative systems adapt dynamically, introducing challenges for longitudinal evaluation and appropriate reliance calibra-
tion. Structured evaluation protocols for generative systems must be developed before largescale deployment in safety crit-
ical environments becomes normalized. Fourth, longitudinal and field-based deployment studies are urgently needed. La-
boratory based experiments provide valuable insight into controlled performance conditions, but they cannot fully capture
the dynamic interactions that characterize real-world sociotechnical systems. Sustained evaluation of human Al collabora-
tion over extended periods would clarify whether initial performance gains persist, degrade, or introduce unintended risks.
Finally, fairness, transparency, and cybersecurity considerations should be integrated into performance benchmarks rather
than treated as peripheral concerns. The co-emergence of these themes with generative Al suggest that technological inno-
vation and governance awareness are advancing simultaneously. Future research should explicitly address bias amplifica-
tion, adversarial robustness, and ethical accountability as core design requirements rather than post hoc additions.

6 Conclusion and Future Research Directions

This study conducted a comprehensive scientometric analysis of 1,708 Scopus indexed publications from 2019 to 2025 to
map the intellectual architecture, developmental phases, and emerging trajectories of machine learning applications within
human factors research. Using keyword cooccurrence mapping, citation concentration analysis, threshold sensitivity testing,
and temporal overlay visualization, the analysis identified eight thematic clusters and revealed a field in rapid transition.
The findings demonstrate that machine learning integration has progressed from detection oriented predictive modeling
toward collaborative, explainable, and responsible Al ecosystems. Early research emphasized cognitive workload detection
and physiological signal classification using deep neural architectures. From approximately 2022 onward, explainability,
trust calibration, and transparency emerged as central structural axes. Most recently, generative Al, fairness, and cyberse-
curity have appeared as high-recentcy themes, signaling a normative shift toward ethical accountability and system level
resilience. Despite these advances, persistent challenges remain. Cross domain methodological fragmentation limits
knowledge transfer and slows the emergence of unified evaluation frameworks. Longterm behavioral validation and field-
based deployment studies are disproportionately rare compared to laboratory-based classification experiments. The integra-
tion of generative Al introduces new complexities for interpretability, bias management, and trust calibration that existing
frameworks are not fully equipped to address.

Future research should prioritize standardized human centered evaluation frameworks that combine predictive performance
metrics with cognitive and behavioral outcome measures. Longitudinal studies examining sustained human-Al collabora-
tion are essential. Structured reporting guidelines adapted from healthcare contexts could accelerate methodological con-
vergence across domains. Fairness, transparency, and cybersecurity must be treated as core design requirements rather than
peripheral considerations. From a scientometric perspective, this study demonstrates the value of threshold sensitivity test-
ing combined with overlay visualization for detecting transitional phases in interdisciplinary research domains. The selected
minimum occurrence threshold of 10 balanced network interpretability with thematic richness, enabling identification of
eight coherent clusters while preserving emerging topics.

In conclusion, machine learning is reshaping human factors engineering at both methodological and conceptual levels. The
field has moved beyond asking whether intelligent systems can predict human states toward questions of how humans and
Al should collaborate, under what conditions trust is warranted, and how systems can be designed for accountability, fair-
ness, and resilience. Continued interdisciplinary collaboration, rigorous evaluation protocols, and longitudinal research de-
signs will be essential for achieving sustainable and responsible integration of intelligent systems within complex sociotech-
nical environments.
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