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1. Introduction

Psychological constructs, such as attention, impulsivity, and 
well-being, serve as foundational building blocks for linking brain 
function to cognition and behavior. Although these constructs are 
central, their definitions and measurements often lack clarity and 
consistency. For instance, impulsivity is a construct with diverse 
and sometimes conflicting definitions across contexts and disci
plines: it may refer to a failure to delay gratification, a tendency to 
act without forethought, or deficits in inhibitory control, depend
ing on whether it is measured through behavioral tasks, self-report 
questionnaires, or neuropsychological assessments [1--3]. These di
vergent interpretations lead to conceptual ambiguities that hin
der cumulative scientific progress and complicate efforts to map 
impulsivity to specific neural mechanisms. Here, we explore the 
potential of ontology learning to advance neuroscience research 
by addressing challenges in construct measurement and integrat
ing insights across diverse datasets and paradigms. Specifically, 
we propose the integration of Explainable Artificial Intelligence 
(XAI) with ontology learning to address gaps in the existing lit
erature. While previous research has explored possible uses of on
tology learning in neuroscience, its combination with XAI provides 
a novel, powerful framework for enhancing transparency, inter
pretability, and scalability in ontology construction.

2. Ontology learning: concepts and methods

Ontology learning—the process of extracting, organizing, and 
formalizing knowledge into structured representations, known as 
ontologies—provides a promising avenue for resolving ambiguities 
in a wide number of fields, including neuroscience. Initially ap
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plied in bioinformatics to unify disparate datasets (e.g., Gene On
tology; Ashburner et al. [4]) and more recently in clinical medicine 
to standardize terminology (e.g., SNOMED CT; Cornet & de Keizer 
[5]; Lee et al. [6]), ontology learning is increasingly recognized 
for its potential to address conceptual challenges in neuroscience 
[7]. At its core, ontology learning is based on Gruber’s [8] def
inition of ontology as an explicit specification of a conceptual
ization, involving not only cataloging concepts but also defining 
their hierarchical and relational structures. The result is a dynamic, 
machine-readable framework that facilitates data integration, hy
pothesis generation, and automated reasoning [9].

Ontology construction is a dynamic process that integrates 
both manual and automated methodologies, each with distinct 
advantages and limitations. Manual approaches, spearheaded by 
domain experts, excel in ensuring conceptual accuracy and pre
serving the nuances of specialized knowledge. However, this pro
cess is inherently labor-intensive, time-consuming, and suscepti
ble to individual biases, which can limit scalability and objectiv
ity [4]. Automated methods and tools address these limitations 
by employing machine learning algorithms capable of identify
ing patterns and relationships within large datasets, significantly 
enhancing efficiency. For example, platforms like Protégé (pro
tege.stanford.edu) provide an accessible interface for creating, edit
ing, and visualizing ontologies, streamlining the manual construc
tion process. Formal languages such as the Web Ontology Lan
guage (OWL; we3.org/OWL) ensure interoperability across diverse 
systems and applications. Other tools, such as semantic similarity 
metrics, quantify the relationships between terms, enhancing the 
coherence and usability of ontological frameworks [7]. These tools, 
when integrated effectively, can empower researchers to build ro
bust ontologies that support advancements in neuroscience, as 
well as in fields such as bioinformatics, artificial intelligence, and 
medicine.

Yet despite their advantages, automated approaches may strug
gle to capture the domain-specific subtleties essential for high
quality ontology construction [10]. As a result, hybrid method
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ologies, which combine expert input with automated tools, have 
emerged as a preferred strategy, offering a balance between ef
ficiency and precision. In neuroscience, the lack of standardized 
definitions for constructs such as ``cognitive control'' and ``work
ing memory'' often leads to divergent interpretations and chal
lenges in synthesizing research findings across studies and do
mains [11,12]. These inconsistencies hinder cumulative progress 
and limit the generalizability of research findings, as construct def
initions and their associated neural correlates remain ambiguous 
or context-dependent [13]. Ontology learning provides a systematic 
approach to addressing these challenges by formalizing the rela
tionships among constructs, tasks, and outcomes, offering a more 
precise conceptual vocabulary for neuroscience. This process en
ables the identification and mapping of latent structures within 
datasets, promoting a shared framework that facilitates replication 
and cross-study comparisons [14]. Such efforts are particularly cru
cial given the growing reliance on large-scale, data-driven studies, 
where the risk of conflating distinct constructs is amplified with
out clear ontological frameworks [15].

3. Using XAI for transparent, interpretable ontology learning

Via its ability to enhance the interpretability and transparency 
of both the data inputs and the resulting ontological structures, 
XAI offers a complementary approach to address these challenges. 
XAI can uncover hidden patterns in the data that contribute to 
inconsistencies or ambiguities, providing insights into how ontolo
gies can be refined and validated. For example, techniques such 
as SHAP (SHapley Additive exPlanations; Lundberg & Lee [16]) 
and LIME (Local Interpretable Model-agnostic Explanations; Ribeiro 
et al. [17]) can elucidate the underlying drivers of classification 
decisions, shedding light on how constructs are delineated and 
organized within an ontology. Specifically, SHAP assigns impor
tance values to features in a model, allowing researchers to un
derstand which data points contribute most to the classification 
of a construct, whereas LIME provides local explanations for indi
vidual predictions, helping to identify inconsistencies or biases in 
the data. These techniques ensure that ontology learning remains 
interpretable and that the resulting ontologies are grounded in em
pirical evidence—a synergy that not only mitigates the limitations 
of ontology learning but also facilitates a more robust mapping of 
constructs to underlying data. For example, in refining the con
struct of impulsivity, SHAP can reveal which behavioral tasks or 
neural markers are most influential in defining the construct, while 
LIME can highlight context-specific nuances that may otherwise be 
overlooked.

Ontology learning implemented in this way can enhance the 
interpretability of both complex data and the AI models used to 
analyze them. Data-centric XAI focuses on extracting transparent, 
actionable insights from neural datasets, while model-centric XAI 
helps elucidate the inner workings of AI systems, fostering in
terdisciplinary trust and collaboration [18,19]. XAI can help en
sure that models remain interpretable and that their outputs are 
meaningful in advancing neuroscience research, while facilitating 
collaboration between neuroscience and machine learning experts 
[20--22]. Recent efforts in neuroimaging, such as those aimed at 
creating large-scale cognitive architectures, highlight the potential 
of structured ontologies to organize complex datasets and refine 
our understanding of cognitive processes [11,15,23]. Frameworks 
built using ontology learning can harmonize methodologies across 
different approaches, such as task-based fMRI and resting-state 
connectivity studies, to uncover latent dimensions of cognition, like 
the individual components of executive function, and provide in
sight into their associated neural systems [24].

These frameworks are not only theoretically valuable but also 
offer practical benefits in clinical and applied neuroscience con

texts; for example, research into the neural basis of cognitive con
trol illustrates how structured approaches to construct definition 
can enhance therapeutic outcomes. Attention Deficit Hyperactiv
ity Disorder (ADHD) interventions, which often focus on improving 
executive functions like inhibition and working memory, could be 
refined by identifying distinct cognitive processes associated with 
neural systems implicated in ADHD pathology, such as the fronto
striatal and fronto-parietal networks [25,26]. Such developments 
could support personalized therapeutic strategies, tailoring inter
ventions to specific deficits identified through precise construct 
mappings.

The integration of ontology learning with other methodolo
gies is also vital in advancing neuroscience toward a more sys
tematic and unified science. Ontology learning relies on diverse 
data sources, including scientific literature, structured databases, 
and experimental datasets. Text mining tools such as natural lan
guage processing (NLP) algorithms play a critical role in identify
ing key terms, phrases, and their contexts from unstructured text. 
Neuroscience studies often use text mining to extract cognitive 
terms from articles, identify co-occurrence patterns, and infer rela
tionships between constructs like cognitive control and response 
inhibition [14]. Structured data repositories offer an alternative 
source for ontology development, systematically organizing con
structs, tasks, and their neural correlates to provide a foundation 
for formal ontology creation.

4. Current uses of ontologies in psychology and neuroscience

The integration of ontology learning into psychological research 
helps enhance theoretical clarity and methodological rigor by for
malizing psychological constructs and their relationships. In partic
ular, it can address critical issues such as task-construct conflation 
and inconsistent terminology across subfields. For example, work
ing memory is often measured using tasks like the N-back or com
plex digit span, which may engage distinct neural processes [27]. 
Ontologies help disentangle these relationships, linking constructs 
to their neural substrates systematically [11], enabling more pre
cise hypotheses about brain-behavior relationships and advancing 
experimental rigor.

Relatedly, constructs like executive function or cognitive con
trol are often operationalized differently across studies, leading to 
challenges in synthesis and interpretation [23,28]. These variations 
may stem from historical trends or subfield differences, complicat
ing the identification of similarities across labels [29,30]. Ontology 
learning systematically evaluates these operationalizations by map
ping them to a standardized framework, revealing inconsistencies 
and redundancies. For instance, tasks like the Stroop and Wiscon
sin Card Sorting Test are often used interchangeably to measure 
cognitive control and flexibility, yet they involve distinct processes 
[31]. Ontology learning provides tools to disentangle these over
laps, guiding the development of tasks that isolate individual con
structs more precisely. AI-driven models, such as graph-based rea
soning algorithms, have been employed in bioinformatics in this 
way to link experimental results to theoretical frameworks [4], and 
similar techniques in psychology could enhance hypothesis gener
ation and testing.

Furthermore, efforts like the Cognitive Atlas demonstrate the 
utility of ontological approaches in clarifying relationships between 
constructs and tasks [11]. This open-science platform provides 
a structured vocabulary for cognitive terms, tasks, mental pro
cesses, and disorders, standardizing definitions of constructs like 
working memory and executive control, which vary across stud
ies [11]. Linking constructs to specific tasks, such as the N-Back 
test for working memory, has facilitated cumulative research and 
improved reproducibility in cognitive neuroscience [32,33], and in
tegration with tools like NeuroVault (neurovault.org) has enabled 
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mapping cognitive constructs onto brain imaging data, bridging 
psychological and neural domains [34]. Beyond task design, ontol
ogy learning can assist in integrating neural and behavioral data, 
a critical goal in cognitive neuroscience. Data from the Human 
Connectome Project has helped document the associated cognitive 
constructs and neural connectivity patterns [35], while tools like 
NeuroSynth (neurosynth.org; Yarkoni et al. [36,37]) and BrainMap 
(brainmap.org; Vanasse et al. [38]) leverage ontological frameworks 
to map constructs to brain activity, refining these mappings fur
ther.

Ontology learning also has significant translational implications, 
particularly in understanding and treating psychological disorders. 
Via its ability to formalize constructs like depression or anxiety, 
ontologies disentangle heterogeneous symptom profiles, identify
ing subtypes based on symptom clustering and neural correlates 
[39]. This stratification links subtypes to genetic predispositions, 
environmental influences, and treatment responses [40], ultimately 
enabling personalized treatment strategies. Ontologies can also 
seamlessly integrate multi-modal data, such as neuroimaging and 
genetic markers, to enhance subtype classification precision [15]. 
These frameworks foster cross-disciplinary collaboration, providing 
a shared vocabulary for advancing diagnostic criteria and thera
peutic outcomes. As such, ontology learning not only enhances 
terminological precision but also lays the groundwork for interdis
ciplinary collaboration, enabling neuroscience to align more closely 
with fields that require structured and interpretable knowledge 
bases [21,22].

5. Interdisciplinary implications of ontology learning

Beyond psychology and neuroscience, ontology learning also 
helps bridge the gap with other disciplines, fostering collabora
tion and innovation. It is deeply intertwined with AI, particularly 
in knowledge representation and semantic reasoning. Techniques 
like natural language processing (NLP), machine learning, and au
tomated reasoning underpin ontology construction [41,42]. In turn, 
psychological constructs mapped through ontology learning in
form AI systems, enhancing their ability to model cognition and 
decision-making [43]. This bidirectional exchange refines both AI 
systems and psychological theories.

Interdisciplinary collaboration can be facilitated through the es
tablishment of shared platforms and frameworks that enable re
searchers from different fields to contribute to ontology develop
ment. For instance, the Open Biological and Biomedical Ontology 
(OBO) Foundry provides a model for collaborative ontology de
velopment, bringing together experts from biology, medicine, and 
computer science [44]. These collaborations not only enhance psy
chological research but also facilitate knowledge translation into 
education, human-computer interaction, and public health. Their 
interdisciplinary nature fosters methodological and theoretical in
novations, addressing challenges that single disciplines cannot re
solve alone.

Neuroinformatics relies on ontological frameworks to orga
nize complex datasets from neuroimaging and electrophysiologi
cal studies. Projects like the Human Brain Project [45] and Allen 
Brain Atlas [46,47] use ontologies to map data onto standard
ized brain regions and networks. Ontology learning can further 
integrate neuroinformatics with bioinformatics, uncovering genetic 
markers linked to cognitive and emotional traits [4]. This supports 
personalized medicine by identifying genetic predispositions for 
mental health conditions and tailoring interventions accordingly. 
The Human Connectome Project (HCP) exemplifies this, using on
tology learning to annotate data with constructs like attention and 
self-regulation, linking them to neural circuits [38]. For instance, 
one study validated the distinctiveness of executive functions by 
connecting task performance to network connectivity patterns [48].

Ontology learning also allows exploration of the relationship 
between language and cognition, mapping linguistic structures 
onto psychological constructs. Research on semantic memory and 
language processing has used ontologies to model how concepts 
are represented in the brain [11,49,50]. This has practical implica
tions, such as improving language-based interventions for neuro
logical disorders like aphasia or Alzheimer’s disease [51]. In ad
dition, ontology learning intersects with philosophy and ethics, 
with the potential to clarify debates about constructs like intelli
gence or mental illness by formalizing their definitions [52]. It also 
informs ethical guidelines for AI applications in neuroscience, en
suring constructs are accurately defined to reduce misuse [53].

In translational research, ontology learning aids in developing 
diagnostic tools and interventions. The Research Domain Criteria 
(RDoC) framework, for example, redefines mental health disorders 
based on observable behavior and neurobiological measures [54]. 
Ontology learning has enabled nuanced classifications of disorders 
like depression and schizophrenia, identifying subtypes with dis
tinct neural and symptom profiles for targeted treatments [55]. 
This approach standardizes mental health constructs, facilitating 
communication across neuroscience, psychology, and pharmacol
ogy [56]. Ontology-based tools have already harmonized clinical 
terminologies like ICD and DSM [57], improving diagnostic accu
racy and treatment efficacy.

Finally, ontology learning aligns with open science princi
ples, enhancing data sharing and reproducibility. Via standardized 
frameworks, ontologies facilitate collaboration across disciplines 
[33]: initiatives like the Biomedical Informatics Research Network 
(BIRN) have used ontologies to harmonize metadata, enabling 
replication and validation of findings [58]. Expanding such efforts 
through ontology learning can further enhance transparency and 
interdisciplinary collaboration.

6. Limitations and challenges

While ontology learning holds significant promise for refin
ing psychological constructs and advancing neuroscience, several 
challenges must be addressed before widespread adoption. First, 
psychological constructs are inherently multi-dimensional and lack 
universally accepted definitions, leading to variability in their oper
ationalization across studies. For example, cognitive control is mea
sured using diverse tasks like the Stroop, Go/No-Go, and Flanker 
tasks, each tapping into overlapping but distinct processes [11,31]. 
This variability complicates the creation of clear, non-redundant 
ontologies [23]. XAI can help by offering transparency into how 
algorithms parse constructs, identifying overlaps and gaps. In ad
dition, constructs are often polysemous, with meanings varying by 
context (e.g., attention in cognitive vs. clinical studies), increas
ing misclassification risks [12]. XAI frameworks like SHAP [16] 
can clarify how models weigh task data, aiding in refining oper
ational definitions. A related challenge is disentangling tasks from 
constructs. Many neuroscience tasks, such as the aforementioned 
N-back task, conflate multiple processes (e.g., working memory, at
tention, and executive control), complicating ontology integration 
[13,27]. Moreover, data quality varies, with noisy and hard-to
replicate results in psychology posing challenges for reliable on
tology construction [59].

Psychological constructs are also subjective and context-depen
dent, making consistent ontological relationships difficult to estab
lish. For instance, constructs like personality and mental health 
are influenced by social and cultural factors, leading to variations 
across populations and time [60]. The concept of mental disorder, 
for example, varies across cultural contexts and diagnostic frame
works (e.g., DSM-5 vs. ICD-10). Ontology learning tools must ac
count for this diversity, but flexibility can lead to generalization 
issues. In addition, constructs evolve with new empirical findings, 
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requiring iterative ontology updates that may introduce inconsis
tencies.

Integrating heterogeneous data sources, such as behavioral data, 
neuroimaging, genetics, and self-reports, poses another challenge. 
Different data modalities vary in granularity and may not map 
cleanly onto constructs like decision-making, which are influenced 
by contextual factors [61]. Current AI methods, including NLP and 
machine learning, struggle to merge these data types meaningfully, 
and small sample sizes in neuroscience further complicate robust 
model training. In this context, techniques such as data augmen
tation and transfer learning can greatly enhance the robustness 
of ontology learning [62]. Ethical concerns can also arise, particu
larly with sensitive data like neuroimaging or genetic information, 
as privacy and consent issues are critical, especially for clinical or 
vulnerable populations. Biases in data or algorithms can skew rep
resentations, perpetuating stereotypes or inequalities [63]; for ex
ample, neuroimaging data predominantly comes from Western, ed
ucated, industrialized, rich, and democratic (WEIRD) populations, 
which can limit generalizability [64]. Relatedly, another challenge 
lies in the potential biases inherent in selecting data inputs or 
sources for ontology learning: pre-defined data inputs may encode 
biases or incomplete representations of the domain of interest 
[65]. To mitigate these risks, the field should develop governance 
frameworks that ensure transparency, accountability, and fairness 
in ontology learning. These frameworks could include guidelines 
for data anonymization, informed consent, and bias detection. XAI 
can also play a key role in identifying and mitigating biases in 
datasets, ensuring that ontology learning systems remain fair and 
generalizable [62].

Finally, technical limitations, such as the lack of transparency 
in AI models, also hinder ontology learning. The black-box na
ture of many machine learning models undermines trust, espe
cially in clinical psychology [66]. XAI can address this by providing 
interpretable explanations, such as saliency maps, but computa
tional resource requirements remain a barrier, particularly in un
derfunded fields [67]. To ensure transparency in XAI-driven on
tology learning, we recommend the adoption of standardized re
porting guidelines that detail the methodologies used, the data 
sources involved, and the interpretability techniques applied. These 
guidelines should be developed in collaboration with the broader 
scientific community and should be made publicly available to fa
cilitate reproducibility and trust in the resulting ontologies.

Moreover, scalability and maintenance are long-term chal
lenges. Ontologies must evolve with new research, but dynamic 
updates can lead to inconsistencies across versions (Sure et al., 
2009). XAI can address this challenge by automating parts of the 
ontology construction process, reducing the need for extensive hu
man oversight. For instance, machine learning algorithms can be 
used to pre-process large datasets, identify patterns, and gener
ate preliminary ontologies, which can then be refined by domain 
experts. This hybrid approach not only enhances scalability, but 
also ensures that the resulting ontologies are both accurate and 
interpretable. In this changing landscape, maintaining ontology 
integrity will require ongoing collaboration among researchers, do
main experts, and data scientists.

7. Future directions

The integration of ontology learning into refining psychologi
cal constructs and advancing neuroscience offers exciting oppor
tunities for future research. As AI and ontology learning evolve, 
progress in several key areas can enhance our understanding of 
complex psychological phenomena and improve the precision of 
psychological constructs in neuroscience.

First, the continued development of machine learning, particu
larly deep learning, holds significant promise for ontology learning. 

Deep learning algorithms excel at modeling complex, non-linear 
relationships, making them well-suited for uncovering hidden pat
terns in large datasets, such as those from neuroimaging or be
havioral research [43]. As AI algorithms advance, they could help 
generate more accurate and nuanced ontological representations 
of constructs like cognition, emotion, and mental health [68]. Hy
brid models combining rule-based systems with machine learn
ing could also improve ontology interpretability and transparency 
[69,70]. Advances in XAI will further enable the creation of inter
pretable models tailored to neuroscience’s complexities: quantita
tive metrics can serve to evaluate the effectiveness of ontology de
velopment in terms of interpretability (e.g., SHAP values) and con
sistency (e.g., alignment with existing ontologies), while qualitative 
metrics could involve expert reviews to assess the accuracy and 
relevance of the updated ontologies. Relatedly, cross-disciplinary 
collaboration will be essential for the future of ontology learning. 
Successful ontology development requires input from psychology, 
neuroscience, data science, and philosophy [71], with open sci
ence initiatives and data-sharing platforms, playing a key role in 
enhancing the generalizability and precision of ontologies by iden
tifying patterns across studies and populations.

Furthermore, future ontology learning will likely focus on in
tegrating multi-modal data, which is increasingly common in psy
chology and neuroscience. Combining neuroimaging, genetic, be
havioral, and real-time data from wearable devices requires on
tologies to represent these diverse data types cohesively [11]. 
Multi-modal data integration enables a more holistic understand
ing of psychological constructs, capturing their dynamic, multi
dimensional nature [72]. In this context, ethical considerations 
will become increasingly important as ontology learning is applied 
in psychology and neuroscience. Rigorous ethical frameworks are 
needed to address concerns such as data privacy, bias, and misuse 
[63]: developing fair and transparent AI systems, including algo
rithms that detect and mitigate bias, will be crucial for ensuring 
responsible use and preventing the perpetuation of stereotypes. 
Fostering educational initiatives to train researchers in ontology 
learning and XAI interpretation will therefore be essential for the 
widespread adoption and effective application of these methodolo
gies.

Finally, dynamic, real-time ontologies represent a promising di
rection. As wearable devices and smartphones collect real-time 
psychological and physiological data, ontologies can evolve dy
namically to reflect new findings [73]. This approach is particu
larly valuable for studying mental health, where rapid changes in 
psychological states can require continuous monitoring. Dynamic 
ontologies also support personalized interventions, tailoring treat
ments to individuals’ unique profiles [74]. To be accurate and im
pactful, future ontology learning will need to incorporate cross
cultural considerations; as constructs can vary substantially across 
cultures [75]�-incorporating contextual information into ontology 
learning will be essential for ensuring that ontologies are equitable 
and globally applicable.
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