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ABSTRACT 

 
Biomedical psychology emphasises psychological and neurocognitive assessment through the integration of 

biological, neurophysiological, and quantitative behavioural data to support clinical decision-making. However, 

conventional assessment approaches remain limited by issues of objectivity, scalability, and longitudinal 

monitoring, prompting the utilisation of artificial intelligence (AI) as a computational tool in clinical and cognitive 

contexts. This systematic review synthesises the application of AI in biomedical psychology with an explicit focus 

on assessment functions, rather than intervention or therapy, following the PRISMA 2020 guidelines through a 

systematic search of four major databases. The included studies cover a variety of clinical and cognitive 

applications with variations in psychological constructs, data modalities, and AI methods. The synthesis results 

show that AI is most often used for diagnostic classification, risk screening, and continuous estimation of cognitive 

functions and dimensional constructs. Differences in assessment objectives between clinical and cognitive domains 

reveal consistent methodological trade-offs related to model selection, validation strategies, and overfitting risks. 

As a key contribution, this review presents an assessment-oriented cross-domain synthesis and proposes fit-

forpurpose design principles as a conceptual framework for developing robust, interpretable, and clinically 

relevant AI-based assessment systems 

 
Keywords: Artificial Intelligence; AI-Based Assessment; Biomedical Psychology; Clinical Decision 

Support; Cognitive Assessment; Multimodal Machine Learning 

 

1.  INTRODUCTION 

Biomedical psychology focuses on understanding and evaluating the relationship between biological 

processes and psychological functions, particularly in clinical and cognitive contexts. In the clinical 

realm, mental disorders are evaluated through evidence-based practices that integrate patient 

assessment, clinical documentation, and scientific findings into the professional decision-making 

process (Delcea et al., 2020). In cognitive contexts, neuropsychological evaluation assesses functions 
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such as memory, attention, and executive processes to explain the impact of brain dysfunction on 

behaviour and functional capacity (Collinson et al., 2010).  

Psychological assessment is placed as a key component in this practice, although conventional 

methods that rely on clinical interviews, self-reports, and standardised tests are known to be prone to 

subjective bias (Schwartz et al., 2023). Comprehensive psychological evaluations require time, 

professional expertise, and high costs, limiting the scalability and accessibility of services (Alkan et al., 

2025). In addition, periodic assessment procedures often fail to capture dynamic psychological and 

cognitive changes over time (Zheng et al., 2025). These structural limitations highlight the need for 

quantitatively grounded assessment approaches that support population-level screening and longitudinal 

monitoring (Finley, 2024), (Patterson et al., 2025). 

Biomedical psychology is operationally defined as an assessment approach that integrates biological, 

neurophysiological, and quantitative behavioural data to evaluate psychological and neurocognitive 
conditions that are directly relevant to clinical decision making (Engel et al., 2022). Unlike traditional 

clinical psychology, which emphasises qualitative interpretation, this approach focuses on the objective 

quantification of psychological constructs and their relationship with biological indicators (Ren et al., 

2025). This approach is also distinguished from computational psychiatry, which is oriented towards 

mechanistic modelling of disorders, as the emphasis is on developing objective, scalable, and 

interpretable assessment instruments, without being directed towards intervention or therapy (Baydili 

et al., 2025). 

Advances in AI and machine learning provide computational mechanisms capable of analysing 

complex behavioural and biological data at scale. Quantitative behavioural modelling has demonstrated 

potential in distinguishing individuals with mild cognitive impairment from healthy controls (Sikström 

et al., 2024). AI-based systems further enable decentralised and privacy-preserving assessment 

architectures, including federated learning approaches for mental health data (Dubey et al., 2025). 

AI is positioned as a computational tool used to support psychological assessment without replacing 

the role of clinical professionals. AIbased systems are applied in initial screening, diagnostic 

classification, and estimation of the severity of psychological and cognitive disorders (Rakotomanana 

& Rouhafzay, 2025), and are utilised as decision support systems through the integration of multimodal 

data that can be interpreted by clinicians (Bae et al., 2025). The application of AI also covers various 

psychological constructs, such as measuring attachment using the Biometric Attachment Test (Parra et 

al., 2022), while DeepPerson was developed by integrating psychological theory and deep learning to 

improve the accuracy of text-based personality dimension detection (Yang et al., 2023). 

The available literature shows fragmentation in the application of AI in psychological and 

neurocognitive assessment, with most reviews focusing on specific disorders, data modalities, or 

methodological approaches, thus limiting cross-domain synthesis. This situation indicates that reviews 

explicitly focusing on AI-based assessment functions and the differentiation of objectives, designs, and 

methodological tradeoffs between clinical and cognitive assessments within the biomedical psychology 

framework are still relatively limited. This systematic review aims to fill this gap through an assessment-

oriented cross-domain synthesis, covering the domains of application, psychological constructs, data 

modalities, AI methods, and key methodological challenges.  

Specifically, this review addresses three research questions: 

­ RQ1: What types of clinical and cognitive assessment tasks are applied using AI in biomedical 

psychology? 

­ RQ2: What data modalities and AI methods are most commonly used in AI-based assessment? 

­ RQ3: What methodological challenges and validation strategies are most frequently reported in AI-

based psychological assessment studies? 

2.  METHODS 

2.1 Review Desain 
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This review was conducted as a Systematic Literature Review (SLR) with reference to the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) guidelines (Haddaway et 

al., 2022). A systematic literature search was conducted on four major databases, namely PubMed, 

Scopus, ScienceDirect, and SpringerLink, to obtain broad coverage of studies examining the application 

of AI in biomedical psychology. The search strategy was designed using a combination of terms 

representing AI methods, the domains of clinical psychology and neuropsychology, and the assessment 

context, with the following main search string examples: ("machine learning" OR "deep learning" OR 

"artificial intelligence") AND ("clinical psychology" OR "neuropsychology" OR "mental health" OR 

"psychiatry") AND ("assessment" OR "screening" OR "diagnosis"). 

Terminology adjustments were made on a limited basis according to the characteristics of each 

database, including the use of indexed terms in PubMed. The search was limited to peer-reviewed 

articles in English published between 2020 and 2026. The review focused on studies that utilised AI as 

an assessment tool to evaluate, classify, or estimate clinical conditions and cognitive functions based on 

human data. Meta-analysis was not applied due to the high level of heterogeneity between studies, so 

qualitative synthesis was used as the main approach. The extracted data were analysed using a narrative 

approach supported by categorical mapping based on application type, psychological construct, data 

modality, and AI method. 

 

2.2 Eligibility Criteria  

Inclusion and exclusion criteria were established to ensure that the included studies represented the 

application of AI as an assessment instrument in biomedical psychology. The selection process focused 

on studies that utilised AI as the main analytical component to evaluate clinical conditions or cognitive 

function based on human data through clearly defined quantitative measurements. Studies outside the 

scope of psychological assessment, purely technical in nature, intervention-oriented, or lacking 

adequate empirical validation were excluded from the analysis. The scope of this study was narrowed 

to maintain methodological coherence and clinical relevance. A summary of the inclusion and exclusion 

criteria is presented in Table 1. 

Table 1. Inclusion and Exclusion Criteria 

Inclusion Criteria Exclusion Criteria 

Machine/deep learning as primary analysis 
AI used only for support, visualization, or exploratory 

analysis 

AI applied for psychological or 

neurocognitive assessment 

Intervention-, therapy-, training-, or neurofeedback-

focused studies 

At least one psychological or 

neuropsychological construct assessed 
No psychological or cognitive construct assessed 

Human-subject data 
Animal, simulated, or synthetic data without human 

validation 

Quantitative evaluation reported  No quantitative performance metrics 

Peer-reviewed journal or conference paper 

(2020–2026, English) 

Reviews, editorials, abstracts only, preprints, theses, or 

inaccessible full text 

2.3 Study Selection  

The study selection process was conducted in accordance with the PRISMA 2020 guidelines using 

predefined inclusion and exclusion criteria. At the identification stage, 1,067 records were retrieved 

from PubMed (7), Scopus (200), ScienceDirect (572), and SpringerLink (288). Prior to screening, 147 

records were removed, including duplicate records (n = 2), book chapters (n = 1), and review articles (n 

= 144). Following removal, 920 records remained for title and abstract screening. During the screening 

stage, 863 records were excluded, comprising 602 exclusions based on title screening and 261 based on 
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abstract screening. This process resulted in 57 reports being sought for full-text retrieval. Of these, three 

reports were not accessible. Consequently, 54 full-text articles were assessed for eligibility. 

At the eligibility stage, 35 articles were excluded for the following reasons: AI was not used as the 

primary assessment tool (n = 12), no psychological or neurocognitive construct was assessed (n = 8), 

quantitative evaluation was not reported (n = 10), or only non-human or proxy data were used (n = 5). 

A total of 19 studies met all inclusion criteria and were included in the final qualitative synthesis. The 

complete study selection flow is presented in Figure 1.  

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. PRISMA 2020 Flow Diagram

2.4 Data Extraction 

Data extraction was carried out systematically for all studies that met the inclusion criteria using a 

predefined extraction framework. The information collected focused on key characteristics relevant to 

the objectives of this systematic review, including the type of application, psychological constructs 
assessed, data modality, AI methods used, validation strategies, and sample size. The data extraction 

framework used in this review is summarised in Table 2. 

Records identified from*: 
Databases (n = 1.067) 
 PubMed: 7 
 Scopus: 200 
 ScienceDirect: 572 
 SpringerLink: 288 

Records removed before screening  
(n = 147) 

­ Duplicate records removed (n = 2) 

­ Book & book chapters (n = 1)  

­ Review (n = 144) 

Records screened 
(n = 920) 

Records excluded (n = 863) 
   - Title (n = 602) 
   - Abstract (n = 261) 

Reports sought for retrieval 
(n = 57) 

Reports not retrieved 
 (n = 3) 
(full-text not accessible) 

Reports assessed for eligibility 
(n = 54) 

Reports excluded (full-text) (n = 35): 
­ AI not core assessment tool (n = 12) 
­ No psychological construct (n = 8) 
­ No quantitative evaluation (n = 10) 
­ Non-human or proxy data only (n = 5) 
 

Reports of included studies 
(n = 19) 

Id
e
n

ti
fi

c
a
ti

o
n

 
S

c
re

e
n

in
g

 
 

In
c
lu

d
e
d

 

Identification of studies via databases and registers 
 



Viva Medika: Jurnal Kesehatan, Kebidanan, dan Keperawatan, 18 (03), 2025 

Annastasya Nabila Elsa Wulandari (Artificial Intelligence in Biomedical Psychology: A Systematic Review of 

Clinical and Cognitive Applications) 

 

114 
Viva Medika | VOLUME 18/NUMBER 03/2025 

Table 2. Data Extraction Framework for Included Studies 

Category Description 

Application Clinical or Cognitive application 

Psychological Construct Target psychological or neuropsychological construct 

Modality 
Data modality used (e.g., EEG, MRI/fMRI, speech, behavioral, 

multimodal) 

AI Method Machine learning or deep learning approach 

Validation Validation strategy (e.g., cross-validation, hold-out, external validation) 

Sample Size Number of human participants 

 

2.5 Quality Assessment 

Study quality was assessed using a structured, indicator-based appraisal approach to accommodate 

methodological heterogeneity across the included studies. Given the substantial variation in 

psychological constructs, data modalities (e.g., neuroimaging, EEG, behavioral sensing, multimodal 

biomarkers), AI architectures (machine learning and deep learning models), and validation strategies, 

conventional risk-of-bias frameworks developed for intervention-based research were considered 

methodologically unsuitable for this review. 

Unlike intervention-focused studies that evaluate treatment effects within relatively standardised 

experimental designs, the studies included in this review represent diverse AI-based assessment models 

applied across heterogeneous clinical and cognitive contexts. The primary objective of this review is 

methodological mapping and cross-domain synthesis rather than quantitative aggregation of effect sizes. 

Consequently, applying traditional bias instruments would not adequately capture modelling robustness, 

validation rigor, and construct operationalisation in AI-based assessment systems. 

Instead, quality indicators were applied to support critical interpretation of study findings. Four 

indicators were evaluated consistently across all studies: sample size adequacy relative to model 

complexity, validation strategy, use of independent data as a proxy for generalisation, and construct 

validity. Methodological risk was classified from low to high, with studies employing adequate sample 

sizes and external validation considered lower risk, and those applying complex models to limited 

datasets without external validation considered higher risk. Quality assessment outcomes informed the 

interpretation of methodological strengths and limitations in the discussion rather than serving as criteria 

for study exclusion. 

3. RESULT  

3.1 Study Characteristics 

A total of 19 studies met the inclusion criteria and were analysed, covering AI-based clinical and 

cognitive assessment applications in biomedical psychology with variation in application domains, 

sample sizes, data modalities, and assessment task types. Publications were predominantly from 2023–

2026, reflecting increased interest in AI as an assessment instrument. Sample sizes ranged from dozens 

to several thousand participants, and reported performance metrics varied from moderate to high 

depending on task complexity, data modality, and validation strategy. Most studies relied on internal 

validation, primarily cross-validation, whereas independent or external validation was reported in only 

a small subset, a pattern consistent across clinical and cognitive domains. A summary of the main 

characteristics of all studies is presented in Table 3. 
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Table 3. Characteristics of Included Studies 

Year (Author) Domain 
Psychological 

Construct 
Sample Size Modality Task 

Silveira et al., 

2020 

Clinical Rumination 

(brooding) 

200 Clinical scales + 

blood biomarkers 

Binary 

classification 

Haining et al., 

2021 

Clinical Cognitive deficits & 

functional outcome 

146 (118 

FU) 

Neuropsychologi

cal tests 

Regression / 

classification 

Venugopalan et 

al., 2021 

Clinical Cognitive impairment 

(CN/MCI/AD) 

220 

(multimodal 

subset) 

MRI + clinical + 

genetic 

Multiclass 

classification 

Asare et al., 

2021 

Clinical Depression severity 629 Smartphone 

sensing 

Binary 

classification 

Wei et al., 2023 Clinical Anxiety & depression 480 Clinical 

assessments 

Binary 

classification 

Bolla et al., 2023 Cognitive Mild cognitive 

impairment 

78 + 155 

(external) 

rs-fMRI Binary 

classification 

Kumar et al., 

2024 

Cognitive Personality traits (Big 

Five) 

98 EEG/ECG/GSR Binary 

classification 

Naseerullah et 

al., 2024 

Clinical Obsessive–

compulsive disorder 

193 Gene expression Binary 

classification 

J. Zhang et al., 

2024 

Cognitive Global cognition, 

attention, memory 

863 CDT images Binary 

classification 

Gómez-Pascual 

et al., 2024 

Cognitive Cognitive decline / 

AD progression 

800 Plasma multi-

omics 

Classification / 

prognosis 

Longo et al., 

2024 

Cognitive PD-related MCI 275 Neuropsychologi

cal tests 

Binary 

classification 

Y. Zhang et al., 

2024 

Cognitive Cognitive impairment 823 Community 

assessments 

Binary 

classification 

Díaz-Álvarez et 

al., 2025 

Cognitive Multidomain 

cognitive function 

360 + 30 

(test) 

Neuropsychologi

cal tests + FDG-

PET 

Binary prediction 

Wu et al., 2025 Cognitive Cognitive decline 

(MCI) 

56 EEG Regression / 

classification 

Walker et al., 

2025 

Cognitive Irritability severity 6,065 Task-based fMRI Regression 

Gramkow et al., 

2025 

Clinical Cognitive impairment 

& dementia etiology 

170 Wearable 

actigraphy 

Multiclass 

classification 

Yeh et al., 2025 Clinical IGD risk & social 

anxiety 

60 EEG + VR Binary 

classification 

Wariri et al., 

2026 

Cognitive Irritability (high vs 

low) 

1,934 Task-based fMRI Binary 

classification 

3.2 Clinical Applications 

The application of AI in the clinical domain in the included publications shows patterns that can be 

systematically classified based on the clinical assessment objectives. AI-based clinical applications 

form several main functional categories, ranging from diagnostic classification to risk and prognosis 

estimation, as summarised in Table 4 along with related psychological constructs and clinical outcomes. 

Performance evaluation in most publications was conducted using internal validation, while external or 

cross-cohort validation was reported in only a small number of publications. 
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Table 4. Taxonomy of Clinical Applications of AI in Biomedical Psychology 

Clinical Application 

Category 
Assessment Purpose Psychological Construct Typical Output 

Diagnostic 

Classification 
Distinguish clinical status 

Depression, OCD, MCI, AD, 

PD-MCI 
Disorder vs. control 

Screening and Early 

Detection 

Early identification of at-

risk individuals 

Cognitive impairment, 

dementia risk 

At-risk vs. non–at-

risk 

Severity, Risk, and 

Outcome Estimation 

Estimate severity, risk, or 

clinical outcomes 

Depression severity, 

irritability, functional 

outcome 

Continuous score or 

risk probability 

Clinical Subtyping and 

Prognosis 

Differentiate disease 

subtypes and progression 

MCI conversion, AD 

progression, dementia 

etiology 

Subtype or 

progression label 

3.3 Cognitive Applications 

In the cognitive domain, AI is primarily applied to cognitive function assessment tasks, both in 

measuring current cognitive status and in estimating future cognitive risk and changes. Unlike clinically 

oriented applications focused on diagnosis, AI-based cognitive approaches focus on measuring 

cognitive performance, mapping specific cognitive domains, and quantitatively modelling cognitive 

decline, covering core functions such as memory, attention, executive function, and social cognition in 

the context of population screening, cognitive ageing, and longitudinal monitoring. Performance 

evaluation in this domain is dominated by the use of internal validation, including in studies applying 

deep learning- s to high-dimensional data such as neuroimaging and EEG. The taxonomy of cognitive 

applications is summarised in Table 5.

Table 5. Taxonomy of Cognitive Applications of AI in Biomedical Psychology 

Cognitive Application 

Category 
Assessment Purpose Cognitive Construct  Typical Output 

Cognitive Status 

Classification 

Classification of cognitive 

status between groups 

Global cognition, MCI, 

cognitive impairment 

Normal vs 

impaired 

Domain-Specific Cognitive 

Assessment 

Assessment of specific 

cognitive functions 

Memory, attention, 

executive function 

Domain score / 

class label 

Cognitive Decline & 

Progression Modeling 

Estimation of cognitive 

decline and change 

Cognitive decline, aging-

related impairment 

Continuous score 

/ progression 

label 

Dimensional Trait 

Estimation 

Measurement of continuous-

dimensional cognitive-

affective constructs 

Irritability, personality 

traits 

Continuous trait 

score 

3.4 Data Modalities and AI Methods 

A range of data modalities was employed across the included studies, reflecting diverse approaches 

to AI-based psychological assessment. The frequency of modality usage is summarised in Figure 2, 

while the mapping between application domains, data modalities, and AI method categories is presented 

in Table 6. As individual studies often incorporated more than one modality, the reported frequencies 

represent modality occurrences rather than mutually exclusive study counts. Together, these mappings 

illustrate how different assessment objectives are supported by distinct combinations of data sources 

and analytical approaches. 
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Figure 2. Distribution of Data Modalities Across Included Studies 

Table 6. Application Modality Method Mapping 

Application 

Domain 
Application Type Data Modality 

AI Method 

Category 
Typical Task 

Clinical 

Diagnostic 

classification 
Clinical assessments Machine learning 

Binary / multiclass 

classification 

Screening & early 

detection 

Smartphone sensing / 

wearable 
Machine learning Binary classification 

Severity / risk 

estimation 

Multimodal (clinical + 

biomarkers) 
Machine learning 

Regression / risk 

estimation 

Cognitive 

Subtyping & 

prognosis 

Neuroimaging / multi-

omics 
Deep learning Multiclass classification 

Cognitive status 

classification 

Neuroimaging / 

behavioral 
Machine learning Binary classification 

Domain-specific 

assessment 
Neuropsychological tests Machine learning Domain-level prediction 

Cognitive decline 

modeling 
EEG / longitudinal data Deep learning 

Regression / 

classification 

Dimensional trait 

estimation 

Neuroimaging / 

physiological signals 
Deep learning 

Continuous score 

estimation 

4. DISCUSSION 

4.1 Principal Findings and Design Implications 

The findings of this review indicate that artificial intelligence in biomedical psychology is 

predominantly employed as an assessment tool, with clear methodological differentiation between 

clinical and cognitive applications. Clinical applications are largely oriented toward categorical 

decision-making tasks, including diagnostic classification, risk screening, and subtype identification, 

targeting psychopathological and neurological conditions such as depression, anxiety, obsessive–
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compulsive disorder, and neurodegenerative disorders (Silveira et al., 2020), (Venugopalan et al., 2021), 

(Asare et al., 2021), (Naseerullah et al., 2024). In contrast, cognitive applications more frequently focus 

on dimensional assessment objectives, including global cognitive status, multidomain cognitive 

performance, and longitudinal modelling of cognitive decline and disease progression (Bolla et al., 

2023), (Díaz-Álvarez et al., 2025), (Gómez-Pascual et al., 2024). 

Beyond categorical classification, several studies apply AI for continuous estimation of 

multidimensional constructs, such as cognitive function, irritability, and personality traits, reflecting a 

shift toward modelling individual variability rather than discrete clinical labels (Kumar et al., 2024), 

(Wu et al., 2025), (Walker et al., 2025). This pattern highlights the dual role of AI in biomedical 

psychology: supporting both threshold-based clinical decisions and fine-grained quantification of 

psychological and neurocognitive constructs across populations. 

Across domains, a recurring methodological issue is the misalignment between assessment 

objectives, model complexity, and data characteristics. In clinical classification tasks based on limited 

or standardised datasets, increasing model complexity particularly through deep learning does not 

consistently improve performance and often amplifies overfitting risk. Conversely, in high-dimensional 

and continuous cognitive assessment contexts, complex models may be justified only when supported 

by adequate sample sizes and rigorous validation strategies. Collectively, these findings position the fit-
for-purpose principle as a core design requirement for AI-based psychological assessment systems that 

are clinically valid, interpretable, and methodologically robust. 

4.2 Clinical and Cognitive Implications 

The main implication of these findings is demonstrated by the positioning of AI as a scalable 

assessment tool, particularly in contexts characterised by resource constraints. The application of AI 

enables large-scale screening and assessment by utilising relatively easily obtained data, such as 

smartphone sensing, community-based assessment and wearable-based monitoring (Asare et al., 2021), 

(Y. Zhang et al., 2024), (Gramkow et al., 2025). This approach expands the potential of psychological 

assessment to a broader population and enables more continuous monitoring compared to traditional 

methods. 

The use of AI is positioned as a decision support system, not as a replacement for clinical 

professionals or neuropsychologists. AI models are used to improve the sensitivity and consistency of 

assessments, while the final interpretation remains within the framework of current clinical practice 

(Haining et al., 2021), (Bolla et al., 2023), (Longo et al., 2024), (Yeh et al., 2025). The integration of 

AI into biomedical psychology practice is more focused on augmenting the assessment process rather 

than fully automating decision-making. 

4.3 Methodological Challenges 

Despite their substantial potential, the included studies exhibit recurring methodological limitations, 

primarily related to sample size, model complexity, and validation strategies. These issues are most 

pronounced in neuroimaging, EEG, and biomarker-based studies, where deep learning models are often 
applied to limited datasets, increasing the risk of overfitting and performance inflation derived from 

internal validation (Bolla et al., 2023), (Kumar et al., 2024), (Wu et al., 2025). Across studies, reliance 

on internal cross-validation remains dominant, while external validation or independent datasets are 

reported infrequently (Díaz-Álvarez et al., 2025) , (Gómez-Pascual et al., 2024) (Gramkow et al., 2025), 

with externally validated models typically showing more moderate but stable performance. 

Additional challenges concern limited generalisability and construct validity. Many models are 

developed within specific cohorts, constraining external applicability (Wei et al., 2023), (Naseerullah 

et al., 2024), (Yeh et al., 2025). The use of clinical labels or instrument scores as proxy representations 

of complex psychological constructs risks producing assessments that are statistically robust but 

conceptually weak, increasing vulnerability to bias and fairness issues across populations. Accordingly, 
construct validity, feature transparency, and bias considerations should be treated as core 

methodological requirements in AI-based psychological assessment. 
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4.4 Future Directions 

Research findings indicate the need for the development of more standardised benchmark 

assessments for both clinical and cognitive domains. Standardising the definitions of psychological 

constructs, assessment protocols, and evaluation metrics is expected to improve comparability between 

studies and facilitate cross-domain synthesis (Díaz-Álvarez et al., 2025), (Haining et al., 2021), (J. Zhang et 

al., 2024)Click or tap here to enter text.. These efforts are crucial to reduce the methodological 

fragmentation currently evident in the literature. 

Multimodal approaches are increasingly being applied by integrating clinical, biological, and 

behavioural data to enrich the representation of psychological conditions (Gómez-Pascual et al., 2024), 

(Venugopalan et al., 2021), (Wariri et al., 2026). Multimodal integration is balanced with more consistent 

external validation practices and attention to model interpretability so that AI-based assessment results 

can be applied responsibly in clinical and cognitive contexts (Walker et al., 2025), (Yeh et al., 2025). 

4.5 Limitations 

The relatively limited number of included studies reflects the deliberate narrowing of this review to 

AI-based assessment, rather than the full spectrum of AI applications in psychology. While this focus 

enhances conceptual and methodological coherence, the included studies span diverse clinical and 

cognitive domains, psychological constructs, data modalities, and assessment tasks. Such heterogeneity 

precludes quantitative synthesis or meta-analysis and necessitates a qualitative interpretative approach. 

Variations in construct definitions and assessment protocols further limit cross-study comparability. 

Methodological quality across primary studies varied, particularly regarding sample size, validation 

strategies, and reporting transparency. Although inclusion criteria ensured the use of human data and 

quantitative evaluation, limited external validation and potential publication bias may constrain the 

generalisability of findings. Accordingly, this review should be interpreted as a conceptual and 

methodological synthesis of AI-based psychological assessment practices, rather than a comparative 

evaluation of model performance. 

CONCLUSION 

This systematic review synthesises the application of artificial intelligence in biomedical psychology 

with a specific focus on clinical and cognitive assessment. Across application domains, AI is 

consistently employed to support diagnostic classification, risk screening, and the estimation of 

psychological and neurocognitive outcomes, spanning psychiatric, neurodegenerative, and cognitive 

assessment contexts. A clear distinction emerges between clinical applications, which are 

predominantly centred on categorical decision-making, and cognitive applications, which more 

frequently emphasise dimensional measurement and longitudinal assessment. This distinction 

underscores the importance of aligning analytical strategies, model outputs, and evaluation designs with 

the specific objectives of psychological assessment. 

From a methodological and conceptual perspective, the reviewed literature consistently positions AI 

as a decision-support tool rather than a substitute for professional judgement. While advanced machine 
learning and deep learning models offer increased representational capacity, their application must be 

justified by the assessment goal and supported by adequate sample sizes and appropriate validation 

strategies. Inadequate alignment between model complexity, data characteristics, and validation design 

increases the risk of clinically unstable or inflated performance, particularly in high-dimensional and 

small-sample settings. These findings reinforce the need for cautious and principled model selection in 

AI-based psychological assessment. 

Accordingly, AI-based assessment systems in biomedical psychology should be developed 

according to a fit-for-purpose design principle, in which method selection, data modality, and model 

complexity are explicitly tailored to the target construct and application context. The establishment of 

standardised assessment benchmarks, consistent cross-population validation practices, and interpretable 

multimodal integration remains essential to ensure that AI-enabled psychological assessment is robust, 
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responsible, and clinically relevant. Together, these considerations provide a structured foundation for 

the continued and responsible integration of AI into psychological and neurocognitive assessment 

practice. 
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