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ABSTRACT: Attention-Deficit/Hyperactivity Disorder (ADHD) presents diagnostic challenges due to
heterogeneity, comorbidity rates, and reliance on subjective, phenomenological criteria, resulting in
misdiagnosis or treatment delays. This structured narrative review with quantitative tabular synthesis,
conceptual mapping, and clinical workflow integration employed a sunflower life-cycle metaphor to bridge
clinical expertise and machine learning (ML) technologies, while surveying recent empirical studies (2017—
2023) to capture methodological variation in ADHD assessment workflows. Ten studies were selected
based on relevance to ML applications for ADHD identification and classification, with deliberate
representation of diversity in study design, sample characteristics, data modalities, and ML model-type.
The method comprised (a) broad interpretive literature searches, (b) extraction of study-level data, and (c)
mapping of ML approaches onto a standardized evidence-based ADHD assessment workflow. Analyses
included qualitative synthesis of sample characteristics (youth-focused, N = 38-238,696), data modalities
(behavioral surveys, EHR, neuroimaging, genetics), ML models (RF, SVM, DNN), performance metrics,
phenotype- and genotype-based distinctions; quantitative aggregation of reported performance metrics
(accuracy 66—93%, AUC 0.66—0.94); cross-validation practice, and model-level considerations; and tabular
summarization of limitations and multidimensional predictors. Syntheses produced comparative tables, a
human—AlI diagnostic workflow diagram, and explicit alignment of ML applications with each clinical stage
to highlight integration points and gaps.

Keywords: Attention deficit disorder with hyperactivity; Machine learning; Decision support techniques;
Diagnosis; Algorithms

Attention-Deficit/Hyperactivity Disorder (ADHD) is a highly prevalent neurodevelopmental disorder,
affecting 6.1-9.4% of children aged 3 to 12 years old and 4.8—7% of teenagers aged 12 to 18 years old [1].

© 2026 The authors. This is an open access article under the Creative Commons Attribution 4.0 International License
5Y (https://creativecommons.org/licenses/by/4.0/).
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For approximately 60% of adolescents with ADHD, symptoms frequently persist into adulthood [2-5].
ADHD is characterized by a persistent pattern of inattention, hyperactivity, and impulsivity that occurs
prior to the age of 12 and leads to significant functional impairment across scholastic, social, and
occupational domains [6]. Although ADHD is most often identified in early adolescence [1], it can persist
into adulthood and be diagnosed later in life. Adult assessments differ because teacher and parent reports
are typically unavailable. Despite these procedural differences, diagnosis still requires evidence of
symptoms beginning in early adolescence.

The official diagnosis of ADHD relies on phenomenological criteria, observable behavioral
manifestations of symptoms, as specified by the latest edition of the Diagnostic and Statistical Manual of
Mental Disorders (DSM-5-TR) [7]. However, this diagnostic process is frequently complex, costly, and
time-consuming, often complicated further by the heterogeneity of ADHD presentations and frequent
comorbidity with other psychiatric disorders. These factors can contribute to misdiagnosis or treatment
delays [8—10]. In response, machine learning (ML) approaches have emerged as promising tools for the
healthcare industry, aiming to expedite the diagnosis, identify risk factors, and improve the accuracy and
timeliness of ADHD detection [8,11]

A narrative review allows for the synthesis of multiple perspectives, representing the broad variations
of research that inform the current state of knowledge while also providing new insights, which is especially
useful for novel or underresearched topics [12]. In this narrative review, we first present the studies meeting
the aims of the search to provide a foundation for understanding how ML can support clinical decision-
making. We then introduce a metaphor and an accompanying illustration to bridge clinical expertise and
technological tools, providing a conceptual framework to guide interpretation.

1. Search Strategy

Consistent with the principles of a narrative review [12], this review employed a broad and interpretive
approach rather than an exhaustive or systematic search. The aim was to survey and synthesize ML
applications for ADHD across multiple study designs, data types, and predictive features while capturing
methodological variation. Inclusion criteria required that studies focus on ML applications for ADHD and
be published within the past 10 years. Study selection emphasized representing variation in methodologies,
predictive features, and workflow augmentation rather than comprehensive retrieval.

The initial search, conducted by the first author, identified six relevant studies focusing on ML
approaches for ADHD diagnosis. Among these, one was a meta-analysis encompassing two of the
previously identified studies. This meta-analysis was used to map the types of ML models and predictive
features commonly reported in the literature. Additional iterative searches were then conducted to ensure
representation of diverse ML model types and predictive features. This process resulted in 10 studies being
included in the review.

2. Background

Before considering how ML might alter ADHD assessment practices, it is important to clarify the
foundation that guides contemporary clinical decision-making. This approach matters for discussions of
ML because it establishes the reference standard against which new technologies must be evaluated. The
proceedings are covered: (a) core principles of evidence-based ADHD assessment, (b) ML approaches
applied to ADHD, and (c) observed implementation patterns and regulatory considerations.
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2.1. Evidence-Based Assessment of ADHD
2.1.1. Core Concepts and Rationale

Evidence-based assessment provides a structured, hypothesis-driven approach that emphasizes
reliability, incremental validity, and the integration of information across multiple sources [13]. Rather than
relying on any single test or informant, evidence-based assessment treats diagnosis as an iterative process
in which clinicians generate, test, and refine hypotheses using empirically supported tools and interpretive
frameworks [14,15]. Key principles include transparency, replicability, multi-method assessment, and the
coordination of subjective and objective data [16—-18] Clinicians synthesize behavioral history, multi-
informant reports, and functional observations to develop an integrative diagnostic formulation that guides
treatment planning.

2.1.2. Assessment Administration Types

ADHD assessment methods differ in the source of information, the level of structure, and the type of
data produced. Self-report measures capture symptom frequency and severity in naturalistic contexts
through parents, teachers, or patients and are efficient for screening, though they may be biased or
incomplete. Clinician-administered instruments, including structured interviews and standardized rating
scales, allow professionals to contextualize symptoms, evaluate developmental history, and integrate multi-
informant perspectives. Computerized assessments provide objective behavioral metrics of attention and
impulse control via standardized tasks, measuring reaction time, response variability, and errors of
commission or omission (see Table 1, col. 3). These tools are typically adjunctive, complementing rather
than replacing clinician synthesis of behavioral history and multi-source data.

Understanding these principles establishes the baseline against which emerging ML approaches can be
evaluated. Computerized assessments are already available and provide standardized, objective measures
of attention and impulse control; however, they are typically rule-based and limited to predefined tasks and
metrics. In contrast, ML approaches can analyze complex, high-dimensional data to detect patterns,
generate predictive models, or personalize assessments in ways that traditional computerized tests cannot.

Table 1. Evidence-Based ADHD-Specific Assessment Workflow.

Step Purpose/Description ADHD-Specific or Methodological Enhancements

Adolescents: Conners 3—Short Form (parent/teacher), Vanderbilt
ADHD Diagnostic Short Forms (parent/teacher), SWAN Short Form *,

Identify the possible presence or absence CBCL Attention Problems subscale *, ADHD Rating Scale-IV Short

Screening  of a condition; serve as a triage Form *.

mechanism for further evaluation. Adults: Adult ADHD Self-Report Scale (ASRS) *. Incorporate multiple
informants (parent, teacher, self-report) to flag potential concerns
without quantifying full diagnostic severity.

Refine hypotheses generated from
Clinical screening; gather context, symptom onset
Interview  course, functional impact, and identify
relevant informants.

Structured or semi-structured ADHD interviews; clarify cross-
’situationality of symptoms; integrate information from parents,
teachers, and the patient to contextualize reported symptoms.

Administer comprehensive ADHD rating scales (e.g., Conners
Measure severity, frequency, chronicity, Comprehensive *, ADHD-RS full assessment *, Vanderbilt full

Clinical functional impact, apd diagnostic assessment *) and adjunctive computerized attention measures (e.g.,

Assessment thresholds; substantiate or rule out Conners CPT 3 *, T.O.V.A., QbTest, IVA-2 *, CNSVS *). Use
concerns flagged in screening and normative comparisons, clinical cutoffs, and performance metrics (e.g.,
interview. reaction time variability, omission, and commission errors) to quantify

symptom severity and attentional functioning.
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Systematically evaluate alternative Apply ADHD-specific differential diagnostic rules; evaluate
Differential explanations, comorbidities, and developmental, psychiatric, and environmental factors; determine
Diagnosis  overlapping conditions; rule out non- whether symptoms are better explained by comorbid or alternative
ADHD causes. conditions.

Synthesize all data into a coherent
Integrative diagnostic interpretation, severity
Formulation classification, functional summary, risk

assessment, and treatment planning.

Integrate screening, interview, rating scale, and performance-test data
into a comprehensive formulation including diagnostic impression,
functional impact, treatment recommendations, and prognosis.

Note. This table catalogs the evidence-based ADHD diagnostic workflow, including screening, clinical interview, clinical
assessment, differential diagnosis, and integrative formulation. Available screening and assessment tools are exhaustively listed.
* Computerized or digital administration available. Abbreviations: ADHD-RS = ADHD Rating Scale-IV [19]; ASRS = Adult
ADHD Self-Report Scale [20]; CBCL = Child Behavior Checklist [21]; Conners = Conners’ Rating Scales, Short and
Comprehensive Forms [22]; CPT = Continuous Performance Test (as used in Conners CPT 3); CNSVS = CNS Vital Signs [23];
IVA-2 =Integrated Visual and Auditory Continuous Performance Test-Second Edition [24]; QbTest = Quantified Behavior Test
[25]; SWAN = Strengths and Weaknesses of ADHD Symptoms and Normal Behavior [26]; T.O.V.A. = Test of Variables of
Attention [24]; Vanderbilt = Vanderbilt ADHD Diagnostic Rating Scales (Wolraich et al., 2013) [27]. Sources: Screening tools
flag potential ADHD symptoms [13—-15,18]. Clinical interviews refine hypotheses and integrate multi-informant data [13,14].
Clinical assessment instruments quantify severity and functional impact using standardized cutoffs [13,16,18]. Differential
diagnosis precedes integrative formulation to rule out alternative explanations and comorbidities [15,17]. Integrative formulation
synthesizes all information into diagnostic impression, severity classification, functional summary, treatment recommendations,
and prognosis [13,14].

2.2. Machine Learning in ADHD Assessment
2.2.1. Conceptual Overview

Building on the foundation of evidence-based assessment, ML has become increasingly prominent in
psychiatry and behavioral health as a means of analyzing complex, multidimensional data and identifying
latent patterns associated with clinical conditions [28,29]. In ADHD research specifically, ML has been
applied to behavioral ratings, electronic health records (EHR), neuroimaging, and genetic information,
reflecting the disorder’s cognitive, behavioral, and biological heterogeneity [2,5,9,30].

These applications align with broader trends in precision psychiatry, where models are increasingly
used to support risk estimation, stratification, and population-level prediction [8,31]. In ADHD research,
ML has been explored as a tool to improve early identification, highlight predictive symptom patterns, and
model potential biological signatures of the disorder [32,33].

At the same time, the literature underscores several limitations that constrain the immediate clinical
utility of ML tools. Many ML application studies rely on limited samples or single data modalities, which
may reduce generalizability across clinical settings [9]. Implementation studies note that clinical uptake
depends not only on accuracy but also on transparency, workflow fit, and practitioner trust [34,35].

2.2.2. Observed Implementation and Regulatory Patterns

Finally, research highlights practical and regulatory patterns that shape the adoption of ML in ADHD
assessment. Many ML models are complex, limiting transparency and accountability, and may reinforce
systemic biases or inequities [29,36]. Regulatory protections, such as Health Insurance Portability and
Accountability Act (HIPAA) in the United States or the General Data Protection Regulation (GDPR) in the
European Union, do not always cover Al tools developed outside traditional clinical institutions, raising
concerns about data governance and compliance [28]. Proper implementation requires the workforce
utilizing Al to undergo Al literacy and technology training [37,38].
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3. Evidence-Based Assessment Workflow

Having established the foundational principles of evidence-based assessment, the current landscape of
ML applications in ADHD, and the observed implementation and regulatory patterns, it is now possible to
examine how these concepts translate into clinical practice. To ensure diagnostic rigor, the evaluation
follows a gold-standard, multi-stage sequential framework that progresses from low-burden screening to
complex data synthesized phases [13,18]. The structured, evidence-based workflow provides a reference
point for understanding where ML tools can be integrated, how they may augment or alter existing
procedures, and the challenges that may arise when algorithmic predictions intersect with clinical judgment.
By mapping ML approaches onto each stage of the ADHD assessment process, practitioners can see both
opportunities and limitations in real-world application.

3.1. Phase I: Screening and Triaging

Screening instruments constitute the initial, low-burden phase of clinical evaluation, specifically
designed to capture the preliminary presence or absence of a psychological condition across broad
populations [13,16,18]. Characterized by rapid, self-administered or proxy-completed modalities, these
screening methods possess high utility for maximizing clinical throughput and systematically triaging
complex diagnostic demands. From a psychometric standpoint, these instruments are structurally optimized
for elevated sensitivity to minimize false-negative rates, serving as an efficient hypothesis-generating
mechanism rather than a definitive diagnostic tool. Because screening methodologies purposefully omit the
granular measurement of symptom severity, lifetime chronicity, or formal diagnostic thresholds, they are
inherently insufficient for standalone nosological classification [18]. Consequently, these initial screeners
function as an empirical gateway, identifying preliminarily relevant symptom clusters that mandate targeted,
downstream clinical interviewing and comprehensive psychometric validation.

3.2. Phase II: The Clinical Interview

Following preliminary screening, the clinical interview serves as the foundational qualitative
mechanism to refine diagnostic hypotheses and contextualize phenotypic presentations. Clinicians
implement structured, semi-structured, or unstructured interviewing formats to systematically interpret
preceding screeners, identify relevant collateral informants, and determine the necessity of specific
downstream psychometric testing [13,14]. This phase requires an exhaustive, retrospective longitudinal
analysis to map out early developmental trajectories, Academic history, and occupational milestones.
Crucially, the interview must explicitly establish the chronicity and pervasiveness required by modern
diagnostic nosology, verifying that cross-situational functional impairment and core symptomatic
expressions were consistently manifest prior to the age of 12 [15]. By exploring situational variability,
cultural factors, and environmental stressors, the clinical interview transforms isolated symptom checklists
into a dynamic developmental history, providing the essential qualitative framework necessary to select
valid, targeted quantifiable assessment instruments.

3.3. Phase IlI: Psychometric and Multi-Informant Assessment

Psychometric assessment utilizes standardized behavior rating scales, self-report inventories, and
proxy-administered instruments to systematically quantify symptom severity, frequency, chronicity, and
functional impairment across multiple domains [16,18]. To satisfy strict diagnostic thresholds requiring
cross-situational pervasiveness, this phase aggregates data from a multi-informant matrix. This matrix pairs
patient self-reports with informant proxy-ratings from parents, teachers, or spouses [13]. This
comprehensive data collection relies on psychometrically validated, self-administered and observer-rated
instruments, including the Conners 3 [22], Vanderbilt Assessment Scales [27], ADHD Rating Scale [19],
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the Achenbach System of Empirically Based Assessment [21], and the World Health Organization Adult
ADHD Self-Report Scale [20]. This multi-informant mapping serves to operationalize subjective clinical
observations into normative percentile scores, allowing for direct comparison against age- and gender-
stratified standardization samples [16]. Ultimately, balancing patient self-report with multi-informant proxy
data provides the empirical foundation necessary to substantiate or rule out diagnostic hypotheses raised
during earlier phases, establishing a reliable baseline of functional impairment across home, academic, and
occupational settings [13,18].

3.4. Phase 1V: Neuropsychological Assessment

Neuropsychological assessment employs standardized behavioral and cognitive tasks to objectively
quantify functional performance across distinct neurocognitive domains, including executive functioning,
working memory capacity, attentional allocation, and response inhibition [24]. These measures utilize
computerized testing platforms [23] and continuous performance metrics, such as the QbTest, to capture
objective, high-resolution data on core variables of inattention, impulsivity, and motor hyperactivity [25].
While these objective performance measures are neither universally mandatory nor sufficient for
establishing a standalone formal diagnosis due to heterogeneous cognitive profiles, they serve crucial utility
in delineating an individual’s specific neurocognitive phenotype [18]. Furthermore, integrating
performance-based data helps resolve instances of construct divergence common to subjective self-reports
and multi-informant rating scales [13], while assisting in the identification of localized executive deficits
that may inform targeted, personalized clinical interventions.

3.5. Phase V: Differential Diagnosis

Differential diagnosis occurs systematically after comprehensive psychometric and neurocognitive
testing but prior to the final diagnostic determination [17,18]. This critical phase involves analyzing
phenotypic clinical data to consider alternative explanations, rule out mimicking conditions, and isolate the
most parsimonious interpretation of the data [17]. For disorders such as ADHD, this diagnostic
differentiation is exceptionally complex due to profound symptom overlap with other neurodevelopmental
and psychiatric conditions [15]. Clinicians must meticulously untangle primary attention deficits from
secondary cognitive impairments driven by internalizing disorders, such as generalized anxiety and major
depression, as well as externalizing or trauma-related conditions [6,31]. Furthermore, because ADHD
exhibits exceptionally high rates of lifetime comorbidity, this phase must determine whether identified
deficits reflect a standalone condition, a mimicking artifact of a distinct pathology, or a co-occurring clinical
entity [15,31]. Ultimately, this systematic exclusionary process ensures that diagnostic labels accurately
map onto the patient's underlying clinical presentation, preventing premature diagnostic overshadowing
and establishing a valid foundation for treatment [13,17].

3.6. Phase VI: Integrative Formulation

The final phase of the diagnostic process is the integrative formulation, which transitions the evaluation
from categorical data collection to an individualized case conceptualization. This phase synthesizes
quantitative and qualitative data from screening instruments, clinical interviews, psychometric measures,
and multi-informant reports into a coherent, parsimonious narrative [13,14]. Rather than serving as a static
summary, the formulation establishes a formal nosological diagnosis according to established diagnostic
thresholds [7] while concurrently applying a biopsychosocial framework to map out predisposing,
precipitating, perpetuating, and protective factors [18]. By contextualizing the formal diagnosis within the
patient's unique developmental and environmental realities, this integrated case conceptualization provides
the definitive clinical rationale required to design personalized, evidence-based treatment interventions [ 14].
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Table 1 outlines this evidence-based ADHD-specific assessment workflow, including an exhaustive
survey of standardized screening and assessment batteries.

With this practitioner’s workflow as a guide, we can examine how recent ML studies map onto these
diagnostic stages. By comparing study designs, data sources, ML models, and performance metrics, the
following synthesis illustrates both the promise of ML to enhance ADHD identification and the ongoing
challenges for integration into clinician-led practice. Figures and tables provide visual and tabular results
of this review.

4. Synthesis of Machine Learning Studies

These advanced technologies are undeniably complex, demanding that we be not only informed
consumers who choose models wisely but also skilled users who apply them effectively with little training.
Consequently, we share a metaphor to inform providers in our field about the development process of ML
models alongside the life cycle of a sunflower. Figure 1 and Appendix A comprise the metaphor both
visually and narratively.

Figure 1 provides a conceptual metaphor to support clinicians’ understanding of how diverse ML
approaches contribute to ADHD assessment without requiring technical expertise. Using the metaphor of
a genetically engineered sunflower seed, the figure depicts the stages of model development, from
assembling predictive variables to training, testing, clinical implementation, and real-world outcome
evaluation. The sunflower imagery serves as a visual analog for this progression, elucidating the stages of
the model as it moves from computational design to real-world application. Rather than detailing specific
algorithms or performance metrics, the figure illustrates how ML models function as tools that vary in
scope, influence, and proximity to clinical judgment across the diagnostic process. This metaphor-based
framing is intended to orient readers to the synthesis that follows by highlighting shared functional roles
across otherwise heterogeneous studies.
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Figure 1. Metaphorical Representation of the Machine Learning Development-to-Clinical Use Pipeline. Note: This figure uses a
metaphor of a genetically engineered seed to represent the stages of machine-learning model development, deployment, and clinician-
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mediated use in ADHD assessment. The metaphor aids conceptual understanding without implying automation or replacement of
clinical judgment. Appendix A contains a written description of this illustration to support conceptual understanding.

Building on the evidence-based ADHD workflow described above, we synthesize ten recent ML
studies to illustrate how algorithmic approaches are currently applied across different phases of assessment,
where they align with clinical practices, and where gaps remain. These studies vary widely in research
design, sample characteristics, data modalities, ML models, and reported performance metrics. Together,
they provide a landscape of current methods, achievements, and ongoing challenges for integrating ML
into clinical practice.

Human—AI Diagnostic Workflow

Figure 2 presents a human—Al diagnostic workflow that situates ML applications at varying stages of
ADHD assessment. Some models primarily assist in the screening phase, identifying children or
adolescents at risk based on behavioral ratings or administrative data. Others aim to augment clinical
assessment or differential diagnosis, using neuroimaging, genetic, or multi-modal datasets to refine
predictions. Due to their design and feature variations, each individual model may utilize different routes
to get to the same outcome.

Patient Automated Aumw
Screening I Scoring sm'mg
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Figure 2. Human—AI Diagnostic Workflow.

Clinician engagement with the model is also irregular, given their discrete discernment in adjudicating
when the application is needed. Therefore, this figure depicts a foundational level of ML applications to
demonstrate their core similarities while providing room for their isolated differences. By mapping studies
to workflow stages, the figure clarifies where ML currently complements evidence-based assessment and
where it attempts a more ambitious automation.
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5. Comparison of Study Characteristics

Table 2 compares the research design, analysis approach, sample sizes, and data modalities across the
ten studies. The table presents studies based on population type (e.g., children, youth, adults), data source
(e.g., behavioral surveys, EHR, neuroimaging, genetics), and classification focus (phenotype vs. genotype).
This diversity demonstrates both the promise of ML for multi-dimensional prediction and the challenges of
synthesizing findings across heterogeneous populations and data types. Notably, most studies rely on
convenience or clinical samples, which may limit generalizability to broader populations.

5.1. Machine Learning Models and Performance

Table 3 details the ML models employed and their reported performance metrics, including accuracy,
sensitivity, specificity, area under the curve (AUC), and balanced accuracy. Across studies, behavioral data
often yield the most consistent predictive performance, while single-modality neuroimaging or genetic
models show greater variability. Ensemble and multi-modal approaches appear promising, but remain
limited by sample size and methodological heterogeneity. These findings suggest that ML can replicate or
enhance some aspects of traditional assessment (e.g., identifying symptom clusters), but it is not yet
sufficient to replace clinician judgment.
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Table 2. Research Design and Analysis, and Sample Characteristics Across 10 ADHD Studie.

Cervantes-
. Maniruzzaman et Ter-Minassian et Morrow et al. Goh et al. (2023) Garcia-Argibay et al. Kautzky et al. Caoetal.  Mikolas et al. v j Yasumura et al.
Variable Henriquez et al.
al. (2022) [11] al. (2022) [10] [30] (2023) [8] (2020) [33] (2023) [2]  (2022) [9] 2021 [32] (2017) [5]
L Quantitative, Quantitative, Quantitative, L . Quantitative, Quantitative, L
Research Quantitative, . L L Quantitative, Narrative . . Quantitative,
. ) .. empirical, longitudinal, longitudinal, .. . empirical, empirical, ..
Design/Analysis empirical . . . i empirical review i . empirical
retrospective predictive-modeling population-based retrospective predictive
Sample Size 45,779 56,258 6630 399 238,696 38 N/A 299 408 individuals 315 children
. e g . - Children
Sample School pupils ages Swedish individuals Children, help- 120 families (ages .
. Youth (0-17 yrs) Youth (3-17 yrs)  Youth (718 yrs) . Adults N/A . Lo (elementary/juni
Composition 6-7 (1995-1999 births) seeking psychiatric 6-60) .
or high)
. . Behavioral/symptom . ) Multimodal (PET Multiple Genetic SNP data, NIRS signals
. . Linked education Parent-reported 6 national Swedish . . . .
Data Modality =~ Behavioral survey . . report, performance . imaging + modalities EHR data demographics, (prefrontal
and EHR data questionnaire registers . . .
measures genetics) reviewed clinical symptoms cortex)
Class phenotype phenotype phenotype phenotype genotype genotype genotype phenotype genotype phenotype

Note: This table presents key study characteristics. Sample sizes are approximate for some studies. N/A indicates the data was not applicable to a single sample description (e.g., in a review
paper). PET = Positron Emission Tomography; NIRS = Near-Infrared spectroscopy; SNP = Single Nucleotide Polymorphism.

Table 3. Machine Learning Models and Performance Metrics Across 10 ADHD Studies.

. . . Morrow et . . . Cervantes-
. Maniruzzaman et al. Ter-Minassian et Goh et al. (2023) Garcia-Argibay Kautzky et al. Cao et al. (2023) Mikolas et al. i Yasumura et al.
Variable (2022) [11] Leoazyop MRG0 tal. (2023)[8] (2020) [33] 2] (2022) [9] Henriquezetal. 010 5]
al. et al.
[39] (2021) [32]
RF, NB, DT, XGB, LR, RF, GB, . . LR, CART, RF,
LR, RF, SVM, CART,RF, Review of various _ |
ML Model(s) Used KNN, MLP, SVM, XGB, NB, L1L2, RF Linear SVM SVM, GBM, SVM
GNB, MLP DNN, LR ML models

1D CNN

DNN, Ensemble

SVM-Poly, LDA

Acc range: 69.8—
85.5%; AUC range:
0.78-0.94

Performance
Metrics

AUC: 0.86 (pop
samples); Acc
robust after bias
reduction

AUC: 0.68 Acc: 81-93%;
(CART)to Sens: 0.89-0.97;
0.72 (DNN) Spec: 0.86-0.95

AUC: 0.75
(DNN); Bal Acc:
~0.69

Acc: ~0.82; Sens:
~0.75; Spec: ~0.86

Acc range: ~60% toAcc: 66.1%; Sens:

~90% in surveyed
studies

66.9%; Spec:
65.4%; AUC: 0.66

Acc ~70-82%; Se

~0.724-0.756; Sp Acc: 86.25%; Sens:
~0.805-0.771; 88.71%; Spec:
PPV, NPV, FPR, 83.78%; AUC:
FDR per 10-fold 0.898

CV; AUC: 0.765
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90% train/10% test; ) Temporal .
. 75% train/12.5% . Separate train/test . . . .. . .
) balanced via validation 80% stratified ~ 5-fold CV with 10 Surveyed studies; . Training/verificatio
Data Split . val/12.5% test . samples; ensemble . . . 10-fold CV standard 70% train/30% test
oversampling/undersa (Konig et al., . train/20% test repeats various splits n datasets separated
) (~1% ADHD) predictions
mpling 2007)
k-fold CV; Grid search + 10- Repeated CV; Mixed
Cross- . k-fold CV on Hyperparameter . 10-fold CV x 5
. ) hyperparameter fold CV; bias . ensemble ) . 5-fold repeated CV CV/independent  k-fold CV standard 10-fold CV .
Validation/Tuning . . ) ., train set . tuning on train set . repetitions
tuning applied reduction applied aggregation testing
Al Fairness 360 Different
. . . . Performance Performance . . .. . . . .
Special Highly imbalanced  applied; dvi trics: Acc. S Multiple ML Balanced accuracy Acc range varies by Limited study info; evaluation Verification data
assessed via metrics: Acc, Sens, . .
Considerations class label validation used AUC S models compared reported study varied metrics methods across  extracted separately
ec
for bias checks P studies

Note: This table presents the machine learning models utilized and the primary performance metric values reported across the studies. Acc = Accuracy; AUC = Area Under the ROC Curve; Bal
Acc = Balanced Accuracy; CART = Classification and Regression Tree; DT = Decision Tree; DNN = Deep Neural Network; FDR = False Discovery Rate; FPR = False Positive Rate; GB =
Gradient Boosting; GBM = Gradient Boosting Machine; GNB = Gaussian Naive Bayes; KNN = k-nearest neighbor; L1L2 = L1/L2 regularization; LDA = Linear Discriminant Analysis; LR =
Logistic Regression; MLP = multilayer perceptron; NB = Naive Bayes; NPV = Negative Predictive Value; PPV = Positive Predictive Value; RF = Random Forest; Sens = Sensitivity; Spec =
Specificity; SVM = Support Vector Machine; XGB = XGBoost; 1D CNN = 1-dimensional convolution network.
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5.2. Methodological Limitations and Feature Categories

Table 4 organizes common study-level and model-level constraints in ADHD ML research and the
types of features used for prediction. Study-level issues, such as small or homogeneous samples and
reliance on single-source data, reduce generalizability and may inflate observed associations. Model-level
considerations, including limited calibration, interpretability, and class imbalance, affect how reliably
outputs can be applied in clinical decision-making. Features beyond typical assessment standards highlight
opportunities for multidimensional prediction but require careful selection to maintain clinical relevance
and ethical implementation.

Table 4. Synthesis of Study-Level and Model-Level Limitations and Feature Categories in ADHD ML Research.

Category Description and Relevant Studies
Study-Level Limitations
Sample Size & Small, homogeneous, or convenience samples reduce generalizability; external validation is often
Diversity lacking.

Reliance on single-source data (e.g., parent report, clinically referred cases) may introduce measurement
bias or inflate associations. Multi-informant integration is often limited.
Generalizability & Many studies use only internal cross-validation; limited external or temporal validation reduces

Data Source Bias

Validation applicability to independent populations.
Model-Level Evaluation Considerations
Calibration & Models often report only discrimination metrics (accuracy, AUC, sensitivity, specificity) without
Interpretability calibrated probabilities, limiting clinical interpretability.
. ADHD prevalence is low relative to neurotypical controls; uncorrected imbalance can inflate overall
Clinical/Class . . e . . . .
Imbalance accuracy while masking poor sensitivity for ADHD. Some studies applied oversampling, undersampling,

or bias-reduction frameworks.

Multidimensional Predictors
Demographic Age, sex, race, parental education, and family structure.
Clinical/Symptom  ADHD symptom counts/severity, comorbid conditions, and learning disabilities.
Biological/Neuroima Genetic SNPs (e.g., DRD4, SNAP25, ADGRL3), brain activity (NIRS, fMRI), and serotonergic data
ging (PET).
Educational/Administ
rative

School performance, attendance, and healthcare records are often used in large population studies.

Note: This table synthesizes both study-level and model-level limitations in ADHD ML research, as well as the types of features
commonly used. Study-level limitations include small or homogeneous samples, reliance on single-source data, and limited
external validation, while model-level considerations encompass calibration, interpretability, and class imbalance. Feature
diversity underscores the multidimensional nature of ADHD prediction and the ongoing need to optimize ML inputs for clinical
relevance and ethical implementation.

5.2.1. Conceptual Overview

ML approaches show notable promise for ADHD assessment, particularly as adjuncts to traditional
evaluation. Key strengths include:

e Integration of multidimensional data: Behavioral, clinical, and multi-informant sources consistently
improve predictive performance and support hypothesis generation.

e Large-scale data utilization: Educational and healthcare records facilitate rapid processing and efficient
identification of at-risk individuals.

e Adjunctive support for clinical decision-making: ML complements evidence-based assessment by
integrating multiple data streams without replacing clinician judgment.

Innovative combinations of demographic, clinical, and biological features demonstrate the potential
for secondary decision support in complex cases.
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5.2.2. Weaknesses and Methodological Concerns

Despite these benefits, several constraints limit the clinical utility of current ML models:

e Sample and data limitations: Many studies rely on small, homogeneous, or convenience samples and
on single-source or single-modality data. Such practices reduce generalizability and may introduce bias.

e Model transparency: Calibration and interpretability are often insufficient, making it difficult for
clinicians to translate predictions into actionable decisions.

e Diagnostic alignment: Most ML models are not benchmarked against gold-standard ADHD
assessments, including iterative clinical judgment, multi-informant reporting, and structured
hypothesis testing.

e Implementation challenges: Adoption is constrained by regulatory gaps, data governance
considerations, and limited clinician familiarity with ML or Al literacy.

5.2.3. Model Evaluation Considerations

Evaluating ML performance requires careful attention to methodological details:

e Validation practices: Internal cross-validation is most common, whereas external or temporal
validation on independent cohorts is limited, constraining generalizability.

e (alibration and probability interpretation: Few studies report calibrated probabilities, limiting the
interpretability of model outputs beyond standard discrimination metrics (accuracy, sensitivity,
specificity, AUC).

e (lass imbalance: ADHD prevalence is low relative to neurotypical controls. While some studies
address this with oversampling, undersampling, or bias-reduction methods, uncorrected imbalance can
inflate overall accuracy while masking poor sensitivity for the ADHD group.

5.2.4. Guidance for Application

The patterns in Table 4 indicate that interpreting ML results in ADHD research requires attention to
both the source of data and the characteristics of the model. Outputs from models trained on limited or
biased samples may not generalize to new populations, and uncalibrated predictions can mislead clinical
judgment. Similarly, predictions derived from single-source data or unbalanced classes may appear accurate
overall but underestimate sensitivity for ADHD. Researchers and clinicians should use this table to identify
where methodological safeguards are needed when integrating ML into research or practice.

5.2.5. Emerging Opportunities

Future research should prioritize the integration of multimodal data while adhering to clinical and
ethical standards:

e Multimodal prediction: Combining behavioral, clinical, and biological measures may improve
predictive consistency and support individualized risk assessment.

e Experimental biological markers: Genetic and neurobiological features hold promise but require
validation against established diagnostic frameworks.

e Interpretable and reproducible models: Emphasis should be placed on transparent outputs,
reproducibility, and alignment with evidence-based assessment and regulatory guidance.

Effective ML integration into clinical practice will depend on systems that provide consistent
predictions, clearly communicate the basis of those predictions, and delineate which decisions remain under
clinician oversight.



Lifespan Dev. Ment. Health 2026, 2(2), 10012. doi:10.70322/ldmh.2026.10012 14 0f 18

6. Discussion

This narrative review synthesizes evidence from 10 recent ML studies (2017-2023) on ADHD
identification and classification, highlighting methodologies (e.g., random forests [RF], support vector
machines [SVM], deep neural networks [DNN]), data modalities (e.g., behavioral ratings, EHR,
neuroimaging, genetics), and performance (accuracy: 66-93%; AUC: 0.66—0.94). By mapping these
approaches onto an evidence-based ADHD assessment workflow (Table 1), we identify promising
integration points while underscoring persistent gaps. Phenotype-based models (e.g., behavioral surveys in
two of the 10 studies [11,30] excel in screening and hypothesis-generation, often achieving higher accuracy
(up to 93%) in large samples (N = 238,696 in Garcia-Argibay et al.'s study [8] but struggle with real-world
generalizability due to homogeneous datasets. Genotype-based models (e.g., neuroimaging in Yasumura et
al.; genetics in Cervantes-Henriquez et al.) [5,32] offer insights into biological mechanisms but yield lower
performance (AUC ~0.70) and raise ethical concerns about accessibility in diverse populations.

Key findings reveal ML’s potential to augment traditional diagnostics by expediting multi-informant
data synthesis and risk stratification, aligning with precision psychiatry trends [31]. For instance, multi-
modal approaches (e.g., combining EHR and behavioral data in Mikolas et al.’s study) [9] improve
predictive consistency, supporting early detection in screening phases where tools like the Vanderbilt or
ASRS could be enhanced with algorithmic triage. However, limitations persist: small samples (N = 38—-500
in 60% of studies), single-modality reliance (70% of models), and inconsistent cross-validation reduce
external validity, often leading to overestimation of performance in non-clinical settings [9]. These gaps
contribute to misdiagnosis risks, particularly in comorbid cases or partial remission, where ML fails to
capture contextual factors mandated by DSM-5-TR [15].

Practical implications for clinical practice include the use of adjunctive ML to streamline workflows
(e.g., automating initial screening to flag high-risk cases), while preserving clinician judgment in
differential diagnosis and integrative formulation. Ethical considerations demand transparency (e.g.,
interpretable models to mitigate “black box” issues) [29,36] and bias mitigation, as homogeneous training
data may perpetuate inequities in underrepresented groups (e.g., racial/socioeconomic biases in Ter-
Minassian et al.) [10]. Systemic barriers, such as HIPAA gaps for non-clinical Al tools [28] and clinician
Al literacy needs [37], must be addressed through training programs and regulatory updates to ensure
equitable adoption.

It is important to differentiate ML models developed in research from those intended for clinical
deployment. Research models prioritize optimization and predictive accuracy while relying on aggregated
datasets that are often homogenous. However, clinical utility requires generalizability, interpretability, and
integration within existing workflows. Consequently, models demonstrating strong performance in
controlled research environments may not necessarily translate into effective tools for clinical practice. The
clinical value of models lies in their ability to outperform or meaningfully improve traditional assessment
procedures. Therefore, any ML-based ADHD tool must be evaluated relative to established evidence-based
practices, ensuring it complements multi-method assessment, maintains diagnostic accuracy, and
meaningfully informs clinical interpretation.

Future research should prioritize interpretable, multi-modal models validated in diverse, real-world
cohorts (e.g., longitudinal studies tracking developmental trajectories). Implementation trials could
evaluate ML’s fit within evidence-based frameworks, measuring outcomes like diagnostic timeliness and
error rates. Using the sunflower analogy, ML “seeds” must be nurtured through clinician-technologist
collaboration to yield robust tools that complement, rather than supplant, human expertise.

In conclusion, while ML holds promise for enhancing ADHD assessment efficiency and accuracy, its
current limitations necessitate cautious integration. By bridging clinical workflows with technological
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advancements, practitioners can harness these tools to improve patient outcomes while upholding ethical
standards and diagnostic fidelity.

Appendix A
Written Metaphor

The following narrative provides a comprehensive textual description of the machine learning (ML)
development-to-clinical use pipeline illustrated in Figure 1. Using the life cycle of a genetically engineered
sunflower seed as a conceptual framework, this metaphor serves to deconstruct complex computational
processes for non-technical clinicians. It delineates the translation of algorithmic frameworks from initial
variable aggregation and computational design to deployment, empirical validation, and active clinical
mediation. Crucially, this narrative is intended solely as an explanatory cognitive heuristic; it does not imply
automated clinical decision-making or the replacement of standardized clinician judgment within the
Attention-Deficit/Hyperactivity Disorder (ADHD) diagnostic workflow.

Phase I: Variable Isolation and Model Conception (The GMO Laboratory). Visualize a group of
machine learning (ML) technologists applying this technology to predicting ADHD. All they need are the
variables evidenced as most significant in identifying and classifying this diagnosis. In our metaphor, we
have a group of software engineers that are using Al to generate a sunflower seed that is reproducible,
meaning the seeds are harvestable and legitimate. The engineers enter code rather than biological sources
to compose the seed’s DNA.

Phase II: Training Feature Integration (The Sun-Kissed Seedling). The technologists take their model
and feed it with these significant variables. Their methods of construction pertain to their particular design
choice, which varies from one tech to another. For the Al-generated sunflower seed, the software engineer
hands it off to the developer, who plants the seed in their garden. The sun shines down on the seed,
developing into a seedling, a tiny plant and a few leaves.

Phase I1I: Model Optimization and Validation (The Growth Spurt). The technologists test their individual
models on their curated datasets, applying the model’s predictive ability to a population (real or fabricated).
This is when the seedling gets the assorted nutrients it needs to become a budding, reproductive plant.

Phase IV: Institutional Deployment and Integration (Leaving the Nursery). Now that the technologists
have used their model in prediction, it is ready for service. They offer it up as a diagnostic tool to various
healthcare organizations, who make the final purchase and pass it down to their individual clinicians.
Similarly, the budding plant is ready for use and purchased by different nurseries. Gardeners come and take
their budding plant home as caretaking responsibilities are passed down to them from the developers.

Phase V: Active Clinical Application (The Full Bloom). The ML tool is in the hands of the clinicians
now. When a clinician deems the tool worthwhile and necessary for a client, they utilize it in the diagnostic
process. Correspondingly, the budding plant is in the hands of the individual gardeners, and continues
growing in this new location. The sunflower blooms into vibrance. The bud is open, and the flower fully
reveals itself in radiating grandeur. Butterflies drink the nectar, while bees pollinate and fertilize the seeds.
Finally, the gardener gets to see their hope and care realized, enjoying the beauty of this very real flower.
This is when the gardener believes in the sunflower’s use, its ability to reproduce, and to trust the engineers
in their design and development.

Phase VI: Long-Term Empirical Validation and Viability Assessment (Looking Out the Window). It
takes time to see the effectiveness of a procedure or tool, so both gardeners and diagnosticians are patient
and observant throughout the waiting period. For clinicians, this is when we discover the accuracy of the
ML tool’s prediction; client behavior should consistently reflect the results in order to prove the tool to be
truly accurate, reliable, and valid. Over time, if both the client and diagnostician agree with the outcome of
the model, then the diagnostic functionality of the tool was a precise measurement of their ADHD risk.
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Likewise, the gardeners test the original engineer’s hypothesis: if these harvested seeds can germinate and
become a seedling, they prove that an Al-generated sunflower seed is indeed reproducible. The once
blooming flowers begin to wilt as their leaves and petals fall to the ground, their deathbed. Once the plant
enters the harvesting stage, their seeds are ripe for use. Gardeners replant these newly produced seeds, and
wait for their growth. If they develop into seedlings, then the Al-generated seed is reproductively viable.

Statement of the Use of Generative Al and Al-Assisted Technologies in the Writing Process

This research employed conventional computational tools and reference management software, to
organize, sort, and annotate research materials. These tools performed preprogrammed administrative
functions such as citation metadata extraction, keyword searching, and data sorting, without generating,
interpreting, or synthesizing content. No generative Al systems were used for analysis, synthesis, drafting,
or interpretation. All conceptual reasoning, analytical judgments, narrative synthesis, and framework
development were conducted independently by the authors.
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