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Abstract  
Background: Attention-deficit/hyperactivity disorder (ADHD) is a neurodevelopmental condition with 
heterogeneity and clinical variability. It has three diagnostic presentations (inattentive, 
hyperactive/impulsive, combined). It is common for it to occur concomitantly with other 
psychopathologies (neurodevelopmental disorder or behavioral disorder), which increases the 
complexity of its detection.  

Methods: This work developed and evaluated a multiclass machine learning (ML) model to identify 
ADHD and comorbidities in a pediatric population. The research approach was quantitative and cross-
sectional, with a non-experimental design and non-probability sampling. The sample has 892 children 
aged [6-12] years from Medellín, Colombia (ADHD=780, typically developing controls=112). 
Cognitive and behavioral assessments were used as predictor variables.  Python 3.12.13 was used in 
the programming algorithms; a computational pipeline was implemented with preprocessing 
techniques, class balancing using Synthetic Minority Over-sampling Technique (SMOTE) and 
stratified cross-validation.  

Results: Multiple classification algorithms were evaluated, Random Forest (RF) was identified as the 
optimal model (accuracy=.9778, precision=.9798, recall=.9778, F1-score=.9777; weighted averages 
for multiclass metrics). The results indicate an adequate capacity of the model to differentiate complex 
clinical profiles with a performance superior to that of traditional binary classification methods.  

Conclusions: Use of accessible and clinically interpretable psychometric variables enhances the 
applicability of the tool in real-world healthcare settings with limited access to resources and specialized 
professionals. ML is a promising complementary tool for ADHD detection. External validation is 
needed to confirm its generalizability across different populations and clinical contexts. 
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1. Introduction 

ADHD is the most common neurodevelopmental disorder in children, with an estimated global 

prevalence of around 5.3% (Johnson et al., 2026; Polanczyk et al., 2014; Salari et al., 2023). It is 

a highly relevant reason for seeking professional help due to its academic, familial and social 

repercussions (Karteczka-Świętek et al., 2022; Schmengler et al., 2023). Although the diagnostic 

definition is based on dimensions of inattention, hyperactivity and impulsivity, the clinical 

presentation is far from uniform (Ging-Jehli & Pine, 2026). Far from constituting a unitary 

entity, ADHD comprises a heterogeneous set of manifestations that change in intensity, 

symptomatic combination, evolutionary trajectory and level of functional impairment; this 

complicates the nosological delimitation and recognition in clinical practice (American 

Psychiatric Association, 2022; Yue et al., 2022). 

This diversity does not depend solely on the variability between presentations (inattentive, 

hyperactive-impulsive, or combined); in clinical practice, the condition often coexists with other 

neurodevelopmental or behavioral conditions (autism, learning difficulties, oppositional defiant 

disorder, among others), which modifies the behavioral profile, broadens the phenotypic 

spectrum and makes a linear or dichotomous diagnostic approach less likely (Bonti et al., 2024; 

Nigg, 2026). The clinical challenge lies in establishing the presence or absence of the disorder 

and distinguishing complex clinical presentations, which are frequently complicated by 

comorbidities (Nazmin et al., 2024). The conventional diagnostic process continues to rely on 

a combination of clinical interviews, developmental history, behavioral observation, parent and 

teacher questionnaires and psychometric tests (Musullulu, 2025). Although this approach 

constitutes the clinical standard, its application depends on the availability of trained 

professionals, requires lengthy evaluation times and is not always easily accessible in settings 

with limited healthcare resources or financial constraints (Willig et al., 2024). This situation takes 

on particular importance in settings where access to a comprehensive neuropsychological 

assessment is limited, so the need for complementary, objective and scalable tools has taken 

center stage in recent research (da Costa et al., 2026; Rodríguez-Prieto et al., 2024).  

In recent years, artificial intelligence and in particular ML and deep learning methods have been 

incorporated into the study of ADHD with the aim of improving diagnostic accuracy (ACC) 

and advancing toward clinical support models (Zaheer & Akhtar, 2025). The literature reports 

approaches built from medical data, questionnaires, cognitive tests, demographic variables, 

electroencephalographic signals and structural and functional magnetic resonance imaging 

(Lohani & Rana, 2023; Quintero López et al., 2024).  
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Deep learning-based approaches have played a particularly prominent role in the analysis of 

electroencephalograms and neuroimaging, due to their ability to model complex nonlinear 

relationships and extract high-dimensional patterns from biological signals (Agarwal et al., 2024; 

Sanchis et al., 2024). The growing interest in these developments does not eliminate their 

limitations (Yen et al., 2023).  

Some studies have been conducted with small sample sizes, in highly controlled environments 

and under methodological conditions that make it difficult to generalize the findings to real-

world clinical populations (Ghasemi et al., 2022; Karabiber Cura et al., 2023; Maniruzzaman et 

al., 2022). Related works have used public repositories whose value for training and comparing 

models varies significantly in acquisition protocols, processing pipelines and sample 

characteristics, introducing variability and limiting comparability between studies (Begum & 

Shaik, 2025; Chen et al., 2025; Guo et al., 2024). The data acquisition cost, dependence on 

specialized technological infrastructure and the need for highly trained personnel for data 

capture and interpretation are factors that restrict transferability to everyday healthcare settings, 

especially in health systems with access gaps (Hu et al., 2024; Huynh et al., 2024). Advanced 

neuroimaging approaches may further increase accessibility barriers, while greater technological 

complexity does not necessarily translate into a proportional clinical advantage (Knyazhansky 

& Shrot, 2025; Miller et al., 2021). 

In children, behavioral measures and functional reports on cognitive processes have shown 

predictive value for ADHD classification, whereas the incremental contribution of structural 

brain imaging measures has been more modest than expected in terms of diagnostic 

classification (Bledsoe et al., 2020; Li et al., 2025). Psychometric tests are important in the 

construction of clinically useful predictive models. They are standardized instruments that are 

more accessible and widely used in clinical practice with a direct relationship to the functional 

manifestations of the disorder (Goh et al., 2023; Öztekin et al., 2021). Recent ML applications 

based on clinical assessment data have also demonstrated the feasibility of classifying ADHD 

and its subtypes in children using standardized behavioral and cognitive measures (Qin et al., 

2025). The combination of behavioral and cognitive measures has shown high classification 

performance when integrated with supervised classification algorithms (Caselles-Pina et al., 

2024). Most models have been oriented toward binary classification problems, generally ADHD 

versus typical development or have focused the analysis on partial subgroups, without 

adequately representing the clinical diversity of the disorder (Dai & Hsu, 2025).  
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Studies that incorporate the three diagnostic presentations are less frequent and even more so 

those that explicitly consider the burden of comorbidity, even though this constitutes one of 

the main sources of complexity in everyday clinical assessment (Alqaysi et al., 2022; Lin et al., 

2023; Qureshi et al., 2017). While an important portion of methodological development has 

prioritized algorithmic optimization, it remains necessary to move toward models that more 

faithfully reflect the real structure of the diagnostic problem (Narzisi et al., 2026). 

This study aimed to develop and evaluate a predictive model for ADHD based on standardized 

psychometric tests, to distinguish the three subtypes of the disorder and clinically relevant 

comorbidities in a pediatric sample. This approach did not seek to replace comprehensive 

neuropsychological assessment; rather, it is a complementary diagnostic support tool, useful in 

contexts with limited access to specialized psychometric testing or in settings with social 

disparities in healthcare. Thirteen categories were established in a multi-class classification 

scheme, derived from the three presentations: 1) inattentive ADHD, inattentive ADHD with 

oppositional defiant disorder (ODD), inattentive ADHD with autism (ASD) and inattentive 

ADHD with specific learning disorder (SLD). 2) hyperactive/impulsive ADHD, 

hyperactive/impulsive ADHD with ODD, hyperactive/impulsive ADHD with ASD and 

hyperactive/impulsive ADHD with SLD. 3) combined ADHD, combined ADHD with ODD, 

combined ADHD with ASD and combined ADHD with SLD; and 4) typically developing 

group. 

2. Methodology 

2.1 Approach and Design 

The study employed a quantitative, predictive-correlational approach with a non-experimental, 

cross-sectional design. It focused on the development, evaluation and validation of ML models 

for the classification of ADHD. 

2.2 Participants 

The sample size was estimated using an ACC-based approach, considering publications that 

employed ML to diagnose ADHD using standardized psychometric tests (Table 1). A structured 

literature search was conducted in Web of Science and Scopus for studies published between 

January 2014 and June 2023. Search terms were defined using the APA PsycINFO and IEEE 

thesauri and combined “predictive modelling” OR “machine learning” with “ADHD”. Eligible 

publications were empirical studies conducted in pediatric populations that applied machine-

learning methods to ADHD prediction, used training and validation procedures and reported 

model-performance metrics.  
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Studies focused on adult populations and non-empirical publications were excluded from the 

selection. For the purpose of the sample-size calculation, the studies considered in Table 1 were 

those that used standardized psychometric, cognitive, or behavioral assessments as the data 

source for model development. Nine studies met this methodological criterion. These studies 

examined measures related to ADHD symptoms, attention, executive functioning, behavior and 

other clinically relevant domains, making their reported classification ACC directly pertinent to 

the type of variables used in the present study.  

Their performance values were therefore used to estimate the expected ACC underlying the 

sample-size calculation. The selection criterion was defined by the type of data used for model 

development, rather than by the magnitude of the reported classification performance. 

Based on these studies, an average precision of p=.88 was obtained and a desired precision of 

.90133 was established, with a significance level of α=.05 and Zα/2=1.96 (Eq. 1), where d 

denotes the difference between the desired and expected precision. 

𝑛 =  (
 𝑍𝛼/2 . √𝑝 ⋅ (1 − 𝑝)  

𝑑
)

2

  =  891.02  ≈  892        (1) 

Non-probability sampling was used. The sample consisted of 892 Colombian children with and 

without ADHD. The following inclusion criteria were established: a) children aged 6 to 12 years; 

b) currently enrolled in the education system; c) IQ of 70 or higher (IQ≥70); d) for the clinical 

group, a diagnosis of ADHD in any of its subtypes (inattentive, hyperactive/impulsive, or 

combined), made by a specialized professional; e) children with ADHD with and without 

comorbidities (ODD, ASD, SLD); f) for the control group, typically developing children with 

no prior neuropsychiatric diagnoses. Exclusion a) in the clinical group, presence of 

psychopathologies other than ADHD or comorbid diagnoses not corresponding to those 

defined in the study; b) history of neurological or genetic disorders; c) chronic medical 

conditions affecting cognitive or behavioral performance. 

Diagnostic classifications were derived from comprehensive neuropsychological evaluations 

conducted by specialized professionals. ADHD presentations and comorbid diagnoses of ASD, 

ODD, and SLD were established according to the Diagnostic and Statistical Manual of Mental 

Disorders, Fifth Edition, Text Revision (DSM-5-TR) diagnostic criteria (American Psychiatric 

Association, 2022), supported by the clinical and psychometric information obtained during the 

assessment process. Diagnosis-specific standardized instruments were used when clinically 

indicated as part of the comprehensive evaluation. The diagnostic labels used as the target 

variable were established independently of the subset of clinical, behavioral and cognitive 

measures subsequently selected as predictors for the ML models. 
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Table 1 

Foundational studies for estimating precision in sample calculations 

Authors Sample Test Model Accuracy Validation 

(Bledsoe et al., 

2020) 

23 ADHD 

12 Control 

Conners 

BASC-2 

d2 Attention 

SVM 

DT 

 

ACC=97.1% 

 

LOOCV 

(Duda et al., 

2017) 

174 ADHD 

248 ASD 
SRS LDA ACC=83.0% 

3-fold cross-

validation 

(Goh et al., 

2023) 

222 ADHD 

177 Control 

K-SADS 

ADHD-RS 
RF ACC=92.0% LOOCV 

(Kim et al., 

2023) 

79 ADHD 

1011 Control 
K-SADS LGBM 

ACC=97.3% 

 

Training 70% 

Test 10% 

Retention 

20% 

(Lin et al., 

2023) 

328 ADHD 

inattentive 

239 ADHD 

combined 

SNAP-IV 

Conners 
ANN 

ACC=86.7% 

 

k-fold cross-

validation 

(Mikolas et al., 

2022) 

153 ADHD  

139 Control 

Conners-3 

CBCL 

TRF 

SDQ 

SVM 
ACC=66.1% 

 

30-fold cross-

validation 

(Öztekin et 

al., 2021) 

87 ADHD 

75 Control 
BRIEF SVM 

ACC=92.6% 

 

5-fold cross-

validation 

(Slobodin et 

al., 2020) 

213 ADHD 

245 Control 

CPT 

MOXO 
RF 

ACC=87.0% 

 

100-fold 

cross-

validation 

(Yasumura et 

al., 2020) 

108 ADHD 

108 Control 
STROOP SVM 

ACC=86.3% 

 
NR 

Note. ACC=accuracy, ASD=Autism Spectrum Disorder,  BRIEF=Behavioral Assessment of 

Executive Function, SNAP-IV = Scale for the Detection of ADHD, Conners=ADHD Behavior 

Questionnaire, CPT=Continuous Performance Test, MOXO=Sustained Performance Test, 

STROOP=Color-Word Test, SRS=Social Responsiveness Scale, K-SADS= Children’s Scale for the 

Assessment of Depression, ADHD-R= ADHD Rating Scale, CBCL=Child Behavior Checklist, 

TRF=Teacher Report Form, SDQ=Strengths and Difficulties Questionnaire, BASC-2=Behavior 

Assessment System for Children and Adolescents, d2 Attention=Attention Test,  SVM=Support 

Vector Machines, ANN=Artificial Neural Networks, RF= Random Forests, LDA=Linear 

Discriminant Analysis, LGBM=Light Gradient Boosting Machine, DT= Decision Trees, NR= Not 

Reported, LOOCV= Leave-One-Out Cross-Validation. 
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Table 1 summarizes previous studies that used ML models to classify ADHD based on 

psychometric tests, which incorporate behavioral instruments and cognitive tests. Variability is 

observed in sample sizes, instruments and algorithmic approaches. They reported ACC values 

ranging from [66.1%–97.3%]. These results served as the empirical basis for estimating the 

expected precision parameter in sample size calculation. Table 2 characterizes the sample 

according to diagnosis, distribution by sex, age and educational level. 

Table 2 

Demographic profile 

Diagnosis Total 

Sex Age Education level 

M F 6 7 8 9 10 11 12 
Elementary 

(1°-5°)  

Secondary 
(6°-7°)  

ADHD combined 88 69 19 20 18 12 9 5 5 19 67 21 
ADHD combined with ASD 25 24 1 5 6 1 3 0 3 7 17 8 
ADHD combined with SLD 85 67 18 11 12 25 13 10 7 7 76 9 

ADHD combined with ODD 91 76 15 19 13 8 8 6 11 26 59 32 
ADHD hyperactive/impulsive 43 30 13 14 6 5 8 4 3 3 41 2 

ADHD hyperactive/impulsive with 
ASD 

38 27 11 7 6 2 4 8 0 11 29 9 

ADHD hyperactive/impulsive with 
SLD 

51 24 27 9 8 7 9 7 4 7 46 5 

ADHD hyperactive/impulsive with 
ODD 

56 42 14 9 8 2 9 5 3 20 35 21 

ADHD inattentive 107 74 33 15 10 11 9 9 13 40 58 49 
ADHD inattentive with SLD 98 60 38 8 12 13 19 10 10 26 70 28 

ADHD inattentive with ODD 51 41 10 4 8 5 7 3 7 17 29 22 
ADHD inattentive with ASD 47 37 10 5 5 3 6 10 6 12 33 14 

Typical development 112 75 37 18 14 17 13 21 15 14 91 21 
Total 892 646 246 144 126 111 117 98 87 209 651 241 

Table 2 presents the sample (N=892). There is a predominance of males (n=646) over females 

(n=246). The age distribution falls within the range of [6–12] years. Most participants are in 

elementary school. The sample was distributed across 13 diagnostic categories: combined 

ADHD (n=88), combined ADHD with ASD (n=25), combined ADHD with SLD (n=85), 

combined ADHD with ODD (n=91); hyperactive/impulsive ADHD (n=43), 

hyperactive/impulsive ADHD with ASD (n=38), hyperactive/impulsive ADHD with SLD 

(n=51), hyperactive/impulsive ADHD with ODD (n=56); inattentive ADHD (n=107), 

inattentive ADHD with SLD (n=98), inattentive ADHD with ODD (n=51), inattentive ADHD 

with ASD (n=47) and typical development (n=112). This distribution demonstrates the 

inclusion of multiple clinical combinations of the disorder, which allows for capturing 

heterogeneity and supports the development of clinically valid multiclass predictive models. 

2.3 Instruments and variables  

Standardized psychometric tests administered by professionals specializing in neuropsychology 

at neurological centers in the city of Medellín, Colombia, were used as predictor variables.  
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Conners Revised Clinician Rating Scale (CPRS-R; Conners, 1998). This is a standard instrument for 

assessing ADHD symptoms in children and adolescents. It assesses the dimensions of 

inattention, hyperactivity and impulsivity using Likert-scale items. The total ADHD index, 

inattention index and hyperactivity-impulsivity index were used. Recent psychometric studies of 

the Conners scales have reported adequate to high internal consistency (Cronbach’s α=.77-.94), 

with evidence of test–retest reliability and convergent validity (Mehrzad et al., 2026; Nguyen et 

al., 2024). 

Wechsler Intelligence Scale for Children – Fifth Edition (WISC-V; Wechsler, 2015). A standardized test 

for assessing general cognitive functioning in children. In this study, the full-scale IQ (FSIQ) 

was used as an overall indicator of cognitive performance. The FSIQ corresponds to a 

composite score with a mean (X̅=100) and standard deviation (σ=15), derived from multiple 

cognitive subtests. The WISC-V exhibits high reliability, with coefficients ranging from [.88-.95] 

and its validity is supported by confirmatory factor analyses and correlations with other 

measures of intelligence (Watkins et al., 2022). The FSIQ showed adequate temporal stability in 

clinical samples (r=.86) and adequate internal consistency (ω=.904), supporting its psychometric 

reliability for clinical interpretation (Watkins & Canivez, 2021). 

Behavior Assessment System for Children and Adolescents (BASC-3; Kamphaus & Reynolds, 2015). An 

instrument that assesses adaptive and maladaptive behaviors in clinical and educational settings. 

In this study, the clinical scales for aggression, hyperactivity, conduct problems, attention 

problems and atypicality were used. The scores correspond to standardized typical scores 

derived from normative scales. Psychometric evidence supports the reliability and validity of the 

BASC-3. The clinical scales have shown adequate to high internal consistency, with Cronbach’s 

alpha coefficients ranging from .82 to .97 in parent- and teacher-report forms (Akrami et al., 

2021). Evidence from other BASC-3 components also supports test–retest and inter-rater 

reliability, as well as convergent, divergent, predictive and discriminant validity (Schmidt et al., 

2023). 

Verbal Fluency Test (VFT; Portellano Pérez & Martínez Arias, 2020). An individually administered 

neuropsychological test designed for the rapid assessment of expressive language and executive 

functions. In this study, phonological verbal fluency was used, which consists of generating 

words beginning with a specific letter within a limited time frame. It demonstrates adequate 

validity as a measure of language and executive functions, specifically in processes of lexical 

access, working memory and attentional control. Recent evidence in Spanish-speaking children 

supports the convergent validity and test–retest reliability of verbal fluency measures, with 

coefficients above .80 for total word productivity and high stability when performance was 

modeled as a unified construct (ϕ=.94) (Arán Filippetti et al., 2024). 
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Predictor selection was guided by the clinical relevance of the measures to the symptomatic, 

behavioral, and cognitive domains involved in ADHD and by evidence from previous ML 

studies using standardized clinical and psychometric measures (Bledsoe et al., 2020; Goh et al., 

2023). The predictor set comprised the three Conners indices, five BASC-3 clinical scales, FSIQ, 

and phonological verbal fluency. Similar symptom, behavioral, and cognitive measures have 

been incorporated in previous ADHD classification studies (Lin et al., 2023; Mikolas et al., 

2022). These variables were selected before model development to represent complementary 

clinically interpretable domains. No automated feature-selection procedure was applied. 

Figure 1 shows the variables considered in the construction of the multiclass classification 

models. Clinical, behavioral and cognitive tests were included as predictors, 12 diagnostic 

categories of ADHD with and without comorbidities were used as the target variable and 1 

category of typical development was included. 

Figure 1 

Variables for the multiclass classification of ADHD 

Predictive Variables 
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Clinical  

Conners: 

 • Total ADHD Index 
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• Hyperactivity-Impulsivity 

ADHD 

 

Inattentive  

Pure 

ODD 
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SLD 

  

Behavioral  

 BASC-3 

 • Aggression                   

 • Hyperactivity               

 • Behavioral problems      

 • Attention problems       

 • Atypicality  

Hyperactive/ 

Impulsive 
 

Pure 

ODD 

ASD 

SLD 

  

Cognitive  
 • FSIQ (WISC-V) 

 • Phonological Fluency (VFT) 

Combined  

Pure 

ODD 

ASD 

SLD 

 

                              

Typical Development 
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2.4 Computational pipeline for data preprocessing and model development 

A unified computational pipeline was implemented in Python 3.12.13 (Python Software 

Foundation, 2026) to integrate data preprocessing, model training, and evaluation. Data 

manipulation and structuring were performed using the pandas and numpy libraries. Numerical 

variables were screened for consistency with their expected measurement ranges, and no 

automated statistical outlier-removal procedure was applied. The original sample was first 

divided using stratified sampling into training (n=713; 79.9%), validation (n=89; 10.0%), and 

test (n=90; 10.1%) sets before any preprocessing procedure was fitted. Preprocessing was fitted 

exclusively on the training data and included median imputation for missing values followed by 

MinMaxScaler normalization to the [0,1] range (Appendix 1 - Normalized dataset). 

MinMaxScaler was selected to place predictors measured on different psychometric scales 

within a common bounded range while preserving their relative ordering. Scaling preceded 

SMOTE because synthetic observations are generated from nearest-neighbor relationships and 

are therefore sensitive to differences in predictor scale (Chawla et al., 2002). 

Class imbalance was addressed using SMOTE exclusively within the training data, consistent 

with recommendations for resampling imbalanced medical datasets (Khushi et al., 2021). 

SMOTE was configured with sampling_strategy="auto", random_state=42, and 

k_neighbors=3. Under this configuration, each minority category was resampled to the size of 

the majority category within the corresponding training data. The validation and test sets 

remained composed exclusively of original observations. Model training and comparison 

incorporated 5-fold stratified cross-validation (Hao & Ho, 2019). Within each training fold, 

median imputation, MinMax scaling, and SMOTE were fitted sequentially before model 

estimation. Imputation and scaling parameters were estimated only from observations in the 

corresponding training fold and synthetic observations were generated exclusively within that 

fold. The held-out fold remained composed of original observations. This procedure prevented 

information from evaluation observations from entering model training, as applying 

oversampling before cross-validation can produce optimistically biased performance estimates 

(Demircioğlu, 2024). 

Seven supervised classification algorithms were evaluated: Logistic Regression, SVM, Gaussian 

Naive Bayes, Multi-Layer Perceptron (MLP), K-Nearest Neighbors (KNN), Decision Tree and 

RF. Models were compared on the independent validation set using ACC, weighted precision, 

weighted recall, and weighted F1-score. The optimal model was selected primarily according to 

weighted F1-score, with the remaining metrics used as secondary criteria. After model selection, 

the selected algorithm was refitted using the combined original training and validation data 

through the same preprocessing and SMOTE pipeline and evaluated once on the untouched 
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test set of 90 real participants. The Python implementation is presented in a Google Colab 

notebook (Appendix 2- Python code). 

2.5 Data Analysis 

An exploratory Pearson correlation analysis was conducted among the 10 numerical predictors 

using the complete original sample (N=892), prior to SMOTE and model development. The 

analysis was descriptive and was not used for predictor selection or feature elimination. The 

correlation matrix was calculated in Python and visualized as a heatmap. Seven supervised 

classification algorithms were evaluated: Logistic Regression, SVM, Gaussian Naive Bayes, 

MLP, KNN, Decision Tree and RF. Logistic Regression was configured with max_iter=1000, 

random_state=42, and class_weight="balanced"; SVM with random_state=42, 

class_weight="balanced", and probability=True; MLP with hidden_layer_sizes=(100,50), 

max_iter=1000, and random_state=42; KNN with n_neighbors=5; Decision Tree with 

random_state=42 and class_weight="balanced"; and RF with n_estimators=100, 

random_state=42, and class_weight="balanced". Gaussian Naive Bayes was implemented using 

its default configuration. No automated hyperparameter-search procedure was performed, and 

the complete predictor set defined in Section 2.3 was retained across models. 

Model development incorporated 5-fold stratified cross-validation (Hao & Ho, 2019) using the 

preprocessing sequence described in Section 2.4. Models were compared on the independent 

validation set using ACC, weighted precision, weighted recall, and weighted F1-score. The 

optimal model was selected primarily according to weighted F1-score, with the remaining 

metrics used as complementary criteria. RF was selected as the final model. It was subsequently 

refitted using the combined original training and validation sets (n=802) through the same 

preprocessing and SMOTE pipeline and evaluated once on the untouched test set (n=90). Final 

performance was summarized using ACC, weighted precision, weighted recall, weighted F1-

score, and the multiclass confusion matrix.  

3. Results 

3.1 Class distribution and SMOTE resampling 

The original training set (n=713) showed an unequal distribution across the 13 diagnostic 

categories. SMOTE was applied exclusively to the training data, as described in Section 2.4. 

Using sampling_strategy="auto", each minority category was resampled to the size of the largest 

category in the training set (n=89). The validation and test sets were not resampled and 

contained only original observations. Figure 2 presents the class distribution in the training set 

before and after SMOTE. 
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Figure 2 

Class distribution in the training set before and after SMOTE 

 

After SMOTE, each training category contained 89 observations. The number and proportion 

of synthetic observations depended on the original size of each category. No synthetic 

observations were generated for typical development, whereas ADHD combined with ASD 

required the largest synthetic contribution (n=69; 77.53%). Synthetic observations were 

restricted to model training and were not included in validation or test performance estimates. 

Table 3 details the original and synthetic composition of each training category. 

Table 3 

Original and synthetic observations in the training set after SMOTE 

Diagnostic category Original 

n 

After 

SMOTE n 

Synthetic n Original % Synthetic 

% 

ADHD Combined 70 89 19 78.65 21.35 

ADHD Combined + ASD 20 89 69 22.47 77.53 

ADHD Combined + ODD 73 89 16 82.02 17.98 

ADHD Combined + SLD 68 89 21 76.40 23.60 

ADHD Hype/Impul 34 89 55 38.20 61.80 

ADHD Hype/Impul + ASD 30 89 59 33.71 66.29 

ADHD Hype/Impul + ODD 45 89 44 50.56 49.44 

ADHD Hype/Impul + SLD 41 89 48 46.07 53.93 

ADHD Inattentive 86 89 3 96.63 3.37 

ADHD Inattentive + ASD 38 89 51 42.70 57.30 

ADHD Inattentive + ODD 41 89 48 46.07 53.93 

ADHD Inattentive + SLD 78 89 11 87.64 12.36 

Typical development 89 89 0 100.00 .00 
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3.2 Correlation analysis 

The Pearson correlation matrix was calculated using the complete original sample (N=892), 

before SMOTE and model development, as specified in Section 2.5. Figure 3 shows the 

associations among the 10 predictors. 

The overall ADHD index showed strong associations with the impulsivity/hyperactivity (r=.81) 

and inattention (r=.72) indices, reflecting convergence among the core dimensions (Wu et al., 

2022). 

Strong correlations were identified between BASC-3 hyperactivity and the 

impulsivity/hyperactivity index (r=.82), as well as between aggression and conduct problems 

(r=.78), suggesting a direct relationship between behavioral dysregulation and externalizing 

symptoms (Rosenthal et al., 2024). BASC-3 attention problems were strongly correlated with 

the inattention index (r=.83). 

FSIQ showed weak negative correlations with the ADHD index (r=-.15), inattention index (r=-

.15), and BASC-3 attention problems (r=-.13). Phonological fluency also showed weak 

associations with the remaining predictors, with coefficients ranging from r=-.15 to r=.16. 

BASC-3 atypicality was weakly associated with the other predictors (|r|<=.16). The correlation 

analysis was descriptive and was not used for predictor selection or feature elimination. 

Figure 3 

Pearson correlation matrix of the original predictors 
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3.3 Model comparison and validation performance 

Across 5-fold stratified cross-validation, RF showed the highest mean performance, with 

ACC=.9762 (SD=.0094) and weighted F1-score=.9761 (SD=.0095). The cross-validation 

variability estimates for all models are reported in Table 4. 

On the held-out validation set (n=89), RF, SVM, and Gaussian Naive Bayes each achieved 

ACC=.9888. RF obtained the highest weighted F1-score (.9892) and weighted precision (.9916), 

and was therefore selected as the final model according to the prespecified selection criterion. 

Figure 4 summarizes validation performance across the seven algorithms. 

Figure 4 

Performance comparison of classification models on the validation set 

 

Table 4 

Cross-validation variability and held-out validation performance 

Model CV ACC 
mean (SD) 

CV 
weighted F1 
mean (SD) 

Validation 
ACC 

Weighted 
precision 

Weighted 
recall 

Weighted 
F1 

Random Forest .9762 
(.0094) 

.9761  
(.0095) 

.9888 .9916 .9888 .9892 

SVM .9607 
(.0128) 

.9607  
(.0133) 

.9888 .9899 .9888 .9887 

Gaussian Naive Bayes .9593 
(.0174) 

.9587  
(.0184) 

.9888 .9899 .9888 .9887 

MLP .9523 
(.0181) 

.9521  
(.0183) 

.9775 .9816 .9775 .9770 

Decision Tree .9383 
(.0075) 

.9383  
(.0078) 

.9551 .9596 .9551 .9549 

Logistic Regression .9369 
(.0180) 

.9360  
(.0193) 

.9663 .9710 .9663 .9669 

KNN .9215 
(.0207) 

.9209  
(.0216) 

.9775 .9798 .9775 .9772 

Note. CV values are mean (SD) across the five stratified folds. Precision, recall, and F1-score are 

weighted averages for the multiclass problem. 
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3.4 Final RF performance on the held-out test set 

After model selection, RF was refitted using the combined original training and validation sets 

(n=802) through the same preprocessing and SMOTE pipeline and was evaluated once on the 

untouched held-out test set (n=90). The final model achieved ACC=.9778, weighted 

precision=.9798, weighted recall=.9778, and weighted F1-score=.9777. 

At the class level, all test observations were correctly classified in 11 of the 13 true diagnostic 

categories. One ADHD combined + SLD observation was classified as ADHD combined, and 

one ADHD inattentive + SLD observation was classified as ADHD inattentive. These two 

errors produced recall values of .8889 and .9000, respectively, for the corresponding SLD 

comorbidity categories. Table 5 presents the complete classification report, and Figure 5 shows 

the final confusion matrix. 

Table 5 

Classification report for the final RF model on the held-out test set 

Diagnostic category Precision Recall F1-score Support 

ADHD combined .9000 1.0000 .9474 9 

ADHD combined + 

ASD 

1.0000 1.0000 1.0000 2 

ADHD combined + 

ODD 

1.0000 1.0000 1.0000 9 

ADHD combined + 

SLD 

1.0000 .8889 .9412 9 

ADHD 

hyperactive/impulsive 

1.0000 1.0000 1.0000 4 

ADHD 

hyperactive/impulsive 

+ ASD 

1.0000 1.0000 1.0000 4 

ADHD 

hyperactive/impulsive 

+ ODD 

1.0000 1.0000 1.0000 6 

ADHD 

hyperactive/impulsive 

+ SLD 

1.0000 1.0000 1.0000 5 

ADHD inattentive .9167 1.0000 .9565 11 

ADHD inattentive + 

ASD 

1.0000 1.0000 1.0000 4 

ADHD inattentive + 

ODD 

1.0000 1.0000 1.0000 5 

ADHD inattentive + 

SLD 

1.0000 .9000 .9474 10 

Typical development 1.0000 1.0000 1.0000 12 

Macro average .9859 .9838 .9840 90 

Weighted average .9798 .9778 .9777 90 
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Figure 5 

Confusion matrix of the final RF model on the held-out test set 

 

Because the held-out test set contained relatively few observations in some diagnostic categories 

(e.g., n=2-4 for several ASD and hyperactive/impulsive categories), class-specific estimates 

should be interpreted in relation to their support. The final test set contained only original 

observations and was not used during preprocessing, model training, model selection, or 

SMOTE generation. 

4. Discussion  

This work aimed to develop and evaluate a predictive model for ADHD based on standardized 

psychometric tests, oriented towards the multiclass classification of the different presentations 

of the disorder and comorbidities in a pediatric population. The results showed high internal 

classification performance across the 13 diagnostic categories, while the interpretation of this 

performance is restricted to the internal validation framework used in the present study. This 

finding extends previous literature that has frequently focused on binary classification schemes 
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(Madububambachu et al., 2024; Zaheer & Akhtar, 2025). This research conceptualized ADHD 

as a heterogeneous and multidimensional entity (Morris et al., 2023; Niina et al., 2022; Sonuga-

Barke et al., 2023). Unlike most studies that address the problem as a dichotomy (ADHD vs. 

typical development), the proposed model integrated 13 diagnostic categories that combine the 

3 clinical presentations with relevant comorbidities (Alsharif et al., 2024; Sethurao et al., 2021). 

Previous ML studies have also moved beyond simple ADHD-control comparisons by 

examining ADHD presentations and comorbid neurocognitive profiles; however, these 

approaches have generally included fewer classification targets or a more restricted set of clinical 

groupings (Lin et al., 2023; Quintero-López et al., 2023). The present framework therefore 

extends this line of work by simultaneously representing the three ADHD presentations, 

selected comorbidities, and typical development within a single multiclass problem. 

This approach is consistent with real-world clinical practice, where ADHD is characterized by 

variability in symptom profiles, severity and comorbidity with other neurodevelopmental 

disorders (Ging-Jehli & Pine, 2026). Comorbidity may also modify the behavioral and functional 

expression of ADHD, as observed in children and adolescents with co-occurring ODD 

(D’Aiello et al., 2024). Within the revised leakage-safe pipeline, RF showed the highest mean 

cross-validation performance, with ACC=.9762 (SD=.0094) and weighted F1-score=.9761 

(SD=.0095), and retained high performance on the held-out test set (ACC=.9778; weighted F1-

score=.9777). The relatively large sample (N=892) and the inclusion of clinically relevant 

psychometric variables remain strengths of the study (Eng et al., 2024; Rajput et al., 2023). The 

predefined preprocessing sequence, with imputation, scaling, and SMOTE restricted to training 

data and training folds, reduced the risk of information leakage from evaluation observations 

and strengthened the internal validity of the analysis (Demircioğlu, 2024). The consistency 

detected in the relationships between variables suggests that the included predictors adequately 

capture key dimensions of the behavioral and cognitive functioning involved in ADHD. These 

findings are relevant compared to previous literature. A high proportion of studies were 

conducted with small samples, highly specialized data, or experimental conditions that limit their 

applicability in real clinical contexts (Ashraf et al., 2024; López et al., 2025; Tian et al., 2024). 

The use of standardized psychometric tests as the basis of the model is advantageous, given that 

they are accessible tools, widely used in clinical practice and directly related to the functional 

expression of the disorder (Bigler et al., 2024; da Costa et al., 2026). Evidence that cognitive 

processes such as working memory are also related to broader functional and social outcomes 

in children with ADHD supports the value of integrating cognitive and behavioral information 

rather than relying on a single domain (Quintero-López et al., 2024). This strengthens the model 

viability as a clinical decision-support tool in settings with limited access to advanced 
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technologies or specialized assessments (Gizaw et al., 2022). Unlike approaches based on 

neuroimaging or electrophysiological recordings, which involve high costs, complex 

technological infrastructure and the availability of highly specialized personnel, psychometric 

tests can be applied in a wide variety of healthcare contexts (Hua et al., 2026; Song et al., 2022). 

The proposed model does not substitute the comprehensive neuropsychological evaluation 

carried out by a specialized professional; rather, it may serve as a complementary decision-

support approach based on information obtained from standardized clinical, behavioral, and 

cognitive assessments. This characteristic expands the potential for implementation in health 

systems with gaps in care (Beauchamp et al., 2022). 

One clinically relevant aspect of this model is that its capacity to discriminate among several 

diagnostic groupings reflects the heterogeneity and complexity of ADHD presentations and 

comorbid profiles (Ebadi et al., 2025). Within the broader landscape of AI-assisted ADHD care, 

this model differs from systems based on unstructured clinical text, large language models, or 

natural language processing because it relies on a predefined set of standardized psychometric 

variables and an explicitly specified computational pipeline. This structured design may favor 

transparency and reproducibility, although clinical implementation still requires attention to 

usability, data governance, privacy, equity, and integration with professional decision-making, 

which are central considerations for AI-augmented clinical decision support systems (Dahò & 

Caci, 2025). 

5. Clinical implications, limitations, and future directions 

Practical implementation would require availability of the same predictor information used in 

model development: the three Conners indices, five BASC-3 clinical scales, FSIQ, and 

phonological verbal fluency. Once these scores are available, the computational requirements 

are modest because prediction can be performed through the preprocessing and RF pipeline 

described in Sections 2.4 and 2.5. Accordingly, the model would not eliminate the need for 

standardized assessment or professional interpretation; its potential role would be to organize 

already collected information and provide an additional classification signal for clinical review. 

Potential implementation barriers include access to licensed assessment instruments, staff 

training, interoperability with clinical information systems, local data-governance requirements, 

and the need to evaluate usability and acceptance among clinicians (Dahò & Caci, 2025). 

The cross-sectional nature of the study precludes claims on the causal direction between the 

variables included in this study and the non-probability sampling may introduce biases into 

which we cannot ascertain whether our respondents are representative of a broader population 

(Mahjoob et al., 2024; Stratton, 2023). In addition, the current results represent internal 
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validation only. Training, validation, and test observations were obtained from the same 

Colombian clinical context and diagnostic framework, and some diagnostic categories had 

limited support in the held-out test set (e.g., n=2-4). Consequently, class-specific estimates for 

these less frequent categories should be interpreted cautiously and cannot yet establish 

performance in independent populations. The use of SMOTE also requires specific 

consideration. Although synthetic observations were generated only within the training data and 

within training folds during cross-validation, the proportion of synthetic observations varied 

substantially across categories and reached 77.53% for ADHD combined + ASD. SMOTE 

observations are mathematical interpolations of existing cases rather than independently 

assessed patients; therefore, the clinical plausibility of individual synthetic profiles was not 

directly validated (Gholampour, 2024). This creates the possibility that part of the learned 

decision structure may reflect properties of the oversampling process, particularly in categories 

with fewer original observations. For this reason, the strong internal performance should be 

interpreted together with the original class sizes and the synthetic proportions reported in Table 

3. 

The model performed well, but more external validation steps are required to test its robustness 

and transferability to other populations and clinical settings (Santos & Amorim-Lopes, 2025). 

The importance of culturally informed assessment is particularly relevant when considering the 

transfer of ADHD and SLD diagnostic tools across populations and clinical contexts 

(McWhirter & Walters, 2024). Future studies should evaluate the model in independent cohorts 

from different hospitals, healthcare services, educational settings and sociocultural contexts; 

increase the number of real participants in the least frequent diagnostic categories; and 

prospectively examine its contribution to clinical workflow, screening prioritization and referral 

decisions. Comparative analyses using alternative imbalance-management strategies may also 

help determine whether the observed multiclass performance is maintained without substantial 

dependence on synthetic resampling. 

6. Conclusions 

The results show that standardized psychometric variables can support the identification of 

ADHD heterogeneity in pediatric populations, including clinical presentations as well as 

comorbid profiles. By moving beyond the traditional ADHD versus typical development 

distinction, the proposed multiclass approach offers a closer representation of real clinical 

assessment, where symptom overlap, behavioral variability, together with comorbidity, shape 

diagnostic decision-making. The performance of the RF model suggests that behavioral, 

cognitive, and clinically interpretable measures may contribute to complementary decision-

support approaches for ADHD classification. This is particularly relevant in healthcare settings 
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lacking access to specialized neuropsychological assessment, advanced neuroimaging, or highly 

trained professionals. Previous research has also highlighted the value of ML as a 

complementary strategy for early ADHD detection, especially when based on psychometric, 

clinical or behavioral data rather than costly technological procedures. The proposed model 

should be understood as a support tool within a comprehensive clinical process rather than a 

replacement for professional diagnosis. Its applicability is linked to the characteristics of the 

sample, composed of Colombian children aged 6 to 12 years. External validation in independent 

cohorts, broader sociocultural contexts, as well as different healthcare environments is required. 

Future research should examine model performance in prospective designs while also assessing 

its usefulness for clinical workflow, screening prioritization and early referral pathways. 
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