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Abstract. Attention-deficit/hyperactivity disorder (ADHD) is a neurodevelopmental disorder that 
significantly impacts psychological, physical, and social functioning, especially in children. 
Traditional diagnostic methods—such as interviews, questionnaires, and Continuous Performance 
Tests (CPTs)—struggle to accurately distinguish ADHD from similar conditions, affecting treatment 
outcomes and quality of life. Recently, advancements in artificial intelligence (AI), particularly 
machine learning (ML), have been applied to improve ADHD classification. This review assesses 
the design and effectiveness of ML models in six studies for classifying ADHD and Autism Spectrum 
Disorder (ASD), highlighting promising approaches to enhance reliability and accuracy in these tasks. 
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1. Introduction 

Attention-Deficit/Hyperactivity Disorder (ADHD) is a pervasive neurodevelopmental disorder 

that typically emerges in childhood and can persist into adulthood. Recent research has identified 

ADHD as an impairment in the brain’s executive functions, shifting the focus from behavioral 

symptoms to underlying cognitive dysfunctions [1-2]. Studies indicate a steady increase in ADHD 

diagnoses since 1997 [3-4]. An analysis of the National Health Interview Survey reported that the 

prevalence of ADHD among children rose from 6.1% in 1997–1998 to 10.2% in 2015–2016 [3]. A 

2024 study of U.S. data estimated that approximately 11.4% of children have received an ADHD 

diagnosis, with around 6.5 million children living with the condition [5]. Although specific 2024 data 

is still emerging, it is likely that this upward trend will continue. 

The traditional diagnosis approach involves a comprehensive analysis of interview, questionnaires, 

behavioral checklists, and neuroimaging data by psychiatric, neurologists [6], and family practitioners 

[7]. In recent year, more researchers start to incorporate machine learning into the medical diagnosis 

process to unveil relationships between behavioral symptoms and changes in brain activities and 

improve cost and time traditional method takes to make a diagnosis [8, 6]. The present study aims to 

use systematic review to explore how machine learning uses complex neuron networking to enhance 

the discrimination of ADHD from ASD based on physiological and behavioral datasets. 

2. Literature Review 

2.1. Autism Spectrum Disorder (ASD) 

ASD is a neurodevelopmental disability characterized by impairments in social interaction, 

stereotyped behaviors, and communication [9]. The symptoms of ASD manifest in both verbal and 

nonverbal forms. For instance, deficits in social communication and interaction may be evident in an 

inability to engage in essential nonverbal behaviors, such as maintaining eye contact. Additionally, 

restricted and repetitive behavioral patterns often present as repetitive language use and highly 

focused interests, as outlined in the DSM-V [10]. 

Individuals with ASD often experience impairments in executive functioning, leading to 

challenges in attention regulation. Specifically, preschool-aged children with ASD may show 

disengagement from certain activities while demonstrating intense focus on others, often 

accompanied by either hypersensitivity or hyposensitivity to sensory stimuli. Current diagnostic 
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methods for ASD involve a variety of assessments, including clinical interviews, rating scales, 

family-centered care, and brain imaging [11]. Though this is a scientific-based process and have been 

repeatedly experimented by researchers, it is still difficult to accurately discriminate ASD patients 

from neurotypical groups and disorders with similar comorbidities as reports from psychiatric are 

often too subjective and simple, which might cause many ASD -risk groups go under diagnosed, 

leading to more severe impairment in workplace and reduce life quality as adults. 

2.2. Attention-Deficit/Hyperactivity Disorder (ADHD) 

ADHD, characterized by hyperactivity, inattention, and impulsivity [9], is a neurodevelopmental 

disorder impacting a child’s focus, ability to filter distractions, and behavior regulation in social 

settings. The DSM-5 expands the ADHD diagnostic criteria to include adults, specifies symptom 

severity, and provides a more comprehensive framework compared to DSM-IV [12], which must 

persist for at least six months and cause social, academic, or occupational impairment, include 

inattention (e.g., difficulty focusing, forgetfulness) and hyperactivity-impulsivity (e.g., fidgeting, 

excessive talking). Present before age 12, symptoms are categorized into Combined, Predominantly 

Inattentive, and Predominantly Hyperactive-Impulsive presentations, with severity levels of mild, 

moderate, or severe. While ADHD and ASD assessments share similar methods, ADHD evaluations 

focus on how symptoms impact daily life. If ADHD persists into adulthood, individuals may face 

challenges in employment and education, affecting family life and increasing poverty risk [13]. 

2.3. ADHD and ASD Comorbidity 

ASD is one of the most common comorbid conditions in children diagnosed with ADHD. 

Approximately 20-50% of children with ADHD meet the diagnostic criteria for ASD, and both 

disorders frequently present in males [14]. Both ADHD and ASD are neurodevelopmental disorders 

that impair executive function and social interaction. Studies have shown individuals with both 

ADHD and ASD experience greater social and cognitive problems and more adverse effect on daily 

life [15-16]. 

While there are currently no direct assessment tools to definitively differentiate ADHD from ASD, 

researchers have found key behavioral, neurological, and observational differences between the two 

disorders. These distinctions provide valuable information for clinical pre-screening and 

classification efforts. 

2.4. Differentiating Features 

2.4.1 Behavioral differences 

Emotional recognition experiments are widely used to assess cognitive abilities in children with 

neurodevelopmental disorders, often employing eye-tracking devices to gather cognitive data. Eye-

tracking fixation data provides insights into the nervous system and cognitive behaviors in individuals 

with cognitive impairments. For example, studies have found associations between pupil size, 

cognitive ability, attention, and stress levels [17]. Pupil diameter, in particular, has been identified as 

a key factor distinguishing ASD from ADHD, as it reflects differences in attention levels and 

cognitive load during tasks [18]. ASD participants generally exhibit larger pupil diameters, 

suggesting sustained attention and greater cognitive effort, while ADHD participants show more 

fluctuation in pupil diameter with task difficulty, indicating variable cognitive effort and attention 

levels. The consistent pupil variation in ASD may relate to their narrowly focused attention or less 

reactive autonomic nervous system functioning [18]. 

2.4.2 Self-report Questionnaire  

Machine learning (ML) can greatly reduce the cost and time involved in clinical diagnoses, with 

researchers leveraging online reports combined with ML to classify ADHD and ASD. Duda et al. 

were the first to use the Social Responsiveness Scale (SRS) as an ML input for distinguishing ADHD 

from ASD. The SRS, a standardized questionnaire of 65 questions completed by caregivers, teachers, 
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or parents, enabled researchers to select five items with the highest discriminative power, achieving 

over 96% accuracy using Enet and LDA models [19]. In 2023, a European study inspired by Duda’s 

work compiled online reports from parents and teachers using CPRS-R, CBCL, SRS, and CTRS-R 

to evaluate ADHD and ASD in children and adolescents, examining their consistency with on-site 

clinical diagnoses. This study found that caregiver reports on ADHD symptoms provided the highest 

discriminative power in clinical diagnostic processes  [20]. 

2.4.3 Physiological differences 

Reactivity in individual’s physical body call deeper insight into the difference between ADHD and 

ASD [21]. Electroretinogram (ERG) is widely used in physical measure by producing ERG waveform, 

the cumulative activities generated from retinal cells, enhancing understanding of disorders from 

neurochemical perspective. A spectral analysis of ERG applied time-domain features and VFCDM 

statistical feature analysis to classify ADHD and ASD. Using the GradBoost algorithm, the study 

showed a high accuracy of 0.87 and found a higher performance using 446.Right Eye configuration 

[21]. Yet, there are discrepancies in ERG application. For instance, ERG paired up with random forest 

model to classify ADHD and ASD after model optimization using repeated cross validation and 

synthetic minority over-sampling technique only yielded accuracy of 0.69 [21]. This differences 

might be contributed to data imbalance and demographic variability. 

2.5. Machine Learning 

Machine learning (ML) is a powerful pre-screening tool widely used in healthcare and research to 

support diagnostics for conditions like Alzheimer’s, schizophrenia, Parkinson’s disease, dementia, 

ADHD, and other psychological disorders [22]. This review centers on supervised ML, which aims 

to predict outcomes based on input data and identify relationships between features and outcomes in 

new datasets [23].  

Model validity in ML is often assessed using sensitivity and specificity metrics, which together 

measure validity and generalizability. Sensitivity measures the model’s ability to detect true positives, 

while specificity reflects its accuracy in identifying true negatives [24]. The Receiver Operating 

Characteristic (ROC) curve visualizes model validity by plotting the true positive rate against the 

false positive rate. The Area Under the Curve (AUC) of the ROC summarizes the model’s 

discriminative power, with values ranging from 0.5 (random performance) to 1.0 (perfect 

discrimination) [25]. 

Cross-validation is essential in machine learning for preventing overfitting and improving model 

robustness. It involves training and testing a model on various data subsets to provide a reliable 

performance estimate. Leave-One-Out Cross-Validation (LOOCV) maximizes data use by testing on 

each data point individually but is computationally intensive and prone to high variance, especially 

with small datasets. In contrast, 10-fold Cross-Validation, which splits the data into ten parts, balances 

bias and variance more effectively. It is less computationally demanding and enhances 

generalizability by averaging results across folds, though it still requires significant resources with 

large datasets. 

2.6. Research Questions 

While ADHD and ASD share overlapping characteristics, several methods can support medical 

practitioners in accurately differentiating between the two. Machine learning models have emerged 

as promising decision-support tools in the diagnostic process for ADHD and ASD highlighted that 

ML applications deepen researchers’understanding of the intersections between neuroscience and 

clinical psychology by analyzing complex patterns of neurobiological activity relevant to these 

disorders [26]. Previous researchers have used self-report data, behavioral observations, and 

neuroactivity data to train and test machine learning models for classification, yielding promising 

results. 
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Despite the increased accessibility of ML in clinical trials, research on these applications remains 

highly variable, with differences in sample sizes, training methodologies, and model selection, 

yielding a diagnostic AUC range of 60% to 90% [22]. Furthermore, limited research focuses 

specifically on ML classification of ADHD and ASD due to the inherent challenge of differentiating 

these disorders given their symptom overlap. 

Consequently, there is a critical need to evaluate the existing performance of various ML models 

by comparing metrics such as accuracy, specificity, sensitivity, AUC, and training methodologies. A 

systematic comparative analysis would facilitate a more structured understanding and improved 

interpretability of ML models within clinical contexts. This systematic review aims to assess the 

effectiveness of ML models in distinguishing pediatric ADHD from ASD by examining data 

complexity, validation methods, and performance metrics. The review seeks to address the following 

questions regarding the application of ML in this domain: 

1. How do researchers enhance the reliability and accuracy of ML models for ADHD and ASD 

classification? 

2. What constitutes the most effective ML model design for accurately classifying ADHD and 

ASD? 

3. Methodology 

The aim of the systematic review was to evaluate the effectiveness of machine learning in 

classifying ADHD and ADHD in children. The review followed the PRISMA 2020 guidelines and 

PRISMA 2020 flow chart for the searching strategy [27]. 

3.1. Eligibility Criteria 

The eligibility criteria for this systematic review included studies focused on ADHD diagnosed 

according to DSM-IV or DSM-5 criteria in children aged 2–18 years, published between 2015 and 

2024. European studies were eligible if diagnoses were conducted under ICD-10 standards. Studies 

had to involve representative populations, be empirical, provide full-text access, and focus on 

machine learning techniques for ADHD and ASD classification, published in SSCI or SCI-E journals 

with reported validity and reliability data. Exclusions applied to studies involving small or referral 

populations, children with severe mental retardation (IQ < 55), studies published before 2015, reviews, 

articles irrelevant to classification, and those lacking full-text access, SSCI/SCI-E indexing, or 

validity and reliability metrics (Table 1). 

However, due to the limited number of articles relevant to machine learning classification of 

ADHD and ASD, studies reporting at least one confusion metric were allowed to ensure the review’s 

robustness. For studies presenting only the AUC measure, this metric illustrates the relationship 

between specificity and sensitivity graphically. Studies that only reported accuracy were compared 

based on accuracy in relation to different feature selection methods. Furthermore, if a study did not 

employ cross-validation (CV) in model optimization, its exclusion provided an opportunity to analyze 

the impact of CV on machine learning performance and implications for future improvements. 
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Table 1. Inclusion and Exclusion Criteria 

Inclusion Exclusion 

Studies diagnosing ADHD based on DSM-IV and/or 

DSM-V and/or ICD-10 

ADHD and ASD with symptoms based on 

other diagnosing criteria 

Participants aged 2-18 Adults aged above 18 

Studies published between 2015-2024 Published before 2015 

Empirical studies Reviews 

Relevant to review questions 
Irrelevant to machine learning classification 

of ADHD and ASD 

Machine learning for diagnosing or classifying 

ADHD and ASD 

Machine learning for studying or treating 

ADHD and ASD 

Studies published in journals indexed in SSCI or 

SCI-E 

Studies not included in SSCI or SCI-E 

journals 

Access to full articles No access to full articles 

3.2. Search Strategy 

The primary database used for this systematic review was Web of Science. Additionally, relevant 

journals were sourced from IEEE, Springer Nature, Scientific Reports, Translational Psychiatry, and 

Applied Computational Intelligence and Soft Computing. The search was restricted to publications 

from 2015 to 2024, using keywords such as “ADHD,” “ASD,” “machine learning,” “classification,” 

and “children” to filter for relevant studies. Filters were applied on Web of Science to exclude articles 

published before 2016, non-English publications, and review articles, ensuring a focused and relevant 

selection of studies (Figure 1). 

 

Figure 1. Prisma flow diagram 
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3.3. Data Collection 

The data collection process was conducted using six selected articles that met the defined inclusion 

and exclusion criteria. Data were organized in a spreadsheet in Excel, capturing details such as 

publication title, publication date, journal name, measurements of validity and reliability, participant 

information, and types of machine learning models employed. To ensure objectivity and minimize 

bias, two independent researchers carried out the data collection. Any discrepancies encountered were 

resolved through discussions between the researchers (Table 2). 

Table 2. Coding framework 

Code Subcode 

Crowds

ourced 

validatio

n of a 

machine

-

learning 

classific

ation 

system 

for 

autism 

and 

ADHD 

A data 

driven 

machine 

learning 

approach to 

differentiate 

between 

autism 

spectrum 

disorder 

and 

attention-

deficit/hype

ractivity 

disorder 

based on 

the best-

practice 

diagnostic 

instruments 

for autism 

ADHD 

and 

ASD 

Classifi

cation 

Based 

on 

Emotio

nal 

Recogn

ition 

Data 

Statistic

al 

Analysi

s and 

Multim

odal 

Classifi

cation 

on 

Noisy 

Eye 

Tracker 

and 

Applica

tion 

Log 

Data of 

Childre

n with 

Autism 

and 

ADHD 

Spectral 

analysis of 

Electroretin

ography to 

differentiat

e autism 

spectrum 

disorder 

and 

attention 

deficit 

hyperactivit

y disorder. 

Detecting 

Autism 

Spectrum 

Disorder 

and 

Attention 

Deficit 

Hyperacti

vity 

Disorder 

Using 

Multimod

al Time-

Frequency 

Analysis 

with 

Machine 

Learning 

Using the 

Electroreti

nogram 

from Two 

Flash 

Strengths 

Backgroun

d 

Publicati

on data 
2017 2022 2016 2018 2023 2024 

Journal 

name 
TP SR IEEE IACS IEEE SN 

Country 

of 

primary 

affiliatio

n 

United 

State 
Germany Turkey Turkey 

UK, 

Australia, 

United 

States 

United 

States 

Participants 

Age 

range 
2-17 5-18 9–10 9-10 3-13 11-14 

Health 

condition 

Archival

: 

ASD=2

775, 

ADHD=

150,  

Survey: 

ASD=574,  

ADHD=16

4, 

ASD/ADH

D=133,  

Control=34

4 

ASD=1

8, 

ADHD

=30 

Control

=13 

ADHD

=12,  

ASD=1

2, 

Control

=10 

ADHD=46,  

ASD=94 

ASD=94,  

ADHD=4

6,  

Control=1

46 
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ASD=2

48, 

ADHD=

174 

Methodolg

y 

Setting C + W C C C C C 

Data 

collectio

n 

Clinical 

diagnosi

s; 

Survey 

ADOS, 

ADI-R 
ER 

SMI + 

TE 
ERG ERG 

Input  

modality 

Archival 

+ 

crowdso

urced 

survey 

data 

Diagnostic 

sores + 

behavioral 

features 

APL 

APL + 

Fixatio

n 

ERF 

waveform 

ERG 

waveform 

Data type B B B B P P 

Model 

optimizatio

n 

Validatio

n 

5-fold 

CV 
10-fold CV Nan 

Leave-

one-out 

CV 

10-fold CV 
10-fold 

CV 

Feature 

selection 

Enet, 

LAD 
SVM ReliefF RF VFCDM 

Time, 

time-

frequency 

analysis 

Hyperpar

ameter 

tuning 

3-fold 

CV, 

Grid 

Search 

Nan Nan Nan 
GS + 3-fold 

CV 

GS + 3-

fold CV 

Data 

sampling 

Subsam

pling 
Nan 

Rando

m 

samplin

g 

Tomek 

links 
 

Synthetic 

minority 

over-

sampling 

technique 

Machine 

learning 

Best ML 

model 

Enet, 

LDA 
SVM 

Adaboo

st 
RF GradBoost RF 

Features 

5 SRS 

question

s 

5 features 

from both 

ADOS and 

ADI-R 

RC + 

RT 

RC + 

RT + 

Raw 

fixation

, 

ET_log 

data 

VFCDM 

Time 

Domain 

indices 

DWT 

VFCDM 

Results 

Specificit

y 
Nan 0.82 Nan 0.8333 0.87 Nan 

Sensitivit

y 
Nan 0.73 Nan 0.4167 0.79 Nan 

AUC 
0.89 +- 

0.01 
≥ 0.91 Nan Nan 0.87 0.69 

Accuracy   0.9 0.7083 0.84 0.8 

 

Note: TP = Translational Psychiatry; SR = Springer Nature; IEEE = Institute of Electrical and 

Electronics Engineers; IACS = Applied Computational Intelligence and Soft Computing; C = Clinical; 
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W = Real-world; ADOS = Autism Diagnosis Observation Schedule; ADI-R = Autism Diagnostic 

Interview, Revised; SMI = SMI eye tracking glasses; TE = TrackEmo software program; ER = 

emotional recognition experiment; STOTE = synthetic minority over-sampling technique; SRS = 

social responsiveness scale; ERG = electroretinogram; B = behavioral; P = physiological; CV = cross 

validation; APL = application log data; VFCDM = Mean, max, variance, kurtosis, skewness, entropy, 

inter-quartile range; Time Domain indices = Ta, Va , Tb, Vb; DWT = DWT coefficients DWT 

coefficients in a20, a40, b20, b40, OP80, OP160 descriptors; RF = random forest; GradBoost = 

gradient boosting; Adaboost = adaptive boosting; SVM = support vecter machine; ENet = elastic net; 

LDA = linear discriminant analysis; RC = respond correctness; RT = response time; GS = GridSearch; 

Nan = information not found; 

4. Results 

The emergence of various machine learning techniques has yielded different results in the 

classification tasks for ADHD and ASD. Variations in the application of machine learning have 

complicated the selection of the most promising training approach, necessitating a structured analysis 

of these studies’ use of machine learning, confusion metrics, and model optimization techniques. This 

section highlights the main findings from the six selected studies and examines the methodologies 

used to improve the interpretability and generalizability of machine learning performance in 

diagnosing ADHD and ASD. 

The six journals reviewed were mainly associated with institutions in the United States, Germany, 

the United Kingdom, Australia, and Turkey. They were published in journals with impact factors 

ranging from 2.4 to 25, indicating a reliable level of quality. The studies included participants aged 

2–18 years, categorized as healthy, ADHD, ASD, or ADHD with ASD, according to diagnostic 

criteria from DSM-IV, DSM-V, ADOS, ADI-R, or ICD-10. Although multiple machine learning 

algorithms were applied in these studies, this review focuses on the models that achieved the highest 

performance scores. 

Four studies conducted experiments in controlled clinical settings with supervision, while two 

studies combined clinical diagnoses with real-world reports. Behavioral data included online parental 

self-reports (SRS) and assessments through ADOS and ADI-R, which are standardized tools for 

evaluating social interaction, emotional regulation, and daily functioning in children with these 

conditions. Additionally, one study from Turkey used APL data paired with the Adaboost algorithm 

to compare Adaboost’s performance in classifying ADHD and ASD, with and without the use of 

ReliefF for feature selection. 

In a study utilizing TrackEmo software and SMI eye-tracking glasses, researchers collected APL 

(activity pattern log) data and eye fixation data to classify ADHD and ASD using a random forest 

model [28]. Physiological data such as this provides insights into neuroactivity differences between 

ADHD and ASD. Two other studies used ERG waveforms to detect retinal activity variations in 

response to light, employing 10-fold cross-validation and VFCDM to train and select statistical 

features from ERG data. Neuroimaging data was excluded due to the limited number of relevant 

studies and the lengthy process required for neuroimaging in classifying ADHD and ASD. 

Physiological and behavioral data are effective for large-scale data collection, as they can be 

gathered remotely or in controlled settings, which can enhance data quality. Therefore, this review 

primarily focuses on these two data types. This section details the procedures used in each selected 

study, presenting key findings such as validity measures, model optimization techniques, and 

participant demographics. These insights will form the basis for comparing and analyzing the 

performance of various machine learning models in distinguishing between ADHD and ASD. 

A novel study conducted in Turkey aimed to classify individuals with ASD and ADHD through 

an emotion recognition task [29]. The study included 18 participants with ASD, 30 with ADHD, and 

13 controls, with average ages of 10.5, 9.46, and 9.22 years, respectively. Participants viewed facial 

images expressing various emotions and identified the depicted emotion. Researchers recorded 
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response accuracy (RC) and response time (RT) for each response. To improve classification 

accuracy, they used group redefinition to create binary classification scenarios that highlighted 

distinctive traits of each group. The study employed ReliefF, a feature selection algorithm, to rank 

features based on relevance, specifically identifying the most informative images by comparing 

within-class and between-class proximities. Results showed that the AdaBoost algorithm achieved 

the highest accuracy, reaching up to 90% using only RT without feature selection. Combining RC 

and RT with ReliefF achieved 80% accuracy. Overall, the study underscored the effectiveness of 

feature selection and group redefinition in improving classification performance, with different 

combinations of RC, RT, or both enhancing results. 

Ozturk et al. (2018) explored a multimodal approach by combining eye-tracking data with 

application log data to classify ADHD and ASD, reaching a peak accuracy of 70.83% with a random 

forest model. This emotion recognition experiment involved 12 ASD participants, 12 ADHD 

participants, and 10 neurotypical controls (ages 9-10, all with IQs above 70). Participants viewed 

images of faces and identified emotions while wearing eye-tracking devices to capture fixation data. 

Data recorded included RT and RC as application log data, combined with fixation data and ET_log 

data. Feature selection was applied to improve predictive quality, and Tomek links were used for 

undersampling to address data imbalance. To avoid overfitting, the study used leave-one-out cross-

validation (LOOCV). Three models—Random Forest (RF), Support Vector Machine (SVM), and 

Logistic Regression (LR)—were trained, with RF showing the highest validity, achieving 41.67% 

sensitivity and 83.33% specificity in ADHD versus ASD classification. Notably, pupil diameter 

emerged as the most important feature, surpassing RT and RC in predictive value. While Tomek links 

slightly improved performance for ASD versus control classification, they had minimal effect on 

RF’s specificity in distinguishing ADHD from ASD. Despite RF’s accuracy of 70.83%, the model’s 

discriminatory power was limited, possibly due to overlapping symptoms in ADHD and ASD, which 

complicates precise classification. This study highlights the promise and challenges of using 

multimodal data to distinguish ADHD and ASD, particularly noting pupil diameter’s value in 

classification, while acknowledging that symptom overlap poses significant challenges to achieving 

high accuracy. 

Duda et al. (2017) conducted a crowdsourced study using both archival data from clinically 

diagnosed individuals with ADHD or ASD and parent-reported survey data gathered through a 

crowdsourcing approach. They used these datasets to train and test five machine learning models, 

assessing their classification accuracy and generalizability. Each model was trained using 5-fold 

cross-validation and subsampling, with a 3-fold cross-validation employed to optimize parameter 

selection. The study tested three conditions: training on archival data and testing on survey data, 

training on survey data and testing on archival data, and training and testing on a combined dataset. 

The two top-performing models were ENet, a logistic regression model with lasso and ridge 

regularization, and Linear Discriminant Analysis (LDA). ENet included an in-built feature selection 

process, which identified five key SRS survey questions, and, along with LDA, consistently 

outperformed simpler models, achieving an AUC of 0.89. Notably, the models achieved the highest 

AUC (over 0.9) when trained solely on the archival dataset. 

In 2022, Wolff et al. enhanced the previous research by incorporating ADOS and ADI-R 

assessments to distinguish ASD from healthy controls, ADHD, and comorbid ASD/ADHD. This 

German study used a larger, diverse sample of 574 ASD, 164 ADHD, 133 ASD/ADHD, and 344 

control participants. The dataset was split into 10 folds, with feature selection conducted on the 9-

fold training sets using Support Vector Machine (SVM) models [30]. The top behavioral features 

centered on social communication and restrictive/repetitive behaviors. SVM achieved an AUC of 

above 0.91, with 82% specificity and 73% sensitivity. The study found overlapping features in social 

and repetitive behavior domains across ASD and ADHD classifications, such as ADOS item A8 

(conversation) and eye contact, indicating risks of misdiagnosis. 

In contrast to these behavior-focused studies, Grazioli et al. (2024) and Manjur et al. (2023) 

explored electroretinography (ERG) data for classifying ADHD and ASD. Grazioli et al. used spectral 
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analysis within a Gradient Boosting framework, testing 142 participants (46 ADHD, 94 ASD) with 

time-domain ERG parameters and frequency-band decomposition using Variable Frequency 

Complex Demodulation (VFCDM). Random Forest (RF) was employed for feature selection, while 

various machine learning models were tested, with Gradient Boosting and XGBoost performing the 

best. The GradBoost model achieved 87% sensitivity, 79% specificity, and an AUC of 0.87. 

Expanding on ERG-based classification, Manjur et al. (2024) involved a larger cohort of 286 

participants (146 controls, 94 ASD, 46 ADHD). Using both time-domain and time-frequency analyses 

(Discrete Wavelet Transform and VFCDM), the study employed a rigorous 10-fold cross-validation 

to avoid overfitting. Among models, RF achieved the highest accuracy (70%) with a flash strength of 

446 Td.s, reaching an AUC of 0.69 in distinguishing ADHD from ASD, emphasizing ERG’s potential 

as a biomarker for these neurodevelopmental disorders. 

5. Discussion and Conclusion 

Multidisciplinary research on classifying ADHD and ASD is crucial for improving the clinical 

diagnosis process, offering a more accessible, cost-effective, and objective alternative to traditional 

methods. Conventional diagnosis often depends on clinical interviews, checklists, and questionnaires, 

which can be subjective and influenced by clinicians’ perspectives. Machine learning (ML) provides 

a promising approach, offering greater reliability and precision in diagnosing ADHD and ASD as 

models are continuously optimized for clinical use. Discrepancies across studies are addressed in the 

following section. 

Performance differences in ML models for ADHD and ASD classification generally stem from 

three main factors. The first factor, data complexity, includes dataset diversity, participant count, and 

participant conditions. The second factor, cross-validation, helps prevent overfitting and improve 

generalizability. Techniques like GridSearch with 3-fold cross-validation are used for hyperparameter 

tuning, optimizing settings such as learning rates, regularization, and kernel types. Lastly, feature 

selection refines models by identifying the most predictive features. While other optimization 

methods like SMOTE, Tomek links, and subsampling are effective, this review focuses on the main 

patterns observed, with additional methods discussed as supplementary considerations for future 

studies. 

Using diverse participants is vital for generalizability, allowing models to learn from varied 

features. Studies including both ADHD and ASD participants have shown higher performance than 

those focusing on only one condition. For example, Wolff et al.’s study achieved 82% specificity and 

73% sensitivity, with an AUC over 0.91, likely due to the inclusion of both ADHD and ASD 

participants. This performance exceeded that of Duda et al.’s research, underscoring the benefits of 

diverse participant conditions. Furthermore, Wolff et al. and Duda et al. had more participants than 

studies focused on emotion recognition, eye-tracking, or ERG, which indicates that increasing sample 

sizes could enhance model robustness and accuracy. However, the datasets in Wolff et al. and Duda 

et al. were obtained from clinical databases or online surveys, which can yield larger, quicker datasets 

but may introduce biases [19, 30]. This trade-off between dataset size and data quality suggests a 

need for careful filtering of large datasets to ensure high-quality samples. 

Validation methods in machine learning vary by dataset size and study objectives, with 10-fold 

cross-validation commonly used for its ability to enhance generalizability and provide stable 

performance estimates, particularly in studies with sample sizes over 100. For hyperparameter tuning, 

some studies have applied GridSearch with 3-fold cross-validation, as seen in two ERG studies. For 

example, Manjur et al. (2023) used this method to optimize statistical features from ERG waveforms, 

allowing GradBoost to achieve an accuracy of 84%, surpassing RF (80%). GradBoost’s sequential 

learning structure effectively captures complex data patterns, making it well-suited for detecting 

nuanced ERG signal variations, whereas RF’s independent tree structure offers robustness but lacks 

precision with subtle interactions. These differences between GradBoost and RF emphasize the 

importance of model architecture and data structure on performance. While Duda et al. also used 
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GridSearch with 3-fold cross-validation, their higher AUC score underscores the role of dataset 

diversity and model selection as key performance factors. 

Feature selection is integral to improving model performance, with many machine learning models 

having built-in mechanisms for identifying predictive features. For instance, RF evaluates each 

feature’s effectiveness in decision trees, and Tomek links, an undersampling technique, can remove 

ambiguous data, enhancing RF’s ranking accuracy. In the eye-tracking study, RF identified pupil 

diameter, pupil size, and fixation positions as top predictive features, although classification accuracy 

remained lower than for ASD/control and ADHD/control classifications. SVM also incorporates 

feature selection, with Wolff et al. reporting high AUC values with balanced specificity and 

sensitivity, whether or not feature selection was applied. This could be due to the high discriminative 

power of clinical assessments like ADOS and ADI-R. Ultimately, while feature selection boosts 

accuracy, other optimization tools, such as Tomek links and high-quality datasets, can further support 

this process. 

This systematic review has several limitations that should be acknowledged. First, the studies 

included participants diagnosed according to DSM-5, DSM-IV, or ICD-10 standards, introducing 

variability in the definitions and diagnoses of these conditions, which may affect the generalizability 

of the findings. Second, inconsistencies in reporting performance metrics across studies make it 

challenging to directly compare the effectiveness of different machine learning models. Lastly, this 

review included only six studies, which may limit the comprehensiveness of the analysis. Future 

reviews should aim to include a broader range of studies with standardized diagnostic criteria and 

comprehensive performance metrics to strengthen the findings. 

The current review highlights the importance of machine learning in ADHD and ASD 

classification, with Wolff et al.’s study exemplifying best practices. Using high-quality clinical data 

from structured assessments, comprehensive feature selection, and cross-validation, Wolff’s model 

achieved high accuracy, AUC, sensitivity, and specificity. Its inclusion of a diverse participant pool, 

covering both ADHD and ASD, enhances the model’s ability to capture subtle distinctions. Future 

research could expand on this by incorporating complex data from controlled settings and 

mechanisms like Tomek links to improve interpretability. Additionally, exploring ADHD and ASD 

as potential confounding variables could address challenges in distinguishing these conditions. 
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