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ABSTRACT 
Attention Deficit Hyperactivity Disorder (ADHD) and Autism Spectrum Disorder (ASD) are widespread 
neurodevelopmental disorders that might not be diagnosed promptly and objectively due to the reliance on 
clinical observation and behavioral assessment. The paper will comment on the potential of AI-based digital 
phenotyping as a scalable and objective approach to early diagnosis of such disorders. A continuous behavioral 
pattern, such as activity level, social interaction, and cognitive response, can be captured in real time using 
smartphones, wearable devices, and other digital sources. They employ advanced machine learning and deep 
learning models to obtain useful digital biomarkers and predict the likelihood of ADHD and ASD. To achieve 
increased interpretability and clinical trust, the proposed framework will integrate multimodal data fusion and 
explainable AI approaches. The approach aims to improve diagnostic accuracy, ease early intervention, and 
customize healthcare plans, while addressing ethical and privacy issues. 
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1. INTRODUCTION 

Attention Deficit Hyperactivity Disorder (ADHD) 
and Autism Spectrum Disorder (ASD) are 
neurodevelopmental disorders, which are complex 
and marked by recurrent patterns of inattention, 
hyperactivity, impulsivity, and lack of social 
communications, which have great influences on 
cognitive, behavioral, and social functioning in life. 
The disorders manifest in childhood and may extend 
into adolescence and adulthood, influencing 
educational attainment, interactions, and quality of 
life. Conventionally, the diagnosis process is based on 
clinical interviews, reports about the caregivers, 
observation of the behavior and the standardized 
assessment tools which, inevitably, are subjective, 
and which can be often mediated by the clinical 
competence and the environmental factors [1]. 
Besides that, their application is normally limited to 
take snapshots of behaviors rather than trends that 
will result in sluggish or uneven diagnoses. The 
concept of digital phenotyping has acquired a new 
paradigm in the recent years when it is defined as 
moment-by-moment measure of the individual 
behavior as per the information that has been 
gathered on personal digital devices at the time of 
smartphones, wearable sensors, and ambient 
monitoring systems that had been previously 
displayed [2]. The method will enhance a continuous, 
real life follow-up of practices and way of thinking, 
motor practice, sleep patterns, attention process, 
socialization process and communication process. 
Digital phenotyping may be employed to obtain 
high-dimensional behavioral phenotypes and digital 
biomarkers of subtle digital phenotypes that are 
difficult to detect using conventional clinical tools 
when complemented with artificial intelligence (AI), 
i.e. machine learning and deep learning strategies [3]. 
Predictors of neurodevelopmental disorders include 
rhythmic irregularities in activity, response latency, 
and irregular patterns of interpersonal contact, which 
can inform proactive screening and early 
intervention. Moreover, the multimodal information 
streams, including, signals of the accelerator, voice 
logs, face expression, touch screen history are 
introduced and provide the behavioral profile 
computation with more robustness, reliability, and 
contextual information [4]. Consequently, AI-driven 
digital phenotyping denotes a shift toward objective, 
scalable, and data-adaptive diagnostic support 
systems to identify ADHD and ASD and track them 
in real time. 

Nevertheless, despite the developments, the 
modern AI-based digital phenotyping of 

neurodevelopmental disorders still raises a few valid 
concerns. The current diagnostic systems are largely 
reactive. They tend to diagnose the ADHD and the 
ASD when the symptoms of behavior are already in 
serious forms and this curtails the strength of early 
measures of interventions [5]. Despite the literature 
accumulation on the topic of machine learning and 
deep learning models to obtain automated detection, 
the majority of the literature uses small and 
homogeneous datasets or in the laboratory, where 
other factors are kept constant, and this is of interest 
in the ecological validity and applicability of the 
model in real-life use [6]. On top of that, uniformity 
in data collection processes, feature engineering, and 
model testing is acutely lacking, resulting in non-
continuous and non-repeatable results across studies 
[7]. The prediction and the data produced by the 
behavior are not homogenous and less predictable 
and the types of devices and interactions between the 
users vary thus making it more difficult to have a 
consistency in the models and achieve better results. 
There are also ethical issues that pose major obstacles, 
especially regarding data privacy, informed consent, 
and the responsible use of information, particularly 
when dealing with children and vulnerable groups 
[8]. Furthermore, the lack of transparency and 
algorithmic bias, not to mention the ethical 
implications of AI systems, mean that the use of AI in 
clinical settings is not as equitable or trustworthy as 
it could be.  

It represents quite on the contrary a series of 
questions, among which are: Will digital 
phenotyping be capable of quantifying the 
multidimensional and contextualized nature of 
human behavior in a high-diversity population? How 
can we easily combine multimodal data streams 
without the extra burden of computation and noise? 
And what is it that we do to achieve interpretability, 
accountability, and compliance in AI-based 
diagnostic systems? To address these issues, one 
alternative would be to make digital phenotyping 
solutions more trustworthy, scalable, and clinically 
acceptable, thereby bridging the divide between 
experimental research and the future reality of 
healthcare applications [9,10]. 

The existing obstacles of the proposed research will 
be addressed by designing the AI-based digital 
phenotyping platform in ways that will identify the 
onset of ADHD and ASD earlier, and the subsequent 
key contributions will be achieved: 
(1) Multimodal Data Integration: The model 

integrates physiological, behavioral and 
interaction on basis of which the model is capable 
of detecting and invulnerable to detection in 
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diverse real life scenarios.  
(2) Advanced AI Modelling: It is based on deep 

learning models, e.g., temporal models and 
transformers, that can define more active and 
dynamic behavioral patterns over time.  

(3) Explainable AI (XAI): It consists of the 
interpretability methods that imply attribution 
and attention mechanisms that might enhance 
clinical trust and transparency.  

(4) Privacy and Ethical Compliance: It lingers on the 
secure data processing, anonymization and 
ethical issue to respond to the queries on 
sensitive behavioral information.  

(5) Comprehensive Testing: A variety of data from 
performance and cross-domain data are 
employed to test the validity of the framework to 
justify scalability, reliability and usefulness in 
clinical practice. 

2. BACKGROUND AND RELATED WORK 

AI application in early detection of 
neurodevelopmental disorders such as ADHD and 
Autism Spectrum Disorder (ASD) has experienced 
colossal proportions in the past decade due to the 
development of machine learning, sensor technology, 
and ubiquitous computing. The first study was 
primarily founded on clinical and 
neuropsychological scales that involved behavioral 
rating scale, and cognitive measures, which, even 
though effective, could not be scaled and could not 
offer real-time monitoring [11]. With the proliferation 
of smartphones and wearable devices, scientists 

began to think about digital formulations of 
phenotyping to capture continuous behavioral data, 
e.g. movement, sleep, and interaction patterns, etc. 
[12]. Support Vector Machines (SVM), random forests 
and logistic regression are some of the machine 
learning algorithms that have been widely used in the 
classification of ADHD and ASD based on structured 
data being generated on the premises of clinical or 
behavioral data [13]. Deep neural networks, such as 
Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs), have also been 
shown to be more successful with multimodal and 
complex temporal data, such as speech, facial 
expressions, activity cues, and so forth, in recent work 
[14].  

Early ASD identification and attention deficit the 
findings of the research that utilizes eye-tracking, 
voice recognition and mobile interaction logs have 
had positive outcome of the research [15]. Moreover, 
multimodal fusion processes have been proposed to 
incorporate heterogeneous data to improve accuracy 
and predictive power [16]. Nevertheless, some issues 
including the gap in small datasets, the absence of 
standardization and the issue of model insight and 
moral uprightness still remain as a limitation to 
clinical application [17]. It is also what new research 
covers regarding explainable AI (XAI), and 
mechanisms that are privacy-sensitive and may 
combat them [18]. In general, the industry is shifting 
towards more holistic, scaled and clinically 
meaningful AI-driven models of early detection 
[19][20]. 

Table 1: Comparative Analysis of AI-Based Approaches for ADHD and ASD Detection 
Approach Data Source AI Technique Target 

Disorder 
Key Features 

Extracted 
Performance 

Insights 
Limitations 

Clinical 
Assessment-

Based Models 

Behavioral tests, 
questionnaires 

Logistic 
Regression, 

SVM 

ADHD, 
ASD 

Cognitive scores, 
behavioral ratings 

Moderate accuracy, 
clinically validated 

Subjective, non-
continuous data 

Smartphone-
Based Digital 
Phenotyping 

App usage, GPS, 
typing dynamics 

Random Forest, 
SVM 

ADHD Activity patterns, 
screen interaction 

Improved real-
world monitoring 

Privacy concerns, 
noisy data 

Wearable Sensor-
Based Models 

Accelerometer, 
actigraphy 

Decision Trees, 
RF 

ADHD Movement, sleep 
patterns 

Good temporal 
behavior detection 

Device dependency 

EEG-Based Deep 
Learning Models 

Brain signals (EEG) CNN, RNN ADHD Brainwave patterns High accuracy in 
controlled settings 

Expensive, non-
scalable 

Eye-Tracking 
Models 

Gaze tracking data ML classifiers ASD Visual attention, 
gaze fixation 

Strong ASD 
detection capability 

Requires specialized 
hardware 

Speech & Audio 
Analysis 

Voice recordings CNN, LSTM ASD Speech delay, tone 
variation 

Effective for 
communication 

deficits 

Language 
dependency 

Multimodal 
Fusion Models 

Combined sensor + 
behavioral data 

Hybrid DL 
models 

ADHD, 
ASD 

Integrated 
behavioral 
biomarkers 

Higher accuracy 
and robustness 

Computational 
complexity 

Mobile + 
Wearable Hybrid 

Systems 

Smartphones + 
wearables 

Deep Neural 
Networks 

ADHD Activity + interaction 
patterns 

Real-time 
monitoring 

potential 

Battery and data 
issues 

Explainable AI-
Based Models 

Multimodal 
datasets 

XAI + DL 
models 

ADHD, 
ASD 

Feature importance, 
attention maps 

Improved 
interpretability 

Trade-off with 
performance 

Privacy- Distributed health Federated ADHD, Decentralized Enhanced privacy Communication 
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Preserving AI 
Models 

data Learning ASD behavioral data and scalability overhead 

3. CONCEPTUAL FRAMEWORK 

The proposed conceptual framework of AI-driven 
digital phenotyping aims at assisting in the 
sustainable objective and scalable identification of 
ADHD and Autism Spectrum Disorder (ASD) 
through the combination of multimodal data on 
behavior and advanced artificial intelligence 
solutions. The framework essentially summarizes 
actual behavior cues on the basis of heterogeneous 
sources of data which include smartphones, wearable 
cameras and environment cameras that provide 
detailed information about the daily activities, 
socialization and cognitive behaviors in an 
individual. The raw data streams are processed to 
remove noise and missing data and to ensure cross-
modal consistency. This is subsequently followed by 
feature extraction procedures that help to extract 
useful behavioral indications that can be employed 

such as variability of attention, degree of motor 
activity, sleep disruptions and patterns of 
communication. These attributes are then fed into AI 
models, such as standard machine learning 
algorithms and deep learning systems, including 
recurrent and transformer-based networks, which are 
trained to learn temporal and contextual 
relationships in the data. The framework also 
considers multimodal fusion strategies, which 
combine different data sources to improve predictive 
accuracy and robustness. Additionally, elements of 
explainable AI (XAI) are included to make models 
more interpretable, so that clinicians can understand 
how models make predictions. It has not only been 
applied to support early detection but also facilitates 
sustained monitoring and individual intervention 
plans, which is why it is highly applicable in real-life 
clinical and home-based situations. 

Figure 1: AI-Driven Digital Phenotyping Framework for ADHD and ASD Detection 

3.1. Data Acquisition Layer 

The proposed framework is based upon Data 
Acquisition Layer because this layer allows the 
continuous real-time acquisition of multimodal 
behavioral data of various sources. These are 
smartphone sensors (e.g. GPS, accelerometers, 
gyroscopes, touchscreen, keystroke, app use, etc.), 
wearables (physiological and activity-based sensors 
like heart rate change, steps, sleep, movement 
patterns, etc.), as well as ambient sensors (e.g. audio, 
video, and contextual home or classroom sensors). 
The layer is expected to facilitate the unobtrusive and 
passive data gathering and, therefore, reduce the 
interventions and behavioral bias of the user as 
ecologically valid as possible. The continuous data 
collection also provides the possibility to monitor the 

behavioral pattern in the longitudinal terms, which is 
essential in identifying the minor early symptoms of 
ADHD and ASD. Moreover, it will include data 
streaming and edge computing capabilities in this 
layer to facilitate efficient real-time data recording 
and initial data processing. The disparity in device 
capabilities, the heterogeneity of data formats, and 
the variation in sampling rates have also become 
major challenges for integration. To address these 
issues, universal data schemes and interoperability 
standards are used.  

3.2. Feature Extraction and Processing Layer 

One of the important components is the Feature 
Extraction and Processing Layer, which transforms 
raw and high-dimensional sensor data to organized 
and meaningful behavioral patterns that may be 
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utilized to model AI. Firstly, it is preprocessed using 
noise filtering, signal smoothing, data normalisation, 
and imputation of missing data to improve data 
quality and consistency across modalities. 
Multimodal streams are also matched on time in 
order to give the contextual correspondence of 
behavioral events. After preprocessing, one performs 
feature extraction at both the low- and high-levels. 
They include statistical (e.g., mean, variance, 
entropy), temporal (e.g., activity rhythms, circadian 
rhythms, response latency), and domain-specific 
behavioral (e.g., variation in attention, indices of 
impulsivity, variability in motor activity, social 
interaction frequency) measures. Also, speech and 
audio characteristics, including tone, pitch, and 
speech rate, are determined to extract information 
relevant to communication with ASD. Subsequently 
even more sophisticated algorithms that include 
time-series analysis, frequency-domain analysis and 
a representation learning method based on 
autoencoders or embedding models are used to learn 
latent behavioral patterns. Other techniques include 
feature selection (e.g., dimensionality reduction (e.g., 
PCA)) and ranking feature importance to limit 
redundancy and enhance computational efficiency.  

3.3. Decision Layer Modeling and AI 

The analytical center of the framework is the AI 
Modeling and Decision Layer, in which the 
behavioral characteristics obtained are used to 
produce predictive models that diagnose ADHD and 
ASD at early stages. It executes classic machine 
learning models, such as Support Vector Machines 
(SVMs), Random Forests, and Gradient Boosting, as 
well as the latest deep learning models, including 
Convolutional Neural Networks (CNNs), Long 
Short-Term Memory (LSTM) networks, and 
transformer-based models. Such models can deal 
with the model of relationships between the 
characteristics of the data, and the intricate temporal 
dependence of longitudinal behavioral data. This 
layer is integrated with multimodal fusion techniques 
to incorporate information from other data sources, 
at the feature (early fusion), decision (late fusion), or 
a combination of the modalities, to increase 
predictive power and accuracy. The model training is 

performed over labeled datasets; and is normally 
trained using techniques of cross-validation and 
hyperparameter optimization to enhance 
generalization. In order to deal with the black-box of 
the complex models, explainable AI (XAI), i.e., SHAP, 
LIME, and attention-based visualization are 
suggested to be used in order to explain the features 
contribution and decision-making process. The 
outputs of this layer are probabilistic risk scores, 
labels (e.g., ADHD, ASD, or control), and 
understandable insights to support decision-making.  

4. METHODOLOGY 

The study methodology will focus on developing 
and testing a digital phenotyping framework that 
uses AI to detect ADHD and Autism Spectrum 
Disorder (ASD) at early stages. This starts with the 
multimodal data of smartphones, wearable 
computers and physical sensors that can specially 
track continuous behavioral data of activity levels, 
sleep, communication behavior and social 
interactions. These raw data streams are 
preprocessed by noise filtering mechanism, data 
normalization, and missing values input measures to 
guarantee the quality of data and data consistency. 
This will be followed by feature extraction to get 
behavioral biomarkers that have some meaning such 
as variability of attention, motor activity patterns and 
latency of response as well as indications of social 
engagement. Machine learning and deep learning 
models, including Random Forest, Support Vector 
Machines (SVM), Long Short-Memory (LSTM), and 
transformer-based architectures, can be trained and 
tested on the extracted features, thereby better 
representing the data's stationary and time-
dependent dependence. A multimodal fusion 
technique is employed to integrate data from diverse 
sources and improve predictive performance. To test 
the strength and generalizability, the model is tested 
with standard measurements, which are accuracy, 
precision, recall, F1-score, and ROC-AUC, and cross-
validation. In addition, explainable AI methods are 
integrated to interpret model outputs, providing 
transparency and enabling simple clinical decision-
making. 

Table 2: Methodological Framework for AI-Driven Digital Phenotyping 
Stage Description Techniques / Tools Used Output Challenges Addressed 

Data 
Collection 

Acquisition of continuous 
behavioral data from 

smartphones, wearables, 
and sensors 

Mobile sensing, IoT devices, APIs Raw multimodal 
datasets 

Data heterogeneity, real-
world variability 

Data 
Preprocessing 

Cleaning and preparing 
raw data for analysis 

Noise filtering, normalization, and 
imputation 

Structured and 
consistent data 

Missing values, noise, 
inconsistencies 

Feature 
Extraction 

Deriving meaningful 
behavioral indicators 

Time-series analysis, statistical 
features, representation learning 

Behavioral biomarkers High-dimensional data 
complexity 

Feature Identifying relevant PCA, correlation analysis, and Reduced feature set Overfitting, redundancy 
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Selection features for modeling feature importance methods 

Model 
Development 

Training AI models for 
prediction 

SVM, Random Forest, CNN, LSTM, 
Transformers 

Trained predictive 
models 

Capturing temporal and 
multimodal patterns 

Multimodal 
Fusion 

Integration of different 
data sources 

Early fusion, late fusion, hybrid 
fusion 

Unified feature 
representation 

Data integration 
complexity 

Model 
Evaluation 

Assessing performance and 
reliability 

Accuracy, Precision, Recall, F1-score, 
ROC-AUC, Cross-validation 

Performance metrics Model generalizability 

Explainability 
(XAI) 

Interpreting model 
decisions 

SHAP, LIME, attention visualization Explainable insights Lack of transparency 

Deployment Integration into real-world 
systems 

Cloud platforms, mobile apps Clinical decision 
support system 

Scalability, privacy 
concerns 

5. PROPOSED AI-DRIVEN FRAMEWORK 

The proposed AI-assisted system is designed as an 
end-to-end intelligent system, which has the guts to 
apply the digital phenotyping to identify the ADHD 
and Autism Spectrum Disorder (ASD) in the early 
stages of the disease by actively monitoring the 
behavior of the body in a multimodal manner. This 
system is a conglomerate of heterogeneous sources of 
information, smart phone interactions, wearable 
sensor data and environmental input, to create a 
complete picture of behavior among people in the 
real world. Having a robust data ingestion pipeline 
ensures that these data streams are ingested and 
synchronized successfully and then preprocessing 
algorithms that are of high level are applied to 
address noise, missing values, and anomalies in time. 
The nature of the framework lies in the fact that it 
eliminates high-dimensional behavioral traits and 
transforms it into clinically relevant digital 

biomarkers using the feature engineering and 
representation learning techniques. A hybrid AI 
modelling layer then processes them, combining 
traditional machine learning methods with deep 
learning architectures such as LSTM and 
transformer-based networks to enable both to capture 
temporal dynamics and contextual dependencies. It 
is also the multimodal fusion strategies that can 
contribute to prediction performance by combining 
complementary information across data modalities 
within the framework. In addition, elements of 
explainable AI (XAI) are incorporated to provide 
transparency and interpretability of model decisions, 
making it easier to achieve clinical trust and 
acceptance. The final product is delivered in the 
shape of a decision support system, which generates 
risk scores, classification tags, and actionable insights 
that will help in the early intervention and 
personalized care planning. 

 
Figure 2: Proposed AI-Driven Digital Phenotyping Framework Architecture

5.1. Ingestion and Integration Layer of Data 

The foundation of the proposed framework is the 
Data Ingestion and Integration Layer, which can 
acquire heterogeneous behavioral data in an ongoing, 
scalable manner by integrating data from multiple 
sources. They include smartphones (application 
usage patterns, dynamic typing, screen time, GPS), 
wearables (physical activity, changes in heart rate, 

sleep patterns), and environmental/ambient sensors 
(audio signal capture, facial and contextual cues). It is 
designed to support real-time and non-real-time data 
collection through APIs, edge equipment, and IoT-
based streaming pipelines, ensuring that data 
collection latency is kept as low as possible. The layer 
is the one that plays a critical role of temporal 
synchronization where data streams in different 
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modalities have timestamps assigned to them so as to 
provide contextual coherence among behavioral 
events. Further, mechanisms for data integration 
translate diverse data types into a single schema, 
enabling interoperability and downstream 
processing efficiency. Advanced data buffering and 
stream processing systems, such as message queues 
and distributed ingestion systems, process high-
frequency data streams.  

5.2. Multimodal Fusion and Intelligent Feature 
Engineering 

Intelligent Feature Engineering Multimodal Fusion 
component is highly essential in transforming raw 
high dimensional sensor data into discernible 
behavioral representations as well as meaning. It is 
then accompanied by preprocessing software such as 
noise, signal smoothing, normalization and missing 
value imputation to enhance the quality and 
consistency of the data. This is then followed by 
feature extraction methods that extract both low-level 
and high-level features. They are temporal (e.g., 
rhythm of activities, circadian cycle, latency of 
responses), statistical (mean, variance, entropy), and 
measures of behavioral domains, including the 
variability of attention, measures of impulsivity, and 
frequency of socialization. Latent behavioral patterns 
can also be learned using more sophisticated 
techniques of representation learning, including 
autoencoders, embedding models, etc. Multi-modal 
fusion strategies are applied within the framework to 
exploit information across multiple modalities 
effectively. Early fusion combines properties at the 
input, and late fusion combines the predictions of the 
individual models by modality. The hybrid fusion 
strategy is also superior in performance because it 
combines the two strategies. To dynamically weigh 
the importance of each modality, attention-based 
fusion mechanisms and transformer architectures can 
be used.  

5.3. Artificial Intelligence Modelling, Decision 
Support, and Explainability 

The analytical core of the framework is the AI 
Modelling, Explainability, and Decision Support 
layer, which provides predictive intelligence based 
on the designed features. This layer is a composite of 
both classic machine learning models, such as 
Random Forest, Support Vector Machines (SVMs), 
and Gradient Boosting, as well as new deep learning 
models, such as Long Short-Term Memory (LSTM) 
networks, Convolutional Neural Networks (CNNs), 
and transformer-based models. The models have 
been designed to eliminate fixed behavioral 
properties and time-varying relationships in 

longitudinal data. Supervised or semi-supervised 
Model training Model training Model training is 
supervised or semi-supervised training, where the 
input is clinically labeled datasets, and optimization 
techniques (and cross-validation and 
hyperparameter optimization) are applied to increase 
performance and generalization. The framework uses 
explainable AI (XAI) methods to address the fact that 
AI models cannot be explained. SHAP (SHapley 
Additive explanations), LIME and attention 
visualization tools can help understand the 
contribution of features and decision-making 
processes that enable them to be easier to digest and 
used by clinicians. An intelligent clinical decision 
support eventually provides the final deliverables 
which include risk indexes, categorization names, 
and predictions.  

6. DISCUSSION 

The suggested AI-based digital phenotyping 
framework demonstrates a high potential of altering 
the current practice of detecting and monitoring early 
ADHD and Autism Spectrum Disorder (ASD) 
because it presupposes the replacement of the 
traditional episodic approach to assessing the threat 
with the continuous and data-driven analysis of 
behavior. The possibility of measuring actual 
behavioral dynamics with the assistance of passive 
sensing equipment and increase the ecological 
validity and reduce the use of subjective clinical 
observations are among the most important 
advantages of the approach. The system will enable 
individuals to understand better how people behave 
in different circumstances and at different times by 
using multimodal datasets, such as smartphone 
interactions, wearable sensor data, and 
environmental data. The added value of state-of-the-
art machine learning and deep learning models may 
also enhance the capability of the system to identify 
small trends of behavior, and the time of relationship 
which may be symptomatic of an early 
neurodevelopmental condition. Moreover, the 
multimodal fusion techniques could be adopted 
thereby allowing the complementary benefits of 
different streams of information to be utilized and 
therefore greater predictive strength and power. 
Introducing explainable AI (XAI) considerations is 
particularly vital to narrowing the gap between 
clinical practice and computational intelligence 
because it provides insight into model decision-
making mechanisms. This does not only enhance the 
degree of trust among the clinicians but also 
facilitates the interpretation of the behavioral 
biomarkers that may be applied to obtain superior 
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diagnostic and intervention measures. Subsequently, 
the framework presents a paradigm shift of mental 
healthcare solutions, which are proactive, 
personalized, and scalable. 

Alongside these positive changes, several 
constraints and issues must be considered to ensure 
the feasibility of implementing and sustaining AI-
driven digital phenotyping systems. One of the key 
concerns is the data privacy and security as the 
continuous accumulation of behavioral and 
physiological data that is sensitive to behavior 
subjects ethics and regulations particularly when it 
comes to children and vulnerable populations. Such 
risks are to be mitigated with the help of high-quality 
data protection (encryption and anonymization and 
secure access control). Moreover, the inherent nature 
of data sources, where every different demographic 
could have different behavioral patterns might be 
biased. It could affect the model's generalizability, 
which should be trained on a diverse, representative 
dataset. Another point of heated debate is the 
standardization of methodologies as the differences 
in data collection guidelines, feature engineering 
procedures and measures of evaluation can hinder 
the reproducibility and comparisons across the 
studies. Additionally, deep learning models can be 
difficult to interpret and hard to deploy in real time 
due to their inherent uninterpretability, yet they are 
highly accurate in their predictions. The issues 
require developing light yet efficient models and 
integrating powerful explainability techniques. 
Future research must also examine the scale of large-
scale longitudinal research, electronic health records 
integration, and the regulatory framework to 
facilitate safe and ethical application in real-world 
healthcare institutions. 

7. FUTURE RESEARCH DIRECTIONS 

The application of AI-based digital phenotyping to 
early ADHD and Autism Spectrum Disorder (ASD) 
diagnosis has a large potential in further research, 
especially in terms of scalability, personalization, and 
clinical integration. Although existing frameworks 
have shown promising results, a shift to real health 
care systems that are reliable across diverse 
populations and settings is necessary. The future 
studies must be aimed at building powerful and 
longitudinal datasets, which will entail variations in 
behaviors of different age groups, cultural 
backgrounds, and socioeconomic statuses to enhance 
the model generalizability [21]. Moreover, the 
implementation of digital phenotyping systems can 
improve diagnostic accuracy and enable ongoing 
patient monitoring when integrated with electronic 

health records (EHRs) and clinical workflows [22]. 
Further developments in the field of edge computing 
and federated learning will allow conducting 
privacy-sensitive, decentralized data analysis, which 
will address the most important issues with data 
security and compliance [23]. Another critical line of 
direction is to enhance the explainability and 
interpretability of AI models to foster transparency 
and trust among clinicians [24]. Moreover, there will 
be a need to have interdisciplinary collaboration of AI 
researchers, clinicians, psychologists, and 
policymakers to set standardized protocols and 
regulatory frameworks on the safe and ethical 
deployment [25]. On balance, the next wave of 
research should focus on developing an adaptive, 
patient-centred system that not only identifies the 
disorder at its initial stage but also supports the 
development of the individual intervention plan and 
the long-term monitoring of behavior. 

7.1. Constructing Longitudinal Data on a Large 
Scale 

One of the most important areas of future research, 
the development of the large-scale data collections, 
which would be able to report the behavioral patterns 
over the long period of time, should be included. The 
general inclination of the current research is to use 
small cross-sectional groups of data that cannot 
represent the dynamic neurodevelopmental 
disorders like ADHD and ASD. The longitudinal data 
may be documented to give additional information 
on behavioral change, interventions response, and 
symptom progression. Such data sets will include 
many people of diverse ages, cultural backgrounds, 
and social statuses to strengthen the model and make 
it fairer. Further, the richness of such datasets can be 
improved by multimodal information, including 
physiological events, the interaction between 
behavioral processes or environmental factors. 
Nonetheless, storage, annotation, and handling of 
such data are being correlated with the issues of 
storage, annotation, and privacy. One could resolve 
the problem of data scarcity and the annotation 
expense by developing automated labeling 
techniques, semi-supervised learning and artificial 
data generation in the future. Having standardized 
benchmarks and open-access datasets will be 
essential in also allowing the reproducibility and 
comparative analysis of AI models in the specified 
field. 

7.2. Federated and Privacy-Preserving Learning 

Digital phenotyping heavily depends on the 
constant gathering of sensitive behavioral and 
physiological data, which is why the issue of privacy 
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and security is one of the central concerns. Future 
studies ought to be conducted to design privacy-
harnessing AI methods, especially federated 
learning, which enables models to be trained with 
decentralized sources of data instead of transferring 
the raw data to a centralized server. This strategy not 
only improves data security but also supports cross-
institutional collaboration in a manner that is 
sufficiently compliant with regulatory frameworks. 
Differential privacy, secure multi-party computation, 
and homomorphic encryption are techniques that 
could enhance data protection systems. Also, there is 
a need to conduct research to address the problems of 
communication overhead, model convergence, and 
heterogeneity in the distributed data environment. 
Federated learning can be used alongside edge 
computing to enable real-time, on-device analysis 
and reduce latency and bandwidth consumption. 
These innovations will be instrumental in restoring 
trust in the minds of the users and stakeholders, 
which will eventually result in the popularization of 
AI-based digital phenotyping systems. 

7.3. Clarifiable and Reliable AI Systems 

Transparency and interpretability of models are 
important, as the application of AI in a clinical setting 
is premised on these features. The second research 
area should focus on developing comprehensible and 
trustworthy AI systems that provide a clear picture of 
the decision-making process. Even though there are 
already explainable methods, such as SHAP, LIME, 
and attention visualization, they do have some extent 
of visibility, but, at the same time, they are not always 
reliable. They cannot always explain the complex 
model behavior. There is a need for more powerful, 
domain-focused, clinically relevant models specific to 
neurodevelopmental conditions, so that clinicians 
can better understand the relationship between 
conduct traits and diagnostic findings. Furthermore, 
the methods for quantifying the uncertainty of model 
predictions should be studied, enabling clinicians to 
draw appropriate conclusions based on the degree of 
confidence. The inclusion of human-in-the-loop 
systems to interact between clinicians and model 
outputs, and to refine them, can further promote trust 
and usability. Standard measures of evaluation on 
explainability and fairness will also be vital towards 
developing responsible AI use in healthcare. 

7.4. Clinical Workflow  

AI-enabled digital phenotyping systems must 
overcome a significant challenge in separating 
research and practice. The integration of these 
frameworks into existing clinical practice should be 
the focus of future research, as it is necessary to 

ensure that AI systems and medical personnel do not 
conflict. This entails developing user-friendly 
interfaces, real-time dashboards, and decision-
support tools that are easy for clinicians to 
understand. The effectiveness, reliability, and safety 
of these systems should also be assessed through 
large-scale clinical trials to ascertain their 
performance in practice. Also, through research, 
regulatory and ethical issues (including compliance 
with healthcare standards and guidelines) should be 
considered. Besides, long-term performance in 
addition to personalization is also available through 
incorporation of adaptive learning systems that keep 
the models updated with new data. To make the 
deployment of AI-powered digital phenotyping 
systems an inseparable component of the modern 
healthcare infrastructure, implementation challenges 
can be addressed in the future. 

8. CONCLUSION 

The research article will offer an AI-powered 
digital phenotyping model to early identify Attention 
Deficit Hyperactivity Disorder (ADHD) and Autism 
Spectrum Disorder (ASD), which outsmarts the 
imperfections of the traditional diagnostic means. 
The proposed framework can be used to conduct 
objective, scalable, and data-based measurements of 
neurodevelopmental conditions using constant and 
empirical behavioral data, which is recorded using 
smartphones, wearable technologies, and 
environmental sensors. The implementation of the 
latest machine learning and deep learning models, 
along with multimodal data fusion algorithms, can 
enable the system to identify the complex behavioral 
patterns and time dynamics associated with the 
disorders. In addition, explainable AI mechanisms 
will promote transparency and interpretability, 
thereby facilitating clinical trust and adoption. The 
studies highlight the paradigm shift that digital 
phenotyping is capable of making towards 
transforming healthcare into reactive diagnosis and 
active and personalized intervention. Despite certain 
challenges linked to the problems of data privacy, 
standardization, and generalizability of the model, 
the framework provides a sound platform on which 
the future evolution of intelligent healthcare systems 
could be grounded. There can be increased 
interdisciplinary collaboration as more studies are 
conducted, and, in particular, when ethically 
implemented, AI-based digital phenotyping can be 
more helpful for early diagnosis, treatment planning, 
and long-term follow-up of ADHD and ASD, 
resulting in better patient outcomes and effective 
medical care delivery. 



5112 AI-DRIVEN DIGITAL PHENOTYPING FOR EARLY DETECTION OF ADHD AND AUTISM SPECTRUM 

SCIENTIFIC CULTURE, Vol. 12, No 1.1, (2026), pp. 5103-5113 

REFERENCES 

[1] Joyce-Beaulieu, D., & Sulkowski, M. L. (2016). The Diagnostic and Statistical Manual of Mental Disorders 
(DSM-5) model of impairment. In Assessing impairment: From theory to practice (pp. 167-189). Boston, 
MA: Springer US. 

[2] Insel, T. R. (2017). Digital phenotyping: technology for a new science of behavior. Jama, 318(13), 1215-1216. 
[3] Huckvale, K., Venkatesh, S., & Christensen, H. (2019). Toward clinical digital phenotyping: a timely 

opportunity to consider purpose, quality, and safety. NPJ digital medicine, 2(1), 88. 
[4] Lane, N. D., Mohammod, M., Lin, M., Yang, X., Lu, H., Ali, S., ... & Campbell, A. (2011, May). Bewell: A 

smartphone application to monitor, model and promote wellbeing. In 5th international ICST conference 
on pervasive computing technologies for healthcare (Vol. 10). 

[5] Lange, K. W., Reichl, S., Lange, K. M., Tucha, L., & Tucha, O. (2010). The history of attention deficit 
hyperactivity disorder. ADHD Attention Deficit and Hyperactivity Disorders, 2(4), 241-255. 

[6] Bone, D., Bishop, S. L., Black, M. P., Goodwin, M. S., Lord, C., & Narayanan, S. S. (2016). Use of machine 
learning to improve autism screening and diagnostic instruments: Effectiveness, efficiency, and multi‐
instrument fusion. Journal of Child Psychology and Psychiatry, 57(8), 927-937. 

[7] Birk, R. H., & Samuel, G. (2022). Digital phenotyping for mental health: reviewing the challenges of using 
data to monitor and predict mental health problems. Current psychiatry reports, 24(10), 523-528. 

[8] Rocher, L., Hendrickx, J. M., & De Montjoye, Y. A. (2019). Estimating the success of re-identifications in 
incomplete datasets using generative models. Nature communications, 10(1), 3069. 

[9] Opel, N., & Breakspear, M. (2026). Transforming mental health research and care through artificial 
intelligence. Science, 391(6782), 249-258. 

[10] Shatte, A. B., Hutchinson, D. M., & Teague, S. J. (2019). Machine learning in mental health: a scoping review 
of methods and applications. Psychological medicine, 49(9), 1426-1448. 

[11] Svenaeus, F. (2014). Diagnosing mental disorders and saving the normal: American Psychiatric Association, 
2013. Diagnostic and statistical manual of mental disorders, American Psychiatric Publishing: 
Washington, DC. 991 pp., ISBN: 978-0890425558. Price: $122.70. Medicine, Health Care and Philosophy, 
17(2), 241-244. 

[12] Shen, F. X., Baum, M. L., Martinez-Martin, N., Miner, A. S., Abraham, M., Brownstein, C. A., ... & Silverman, 
B. C. (2024). Returning individual research results from digital phenotyping in psychiatry. The 
American Journal of Bioethics, 24(2), 69-90. 

[13] Erkan, U., & Thanh, D. N. (2019). Autism spectrum disorder detection with machine learning methods. 
Current Psychiatry Research and Reviews Formerly: Current Psychiatry Reviews, 15(4), 297-308. 

[14] Cai, L., Gao, J., & Zhao, D. (2020). A review of the application of deep learning in medical image 
classification and segmentation. Annals of translational medicine, 8(11), 713. 

[15] Caruana, N., Stieglitz Ham, H., Brock, J., Woolgar, A., Kloth, N., Palermo, R., & McArthur, G. (2018). Joint 
attention difficulties in autistic adults: An interactive eye-tracking study. Autism, 22(4), 502-512. 

[16] Oller, D. K., Niyogi, P., Gray, S., Richards, J. A., Gilkerson, J., Xu, D., ... & Warren, S. F. (2010). Automated 
vocal analysis of naturalistic recordings from children with autism, language delay, and typical 
development. Proceedings of the National Academy of Sciences, 107(30), 13354-13359. 

[17] Dcouto, S. S., & Pradeepkandhasamy, J. (2024). Multimodal deep learning in early autism detection, recent 
advances and challenges. Engineering Proceedings, 59(1), 205. 

[18] McMahan, B., Moore, E., Ramage, D., Hampson, S., & y Arcas, B. A. (2017, April). Communication-efficient 
learning of deep networks from decentralized data. In Artificial intelligence and statistics (pp. 1273-1282). 
Pmlr. 

[19] Guidotti, R., Monreale, A., Ruggieri, S., Turini, F., Giannotti, F., & Pedreschi, D. (2018). A survey of methods 
for explaining black box models. ACM computing surveys (CSUR), 51(5), 1-42. 

[20] Holzinger, A. (2018, August). From machine learning to explainable AI. In 2018, the World Symposium on 
Digital Intelligence for Systems and Machines (DISA) (pp. 55-66). IEEE. 

[21] Huckvale, K., Torous, J., & Larsen, M. E. (2019). Assessment of the data sharing and privacy practices of 
smartphone apps for depression and smoking cessation. JAMA network open, 2(4), e192542-e192542. 

[22] Goldstein, N. D. (2023). A Researcher's Guide to Using Electronic Health Records: From Planning to Presentation. 
CRC Press. 

[23] Yang, Q., Liu, Y., Chen, T., & Tong, Y. (2019). Federated machine learning: Concept and applications. ACM 



5113 Praveen Kumar Vayyasi 

SCIENTIFIC CULTURE, Vol. 12, No 1.1, (2026), pp. 5103-5113 

 

Transactions on Intelligent Systems and Technology (TIST), 10(2), 1-19. 
[24] Lipton, Z. C. (2018). The mythos of model interpretability: In machine learning, the concept of 

interpretability is both important and slippery. Queue, 16(3), 31-57. 
[25] Topol, E. (2019). Deep medicine: how artificial intelligence can make healthcare human again. Hachette UK. 

 

 

 


