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ABSTRACT  
Treatment of autism spectrum disorder (ASD) is challenging particularly as it pertains to continual 
expression of behaviour or emotions. The traditional clinical evaluation is periodic and subjective 
and is not able to give timely inputs for the interventions. In this study, a novel concept on “digital 
health” has been proposed which aims to achieve objective and continuous effective, automated 
monitoring in the field of autism using wearables IoT (IoT Healthcare Devices) and advanced Artificial 
Intelligence techniques. The framework also handles heart rate, electrodermal, temperature and 
movement to perform highly-comprehensive behavioural analysis. Three Al models (Random Forest 
(RF), Support Vector Machine (SVM) and Long Short-Term Memory (LSTM)) were used to determine 
the models' predictive ability. Results prove that the LSTM model outperforms the RF (89%) and SVM 
(85%) models in recognition behavior with sequential data having highest accuracy of 93%. With high 
precision, recall, and F1-score, the framework shows its consistency, allowing real-time monitoring. 
These results demonstrate the potential of wearable technology and deep learning to help provide 
data for personalized interventions that will optimise care and developmental outcomes for children 
with autism, provided in advance and by caregivers and health care workers. 
 
Keywords: Autism Spectrum Disorder (ASD), Wearable Internet of Things (Iot), Artificial Intelligence 
(AI), Emotion Recognition, Behaviour Prediction. 

 
INTRODUCTION 

Autism Spectrum Disorder (ASD) is a complex 
disorder in neurodevelopment where 

individuals find it challenging to interact 
socially, difficult to manage the repetitive 

behaviors, changes in emotional regulation and 
sensory process control. According to The 

World Health Organization (WHO), about one 

out of 100 children worldwide is diagnosed with 
autism and monitoring, as well as autism 
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interventions, is critical (Coelho et al., 2023; 
Qin et al., 2024) Traditional assessors' methods 

for children with autism simply make periodic 
visits, and they will get reports from caregivers 

which presents their children's behaviors and 

might not truthfully show the changes of the 
children's emotions and daily activity (Egger et 

al., 2018). For this reason, its improvement for 
solutions that feature constant, objective and 

personal monitoring is sought increasingly. The 
opportunities of supporting children with autism 

based on real time data and intelligent analysis 

is provided by recent advancements in 
technologies of Internet of Things (IoT) in 

wearables and Artificial Intelligence (AI) 
(Bouchouras & Kotis, 2025). These devices 

(worn) have a built-in sensor, such as...skin 

temperature sensor; heart-rate sensor; 
accelerometer, so that it can monitor these 

variables continuously while also not interfering 
with the person's daily activities. AI algorithms, 

such as machine learning and deep learning 
models, can assist in interpreting these data to 

identify emotional states, uncover behavioral 

patterns and proactively predict behavioral 
changes or areas of potential stress(Bates, 

2025; Ćosić et al., 2024) In this study, we will 
propose a new methodology for monitoring, 

recognizing, and predicting, in the example of 

children with autism, child behaviours and 
emotions in continuous-time by using wearable 

IoT devices, analytics and AI(Islam et al., 
2024). The key overall objective of the 

framework is to further improve early 

intervention practice by providing available and 
actionable information for healthcare 

practitioners and carers that will provide insight 
into children's behaviours, emotional state and 

physical activity (Saliba et al., 2023). Another 
objective in the proposed system will be to 

improve personalized health care by providing 

adaptive support to take on account the 
personality of the specific child from the 

behavioral profile (Larsen & Magnus, 2024). In 
general, this research works towards 

developing intelligent healthcare technologies 

that continuously monitor, enabling 
independent living and wellbeing of children 

with autism and informed clinical decision-
making. 

 
LITERATURE REVIEW  

This study aims to address the shortcomings of 

such an AI model and conduct real-time, 
noninvasive, behavioral analysis of such a 

model whilst maintain Federated AI 

characteristics such as explainability. All these 

are federated federated IoT wearables with 
differential privacy lightening a significant 

portion of the safety and latency issues of 
wearables data to centralized cloud-based 

system whilst still enabling a method of 

longitudinal-based monitoring: (Hasan, 2025). 
Additionally, it has been designed with Edge-

based anomaly detection to provide real-time 
notifications for healthcare providers, enabling 

timely interventions with clear and actionable 
insights (Atikul & Salman, 2025; Khan, 2025). 

It is also 12% more effective in making 

predictions compared to the traditional models 
that were implemented in the environment of 

the cloud-only settings and is also reduced in 
the system latency by 58% (Islam & Khan, 

2025; Atikul & Salman, 2025). Furthermore, 

with the deployment of the distributed edge 
nodes that works on collaborative learning, the 

exchange of models would not imply sharing of 
raw physiological information or movement 

information, thus avoiding privacy issues 
around healthcare information in children. This 

model is explainable, human-centric, with 

explainable dashboards, to allow trust in the 
model from clinician end-users as the model de-

mystifies the complex behaviour signals, it also 
provides clear and actionable workforce 

recommendations (Banwari & Mehedi 2025a 

and 2025b). The coordinated cooperation of 
various layers brings out the possibility of 

federated-edge systems in enhancing clinical 
responsiveness and ensuring ethical 

accountability (Rowla & Mahmood, 2025). This 

model can be a viable alternative for future 
tests, and development in the field of 

behavioral health informatics and not just for 
autism. 

In this way, this parameter will be able to 
conduct real-time actions on data and offer 

long-term diagnostic options, bringing a new 

era of proactive behavioral increase prevention 
as described in Islam (2025). Furthermore, its 

ability to relate multi-modal data flows also 
helps enhance workforce plans, for optimal 

resource allocation based on the patients' 

needs (Atikul, 2025; Sharif & Mishal, 2025). It 
employs a hybrid approach combining both 

Bayesian and reinforcement learning model to 
optimize such predictions, minimize false 

positives, and ensure that it complies with the 
ethical advice regarding the use of AI (Khan, 

2025). This results in a seamless and holistic 

solution that is among the earliest clinical 
autonomy and uninterrupted, dependable data 

gathering and not at the cost of patient safety 
(Salman 2025a, 2025b). These types of results 
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will be increasingly sought in the longitudinal 
context, especially, the in vivo clinical context, 

and the values of edge intelligence in dynamic 
behavioural contexts will become even better 

entrenched in the future (Atikul, 2025; Khan, 

2025). Moreover, technical issues like sensor 
sampling frequencies and timing among various 

and remote groups of sensors should also be 
addressed to allow smooth operation with the 

finite hardware facilities. Audio-visual 
behaviour modelling and multi-view facial 

recognition will also be adopted in the long-

term perspective, and the purpose of adding 
more intricate pieces in the process of 

identifying the symptomatic target patterns 
(Das et al., 2024). 

In addition, harmonized pipelines for data 

anonymization and model robustness will be 
critical to enable the broader models to be used 

at large scale in clinical workflows, where 
models will need to be robust and provide 

accurate diagnostics whilst also being sensitive 
and specific in meeting the patient 

requirement, such as in automated diagnostics 

(Washington et al., 2021). In part, these 
advances in model interpretability are in 

response to the fear that biosensors will 
generate too much information for a clinician to 

interpret - especially in the case of an 

Immediacy of Behavior crisis (Imbiriba et al., 
2023). Furthermore, it will be important to 

conduct longitudinal trials or study of the 
effectiveness of such intervention to determine 

how it performs over the time and its 

effectiveness compared to the traditional, 
diagnostic devices (Bedmutha, 2025). The 

above model will be tested over a longer period 
by increasing the diversity and size of the talent 

groups studied and observed which will be 
important to validate the applicability of talent 

groups to bigger clinical groups (Song et al., 

2024). Moreover, the accuracy improvement 
and combination of epigenetic measures with 

genomic control signals might aid in the 
understanding of complicated mechanisms that 

contribute to autism spectrum disorders (ASDs) 

(Kannan et al., 2024). The key integration of 
the various biomarkers (including eye-tracking 

and body movement analysis) still needs to be 
done to build a view on the sensory and 

complex and idiosyncratic expressions of those 
with Autistic Spectrum Disorders (ASD) 

(Francese & Yang, 2021). Moreover, automatic 

recognition of the symptoms can be improved 
by the usage of high computer vision option to 

determine the number of repetition of the 
stimming program and the intensity of the 

repetition at an appropriate manner (Deng et 
al., 2023). Lastly, a new study should include a 

standardized clinical instrument, such as the 
ADOS-2, that enables correlating the 

technological progress to language skills of age 

cohorts (Alcaniz et al., 2020). 
Furthermore, in this architecture the application 

of benchmark datasets will facilitate the 
benchmarking of the performance of the 

participants in different studies to leave fully 
controlled laboratory environments and move 

towards fully free and natural environment 

settings (Belen et al., 2020). Like any change, 
new challenges and considerations in the 

healthcare environment are also introduced, 
including privacy and ethical considerations, 

which AI-driven monitoring systems will have to 

overcome and establish as a part of the practice 
in real-life situations and without violating the 

rights of patients. Some of these factors should 
be explored further, including privacy and 

ethical concerns, to make sure that AI-
supported surveillance in a healthcare 

environment avoids violating the rights of 

patients in a real-world environment (Juganta 
et al., 2023). Moreover, the use of explainable 

AI models that allow AI-driven insights to be 
readily adopted and adapted to the clinical 

context is essential to ensure their easy 

adoption and comprehension that, in turn, will 
make the decision-making process clear to 

healthcare professionals (Patil et al., 2025; 
Subhash and Ashwinkumar, 2025). An 

important aspect that needs to be stressed is 

the time series synchronization of AI and IoT 
sensors when detecting numerous composite 

behaviours along time, hence enhancing the 
promptness in observing numerical anomalies, 

especially in paediatric and adult setting. 
Finally, another recommendation will involve 

applying advanced classification methods such 

as fusion model, which integrates benefits of 
Convolutional to the spatial feature and 

Recurrent, which is more involved with time, to 
improve the effective classification of different 

behavioral patterns and avoid classification 

mistakes (Amirbay et al., 2025). The negative 
side of such high-order deep learning 

algorithms is they consume more 
computational resources (Pan & Foroughi, 

2024); efficiency and optimization on the edge 
and low level hardware is necessary to maintain 

real time diagnostics. The following stages of 

the study should be aimed at testing other 
models that are more appropriate to identify 

abnormal motor activity using lightweight latent 
variables and still be able to predict brain 
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activity (Milano et al., 2023). All these 
optimizations should be done concurrently with 

developing comprehensive data sets which are 
annotated throughout the development process 

and also tested under diverse conditions as 

incomplete and inconsistently annotated data 
would limit the scope of generalization of the 

models (Kim et al., 2025; Lakkapragada et al., 
2022). 

Equal number of cases and controls (balanced 
design) should be promoted to avert the issue 

highlighted above in case of Prospective design 

to achieve maximum sensitivity and specificity 
of a diagnostic classifier (Wall et al., 2012). 

Simultaneously, a game-like assessment 
context may help to "remove the noises" from 

the data, as infants' behavior will be more 

natural and not produce artifacts due to the 
stress of a clinical context (Luongo et al., 2024). 

Also, their environmental impact and their 
financial concerns are vital requirements in 

order to be sustainable and long term usage in 
health settings (Ramamurthy et al., 2024). 

When developing or integrating the above-

mentioned technologies into existing clinical 
workflow, caution needs to be used to avoid 

replacing entirely human-based diagnostic 
reasoning and reasoning processes, but 

utilizing these technologies to improve the 

reasoning process can promote effective and 
accurate screening (Reich et al., 2021). Also, 

ease-of-use and system upgradability imply 
that the shift towards CANTABs-based usage in 

low-resource settings is quite probable, as they 

are long overdue to screen potential problems 
with neurodevelopment, and do it when 

children are still still minors to ensure their 
timely intervention (Turner and Sharkey, 2024). 

This decentralisation removes mysticism from 
the hierarchy and oppression of a clinic and its 

hierarchies, and puts the diagnostic technology 

in a more democratic context to reduce 
inequities in the provision of child health 

services. Researchers should however be 
careful about the imbalances of representation 

in the representation of these diagnostic 

models since it indicates that it may not be very 
generalizable globally (Deng et al., 2025). 

 
METHODOLOGY 

Based on the process of developing the product 

so as to decide the quality of the developed 
product in the evaluation process, the method 

of research used in this study is quantitative 
research that uses data sources secondary 

data. Publicly available datasets of wearables' 

sensors, rather than creating new datasets, will 

be employed in an autism specific context 
(Kalantarian et al., 2020). Physiological and 

movement data including accelerometer data, 
heart rate, electrodermal activity and body 

temperature data and information about which 

activity is being performed are included in the 
datasets for machine learning (Bhatt et al., 

2023). The study is going to be conducted in 
Python programming language in Jupyter 

Notebooks (Aditya et al., 2023). Data 
preprocessing and Data cleaning, Data Feature 

extraction and Data Statistical Analysis will be 

done using python libraries such as Pandas and 
NumPy. To predict the behaviors from temporal 

sensor readings, and recognize emotion in the 
process, deep learning models such as LSTMs 

and CNNs can be coded in TensorFlow and/or 

Keras (Nguyen et al., 2019). 
Data pre-processing involving handling of 

missing values, outlier detection, normalization 
of data acquired from the sensor and encoding 

of data for scale values will be the first step in 
the coding process. The meaningful behavioral 

indicators will then be extracted from wearable 

sensor using feature engineering techniques. 
The data set will be divided into 80% training 

data and 20% testing data, to know how how 
the models will perform (Mousavi & Šelmić, 

2023). According to the outcome of the 

classification algorithms, a confusion matrix 
and various performance metrics including 

accuracy, precision, recall and F1-score will be 
used to describe the performance of the 

classifiers: Random Forest, Support Vector 

Machine (SVM) and LSTM (Alhazmi et al., 
2024). The proposed Digital health system will 

combine with the input from the sensors, 
generated through IoT, with the prediction 

systems through AI technology, to simulate the 
continuous monitoring and prediction of 

behaviors (Shah et al., 2025). To ensure ethical 

concerns, the data collected are anonymised 
and a secondary use data set (that is not in the 

public domain and does not contain personally 
identifiable information). With this 

methodology, the goal of implementing a 

scalable and economical in healthcare domain 
and reproducible in various clinical settings with 

AI to track behaviour and/or expression 
change, in the case of a child with autism 

wearing IoT can be defined (Pan & Foroughi, 
2024). 

 
DATA ANALYSIS  

Data analysis was done with Python 

programming in Jupyter notebook environment 

to evaluate the proposed digital health 
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framework for continuous monitoring of 
activities, recognizing emotions and predicting 

behaviours of children with Autism Spectrum 
Disorder (ASD). The data used consisted of 

secondary data retrieved from public sources of 

datasets related to the field of the wearable 
Internet of Things (IoT) and autism(Amiri et al., 

2017). Physiological and activity data such as 
heart rate, accelerometer, electrodermal 

activity (EDA), skin temperature and labelled 
behaviour and emotional states were all 

categorized as within these datasets. The 

objective of the analysis aim was to cleanse the 
raw data acquired from the wearable sensor, 

process it to extract the relevant information 
and present it to train Artificial Intelligence (AI) 

models that would be able to distinguish 

between emotions and predict behavioral 
changes (Wang et al., 2023). 

Data exploration and data preprocessing is the 
first phase of analysis which was followed up by 

this process. The data was then loaded to 
Python using Pandas, to use for data 

exploration of data structure, data types, data 

quality (Heinisch et al., 2024). To know the 
characteristics of each physiological feature, 

statistical information such as mean, median, 
standard deviation, the minimum and 

maximum values were produced from the 

descriptive statistics. Histograms and box plots 
were visually used to test for abnormal 

distributions and outliers were identified with 
distributions (Hoque et al., 2024). There were 

missing values for the physiological variables 

which were detected and treated as if non-
missing (as appropriate). To avoid any 

duplication of observations and to enhance the 
accuracy of the analysis, the repeated 

observations were discarded. It has been 
observed that there exist a few suspected 

continuous variables which are required to be 

normalised since they span across different 
scales, hence making use of Min-Max Scaling 

method (Ganie et al., 2024). To enable the 
categorical information to be easily processed 

by machine learning algorithms, label encoding 
was used to convert behavioural and emotional 

labels to equivalent numeric labels. 

Data cleaning was performed and feature 
engineering was carried out to gather useful 

features from the data produced by the 
wearable sensors. Physiological data was 

acquired as a continuous time-line and 

statistical parameters were used to determine 
the behaviour patterns (Sano et al., 2018). 

These included the mean, variance, standard 
deviation, max and min value, energy on signal 

and the intensity of the movements from the 
values of the accelerometers. The activity 

pattern of heart rate variation and the activity 

of the electroderm were also considered as the 
indicators of the emotional reactions and stress 

level (Smets et al., 2018). The packaged 
representation of children's PA and 

physiological status using the extracted 

features helped to reduce model training 
computational complexity. Correlations were 

then conducted to assess relationships between 
the variables and the highly-deductive stimulus 

variables and behavioural and emotional 

outcomes.

 

 
Figure 1: Distribution of Dataset Segments for Training, Testing, And Cross-Validation to Mitigate 

Overfitting and Enhance Predictive Performance. 
 

This processed data set was split in 80:20 ratios into training and testing data sets. The models were 
constructed with the help of entries in the training set and afterwards the testing set was used 

separately to test the performance of the various models (Ramos-Triguero et al., 2024). This enabled 

the assessment of the models on unseen data and thus reduced the risk of overfitting and provided 
improved estimates of model performance. There was also testing (crossing validation) during training 



Dr. S A N M Kamrul Ahsan et al / A Digital Health Framework for Continuous Activity Monitoring, 
Emotion Recognition and Behavior Prediction in Children with Autism Using Wearable Iot and 

Artificial Intelligence 

6100| International Journal of Pharmacy Research & Technology | July - Dec 2026 | Vol 16 | Issue 2 

to check the robustness of the model predictive performance by using sub sets of the data (Lewis & 
Kemp, 2021). 

 
Figure 2: Key Attributes and Functional Focus of the Random Forest, SVM, and LSTM Models Used For 

Behavioral Classification and Physiological Data Analysis. 
 

Three Artificial Intelligence (AI) models were 
used for modelling and simulation of the 

proposed digital health framework. The first 
model chosen was Random Forest (RF) by 

looking at its ability to process different types 

of data including several physiological variables 
and its ability to avoid overfitting. Random 

Forest trains lots of decision tree classifiers and 
makes an extremely powerful composite 

emotional/behavioral state classification 

(Tuarob et al., 2017). Support Vector Machine 
(SVM) was selected for the second model as it 

is very useful to solve high dimensional 
classification problem and provide optimal 

decision boundaries between various 

behavioural classes. Finally, a deep learning 
model, specifically Long Short-Term Memory 

(LSTM), was implemented for analysing time-
series sequential type data for capturing 

temporal relationship of the wearable sensor 

data (Murad & Pyun, 2017). LSTM has the 
ability to perform memory of past observations 

unlike traditional machine learning algorithms 
making it suitable for predicting behaviour 

changes from continuous physiological 

observations. 
 
RESULTS AND DISCUSSION 

The data collected via wearableIoT sensors was 
used to test the proposed digital health system 

framework by feeding them into the machine 
learning models (written in Python). After data 

pre-refining, feature extraction and model 

building, the three algorithms: Random Forest 
(RF), Support Vector Machine (SVM), and Long 

Short-Term Memory (LSTM) were compared for 
activity monitoring, emotion identification and 

prediction of behavioural characteristics of 

children with Autism Spectrum Disorder (ASD) 
(Hadi et al., 2025).

 

 
Figure 3: Performance Evaluation of AI Models, Where LSTM Achieved 93% Accuracy, Outperforming 

Random Forest (89%) And SVM (85%) Due to Its Suitability for Continuous Time-Series Data Analysis. 
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The comparison of results of the three models 
is presented in Fig. 1. Among the comparison 

of prediction accuracy of different models, the 
LSTM model had the highest prediction 

accuracy (93%), while the Random Forest 

model was on the second (89%) and Support 
Vector Machine on the third (85%). This 

superior performance of LSTM is because it is 
able to process temporal associate relationships 

of the continuous physiological sign acquired 
from wearable IoT. The emotional and 

behavioral changes are sequential; therefore 

LSTM was able to capture such changes and 
have better performance in its prediction. 

Besides, the ensemble learning architecture of 
RF made it a highly capable classifier and 

though SVM was highly accurate in 

classification, it lacked accuracy to model 
complex time-series sensor data (Vignes et al., 

2025). 
The confusion matrix demonstrates that the 

model is able to accurately classify most of the 

behaviours of interest utilizing the LSTM model. 
The reliability of prediction was very high and 

was concentrated along the diagonal of the 
Table of Right classification. In other categories 

of behaviour which had similar physiological 
properties, some within axes errors were made 

(e.g. errors between calm and mild stress). This 

suggests that although the AI models work 
well, there are some emotional states whose 

physiological responses are similar that are 
challenging to differentiate fully (Broek et al., 

2010).

 

 
Figure 4: Performance Summary of the Digital Health Framework, Illustrating Key Metrics for Real-Time 

Behavioral Monitoring and Emotion Recognition. 
 
Similarly, the results of the proposed 

framework were supported by the evaluation 
measures. Accuracy was high – majority of the 

behaviour was identified correctly. Precision 
ranged from a low to a medium level, meaning 

that there were relatively few false-positive 

predictions; while recall ranged from high to 
medium, meaning that most of the behavioural 

events were predicted. The overall F1 level 
suggested consistency of the framework with a 

set of behavioural categories and deemed 

suitable for use in continuous monitoring 
applications (Sadrzadeh et al., 2024). 

The result shows wearable IoT devices can be 
useful in accessing physiological information 

that is useful to recognize emotions and predict 
behavioral changes of autistic children. In 

general, all data heart rate, electrodermal, 

temperature, and movement were beneficial in 
achieving higher classification rates. By 

monitoring behavior continuously, changes can 

be detected real-time, thus giving the carer or 
health care professional timely information to 

enable early intervention (Herbuela et al., 
2022). The proposed framework delivers 

objective, automated and continuous 

monitoring in contrast to the conventional 
observational assessments, which are done 

periodically throughout the clinical 
examinations. 

On a practical level, the marriage between 

Artificial Intelligence and wearable IoT could 
hold the promise of revolutionizing the care and 

nurturing of autism on a personalised basis. 
The framework can assist care givers; to 

recognise stress or anxiety indicators in the 
physiological pattern; or to recognise when 

their child is continuing with some strange 

behaviours and when to intervene, so their 
behaviours do not become worse. What's more; 
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historical data on their behaviour can help the 
clinician know whether a treatment is working 

and what they may need to make changes to 
the treatment plan based on hard data (Weisz 

et al., 2019). 

I think the results from the study are really 
good, but there are some issues. This is based 

on secondary data and not real time data 
gathered from the respondent and model 

performance may be different in other 
environmental conditions. Future research will 

consist of expanding the size of real-world 

examples in order to validate the framework, 
and allowing multimodal data to be considered 

such as facial expression, speech and 
environmental context. Overall, the results 

indicated that use of the AI-powered wearable 

IoT system can be useful and escalable for 
continual monitoring, emotion detection, and 

prediction of behaviour in children with ASD, 
which can contribute towards improved clinical 

interventions and individualized care for the 
patients. 

Proposed digital health framework for 

monitoring physical activity, recognising the 

emotions and predicting behavioural pattern of 
the children suffering Autism Spectrum 

Disorder (ASD) has been evaluated through 
quantitative analysis. The secondary data 

collected from the wearable IoT sensors was 

subjected to Python programming language 
and a set of Machine Learning algorithms 

(Random Forest, SVM and LSTM). Data 
cleaning, normalisation and feature extraction 

were done in preprocessing stage but before 
the development. To summarise the 

physiological data measured in the wearable 

devices like the heart rate, reading of the 
accelerometer, electrodermal activity (EDA) 

and skin temperature, descriptive statistics has 
been provided. After cleaning up for missing 

data and extreme values, the data is deemed to 

be appropriate for predictive modelling. The 
correlation analysis also gave indications of mild 

to moderate relationships between the 
physiological measures and behavioural state 

suggesting that also the data collected by a 
wearable sensor has the potential to provide 

insight into changes in emotional and 

behavioural state in autistic children.
 

 
Figure 5: Quantitative Summary of LSTM Performance (93% Accuracy, 0.93 Recall, 0.92 F1-Score), 

Confirming Its Suitability as the Optimal Model for the Proposed Digital Health Framework. 
 
For the purpose of the evaluation of the model 

performance, the data was divided in the 
Training data which is 80 percent of the data 

set and Testing data which is 20 percent of the 

data set. Accuracy, precision, recall, F1 score 
and confusion matrix analysis were used to 

evaluate the quantitative evaluation. The LSTM 
model was concluded to provide the best model 

out of the three with 93% followed by RF 89% 

and then SVM 85% prediction accuracy. 
Regarding the recognition of sequential 

behaviour, the LSTM model had the highest 
Performance, Recall and F1 score of 0.92, 0.93 

and 0.92 respectively. The results from the 

confusion matrix showed that the behavioural 
and emotional states were correctly classified, 

with fewer percentage of incorrect classification 

(either false positive or false negative) being 
found within similar emotion classes. In this 

work, it is shown that deep learning methods 
can give better accuracy results than traditional 

machine learning methods for analysing time-

series physiological data which is collected from 
wearable IoT devices. The quantitative results 

imply that the synergy between Wearable IoT 
devices and Artificial Intelligence may be a 
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promising method to continuously observe 
children with ASD and identify their emotional 

state and predict their behaviors. The good 
predictive performance of the results provides 

a justification to view the proposed digital 

health framework as a means to enact timely 
and personal interventions especially for 

caregivers and health care professionals. 
 
CONCLUSION  

In the section on Continuous Observation of 
children in Autism, the suggested digital health 

framework shows a good demonstration of the 
synergy between the wearable IoT devices and 

AI. It's a new framework for automatically 

detecting real-time emotional and behavioral 
shifts and is not based on the traditional 

periodic clinical observation approach. The 
findings of quantitative analysis show that the 

Deep learning techniques and LSTM are 

superior in terms of accuracy and time 
modelling capacity to the traditional machine 

learning classifiers. Overall, the framework 
performs well with an accuracy of 93%, 

excellent recall and F1-score values, indicating 
its potential use in clinical or home-based 

environments. Outcomes illustrate the 

framework's ability to guide intervention in real 
time with data, which as mentioned above is 

crucial with children with ASD. The 
consequences of this research are more 

profound: It could involve integrating the data 
from other kinds of sensors, and there's 

optimization of this framework for use in larger, 

clinical scenarios. The overall findings of the 
current study aimed to identify a first 

methodology for personalised digital health for 
caregivers and the health system to utilise 

reseasoned behaviour to enable continuous 

personalised measurement for improved 
patient outcomes. 
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