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Abstract

This study proposes a novel framework leveraging large language models (LLMs) for early detection of attention deficit
hyperactivity disorder (ADHD) in children based on video data analysis. The pipeline begins with behavioral sessions where
video recordings are collected and stored systematically. These videos undergo preprocessing involving frame extraction,
image processing, and feature extraction to identify key behavioral patterns. The extracted features are analyzed using LLMs
to gain insights into attention patterns, movements, and behavioral trends. LLMs are particularly suited for this task as they
can process multimodal data and contextualize subtle behavioral cues within a broader diagnostic framework, offering a
robust tool for nuanced analysis. Subsequently, an ADHD detection model is trained to classify the likelihood of ADHD,
providing high- and low-risk predictions. Results are visualized through a dashboard for clinicians or researchers, enabling
further refinement of the detection process. This framework aims to support early ADHD diagnosis with data-driven insights,
potentially improving the intervention strategies.
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1. Introduction

Attention deficit hyperactivity disorder (ADHD) is one of the
most common neurodevelopmental disorders, diagnosed
primarily in children but often persisting into adulthood.
Characterized by significant issues with hyperactivity,
impulsivity, and inattention, ADHD can severely impact a
child's ability to function and succeed in academic, social, and
home environments. Despite its prevalence, estimated to affect
approximately 5% of children globally, ADHD remains
underdiagnosed in many populations, leading to children not
receiving the interventions that could significantly improve
their developmental trajectories and quality of life. ADHD is
a prevalent neurodevelopmental disorder affecting millions
ofchildren worldwide. It shows itself as impulsivity,
hyperactivity, and inattention, which can seriously hinder a
child's socialization, scholastic achievement, and general
development.l Since untreated ADHD frequently results in
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secondary issues, including low self-esteem, poor academic
achievement, and increased incidence of comorbid illnesses
like anxiety and depression, early detection is essential for
effective management of ADHD.[? By treating symptoms
before they worsen, early therapies such as behavioral therapy,
educational assistance, and medication can enhance results.?!
Research into cutting-edge early diagnostic methods is crucial
because early detection of ADHD can help kids develop
coping mechanisms, social skills, and improved outcomes
throughout their lives.

Traditional ADHD diagnosis relies heavily on subjective
assessments from parents, teachers, and clinicians, who
observe a child's behavior in various settings and complete
standardized questionnaires. Due to observers’ biases,
inconsistent results across settings, and the child's mood or
surroundings at the time of observation, this method has
several drawbacks. Furthermore, some symptoms might be
concealed in specific settings or confused with typical
behavioral variances, especially in younger children.”l These
elements may result in an underdiagnosis, incorrect diagnosis,
or delayed diagnosis, delaying prompt interventions. The
complex dynamic nature of ADHD symptoms may be difficult
for standardized tests to measure, and there are not enough
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impartial diagnostic resources to back up these findings.
Investigating data-driven, technologically based methods that
can reliably and impartially examine behavior is necessary to
meet these problems. Video data analysis offers a novel
approach to studying ADHD-related behaviors, providing
objective and continuous observation of a child's actions,
movements, and interactions. Video data allows for the long-
term monitoring of tiny behavioral indicators by capturing
youngsters in controlled or natural environments.[! Certain
patterns that are hard to reliably perceive in real-time, like
frequent changes in gaze, bodily restlessness, or trouble
focusing, can be detected by sophisticated video processing
algorithms. Researchers and physicians can measure and
examine these patterns with automated video analysis,
providing a more uniform evaluation that lessens subjective
biases.l?l Additionally, it is possible to analyze video data
longitudinally, which is useful for continuous monitoring and
early detection since it tracks behavioral changes over time.
By offering reliable impartial insights into a child's behavioral
profile, this method may be used in addition to conventional
ADHD tests.

Originally designed for tasks in natural language
processing, large language models (LLMs) are evolving to
support broader applications, including multimodal data
analysis that combines text, image, and video inputs. The
ability of LLMs to decipher intricate contextual information
can be used to analyze nonverbal behaviors in video footage.["!
LLMs can be trained to identify trends in children's
movements, gaze changes, and interactions to detect ADHD
by intelligently and systematically analyzing contextual data.
For instance, by contextually examining video frames and
sequences, LLMs can detect frequent movements or
attentional shifts, both of which may be signs of ADHD. This
feature gives LLMs the capacity to automatically extract
behavioral signals linked to ADHD, offering a scalable,
automated approach for early identification.[®] Thus, LLMs
provide a novel way to handle massive amounts of video data
by turning behavioral cues into insightful information that
might help doctors make diagnoses.

Numerous approaches, such as behavioral evaluations,
psychometric testing, and neuroimaging techniques, are being
used in the current study on ADHD detection. The conners
rating scale and the ADHD rating scale are two examples of
parent and teacher questionnaires used in traditional
behavioral approaches to assess a child's hyperactivity,
impulsivity, and attentiveness.[’! Although neuroimaging
techniques like electroencephalography (EEG) and functional
magnetic resonance imaging (fMRI) offer insights into brain
activity patterns linked to ADHD, they are frequently
expensive, require specialist equipment, and may not be
available for routine evaluations. Computational methods, like
as eye-tracking data or speech patterns, are also gaining
popularity as more objective indicators of ADHD. These
approaches still have drawbacks, though, in terms of
affordability, usefulness in routine clinical settings, and
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accessibility.

In psychological and behavioral evaluations, video data
analysis is being utilized more and more to record and measure
non-verbal indicators including body language, gaze direction,
and facial expressions. Using machine learning (ML)
algorithms to find behavioral markers, researchers have
successfully used video analysis to detect a range of disorders,
such as anxiety, sadness, and autism. Continuous observation
of a child's behavior in controlled or natural environments is
made possible by video analysis, which yields objective
information to support subjective reports.*! Frequent
fidgeting, gaze aversion, or trouble sitting are behaviors
frequently linked to ADHD that can be captured in video data
for ADHD identification.['] Nevertheless, there is still a dearth
of studies particularly relating video data to ADHD, and
existing systems frequently lack automated, scalable solutions
that can objectively and consistently examine these behaviors.
ML techniques, particularly deep learning, have been widely
used in the medical field for tasks like image and text analysis,
disease prediction, and diagnostic assistance. When modified
to incorporate data formats such as video and image sequences,
LLMs, which were first created for text-based natural
language processing, have demonstrated promise in
multimodal data interpretation. LLMs are useful for studying
complex behavioral data because they can identify
correlations and contextual patterns in huge datasets.l*231 ML
models have been used in ADHD research to analyze
structured behavioral observations, eye-tracking, and EEG
data, providing unbiased insights into impulsive and
attentional behaviors. Despite being relatively new, LLMs in
video-based ADHD detection have the potential to improve
diagnostic model accuracy by offering deeper behavioral
insights through contextual and sequential data interpretation.
ML applications are beyond pandemic-related research, such
as using supervised learning algorithms to explore hidden
patterns in medical datasets. ML is widely applicable for
predicting health outcomes, diagnosing diseases, and
optimizing treatment protocols through knowledge discovery
and feature selection.'*y ML has wide-ranging applications
beyond traditional areas. It is employed in healthcare for
disease diagnosis and treatment optimization, in industries for
predictive maintenance and automation, and in scientific
research to analyze complex datasets for pattern recognition
and predictions. Additionally, it supports advancements in
areas like personalized medicine, environmental monitoring,
and smart city management.!'® ML finds applications across
diverse domains beyond traditional settings. It is instrumental
in healthcare for early disease detection and treatment, in
finance for fraud detection, and in industry for automation and
predictive maintenance. These innovations improve efficiency,
decision-making, and outcomes in numerous fields.['s! ML
applications extend beyond healthcare and are transformative
in various fields. For example, it is extensively used in
financial services for fraud detection and credit scoring, in
agriculture for crop yield prediction and disease detection, and
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in transportation for autonomous vehicles and traffic
optimization systems.[}"]

The study surveys how Generative Al and Large Language
Models (LLMs) are revolutionizing video generation,
understanding, and streaming.*®! It investigates how these
technologies can be used to produce realistic video content,
extract useful information from videos, and improve
streaming by delivering content in an efficient and customized
manner. Important developments include LLM-based methods
for video captioning, segmentation, and question-answering,
as well as GANs, VAEs, autoregressive models, and diffusion
models for video production. LLMs enhance video
compression, forecast user perspectives, and maximize
bandwidth utilization in streaming. The poll points up issues
include the requirement for large-scale datasets, significant
computational costs, and temporal consistency in video
creation. It draws attention to challenges with modern
technology, such as false information, privacy concerns, and
moral dilemmas. The study emphasizes the necessity for
responsible growth and regulation while highlighting the
revolutionary potential of generative Al and LLMs in the
fields of networking, multimedia, and artificial intelligence.

The study introduces LLM-grounded video diffusion
(LVD), a framework addressing challenges in text-to-video
generation by leveraging dynamic scene layouts (DSLs)
generated using LLMs to guide video diffusion models.*"!
First, LVD leverages LLMs to generate spatiotemporal layouts
based on text prompts, capturing object dynamics. Second,
these layouts use attention-based modifications to direct the
video generating process without the need for fine-tuning. As
shown across benchmarks covering tasks such as spatial
dynamics, visibility, and sequential actions, this method
greatly enhances text-video alignment and video fidelity.
Although there are still issues with managing ambiguities and
enhancing visual quality, LVD beats baseline models,
demonstrating the potential of LLMs to improve video
creation. The framework emphasizes how LLM-grounded
approaches are revolutionizing video synthesis.

LLoVi, a language-based long-range video question-
answering (LVQA) framework that leverages LLMs, was
introduced for analyzing long-form videos.? Short-term
video clips are first processed by a pre-trained visual captioner
to produce textual descriptions, and then an LLM aggregates
these captions to reason over extended temporal extents. This
is how LLoVi divides the LVQA problem. The system
includes a multi-round summarizing prompt to tackle noisy
captions, improving LVQA accuracy by removing extraneous
information and concentrating on important facts. Empirical
testing demonstrates LLoVi's resilience on datasets such as
EgoSchema, NExT-QA, and IntentQA, surpassing previous
techniques with notable improvements in accuracy. Key
findings emphasize the significance of optimal prompting
strategies and the selection of powerful visual captioners and
LLMs (e.g., GPT-4). The framework is model-agnostic and
offers potential for improvements with advancements in visual
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captioning and LLM designs, aiming to simplify and enhance
long-range video understanding tasks.

Memory-augmented large multimodal model (MA-LMM),
a framework for efficient and effective long-term video
understanding, was introduced to eliminates the drawbacks of
current multimodal models, which are limited by the high
GPU memory utilization and context length of LLMs.?Y By
processing video frames in a sequential manner and preserving
past data in a long-term memory bank, MA-LMM takes an
online method as opposed to processing whole films at once.
The model can effectively reference temporal context thanks
to this memory bank, which records and aggregates previous
video information. In order to minimize redundancies and
preserve memory size, the framework also incorporates a
compression technique. Existing multimodal models can be
seamlessly integrated with MA-LMM without the need for
retraining. The state-of-the-art performance of MA-LMM is
demonstrated by extensive tests in a variety of tasks, such as
long-term video understanding, video question answering, and
video captioning. The model improves temporal modelling
capabilities while drastically lowering the computing costs.
The design of MA-LMM facilitates real-time applications as
well, demonstrating an enhanced accuracy in action prediction
and online video reasoning tasks. Its versatility and promise to
further video analysis across domains are highlighted by its
modular architecture.

Reframe any video agent (RAVA), a LLM-based
framework for automated video reframing, was introduced to
address the growing demand for adapting videos to diverse
screen aspect ratios on social media platforms.?2 Three phases
make up RAVA's operation: perception, where it deciphers
user commands and extracts video content by identifying
objects and scenes; planning, where it establishes aspect ratios,
ranks objects, and creates layout and visual effects strategies;
and execution, where it carries out the planned modifications
and applies effects in real time. The system improves its ability
to comprehend and edit video information by utilizing
sophisticated technologies such as CLIP, segment anything
model (SAM), and multimodal LLMs. Results from
experiments show that RAVA performs competitively when
compared to professional editing tools in both real-world
reframing tasks and video salient object recognition. The study
emphasizes RAVA's promise to make video editing more
accessible, but it also points out its limits in terms of
foundational model dependence and its room for improvement
in terms of object recognition and timeline editing features.

A Socratic video understanding system was proposed for
unmanned aerial vehicles (UAVs) using LLMs and vision-
language models (VLMs) to enhance scene understanding in
real-world environments.*®@ The system creates thorough
world-state logs that record objects, events, and risks by
combining the BLIP-2 framework with OpenAl's da-vinci-003
and GPT-3.5-turbo. This allows for zero-shot reasoning and
decision-making. The system uses video footage from
lightweight drones, such as RYZE Tello, to process scenes
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using pre-programmed prompts for hazard assessment, object
detection, action prediction, and captioning. By
recommending the best commands for drone operations, the
framework highlights human-in-the-loop involvement and
cost-effective deployment. Readability measures show that the
model produces high-quality, easily readable textual outputs
and experimental findings show that it can accurately
anticipate activities and identify threats in a variety of
situations. While addressing latency and scalability issues for
future development, the study emphasizes the promise of
LLM-enhanced UAV systems for uses such as safety
monitoring, surveillance, and real-time navigation.

Although current techniques for detecting ADHD offer
insightful information, there are still significant drawbacks,
particularly about the impartiality, usability, and scalability of
tests. Conventional approaches depend on subjective
observations, which may not always be reliable, while
sophisticated neuroimaging or eye-tracking techniques are
frequently unavailable for everyday use. Despite the potential
of video data analysis, present systems frequently lack
standardized markers for behaviors specific to ADHD and
automated, real-time analysis capabilities. By using LLMs to
automate the interpretation of video data, this study seeks to
close these gaps and offer a more scalable and objective
method of identifying behaviors associated with ADHD. The
goal of this work is to provide a more affordable and easily
accessible technology for early ADHD detection that can be
used in clinical and educational settings by concentrating on
video analysis reinforced by LLM-based contextual
interpretation. This study aims to develop a consistent,
objective method for recognizing behavioral patterns
suggestive of ADHD by automating the analysis of recorded
actions. This research is important because it has the potential
to improve diagnostic accuracy and lessen the need for
subjective observations, which are two drawbacks of
conventional ADHD assessment techniques. This study
presents a scalable, technology-driven method for
incorporating LLMs into the ADHD screening process, which
might be used in clinical and educational contexts to promote
early identification. For children with ADHD, early and
accurate diagnosis can increase access to timely therapies and
enhance long-term results. In the end, this study might help
create more objective and approachable instruments for
evaluating ADHD, expanding the use of Al in mental health
diagnosis.

2. Methodology

Fig. 1 depicts system architecture for early ADHD detection
in children using LLMs. It is divided into five main modules:
data collection, preprocessing, analysis, ADHD detection
model, and results & feedback.

Data Collection: In this module, behavioral sessions of
children are recorded on video, capturing real-time
interactions, movements, and attention shifts. This raw video
data is then stored in a secure, structured video data storage
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system for further processing.

Preprocessing: The preprocessing module prepares the video
data for analysis. First, frames are extracted from the video to
create a sequence of still images, breaking down continuous
behavior into manageable units. These frames are then
processed to enhance image quality and remove irrelevant
visual noise. The system identifies and extracts key behavioral
features, such as gaze direction, head movements, and other
physical gestures, which are relevant to ADHD detection.

Data Collection

Behavioral Sessiorls

| Video Recording
Child

L 4
Video Data Storage

Prep
A

ocessing

Frame Extraction

Filter & Enhance

L4
Image Processing

k(ey Behavioral Features
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Y
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lHi gh/Low Risk
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Clinician/Researcher

Refine Process

Results &|Feedback
Adjust Parameters

Fig. 1: System architecture for early ADHD detection in children
using large language models.

Analysis: This module employs a pre-trained LLM to analyze
contextual features extracted from video data. The LLM
leverages its transformer-based architecture, which uses
attention mechanisms to process and interpret temporal and
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spatial patterns in the data. By identifying correlations
between these patterns and ADHD-related behaviors, such as
attention lapses, impulsive movements, and difficulty
maintaining focus, the model generates detailed behavioral
insights. The analysis begins with feature embeddings derived
from video frames, representing attention and movement
characteristics. The LLM uses these embeddings to establish
relationships between sequential features, enabling it to
capture subtle temporal dynamics indicative of ADHD-related
symptoms. Through multiple layers of processing, the model
contextualizes these behavioral cues within a diagnostic
framework, refining the representation of key patterns
associated with attention and movement. The final output of
this module includes classifications and behavioral insights
that are synthesized into actionable results. These results,
delivered via a clinician-friendly dashboard, provide an
objective and scalable basis for identifying children at high or
low risk for ADHD. By automating the interpretation of
complex behavioral data, this analysis module minimizes
subjectivity and improves the precision and efficiency of
ADHD detection.

ADHD Detection Model: This module employs a ML
classifier to distinguish ADHD-related behaviors from typical
behaviors by analyzing the contextual insights generated by
the LLM. The classifier is a supervised learning model trained
on labeled data, where each instance corresponds to a child's
observed behaviors and their associated ADHD risk level.
Examples of classifiers commonly used for such tasks include
decision trees, support vector machines (SVMs), or neural
networks, depending on the complexity of the problem and the
dataset size.

The classifier is designed to process behavioral features
such as attention patterns, impulsive movements, and
sustained focus levels, which are extracted and contextualized
by the LLM. These features are numerical representations
derived from video data, summarizing temporal and spatial
behaviors over a defined period. The classifier distinguishes
ADHD-related behaviors based on patterns in these features
that align with known diagnostic criteria. The training process
involves the following steps:

Feature Engineering: Behavioral features identified by the
LLM are aggregated and encoded into a structured dataset. For
example, features might include frequency and duration of
attention lapses or variability in movement.

Training on Labeled Data: The classifier is trained using a
labeled dataset that includes examples of both ADHD-related
behaviors and typical behaviors. Labels are assigned based on
clinical diagnoses or expert annotations. The classifier learns
to map the input features to the corresponding labels (e.g.,
"high risk" or "low risk").

Decision-Making Process: Once trained, the classifier
evaluates new behavioral data. It applies learned patterns and
decision boundaries to classify the behaviors into categories,
for instance, High Risk: Frequent, prolonged attention lapses
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combined with erratic movement patterns. Low Risk:
Consistent focus and controlled movements within normal
ranges.

Output and Interpretation: The classifier generates a
probability or confidence score for each prediction, indicating
the likelihood of ADHD-related behaviors. These predictions
are synthesized into an overall risk level (e.g., "high risk" or
"low risk™). The ADHD detection model provides an objective
data-driven assessment of each child's risk level, reducing
reliance on subjective human observation. By learning from
diverse datasets, the classifier can generalize across various
contexts, improving the accuracy and reliability of early
ADHD detection. The results are then visualized in a user-
friendly dashboard for clinicians, aiding in informed decision-
making and early intervention.

Results & Feedback: The results and feedback module
present the ADHD risk assessment to clinicians or researchers
through a results dashboard. This dashboard allows the user to
review the ADHD prediction along with the analysed
behavioral insights. Additionally, clinicians or researchers
have the option to adjust system parameters, allowing for
further refinement of the model based on user feedback and
enhancing the accuracy of future assessments.

This modular architecture provides a comprehensive
approach to ADHD detection, from data collection to
actionable insights, supporting clinicians in early diagnosis by
leveraging the analytical power of LLMs.

3. Implementation

To analyze behaviors in children potentially indicative of
ADHD, we utilized video data capturing naturalistic
interactions of children in diverse settings. A critical step in
our methodology involves the extraction and preparation of
video data, which ensures that the input to our LLM-based tool
is optimized for high-fidelity analysis.

3.1 Video frame extraction

The initial step involves the systematic breakdown of video
into individual frames, enabling detailed examination of each
moment captured on video. This process is crucial as it allows
the LLM to analyze discrete instances of behavior, which
could indicate signs of ADHD.

3.1.1 Python code implementation

This Python script (Fig. 2) uses the OpenCV library to capture
video frames and save them into a designated output folder,
which our model then uses for further analysis. This script is
efficient and automated, ensuring that data handling remains
consistent and accurate across different datasets. Fig. 2 shows
the sample python code.

3.1.2 Opening the video file

The function c¢v2.VideoCapture (video path) is used to read
the video file. The video file consists of frames captured at a
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def extract_frames(video_path, output_folder):

cap = cv2.VideoCapture(video_path)
if not os.path.exists(output_folder)

os.makedirs(output_folder)

cap.get(cv2.CAP_PROP_FPS)
total_frames

fps

print(f"Video FPS:
print(f"Total Frames:

g

total_frames

fps

frames_folder

for frame_num in range(total_frames)
ret, frame = cap.read()
if not ret:

break

frame_path = os.path.join(output
cv2.imwrite(frame_path, frame)

frames_folder.append(frame_path)

cap.release()

return frames_folder

Fig. 2: Sample

specific frame rate (FPS). Let the video duration be T seconds.
The total number of frames N in the video is given by Eq. (1):

N = FPSxXT @)
where FPS is obtained using cv2.CAP_PROP_FPS, and N is
obtained using cv2.CAP_PROP_FRAME COUNT.

3.1.3 Extracting frames
The code iterates over all N frames of the video. For each
frame ii, the frame is read using cap. read() and is saved as an
image file. This can be represented mathematically by Eq. (2):
Fi=V(), fori=0, 1, ..., N-1 2)
where Fi is the i-th extracted frame; V(i) is the frame returned
by the video at index i. Each frame is saved as an image file
with a name following the pattern
frame {frame num:04d}.png.

3.1.4 Saving frames
The frames are saved to a specified output folder. The saved
path for each frame is given by Eq. (3):

Pi=output folder+"/frame "+i+".png"

3)

where P; represents the path to the i-th saved frame.

3.1.5 Output
The function returns a list of paths to all the extracted frames
in Eq. (4):

Frames_folder=[Po, P1,..., Pn-1] 4)
3.2 Video processing
Once the frames are extracted, each is analyzed using our
LLM Gemini, which has been specifically trained to recognize
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int(cap.get(cv2.CAP_PROP_FRAME_COUNT))

")

_folder, f"frame_{frame_num:04d}.png")

python code.

and interpret behavioral patterns that might be symptomatic of
ADHD. The process includes:

Frame Selection: From the vast array of extracted frames, a
subset is carefully chosen based on predetermined criteria
such as clarity, relevance to behavioral cues, and
representation of diverse interactions.

Text Generation: For each selected frame, descriptive text is
generated using LLM Gemini, which provides a detailed
narrative of the observed behaviors. This text is crucial for
subsequent analysis stages as it converts visual data into
textual data that can be more deeply analyzed for patterns and
anomalies.

Conclusion Summarization: The generated texts are then
compiled and analyzed to summarize findings and draw
conclusions about the presence of behavioral indicators of
ADHD.

This workflow, supported by robust technological tools
and advanced Al models like LLM Gemini, sets a new
standard in the field of behavioral analysis, particularly in the
context of diagnosing developmental disorders such as ADHD.
The use of such advanced technology allows for a more
nuanced understanding and potentially earlier detection of
ADHD, offering significant improvements over traditional
diagnostic methods.

3.3 Text generation and analysis

3.3.1 Overview

The methodology for analyzing video data involves a multi-
step process where video frames are first extracted, reviewed,
and then processed using a LLM to generate textual
interpretations of the observed behaviors. This text-based
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analysis aims to capture nuanced behavioral signals that might
be indicative of ADHD or other syndromes, thereby
supporting more objective and detailed assessments.

3.3.2 Video review and prompt formulation

The initial phase involves a comprehensive manual review of
the video frames that have been extracted from longer
recordings. Each frame is analyzed to understand the context
and the specific behaviors displayed by the children. This
meticulous examination is crucial for crafting accurate and
descriptive prompts that will guide the LLM in its analysis.
These prompts are tailored to each frame, ensuring they
encapsulate key information about the child's behavior, actions,
and any visible symptoms or interactions that are relevant to
the study.

3.3.3 Python code implementation for text generation

The following Python script shown in Fig. 3 is integral to
processing the frames with the LLM. It is designed to
automate the interaction with the LLM, manage the flow of
data, and handle the output to ensure all generated responses
are systematically recorded and analyzed:

3.3.4 Code explanation

The extract frames function is designed to extract frames
from a video file specified by video path and save them to a
designated output folder. The script begins by importing
necessary libraries: cv2 for video and image processing and os
for file and directory operations. Using cap =
cv2.VideoCapture(video path), the video file is opened,

creating a cap object for interacting with the video. Before
proceeding, the script checks if the output_folder exists using
if not os.path.exists(output_folder):
os.makedirs(output_folder) and creates the folder if it does not,
ensuring a ready location for storing extracted frames. To
handle frame extraction correctly, the total number of frames
in the video is determined using total frames =
int(cap.get(cv2.CAP_PROP FRAME COUNT)). Fig. 3
shows the sample python code.

The loop for frame num in range(total frames): iterates
through each frame in the video, processing them sequentially.
For each iteration, ret, frame = cap.read() attempts to read the
next frame; ret is a boolean indicating success. If reading fails
(if not ret:), likely signaling the end of the video, the loop is
exited. Each frame's file path is constructed using frame path
= os.path.join(output_folder,
f'frame {frame num:04d}.png"), ensuring sequentially
numbered file names with zero padding for consistency. The
frame is then saved as a PNG image using
cv2.imwrite(frame path, frame). After all frames are
processed, cap.release() is called to release the video file and
free up system resources. Finally, the function returns
output_folder, which contains the saved frames and can be
used for further processing.

3.3.5 Significance in research

The extraction and individual analysis of video frames form a
critical foundation for behavioral studies, enabling precise
frame-by-frame scrutiny of subtle actions and patterns that
may be overlooked in real-time observation. By converting

def process_frames_with_model(model, frames_folder, output_file, num_frames=z12):

frames_per_iteration =

delay_between_iterations = 30

len(frames_folder) // num_frames

with open(output_file, "wb") as text file:

for i in range(8, len(frames_folder), frames_per_iteration):

frame_path = frames_folder[i

frame = Image.open(frame_path)

response = model.generate_content([prompt, frame])

var =

var_str = str(var).strip()

response.prompt_feedback

if var_str == "block_reason: OTHER":

print(f"Skipping frame

elif response.parts:

print("Done")

text_file.write(f"# Response

frame_path} due to model block reason.")

i+ 13\n".encode('utf-8"))

text file.write(response.parts[@].text.encode( 'utf-8'))

text_file.write(b"\n\n")

else:

print(f"No response parts found for frame

frame_path}.")

time.sleep(delay between iterations)

Fig. 3: Sample python code.
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dynamic video data into a sequence of static frames,
researchers can apply advanced image processing techniques
and Al models to extract meaningful insights with greater
accuracy and consistency. This approach ensures that even
fleeting or nuanced behavioral cues are captured and analyzed,
providing a robust basis for data-driven assessments and
reducing the risk of missing critical moments during analysis.

3.3.6 Examples of generated responses

Response 1: The child in the video appears to have difficulty
pronouncing words and holding the microphone. It is possible
that the child has a speech disorder, such as apraxia of speech,
which can make it difficult to produce sounds and words
correctly. The child may also have difficulty holding the
microphone due to a lack of coordination or fine motor skills.
It is important to note that the child may have a variety of other
conditions, such as ADHD or down syndrome, which can also
affect their speech and motor skills.

Response 2: The child in the video appears to have
difficulty pronouncing words and holding the microphone.
The child may have a speech disorder, such as apraxia of
speech, which is a motor speech disorder that affects a person's
ability to produce sounds and words correctly. The child may
also have a physical disability, such as cerebral palsy, which
can affect a person's muscle tone and coordination. It is
difficult to say for sure what condition the child has based on
the video alone. Further evaluation by a qualified professional
would be necessary to determine a diagnosis.

Response 3: The child in the video appears to have
difficulty pronouncing words and holding the microphone.
The child may have a speech disorder, such as apraxia of
speech, which is a motor speech disorder that affects a person's
ability to produce speech sounds correctly. The child may also
have a physical disability, such as cerebral palsy, which can
affect a person's muscle control over muscles and movements.
The child may also have a cognitive disability, such as down
syndrome, which can affect a person's intellectual and
developmental abilities. The child may also have a behavioral
disorder, such as ADHD, which can affect a person's ability to
focus and control their behavior. It is important to note that the
child in the video may not have any of the conditions
mentioned above. The child may simply have a difficult time
singing the song. It is also important to note that the child may
be nervous or uncomfortable being on camera. If you are
concerned about the child in the video, it is important to talk
to a qualified professional, such as a doctor or a speech
therapist. The professional can help you determine if the child
has a speech disorder, a physical disability, a cognitive
disability, or a behavioral disorder. The professional can also
help you develop a plan to help the child.

Response 4: The child in the video appears to have
difficulty pronouncing words and holding the microphone. It
is possible that the child has a speech disorder, such as apraxia
of speech, which can affect a person's motor planning for
speech. The child may also have a cognitive disability, such as
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down syndrome, which can cause difficulty with language and
communication. The child's behavior may also be related to a
behavioral disorder, such as ADHD. ADHD can cause
difficulty with attention, impulsivity, and hyperactivity.
These responses illustrate the LLM's capability to provide
detailed and varied interpretations of observed behaviors,
aiding in the comprehensive analysis of ADHD indicators.

4. Results

4.1 Distribution of syndromes

Fig. 4 illustrates the distribution of different syndromes
observed in the dataset. The syndromes include ADHD,
Autism, down syndrome, and Apraxia of Speech.

Distribution of Syndromes
11 11

10 A

Number of Cases

0- T
ADHD Autism Down Syndrome Apraxia of Speech
Syndromes

Fig. 4: Distribution of these syndromes in the dataset.

4.2 Observations

ADHD and Down Syndrome: The most prevalent syndromes
in the dataset are ADHD and down syndrome, each with 11
cases. This indicates that these two conditions are commonly
observed and might require more focused attention in early
detection and intervention strategies.

Autism: There are 4 cases of Autism in the dataset. While not
as prevalent as ADHD and down syndrome, the presence of
Autism still represents a significant portion of the dataset,
highlighting the need for detection tools that can accurately
identify Autism alongside other neurodevelopmental disorders.
Apraxia of Speech: The dataset includes 3 cases of Apraxia of
Speech. This relatively lower number might suggest that
Apraxia of Speech is less common compared to the other
syndromes studied. However, it is essential to have reliable
diagnostic methods for identifying even the less prevalent
conditions to ensure that all affected children receive
appropriate support and intervention.

The distribution of these syndromes in the dataset
underscores the diversity of neurodevelopmental disorders
and the importance of developing robust, versatile diagnostic
tools. The use of LLMs in analyzing video data provides a
promising approach to understanding and identifying these
conditions with greater accuracy and efficiency.

Engineered Science Publisher


https://www.espublisher.com/

Engineered Science

Research article

5. Discussions

5.1 Interpretation of results and their implications for
ADHD early detection

When LLMs are used to analyze video data, the results show
promise in detecting behavioral indicators of attention deficit
hyperactivity disorder. Through the analysis of text
descriptions produced from videos, such as verbal replies that
have been transcribed or interactions that have been watched,
LLMs are able to identify patterns that point to characteristics
associated with ADHD, such as impulsivity, hyperactivity, and
inattention.?4 These results imply that by offering unbiased,
data-driven insights, LLMs can supplement conventional
diagnostic techniques. LLMs' capacity to examine subtle
characteristics, like speech patterns, nonverbal clues, or
movement inclinations, provides an early identification
method that may identify kids for more clinical assessment.
By reducing diagnostic delays, this strategy may facilitate
earlier interventions, which are essential for enhancing long-
term results.[®! Additionally, LLMs can provide a more
comprehensive view of a child's behavioral profile by
combining multimodal data sources (such as textual
observations, video, and audio), which may improve diagnosis
precision and assist clinicians in prioritizing cases.

5.2 Advantages and limitations of using LLMs for video
data analysis

5.2.1 Advantages

Scalability: LLMs can process large volumes of video data
efficiently, allowing widespread screenings in schools, clinics,
or other settings. This scalability is critical for addressing

resource constraints in traditional ADHD diagnostic processes.

Objectivity: By reducing reliance on subjective human
observation, LLMs minimize biases and ensure consistent
analysis. This uniformity is essential for standardizing ADHD
detection across diverse populations.

Multimodal Capabilities: Advanced LLMs can integrate
textual transcripts, audio cues, and descriptive annotations,
offering comprehensive insights into behaviors that may be
missed by human evaluators.

Accessibility: The use of video data enables remote
assessments, which is particularly advantageous for children
in underserved or geographically isolated areas where in-
person evaluations may not be feasible.

5.2.2 Limitations

Data Quality Dependency: The performance of LLMs heavily
depends on the quality of input data. Poor video resolution,
incomplete transcriptions, or missing contextual information
can lead to inaccurate predictions.

Interpretability: The "black-box" nature of LLMs poses
challenges in explaining how specific behavioral markers are
identified, potentially reducing trust among clinicians and
caregivers.

Ethical Concerns: Privacy issues arise when analyzing
sensitive video data, particularly for children. Ensuring
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compliance with data protection laws and obtaining informed
consent are critical.

Contextual Nuances: LLMs may struggle to differentiate
ADHD behaviors from those caused by other conditions, such
as anxiety or sleep disorders, without additional contextual
information.

Resource Intensive: Running LLMs on video data can
require significant computational resources, which may be a
barrier for widespread deployment.

5.3 Potential for real-world applications in clinical settings
ADHD diagnosis in actual clinical settings could be
significantly improved by integrating LLMs for video data
processing. These systems can be used in conjunction with
conventional assessments as pre-screening techniques. For
LLM analysis, for instance, caregivers could send in video
recordings of kids performing structured activities like
storytelling or playing.? The findings might direct medical
professionals toward areas of emphasis for upcoming
assessments, increasing the effectiveness of diagnostic
procedures. Furthermore, by offering real-time insights during
virtual consultations, LLMs could assist with telemedicine
services. This device could serve as a diagnostic tool for
medical professionals operating in underdeveloped areas,
filling in knowledge or experience shortages. Healthcare
professionals could identify children who are at risk early,
track their progress over time, and evaluate the effectiveness
of therapies by integrating LLMs into clinical procedures.

Furthermore, LLMs' scalability and automation make them
ideal for extensive screening campaigns in community
programs or educational institutions.?”? Proactive measures
like behavioral therapy or educational assistance may be made
possible by early identification, which would lessen the long-
term effects of ADHD on kids and their families. To guarantee
dependability and inclusion, however, strong ethical
protections, clinical training, and continual assessment will be
necessary for successful deployment. By addressing these
considerations, LLMs for video data analysis hold promise as
an innovative tool for enhancing ADHD detection and
management in diverse real-world scenarios.

6. Future work

6.1 Suggestions for improving model accuracy and
scalability

To enhance the accuracy of ADHD detection models, it is
essential to refine preprocessing techniques for video data,
ensuring high-quality feature extraction while minimizing
noise. The ability of LLMs to recognize subtle behavioral
signs can be improved by applying sophisticated fine-tuning
strategies, such as domain-specific pretraining with datasets
relating to ADHD or multi-task learning.*®! Additionally, the
identification of intricate patterns in video data may be
enhanced by hybrid models that combine LLMs with
specialized computer vision frameworks like convolutional
neural networks (CNNs) or transformers like vision
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transformers (ViTs). By using cloud-based platforms for
model deployment and distributing training across several
GPUs, scalability can be attained. Using effective model
designs, like quantized or distilled LLMs, can help lower
computational overhead and increase the viability of real-time
processing.

6.2 Exploration of different data sources or modalities for
ADHD detection

Accurately detecting ADHD can be greatly improved by
integrating a variety of data sources. In addition to video
analysis, other modalities could be used, including textual
inputs from clinical observations or surveys, wearable sensor
data (e.g., movement tracking, heart rate variability), and
audio (e.g., speech patterns, tone analysis). ADHD evaluation
that is comprehensive and context-aware can be made possible
by multimodal learning strategies that integrate these data
streams.®! For example, sensor data can offer continuous
movement patterns suggestive of hyperactivity, while audio
features may capture impulsivity or hyperactivity in speech.
The generalizability of the model would be further enhanced
and potential biases would be decreased by enlarging datasets
to cover age groups and culturally varied populations.

6.3 Prospects of integrating this system into adaptive
educational or behavioral programs

The application of this system in adaptive educational
environments could revolutionize support for children with
ADHD. Personalized treatments, such reminders to refocus or
modifications to teaching strategies, may be made possible by
the real-time detection of concentration problems or
hyperactivity in classrooms via video feeds. These models
could be included into behavioral programs to monitor
development, assess the success of interventions, and
customize treatment plans. Learning might become more
interesting and individualized for each child with the help of
gamified adaptive tools that are based on behavioral insights
specific to ADHD from video data.* For these systems to be
widely adopted, cooperation with educators and healthcare
professionals to develop safe, privacy-compliant deployment
frameworks will be essential. In the long run, these resources
might be used as a starting point for early intervention
techniques, which could lessen the social and academic
difficulties that kids with ADHD encounter.

7. Conclusion

This study introduces a pioneering framework that leverages
LLMs for early ADHD detection in children through video
data analysis. By incorporating advanced preprocessing
techniques such as frame extraction, image processing, and
behavioral feature identification, the system successfully
captures nuanced indicators of attention patterns and
movement behaviors. The integration of LLMs contextualizes
these features within established diagnostic frameworks,
significantly improving the precision, reliability, and
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scalability of ADHD risk assessment. The ADHD detection
model developed in this research classifies children into high-
and low-risk categories, offering clinicians a streamlined,
objective, and actionable diagnostic tool. Furthermore, the
integration of a clinician-friendly dashboard ensures that
insights are accessible and immediately applicable in practical
healthcare settings. This novel approach addresses key
limitations of traditional observation methods, including
subjectivity, time consumption, and limited scalability,
thereby marking a paradigm shift toward data-driven early
diagnosis. The broader implications of this research extend
beyond ADHD detection. This framework sets a foundation
for applying LLM-based methodologies to a wider range of
behavioral and developmental disorders. It underscores the
transformative potential of artificial intelligence (Al) in
healthcare, especially in pediatric diagnostics, where early and
accurate intervention can lead to significantly improved long-
term outcomes. Future research could focus on expanding the
diversity and size of datasets, refining the detection models for
enhanced generalizability, and exploring multimodal data
inputs, such as speech and physiological signals, to create a
holistic diagnostic system. Additionally, ethical considerations,
such as data privacy and informed consent, should remain
central to future developments to ensure responsible
deployment of Al in sensitive healthcare applications. By
advancing the intersection of Al and behavioral healthcare,
this research paves the way for scalable, accurate, and
equitable solutions in the diagnosis and treatment of ADHD
and related conditions.
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