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Abstract—This paper presents a novel method for differen-
tiating Attention Deficit Hyperactivity Disorder subjects from
control participants by multimodal data fusion, including video
observations and questionnaire responses. By exploiting the well
known Video Vision Transformer model, we analyse the video
modality to identify the complex spatial-temporal information
of ADHD symptoms. Simultaneously, a Multi-Layer Perceptron
model is applied to evaluate structured questionnaire data by
capturing key cognitive and emotional indicators of the ADHD
symptoms. To fuse the two modalities, a cross-modal attention
mechanism assigns adaptive weights to each feature based on
its classification relevance. The targeted weighting significantly
refines the proposed model’s decision-making capability by
concentrating on the most critical elements of the aggregated
information. For training and testing, our novel Multimodal
ADHD dataset recorded under the Intelligent Sensing ADHD
Trial in collaboration with Cumbria, Northumberland, Tyne and
Wear NHS Foundation Trust UK is evaluated. The proposed
model, ADViQ-AL achieves a 98.18% classification accuracy,
97.83% sensitivity, and 98.53% specificity in classifying ADHD
and control groups.

Index Terms—Attention Deficit Hyperactivity Disorder, Deep
Learning, Machine Learning, Mental Health, Multimodal

I. INTRODUCTION

The World Health Organisation (WHO) reports a 5.2%

global prevalence of Attention Deficit Hyperactivity Disorder

(ADHD) across all ages [1], a figure likely underestimated,

particularly in adults due to diagnostic challenges and stigma.

Systematic reviews reveal adult ADHD rates at 2.58% for

persistent cases and 6.76% for symptomatic adults [2], in-

dicating widespread underdiagnosis. Such underrecognition,

especially given the Diagnostic Statistical Manual’s (DSM-

v) focus on childhood symptoms [3], provides the motivation

for our ADHD symptoms detection system in adults. Further

motivation for this is that undiagnosed ADHD carries signif-

icant socioeconomic costs. Research shows an undiagnosed

cost of $66.8 billion in unemployment and $28.8 billion in

productivity losses [4].

Recent surveys have shown that the vast majority of research

in detecting and classifying ADHD has been done using Mag-

netic Resonance Imaging (MRI) data and Electroencephalog-

raphy (EEG) signals [5] [6]. A very small amount of work has

been done in the video domain, largely due to limited avail-

ability to the data [7] [8] [9]. This further provides motivation

for the proposed research direction. Previous work carried out

by the authors exploited a Long Short Term Memory (LSTM)

network that tracked facial landmarks. This approach classified

ADHD subjects with an accuracy of 88.24%±3.93% [10].

ADHD classification using multimodal data is difficult to

conduct due to the scarcity in the data.To the best of our

knowledge, Qureshi et al. exploit sub-modalities from func-

tional and structural MRI’s to classify ADHD [11]. Using

statistical methods and an extreme learning machine algorithm,

a multi-class classification accuracy of 76.19% was achieved.

Furthermore, Luo et al. utilised multiple sub-modalities of

functional and structural MRI’s to classify ADHD [12]. The

results showed there were key differences in brain activity

between controls and ADHD subjects. Using an ensemble

learning technique with a support vector machine backbone,

a classification accuracy of 81.6% was achieved. Kautzky et

al. integrated genetic data and positron emission tomography

imaging data within the serotenergic system to distinguish

ADHD subjects [13]. Research showed it was 82% effective

in distinguishing a control to an ADHD subject. Lohani

and Rana sought to classify ADHD using structural MRI

data (cortical thickness features) with personal characteristic

data [14]. Using a radial-based support vector machine, a

classification accuracy of 75% was achieved.

The Adult ADHD Self-Report Scale (ASRS) is a key in-

strument in ADHD diagnosis, developed through collaboration

between the WHO and the Workgroup on Adult ADHD. It

was designed to screen adult ADHD symptoms in line with

DSM-IV criteria, aiding early detection and management [15].

Figure 1 shows the first six questions in the ASRS. In total

the ASRS is comprised of eighteen questions with the first

six questions have the biggest predictive power of ADHD. If

four or more responses to these six questions appear in the

shaded boxes, then the patients are experiencing symptoms

highly consistent with ADHD in adults.

In machine learning, the ASRS provides a standardized



Fig. 1: The first six questions a participant would have to

answer on the ASRS. The participant can only answer once

per question. We encode the responses 0 - 4 (Never - Very

often).

dataset crucial for training models, integrating well with

multimodal data including RGB video for symptoms analysis.

While the ASRS is a cost-effective and accessible tool, its

efficacy is contingent upon the respondents’ honesty and self-

awareness. The potential for underreporting or overreporting

symptoms necessitates sophisticated machine learning algo-

rithms capable of discerning genuine patterns amidst data

variability and bias.

The pivotal paper “Attention Is All You Need” has been

instrumental in shaping the current landscape of machine

learning by introducing the Transformer model, which centres

around the novel concept of attention mechanisms [16]. Unlike

previous models that processed data sequentially, Transformers

compute outputs based on the entire input sequence simul-

taneously, allowing for a more nuanced and comprehensive

understanding of data relationships. The core innovation of

the Transformer is its reliance on self-attention – a mechanism

that assesses the importance of different parts of the input data

relative to each other. This approach enables the model to

capture intricate dependencies without being constrained by

the position or order of the data elements, a significant ad-

vancement over traditional sequence-based models like RNNs

and LSTMs.

Identifying ADHD through visual cues alone presents chal-

lenges due to the variability of symptoms among individuals.

The most observable symptoms, which are crucial for detec-

tion, encompass hyperactive behaviors such as; hand fidgeting,

an inability to remain seated, undue physical activity, leg

tapping, incessant talking, and averted gaze from assigned

tasks [3]. In our research, we utilize only a front-facing

camera to discern these hyperactive indicators. Leveraging the

Intelligent Sensing ADHD Trial dataset, the proposed work

has demonstrated a classification accuracy of 98.18%.

II. METHODS

A. Multimodal ADHD Dataset

The Intelligent Sensing ADHD Trial (ISAT) is a novel

multimodal dataset (audio, video, history/questionnaire, key-

Fig. 2: The experimental design throughout recording the real

multimodal ADHD dataset.

board tracking) [17]. It contains 22 participants, 10 subjects

with ADHD, and 12 controls. Our ADHD subjects have been

provided by the Cumbria, Northumberland, Tyne and Wear

(CNTW) National Healthcare Services (NHS) Foundation

Trust. The CNTW NHS Foundation Trust is one of the largest

mental health NHS Trusts in the UK. For validation purposes,

every participant in the dataset performed the Adult ADHD

Self-Report Scale (ASRS-v1.1) symptoms checklist [15].

In the creation of our novel multimodal ADHD dataset

depicted in Figure 2, we utilized three GoPro cameras record-

ing at a 3840 × 2160 (4K) resolution and 30 fps. To en-

sure clear audio capture with minimal background noise,

all participants were equipped with Lavelier microphones.

We further enhanced environmental sound capture through

a quartet of microphones positioned on the table, aimed at

detecting ambient distractions like sudden loud noises. The

setup also included a fidget spinner and a notepad to serve as

potential distractions, alongside a TV monitor cycling through

various wallpapers and emitting diverse sounds to simulate

real-life distractions.

The data collection protocol commenced with an interview

segment where participants answered 21 questions from the

Diagnostic Interview for ADHD in Adults (DIVA) [18], fol-

lowed by the administration of the CANTAB [19] computer-

ized tasks assessing various cognitive functions. Subsequent

to these tasks, participants engaged in a response action

task, signaling responses via hand raises to specific auditory

cues. The session concluded with the viewing of two videos

designed to elicit differing levels of engagement. Each session

varied in length from 60 to 90 minutes, tailored to individual

participants. For our analysis, we focused exclusively on data

captured by the front-facing camera.

B. Video Pre-Processing

Given that the original videos in our unique multimodal

dataset were recorded in 4K resolution, it was crucial to down-

scale the video dimensions to manage computational efficiency



Fig. 3: The participant’s movement is tracked across 150

frames at a recording speed of 30 fps. A bounding box

is created around the region where the participant moves

throughout the 5-second duration. Subsequently, the video is

cropped to this specific area and resized to 256× 256 pixels.

while retaining sufficient detail to observe behavioral nuances.

Consequently, for the RGB video classification model, the

5-second video clips were resized to 256 × 256 pixels. A

significant challenge we faced was the static background

present in these interview-style recordings, which could in-

troduce a considerable amount of redundant information into

our analysis. To address this, we employed a background

subtraction strategy. Utilizing the Mask-RCNN model [20], we

were able to identify and track the human subject within each

5-second clip, generating a bounding box that followed the

participant’s movements frame by frame. This bounding box

was then used to isolate the subject from the static background,

after which the extracted segment was resized to 256 × 256

pixels, as illustrated in Figure 3. This procedure ensured

that the focal point of each video clip was consistently the

participant, thereby eliminating extraneous data and enhancing

the efficiency and focus of our model.

C. ASRS Questionnaire Generation

In the proposed work, we faced a dataset challenge. Each

of the 18 participants, evenly divided between ADHD sub-

jects and controls, had only one set of ASRS questionnaire

responses against 4,050 video clips. To overcome this and

deepen our dataset, we generated artificial questionnaire re-

sponses based on the ASRS’s 0 (Never) - 4 (Very Often)

encoding scale. This approach commenced with an in-depth

analysis of the existing responses, aiming to identify and

encapsulate the nuanced response patterns characteristic of

each group. The WHO analysed the effectiveness of the ASRS

in 2005 [15]. In the report, average responses per question for

each respective group are provided. Using this information,

the random response per question had a probability that

is reflected in the research. This approach allowed us to

create nuanced, probabilistically informed artificial responses,

introducing controlled variability to mirror real-world response

diversity and enhance our model’s generalisation capability

while addressing overfitting risks.

However, generating artificial responses poses challenges

regarding data authenticity and potential bias, given their

synthetic nature. These issues necessitate careful consideration

to maintain the integrity and applicability of the proposed

approach.

D. Classification

1) Video Vision Transformer: We exploit Video Vision

Transformer (ViVIT) for video data processing to harness

the spatial and temporal richness of video clips, crucial for

differentiating ADHD subjects from controls [21]. ViVIT,

distinct from conventional CNNs, employs a self-attention

mechanism, allowing a holistic analysis of video frames over

time, which is vital for capturing the intricate behaviours in

our dataset. This method contrasts with CNNs that prioritise

local spatial features, whereas ViVIT’s architecture assesses

the entire frame sequence, providing a deeper insight into

content and enabling the detection of nuanced behavioral

patterns associated with ADHD.
The adoption of ViVIT requires video preprocessing to meet

model specifications, including segmenting and normalizing

video clips. Post-processing, ViVIT generates feature vectors

that encapsulate the videos’ semantic content, offering a

detailed portrayal of actions and contexts within the clips.

These vectors are then integrated with questionnaire data using

a cross-modal attention mechanism, enhancing the classifica-

tion’s accuracy. The choice of ViVIT enriches our model’s

interpretative capacity, ensuring a detailed and context-aware

analysis that aligns with our objective of discerning between

ADHD and control participants effectively.
2) Multi-layer Perceptron: In our approach, we utilize a

Multi-Layer Perceptron (MLP) to analyze questionnaire data,

effectively handling the structured numerical information it

provides. The MLP’s straightforward architecture is ideal for

transforming questionnaire responses into numerical vectors,

which are then used to classify participants as either ADHD

or control group members.
The process involves numerically encoding responses to

feed into the MLP, which comprises an input layer, several

hidden layers, and an output layer. The hidden layers enable

the MLP to discern complex relationships within the data,

influencing the final classification output.
Despite its simplicity, the MLP adeptly identifies nuanced

patterns in questionnaire responses, distinguishing between

ADHD and control participants. This capability demonstrates

the MLP’s effectiveness in extracting meaningful insights from

seemingly straightforward data, demonstrating its value in our

multimodal classification framework.
3) Attention Mechanism for Fusion: In the proposed work,

we leverage cross-modal attention for feature fusion, aimed at

enhancing the classification accuracy between ADHD subjects

and control groups. This approach harnesses the strengths of

two distinct data modalities: RGB video data processed by

the ViVIT model and nuanced questionnaire data interpreted

through a Multi-Layer Perceptron (MLP).
The essential part of our method lies in the application of a

cross-modal attention mechanism that intelligently integrates

the heterogeneous features extracted from both modalities. The

mechanism is designed to dynamically adjust the influence

of each feature based on its relevance to the classification

task. This enables a more nuanced and context-aware decision-

making process. By assigning variable weights to features



from the video and questionnaire data, the model adeptly

focuses on the most informative aspects, enhancing both the

robustness and interpretability of the classification.

One of the significant strengths of this methodology is its

adaptability, allowing the model to prioritise features that are

most indicative of ADHD, irrespective of their modality. This

adaptability not only improves classification accuracy but also

offers insights into the complex interplay between behavioural

cues and self-reported symptoms, potentially shedding light on

novel ADHD markers.

Saying this, the approach is not without challenges. The im-

plementation of a cross-modal attention mechanism introduces

additional complexity to the model architecture, demanding

sophisticated training strategies and potentially increasing

computational requirements. Moreover, the efficacy of the

attention-based fusion relies heavily on the quality and rep-

resentativeness of the data from both modalities, highlighting

the importance of comprehensive dataset curation.

Despite these challenges, the advantages of employing

cross-modal attention for feature fusion in ADHD classifi-

cation are compelling. This methodology not only sets a

new standard for the accuracy and interpretability of machine

learning models in mental health diagnostics but also paves the

way for future advancements in multimodal data integration

for a broad range of clinical applications.

III. RESULTS

Leave-one-out cross-validation was implemented during

training to increase the reliability of the results. Implementing

this increases the overall training times because every partic-

ipant has their own respective model trained. Each iteration

of training included 75 epochs with a learning rate of 0.001.

Early stopping was implemented to reduce training times and

to further mitigate overfitting. We then choose the best overall

model for testing on the holdout set, where the preference

is high performance and low computational complexity. The

dataset used contains 4,050 samples per participant. To en-

sure a balanced dataset, we used 18 participants, 9 controls,

and 9 ADHD subjects. During training and validation, 14

participants (7 ADHD/7 control) are used. The remaining 4

participants were left out, as their respective clips will be

used as the hold-out dataset. The goal of the holdout set is

to classify ADHD, therefore, we felt that 8,100 samples are

enough for a holdout dataset size. This was done to ensure that

there was no cross-over with the training of the models. An

additional benefit is that the effects of overfitting are mitigated

which increases the validity of the results. We recognise that

scarcity in medical data is a common problem. Saying this,

we feel we have mitigated the effects of overfitting to the best

of our ability while also training on a dataset size of 56,700

samples and a testing size of 16,200 samples. The proposed

approach was trained and tested on a system that contains a

13
th Gen Intel i7 processor, NVIDIA RTX3090 GPU, 64GB

RAM with Ubuntu running CUDA 11.

We propose ADViQ-AL (Attention-Driven Video and Ques-

tionnaire ADHD Learning). Figure 4 shows the predictive

Fig. 4: Confusion matrix illustrating the predictive perfor-

mance of the proposed work in classifying ADHD subjects

from control participants. The matrix quantifies the models

accuracy in terms of percentage.

accuracy of ADViQ-AL, using RGB video and questionnaire

data through our advanced multimodal approach. The model

demonstrates a robust capability in accurately identifying

ADHD cases, as highlighted by a high proportion of true

positives. This significant percentage reflects ADViQ-AL’s

sensitivity/recall for the ADHD class, illustrating its effec-

tiveness in capturing ADHD instances, which is crucial for

reliable ADHD detection.

In contrast, ADViQ-AL exhibits a low percentage of false

negatives, indicating its efficiency in rarely misclassifying

ADHD instances as control. This performance is key in

reducing Type 2 errors, essential in medical diagnostics where

overlooking ADHD can have profound implications. Addi-

tionally, the model’s low false positive rate emphasises its

high specificity, illustrating its success in precisely identifying

control cases, thereby minimising Type 1 errors and avoiding

incorrect ADHD labels for control instances. We believe that

in certain clips for the ADHD subjects, there is very minimal

movement or the movement could be something as trivial as

scratching the head. This is behaviour that is also typical

of the controls which could explain the small amount of

false negatives we are witnessing. The high percentage of

true negatives further validates the model’s dependability in

accurately recognizing control participants, reinforcing its fair

performance across both ADHD and control classifications.

This equilibrium suggests that the model is adept at discerning

between ADHD and control classes without introducing bias

towards either. This is a testament to the effectiveness of our

multimodal approach and attention mechanism in enhancing

predictive performance.

Overall, the percentage-based breakdown of the confusion

matrix not only highlights the model’s strengths in sensitivity



TABLE I: Performance metric comparison of the proposed

model with and without the attention mechanism. All results

shown is the performance on the hold-out dataset and shown

in percentages.

Concatenation ADViQ-AL

Accuracy 95.02 98.18

Precision 95.25 98.52

Sensitivity 94.68 97.83

Specificity 95.36 98.53

F1 Score 94.96 98.17

and specificity but also offers a comprehensive perspective on

its balanced and nuanced performance in the context of ADHD

classification. Such detailed insights are pivotal for gauging the

model’s clinical applicability and reliability, where accurate

and balanced diagnostic capabilities are essential.

Table I demonstrates that the incorporation of an attention

mechanism has enhanced the model’s performance across

all pertinent metrics when compared with a model employ-

ing late-fusion concatenation. ADViQ-AL exhibits a marked

improvement in accuracy, rising to 98.18% from 95.02%

observed in the late-fusion concatenation model. This en-

hancement is not merely a numerical increase but signifies

a substantial advancement in the model’s ability to discern

between ADHD and control groups accurately. Such precision

is paramount in clinical settings where the cost of misclassi-

fication can have implications on patient care and therapeutic

direction. The precision metric, which ascends to 98.52%

in ADViQ-AL, reveals the model’s enhanced specificity in

identifying true ADHD cases, minimizing the risk of false pos-

itives. In the realm of healthcare, where diagnostic accuracy

is imperative, the elevated precision ensures that individuals

are correctly identified as having ADHD, thereby facilitating

timely and appropriate intervention.

Furthermore, the ADViQ-AL achieves a sensitivity of

97.83%, surpassing the late-fusion concatenation model’s

94.68%. This increase is indicative of ADViQ-AL’s strength-

ened ability to capture the majority of true ADHD instances,

thereby reducing the likelihood of Type 2 errors. This is

a critical consideration in medical diagnostics where failing

to detect an ADHD case could delay or deny necessary

treatment. Specificity, which stands at 98.53% with ADViQ-

AL, highlights the model’s capability to correctly negate false

ADHD diagnoses, an essential factor in preventing unneces-

sary medical interventions for control subjects. Additionally,

the F1 score, which harmonises precision and recall, reflects

a balance at 98.17%, suggesting that ADViQ-AL achieves

an optimal equilibrium between detecting ADHD cases and

avoiding misclassifications.

The core advantage provided by ADViQ-AL stems from its

capacity to dynamically allocate importance to different fea-

tures from the RGB video and questionnaire data, facilitating a

context-aware integration of information. This is a significant

improvement from the late-fusion approach, which merely

concatenates features without regard for their interrelatedness

TABLE II: Comparison with the state-of-the-art multimodal

methods for ADHD detection.

Accuracy
(%)

Validation
Age Group

(years)
Structural and

Functional MRI [11]
76.19 ✓ > 18

Structural MRI
Sub-modalities (>4) [12]

81.6 ✓ > 18

Eye Movement +
Facial Expression +

3D posture [22]
80.25 ✗

Specified as
children

Genetic + PET Imagery [13] 82.0 ✓ > 18
Structural MRI +

PC Question Data [14]
75.0 ✓ 18 - 40

ADViQ-AL 98.18 ✓ 18 - 53

or the contextual implications of their combination. In essence,

the employment of an attention mechanism within our mul-

timodal framework not only amplifies the model’s diagnostic

accuracy but also enriches its interpretability, offering insights

into the data-driven inferences it draws.

Table II compares the proposed work with existing state-

of-the-art work that exploits video data. The results show

that ADViQ-AL improves from our own existing work, while

outperforming the state-of-the-art performance. [22] is closely

related to the proposed work, in terms of analysing facial

behaviour, with the proposed work outperforming the method.

[14] provides the closest comparison for multimodal struc-

tures. Both papers utilise a form of medical record for data

with the difference being the type of imaging data. The

proposed work suggests that the RGB video data is more

effective in identifying ADHD as ADViQ-AL outperforms

the suggested approach. Furthermore this comparison could

provide insight into the usefulness of the medical records for

classification. In [14], the records display age, weight and

more personal information. Whereas in the proposed work,

we use the ASRS which is specifically designed for detecting

ADHD. This could be an interesting future work direction to

see if the relationship between the medical record and the

partner modality makes a difference.

The prevailing method in the limited existing literature for

multimodal ADHD detection is MRI data. Structural MRI’s

and functional MRI’s are two different modalities because

they serve different purposes and provide distinct types of

neurological information. The public ADHD-200 dataset is the

driving factor for the research prevalence and the functionality

of splitting MRI data into different sub-modalities. A big

drawback of MRI data is that the machines to capture the

images are expensive and require training to use. Users of

these machines can be made to feel uncomfortable due to their

claustrophobic nature. In contrast, our proposed work exploits

only a stationary camera capable of capturing the subject’s face

and body, enabling the detection of hyperactivity symptoms as-

sociated with ADHD without wearable devices. Our approach

demonstrates the feasibility of accurately identifying ADHD

symptoms through a non-wearable, more accessible means.

This simplicity paves the way for the integration of our system



into future smart devices through applications. Our innovative

system is designed to recognize multiple ADHD symptoms.

IV. CONCLUSION

In conclusion, the proposed work introduced an approach

to the classification of ADHD by employing a novel imple-

mentation of cross-modal attention fusion, integrating RGB

video data and questionnaire responses. We capitalised on the

intrinsic strengths of the ViVIT model and a Multi-Layer Per-

ceptron to process these distinct data modalities, subsequently

harnessing a cross-attention mechanism to dynamically syn-

thesise the extracted features. This fusion strategy has proven

to be instrumental in capturing the nuanced interplay between

the visual cues from video data and the self-reported symptoms

and behaviours from questionnaires, offering a comprehensive

and contextually enriched analysis.
The results showed the high performance of the cross-modal

attention mechanism, as shown by the performance metrics

compared to the baseline late-fusion concatenation model.

Specifically, ADViQ-AL achieved a high accuracy of 98.18%,

a precision of 98.52%, and an F1 score of 98.17%. This

indicates not only its robustness in classification accuracy but

also its precision in distinguishing between ADHD and control

groups. The sensitivity and specificity metrics further attest to

ADViQ-AL’s capability to correctly identify ADHD instances

while minimizing false positives, a testament to its clinical

utility. By effectively capturing the relationships between the

video and questionnaire data, ADViQ-AL offers insights into

the multifaceted nature of ADHD, potentially unveiling novel

behavioural and symptomatic markers. Moreover, the com-

pelling performance improvements highlighted in our findings

not only validate the effectiveness of our proposed model but

also emphasise the value of cross-modal attention in extracting

meaningful, discriminative features from complex, multimodal

datasets.
The results of ADViQ-AL suggest cross-modal attention is a

powerful approach when understanding multimodal data. With

recent work on our own novel Multimodal ADHD dataset

including acoustic and text feature analysis [23], our future

work will look to bridging the gap between the RGB video

and audio data. With the aim being to further understand

the subtle relationships between the different data modalities

which can provide further insight into technological mental

health diagnosis.
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