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INTEGRATION OF ARTIFICIAL INTELLIGENCE

AND MACHINE LEARNING METHODS FOR AUTISM
SPECTRUM DISORDER DETECTION: STATE-OF-THE-ART
WITH MULTIMODAL DATA PROCESSING SOLUTIONS

B cratbe paccmaTpuBaeTCca MHTErpaums noaxodoB UCKYCCTBEHHOro uHtennekta (MA) n malmHHoro
0byyeHuUst ANs BbISIBIIEHUsSI pacCTPOUCTB ayTuctuyeckoro cnekrpa (PAC) nocpeactsom MynbTUMOAAnb-
Horo aHanusa AanHbix. PAC, nopaxatowme 1% HaceneHuss mvpa, nNpeactaBnsaioT Cobon CroxHble
AVarHocTuyeckme 3agaym, TpebyoLme CnoXHbIX MHCTPYMEHTOB OLIEHKW; aHanM3NpYHTCA COBPEMEHHbIE
apxuTekTypbl rrybokoro obydeHus, BKoYasi CBepTOYHble HerpoHHble ceTn (CNN), pekyppeHTHble
HerpoHHble ceTn (RNN), BusyanbHble TpaHcOpMepbl U TMOpUAHbIE MOLENW, MPUMEHSIEMbIE B
HenpoBuU3yanusauun, pacno3HaBaHWM BblpaXXeHW nvua 1 noBedeH4YeckoM aHanuse. [NposegeHHbIN
aHanus nokasblBaeT, YTO MynbTUMOAanbHbIe Noaxodbl, coveTarowme pMPT, BugeoaHanus 1 nosegeH-
Yyeckve faHHble, JocTuralT Gonee BbICOKOW AMArHOCTUYECKOM TovHocTU (85-95%) no cpaBHeEHWIO ¢
ogHoModaneHbIMM MeTogamn. OTa paboTa obecneumBaeT BCECTOPOHHIO OCHOBY ANl PasBUTUSA
meTogonorui oueHkn PAC Ha ocHoBe .

KrniroueBble crioBa: paccTporCcTBa ayTUCTUYECKOro CNeKTpa; UCKYCCTBEHHbIM MHTENNEKT;
MaLUMHHOEe 0by4YeHne; B3anmogencTeme poautenen n getemn; MynbTuMmoganobHas
WHTEerpauus gaHHbIX; rmybokoe obyyeHue.

This review examines the integration of artificial intelligence (Al) and machine learning approaches
for autism spectrum disorder (ASD) detection through multimodal data analysis. ASD, affecting 1%
of the population globally, presents complex diagnostic challenges requiring sophisticated
assessment tools [1]. We analyze state-of-the-art deep learning architectures including CNNs,
RNNs, transformers, and hybrid models applied to neuroimaging, facial expression recognition, and
behavioral analysis. Our analysis reveals that multimodal approaches combining fMRI, video
analysis, and behavioral data achieve superior diagnostic accuracy (85-95%) compared to single-
modality methods. This work provides a comprehensive foundation for advancing Al-driven ASD
assessment methodologies.

Keywords: autism spectrum disorder; artificial intelligence; machine learning; parent-child
interactions; multimodal data integration; deep learning.
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Introduction

Autism Spectrum Disorder (ASD) represents a complex neurodevelopmental condition
affecting approximately 1% of the global population, characterized by impairments in social
communication, [1] repetitive behaviors, and restricted interests. Early diagnosis is critical for
intervention efficacy, yet traditional assessment methods face significant limitations including
subjectivity [2], resource intensity, and limited scalability. Parent-child interactions provide
valuable diagnostic information through behavioral patterns observable during naturalistic
settings [3]. These interactions reveal core ASD features including social reciprocity deficits,
communication challenges, and atypical response patterns. Video-based analysis of these
interactions offers objective, quantifiable data for automated assessment systems.

This review aims to: analyze state-of-the-art Al and machine learning approaches for
ASD detection across multiple modalities; evaluate the integration of parent-child
interaction analysis into automated diagnostic frameworks; examine deep learning
architectures for facial expression recognition and behavioral phenotyping; identify gaps in
current methodologies and propose future research directions; contextualize findings within
Russian research infrastructure and international standards. Recent advances in deep
learning have revolutionized medical diagnostics, enabling automated analysis of complex
patterns in neuroimaging, video, and behavioral data [4]. Convolutional neural networks
(CNNSs) excel at spatial feature extraction from images, while recurrent neural networks
(RNNs) and transformers capture temporal dynamics in behavioral sequences. These
technologies enable objective, scalable, and consistent diagnostic support tools. Computer
vision techniques applied to video recordings of parent-child interactions can automatically
detect behavioral biomarkers including eye gaze patterns, facial expressions, gesture
coordination, and social attention [5]. Facial expression recognition (FER) systems provide
quantitative measures of emotional responsiveness and social engagement, key indicators of
ASD symptomatology [6].

We propose a comprehensive theoretical framework integrating multimodal Al
technologies for ASD assessment, this framework comprises five key components:

1. Multimodal Data Acquisition: Neuroimaging (fMRI, structural MRI), video
recordings of parent-child interactions, behavioral questionnaires, and clinical observations
provide complementary diagnostic information. fMRI captures functional connectivity
disruptions typical in ASD, while structural MRI identifies volumetric differences in regions
like the amygdala. Video analysis reveals subtle social cues such as reduced eye contact, and
standardized tools like ADOS quantify behavioral symptoms for longitudinal tracking.

2. Feature Extraction: Deep learning architectures extract relevant features: CNNs
process spatial patterns in brain imaging and facial expressions; RNNs and transformers capture
temporal dynamics in behavioral sequences; attention mechanisms identify diagnostically
significant regions and time periods. CNNs (ResNet/3D U-Net) detect cortical variations and
micro-expressions; RNNs model gesture sequences; transformers capture long-range prosody
patterns. Attention prioritizes biomarkers like gaze aversion or neural hubs for better discriminability.

3. Multimodal Fusion: Integration strategies combine information from multiple sources
using early fusion (concatenating raw features), late fusion (combining model predictions), or
hybrid approaches that balance complementary information. Early fusion preserves cross-modal
correlations via feature concatenation; late fusion aggregates specialized predictions for
robustness; hybrid methods (e.g., attention-based tensor fusion) dynamically weight modalities.
This captures ASD-specific interactions like synchronized neuroimaging-behavioral signals,
enhancing overall diagnostic synergy.
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4. Classification and Prediction: Machine learning models classify ASD presence/
absence and predict severity levels. Ensemble methods combining multiple architectures
enhance robustness and accuracy. Deep ensembles (CNN-RNN-Transformer stacks) reduce
overfitting via bagging/boosting; regression heads output continuous ADOS scores; Bayesian
uncertainty estimation sets reliable clinical thresholds for heterogeneous cases.

5. Explainable Al and Clinical Integration: Interpretation techniques (attention
visualization, saliency maps, SHAP values) provide clinically meaningful explanations
supporting diagnostic decisions and building clinician trust [7]. Attention heatmaps highlight
key brain voxels or interaction frames; saliency maps trace decision paths; SHAP values
quantify feature contributions. These enable clinician-Al collaboration and FDA-compliant
workflows.

Materials and Methods

This study conducts a systematic review analyzes AI/ML approaches for ASD
detection across neuroimaging, video analysis, and behavioral assessment modalities. We
examine peer-reviewed publications (2015-2024) from major databases focusing on deep
learning applications in ASD diagnostics. Selection criteria included studies utilizing Al/ML
for ASD classification, multimodal data fusion (e.g., ABIDE MRI datasets, parent-child
video recordings), behavioral biomarker extraction, and rigorous validation with metrics
such as accuracy and AUC-ROC, with emphasis on reproducible experimental protocols and
clinically meaningful evaluation settings. The included studies are synthesized by modality
and algorithmic approach (CNN/RNN/Transformer, GNN-based connectivity modeling, and
ensemble pipelines) to identify common biomarkers, fusion strategies, and recurring

limitations affecting generalization and real-world deployment.
AI-Based ASD Assessment Framework Architecture
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Figure 1 — Al-Based ASD Assessment Framework Architecture. The framework integrates multiple
data sources through AlI/ML processing to generate comprehensive clinical assessments and
personalized intervention recommendations
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Studies were selected based on: use of AI/ML for ASD detection, multimodal data
integration, parent-child interaction analysis, validation on established datasets (ABIDE,
custom video corpora), and reported performance metrics (accuracy, sensitivity, specificity) [8].
ensuring that included works provide comparable experimental protocols and clinically
relevant evaluation outcomes.The final set of studies was then synthesized by modality and
model family (e.g., neuroimaging, video-based behavioral analysis, questionnaire data;
CNN/RNN/transformer and hybrid pipelines) to identify consistent biomarkers, fusion
strategies, and common limitations affecting real-world deployment.

Deep learning architectures examined include: CNNs (ResNet, VGGNet, Inception)
for spatial feature extraction; RNNs/LSTMs for temporal sequence modeling; Transformers
and attention mechanisms; Graph Neural Networks for brain connectivity [9]; and ensemble
methods combining multiple approaches [10]. These models support both modality-specific
learning (e.g., MRI or facial cues) and temporal behavioral modeling, while ensembles
improve robustness and generalization. In multimodal pipelines, CNN/GNN branches
typically encode neuroimaging structure and connectivity, whereas sequence models encode
interaction timelines (gaze shifts, gestures, turn-taking), producing embeddings that can be
fused early, late, or via hybrid attention-based fusion.

Experimental Design

The Autism Brain Imaging Data Exchange (ABIDE) provides structural and functional
MRI data from ASD and typically developing individuals, enabling analysis of brain
connectivity and structural differences [11]. Video datasets capture parent-child interactions
during structured and unstructured activities, enabling extraction of behavioral biomarkers
including eye contact, facial expressions, gesture patterns, and social responsiveness.
Simulated questionnaire responses based on established instruments (ADOS, ADI-R)
provide supplementary training data addressing data scarcity challenges [12].

Dataset Model Accuracy Precision Recall Fi-Score ROC-AUC
ABIDE Logistic Regression 70.2% 70.1% 70.3%  70.3% 76.9%
ABIDE Random Forest 74.7% 74.8% 74.7% 74.7% 80.6%
ABIDE SVM 79.3% 79.4% 79.3% 70.3% 85.1%
ABIDE Gradient Boosting 80.3% 80.4% 8o.a3% 80.8% 86.1%
ABIDE MLP Neural Network  78.6% 78.8% 786% 785% 84.2%
Video ASD Logistic Regression 64.0% 58.7% 64.0% 58.7% 42.8%
Video ASD Random Forest 70.0% 57.6% 70.0% 57.6% 49.8%
Video ASD SVM 70.0% 57.6% 70.0%  57.6% 48.8%
Video ASD Gradient Boosting 72.0% 59.5% 72.0% 59.1% 51.8%

Video ASD MLP Neural Network  69.3% 58.2% 69.3% 58.5% 50.2%

Questionnaire Logistic Regression 72.9% 70.9% 72.0%  70.9% 74.5%

Questionnaire Random Forest 70.8% 68.5% 70.8% 68.5% 71.4%
Questionnaire SVM 71.3% 66.8% 71.3%  66.8% 68.0%
Questionnaire Gradient Boosting 74.2% 72.3% 74.2% 72 4% 75.8%
Questionnaire MLP Neural Network  73.5% 71.5% 73.5%  71.8% 75.1%

Tabmuna 1: Performance of machine learning models across ABIDE, Video ASD, and
questionnaire-based datasets.

Models evaluated include supervised classifiers (SVM, Random Forests, Neural
Networks), deep learning architectures (CNNs, RNNs, Transformers), and multimodal
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fusion approaches. Performance assessed using cross-validation, independent test sets, and
metrics including accuracy, sensitivity, specificity, AUC-ROC, and F1-score.

Key features extracted include: neuroimaging (brain connectivity, regional volumes,
activation patterns); facial expressions (emotion recognition, micro-expressions, gaze
patterns); behavioral (social attention, gesture coordination, response latency); and temporal
dynamics (interaction sequences, turn-taking patterns) [13].

This section reviews state-of-the-art deep learning approaches for facial expression
recognition (FER) and multimodal emotion analysis relevant to ASD assessment. State-of-
the-Art Deep Architectures for FER:

1. Convolutional Neural Networks (CNNs) CNNs have become foundational for
FER tasks. Architectures like VGGNet, ResNet, and Inception extract hierarchical facial
features automatically. Transfer learning from ImageNet pre-trained models accelerates
training and improves generalization [14],

2. Recurrent Neural Networks (RNNs) and LSTMs RNNs and Long Short-Term
Memory (LSTM) networks capture temporal dependencies in video sequences, modeling
emotion evolution over time. These architectures excel at detecting subtle emotional
transitions critical for ASD assessment.

3. Attention Mechanisms and Transformers Attention mechanisms enable models
to focus on diagnostically relevant facial regions and temporal segments. Vision
Transformers (ViT) and temporal attention models achieve state-of-the-art performance by
learning global dependencies [15].

4. Graph Neural Networks (GNNs) GNNs model relationships between facial
landmarks and action units, capturing geometric and dynamic facial patterns. This approach
provides interpretable feature representations aligned with clinical observations [16].

5. Multimodal Emotion Recognition Combining visual (facial expressions), auditory
(prosody, speech patterns), and physiological (heart rate, skin conductance) modalities enhances
recognition accuracy [17]. Early fusion concatenates features before classification; late fusion
combines model predictions; hybrid approaches balance both strategies [18]. Multimodal
approaches achieve 10-15% accuracy improvements over single-modality systems.

6. Cross-Cultural Variations in Emotion Expression and Perception Emotion
expression and recognition vary across cultures, affecting model generalization. Training on
diverse datasets and incorporating cultural context improves cross-cultural performance.
Transfer learning and domain adaptation techniques enable model adaptation to new cultural
contexts without extensive retraining.

7. Recognition of Subtle Expressions and Micro-Expressions Micro-expressions
(lasting <200ms) reveal genuine emotional states often masked in longer expressions.
Specialized datasets (CASME, SAMM) and high-frame-rate video analysis enable detection
of these fleeting expressions relevant to social communication assessment.

8. Trustworthy and Interpretable FERClinical adoption requires explainable Al
providing interpretable diagnostic support. Techniques include: attention visualization
highlighting relevant facial regions; saliency maps showing pixel-level contributions; SHAP
values quantifying feature importance; and activation maximization revealing learned
feature representations [19].

9. Summary and Research Gap Current state-of-the-art achieves 85-95% accuracy
on benchmark datasets. However, gaps remain in: ecological validity of laboratory-based
assessments; generalization across diverse populations and cultures; integration of
multimodal behavioral data; real-time processing for clinical applications; and longitudinal
modeling of developmental trajectories.
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Results and Discussion

Deep learning models demonstrate strong performance across modalities. CNN-based
approaches on neuroimaging data achieve 85-92% accuracy in ASD classification [20].
Multimodal models combining fMRI, structural MRI, and behavioral data reach 90-95%
accuracy, outperforming single-modality approaches by 10-15% [20].

Video-based behavioral analysis using CNNs and RNNs achieves 80-88% accuracy in
detecting ASD from parent-child interactions. Attention mechanisms improve performance by
focusing on diagnostically relevant temporal segments and facial regions. Key neuroimaging
biomarkers include: default mode network connectivity, frontal-posterior connectivity patterns,
and amygdala volumes. Behavioral biomarkers from video analysis include: reduced eye contact
frequency and duration, atypical facial expression patterns, delayed social responses, and
restricted gesture repertoire. Feature importance analysis reveals social attention and emotional
reciprocity as strongest predictors.

Automated analysis identifies distinctive patterns: reduced joint attention episodes, lower
frequency of social initiations, atypical turn-taking dynamics, and decreased emotional
synchrony between parent and child. These patterns align with clinical observations and provide

quantitative metrics for tracking intervention outcomes.
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Figure 4 — Integrated Al-Based ASD Assessment System Architecture. The system demonstrates
data flow from multiple sources through Al/ML processing pipelines to clinical outputs, with
continuous feedback loops for model refinement and quality assurance.

Pilot studies demonstrate feasibility of Al-enhanced screening in clinical settings,
reducing assessment time by 40-60% while maintaining diagnostic accuracy. Integration
with electronic health records enables longitudinal tracking and early identification of at-
risk children [21].

Current limitations include dataset bias (limited diversity in race, culture, socioeconomic
status); ecological validity (laboratory settings differ from naturalistic environments);
interpretability (black-box models require explainable Al); generalization (models may not
transfer across populations); and ethical concerns (privacy, consent, algorithmic fairness) [19].
Future research should address:

1. Longitudinal Studies and Developmental Trajectories Longitudinal data
collection tracking children from infancy through childhood would enable modeling of
developmental trajectories, early risk detection, and intervention outcome prediction.

2. Cross-Cultural Validation and Adaptation Validation across diverse populations
is essential for generalizability. Transfer learning and domain adaptation enable model
adjustment to new cultural contexts without extensive retraining.

3. Explainable Al and Clinical Interpretability Developing interpretable models
providing clinically meaningful explanations is critical for adoption. Integration of attention
mechanisms, feature visualization, and clinical domain knowledge enhances trustworthiness.

4. Integration with Neurobiological and Genetic Data Combining behavioral
phenotyping with genetic markers, neurochemical profiles, and neurophysiological data
would provide comprehensive understanding of ASD etiology and heterogeneity [22].
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5. Real-Time Assessment and Adaptive Interventions Real-time processing enables
immediate feedback during clinical sessions and adaptive interventions responding to individual
behavioral patterns.

6. Ethical Framework Development Comprehensive ethical guidelines addressing
privacy, consent, bias mitigation, transparency, and human oversight are essential for
responsible implementation.

7. Democratization and Accessibility Development of accessible, low-cost tools
deployable in resource-limited settings would democratize ASD assessment globally.

8. Integration with Russian Research Infrastructure Collaboration with Russian
institutions, adaptation to regulatory requirements, and integration with existing clinical
workflows would facilitate local implementation and contribute to international knowledge
exchange.

Conclusion

This review provides comprehensive analysis of Al and machine learning approaches
for ASD detection, demonstrating that: multimodal deep learning models achieve 85-95%
diagnostic accuracy; integration of neuroimaging, video analysis, and behavioral data
significantly outperforms single-modality approaches; parent-child interaction analysis
provides valuable behavioral biomarkers; attention mechanisms and explainable Al enhance
clinical interpretability; cross-cultural validation and ethical considerations are essential for
real-world deployment.

Al-enhanced assessment tools offer objective, quantifiable diagnostic metrics; reduced
assessment time and costs; scalable screening for at-risk populations; support for early
intervention; and longitudinal tracking of developmental trajectories. These tools
complement rather than replace clinical expertise, providing decision support and increasing
accessibility.

Current limitations include dataset bias, limited ecological validity, interpretability
challenges, and ethical concerns. Future research should focus on longitudinal developmental
studies; diverse, representative datasets; real-time processing capabilities; integration with
genetic and neurobiological data; comprehensive ethical frameworks; and adaptation to diverse
cultural contexts and resource settings.

This work contextualizes international advances within Russian research infrastructure,
supporting development of culturally adapted diagnostic tools, collaboration witASD, affecting
1% of the population globally, presents complex diagnostic challenges requiring sophisticated
assessment toolsh international initiatives, and contribution to global ASD research. Integration
with existing clinical protocols and regulatory frameworks will facilitate local implementation.

The integration of Al technologies with parent-child interaction analysis represents a
promising advancement in ASD assessment. Continued research addressing current
limitations, combined with responsible ethical implementation, will enable development of
accessible, accurate, and clinically meaningful diagnostic support tools benefiting
individuals with ASD, families, and healthcare systems globally.
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RESUME

O. El Hamzaoui, E. V. Patrakov, V. |. Borisov
Integration of artificial intelligence and machine learning methods for autism
spectrum disorder detection: state-of-the-art with multimodal data processing
solutions

Autism spectrum disorder (ASD) affects about 1% of the global population and poses
complex diagnostic challenges requiring advanced assessment tools. Traditional methods
are subjective, resource-intensive, and limited in scalability. This review analyzes state-of-
the-art Al and machine learning approaches for ASD detection using multimodal data,
including neuroimaging, parent-child interaction video analysis, and behavioral
biomarkers.
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A systematic review of 2015-2025 peer-reviewed publications from major databases
on deep learning applications (CNNs, RNNs, transformers, GNNs, ensembles) for ASD
classification. Datasets include ABIDE (MRI), parent-child videos, questionnaires (ADOS,
ADI-R); data fusion strategies (early, late, hybrid); metrics (accuracy, AUC-ROC, F1); a
framework architecture for multimodal assessment is proposed.

Deep learning models achieve high performance: CNNs on neuroimaging — 85-92%
accuracy, multimodal (fMRI + video + behavior) — 90-95%, outperforming single-
modality by 10-15%. Video analysis identifies biomarkers (reduced eye contact, atypical
expressions, gestures). Explainable Al (SHAP, attention) enhances interpretability; pilot
studies reduce assessment time by 40-60%.

Al integration with multimodal data enables accurate, scalable ASD diagnostics,
complementing clinical expertise. Future work should address longitudinal studies, cross-
cultural validation, ethics, and adaptation to Russian standards for real-world deployment.

PE3IOME

O. Onb Xamsayu, 3. B. lNampakos, B. . bopucos

MHmeepauUFl Memooos UCKycCmeeHHOcO0 UHmeJsisiekma u MmawuHHO20 OﬁyquUFI
Or151 8bISIBIEHUS paccmpolicme aymucmu4eckoz2o criekmpa: 0630p co8peMeHH020
COCMOSHUSA C UCrofib308aHUEM peweHul O MyrbmumodaribHol obpabomku
O0aHHbIX

PacctpoiictBa aytuctuueckoro crekrpa (PAC) 3atparuBatot okoso 1% HaceneHus
MHUpPa U NPEACTABIAIOT CIOXHbBIE TUAarHOCTUYECKUE 3a/lauM, TPeOYyIOIINE COBPEMEHHBIX
WHCTPYMEHTOB OLICHKU. TpagullMOHHBIE METO/bI JUArHOCTUKU CyObEKTUBHBI, PECYPCOEMKHU
U OTpaHHuEHbl B MaciiTabupyemoctu. B 0030pe aHanu3upyroTcs COBpeMEHHBIE MOX0bI
WU n mammmaHOTO 00y4eHus A BeisiBieHus PAC ¢ uCoab30BaHUEM MYJITbTUMOIATBHBIX
JAHHBIX, BKJIOYas HEHpOBU3yalM3allMio, aHalU3 BHJAEO B3aUMOACHCTBUN pOAUTENb-
peOeHOK U TIOBEJICHYECKHEe OMOMapKephl.

[TpoBenen cucrematnueckuit 0030p myobnukanuit 2015-2025 rr. u3 Beaymux 6a3
HAYKOMETPUYECKHX JIaHHBIX MO MpuMeHeHuo riryookoro ooyuenus (CNN, RNN, tpanc-
dopmepnr, GNN, ancam6im) st kinaccudukanuu PAC. Pacemorpenst natacetst ABIDE
(MPT), Buneo B3aumoneiictuii, onpocHuku (ADOS, ADI-R); ctpareruu ¢proxeHa TaHHBIX
(panHu#, no3nHuM, TuOpunHEI); Merpuku (TouHocTth, AUC-ROC, F1); nmpeanoxkena
pamMoyHas apXUTEKTypa A MyJIbTUMOIATBHON OLIEHKH.

PaccmoTpennble Mogenu riay0okoro oOydeHus MOKa3bIBalOT BBICOKYIO 3(P(EeKTHB-
HocTh: CNN Ha HelipoBuzyanuzanuu — 85-92% TouyHOCTH, MyTbTUMOIaTTBHBIE TTOIXOIBI
(fMRI + Bugeo + moBeaenne) — 90-95%, npeBocxoasT MoHoMoanbHbIe Ha 10—15%.
AHanu3 BUAEO BBIABISECT OMOMapKepbl (CHM)KCHHBIN 3pUTENbHBIA KOHTAKT, aTHUIIUYHBIC
MuMuKa, xectbl). O0bsicauMblil U1 (SHAP, attention) ycuinBaeT HHTEPIPETUPYEMOCTB;
MUJIOTHBIC TECTHI COKpaIIaroT BpeMs orieHku Ha 40—60%.

Wurerparus MU ¢ My nbTHMOJQTEHBIME JIAHHBIMHA 00€CITEYMBACT TOYHYIO, MACIIITa-
oupyemyto auarHoctTuky PAC, nomomHss KIMHUYECKYIO SKcrmepTusy. HeoOxommmbl
JATBHEHUIITNE WCCIISOBAHUS 10 JIOHTUTIOAHBIM JaHHBIM, KPOCC-KYJIBTYPHOH BaJIHIAINH,
ATHKE U aJJalTAlli K POCCUACKHUM CTaHAapTaM JJisl TPAKTHUYECKOTO BHEAPEHUSI.
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