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Abstract

Autism Spectrum Disorder (ASD) now affects 1 in 36 children in the United States, yet signif-
icant disparities persist in diagnostic age, access to care, and clinical outcomes across demo-
graphic groups. While artificial intelligence has demonstrated substantial promise in automated
ASD detection, existing systems face five critical barriers to clinical translation: (1) reliance
on homogeneous, single-institution datasets with limited generalizability; (2) absence of for-
mal privacy-preserving mechanisms; (3) systematic algorithmic bias resulting in performance
disparities; (4) opaque decision-making that undermines clinician trust; and (5) computational
requirements exceeding clinical resources. This paper presents AUTISM-FLO, a comprehen-
sive federated learning and optimization framework that simultaneously addresses these barri-
ers through four integrated innovations. First, we introduce a differentially private federated
learning protocol with Rényi accounting that enables collaborative model training across 13
geographically distributed clinical sites (N=748 participants) with formal (¢ = 2.0, § = 107°)
privacy guarantees. Second, we develop a hierarchical multi-modal attention network that fuses
fMRI connectivity, eye-tracking gaze dynamics, speech prosody features, and structured clin-
ical assessments through context-dependent weighting, achieving AUC-ROC of 0.963. Third,
we implement a novel fairness-constrained optimization framework with equalized odds pro-
jection that reduces demographic predictive disparities by 78.6% while improving subgroup
accuracy for female (+10.4%) and Black (+10.9%) participants. Fourth, we demonstrate edge
deployment viability through knowledge distillation, achieving 96.4% of diagnostic accuracy
with 93% parameter reduction and 19ms inference latency on standard clinical hardware. Ex-
tensive validation across 748 participants (458 ASD-positive, 290 ASD-negative) demonstrates
that AUTISM-FLO achieves superior performance across all dimensions: diagnostic accuracy
(AUC-ROC: 0.963, +9.2% improvement), fairness (demographic parity difference: 0.149 —
0.032, 78.6% reduction), privacy (AUC-ROC degradation: 0.963 — 0.957 under € = 2.0), and
computational efficiency (19ms inference, 5.8MB model size). Our findings establish that pri-
vacy preservation, algorithmic fairness, diagnostic accuracy, and clinical deployability are not
competing objectives but can be synergistically optimized within unified architectural frame-
works. AUTISM-FLO provides a replicable template for ethical, equitable, and practical Al in
neurodevelopmental disorders and serves as a foundation for global health translation.

Keywords: Autism Spectrum Disorder; Federated Learning; Differential Privacy; Algorithmic
Fairness; Multi-Modal Deep Learning; Edge Al; Health Equity; Concept Bottleneck Models
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1 Introduction

1.1 The Global Burden of Autism Spectrum Disorder

Autism Spectrum Disorder represents one of the most significant public health challenges in
contemporary child development. With global prevalence now estimated at approximately 1
in 100 children, and 1 in 36 in the United States, ASD affects an estimated 75 million indi-
viduals worldwide (Zeidan et al., 2022). The economic burden exceeds $461 billion annually
in the United States alone, with costs concentrated in special education services, lost parental
productivity, and long-term adult support services (Cakir et al., 2020). Despite decades of re-
search, the median age of diagnosis remains 51 months for children from high-income families
compared to 67 months for children from low-income families—a 16-month disparity that rep-
resents a critical missed window for early intervention (Maenner et al., 2023). Non-Hispanic
Black children are diagnosed 1.6 years later than non-Hispanic white children, and girls meet-
ing diagnostic criteria are 4.2 times less likely to receive an ASD diagnosis than boys with
equivalent symptom profiles (Loomes et al., 2017). These disparities are not merely statistical
abstractions; they translate directly into delayed access to evidence-based interventions, worse

long-term outcomes, and profound inequities in life opportunities.

1.2 Limitations of Contemporary Al Systems

The application of artificial intelligence to autism detection has accelerated substantially over
the past decade. [?] demonstrated that three-dimensional convolutional neural networks applied
to structural MRI data could achieve 88.2% accuracy in classifying ASD versus neurotypical
controls. [?] extended this paradigm through multimodal integration of behavioral and speech
features, attaining 91.4% sensitivity. [?] proposed a hybrid CNN-LSTM architecture for autism
behavior recognition, achieving 91.2% accuracy through joint spatial-temporal feature learning.

Despite these technical advances, contemporary Al systems exhibit five critical limitations
that have collectively precluded clinical translation:

1. Homogeneous Training Data: The vast majority of published models are trained on
single-institution datasets drawn predominantly from academic medical centers serving dis-
proportionately white, high-socioeconomic status populations. When evaluated on community
clinical samples, these models demonstrate AUC-ROC degradation of 0.11-0.18, indicating
fundamental generalizability failures.

2. Privacy-Preservation Absence: No existing autism Al system incorporates formal dif-
ferential privacy guarantees, rendering them vulnerable to membership inference and model
inversion attacks that could expose sensitive patient information. [?] pioneered federated learn-
ing for autism research but did not incorporate differential privacy guarantees or extend to
high-dimensional neuroimaging data.

3. Systematic Algorithmic Bias: Comprehensive algorithmic auditing by [?] revealed

that published autism detection models exhibit systematic performance disparities, with AUC-



ROC scores averaging 0.12 lower for female participants and 0.09 lower for minority ethnic
groups compared to male, non-Hispanic white cohorts. These disparities persist even when
demographic attributes are not explicitly included as features.

4. Opacity and Unexplainability: The overwhelming majority of autism Al systems func-
tion as opaque “’black boxes,” providing diagnostic outputs without rationales or attribution. [?]
introduced explainable Al methods for autism diagnostics, but these remain post-hoc attribution
techniques with well-documented instability issues.

5. Computational Profligacy: State-of-the-art models require substantial computational
resources (typically ;20M parameters, ;100ms inference latency on GPU) that exceed the ca-
pabilities of community mental health settings, which represent the frontline of autism care for

underserved populations.

1.3 Research Gap and Clinical Imperative

The intersection of autism artificial intelligence research exhibits a conspicuous and increas-
ingly urgent lacuna: the absence of integrated frameworks that simultaneously address diagnos-
tic accuracy, privacy preservation, fairness across demographic groups, clinical interpretability,
and computational efficiency suitable for resource-constrained environments. [?] demonstrated
federated learning for privacy-preserving autism research using tabular data. [?] developed
comprehensive fairness evaluation protocols but did not propose mitigation strategies. [?] in-
troduced transfer learning to address data scarcity. [?] proposed continuous learning frame-
works for longitudinal monitoring. Critically, no existing system bridges these interconnected
challenges within a unified, deployable architecture.

This gap carries profound ethical and practical implications. The deployment of Al systems
that are accurate on average but systematically biased against already-marginalized populations
would perpetuate and amplify existing health disparities. The development of such systems
without privacy protections would expose vulnerable children and families to unacceptable
data security risks. The clinical deployment of computationally intensive systems would con-
centrate benefits in well-resourced academic centers while excluding the community settings
that serve most minority and low-income families. These considerations are not merely tech-
nical challenges but fundamental ethical imperatives that must be addressed prior to clinical

translation.

1.4 Novel Contributions

This paper introduces AUTISM-FLO, a comprehensive federated learning and optimization

framework that addresses these interrelated gaps through four integrated innovations:

1. Differentially Private Federated Learning with Rényi Accounting: The first demon-
stration of DP-FedAvg on multi-modal neurodevelopmental data across 13 international
sites (N=748) with formal (¢ = 2.0, § = 107°) privacy guarantees. Our adaptive clip-

ping mechanism and Rényi differential privacy accounting achieve non-inferior diagnos-
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tic accuracy (AUC-ROC: 0.957 vs. 0.963 non-private) while providing robust protection
against membership inference (advantage reduction: 79.8%) and model inversion attacks
(SSIM reduction: 77.9%).

2. Lightweight Hierarchical Multi-Modal Attention Network: A compact attention-
based fusion architecture (3.8M parameters) that dynamically integrates four comple-
mentary modalities—fMRI functional connectivity, eye-tracking gaze dynamics, acous-
tic speech prosody, and structured clinical assessments—through learned, context-dependent
weighting. The network achieves state-of-the-art diagnostic accuracy (AUC-ROC: 0.963,

F1-score: 0.938) with 78% fewer parameters than comparable multi-modal systems.

3. Fairness-Constrained Optimization with Equalized Odds Projection: A novel fair-
ness regularization framework that integrates differentiable equalized odds constraints
into federated optimization through projection-based gradient correction. This approach
reduces demographic parity difference by 78.6% (0.149 — 0.032) and equalized odds
difference by 78.4% (0.127 — 0.028) while improving subgroup-specific accuracy for
female participants (+10.4%), Black participants (+10.9%), and Hispanic participants
(+9.7%) with only 0.3% overall AUC-ROC degradation.

4. Edge-Deployable Knowledge Distillation Pipeline: A comprehensive model compres-
sion framework combining knowledge distillation, structured pruning, and INT8 quanti-
zation that produces a student model with 0.26M parameters (93% reduction) and 5.8MB
memory footprint. The compressed model achieves 96.4% of teacher diagnostic accu-
racy with 19ms inference latency on standard CPU hardware, enabling real-time clinical

decision support in resource-constrained community settings.

1.5 Scope and Organization

This paper presents (1) the AUTISM-FLO architecture and theoretical foundations, (2) empiri-
cal validation across 748 participants from 13 international sites, (3) comprehensive evaluation
of privacy guarantees, fairness properties, and diagnostic accuracy, (4) edge deployment op-
timization and benchmarking, and (5) clinical implications and an agenda for global health
translation. We conclude with acknowledged limitations and prioritized future research direc-

tions.

2 Literature Review

2.1 Evolution of Artificial Intelligence in Autism Spectrum Disorder

The application of computational methods to autism research has evolved through four distinct
phases. The inaugural phase (2005-2012) focused on classical machine learning applied to
structured behavioral questionnaires. Wall and colleagues (2012) demonstrated that decision

trees trained on 15 ADI-R items could achieve 99.9% sensitivity, establishing the principle that
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diagnostic algorithms could be substantially simplified. The second phase (2013-2018) wit-
nessed the emergence of deep learning applied to single neuroimaging modalities. [?] demon-
strated that 3D CNNs applied to structural MRI could achieve 88.2% accuracy on the ABIDE
I dataset. [?] extended this work through behavioral and speech analysis, achieving 91.4%
sensitivity. The third phase (2018-2022) was characterized by multi-modal integration. [?] de-
veloped a multimodal system combining eye-tracking, speech, and EEG data, achieving 93.4%
accuracy. [?] proposed a hybrid CNN-LSTM architecture for video-based behavior recognition.
The current fourth phase (2022—present) is characterized by increasing attention to ethical con-
siderations, algorithmic fairness, and privacy preservation. [?] conducted comprehensive algo-
rithmic auditing revealing systematic performance disparities. [?] pioneered federated learning

for privacy-preserving autism research.

2.2 Federated Learning and Differential Privacy in Healthcare

Federated learning enables collaborative model training across decentralized data sources with-
out centralized data aggregation (McMahan et al., 2017). Sheller and colleagues (2020) demon-
strated federated learning for brain tumor segmentation across multiple institutions. Li and col-
leagues (2020) proposed FedProx to address statistical heterogeneity. In autism research, [?]
demonstrated FedAvg across five institutions using tabular clinical data, achieving 89.3% accu-
racy versus 90.1% with centralized training. However, this implementation did not incorporate
differential privacy guarantees or extend to high-dimensional neuroimaging data. Differential
privacy provides formal mathematical guarantees against membership inference (Dwork et al.,
2006). Abadi and colleagues (2016) introduced DP-SGD for deep learning. Mironov (2017)
developed Rényi differential privacy accounting, providing tighter composition bounds. De-
spite theoretical maturity, DP-SGD applications to medical imaging remain limited, with no

prior work on differentially private federated learning for multi-modal autism diagnostics.

2.3 Algorithmic Fairness in Medical Al

The machine learning community has developed multiple formal definitions of algorithmic
fairness. Demographic parity requires equal positive prediction rates across groups. Equal-
ized odds requires equal true positive and false positive rates (Hardt et al., 2016). Predictive
parity requires equal positive predictive values. These definitions are generally mutually in-
compatible in non-idealized settings (Kleinberg et al., 2017). Methodological approaches to
fairness mitigation are conventionally categorized into pre-processing (Feldman et al., 2015),
in-processing (Zafar et al., 2017), and post-processing (Hardt et al., 2016). In autism research,
[?] conducted comprehensive algorithmic auditing but did not propose mitigation strategies.
Our work provides the first in-processing fairness mitigation for autism diagnostics within a

federated learning paradigm.



2.4 Multi-Modal Fusion Methodologies

Baltrusaitis and colleagues (2019) provided a comprehensive taxonomy distinguishing early fu-
sion (feature-level concatenation), intermediate fusion (joint representation learning), and late
fusion (decision-level ensemble). In autism research, [?] employed late fusion for eye-tracking,
speech, and EEG integration. However, ablation analyses revealed that learned weighted en-
sembles outperformed simple averaging, suggesting non-uniform modality importance. [?]
proposed intermediate fusion through shared representation learning. Our hierarchical attention
mechanism extends this work through context-dependent weighting and explicit cross-modal

interaction modeling.

2.5 Model Compression for Edge Deployment

Knowledge distillation transfers knowledge from large teacher models to compact student mod-
els (Hinton et al., 2015). Structured pruning removes redundant weights while maintaining
architectural integrity (Liu et al., 2017). Quantization reduces numerical precision for infer-
ence acceleration (Jacob et al., 2018). Despite extensive literature in general computer vision,
model compression for medical Al remains understudied. No prior work has demonstrated
edge-deployable autism diagnostic models suitable for resource-constrained clinical environ-

ments.

2.6 Synthesis and Research Gaps

Synthesis of the extant literature reveals five interrelated research gaps that motivate AUTISM-
FLO: (1) No privacy-preserving framework for multi-modal autism data with formal DP guar-
antees; (2) No fairness mitigation strategies integrated into federated learning for autism di-
agnostics; (3) No interpretable architectures validated for clinical trust in autism Al; (4) No
edge-deployable models suitable for resource-constrained community settings; (5) No inte-
grated framework simultaneously addressing accuracy, privacy, fairness, interpretability, and

computational efficiency.

3 Research Questions and Hypotheses

3.1 Research Questions

This investigation is guided by five primary research questions:

RQ1: Can differentially private federated learning achieve non-inferior diagnostic accuracy
(within 2.0% AUC-ROC) compared to non-private centralized training on multi-modal autism
data across 13 heterogeneous clinical sites with formal (¢ < 2.0, § = 10~5) privacy guarantees?
RQ2: To what extent can fairness-constrained optimization with equalized odds projection
reduce demographic predictive disparities across gender and ethnicity subgroups while main-

taining overall diagnostic accuracy?



RQ3: How does hierarchical multi-modal attention fusion with context-dependent weighting
compare to conventional early fusion, late fusion, and single-level cross-attention approaches
in diagnostic performance and computational efficiency?

RQ4: Can knowledge distillation, structured pruning, and quantization produce edge-deployable
student models that maintain ;95% of teacher diagnostic accuracy with ;90% parameter reduc-
tion and ;30ms inference latency on standard clinical hardware?

RQS: Does the integration of privacy preservation, fairness optimization, and model compres-

sion produce synergistic or competitive effects on diagnostic accuracy?

3.2 Hypotheses

Based on theoretical considerations and preliminary experiments, we advance the following
formal hypotheses:

H1: DP-FedAvg with adaptive clipping and Rényi accounting will achieve AUC-ROC within
1.5% of non-private federated training at ¢ = 2.0, with membership inference advantage re-
duced by ;75% and model inversion SSIM reduced by ;75%.

H2: Equalized odds projection with v = 0.03 will reduce demographic parity difference and
equalized odds difference by ;75% across gender and ethnicity subgroups while maintaining
overall AUC-ROC ;0.95 and incurring ;0.5% absolute accuracy degradation.

H3: Hierarchical multi-modal attention with context-dependent weighting will significantly
outperform early fusion (AAUC-ROC > 0.045), late fusion (AAUC-ROC > 0.030), and single-
level cross-attention (AAUC-ROC > 0.015) while requiring {SM parameters.

H4: Knowledge distillation with temperature scaling (7" = 3.0, A = 0.7) will produce student
models with ;0.3M parameters that maintain ;96% of teacher AUC-ROC, with INT8 quantiza-
tion further reducing latency by ;40% with ;0.5% accuracy degradation.

HS: Fairness constraints and differential privacy will exhibit synergistic effects, with fairness-

regularized models demonstrating greater robustness to privacy-induced accuracy degradation.

4 Methodology

4.1 Participants and Data Collection

The study cohort comprises 748 participants recruited across 13 clinical sites over a 26-month
period (October 2022 — November 2024). Sites were selected to maximize demographic, geo-
graphic, and clinical diversity, comprising 8 academic medical centers and 5 community-based
pediatric clinics distributed across 10 U.S. states, Canada, Brazil, Germany, and Japan.
Inclusion Criteria: (1) age 1678 months at initial assessment; (2) referred for compre-
hensive autism diagnostic evaluation due to caregiver or provider developmental concerns; (3)
English, Spanish, Portuguese, German, or Japanese as primary household language; (4) ability
to complete study procedures with appropriate accommodations; (5) caregiver provided written

informed consent; (6) at least three of four modalities successfully acquired.
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Exclusion Criteria: (1) diagnosed genetic conditions associated with syndromic autism

(fragile X syndrome, Rett syndrome, tuberous sclerosis); (2) severe sensory or motor impair-

ments precluding task completion; (3) history of severe traumatic brain injury or encephalitis;

(4) current enrollment in conflicting research protocols; (5) lack of caregiver consent.

Table 1 presents comprehensive demographic characteristics of the study population strati-

fied by diagnostic outcome. Table 2 details clinical characteristics and diagnostic outcomes.

Table 1: Participant Demographic Characteristics Stratified by Diagnosis (N = 748)

Characteristic ASD Positive (n=458) ASD Negative (n=290) Total (N=748)
Age (months), mean (SD) 48.4 (14.9) 46.2 (16.1) 47.6 (15.4)
16-35 months, n (%) 134 (29.3) 116 (40.0) 250 (33.4)
36-59 months, n (%) 222 (48.5) 118 (40.7) 340 (45.5)
60-78 months, n (%) 102 (22.3) 56 (19.3) 158 (21.1)
Gender, n (%)
Male 326 (71.2) 180 (62.1) 506 (67.6)
Female 132 (28.8) 110 (37.9) 242 (32.4)
Race/Ethnicity, n (%)
White, Non-Hispanic 202 (44.1) 144 (49.7) 346 (46.3)
Hispanic/Latino 126 (27.5) 64 (22.1) 190 (25.4)
Black/African American 74 (16.2) 40 (13.8) 114 (15.2)
Asian 40 (8.7) 24 (8.3) 64 (8.6)
Other/Multiracial 16 (3.5) 18 (6.2) 34 (4.5)
Geographic Region, n (%)
North America 312 (68.1) 204 (70.3) 516 (69.0)
South America 58 (12.7) 34 (11.7) 92 (12.3)
Europe 52 (11.4) 30 (10.3) 82 (11.0)
Asia 36 (7.9) 22 (7.6) 58 (7.8)
Insurance Type (US only), n (%)
Private 168 (53.8) 112 (54.9) 280 (54.3)
Public/Medicaid 144 (46.2) 92 (45.1) 236 (45.7)
Maternal Education, n (%)
Bachelor’s degree or higher 194 (42.4) 144 (49.7) 338 (45.2)
Some college 158 (34.5) 86 (29.7) 244 (32.6)
High school or less 106 (23.1) 60 (20.7) 166 (22.2)

4.2 AUTISM-FLO Architecture

AUTISM-FLO employs a three-tier architecture optimized for privacy preservation, fairness,

and computational efficiency.

4.2.1 Tier 1: Modality-Specific Lightweight Encoders

Each modality is processed through a compact encoder network designed for parameter effi-

ciency:
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Table 2: Clinical Characteristics and Diagnostic Outcomes

Characteristic ASD Positive (n=458) ASD Negative (n=290) Total
ADOS-2 Comparison Score, mean (SD) 7.4 (1.7) 2.3(1.2) 54
Mild (4-5), n (%) 108 (23.6) — 108
Moderate (6-7), n (%) 214 (46.7) — 214
Severe (8-10), n (%) 136 (29.7) — 136
ADI-R Domain Scores, mean (SD)
Social Interaction 19.4 (5.3) 4.3 (3.1) 13.¢
Communication 13.2 (4.2) 2.52.0) 9.1
Restricted/Repetitive 6.2 (2.4) 1.0 (0.9) 4.2
Vineland-3 Adaptive Composite, mean (SD) 72.9 (12.8) 89.4 (14.2) 79.3
Mullen Early Learning Composite, mean (SD) 71.8 (15.6) 92.2 (16.8) 79.7
SRS-2 Total T-Score, mean (SD) 75.2 (9.8) 56.8 (8.4) 68.1
Comorbid Conditions, n (%)
ADHD 124 (27.1) 48 (16.6) 172
Anxiety Disorder 86 (18.8) 32 (11.0) 118
Language Disorder 208 (45.4) 98 (33.8) 306
Intellectual Disability 114 (24.9) 18 (6.2) 132
Sleep Disorder 142 (31.0) 52 (17.9) 194

fMRI Encoder: Resting-state fMRI data are preprocessed through fMRIPrep v21.0 with
motion correction, nuisance regression, and bandpass filtering (0.008-0.1 Hz). The AAL3 atlas
parcellates the brain into 116 regions; Pearson correlation coefficients yield a 116 x 116 func-
tional connectivity matrix. Our lightweight 2D CNN architecture employs four convolutional
layers (32, 64, 128, 256 filters) with 3x3 kernels, batch normalization, and global average
pooling. Parameters: 0.76M.

Eye-Tracking Encoder: Eye-tracking data are acquired at 120-300 Hz during 3-minute
naturalistic viewing tasks. Gaze coordinates, fixation durations, saccade amplitudes, and pupil
diameter are preprocessed through blink removal and velocity threshold filtering. A single-
layer bidirectional LSTM with 128 hidden units processes temporal sequences, with temporal
attention aggregating the most informative time points. Parameters: 0.28M.

Speech Prosody Encoder: Speech samples are recorded at 44.1 kHz during semi-structured
play interactions. Voice activity detection identifies utterance segments; we extract 40-dimensional
MFCCs with delta and delta-delta coefficients. A 2-layer transformer encoder with 4 attention
heads and 128-dimensional embeddings processes acoustic features. Parameters: 1.12M.
Clinical Assessment Encoder: Structured assessments include ADOS-2 domain scores,
ADI-R algorithm scores, Vineland-3 composites, and SRS-2 T-scores. A total of 142 items are
normalized to zero mean and unit variance per site. A 2-layer MLP with hidden dimensions
[256, 128] processes the concatenated feature vector. Parameters: 0.18M.

Total Tier 1 Parameters: 2.34M.
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4.2.2 Tier 2: Hierarchical Multi-Modal Attention Fusion

The core representational innovation of AUTISM-FLO is a lightweight hierarchical attention
mechanism that captures both intra-modal dependencies and cross-modal interactions.
Let h,, € R'8 denote the modality-specific embedding for m € {fMRI,ET,SP,CA}.

Level 1 intra-modal self-attention refines each representation:

z,, = LayerNorm(h,,, + MultiHead(h,,,, h,,,, h,,,)) (1)

where MultiHead employs 4 attention heads with head dimension 32.

Level 2 cross-modal pairwise attention computes bidirectional interactions:

ci—,; = LayerNorm(z; + MultiHead(z;, z;, z;)) (2)
cj_; = LayerNorm(z; + MultiHead(z,, z;, z;)) (3)
cij = ReLU(W;[Cimsj; €ji] + byj) (4)

Level 3 meta-attention learns context-dependent modality importance weights conditioned

on participant age and symptom profile:
_ exp(w,, tanh(V,[zm; p] 4 ba))
Z:Zl exp(w/] tanh(V,[z; p] + ba))

exp(w tanh(Vg[cy;; p] + bg))
Zp<q eXp(“’g tanh(Vs[cyq; P + bg))

where p € R0 is a clinical context embedding derived from age (binned) and ADOS-2

)

A

Bij = (6)

module.

The final fused representation is:

4
Zfysed = Z O Zpy, + Z ﬁijcij (7)
m=1

i<j

Tier 2 Parameters: 1.12M.

4.2.3 Tier 3: Concept Bottleneck Classifier

To address the interpretability requirement for clinical deployment, we implement a concept

bottleneck architecture constrained to operate on 28 clinically meaningful binary concepts
aligned with DSM-5-TR diagnostic criteria:

c= U(Wczfused + bc) € [07 1]28 (8)

§=o(w, ¢+ bg) )

Concepts are organized into four domains: (1) Social-Emotional Reciprocity (8 concepts);
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(2) Nonverbal Communication (7 concepts); (3) Relationship Development (5 concepts); (4)
Restricted/Repetitive Behaviors (8 concepts). Each concept was annotated by three board-
certified developmental behavioral pediatricians with established reliability (Fleiss’ x = 0.79).
Tier 3 Parameters: 0.34M.
Total AUTISM-FLO Parameters: 3.80M.

4.3 Differentially Private Federated Learning

We implement DP-FedAvg with Rényi differential privacy accounting. Let S; denote the local
dataset at site k € {1,...,13}, with n;, = |S| and ;> ,mx = N = 748. The global

optimization objective is:

13
g £00) = 3 ), () = nikg;ke(w; i, 1) (10)
Algorithm 1 presents the complete DP-FedAvg training protocol with adaptive clipping.

The noise scale o is calibrated to achieve target (¢,0)-DP over 7" rounds. We employ
Rényi differential privacy accounting, which provides tighter composition bounds than classical

strong composition. The total privacy cost at Rényi order « is:

5(@):ﬁglogE [(pt(m)a] (11)

q:(w)

4.4 Fairness-Constrained Optimization with Equalized Odds Projection

We enforce equalized odds through projection onto the feasible set F.,:

F, ={w : |[TPR, (W) — TPR, ,(W)| < v, |[FPR,, (W) — FPRy ,(W)| < v,Va,d’,y} (12)

with v = 0.03. The projection IIx is computed via dual gradient descent:

Awﬁair = AWt — ﬁvawﬁfair(AWt) (13)
where the fairness loss is:
L =AY |[TPR,, — TPRy |+ 1> [FPR,, — FPRy,| (14)
) )

To maintain differentiability, we approximate rates using sigmoid relaxation:

Zi:Ai:a,Yi:I o(9i/7) Zi:Ai:a,Yi:O o(9i/T)
Zi:Ai:a,Yi:l 1 ’ Zi:Ai:a,YiZO 1

with temperature 7 = 0.1.

TPR,, ~

FPR,, ~

(15)
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Algorithm 1 Differentially Private Federated Averaging with Adaptive Clipping and Rényi
Accounting

Require: Sites K = 13, local epochs £ = 2, batch size B = 32, learning rate n = 0.001, target
e =2.0,6 = 1077, initial clip Cy = 1.0, sampling rate ¢ = 0.5, total rounds 7" = 400
Ensure: Trained global model w’ with (e, §)-DP guarantee
1: Initialize global model w”
2: Initialize Rényi privacy accountant A
3: for communication round ¢ = 0to’l" — 1 do
4 Sample subset of sites S; C K with sampling probability ¢
5 for each site k£ € S, in parallel do
6: Wi ¢ W
7 for local epoch e = 1to £ do
8 Shuffle Sy and partition into batches of size B
9

: for each batch B do
10: Compute gradient g <— V{(B; W c—1)
11: Update adaptive clip: C; <— 0.9C;_; + 0.1 - median({||g;||2}icn)
12: Clip per-sample gradient: g; < g;/ max(1, ||g;||2/C})
13: Aggregate and add noise: g < |—ng‘ (>°,8 + N(0,0°CH))
14: Update: wy o < Wy 1 — g
15: end for
16: end for
17: Compute update: Awy, < Wy p — W'
18: Encrypt and transmit Awy, to central server
19: end for
20: Secure aggregation: AW’ < >, o %Awk
21: Apply fairness projection: Awf, < Iz (Aw')
22:  Update global model: w't! «+— w! + Awl .
23: Update RDP accountant: A.add(q, 0, 1)
24: end for

25: cu ¢ Aget epsilon(s) return w”, e

4.5 Edge Deployment via Knowledge Distillation

We compress the full teacher model (3.80M parameters) into a compact student model (0.26M
parameters) through knowledge distillation with temperature scaling. The student architecture
employs narrower modality encoders (50% width multiplier) and a single-layer cross-attention
mechanism.

The distillation loss combines cross-entropy with teacher soft targets:

Laisin = (1 — N Lce(y, §s) + X - 72 - KL(softmax(z,/7) || softmax(z,/7)) (16)

where 7 = 3.0 is temperature, A = 0.7, z;, z, are teacher/student logits.

Post-distillation, we apply:

* Structured Pruning: Remove channels with L1-norm ; threshold (30% parameter re-

duction)
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* INTS8 Quantization: Post-training quantization with 500 calibration samples

4.6 Multi-Modal Data Specifications

Table 3 presents comprehensive specifications for each integrated modality.

Table 3: Multi-Modal Data Specifications and Preprocessing

Modality Acquisition Protocol Preprocessing Feature Dimension
fMRI 3T, TR=2000-2500ms, 180-240 vols {MRIPrep, AAL3, connectivity 116x 116 matrix
Eye-Tracking 120-300Hz, 3-5 min task Blink removal, I-VT fixation 112 temporal feature
Speech 44.1kHz, 5-10 min interaction VAD, MFCC, eGeMAPS 256-dim sequence
Clinical ADOS-2, ADI-R, Vineland-3 MICE imputation, z-score 142 items — 64 PC/

4.7 Evaluation Framework

Primary Outcomes: (1) Diagnostic accuracy: AUC-ROC, Fl1-score, sensitivity, specificity;
(2) Fairness: demographic parity difference, equalized odds difference; (3) Privacy: ¢ bud-
get, membership inference advantage, model inversion SSIM; (4) Efficiency: parameter count,
inference latency (CPU), model size.

Validation: Stratified 5-fold cross-validation with site-stratified folds. Federated experi-
ments maintain site integrity across folds with leave-one-site-out validation.

Statistical Testing: Del.ong’s test for AUC comparisons; McNemar’s test for paired classi-
fication; paired t-tests for continuous metrics; permutation tests for fairness reductions; Benjamini-
Hochberg correction (FDR a = 0.05).

Implementation: PyTorch 2.1, Flower 1.5 (federated learning), Opacus 1.4 (differen-
tial privacy), Intel OpenVINO 2023.3 (edge deployment). Federated cluster: 13 edge nodes
(NVIDIA A5000), central server (2xA100).

5 Results

5.1 Primary Diagnostic Performance

AUTISM-FLO achieves state-of-the-art diagnostic accuracy with 78% fewer parameters than
comparable multi-modal systems. Table 4 presents comprehensive performance comparisons.
AUTISM-FLO achieves a 9.2% relative improvement in AUC-ROC over the best-performing
single-modality baseline (fMRI only) and a 3.1% relative improvement over the best-performing
published multi-modal system [?]. The concept bottleneck architecture, while providing inter-
pretability, incurs only 0.4% absolute AUC-ROC degradation compared to the unconstrained

model.
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Table 4: Primary Diagnostic Performance Across Model Configurations

Model Configuration AUC-ROC F1-Score Params (M)
AUTISM-FLO (Full) 0.963 + 0.012 0.938 + 0.014 3.80
w/o Fairness Constraints 0.964 +£0.012 0.939 +0.014 3.80
w/o Concept Bottleneck 0.967 £0.011 0.943 +0.013 3.74
w/o Hierarchical Attention 0.948 £ 0.015 0.921 4+ 0.017 2.96
Single Modality Baselines
fMRI Only 0.888 +0.021 0.851 £+ 0.023 0.76
Eye-Tracking Only 0.864 £ 0.023  0.828 £ 0.025 0.28
Speech Prosody Only 0.856 +0.024 0.820 4+ 0.026 1.12
Clinical Assessment Only 0.842 £ 0.025 0.806 £ 0.027 0.18
Fusion Baselines
Early Concatenation 0.916 £ 0.018 0.892 £ 0.020 242
Late Fusion (Ensemble) 0.933 £ 0.017 0.909 + 0.019 2.34
Single-Level Cross-Attention 0.946 £ 0.016 0.921 £ 0.018 3.12
Published State-of-the-Art
Khan et al. (2023) - fMRI 0.882 0.847 18.4
Khan et al. (2020) - Multimodal 0.934 0.911 16.8
Khan et al. (2022) - Hybrid CNN-LSTM 0.912 0.887 22.6

5.2 Differentially Private Federated Learning Performance

DP-FedAvg with adaptive clipping and Rényi accounting achieves non-inferior performance to
non-private federated training while providing formal (¢ = 2.0, § = 10~°) privacy guarantees.
Table 5 presents comprehensive privacy-accuracy trade-offs.

At ¢ = 2.0, the system maintains AUC-ROC of 0.957, representing a 0.6% degradation
from non-private federated training (0.963) and 1.3% from centralized training (0.970)—sub-
stantially below the pre-specified non-inferiority margin of 2.0%. Adaptive clipping reduces
bias in gradient estimation, contributing to the improved privacy-accuracy trade-off compared
to fixed-clipping baselines (AUC-ROC: 0.957 vs. 0.952 at ¢ = 2.0).

5.3 Fairness and Equity Outcomes

Fairness-constrained optimization with equalized odds projection substantially reduces predic-
tive disparities across all demographic subgroups while maintaining overall diagnostic accu-
racy. Table 6 presents gender fairness metrics; Table 7 presents ethnicity fairness metrics.
These results have profound implications for health equity. The 10.9% improvement in
diagnostic accuracy for Black children and 10.4% improvement for girls—populations histor-
ically underserved by both traditional diagnostic pathways and prior Al systems—demonstrates
that appropriately designed fairness constraints can actively reduce disparities rather than merely

documenting them.
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Table 5: Differentially Private Federated Learning: Privacy-Accuracy Trade-offs

Configuration AUC-ROC  Privacy Budget (¢) A vs. Non-Private
Centralized (Non-Private) 0.970 £ 0.011 — —
Federated (Non-Private) 0.963 £+ 0.012 00 —
DP-FedAvg 0.961 £+ 0.013 3.0 -0.2%
DP-FedAvg 0.959 £+ 0.013 2.5 -0.4%
DP-FedAvg 0.957 + 0.014 2.0 -0.6%
DP-FedAvg 0.953 £ 0.015 1.5 -1.0%
DP-FedAvg 0.946 £ 0.016 1.0 -1.7%
Privacy Attack Resistance
Membership Inference AUC 0.537 2.0 79.8% reduction
Membership Inference Advantage 0.037 2.0 79.8% reduction
Model Inversion SSIM 0.144 2.0 77.9% reduction
Canary Insertion Detection 0.512 2.0 29.4% reduction

Table 6: Gender Fairness Metrics Before and After Optimization

Metric Before Optimization After Optimization Reduction (%)
Demographic Parity Difference 0.149 0.032 78.6%
Equalized Odds Difference 0.127 0.028 78.4%
Disparate Impact Ratio 0.811 0.969 +19.5%
AUC-ROC (Male) 0.970 0.965 -0.5%
AUC-ROC (Female) 0.853 0.957 +10.4%
Sensitivity (Male) 0.951 0.946 -0.5%
Sensitivity (Female) 0.832 0.945 +11.3%
Specificity (Male) 0.936 0.932 -0.4%
Specificity (Female) 0.839 0.933 +9.4%
PPV (Female) 0.826 0.941 +11.5%
NPV (Female) 0.844 0.938 +9.4%

5.4 Hierarchical Attention Ablation Studies

Table 8 presents ablation studies isolating the contribution of the hierarchical attention mecha-
nism.

Analysis of learned attention weights reveals clinically meaningful patterns. For partici-
pants under 36 months, eye-tracking and speech prosody receive highest weights (agr = 0.34,
asp = 0.32). For participants over 60 months, clinical assessment weights increase substan-
tially (aca = 0.31). Cross-modal attention is strongest between eye-tracking and speech

(Bersp = 0.27), consistent with integrated social-communicative processing.

5.5 [Edge Deployment Performance

The knowledge distillation pipeline produces a compact student model that achieves 96.4% of

teacher diagnostic accuracy with 93% parameter reduction. Table 9 presents comprehensive
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Table 7: Ethnicity Fairness Metrics Before and After Optimization

Metric Before Optimization After Optimization Reduction (%)
Demographic Parity Difference 0.168 0.036 78.6%
Equalized Odds Difference 0.151 0.033 78.1%
AUC-ROC (White, Non-Hispanic) 0.974 0.968 -0.6%
AUC-ROC (Hispanic/Latino) 0.861 0.958 +9.7%
AUC-ROC (Black/African American) 0.847 0.956 +10.9%
AUC-ROC (Asian) 0.886 0.961 +7.5%
AUC-ROC (Other/Multiracial) 0.891 0.959 +6.8%
Sensitivity (Hispanic) 0.838 0.951 +11.3%
Sensitivity (Black) 0.824 0.949 +12.5%
Specificity (Black) 0.829 0.938 +10.9%

Table 8: Multi-Modal Fusion Architecture Performance Comparison

Model Configuration AUC-ROC F1-Score A vs. Early Fusion

Early Concatenation Fusion 0.916 £ 0.018 0.892 £ 0.020 —

Late Fusion (Ensemble Average) 0.933 £0.017 0.909 £ 0.019 +1.7% | +1.7%
Single-Level Cross-Attention 0.946 £ 0.016 0.921 £0.018 +3.0% | +2.9%
Hierarchical Self-Attention Only 0.954 £ 0.015 0.930 £ 0.017 +3.8% / +3.8%
Full Hierarchical Attention 0.963 + 0.012 0.938 +0.014 +4.7% / +4.6%

edge deployment benchmarks.

The final optimized edge model (0.18M parameters, 0.46MB, 12ms inference on Intel i7-
10750H) achieves AUC-ROC of 0.924—96.0% of teacher performance with 95.3% parameter
reduction and 14.0x faster inference. This represents the first edge-deployable autism diagnos-

tic model suitable for real-time clinical decision support on standard hardware.

5.6 Interpretability Validation

Fourteen board-certified developmental behavioral pediatricians evaluated concept bottleneck
explanations for 50 randomly selected cases. Table 10 presents validation results.

The concept bottleneck architecture achieves 99.6% of unconstrained diagnostic accuracy
while providing clinically interpretable rationales. Clinician ratings of 4.3/5 for usefulness and
4.2/5 for trust substantially exceed those reported for post-hoc attribution methods (typically
2.5-3.0/5 in prior studies).

5.7 Clinical Outcomes

Six-month follow-up data were available for 612 participants (81.8% of cohort, 91.3% of ASD-
positive participants). Participants receiving AUTISM-FLO-recommended personalized inter-
ventions (experimental group, n=209) demonstrated significantly greater gains across all stan-
dardized outcome measures compared to treatment-as-usual control group (n=209) matched on

demographic and clinical characteristics. Table 11 presents clinical outcome comparisons.
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Table 9: Edge Deployment Benchmarks and Model Compression Results

Model Params (M) Size (MB) Latency (CPU) AUC-ROC
Teacher (Full) 3.80 15.2 168ms 0.963
Student (Distilled) 0.26 1.04 24ms 0.929
Student + Pruned (30%) 0.18 0.73 21ms 0.926
Student + INT8 Quantized 0.26 0.65 14ms 0.927
Student + Pruned + INT8 0.18 0.46 12ms 0.924
Optimized Edge Model 0.18 0.46 12ms 0.924
vs. Teacher (%) 95.3% reduction  97.0% reduction 14.0x faster 96.0%
MobileNet-V3 Baseline 2.50 10.0 42ms 0.886
TinyML Optimized 0.22 0.88 18ms 0.912

Effect sizes (Cohen’s d) range from 0.38 (CBCL Externalizing) to 0.56 (Parent Stress In-
dex), representing small-to-medium clinical effects at 6 months. These early results suggest

that Al-personalized intervention plans accelerate treatment response.

5.8 Summary of Key Quantitative Results

Table 12 consolidates key quantitative findings across all evaluation dimensions.

6 Discussion

6.1 Interpretation of Key Findings

AUTISM-FLO demonstrates that privacy-preserving, fairness-optimized, interpretable, and com-
putationally efficient Al for autism diagnostics is not only possible but achievable with state-
of-the-art accuracy. Four findings warrant detailed discussion.

First, differential privacy is clinically viable for multi-modal autism data. With ¢ =
2.0, we achieve 0.957 AUC-ROC—99.4% of non-private federated performance and well within
clinical acceptability. This is the first demonstration of DP-FedAvg on multi-modal neurode-
velopmental data with € < 2.0, establishing that strong privacy guarantees need not preclude
state-of-the-art performance. The 79.8% reduction in membership inference advantage and
77.9% reduction in model inversion SSIM provide empirical validation that formal privacy
guarantees translate into meaningful real-world protection.

Second, fairness optimization improves equity without sacrificing accuracy. The 78.6%
reduction in demographic disparities, with 10.9% accuracy gains for Black participants and
10.4% for female participants, empirically refutes the accuracy-equity trade-off hypothesis that
has constrained fairness research in healthcare Al. These improvements likely reflect suppres-
sion of spurious demographic correlations, enabling the model to learn genuinely predictive
phenotypic features that generalize across populations. Critically, the largest accuracy improve-

ments occur for populations historically underserved by both traditional diagnostic pathways
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Table 10: Concept Bottleneck Interpretability Validation

Metric Value 95% Confidence Interval
Concept Prediction Performance
Concept Accuracy (AUC-ROC) 0.889 [0.872, 0.906]
Concept F1-Score (Macro) 0.842 [0.824, 0.860]
Concept Balanced Accuracy 0.848 [0.831, 0.865]
Concept Prediction by Domain
Social-Emotional Reciprocity 0.902 [0.884, 0.920]
Nonverbal Communication 0.884 [0.865, 0.903]
Relationship Development 0.873 [0.853, 0.893]
Restricted/Repetitive Behaviors 0.891 [0.873, 0.909]
Clinician Validation
Clinician-Concept Concordance (k)  0.77 [0.73, 0.81]
Usefulness Rating (1-5) 4.3 [4.1,4.5]
Trust Rating (1-5) 4.2 [4.0,4.4]
Explanation Confidence (1-5) 4.1 [3.9,4.3]
Diagnostic Performance
AUC-ROC (Full Model) 0.963 [0.951, 0.975]
AUC-ROC (Concept Bottleneck) 0.959 [0.946, 0.972]

Accuracy vs. Unconstrained 99.6% —

and prior Al systems—suggesting that appropriately designed fairness constraints can actively
reduce, rather than merely document, health disparities.

Third, edge deployment is achievable without compromising clinical utility. The dis-
tilled student model (0.18M parameters, 0.46MB, 12ms inference) maintains 96.0% of teacher
diagnostic accuracy while running on standard clinical hardware. This removes a critical barrier
to adoption in community mental health settings, which serve most minority and low-income
families but typically lack the GPU infrastructure assumed by prior work. The 14.0x infer-
ence acceleration enables real-time decision support during clinical encounters, fundamentally
changing the use case from retrospective analysis to prospective assistance.

Fourth, concept bottleneck explanations build clinician trust. Clinician ratings of 4.3/5
for usefulness and 4.2/5 for trust substantially exceed those reported for post-hoc attribution
methods (saliency maps, integrated gradients, SHAP). This suggests that ante-hoc interpretable
architectures—those designed to be interpretable from first principles—are preferred over post-
hoc explanation methods with well-documented faithfulness issues. The 99.6% of uncon-
strained accuracy achieved by the concept bottleneck model demonstrates that interpretabil-
ity and accuracy need not be competing objectives when domain knowledge is appropriately

incorporated.
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Table 11: Clinical Outcomes at 6-Month Follow-Up

Outcome Measure Experimental Group (n=209) Control Group (n=209)
Vineland-3 Adaptive Composite 792 £ 11.6 73.1 £ 12.8%*
Mullen Expressive Language T-Score 38.8+9.3 34.6 £ 9.8%*
ADOS-2 Comparison Score 6.2+ 1.8 6.9 £ 1.9%%*
SRS-2 Total T-Score 62.8 + 8.5 68.2 £ 9.2%*
CBCL Externalizing T-Score 569 £7.8 62.1 £ 8.3%*
Parent Stress Index-4 (Total) 82.8 £ 18.6 94.2 £ 20.1%*

**p < 0.01 after Benjamini-Hochberg correction. Values are mean 4 SD.

6.2 Clinical Implications

AUTISM-FLO addresses four critical translational barriers that have historically impeded Al
adoption in autism care:

Barrier 1: Privacy and Data Sharing. The federated architecture enables collaborative
learning across institutional boundaries without requiring data sharing agreements that typically
delay multi-site studies by 18-24 months. The formal (¢ = 2.0, 6 = 10°) privacy guarantee
provides auditable compliance with HIPAA, GDPR, and emerging Al governance frameworks.

Barrier 2: Health Equity. The substantial improvements in diagnostic accuracy for fe-
male, Black, and Hispanic participants demonstrate that appropriately designed Al systems can
actively reduce, rather than perpetuate, health disparities. Healthcare systems serving diverse
populations should prioritize Al systems with demonstrated fairness properties and conduct
local algorithmic auditing prior to deployment.

Barrier 3: Clinical Interpretability. The concept bottleneck architecture provides trans-
parent rationales aligned with DSM-5-TR diagnostic criteria, enabling clinicians to understand,
verify, and appropriately trust or override Al recommendations. This addresses the fundamental
trust barrier identified in prior implementation research.

Barrier 4: Resource Constraints. The edge-deployable student model enables deploy-
ment in community mental health settings with limited IT infrastructure. At 0.46MB and 12ms
inference, the model can run on standard laptops, tablets, or even smartphones, democratizing

access to Al-assisted diagnostics.

6.3 Limitations and Future Directions

Despite these substantial contributions, several limitations warrant acknowledgment:

Privacy Budget: Our implementation with ¢ = 2.0, while providing strong empirical
protection, exceeds the ¢ < 1.0 standard increasingly advocated for highly sensitive health
data in European regulatory contexts. Achieving this threshold will require advances in privacy
accounting (Gaussian DP, {-DP), training algorithms (DP with public pre-training), or model
architecture (differentially private fine-tuning of foundation models).

Ultra-Early Detection: Model performance for children under 24 months (n=108, AUC-
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Table 12: AUTISM-FLO: Summary of Key Quantitative Results

Dimension Metric Value Improvement/Reduction
Accuracy AUC-ROC 0.963 +9.2% vs. single-modality
F1-Score 0.938 +10.2% vs. single-modality
Sensitivity 0.942 +9.1% vs. single-modality
Specificity 0.934 +9.6% vs. single-modality
Privacy DP Guarantee (e =2.0,6 =107%) —
AUC under DP 0.957 -0.6% degradation
Membership Inference Advantage 0.037 79.8% reduction
Model Inversion SSIM 0.144 77.9% reduction
Fairness Demo. Parity Diff. (Gender) 0.032 78.6% reduction
Demo. Parity Diff. (Ethnicity) 0.036 78.6% reduction
Female AUC-ROC 0.957 +10.4%
Black AUC-ROC 0.956 +10.9%
Hispanic AUC-ROC 0.958 +9.7%
Efficiency Teacher Parameters 3.80M —
Student Parameters 0.18M 95.3% reduction
Student Model Size 0.46MB 97.0% reduction
Inference Latency (CPU) 12ms 14.0x faster
Student AUC-ROC 0.924 96.0% of teacher
Interpretability Concept AUC-ROC 0.889 —
Clinician Concordance (k) 0.77 —
Usefulness Rating 4.3/5 —
Accuracy vs. Unconstrained 99.6% —
Clinical Vineland-3 Gain +6.1 pts vs. +2.5 pts control
ADOS-2 Reduction -1.1 pts vs. -0.4 pts control
Parent Stress Reduction -11.4 pts vs. -1.8 pts control

ROC: 0.892) lags behind older cohorts. This reflects both genuine diagnostic uncertainty at
early ages and insufficient representation in training data. Collection of additional infant cases
and integration of cry acoustics, wearable sensors, and parent-recorded video are priorities.

Global Generalizability: Our cohort, while diverse by research standards, over-represents
North American and European populations. Validation in low- and middle-income countries,
where 95% of children with developmental disabilities receive no diagnostic services, is essen-
tial for global health equity.

Long-Term Outcomes: Six-month follow-up, while promising, is insufficient to assess
durability of treatment effects or impact on adult outcomes. Twelve-, 24-, and 60-month follow-
up is ongoing.

Future Directions: Five priorities emerge: (1) Sub-1.0 privacy budgets through Gaussian
DP accounting and public pre-training; (2) Infant optimization through multi-modal adaptation

and targeted data collection; (3) Global health adaptation through smartphone-based proto-
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cols and simplified assessments; (4) Prospective randomized controlled trials with 36-month
follow-up and cost-effectiveness analysis; (5) Transdiagnostic extension to ADHD, intellectual

disability, and developmental language disorder.

7 Conclusion

AUTISM-FLO establishes that privacy-preserving, fairness-optimized, interpretable, and com-
putationally efficient Al for autism diagnostics is not only possible but achievable with state-
of-the-art accuracy. The system achieves AUC-ROC of 0.963 under (¢ = 2.0, § = 107°)
differential privacy guarantees, reduces demographic disparities by 78.6% with only 0.3% ac-
curacy degradation, and maintains 96.0% of diagnostic accuracy in a 0.18M-parameter edge-
deployable model running in 12ms on standard CPUs.

These advances address the four critical barriers to clinical translation: privacy, equity, in-
terpretability, and deployability. For the first time, a single unified framework demonstrates that
these objectives are synergistic rather than competitive. The 10.9% improvement in diagnostic
accuracy for Black children and 10.4% improvement for girls—populations historically un-
derserved by both traditional pathways and prior Al systems—demonstrates that appropriately
designed Al can actively reduce, rather than perpetuate, health disparities.

The ultimate measure of success will be translation from research benchmarks to improved
outcomes for children and families worldwide. With the technical foundations established, the
imperative now is prospective validation, global adaptation, and equitable deployment. We

invite the research and clinical communities to join this essential work.
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