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Classifying Autism Spectrum Disorder via Brain
Connectivity and Graph Neural Networks

Valesca Frey Pereira
24190284

Abstract

Autism Spectrum Disorder (ASD) is a neurodevelopmental condition where the
one has challenges in social interactions, communication, and behaviours. Current
researches show that male are more frequently diagnosed than female, with ratios
up to 4:1. This imbalance raises an important concern: are the models adjusted in
generalised data effectively classifying ASD in women? While the field has gained
advances with the use of Graph Neural Network (GNN) models, the question of
weather these models perform equally well considering sexes is largely unexplored.
This study investigates whether autistic women exhibit different neural connectivity
patterns that require sex-specific diagnostic modelling. To explore this, fMRI data
from the ABIDE I dataset were converted into brain graphs using the AAL atlas,
combining functional correlations with structural features. The study began by
training a Graph Convolutional Networks (GCN) and a Graph Attention Networks
(GAT) as baseline for the future experiments. A series of training scenarios were
applied to verify the sex differences systematically. Models were trained on men
only, on all subjects combined, on women only, and on a balanced subset. Their
performance was evaluated through stratified cross-validation and held-out testing.
Across all scenarios, accuracy was consistently lower for women. When trained on
men subjects only, the precision showed a gap of 20% men compared to women. In
the balanced subset, women’s performance improved, likely because they were more
equally represented, although the small dataset and a 10-fold split also introduced
variability. In the women only trained model, the accuracy improved to 70%.
Overall, the results indicate that autistic women might have distinct connectivity
shapes and might therefore require diagnostic models that are explicitly sex-aware.
This work highlights the need for better female representation in neuroimaging
research and suggests that future ASD classification studies should consider sex-
specific modelling approaches.

1 Introduction

Autism Spectrum Disorder (ASD) is a neurodevelopmental condition where the one has
challenges in social interactions, communication, and behaviours. It could be expressed
in different levels of severity. According to (Loomes et al., 2017), males are more fre-
quently diagnosed than females, with a ratio of 3:1. While other studies suggest an even
higher ratio of 4:1. Although some of this discrepancy may reflect genuine differences in
prevalence, some lines of discussion infer the discrepancy to biased diagnosis, which often
leads to underdiagnosis women, whose behavioural and neural profiles may differ from
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males. Underdiagnosis often means consequence in one personal life, misunderstood feel-
ings, increased social pressure, limited access to mental health service, delayed support
within educational or workplace settings, and in many cases secondary mental-health
issues such as anxiety and depression.

In addition to these clinical concerns, studies have increasingly explored brain con-
nectivity differences in ASD. For instance, (Li et al., 2023) found reduced connectivity
in the prefrontal cortex and bilateral precuneus in females compared to males with ASD.
Additionally, (Supekar et al., 2022) used spatiotemporal deep neural network (stDNN)
to demonstrated that males and females with ASD have distinct patterns of functional
brain organisation, which correspond to their difference in the clinical symptoms. An-
other promising direction is the use of fMRI to model the brain as a graph, where re-
gions are represented as nodes and functional correlations form weighted edges. Graph
Neural Networks (GNNs) have shown promising results in capturing patterns within these
connectivity networks, and several studies have used them to attempt automated ASD
classification. However, while the literature have demonstrated growing success applying
GNNs for ASD classification, the models have not been applied to explore sex-specific
features of ASD, raising an important methodological concern: if the models are mainly
learning male brain patterns, can they reliably identify ASD in women?

This project aims to explore the gap by assessing whether graph-based machine learn-
ing models show performance differences between male and female participants. The
study begins with a general baseline comparison between two commonly used GNN archi-
tectures: Graph Convolutional Networks (GCN) and Graph Attention Networks (GAT).
Once GAT is selected as the prefered model, several experimental scenarios were imple-
mented to test how sex representation affects model performance. These include training
on men only, training on both sexes together, training on women only, and training on a
deliberately balanced subset containing equal numbers of men and women.

The overarching motivation of this study is to determine whether women may require
sex-specific modelling due to differences in functional connectivity patterns. Understand-
ing this issue is important not only for machine-learning applications but also for the
broader clinical challenge of ensuring that ASD diagnostic tools reflect the diversity of
those affected.

Although the methodological approach is aligned with current practice in neuroima-
ging and machine learning, this research was conducted independently with limited com-
putational resources. This imposed practical constraints on model complexity, training
duration, and hyper-parameter optimisation. As well as the reduced number of female
subjects on the public dataset must be noted. Nonetheless, the experiments were suffi-
cient to reveal consistent patterns across sexes and provide initial evidence to address the
research question.

Finally, the research question guiding this study is: Do Graph Neural Network
models classify ASD differently in males and females, and do women require
sex-specific modelling? To answer the question, a few objects were made: compare
baseline performance of GCN and GAT models; analyse how model performance changes
when trained on men only, women only, or both combined; investigate whether a bal-
anced male–female dataset alters classification behaviour; and evaluate whether observed
differences support the need for sex-specific ASD diagnostic modelling.

The remainder of this report is structured as follows: Section 2 is related work. Section
3 describes the methodology, including dataset preparation, graph construction, model
design, and evaluation strategy. Section 4 design specification. Section 5 Implementation.
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Section 6 Evaluation and discussion. Section 7 describes the conclusions of the study,
and suggests future directions.

2 Related Work

Autism research has recently benefited from advances in deep learning, particularly
through the use of neuroimaging models for classification and biomarker discovery. In this
section, the literature is organised into three main strands: graph neural networks applied
to brain connectivity, sex differences in ASD, and graph attention networks (GAT) as a
specialised class of GNN models. The section concludes with a summary of the remaining
research gap and how the present study addresses it.

Traditional clinical diagnostic for Autism Spectrum Disorder (ASD) were based on
behaviour observations and cognitive tests, what made the process a long journey and,
many times, not accurate. Although recent advances in machine learning have introduced
data-driven methodologies to the field. The exploration of models, such Graph Neural
Networks (GNNs), to Magnetic Resonance Imaging (MRI) datasets emerged as a prom-
ising computational approach for analysing brain connectivity and facilitate diagnosis.
(Yang et al., 2021) have presented optimistic accuracies to detect ASD, achieving 72.4%
accuracy through GAN model, followed by (Pan et al., 2025), who used a multi-scale
GNN model and achieved 74.8% accuracy. The results support the GNN effectiveness in
ASD classification.

However, most of the studies focus on children, refusing the fact that there is a growing
population of underdiagnosed ASD into adulthood, particularly among adult women.
(McCrossin, 2022) have found that approximately 80% of women remain underdiagnosed
up to the age 18. This disparity might be influenced by the tendency to women being
taught to best behaviour according to society rules, and end up masking the symptoms
since childhood ((Simply Psychology, 2025)). Furthermore the patterns of behaviour in
autistic women differ compared to autistic men ((Harmens et al., 2022)), which may
have influenced in the development of biased diagnostic frameworks (((Trafton, 2022)).
This section aims to explore significant studies and key collaborations in the application
of GNN models to ASD detection, as well as it reviews the literature related to sex
differences in ASD.

2.1 Graph Neural Networks in Brain Connectivity

Graph Neural Networks (GNNs) are artificial neural networks designed to analyse graphs.
They are structured in such a way that the nodes represent the brain regions and the
edges represent the brain connections ((Pan et al., 2025)), which perfectly corresponded
to the ASD analysis requirements. (Wang et al., 2023) built a model that achieved 79.78%
accuracy. The superior performance is due to the models ability to incorporate individual
brain region and inter-regional connectivity simultaneously. The temporal dimension of
brain connectivity has also emerged as relevant for GNN applications. (Tang et al., 2024)
developed a GNN-LSTM hybrid model that captures both spatial features through graph
convolution and temporal dynamics through long short-term memory networks, achieving
accuracies of 80.4% on ABIDE I and 79.63% on ABIDE II datasets. This approach ad-
dresses a fundamental static connectivity analysis by modelling the dynamic fluctuations
in brain network organization. However, while these temporal GNN approaches show
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promise, they primarily focus on functional connectivity, leaving structural connectivity
patterns unexplored.

When analysing brain connectivity for ASD, it is valuable to consider the distinc-
tions between structural and functional connections (Walker et al., 2012). This suggests
that effective GNN models should incorporate both connectivity modalities in the clas-
sification, structural and functional connections. In recent study, (Cardenas-Hernandez
et al., 2022) suggests that structural connectivity changes in ASD may be more evident
across individuals than functional connectivity changes. (Jiang et al., 2023) using diffu-
sion tensor imaging (DTI) and machine learning achieved 96.77% classification accuracy
in a discovery dataset, with independent validation accuracies of 91.67% and 88.89%.
These results, while not using GNNs specifically, suggest that structural connectivity
patterns may provide more stable and reliable biomarkers for ASD diagnosis than func-
tional measures alone. The superior performance of structural connectivity classifiers
raises important questions about the relative underutilization of DTI data in current
GNN approaches.

On the other hand, current GNN models to ASD neuroimaging have faced some
limitations that might difficult the clinical application. Many studies are based on the
same public datasets (ABIDE). While these datasets enable large-scale studies and cross-
validation, they might have biases related to data collection, demographic characteristics,
and diagnostic criteria. In addition, the predominance of male records on these datasets
might represent a disadvantage for female specific studies ((Di Martino et al., 2014)).

Recent deep-learning approaches, such as multi-site convolutional or autoencoder-
based models, also report high accuracies (often above 80%) when aggregating data across
sites and diverse atlas (Subah et al., 2021). However, these methods typically optimise
global performance without examining whether model accuracy is uniform across sexes,
which is the central focus of the present work.

2.2 Sex Differences in Autism Spectrum Disorder

Traditional studies agree that the symptoms of ASD differ in severity between male and
female individuals ((Lai et al., 2017)), but suggesting that these differences would be the
unique fact related to sex. In contrast, contemporary studies have found that, behind the
symptoms, variations in brain patterns associated with ASD are also linked to sex differ-
ences. (Supekar et al., 2022) applied deep neural networks (DNN) to demonstrate that
males and females with ASD exhibit distinct patterns of functional brain organisation.
In addition, their model was capable to distinguish images between male and female with
ASD with high accuracy, but could not classify it for neurotypical individuals, reaffirming
that autistic brain differ from normative, when related to sex differences.

In one large study of functional connectivity in pediatric females with ASD, (Lawrence
et al., 2020)) releved that females have greater functional brain connectivity than males.
This find might represent the compensatory mechanisms that females are taught to help
mask social communication difficulties, and might lead inaccurate diagnosis. Those novel
finds based on machine learning correlated with an older hypothesis. In past years (Robin-
son et al., 2013) have introduced the ”female protective effect” hypothesis, which suggests
females may develop compensatory neural strategies and, in consequence, cognitive be-
haviours, that hidden traditional diagnostic markers.

Deep learning applications are a promising approach for sex-specific ASD diagnosis.
(Heo et al., 2025) have used deep learning to reveal sex-specific brain patterns in ASD
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neuroimaging, surpassing traditional studies that several times ignore sex differences.
(Supekar et al., 2022) proved that DNN can reach high level of accuracy when separating
male and female individuals analysis. Sex specific GNN models for ASD diagnosis are a
critical and unaddressed challenge in current studies.

Overall, this literature shows that sex differences are both behavioural and neuro-
biological, but most current diagnostic models implicitly assume no sex difference in
performance, leaving space for testing GNN and GAT models separately in men and
women.

2.3 Graph Convolutional Networks (GCN)

Graph Convolutional Networks (GCNs) are one of the most widely GNN architectures
used. GCNs work by aggregating information of node feature by their neighbour, allowing
each brain region to update the representation based on its connected areas. This makes
GCN a common baseline for connectivity analysis. They model the overall structure of
the brain network without make assumptions about which connections are more relevant.
However, because GCNs treat all neighbour nodes with equal importance, they may
overlook subtle or sex specific patterns in ASD functional connectivity. For this reason,
many recent studies prefer attention-based models, such as GAT, that can assign different
weights to different connections. In the present work, GCN is primarily used as an initial
basis to assess whether a more expressive model such as GAT is necessary for capturing
sex differences in ASD.

2.4 Graph Attention Networks (GAT)

Graph Attention Networks (GAT) can learn to weight the importance of different brain
connections, rather than treating all neighbours equally. In this way, GAT have been
particularly promising for ASD classification. (Yang et al., 2021) proposed a sparse func-
tional brain network combined with a GAT classifier on the ABIDE I dataset and reported
an accuracy of around 72.4%, outperforming baseline graph models. More recent work
such as mGNN-bw (Pan et al., 2025) used multi-scale graph representations, achieving
74.8% accuracy with the CC200 atlas and 73.2% with the AAL atlas on ABIDE I.

(Hu et al., 2021) introduced GAT-LI, a two-stage framework where a GAT is added
with GNNExplainer to interpret the most influential connections and regions for ASD
classification. Their best configuration achieves accuracies in middle 60% . Other studies
combine attention mechanisms with multi-atlas and report higher overall accuracies (>
80%), but the focus is typically on maximising global precision rather than understanding
failure modes in specific demographic groups such as adult women.

In addition, GAT architectures remain relatively lightweight compared to some 3D
CNN or hybrid models, which is compatible with the computational constraints of running
experiments for this study.

To provide an overview of how the present work aligns with existing ASD classification
research, Table 1 summarises neuroimaging studies using ABIDE. The table highlights the
diversity of modelling approaches and it shows that most reported accuracies are between
65% and 80%, depending on the atlas, model complexity, and preprocessing choices.
While these studies demonstrate the potential of graph and deep learning methods, none
evaluates performance differences between men and women, which reinforces the need for
the sex-specific investigation carried out in this project.
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Author Year Model Layers Accuracy Location
Subah et al. 2021 DNN 2 88% Bangladesh
Bhavna et al. 2024 Ex-NEGAT 2 81% India
Yousefian et al. 2023 GNN multiple 80% Iran
Wenqiu Pan et al. 2025 mGNN-bw 3 75% China
Yang et al. 2021 GAT 2 72% China
Hu et al. 2021 GAT-LI 2 68% China
Jiang, Hao et al. 2020 Hi-GCN multiple 67% China
Okeno-Storms et al. 2025 GAT 3 65% USA

Table 1: Summary of related works and model performance

2.5 Research gap

Findings across the literature show that an important gap remains in ASD diagnostic
research. Although works such as (Pan et al., 2025) present models with strong perform-
ance, most studies still overlook the role of sex differences. Age is another dimension
that receives limited attention. A large portion of ASD research concentrates on chil-
dren, even though many individuals reach adulthood without ever receiving a diagnosis
((Organization for Autism Research, 2018)). As a result, combining GNN-based methods
with an adult female sample represents a largely unexplored research space. Despite clear
theoretical motivations, no previous study has applied this approach.

The study proposed aims to offer contributions both to ASD research and to clinical
practice. The study aim to support the development of diagnostic tools suited for female
subjects, which are often overlooked.

Methodologically, the work also extends beyond ASD. Designing GNN modelsa dap-
ted to neuroimaging data can inform broader research in computational neuroscience,
potentially influencing future studies on neurological and psychiatric disorders.

Overall, existing literature shows that GNN and GAT architectures achieve com-
petitive performance on ABIDE; however, they usually optimise results for mixed-sex
datasets and rarely investigate whether the models perform equally well across genders.
This study aims to fill that gap by applying GAT classifiers to explicitly compare per-
formance between males and females under different training settings, treating women as
a central focus rather than a secondary subgroup.

3 Methodology

This section shows the research methodology, including the dataset, graph construction,
model architectures selected for analysis, and the the experimental setups. The method-
ology follows the technical steps required to investigate whether Graph Neural Network
models classify Autism Spectrum Disorder (ASD) differently in male and female parti-
cipants. Figure 1 represents the research methodology adopted.
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Figure 1: Research Methodology Schema

3.1 Dataset Description And Preprocessing

This study is based on the public Autism Brain Imaging Data Exchange (ABIDE I)
dataset. The dataset includes Functional Magnetic Resonance Imaging (fMRI) from 17
international sites, as well as their phenotypic data.

The full ABIDE I dataset (Craddock et al. (2013)) collected was used for explorat-
ory visualization, which initially contained approximately 1000 subjects. However, after
quality control, we retained 610 subjects (511 males and 99 females) . We excluded
participants with missing phenotypic data and/or with excessive head motion during
fMRI (MeanFD>0.2). The action was taken to reduce noise and invalid correlations.
This threshold is commonly used in fMRI studies and ASD research, as Mean Framewise
Displacement values above 0.2 mm are most associated with motion related distortions
which can bias the connectivity estimates (Power et al. (2012);Di Martino et al. (2014)).

The study made use of the preprocessed time series data provided by the Preprocessed
Connectomes Project (PCP) ((Craddock et al., 2013) using the Configurable Pipeline for
the Analysis of Connectomes (C-PAC) with the Automated Anatomical Labeling (AAL)
atlas parcellation. The AAL divided the brain into 116 regions of interest (ROIs), provid-
ing consistent node definitions for graph construction. For each subject the preprocessed
time series with 116 ALL ROIs was loaded, and the graphs constructed. Metadata used in-
cluded sex, diagnostic labels (autistic or neurotypical), site, and IQ. After quality control,
the final dataset comprised 610 participants. The sample was strongly male-dominant,
with females representing only 16.2% of the cohort (Figure 2). Data were acquired from
14 imaging sites, reflecting the multi-site nature of the dataset (Figure 3). Diagnostic
labels included 282 (46.2%) autistic and 328 (53.8%) neurotypical participants. IQ val-
ues were available vastly available for the subjects, with valid scores ranging from 98 to
148 and a median of approximately 109, indicating a relatively broad range of cognitive
profiles in the sampled population. However, the dataset primarily represents cognit-
ively able individuals and is unlikely to capture more severe ASD presentations or cases
involving combined intellectual disability.

7



Figure 2: Sex distribution after quality control

Figure 3: Site distribution after quality control
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3.2 Model Architecture and training configuration

This study used Graph Convolutional Network (GCN) and Graph Attention Network
(GAT) architectures.

3.2.1 Graph Convolutional Network (GCN)

GCN model used two layers. Each layer aggregates information from a ROI neighbours
and then applies a non-linear activation function. And later performed binary classifica-
tion.

3.2.2 Graph Attention Network (GAT)

Amulti-head GAT model was built to learn which brain regions (ROI) are most important
by assigning attention weights between them. Each layer used several attention heads,
followed by non-linear activations, and dropout for regularisation, to combine all node
features into a single representation.

3.3 Experimental Scenarios

The study baseline compared GCN and GAT architectures for choosing the most suitable
for future experiments. As result, several experimental scenarios were designed using GAT
to analyse the sex differences in ASD. All experiments were designed based on hardware
limitations. Extensive hyperparameters or deeper models demonstrated not feasible for
the study.

3.4 Evaluation Metrics

The models performance was evaluated through Accuracy, Precision, Recall, F1-score,
and AUC. The metrics were computed separately for different groups as all test subjects;
male test subjects; female test subjects. The distinguishing aims to address the study
research question regarding sex awareness.

3.5 Method Limitations

The study lean on limitations. It is noted that the public dataset has multisite variability
and less female than males data. Additionally, all experiments were conducted locally on
a Macbook 8GB Ram and M3 chip, restricting model complexity, and training time.

4 Design Specification

This section describes the pipeline designed to classify Autism within the use on GNN
models. The pipeline includes converting the fMRI time series loaded data into the
graphs. Apply the GNN and GAT models, and aloow specific experiments of training
subsets (men only, women only, balanced groups) to investigate sex aware performance
of the models. Figure 4 represents the six main modules designed: data loading, graph
construction, model, training, evaluation, and analysis.
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Figure 4: Design Architecture

4.1 Design requirements

The design considers the hardware limitations, sticking with modest graph construction
(116 ROIs) and model depth. It also includes fixed random seeds and modular files
structure for future reproducibility. Additionally, for each module the pipeline line should
consider the following requirements:

• Data loading: load preprocessed data within C-PAC pipeline, and saved the phen-
otypic data.

• Graph construction: use Pytorch to convert the AAL matrices in graphs, store node
attributes and edges weights.

• Model: allow configuration of hidden size,number of layers, dropout, learning rate,
and epoch count.

• Training: support stratified 5 or 10 k-fold cross validation, and 80-20 train test
split.

• Evaluation: sex aware evaluations through accuracy, precision, recall, F1, ROC-
AUC.

• Analysis: build visual outputs.

5 Implementation

This section describes the implementation of the designed pipeline and all the tools used.
The experiments were run locally on a standard 8GB Macbook.

5.1 Environment

The implementation used the tools and libraries listed bellow:

• Python 3.2;
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• Jupyter Notebook;

• Pytorch Geometric; NetworkX;

• Numpy, SciPy, Pandas;

• scikit-learn;

• Matplotlib;

5.2 Implementation of Graph Construction

For each subject the preprocessed time series with 116 ALL ROIs was loaded, and then
z-normalized aiming to reduce the differences among all the sites. For every participant,
we extracted the average BOLD (Blood-Oxygen-Level-Dependent) signal over time for
each of these regions. Pearson correlations were calculated between every pair of brain
regions, using numPy. And then correlations were Fisher z-transformed. After all, we
only retained the strongest edges (k = 15). This procedure resulted in a 116 x 116
weighted connectivity matrix for each subject. Each previous matrix was converted into
a graph using PyTorch, representating the subject brains. Figure 5 shows an example of
a graph built.

Figure 5: Example Brain Graph

5.3 Model Implementation

Graph Convolutional Network(GCN) and Graph Attention Network (GAT) were firstly
used as baseline architecture.

5.3.1 GCN Implementation

GCN was implemented using Pytorch Geometric. It used 2 layers, 32 hidden dimensions,
dropout at 0.25 and performed graph convolutions, reLU activation, and global mean
pooling over nodes. Figure 6 shows the GCN architecture.
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Figure 6: GCN Architecture
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5.3.2 GAT Implementation

GAT was implemented using Pytorch Geometric. It used multi-head attention layers to
improve results over noisy connectivity graphs. The same GCN configuration was kept for
comparison: 32 hidden dimensions, dropout at 0.25 Figure 7 shows the GAT architecture.

Figure 7: GAT Architecture

5.3.3 Training and Validation

A training function was implemented to iterate the batches, compute predictions, apply
the cross-validation, and predict probabilities. The cross-validation loop used Strati-
fiedKFold and AdamW optimiser. The settings include a learning rate of 5e-4, and a
Weight decay of 1e-4. Figure 8 represents training the architecture.

Figure 8: Training architecture
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6 Evaluation

This section presents the evaluation of the GNNs in this project. It reports the results
of the experiments, compares performance across model architectures, and examines how
sex representation within the training data influences ASD classification outcomes.

6.1 Experiment 1: GCN full data

The first case evaluated the two layers GCN trained on the full data set. The training
used 80% of the dataset and left 20% for testing. The performance metrics were generated
separately for men, women, and all combined. Figure 9 shows the bar chart correspondent
to the results. Although the accuracy was modest for all tests, when analysed only for
women, the accuracy got even worse. The model achieved 48% overall accuracy, while
women performed was 36%, substantially lower than for men 50%. This first result
already suggested possible sex-specific differences.

Figure 9: GCN full data

6.2 Experiment 2: GAT full data

The same 80-20 experimental setup from experiment 1 was used for GAT. Figure 10
shows the GAT model performance. It is observed that the accuracy improved related
to previous GCN model, however the model still show a gap of 9% in performance when
related to men. The AUC 57% indicate that when used attention, the model learns some
signal.

Figure 10: GAT full data
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6.3 Comparison GCN and GAT

A comparison between GCN and GAT was made in order to decide which model would
be applied for next experiments. Table 2 shows all the results obtained. Both models
showed disparity between subjects, with the models performing better for men. However,
GAT outperformed GCN in the overall results for this configuration. While GCN had
an accuracy of 48%, the GAT had 57%. In this way, GAT was chosen for the following
study.

Model Group ACC F1 Precision Recall AUC
GCN Women 0.36 0.42 0.36 0.50 0.40

Men 0.50 0.47 0.46 0.48 0.50
All 0.48 0.46 0.44 0.48 0.47

GAT Women 0.50 0.35 0.43 0.30 0.57
Men 0.59 0.45 0.59 0.37 0.57
All 0.57 0.43 0.56 0.36 0.58

Table 2: Comparison between GCN and GAT

6.4 Experiment 3: GAT trained on male subjects

For this experiment, the model was trained only on men subjects using 5k fold, and
women subjects were hold for external test. The overall accuracy dropped 11% when
tested for women. The model can find 67% of autistic men cases, but for only 57% of
women cases. This finds might indicate that the ASD male brain patters not transfer
well for for female. And that female subjects might be underdiagnosed.

Figure 11: Men trained GAT

6.5 Experiment 4: GAT trained on female subjects

For this experiment, the model was trained only on 80% of the women subjects available
using 5K fold, then tested on 20% and on men. Figure 12 shows the model performance.
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The model had a strong performance for female subjects, within the overall accuracy of
70% and the recall of 71%. On the other hand, the recall tested on men subjects dropped
to 34%. Those finds might indicate that female autistic brain patterns are not likely a
subset of male patterns.

Figure 12: Women trained GAT

6.6 Experiment 5: GAT trained on balanced dataset 5k-fold
(100 male + 99 female)

For this experiment, we selected 100 men subjects and joint it with the 99 women subjects,
aiming to investigate the model with reduced sex imbalance. This experiment allow to
observe the performance when both sexes contribute equally on training. The accuracy
remained randomly comparable for both sexes. Women had a lower precision (20%) than
men (45%). Unlike earlier experiments where men consistently outperformed women,
the balanced scenario shows reduced male performance. This finds might suggest that
in balanced datasets the learned feature space shifts, making male classification weaker
but allowing women’s classification to stabilise. This supports the hypothesis that male
dominant models implicitly in favour of male autistic brain patterns.

Figure 13: Balanced dataset 5k fold
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6.7 Experiment 6: Exploratory GAT trained on balanced data-
set 10k-fold (100 male + 99 female)

For this experiment, instead of 5k fold, we used 10k fold on the set of 100 men subjects
and 99 subjects. Figure 14 shows the model performance. The model had a significant
increase in the overall performance for women, achieving 80% overall accuracy, which most
likely is due to the tiny fold sets. The men accuracy also drops, confirming the instability.
These results were treated as exploratory only due to instability of the number of subjects
per fold. Although the results still might suggest that women specific features become
more learnable when women are equally represented, they are not reliable for conclusions.

Figure 14: Balanced dataset 10k fold

6.8 Discussion

The table 3 summarize all the results of GAT experiments. It is observed that across all
tests, models classify ASD more accurately in men than in women.

Experiment Group ACC F1 Precision Recall AUC
General 80/20 Women 0.50 0.35 0.43 0.30 0.57

Men 0.59 0.45 0.59 0.37 0.57
Men-only Women 0.45 0.41 0.34 0.53 0.45

Men 0.56 0.59 0.54 0.67 0.57
Women-only Women 0.70 0.62 0.56 0.71 0.79

Men 0.54 0.41 0.53 0.34 0.54
Balanced 5F Women 0.42 0.27 0.20 0.40 0.46

Men 0.38 0.43 0.45 0.42 0.22
Balanced 10F (Exploratory) Women 0.84 0.67 0.75 0.60 0.73

Men 0.43 0.40 0.50 0.33 0.51

Table 3: Summary of all GAT experiments

When analysed general models without sex awareness, as in mostly of current studies,
models tends in favour of male subjects. The accuracy of 59% for men against 50% for
women suggest that the model is implicitly learning a male-biased representation of ASD.
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When analysed men-only trained models, the model underperform on women, drop-
ping the accuracy to 45% and the precission to 34%. This find strongly support the
hypothesis that ASD manifests differently in female brain connectivity.

When analysed women-only trained models, the model performs well on women but
poorly on men. This indicates that female ASD patterns are distinct and not equivalent
to male patterns.

When analysed subset balanced experiments, they confirm that representation matters
in the ASD classification. In 5K-fold, men and women achieve similar accuracy. In 10K-
fold, women outperform men (84% accuracy), although those are exploratory finds due
to small folds.

Finally we reinforce that overall performance of the models are modest and previous
expected. This happened mainly due to limited number of female subjects, multisite
variability from dataset, and hardware constraints. Nevertheless, the sex pattern remains
extremely consistent, strengthening the study’s conclusions.

7 Conclusion and Future Work

This study aimed to investigate whether Graph Neural Network (GNN) models classify
Autism Spectrum Disorder (ASD) differently in males and females, and whether women
may require sex-specific modelling approaches. Using the ABIDE I dataset, connectivity
graphs were constructed from fMRI and analysed through GCN and GAT models in
diverse experimental scenarios. The results consistently showed that classification models
behave differently depending on the sex composition of the training data, and that women
are generally harder to classify under standard modelling pipelines.

The comparison between GCN and GAT demonstrated that GAT performs better
for this study configuration, although both models achieved modest accuracies. These
performances, however, are aligned with several recent studies using ABIDE data, where
multisite variability and heterogeneous ASD presentations make the classification problem
challenging. Therefore, model performance for women was consistently lower than for men
in the general experiments. This indicates that mixed-sex models may implicitly learn
representations that in favour of male ASD patterns.

The men-only trained model reinforces the bias towards males. Although it per-
formed reasonably on male subjects, its performance dropped significantly when tested
on women. This demonstrates that features learned from male data do not generalise
well to female data, supporting the idea that female ASD may present differently at the
connectivity level. The women-only model, despite the extremely limited sample size,
performed relatively well on women but poorly on men. This mirrored the previous find-
ing that training exclusively on one sex produces a model that is specialised to that sex
and cannot generalise across groups.

Overall, the results across all scenarios consistently reveal that women are either
under-represented or poorly modelled in typical ASD classification workflows. Even when
women subjects are included in training, the performance does not achieve same level as
for men subjects. The female ASD brain connectivity cannot be adequately captured by
models trained on predominantly male datasets. These findings support the hypothesis
that diagnostic tools built on male dominated datasets may lead to even more cases of
underdiagnostic female individuals. The results also emphasise the broader point that
machine learning models in neuroscience must account for demographic subgroups rather
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than assuming uniform patterns across populations.
This study also highlights directions for future research, particularly concerning sex-

specific modelling for ASD: larger sex balanced datasets are essential for improving model
stability and reliability; techniques such as data augmentation and graph generative
models (GraphVAE, GraphGAN) could artificially increase the dataset size and produce
more extensive tests.
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