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Abstract

Alzheimer’s disease (AD) impacts the brain in multiple ways and has varied clinical features
and progression. Sex differences exist in the epidemiology and fundamental biology of AD.
Machine learning (ML) tools can integrate and analyze multiple biomarkers, improving AD
diagnosis and prognosis. However, machine learning tools underuse and under-explore
predictive modeling of sex differences. This translational narrative review synthesises the
existing literature on studies that explore sex differences in Machine Learning models that
utilise data collection techniques that incorporate biomarkers from Positron Emission
Tomography (PET) scans, Magnetic Resonance Imaging (MRI) scans, Cerebrospinal Fluid (CSF),
serum assays, genetic variants, including single-nucleotide polymorphisms (SNPs), and
Electroencephalography (EEG). We emphasize the role of sex in biomarker manifestations
which include but are not limited to: the dissimilarity of amyloid and tau in PET imaging, the
effects of sex in structural and functional brain alterations in MRI, sex-specific alterations in
cerebrospinal fluid (CSF) composition (e.g., AB42 concentration, total tau, and phospho-tau)
and the alterations in peripheral and systemic inflammatory and metabolic blood markers,
the modulation of genetic risk particularly in relation to APOE and some of the single
nucleotide polymorphisms (SNPs), and the variability in sex differences in EEG network
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disruption and/or modularity. When sex is incorporated as a biological variable or when sex-
stratified models are created, new ML methods, such as deep learning, ensemble techniques,
and multimodal fusion frameworks, demonstrate promising diagnostic and prognostic
capabilities. Many studies, however, remain constrained by modest datasets, a lack of
external validation, and limited interpretability, thereby limiting clinical applicability. This
review highlights the importance of sex-aware modeling techniques to advance precision
medicine in AD. We offer several methodological suggestions, including analysing
disaggregated sex data, aligning data across multiple approaches, using explainable Al, and
including longitudinal data. Filling these gaps may help develop ML tools that offer accurate,
fair, and clinically useful early detection and prognosis of AD across a wide range of
populations.

Keywords
Alzheimer’s disease; machine learning; multimodal biomarkers; diagnosis; artificial
intelligence

1. Introduction: Reframing Alzheimer’s Through a Sex-Aware Al Lens

Alzheimer’s Disease (AD) is the leading cause of global dementia and is becoming a significant
and multifaceted public health concern. The increasing prevalence and severe clinical and biological
variability of Alzheimer’s disease exemplify the growing burden of the disease [1, 2]. Cognitive
decline, neuropathology, and intervention response can drastically differ in patients with AD [3].
Genetic susceptibility, environmental exposure, ageing, and a variety of biological differences,
particularly sex, contribute to this variability [4]. Sexual dimorphism in Alzheimer’s Disease also
extends beyond epidemiological data, such as the majority proportion of affected women, which
constitutes a more profound distinction in the pathobiology of the disease [5]. Sex has been shown
to affect tau and amyloid pathology, neuroinflammation, synaptic susceptibility, and the brain’s
network organization [6]. Menopause, related to the decline in estrogen, is believed to be linked
with the acceleration of neurodegeneration in females.

In contrast, males may have different, yet vascular- and metabolic-risk-related patterns [7].
These differences suggest that sex may be one of the most important factors influencing disease
initiation, progression, and biomarker expression, rather than an extraneous variable [8]. Though
the techniques for ML in AD diagnosis and prognosis have been improving, most of the suggested
models are sex-agnostic [9]. When sex is incorporated, studies routinely treat it as a simple covariate
and rarely model it directly as a biological interacting component [10]. Imbalanced sex
representation in training and test data also biases and distorts outcomes. Many available machine
learning models also show little sex-dependent relevance, further diminishing their translational
relevance and generalisation to disparate populations. These machine learning models fail to
guantify the underlying patterns and convey them in an interpretable manner adequately [10].
There is an urgent need to move from a conventional emphasis on separate biomarker identification
to a more holistic, sex-aware, multimodal intelligence [11]. Analyses of biomarkers from
neuroimaging, fluid assays, genetics, and electrophysiology often simplify these inputs by treating
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them as independent. This approach corrects that by considering interactions among these inputs
and, importantly, the many ways these interactions can change by sex. While we identify new ways
sex-aware incident modeling strategies can be useful, we can leverage them within multimodal ML
frameworks to identify hidden disease pathways, improve predictive scores, and optimize precision
medicine for AD [12]. Therefore, the purpose of this narrative review is to gather available data to
understand better the sex-based distinctions in ML models, including several interconnected
biomarkers, such as MRI, PET, CSF, serum, and genetic changes, including SNPs, as well as EEG, used
in the diagnosis and prognosis of AD. We also intend to find critical gaps in current methods,
spotlight new sex-focused analytical approaches, and offer a translational pathway toward building
biologically informed and more equitable Al tools in neurodegenerative research.

2. Method

This translational narrative review examines sex differences in machine learning (ML) models
incorporating multimodal biomarkers for Alzheimer’s disease (AD). We searched PubMed, Scopus,
and Web of Science for studies published from January 2010 through December 2025. The search
strategy was designed to identify studies addressing AD biomarkers, ML methodologies, multimodal
data integration, and sex-related differences. Search terms were organized into four concept groups:
AD-related terms (“Alzheimer’s disease” OR “Alzheimer disease” OR “AD”), biomarker and modality
terms (“PET” OR “positron emission tomography” OR “MRI” OR “magnetic resonance imaging” OR
“CSF” OR “cerebrospinal fluid” OR “serum” OR “blood biomarkers” OR “genetic” OR “SNP” OR “EEG”
OR “electroencephalography”), ML-related terms (“machine learning” OR “deep learning” OR
“artificial intelligence” OR “multimodal” OR “multimodal fusion”), and sex-related terms (“sex
differences” OR “sex-specific” OR “sex-stratified” OR “gender”). Within each concept group, related
terms were combined using OR, whereas the four concept groups were combined using AND.
Studies were included if they: (1) were published between January 2010 and December 2025; (2)
investigated human AD or clinically relevant AD populations; (3) evaluated AD-related biomarkers
or biomarker modalities, including PET, MRI, CSF, blood/serum biomarkers, genetics/SNPs, or EEG;
(4) applied ML, deep learning, artificial intelligence, or multimodal data-integration approaches; and
(5) reported, analyzed, or discussed findings related to biological sex, sex-specific performance, sex-
stratified analyses, or sex-related differences in biomarkers or ML model performance. Studies were
excluded if they were unrelated to AD, did not involve ML-based analysis, lacked relevant biomarker
or multimodal data, focused exclusively on non-human models without translational relevance, or
did not provide information relevant to sex differences. We did not automatically exclude studies
using a single modality, but considered them primarily when they provided evidence directly
relevant to understanding sex differences or informing multimodal ML approaches. We identified
additional relevant studies by screening the reference lists of included articles and relevant reviews.
We narratively synthesized the selected literature to identify patterns in sex-related biomarker
differences, sex-specific ML performance, and approaches for integrating multimodal biomarkers.
These findings informed the development of a translational framework for sex-informed
multimodal artificial intelligence in AD. Given the narrative nature of this review and the
heterogeneity of the included studies, we did not perform a formal meta-analysis or quantitative
statistical synthesis.
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3. Conceptual Framework: Sex as a Biological Variable in Multimodal Al

A detailed understanding of how sex differences impact the study of Alzheimer’s disease and the
development of multimodal machine learning (ML) algorithms proceeds with an understanding of
sex as distinct from gender. Sex comprises genetics (XX, XY, and combinations thereof), endocrine,
and reproductive characteristics; gender includes social position, practices, and behaviour [13]. In
biomedical Al, this distinction is often blurred, leading to models that fail to capture biological
variability effectively [14]. In the context of modelling using biomarkers, sex is essential because it
contextually determines molecular pathways, neural structures, and susceptibility to diseases such
as Alzheimer’s. At the same time, it can be argued that gender has a secondary impact that can alter
disease susceptibility, mainly through behavioural and environmental factors like the available
resources and the social structures a person or population is exposed to. Thus, from this perspective,
sex is the primary factor of the two and is crucial in modelling the mechanisms and outcomes of
Alzheimer’s disease [8].

3.1 Mechanistic Basis of Sex Differences

From the perspective of modelling biomarkers, sex contributes the most specificity to the
variables of molecular pathways, neural structures, and predisposition to various illnesses, including
Alzheimer’s disease. Gender makes a mainly secondary contribution, primarily through behaviour
and environment, such as available resources and the social structures. With that in mind, sex is the
more significant of the two and is vital in modelling the mechanisms and impacts of Alzheimer’s
disease [15]. The decreased levels of estrogen during menopause can lead to amyloid and tau
pathology, in addition to metabolic dysregulation in the brain, creating a temporal and increased
vulnerability for females [16]. Sex differences in immune responses in the central nervous system
exist. These differences, including microglial activation, cytokine release, and inflammatory
signaling, likely modify the timing and pattern of the disease [17]. Sex differences in the effects of
endothelial function, blood-brain barrier integrity, perivascular spaces, and other cardiometabolic
risk factors on the blood-brain barrier and neurodegeneration may be partly captured by diverse
fluid-based (CSF, blood, and other body fluids) biomarkers and a variety of neuroimaging findings
[18]. These differences may alter brain structure and function, as observed with imaging tools such
as MRI, and may modulate amyloid and tau pathologies. Furthermore, these mechanisms interact,
shaping integrated biomarker networks across modalities [19].

3.2 Toward a Sex-Aware Multimodal Fusion Framework

Standard ML models generally treat multimodal biomarkers such as PET, MRI, CSF, serum,
genetic variants, and EEG as separate components, using basic fusion techniques (such as early or
late fusion) to combine them [19]. This method misses that the relationships between modalities
may also be sex-dependent [20]. We propose a sex-aware multimodal fusion pipeline that encodes
sex as a feature rather than a descriptor and adjusts feature extraction and weighting accordingly.
Model architectures (e.g., attention layers, graph-based models) enable models to construct and
learn relationships among multimodal biomarkers [21]. This allows modality contributions to differ
by sex and disease stage. Merging sex-dependent submodels with common representations
encapsulates both general and unique behaviour [22]. This framework posits that sex differences
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are not in biomarker mutations, but in how sex shapes relationships across biomarker modalities.
Sex differences may underlie the relationships between amyloid burden (PET) and cognitive decline,
and between genetic risk variants and EEG networks, in males and females, respectively [23].
Consequently, models that omit interaction effects will miss key disease signatures. By framing sex
as a biological form of multimodal integration rather than a peripheral covariate, this framework
will enhance our understanding and enable the development of more precise machine learning (ML)
models for Alzheimer’s disease (AD) diagnosis and prognosis [24] (Figure 1).
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Figure 1 Sex-Aware Multimodal Fusion Framework for Diagnosis and Prognosis of
Alzheimer’s disease (Figure created with BioRender). This figure differentiates typical
machine learning (ML) techniques from the described sex-informed multimodal fusion
pipeline. Traditional ML combines biomarkers from modalities such as PET, MRI,
cerebrospinal fluid (CSF), serum, genetic biomarkers, and EEG. A standard ML fusion
technique is used that does not account for sex, resulting in generalised
diagnostic/prognostic outputs. In contrast, the lower panel shows a sex-informed
approach that incorporates sex differences during feature extraction, weighting, and
multimodal input fusion. Sex-conditioned fusion layers, such as attention or graph-
based models, capture cross-modal interactions affected by sex. The model integrates
both male and female submodules while retaining common shared representations.
This enhances the ability to learn both overlaps and sex-divergent disease patterns. This
design enables the model architecture to account for sex-related biomarker-disease
pathway relationships in AD, thereby improving prediction accuracy, interpretability,
and biological relevance.

Page 5/30



OBM Neurobiology 2026; 10(4), doi:10.21926/obm.neurobiol.2604354
4. Multimodal Biomarkers in AD: Beyond Isolated Signals

In Alzheimer’s Disease (AD), traditional biomarkers have included neuroimaging, fluid
biomarkers, genetics, and electrophysiology. Studies have implemented them in isolation. This
reductionist analytical framework overlooks that AD is a systems-level disorder in which molecular,
structural, and functional changes unfold within a densely organized, interconnected network [2,
25]. Examining their method from a multimodal perspective offers the possibility to both increase
the accuracy of prognosis and diagnosis and to elucidate how their interrelationships are modulated
by sex. Sex differences may reflect shifts in the coupling/decoupling of the various modalities rather
than changes in the concentration of a single biomarker [26].

4.1 Neuroimaging Biomarkers

Various neuroimaging modalities, including Positron Emission Tomography (PET) and Magnetic
Resonance Imaging (MRI), provide macro-level perspectives into the pathogenesis of Alzheimer’s
Disease (AD) [27]. PET imaging allows for the indirect in vivo measurement of amyloid-B and tau
deposition. Meanwhile, MRI captures structural brain atrophy, cortical thinning, and alterations in
the connectivity of the brain’s large-scale networks [28]. Imaging studies have noted different
trajectories of disease based on sex. At similar clinical stages, females show accelerated
hippocampal atrophy and greater tau deposition. In males, there may be a greater association with
vascular pathology and decline [29]. Outside these independent observations, another important
emerging insight concerns the differences in the relationships between PET/MRI markers in men
and women. For example, equal numbers of participants in neuroimaging show the same amount
of PET Amyloid signal, but women may show greater degradation compared to men. These findings
might indicate greater susceptibility and/or a lower threshold for resiliency [30]. These results
illustrate a propagated pathology across brain systems that differs between males and females. This
helps explain how pathology burden is distributed across brain systems and how it contributes to
overall disease burden [31].

4.2 Fluid Biomarkers

Fluid biomarkers reveal molecular pathological changes and systemic responses to disease by
analysing CSF and peripheral blood (serum or plasma). Some of the main fluid CSF biomarkers
include AB42, AB40 (and the AB42/AB40 ratio), total tau (t-tau), and phosphorylated tau (p-tau),
alongside emerging synaptic and neuroinflammatory markers. These biomarkers reflect amyloid
plague deposition and neurofibrillary degeneration, synaptic dysfunction, and glial-mediated
inflammatory responses. The serum biomarkers increasingly capture neurodegeneration,
inflammation, and metabolic dysfunction [32]. These markers show sex-based differences in both
baseline levels and their longitudinal changes. For instance, females may show higher tau-related
pathology at the same amyloid levels [33]. Inflammatory and metabolic profiles in serum often vary
significantly between the sexes [33]. These observations suggest that, to avoid misuse, biomarker
thresholds and diagnostic cutoffs should be sex-specific [34]. An original and relatively overlooked
viewpoint is that peripheral biomarkers may better align with sex-specific systemic factors, such as
immune responses, hormone signaling, and cardiometabolic health. Therefore, serum-based
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markers might complement, and even surpass, CSF measures in identifying sex-dimorphic disease
mechanisms that affect regions outside the central nervous system [35].

4.3 Genetic and Genomic Markers

Single-nucleotide polymorphisms (SNPs) and polygenic risk scores allow researchers to measure
genetic susceptibility and predict the risk associated with Alzheimer’s Disease [36]. Nevertheless,
the effects of genetic polymorphisms differ by sex. For instance, the apolipoprotein E (APOE) €4
allele shows sex-modified genetic susceptibility, with females demonstrating a disproportionate
increase in both risk and progression rate compared to males [37]. Sex adds complexity not only to
single-gene effects but also to multiple-gene and gene-environment interactions. It shapes how
lifestyle, hormonal, and comorbidity factors interact with genetic risk. This informs the idea of sex-
dependent penetrance, that the same mutation can result in different phenotypes based on sex
[38]. For ML models, this means that features of a genetic background traditionally treated as
invariant predictors should, in genetics, be treated as predictors whose values change in accordance
with sex and their relationships with other domains of biomarkers [39].

4.4 Electrophysiological Biomarkers (EEG)

Dynamic EEG can continuously quantify brain activity, including oscillations, synchrony, and
network efficiency. In Alzheimer’s disease, EEG shows weakened and slowed dominant oscillations,
as well as reduced interconnectedness and complexity of neural signals [40]. EEG patterns differ
between the sexes, and discrepancies in oscillatory and network architecture may reflect distinct
mental functions. For example, females may show earlier and/or accelerated disruption in some
frequency bands, whereas males may exhibit different network compensation or decline [41]. A
particularly new perspective is that EEG might be the most sensitive method for early detection of
sex-specific functional changes that precede measurable structural or molecular changes. EEG may
also be the best method for linking molecular pathology to cognitive function and is highly important
in multimodal ML frameworks [42].

4.5 Integrative Perspective

Overall, these results suggest that the multimodal biomarkers should not be conceived of as
parallel channels of information, but as elements of an interacting, sex-modulated network [43].
Biomarker research on AD will trend toward integrating frameworks to model how genetic
susceptibility alters the molecular pathology of disease; how the pathology accelerates structural
neurodegeneration; how neurodegeneration modifies the brain’s functional dynamics; and how sex
influences these processes [44].

5. Quantitative Evidence Comparing Sex-Agnostic and Sex-Aware Models

Although direct head-to-head comparisons of sex-agnostic and sex-aware models on ADNI data
remain limited, some evidence provides quantifiable measures to assess the performance of sex-
stratified models [45]. In a supervised machine learning study on ADNI data, sex-stratified models
distinguished different clusters of AD subtypes in men (accuracy = 0.85, AUC = 0.83) and in women
(accuracy = 0.81, AUC = 0.81). Sex-specific subtype clusters were homogeneous, and genetic
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features were discriminative [46]. These results show that separate analysis of male and female
biological samples can differentiate sex-specific biological subtypes. Another study on sex-specific
DNA methylation changes related to Alzheimer’s Disease shows that sex-specific logistic regression
models with DNA methylation risk scores gave males an AUC of 0.70 and females 0.74, while using
age alone (AUCs of 0.64 and 0.68 for males and females, respectively) led to worse results [47]. This
shows that sex-specific biomarker panels can detect diseases and medical conditions better than
general models. In multi-modal modeling, ClinPatch-AD is a clinically informed, transformer-based
model that incorporates sex as a clinical feature [48]. It achieved comparable performance between
men (AUC = 0.942) and women (AUC = 0.957), suggesting that this framework uses sex as a
supporting factor rather than a decisive component. The authors evaluated this model on the OASIS
dataset rather than ADNI. Thus, more systematic studies are needed on ADNI to compare both
datasets more precisely [49]. Overall, the presented results suggest that the diagnostic accuracy of
sex-stratified and sex-aware models improves, and it is also possible to uncover sex-specific
biological pathways related to the subtypes [50]. The lack of studies that directly compare sex-
agnostic and sex-aware models on the same ADNI cohort using the same methods is a significant
limitation of the current research. Future research should examine whether the added complexity
of sex-aware models yields clinically meaningful improvements in prognostic accuracy [51].

5.1 Trade-Offs in Sex-Stratified and Multi-Task Models

Sex-specific models are built separately for males and females. Each model learns different sex-
specific phenomena. Sex-specific models may find sex-specific biological pathways that would be
hidden when combined [52]. This approach has disadvantages, namely reduced data when the
dataset is split. When a dataset is split by a variable, in this case sex, each model has less data.
Additionally, this reduces confidence and increases the risk of overfitting, especially with high-
dimensional and rare data [53].

Furthermore, sex-stratified models are very expensive to train. They require twice the training
resources, and researchers tune hyperparameters independently for each sex. These model
complexities mean that they may learn sex-associated confounders (e.g., hormonal status, BMI)
rather than real biological differences during training [54]. This, in turn, makes the models’ findings
harder to interpret. Finally, they cannot model interactions between sex and age and/or the APOE
genotype. This limits them even further. Multi-task learning (MTL) models can be trained on all
these outcomes, and more, to predict all outcomes of interest for both sexes [55].

MTL aids generalization by using the intersection of multiple tasks. If one task is poorly defined,
MTL uses other tasks to identify mislabeled or missing data. MTL uses one shared set of parameters
to learn multiple tasks. However, using MTL encourages a trade-off. MTL balances loss functions
across tasks, risking negative transfer if the tasks are poorly correlated [56]. Task non-correlation is
a potential risk in AD, due to varying biomarker trajectories and clinical outcomes by sex. Designing,
training, and interpreting multi-task learning (MTL) models requires careful consideration, including
selecting the right architecture and choosing an appropriate loss-weighting strategy [57]. If a
model’s shared representations are dominated by the majority sex or the more predominant task,
MTL models may even obscure sex-specific patterns. A relatively new approach, sex-aware multi-
task modeling, adds sex as an interacting variable within the architecture and enables the modeling
of simultaneous shared and sex-specific representations [58]. These solutions require larger
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datasets and more complex architectures, and they require more effort to understand sex-specific
parameters. The choice of method depends on the research question, dataset size, and the
clinician’s goal [59]. Future research should focus on creating more resources and making more
datasets available, then using them as benchmarks to determine the most efficient method in sex-
specific AD biomarker research [59].

6. Machine Learning Approaches: Are Models Truly Learning Biology or Bias

High-dimensional data from neuroimaging, fluid biomarkers, and electrophysiology are
combined using advanced ML algorithms for biomarker-based diagnosis and prognosis of
Alzheimer’s disease AD [60]. The question remains: what are models of the fundamental disease
biology actually learning? Are they capturing biologic disease processes, or are they learning bias in
institutionalised datasets, particularly those defined by sex [44].

6.1 Traditional ML vs Deep Learning

In AD research, support vector machines, random forests, and logistic regression have been used
because they are traditional machine learning methods that are easy to interpret, robust, and
effective for small datasets [61]. Typically, PET, MRI, CSF, serum, or EEG results are associated with
custom features. Although models are often validated in experimental settings, the models
described here are limited because they cannot capture important nonlinear relationships and
cross-modal dependencies that characterize disease complexity [62]. Deep learning (DL) models,
such as convolutional neural networks (CNNs), recurrent neural networks (RNNs), and transformer-
based architectures, can learn intricate, hierarchical, and nonlinear patterns from unrefined or
minimally processed input data [63]. Because they can manage complex interactions across
modalities, these methods can be used effectively for multimodal integration. Nevertheless, in AD
cohorts, particularly for sex representation, large, well-distributed datasets are typically lacking,
which impedes cross-modality integration [64].

6.2 Multimodal Fusion Strategies

Multimodal biomarkers have been among ML’s most notable contributions to AD. For instance,
models integrating structural MRI and FDG-PET have achieved classification accuracies of 90%,
substantially outperforming single-modality approaches. Similarly, Al-driven frameworks combining
patient history, MRI, neuropsychological tests, and APOE genotype have successfully predicted PET-
estimated AP and tau status, with tau prediction AUROC improving from 0.53 to 0.84 when all
multimodal features were included [65]. Sex-stratified multimodal models have further revealed
distinct AD subtypes, with genetic-based models identifying subtype clusters comprising 34% of
men and 47% of women with AD [66]. Fusion approaches include early fusion, where multiple
modalities are fused at the model input during training [67]. While this approach is simple and
efficient, it assumes equal feature relevance and often overlooks modality-specific characteristics
and sex-related differences. With late fusion, independent models are built and trained for each
modality, and their outputs are aggregated (e.g., averaged or voted upon) [68]. While this retains
modality-specific information, it may overlook cross-modality interactions. Hybrid and attention-
based models are sophisticated frameworks that combine modalities at intermediate levels, using
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either attention mechanisms or gating functions [69]. These models can holistically evaluate cross-
modal contributions and improve cross-linking between modalities. Building on the current
advancements, an important limitation, especially considering that the majority of models either
completely exclude the inclusion of sex or, if included, consider sex as a static covariate, is that the
majority of models do not integrate sex as a relational and intersecting element within the network
[70].

6.3 Sex-Aware ML Paradigms: Moving Beyond Covariate Adjustment

Sex-stratified models involve separate models for males and females to avoid confounding in
pooled data when identifying sex-specific patterns. In response, some innovative models now
include sex in their design [71]. This approach is simple but may reduce statistical power and
underestimate shared characteristics. Multi-task learning, where sex branches a shared backbone
model, learns common representations, while sex-specific branches capture divergent patterns [72].
This framework is especially encouraging for multimodal data where shared biology and sex-specific
variation are balanced. Causal Al approaches aim to build models that identify causal relationships
between variables, rather than relying on correlations [73]. By modelling sex causally, such
approaches identify sex’s effects on relationships among genetics, biomarkers, and clinical
outcomes, suggesting a more biologically informed framework for understanding AD [74].

6.4 Bias Amplification in Al Systems

In the context of ML applications, bias amplification, the tendency of models to reinforce existing
biases found within the training data, is a high-priority concern. In AD research, this can occur
because of unequal sex representation, data quality discrepancies, or sex-related confounding
variables (e.g., age, education, and comorbidities) [75]. Consequently, models may perform well
across demographics but have lower accuracy or systematic biases toward one sex. Additionally,
when sex-specific biological differences are not modelled, ML systems may misinterpret meaningful
sex differences as noise or as irrelevant/secondary characteristics. This not only reduces predictive
performance but also lowers interpretability and clinical trust [59].

6.5 Toward Biologically Informed Al

To overcome these challenges, implement ML strategies that are species- and sex-informed,
incorporate biological knowledge, and integrate domain and computational expertise. These
models need to demonstrate the following capabilities: capturing non-linear, cross-modal
relationships; modelling the interrelationships among species and sex as modifiers of these
relationships; and reducing bias through balanced datasets, stratified validation, and rigorous
evaluation metrics [76]. The goal moves beyond improving prediction accuracy to improving ML
models’ ability to represent the true biological complexity of AD. In turn, this results in more
accurate, equitable, and clinically useful insights [77].

7. Cross-Modal Interactions: The Missing Link in Sex Differences

A major drawback of the current research on biomarkers in Alzheimer’s disease (AD) is the
juxtaposition of the modalities, neuroimaging, fluid markers, genetics, and electrophysiology, each
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treated as an independent entity from the others. Much disease-relevant information is ascribed to
an individual biomarker [78]. However, AD is a network disorder, characterised by pathology that
originates from interactions across different biological scales, many of which are sex-dependent. An
important yet largely unexplored aspect of precision neurology is understanding how different
modalities interface with one another rather than acting in isolation [79].

7.1 Sex-Dependent Cross-Modal Relationships

Both positron emission tomography (PET) and cerebrospinal fluid (CSF) biomarkers capture
fundamental pathologies of Alzheimer’s disease (AD) via PET imaging of regional distributions of
amyloid and tau pathology and via neuroinflammatory responses in the CSF. Importantly, their
agreement is not always consistent [32]. Research shows that PET-CSF discordance can vary by sex,
with some cases in which females may present with augmented tau PET imaging and CSF pathology
that is similar or less prominent [80]. This could indicate sex-specific differences in protein clumping,
clearance, and blood-brain barrier function. These disparities challenge the notion of substitutable
biomarkers and underscore the need for models that account for and incorporate sex-related
variation across methods [35].

7.2 MRI-EEG Coupling

Studies of structural versus functional alterations in the brain have often been conducted in
isolation. However, studying their interrelationships would be critical to developing our
understanding of disease progression. In MRI, degeneration is visualised in the brain’s anatomical
regions, whereas in EEG, it is observed on a time scale [81]. To some extent, we can assume that
structural atrophy varies by sex. Some studies suggest a stronger association between structural
atrophy and functional decline in males. In females, functional preservation is more pronounced
and may include enhanced compensatory mechanisms [82]. These differences imply that resilience
and compensatory processes in the brain may differ by sex, and that MRI and EEG collaboration can
clarify declines previously obscured [83].

7.3 Genetics-Biomarker Modulation

Genetic risk factors, including single-nucleotide polymorphisms (SNPs) and polygenic risk scores,
interact with downstream biomarker expression and vary by sex [84]. Sex-differentiated hormonal
and/or immune conditions may enhance or diminish the influence of genetic variation on amyloid
and tau pathology and neuroinflammation [85]. This produces a multifaceted situation in which the
roles of genetics in biomarkers vary across sex, leading to distinct biological pathways. Whether
such relationships appear in ML models suggests they may represent important predictive signals
or erroneously depict causal mechanisms [39].

7.4 Network-Based Interpretation of Disease Progression

This summarizes the changes in AD pathology. The edges represent fluid interactions, while
nodes represent biomarkers [86]. Sex does more than change node values, such as biomarker levels;
it reflects more than simple numerical shifts. It changes the whole structure. It reconfigures the
overall structure, changing the strength, direction, timing, and function of interactions between
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modalities [87]. Perspectives aligned with systems biology and graph-based modeling view disease
progression as a series of interconnected transitions through a network. Most importantly, such
networks may differ fundamentally between males and females, even when single biomarker levels
are comparable [88].

7.5 Proposed Model: Sex-Specific Biomarker Interaction Networks

To address these challenges, we propose sex-specific biomarker interaction networks, where the
following holds: Each modality (PET, MRI, CSF, serum, genetics, EEG, etc.) is represented as a node
or a set of nodes; edges encode statistical, functional, or causal relationships amongst the modalities;
network topology is separately or conditionally learned for each sex, and Temporal dynamics that
differentiate disease progression are included [89]. This method can be executed utilising graph
neural networks, multimodal transformers, and other interaction-aware machine learning
architectures. Importantly, it facilitates the discovery of sex-specific pathways rather than relying
solely on feature importance in a pooled model [90].

7.6 Implications: Distinct Disease Pathways, Not Just Different Levels

This model has major ramifications. If sex differences exist in cross-modal interactions, then AD
cannot be regarded as a single condition that manifests with variable severity. Instead, it must be
viewed as a condition with partially distinct biological pathways in males and females [91]. This
departs from existing diagnostic thresholds, biomarker evaluations, and treatment approaches.
From a translational perspective, integrating sex-based interactions into ML applications would
enhance diagnostic accuracy and reduce biomarker discordance, enable sensitive cross-modal
signatures for early detection, and improve personalized, sex-focused treatment strategies [89].
Overall, cross-modal interactions could bridge gaps in understanding sex differences in AD, and
integrating them into ML would be an essential step toward precision-aimed, biology-inspired
neuroscience [92].

8. Prognostic Modelling and Disease Trajectories

One aspect of Alzheimer’s Disease that has become a major focus for machine learning (ML)
practitioners is prognostic modeling, with an emphasis not only on identifying the presence of the
disease but also on estimating its future progression [93]. This includes projecting the progression
from mild cognitive impairment (MCI) to AD, predicting decline, and identifying those in the cohort
at risk of rapid advancement [94]. Nevertheless, new data indicate that these patterns are not
consistent and are deeply influenced by sex, prompting a need for sex-conscious predictive models
[95].

8.1 Prediction of MCI > AD Conversion

Arguably, the most clinically applicable example of MCI and ML is predicting early AD in MCI
patients. In the context of MCI-to-AD conversion, integrated multimodal models combining imaging
data (e.g., PET and MRI) and structural data (e.g., CSF, genomic, and EEG) yield impressive accuracy
[96]. Conversion risk is not evenly distributed by sex. For instance, female subjects tend to show
greater progression across varying comorbid burdens. This may reflect an increased vulnerability to
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tau pathology or a decreased cognitive reserve [97]. Most existing models draw on pooled datasets,
assuming that all data exhibit uniform patterns of advancement across the studied populations. As
a result, sex-specific risk profiles decrease, and individual patient prediction is, at best, suboptimal
[98].

8.2 Prediction of Cognitive Decline Rates

Rather than outputting only binary conversions, ML models increasingly emulate the progressive,
multidimensional decline of cognitive functions, including memory, executive functions, and global
functioning [99]. These models often use longitudinal data and time-series approaches to depict
disease progression, while accounting for sex differences [100]. For example, despite similar
cognitive performance at baseline, females may experience a more rapid cognitive decline after
symptom onset. In contrast, males may demonstrate a more noticeable, yet consistent, cognitive
decline [101]. These differences suggest that the rate of decline cannot be solely attributed to the
pathology burden, but also to sex-related resilient states and compensatory mechanisms [79].

8.3 Sex-Specific Progression Patterns

The assumption that there is a single typical pathway for the progression of Alzheimer’s Disease
is being increasingly questioned. Disease progression appears to occur via multiple pathways and
may differ systemically between men and women. For instance, females may show earlier increases
in tau biomarkers, as well as differences in the order of pathological changes and in the relationship
between biomarker presence and the onset of clinical symptoms [102]. Recognizing these trends is
necessary for accurate prognosis and customized interventions for individual patients. To capture
these trends, researchers increasingly use longitudinal machine learning (ML) models incorporating
recurrent neural networks (RNNs), temporal convolutional networks, and survival analysis models
[103]. These models capture the evolution of multimodal biomarkers over time and describe disease
progression across stages. However, most longitudinal models do not incorporate sex as a variable
and, as a result, do not consider whether relationships between biomarkers may differ across
populations [100]. Integrating sex stratification, sex-based interaction terms, or sex-based modules
can improve these models to capture the diverse temporal trends [20] (Figure 2).
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Figure 2 Sex-Specific Progression Patterns in Alzheimer’s disease (Figure created with
BioRender).

The diagram demonstrates the divergence in the progression of disease between males and
females across key biomarkers. In the male population, disease progression occurs through the AR
step, then the tau step, followed by structural brain changes observed on MRI, and finally the
neurodegeneration step, which leads to the subsequent clinical step. In females, while the amyloid
accumulation pattern remains consistent, evidence suggests that tau pathology may progress at a
differential rate, potentially contributing to sex-specific differences in clinical presentation.
However, the extent to which these biomarker-level differences translate into significant sex-
specific clinical progression remains an area of active investigation. The lower panel contrasts
various modelling techniques, highlighting both sex-dependent changes and distinct sex-specific
correlations among biomarkers and clinical endpoints. Sex-independent modelling assumes that the
disease and integrated biomarkers (AB, tau, MRI, signs, and symptoms) change consistently across
all sexes. For the sake of simplicity, this approach ignores sex-related differences at the expense of
a thorough understanding of the complexities involved in the disease progression. Sex-aware
models, by contrast, use stratification, interaction terms, and bespoke architectures such as neural
networks to capture male- and female-specific trajectories. Accounting for differences in biomarker
and temporal dynamics between sexes improves prognostic accuracy and enables personalised
interventions.
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8.4 Novel Perspective: Trajectory-Based Clustering Differs by Sex

Trajectory-based clustering is a novel biomarker- and cognitive-decline-based grouping
methodology that combines promising new research with existing cognitive frameworks. Rather
than using traditional diagnostic classifications, this methodology emphasises subcategories based
on disease progression [104]. Additionally, evidence suggests these clusters may be biased toward
one sex or may be sex-specific. For example, among the clusters that consider clinical progression,
the Vascular and Metabolic clusters are typically more prevalent in males. The same clinical case
may have different implications by sex [105]. This leads to an important conclusion: sex affects how
quickly disease progresses and how disease pathways are structured. Including sex-sensitive
strategies in prognostic modeling offers several major advantages: more accurate prediction of
individual disease trajectories, improved identification of the most at-risk populations, and better
classification for clinical studies and treatment strategies [106]. Emphasizing dynamic, sex-informed
prognostics rather than static prognostics in AD trajectory modeling reflects progress toward more
targeted prognostics in AD, extending beyond biomarker profiles and linking them to the underlying
pathophysiology [107].

9. Explainable Al and Interpretability in Sex-Specific Models

When machine learning (ML) is used for Alzheimer’s disease (AD) research, model generalizability
is not the only criterion for establishing clinical viability. Achieving interpretability in a decision-
making model that handles intricate logical nuances is paramount. Clinicians and researchers must
be able to enter the model and understand the reasons behind each prediction/decision the system
makes [108]. This concern deepens in sex-specific modelling. Here, reliable and just conclusions
require identifying and unraveling algorithmic biases that conflict with true biological differences.
Interpretation is integral for closing the gap between computational models and practical clinical
use. Understanding models is critical in advanced scenarios such as the early diagnosis or prognosis
of AD [109]. Explicit processes in explainable models can frame predictions in terms of the
mechanisms described for a given disease. This improves prediction reliability, i.e., predictions are
based on biological phenomena rather than spurious correlations [110]. In this context,
explainability is not a technical option but a clinical requirement, as interpretability in model fairness
and generalizability can uncover hidden biases, such as sex [111].

9.1 Explainability Tools in Multimodal ML

Researchers have developed a variety of methods to interpret sophisticated ML models,
including SHAP (Shapley Additive exPlanations). This approach measures each element’s impact on
the overall prediction through cooperative game theory [112]. In multimodal AD models, SHAP
determines the overall contribution of individual biomarkers, including amyloid burden, MRI-based
atrophy, and CSF tau, in risk estimation. Unlike SHAP, LIME (Local Interpretable Model-agnostic
Explanations) approximates complex models and provides case-specific explanations by using
simpler, interpretable models near a prediction [113]. This is especially helpful for interpreting
personalised predictions by gender in male and female patients. Attention maps in deep learning
models show which inputs (brain regions, signal characteristics, or signal types) the model values
[114]. These maps show advanced spatial and functional patterns of sex differences, including
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variation in hippocampal atrophy and cortical connectivity. Collectively, these methods facilitate the
perceptive integration of population-scale and patient-specific data, which is critical for precision
medicine [115].

9.2 Identifying Sex-Specific Feature Importance

Explainable Al clarifies how sex-based characteristics differ in relevance across domains.
Analyzing model performance for males and females independently reveals which biomarkers are
differentially predictive by sex, why some biomarkers may be more relevant for one sex than the
other, and how the predictive importance of different modalities is sex-interactive [39]. For instance,
tau-related biomarkers could be predominant in females, whereas in males, features captured
through imaging of structures and/or vasculature may carry more weight. This type of work takes a
step toward elucidating sex-specific pathophysiological frameworks of the disease and may inform
the design of more targeted diagnostic approaches [30]. An important emerging point is that, for a
given ML model and prediction, the model may rely on differentiation regardless of the number of
valid biomarkers used, and it may show similar accuracy across both groups. This suggests the model
learns and uses different decision pathways by sex [116]. This raises important considerations. It
contests the idea of a singular, cohesive disease model. It highlights the risks of neglecting sex-
specific biology in combined analyses and argues for addressing model interpretability alongside
performance metrics [117]. The next generation of ML frameworks in AD should prioritize
interpretability, include sex-segregated analyses, and provide biologically relevant rationales. This
combination will transform explainable Al from a validation-oriented approach into a framework for
discovering sex-dissimilar disease pathways, enabling more accurate and fair clinical decision-
making [118].

10. Translational Challenges: From Model to Clinic

Although ML approaches for predicting biomarker transformations have advanced, an
unacceptable gap remains in translating these innovations from the research lab into clinical
practice for Alzheimer’s disease (AD) [119]. Technical, methodological, and ethical barriers
contribute to the delay of model development and real-world application, many of which are
worsened with respect to sex-specific differences. AD datasets typically include a higher proportion
of females, reflecting the disease’s higher prevalence in females [120]. Nonetheless, this
representation does not support robust analysis. Numerous studies collect and analyse data without
considering sex differences and, subsequently, sex-stratified development, resulting in studies
masking sex-specific trends. In effect, models may focus on prominent trends while ignoring subtle,
yet statistically significant differences [121]. This paradox, in which ML systems generate inequitable
predictions and remain analytically irresolvable, results from data overrepresentation. We employ
a variety of computer-aided diagnostic tools, including PET and MRI scans, CSF and blood markers,
and genetic and EEG data, to make multimodal ML diagnostic predictions [75].

Nevertheless, institutions tend to acquire these data using different protocols, platforms, and
preprocessing pipelines. This heterogeneous approach to data harmonization creates opportunities
for confounding factors to obscure true biological signals, with an even greater impact on sex-
differentiated analyses [122]. Interactions among sex-related biological variability, differences in
imaging resolution, and/or assay sensitivity may vyield contradictory results. Therefore,
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standardizing acquisition, preprocessing, and feature extraction is important for reliable cross-
modality integration. Limited reproducibility of ML models is a major hindrance to clinical
translation [123]. Many previous works reported positive results using internal datasets, but
external studies have not replicated them. This raises concern for sex-conscious modelling, as
generalizability to diverse populations and demographics is essential. Poorly externally validated
models risk overfitting to a specific dataset, severely limiting their clinical value [124].

To address this problem, we require transparent reporting, open datasets, and standardised
evaluation frameworks. Machine learning (ML) in healthcare is under increasing regulatory scrutiny,
emphasizing safety, transparency, and equity [125]. Sex-specific models also complicate equity,
transparency, and accountability: ensuring they do not systemically disadvantage either sex;
providing interpretable outputs that clinicians can easily understand; and clearly identifying who is
responsible for model decisions when used in clinical workflows [126]. Data privacy, informed
consent, and the ethical use of sensitive biological data remain concerns, especially with genetic or
multimodal datasets [127]. Sex bias may be the most neglected impediment to the development of
precision medicine. When a medical machine learning model omits sexed biology, it cannot predict
outcomes while keeping dynamics at the level of particular populations [128]. This undermines the
primary goal of precision medicine: to tailor diagnosis and treatment to the patient’s individual
biology. Concerning sex bias, a change of attitude is necessary. Instead of focusing on the inclusion
of the variable, the analysis of sex differences should be prioritised over treating sex as a confounder.
This should be replaced with the appreciation of sex as a core biological variable. Lastly, the focus
should shift from the general model’s outcome variability to the final results for the given
subpopulation [129]. Bridging both ends of the model-clinic continuum requires collaboration from
multiple fields. Key components include designing sex-aware datasets and benchmarking standards,
cohesive multimodal data acquisition and preprocessing, extensive external validation across
populations, and integrating ethical and regulatory frameworks into model design [109].
Overcoming these challenges will enable the field to deploy ML tools that not only boost accuracy
but also promote equity and interpretability, and that can be used in clinics. This will initiate the
development of precision medicine for Alzheimer’s Disease (AD) [130].

11. Clinical Implications: From Sex-Aware Biomarker Modeling to Personalised Diagnosis and
Treatment

The impact of sex-based differences on early signs and symptoms of Alzheimer’s disease (AD) has
been addressed earlier in the chapter along with the role of machine learning tools in modeling the
differences. However, the most pertinent question is whether this matters for the individual patient
[131]. Early studies in clinical trials, diagnostics, and multi-omics analyses highlight the importance
of designing sex-specific approaches to clinical situations. These approaches determine which
patients a biomarker-based diagnosis applies to, predict different response patterns to already
approved drugs, and identify sex-based drugs (i.e., therapeutic targets) to act upon [132]. Because
they have been approved, lecanemab and donanemab require evidence-based patient selection
using biomarkers. ALFA+ data show that CSF biomarkers predict amyloid PET differently across sexes:
the AUC of the AB42/40 ratio was 91.0% in women and 83.8% in men, and for p-taul81/AB42 it was
93.0% in women and 88.4% in men [133]. Setting a cutoff for men and women alike results in either
a high false-negative rate for women or a high false-positive rate for men. Sex awareness in ML
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models allows them to adapt classification decisions based on patient sex. This decreases
misclassification and tailors treatment eligibility for each patient [133]. Additionally, post-hoc
analyses of the Phase 3 trials of lecanemab (CLARITY-AD) and donanemab (TRAILBLAZER-ALZ2)
suggest that treatment benefit differs by sex. In general, men have shown greater cognitive
improvement with lecanemab, while women have shown a greater response to donanemab. Sex is
considered a substantial covariate of drug clearance in population pharmacokinetic models, and
lecanemab is thought to have greater exposure in women as a result of differences in sex and body
weight as well as in the distribution of body volumes [134]. A sex-aware multi-task model could
learn and explain sex as an interacting variable by predicting trajectories for males and females
separately, allowing measurement of patient-based expected benefit. Beyond prediction of
treatment response, sex-aware analysis of genomic data can uncover sex-specific drug targets,
which have the potential to create new and revolutionary ways of treating diseases [135]. A sex-
stratified large-scale GWAS (genome-wide association study) focused on approx. 1 million
individuals and included proteogenomic and multi-omics data, prioritized 125 female-biased and 21
male-biased risk genes, with female-biased pathways including amyloid processing and immune and
microglia processing [74]. Using computational techniques, sex hormone-related drugs targeting
the Epidermal Growth Factor Receptor (EGFR) were prioritized in women. In addition, sex-specific
drugs like Haptoglobin (HP) were identified. HP is a sex-specific gene linked to oxidative stress and
APOE. Al-based subphenotyping of a large cohort of AD patients (>8000) revealed different
comorbidity patterns [136]. In particular, circulatory diseases were more predominant in men, while
women presented with a higher prevalence of urinary stones. The results show that ML models can
provide sex-specific comorbidities for AD patients [137]. They thus can help in the development of
holistic treatment plans to combat AD and sex-specific comorbidities. Sex-specific ML models are
not a luxury in clinical practice; they support more precise diagnosis, individualized treatment,
accelerated drug discovery, and patient-centered integrated care [138].

12. Future Directions: Toward Precision Neurology

Developing thorough, individualized, real-time systems that go beyond standard clinic-based
assessments will guide future Alzheimer’s disease (AD) research. Electronic wearables and EEG,
enhanced with digital biomarkers, can continuously collect real-world behaviour, physiology, and
cognitive state data [139]. These strategies can reveal subtle, emerging, and potentially sexually
differentiated changes in cognition, sleep, daily activities, and brain function. Conventional
techniques often miss these changes. Therefore, federated learning enhances model reliability and
generalizability while protecting data privacy and leveraging extensive, diverse datasets distributed
across sites [140]. These developments enable customized risk-prediction modeling to incorporate
multiple biomarker modalities while capturing individual variability, such as sex-related differences
in disease onset or progression. An implementation roadmap is needed to translate these advanced
models into clinical practice [141]. This includes improving data collection through systematic
scrutiny of sex differences across the life course. Importantly, creating standardized, multimodal
frameworks that integrate neuroimaging, fluid biomarkers, genetics, and electrophysiology will
facilitate reproducibility and comparability across cohorts [142]. Incorporating clinically
interpretable Al will be crucial to closing the gap between computational predictions and medical
decision-making, enabling clinicians to understand and trust model outputs [143]. Integrating
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technological advancement with biological and clinical insight will enable the shift toward precision
neurology. Precision neurology will provide contextual diagnoses, prognoses, and interventions, as
neurology recognises the role that sex and other factors play in disease outcomes [62].

13. Conclusion

We have compiled extensive literature showing that Alzheimer’s Disease (AD) is not a uniform
entity/subtype but a biologically complex disorder that is at least partly shaped by sex differences.
Across biomarkers such as PET, MRI, CSF, and serum, as well as genetic and EEG imaging, we
consistently find differences in pathology progression, interactions, and clinical presentation
between males and females. As mentioned, traditional machine learning (ML) methods are
inadequate for handling this complexity, as they often treat sex as a simple per-sample covariate
and fail to account for it as an active biological modifier. Crucially, incorporating cross-modal
interactions showed how sex differentiates biomarker amplitudes and correlations, creating uneven
disease pathways and prediction patterns. Building on these results, we advocate for sex-aware
multimodal Al and promote models that represent multivariate biology and frame interactions
within integrated data, as this approach can have a remarkable impact on both research and clinical
practice. For researchers, it inspires the modeling of the intricate mechanisms of disease biology. In
the clinic, it can improve diagnostic precision, refine prognostic risk assessment, and tailor therapy
to disease mechanisms and pathways. Implementing sex-aware intelligence in multimodal machine
learning (ML) systems is essential for genuine precision medicine in Alzheimer’s Disease (AD).
Moreover, it safeguards the fair and efficient application of Artificial Intelligence (Al) for all patients
(Table 1).

Table 1 Sex Differences in Multimodal Biomarkers and Machine Learning Implications in
Alzheimer’s disease.

Sex-Specific Insights & Cross-Modal Implications for ML

Domain ) References
Interactions Models
Females exhibit higher tau burden Incorporate sex-aware
and faster hippocampal atrophy at feature weighting and
Neuroimaging  similar disease stages; sex-dependent interaction modelling (30, 144]
(PET & MRI) PET-MRI discordance suggests between PET and MRI; ’
differential neurodegeneration avoid uniform
despite similar amyloid load. thresholds.
Sex differences in AB42, t-tau, and p-  Apply sex-specific
. tau levels; females often show higher  cutoffs and integrate
CSF Biomarkers . . L (35, 145]
tau relative to amyloid; PET-CSF CSF with imaging in
mismatch varies by sex. multimodal frameworks.
Peripheral inflammation, metabolic Include serum
dysfunction, and neurodegeneration  biomarkers as sex-
Serum/Plasma i ) o )
markers differ by sex; systemic sensitive predictors [146, 147]

Biomarkers

factors influence brain pathology
differently.

reflecting systemic-brain
interactions.
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Model gene-sex
APOE €4 confers greater risk in 8

Genetic females; sex modifies gene
Markers (SNPs) expression and penetrance; gene-
environment interactions differ.

interactions explicitly;

integrate polygenicrisk  [148, 149]
with multimodal

biomarkers.

Integrate EEG as an

early functional

modality; use sex-aware [150, 151]
weighting in multimodal

fusion.

Sex differences in neural oscillations,
EEG connectivity, and network efficiency;
Biomarkers early functional disruptions may be
more detectable in females.

Develop sex-aware

Cross-modal interactions (PET-CSF, multimodal fusion
Multimodal MRI-EEG, genetics-biomarkers) differ  models capturing 21, 152]
Integration by sex, indicating distinct disease interaction networks ’
pathways. rather than independent
features.
. . Implement sex-stratified
Machine Most models treat sex as a covariate, .
. . . . . models, multi-task
Learning ignoring its role as a biological . [153, 154]
. learning, and causal
Models modifier.
frameworks.
. Apply SHAP, LIME, and
Most models treat sex as a covariate, .
. . o . . attention-based
Explainable Al ignoring its role as a biological ) i . [153, 155]
. interpretation stratified
modifier.
by sex.
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