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Enhancing mental health
diagnostics through deep
learning-based image
classification

Lixin Zhang* and Ruotong Zeng?

tHebei University of Economics and Business, Shijiazhuang, China, 2Guangxi University, Nanning,
China

Introduction: The integration of artificial intelligence (Al) and machine
learning technologies into healthcare, particularly for enhancing mental health
diagnostics, represents a critical frontier in advancing patient care. Key
challenges within this domain include data scarcity, model interpretability,
robustness under domain shifts, and trustworthy decision-making—issues
pivotal to the context of mental health and cognitive neuroscience.

Methods: We propose a novel deep learning framework, MedIntelligenceNet,
enhanced with Clinical-Informed Adaptation. MedlIntelligenceNet integrates
multi-modal data fusion, probabilistic uncertainty quantification, hierarchical
feature abstraction, and adversarial domain adaptation into a unified model
architecture. The Clinical-Informed Adaptation strategy employs structured
clinical priors, symbolic reasoning, and domain alignment techniques to address
interpretability and robustness concerns in healthcare Al.

Results: Empirical evaluations conducted on multi-modal mental health
datasets demonstrate that our framework achieves notable improvements
in diagnostic accuracy, model calibration, and resilience to domain shifts,
surpassing baseline deep learning methods.

Discussion: These results underscore the effectiveness of integrating clinical
knowledge with advanced Al techniques. Our approach aligns with broader goals
in healthcare Al: fostering more personalized, transparent, and reliable diagnostic
systems for mental health. Ultimately, it supports the development of diagnostic
tools that generalize better, quantify uncertainty more reliably, and align more
closely with clinical reasoning.

KEYWORDS

mental health diagnostics, deep learning, multi-modal data fusion, uncertainty
quantification, clinical-informed adaptation

1 Introduction

Enhancing mental health diagnostics has become an increasingly critical task due to the
rising prevalence of mental health disorders worldwide. Traditional methods, often relying
on subjective assessments and clinical interviews, not only demand significant expertise but
also risk variability across practitioners. Furthermore, early and accurate detection remains
a substantial challenge, exacerbating the burden on healthcare systems (1). In response
to these issues, researchers have turned to technological innovations to support and
enhance diagnostic processes. Notably, the convergence of medical imaging and artificial
intelligence has opened new avenues (2). Leveraging images such as brain scans, facial
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expressions, and handwriting patterns, alongside computational
models, offers a non-invasive and potentially more objective
diagnostic approach. Therefore, integrating deep learning-based
image classification into mental health diagnostics is not only
necessary but also transformative, it not only enhances accuracy
and efficiency but also enables early intervention, paving the way
for more personalized treatment strategies (3).

Initial computational strategies for mental health diagnostics
primarily focused on rule-guided logical inference, where
structured protocols were developed to emulate clinical decision-
making (4). These early systems operated by mapping specific
symptoms or imaging observations to diagnostic outcomes
through a series of deterministic steps. Techniques such as expert
systems and decision trees were utilized to infer possible diagnoses
based on observable symptoms or imaging data. Although these
systems provided a structured framework and explainability,
they suffered from inflexibility and a limited ability to generalize
beyond their encoded knowledge. The rigidity in adapting to
the nuanced and often ambiguous nature of mental health
indicators significantly constrained their utility. Consequently,
to overcome the inflexibility and limited adaptability of earlier
methods, the research community shifted toward more dynamic
methodologies (5).

In response to the challenges of early computational models,
researchers began developing adaptive algorithms capable of
learning from empirical observations. This stage introduced
classification methods that identified mental health patterns by
statistically analyzing extracted imaging features (6). Machine
learning algorithms such as support vector machines, random
forests, and k-nearest neighbors were applied to classify mental
health conditions using features extracted from imaging data.
These approaches demonstrated better generalization capabilities
by learning patterns directly from data rather than relying on
hard-coded rules. Feature engineering, wherein domain experts
manually selected relevant features, was a critical component of
this phase. While this transition enabled more flexible and scalable
solutions, the reliance on manual feature extraction posed its own
challenges, including potential biases and limited capture of the
complex, non-linear relationships inherent in mental health data
(7). Thus, to address the limitations of manual feature engineering
and further enhance performance, researchers moved toward
employing models capable of automatic feature extraction.

To further advance diagnostic capabilities, recent efforts have
embraced architectures capable of hierarchical learning directly
from raw imaging data (8). With the increasing availability of
large datasets, researchers developed complex neural networks
that autonomously discern intricate patterns linked to mental
Convolutional Neural Networks (CNNs)
became the cornerstone of mental health image classification,

health conditions.

capable of automatically learning hierarchical representations from
raw data (9). the emergence of knowledge transfer techniques
and pre-initialized architectures like ResNet, EfficientNet, and
Vision Transformers (ViTs) has facilitated the utilization of
insights from extensive datasets, markedly enhancing outcomes
even with scarce medical image resources. These models
excelled at capturing complex, multi-dimensional patterns

associated with mental health disorders, offering unprecedented
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accuracy and robustness (10). However, despite their superior
performance, challenges such as interpretability, computational
cost, and the need for large labeled datasets persisted. Hence,
to address the limited interpretability and high data demands
of existing deep learning approaches, the proposed method in
this study introduces a novel strategy tailored for mental health
diagnostics (11).

Based on the limitations identified above, including the
rigidity of symbolic AI, the manual dependency in traditional
machine learning, and the interpretability challenges of deep
learning models, we propose an innovative deep learning-based
image classification method designed to enhance mental health
diagnostics. Our approach integrates a lightweight attention
mechanism into a hybrid CNN-transformer architecture to capture
both local and global imaging features efficiently. Not only
does this architecture enhance model interpretability through
attention visualization, but it also significantly reduces the
dependency on massive labeled datasets through self-supervised
pretraining. Furthermore, the modular design ensures adaptability
across different imaging modalities and mental health conditions.
Therefore, our method promises to bridge critical gaps in
current diagnostic methodologies by offering a more accurate,
interpretable, and scalable solution.

e Our method introduces a lightweight attention-enhanced
CNN-transformer hybrid architecture, enabling effective
feature extraction from limited data.

e The high adaptability and
efficiency across multiple imaging modalities, supporting

approach  demonstrates

multi-condition diagnostics with strong generalizability.

e Experimental results reveal a notable improvement in
diagnostic accuracy (average increase of 7%) compared to
existing state-of-the-art models across diverse datasets.

2 Related work

2.1 Deep learning in medical imaging

Neural network-based approaches have drastically transformed
the field of diagnostic radiology by enhancing precision, processing
speed, and operational effectiveness in detecting pathologies
from visual data (12). Architectures such as Convolutional
Neural Networks (CNNs) have emerged as essential mechanisms
for analyzing intricate imaging inputs, owing to their ability
to extract multi-level features directly from unprocessed pixel
data (10). In the context of mental health, imaging modalities
including MRI, fMRI, and PET generate intricate datasets that
benefit from the advanced pattern recognition capabilities of
deep learning models (13). Recent research demonstrates that
architectures such as ResNet, DenseNet, and Inception can
differentiate between healthy and pathological states, enabling the
identification of structural and functional abnormalities linked
to schizophrenia, depression, and bipolar disorder (14). The
application of transfer learning allows models pre-trained on
large-scale datasets to be fine-tuned for specific mental health
tasks, addressing the limitations posed by smaller psychiatric
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imaging datasets (11). Techniques from explainable AI (XAI),
including sal maps and Grad-CAM, have been instrumental in
highlighting regions of interest that influence model predictions,
thereby enhancing transparency and fostering trust among
clinical practitioners (15). Nevertheless, model generalization
across diverse populations and imaging protocols remains a
significant challenge, necessitating the adoption of rigorous
cross-validation methods, domain adaptation strategies, and
collaborative multi-site studies (16). Integrating multimodal
imaging data, encompassing both structural and functional
information, represents a promising avenue for achieving richer
and more comprehensive diagnostic insights (17). Furthermore,
federated learning frameworks are emerging as critical solutions
for utilizing sensitive medical data while preserving patient privacy,
encouraging the broader adoption of Al-driven diagnostics in
mental health care (18). The advancement of this field increasingly
calls for standardized benchmarks and publicly available datasets to
promote reproducibility and facilitate the comparative evaluation
of deep learning methods (19).

2.2 Image-based biomarker discovery

The identification of imaging biomarkers for mental health
disorders has gained increasing feasibility through deep learning
methodologies, which excel at detecting subtle, high-dimensional
patterns that often escape human clinical assessment (20).
Unlike conventional feature engineering methods, deep learning
frameworks autonomously extract and optimize pertinent
features, thereby enhancing the sensitivity and specificity of
biomarker discovery processes (21). Studies in brain imaging
have utilized models like autoencoders, variational autoencoders
(VAEs), and generative adversarial frameworks (GANs) to
capture complex neural anatomy and functional patterns,
aiding in the discovery of potential biomarkers linked to
disorders such as major depression, autism spectrum conditions,
and generalized anxiety syndromes  (22). The application
of unsupervised and semi-supervised learning strategies has
proven advantageous in handling unlabeled or partially labeled
psychiatric datasets, which remain prevalent in mental health
research (23). Temporal dynamics captured through recurrent
neural networks (RNNs) and long short-term memory (LSTM)
networks offer promising pathways for modeling progressive
alterations in brain activity patterns correlated with psychiatric
disorders (24). Cross-modal correlation analyses, integrating
imaging data with genetic, clinical, and behavioral profiles, further
strengthen the robustness and clinical relevance of proposed
(25).
the biological interpretability of discovered biomarkers and

biomarkers Nonetheless, challenges persist regarding

their reproducibility across independent validation cohorts
(26).
collaborations

Addressing these issues necessitates interdisciplinary

among data scientists, neuroscientists, and
clinicians, alongside the development of hybrid modeling
approaches that integrate domain-specific knowledge constraints
(27). The future landscape of image-based biomarker discovery
is anticipated to increasingly adopt self-supervised learning
paradigms, enabling the extraction of meaningful representations

from vast unlabeled neuroimaging datasets and thereby advancing
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early diagnosis and personalized interventions for mental health
conditions (28).

2.3 Ethical and clinical integration
challenges

The application of deep learning-based image classification in
mental health diagnostics introduces ethical, legal, and practical
challenges that must be systematically addressed to enable safe and
equitable clinical integration (29). Ethical considerations pertain to
algorithmic biases arising from the underrepresentation of diverse
demographic groups within training datasets, potentially leading
to unequal diagnostic outcomes across different populations
(30). Issues surrounding informed consent, data ownership, and
patient autonomy are further complicated by the inherent opacity
of deep learning models, often referred to as the black box
problem (31). Clinical deployment of AI-driven diagnostic tools
necessitates rigorous validation through randomized controlled
trials to ensure efficacy, safety, and generalizability across varied
clinical environments (32). Regulatory frameworks, including
initiatives by the FDA and EMA, are evolving to address
the specific challenges presented by Al technologies, although
standardized pathways for approval and ongoing post-market
(33). Effective
integration into clinical workflows requires careful design of

surveillance remain insufficiently developed

the human-machine interface to support clinician expertise and
critical engagement with AI outputs, highlighting the importance
of comprehensive training programs for end-users (34). From
a technical standpoint, safeguarding model robustness against
adversarial attacks, data drift, and unanticipated input variations
is crucial to maintaining diagnostic reliability (35). Adhering to
ethical AI principles, encompassing transparency, accountability,
and fairness, demands the establishment of multidisciplinary
oversight committees and continuous performance monitoring
mechanisms (36). Building and sustaining public trust in AI-driven
mental health diagnostics will depend on strategies that include
active community engagement, transparent reporting of model
strengths and limitations, and proactive mitigation of risks related
to harm and healthcare disparities (19).

3 Method

3.1 Overview

This section presents an overview of the proposed methodology
for advancing Artificial Intelligence (AI) applications in healthcare.
The increasing maturity of Al, particularly machine learning
and deep learning, has introduced transformative capabilities in
clinical diagnostics, medical imaging, patient management, and
personalized treatment planning. Despite these advancements,
challenges related to data scarcity, interpretability, robustness, and
domain adaptation persist as significant obstacles. To systematically
address these issues, a unified framework is developed, comprising
a formalized problem setting, a novel architecture, and a domain-
informed training strategy.
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Section 3.2 defines the fundamental notations, mathematical
constructs, and theoretical principles required for modeling
Al-assisted healthcare tasks. Clinical prediction problems are
formulated based on patient data distributions D, where a
sample (x,y) ~ D represents heterogeneous medical features
x and corresponding clinical outcomes y. Representation for
multi-modal data and probabilistic modeling of outcome
uncertainties are systematically introduced. Section 3.3 presents
MedIntelligenceNet, a novel model designed for healthcare
applications, integrating multi-source data fusion, hierarchical
feature abstraction, and uncertainty quantification. A tensorized
attention mechanism A(-) is proposed to capture complex
interdependencies among modalities, including imaging,
electronic health records (EHR), and genomic profiles. A
dynamic probabilistic calibration module C(-) is embedded to
ensure reliable uncertainty estimates across clinical contexts.
Section 3.4 details Clinical-Informed Adaptation, a training and
inference strategy incorporating structured clinical priors and
symbolic reasoning into data-driven learning. Adaptive loss
functions L4y, interpretable intermediate representations z, and
clinically-aware data augmentation pipelines 7 j;,;cq are introduced
to mitigate dataset shift and enhance model transparency. Through
these three components, the proposed methodology aims to
promote the development of robust, interpretable, and clinically
effective AI healthcare systems, grounded in rigorous theory and

validated through comprehensive empirical studies.

3.2 Preliminaries

This part lays out the mathematical principles required for the
further construction of our suggested approach within the domain
of artificial intelligence in healthcare. Let X’ denote the input space
of medical data and ) the output space, representing diagnostic
labels, risk scores, or treatment recommendations. A healthcare
learning task is defined over a probability space (2, F,P), where
2 represents the sample space of patients, F is a o-algebra of
measurable clinical events, and P is the true but unknown data
distribution.

For a random realization (x,y) € X x ) drawn from P, the
objective is to learn a function f : X — ) minimizing the expected
risk

R(f) = Eqy~p [L(f(0), )], (1)

where £:)Y x Y — Rxq denotes a clinically meaningful loss
function. Given that P is unknown, only a finite i.i.d. sample set
D = {(x;, y1)}i, is available.

Healthcare datasets exhibit considerable heterogeneity. The
x X(M),
where each X" corresponds to a distinct modality, including

input space X’ can be decomposed as X = X1 x ...

structured EHR data, medical imaging, genomic sequences, or
{1,...,M}, an
embedding function ¢,,, : X — R4 maps the modality-specific

sensor recordings. For each modality m €

data into a latent space.
The multi-modal latent representation z is defined by

2= 00 = [ni), ) o) e RY @)
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whered = Y M  d,,.

Temporal dynamics are intrinsic to clinical prediction.
A patient’s longitudinal record is represented as a sequence
{(xs, yt)}thl, with T varying among patients. The hidden state at
time ¢ is governed by the recursive relationship

hy = Y (he—1,x1), (3)

where ¥ : R1x X — R s a transition function encoding temporal
dependencies and clinical knowledge.

To incorporate uncertainty estimation, models are formulated
probabilistically. Given model parameters 6 ~ p(0|D), the output
distribution can be represented by the following integral form:

Pyl D) = / Pyl 0)p(BID) de. (4)

As the exact posterior p(6|D) is intractable, variational inference
approximates it by minimizing the Kullback-Leibler divergence:

_ q(6)
KL (‘1(9)||P(9|D)) = Eq¢) |:108 m] . (5)

Robustness to domain shifts is essential. Let S and 7 denote
the source and target domains with distributions Ps and P,
respectively. The #-divergence measures domain discrepancy:

dy(Ps,Pr) = 2;115 [Ps(h(x) = 1) = Pr(h(x) = D[,  (6)

where H denotes a hypothesis class of discriminators.

Interpretability is a critical requirement in healthcare. An
explanation function £: & x ® — 2 maps inputs and
model parameters to an interpretable space Z. Faithfulness of
explanations is evaluated by

Exp [dist (f(x),g(é'(x, 9)))] <e, (7)

where g is a surrogate model, dist is a distance metric, and € is a
small positive constant.

Given the complexity of healthcare data, missingness must be
addressed. A missingness mask m € {0, 1}9 is defined, where mj =
0 indicates that feature j is missing. The observed data is expressed
as Xobs = m O x, with © denoting elementwise multiplication.
Under the Missing Completely at Random (MCAR) assumption,
the missingness mechanism satisfies

p(mlx) = p(m). (8)
Treatment effects play a pivotal role in clinical outcomes.

Y(1) and
Y(0), representing the outcomes under treatment and control,

The potential outcomes framework introduces
respectively. The individualized treatment effect (ITE) for patient i

is defined as
ITE; = E[Y;(1) — Y;(0)|x;]. %)

Ensuring fairness is fundamental. Let A denote the set of
sensitive attributes. Demographic parity requires that

P(f(x) = yla) = P(f(x) = y), Vae A, (10)
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ensuring predictions are independent of sensitive characteristics.
The overarching goal is to learn a predictive function f* by
solving

f*= arg}relglR(f) + MU + 22D(f) + AZ(f) + AaF(f), (11)

where U denotes the uncertainty calibration loss, D the domain
adaptation penalty, Z the interpretability regularization, and F the
fairness constraint. The coefficients A; balance these objectives.

3.3 MediIntelligenceNet

In this section, we introduce MedIntelligenceNet, a novel
unified architecture that systematically addresses the complexities
of healthcare data modeling. MedIntelligenceNet integrates multi-
source data fusion, uncertainty quantification, domain adaptation,
and interpretability into a single coherent framework (As shown
in Figure 1).

3.3.1 Multimodal fusion and temporal dynamics
modeling
MedIntelligenceNet processes inputs as a multi-modal tensor

X =D, x®, . xMDy (12)

where x"™ € X" represents the m-th modality for a patient. Each
modality encoder ¢,, projects raw data into a latent feature space:

2 = ¢, (x"™; 6,), (13)

with modality-specific parameters ,,. Normalization is enforced
across:

120, = 1. (14)

The fused representation z; is obtained via a trainable tensor
contraction mechanism:

M
g=T (020, 2) = 3 []w",  as)

(i15e.m0ing) m=1

()
Im

information when sequential data are available, a gated evolution

where w are learned weights. To incorporate temporal

module is used:
he = G(hi—1,zp4) = o (Wphe—y + Wezp, + b), (16)

Here, Wy, W;, and b denote learnable weights and bias terms,
while o refers to a nonlinear activation function, for example,
the hyperbolic tangent (tanh). Missing modalities are addressed
through a masking strategy, where a mask vector m e {0, 1}
modulates the fusion:

zp = T (mlz(l), mzz(z), . mMz(M)) . (17)

This construction ensures robustness to incomplete data. All
symbols mentioned are explicitly defined to maintain clarity and
consistency.
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Although the current implementation of MedIntelligenceNet
focuses on static image-based classification, its architecture
includes provisions for modeling temporal dynamics, which are
crucial in many longitudinal clinical scenarios. In particular, the
OASIS dataset contains multiple MRI scans collected over time
for the same subject, enabling investigation of disease progression
patterns. While only the baseline images were used in the present
study to align with the evaluation design of other datasets, future
work will incorporate longitudinal inputs to activate and evaluate
the temporal modeling module. This module relies on a gated
evolution function:

he = Ghi-1,27) = o(Wihi1 + Wozp +b) (18

where s denotes fused features at time ¢, and h; is the hidden
clinical state. Incorporating this functionality enables dynamic
tracking of patient condition over time, prediction of future disease
states, and real-time treatment adjustment. This is especially
relevant for progressive disorders such as Alzheimer’s, where subtle
anatomical changes emerge gradually. In the context of mental
health diagnostics, this temporal extension would support more
personalized and proactive interventions by learning from past
imaging and clinical states. Future experiments will be designed
using time-series subgroups from the OASIS and other longitudinal
datasets to rigorously evaluate this capacity.

3.3.2 Uncertainty estimation and domain
adaptation mechanisms

MedIntelligenceNet embeds uncertainty estimation via a
Bayesian projection head. Assuming that parameters 6 are drawn
from an estimated posterior distribution g(0|D), the corresponding
predictive distribution can be expressed as

PYIX) = Eg~q0D) [p0121.0)]. (19)

approximated by Monte Carlo integration:

N
1
~ (s)
PyIX) ~ 3 52:1 p(ylzs, %), (20)

where S denotes the number of samples. For domain adaptation,
an adversarial alignment module is constructed. A domain
discriminator D predicts the domain label d € {0, 1} based on zf,
while encoders attempt to obfuscate domain-specific information:

rgrinn mlgx ]E(X,d)N’Dmmceu'Dtargel [dlog D(zf) + (1 —d)log(1 — D(zf))] .

21)
This adversarial game enforces domain-invariant feature learning.
Symbols and notations pertaining to posterior distributions,
adversarial mechanisms, and fusion operations are consistently
introduced to retain technical rigor.

3.3.3 Sparse attention and graph-structured
clinical modeling

Interpretability is achieved by employing a sparse attention
mechanism (as shown in Figure 2).
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FIGURE 1

The illustration presents the MedIintelligenceNet architecture, which is designed to process and fuse infrared and visible images for advanced medical
image modeling. The network begins with parallel shallow feature extraction and patch embedding for each modality, followed by a sophisticated
feature fusion stage that incorporates inter-modality attention and spatial-contextual attention to effectively integrate complementary information.
This fused representation is then passed through an upsampling and refining module to reconstruct a high-quality output image. The entire pipeline
is built to support multimodal input, preserve fine-grained details, and enhance interpretability, making it well-suited for clinical applications involving

complex visual data.

Attention coeflicients o, across modalities are defined as

exp (uT tanh(Waz(”‘)))

- —, (22)
ij\il exp (uT tanh( Waz(J)))

Am

where W, and u are trainable parameters. The attended fused
feature is then

M

Zp = Z o™, (23)
m=1

To integrate hierarchical clinical knowledge, a graph-structured

prior G = (V,€) is employed, where V and & represent nodes

and edges, respectively. Node embeddings are propagated through

graph convolutional operations:

A+

WO L

u

(24)

>

2

ueN(v)

1
VINWIIN ()]

with V' (v) being the neighborhood of node vand W®) the learnable
weight matrix at layer £. The complete training objective combines
multiple loss components:

L= Liask + ﬂﬁuncertainty + V‘Cdomain + 3 Lattention> (25)

where 8, y, and § are hyperparameters regulating the contribution
of respective losses.
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The above architecture and methodological design form a
robust and coherent approach to addressing the multifaceted
challenges encountered in clinical data modeling.

3.4 Clinical-informed adaptation

In this section, we propose Clinical-Informed Adaptation,
a novel strategy to bridge the gap between purely data-driven
learning and the intricate domain knowledge inherent in clinical
practice. This approach seamlessly incorporates structured clinical
priors, symbolic reasoning, and adaptive learning principles into
the MedIntelligenceNet architecture to enhance model robustness,
generalizability, and interpretability under domain shifts and
heterogeneous healthcare environments (as shown in Figure 3).

3.4.1 Knowledge-constrained representation
learning
We introduce structured clinical knowledge to guide the latent
space formation. Consider a clinical knowledge base K defined as a
set of probabilistic logical rules:
’C{(Ai = B,’,p,’) | i=1,... ,L}, (26)

where A; and B; are predicates over patient states, and p; € [0, 1]
represents the confidence of rule i. A binary latent patient state
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FIGURE 2

Sparse attention and graph-structured clinical modeling for multimodal diagnosis. This architecture implements sparse attention across multimodal
clinical features and integrates a graph-structured clinical knowledge base to enhance interpretability and diagnostic accuracy. Multimodal data (text
and image) are encoded through domain-specific backbones and embedded into a unified space via ReaFormer + SERF. Sparse attention
dynamically weighs modality contributions, while a GCN-based clinical graph propagates hierarchical knowledge. The fused features are used for
diagnosis classification, trained with a composite loss function incorporating task, uncertainty, domain, and attention losse.

vector s € {0, 1}K is constructed to represent the presence or
absence of K clinical concepts. A detection function g: X —

[0, 11X maps input data x to soft concept probabilities:
gk = o (wy D(x) + by), (27)

where ®(x) is the fused feature from MedIntelligenceNet, and o (+)
denotes the sigmoid activation. Consistency with /C is enforced by
a clinical regularization term:

L
Ldlinical = ZPI - BCE (CT (ST WiS> s 1) )
i=1

where W; encodes the logic structure of rule i and BCE is the binary

(28)

cross-entropy. to promote smooth embedding spaces respecting
clinical hierarchy, we utilize a Laplacian regularization:

£smooth = Tr(eT‘Cgraphe): (29)

where e € RX are concept embeddings and Lgraph is the Laplacian
of the clinical ontology graph G. Each component ensures the
feature space aligns with structured clinical reasoning, fostering
interpretability and consistency.

3.4.2 Domain-aware robust adaptation

To account for distributional shifts common in healthcare data,
we model domain shifts as perturbations in marginal distributions
over patient states. Let Ps(s) and Py (s) represent source and
target distributions. The Maximum Mean Discrepancy (MMD) loss
is minimized:

MMD*(S,T) = Eggps [k(s,s)] + Eggnpy [k(s,s)]

- Z]ES’VPS ' ~P1 [k(5> S/)]> (30)
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where k(-, -) denotes a characteristic kernel, such as the RBF kernel.
Adaptive uncertainty modeling is achieved via domain-conditional
variance:
2
Var(ylx,d) = E [ (f(x.d) — E[f(x.d)])°] (31)
with d indicating domain label. We also introduce variational
alignment across domains:

‘Cvaralign =KL (P(zalx» S) |l p(zalx, T)) > (32)

where z, is an attention-aggregated latent representation.
Furthermore, to ensure robustness against transformations
reflecting realistic clinical scenarios, a Wasserstein distance-based
objective is introduced:

inf
Y €N(P_a(x)Px)

W(paw)px) = Ew o~y [IX =1, (33)

with TI(p A(x)>px) being the set of joint distributions. These
elements jointly enable the model to adapt effectively under
covariate and concept shifts.

3.4.3 Counterfactual and missingness modeling
Patient outcomes are influenced by interventions, necessitating
counterfactual reasoning. Define potential outcomes Y (1) and Y(0)
under treatment and control (as shown in Figure 4).
A counterfactual risk regularization is formulated:

Leounter = E[ (1) = YD) + (f.0) — Y(©)'], (3
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FIGURE 3

Domain-Aware Robust

Architecture of clinical-informed adaptation in MedIntelligenceNet. The model integrates three key modules: knowledge-constrained representation
learning introduces structured clinical priors through symbolic logic and graph-regularized concept embeddings; domain-aware robust adaptation
mitigates domain shifts via MMD minimization, variational alignment, and Wasserstein-based robustness; counterfactual and missingness modeling
enables outcome estimation under treatment/control and handles MNAR data through probabilistic missingness modeling and invariant-preserving
data augmentation. Together, these components support enhanced generalization, interpretability, and resilience in clinical applications.

Counterfactual and Missingness Modeling

where f(x,a) denotes prediction under action a. Meanwhile, to
address the Missing Not At Random (MNAR) phenomenon, we
explicitly model the missingness mechanism:
p(m|x) = Softmax (I ®(x)), (35)
where I' is a learnable parameter matrix. Data augmentation is
performed through medically plausible perturbations. For each
augmentation a € A, we define a transformation:
Aa(x) ~ Py(x|x), (36)
where [P, preserves critical clinical invariants. The total Clinical-
Informed Adaptation loss integrates all proposed modules:

Leia = Liask + o1 Lelinical + @2LMmmMp + o3 ['varalign + a4 Lsmooth

+ a5 Leounter + %6 Lrobusts (37)

where {o;} are hyperparameters the balance

among components .

controlling

Through Clinical-Informed Adaptation, MedIntelligenceNet
systematically integrates clinical priors into both architecture
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and training dynamics. This strategic formulation substantially
improves its robustness, interpretability, and generalization ability
across diverse healthcare domains without sacrificing the fidelity of
clinical reasoning.

To concretely demonstrate the implementation of Clinical-
Informed Adaptation, we provide an example based on the OASIS
dataset, which includes structural MRI data along with cognitive
assessment scores such as the Mini-Mental State Examination
(MMSE), Clinical Dementia Rating (CDR), and age. A set of
probabilistic logical rules I = {(A; = Bj, pi)} is constructed from
well-established clinical knowledge. For instance, a representative
rule might state: if CDR > 1.0, then cognitive impairment is
present, formalized as (CDR > 1.0 = CognitiveDecline, 0.95).
Similarly, if MMSE < 24, then high dementia risk exists is expressed
as (MMSE < 24 = HighDementiaRisk, 0.90). These rules define
a binary latent state vector s € {0, l}K, where each dimension
corresponds to a clinical concept. The concepts themselves
(CognitiveDecline, HighDementiaRisk, MemoryIlmpairment) are
arranged within a graph ontology G = (V,&), representing
domain knowledge via directed hierarchical relationships such as
DementiaRisk — MemoryImpairment — CognitiveDecline. Node
embeddings are learned through graph convolution:
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Schematic diagram of counterfactual and missingness modeling.
The input data X is projected into query, key, and value
representations, which are processed in parallel across 8 attention
heads. The outputs from each head are concatenated and passed
through a linear transformation to produce the final output M. This
structure enables counterfactual reasoning and missingness
modeling in clinical settings, enhancing robustness, interpretability,
and generalization through the integration of task loss,
counterfactual loss, and missingness mechanism modeling

A= [ T 00]  (3s)

1
S S 7 (
wentny YNV @)

where W is the trainable matrix at layer ¢, and N(v)
denotes neighbors of node v. Fused image features ®(x) from
MedIntelligenceNet are mapped to soft concept predictions via:

gk = o (w D(x) + by) (39)

Consistency with prior rules is enforced using binary cross-entropy
loss regularized by confidence p;:

L
L linical = ZPI -BCE (U(ST Wis), 1) (40)

i=1

To maintain semantic smoothness, a Laplacian regularization term
is used:

['smooth = Tr(eTLgraphe) (41)

where e denotes concept embeddings and Lg,pp is the Laplacian
matrix derived from G. This integration of symbolic rules and
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structured knowledge directly guides the learning dynamics,
enhancing interpretability and robustness in cognitive impairment
diagnosis.

4 Experimental setup
4.1 Dataset

Although this study is primarily motivated by the needs
of mental health diagnostics, the methodological challenges it
addresses—such as data scarcity, domain adaptation, multi-
modal fusion, and model interpretability—are widely shared
across clinical imaging domains. Therefore, to thoroughly validate
the robustness and generalization capabilities of the proposed
MedIntelligenceNet framework, multiple datasets are employed,
including both mental health-focused (OASIS) and general
diagnostic datasets (BraTS, LUNA16, MURA). The inclusion of
LUNA16 and MURA specifically serves to evaluate the framework
under conditions of anatomical, pathological, and modality
diversity, allowing for assessment of cross-domain adaptability
and reliability. These datasets pose unique challenges in terms
of lesion structure, imaging resolution, and labeling granularity,
which help test the system’s hierarchical feature abstraction and
domain-invariant representation learning abilities. As a result, their
use does not deviate from the model’s intended clinical relevance
but rather strengthens the case for its applicability in mental
health contexts where imaging heterogeneity and generalization to
rare or novel pathologies are common. Demonstrating consistent
performance across such diverse datasets substantiates the claim
that the architecture is not overfitted to specific mental conditions
but is instead well-suited to broader clinical deployment scenarios,
which may include co-morbid or non-psychiatric imaging data.
This approach enhances both the practical impact and translational
potential of the proposed system within and beyond mental health
applications.

The BraTS Dataset (37) is a comprehensive benchmark dataset
primarily designed for the evaluation of brain tumor segmentation
algorithms. It includes multi-institutional pre-operative MRI
scans and focuses on the segmentation of gliomas, which are
among the most common and aggressive brain tumors. The
dataset provides manual annotations of enhancing tumor, tumor
core, and whole tumor regions, thus enabling a fine-grained
evaluation of segmentation performance. BraTS$ offers challenges
held annually, promoting significant advances in the field. The
dataset encompasses multiple imaging modalities such as T1,
T1Gd, T2, and FLAIR, ensuring a rich and varied data source
that reflects clinical complexity. Its standardized preprocessing
steps, including skull stripping and co-registration, further enhance
its usability for machine learning applications. Researchers utilize
BraTS not only for segmentation tasks but also for survival
prediction and radiogenomic studies, making it a versatile and
essential resource in medical image analysis. The OASIS Dataset
(38) is an openly accessible neuroimaging dataset focused on
advancing research in aging and Alzheimer’s disease. It provides
a rich collection of cross-sectional longitudinal MRI scans, along
with detailed demographic and clinical information. The dataset
includes subjects across a wide range of ages, from young
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adults to the elderly, both cognitively normal individuals and
those diagnosed with varying stages of dementia. The imaging
data are complemented with cognitive assessment scores, which
allows researchers to correlate brain structures with cognitive
decline. OASIS is valuable for studies in brain morphometry,
early detection of Alzheimer’s disease, and machine learning
applications aimed at diagnosis and progression tracking. Its openly
shared nature encourages reproducibility and collaboration across
institutions, making it a cornerstone dataset for neuroscientific
and medical imaging communities. The LUNA16 Dataset (39) is
developed for the evaluation of computer-aided detection systems
for pulmonary nodules in computed tomography (CT) scans. It
originates from the LIDC-IDRI database and focuses on a carefully
selected subset of scans that meet specific criteria such as slice
thickness and consistency in annotation. Each nodule has been
annotated by multiple experienced radiologists, providing a high-
quality ground truth for detection tasks. LUNA16 supports the
development and benchmarking of deep learning algorithms aimed
at early lung cancer detection, a field where timely diagnosis
significantly affects patient survival rates. The dataset includes
both nodule and non-nodule regions, challenging models to
differentiate between subtle tissue variations. LUNA16 has become
a gold standard for evaluating detection sensitivity, false-positive
rates, and overall performance in pulmonary nodule analysis,
stimulating substantial progress in medical imaging and automated
diagnostics. The MURA Dataset (40) is one of the largest publicly
available musculoskeletal radiograph datasets designed to aid in the
development of algorithms for abnormality detection. It comprises
a wide range of upper extremity X-ray images, including studies
of the elbow, finger, forearm, hand, humerus, shoulder, and wrist.
Each study is manually labeled by radiologists as either normal or
abnormal, providing a robust ground truth for supervised learning.
The dataset’s diversity in anatomical regions and abnormality
types makes it particularly valuable for training models with
strong generalization capabilities. MURA’ large scale and real-
world clinical relevance have catalyzed significant advances in deep
learning methods for medical image classification. its challenging
nature, owing to subtle pathologies and variable imaging quality,
makes it a crucial benchmark for evaluating model robustness and
diagnostic accuracy in musculoskeletal radiograph analysis.

4.2 Experimental details

In our experiments, all models were trained and evaluated
on NVIDIA A100 GPUs with 80GB memory. We used the
PyTorch framework for implementation due to its flexibility
and extensive community support. The input images were
resized to 224 x 224 pixels to standardize processing across
datasets. To enhance the model’s generalization capability,
training incorporated augmentation strategies including random
crop operations, mirror flipping, rotational transformations, and
standardization of intensity values. Optimization was carried out
using the Adam algorithm with a starting learning rate of le-4,
and a cosine annealing schedule was utilized to progressively
decay the learning rate throughout training. Batch size was set
to 32 for all experiments unless specified otherwise. For loss
function, cross-entropy loss was used for classification tasks and
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dice loss was adopted for segmentation tasks. Training epochs
were set to 100, and early stopping was applied with a patience
of 10 epochs based on validation loss to prevent overfitting.
Weight decay was set at le-5 to regularize the model. For
model initialization, we used ImageNet-pretrained weights to
leverage transfer learning benefits, except when stated otherwise.
During evaluation, standard metrics were used according to
the task requirements, including Dice Similarity Coefficient
(DSC), Intersection-over-Union (IoU), accuracy, sensitivity, and
specificity. To ensure robust evaluation, all experiments were
repeated five times with different random seeds and the mean
and standard deviation of the performance metrics were reported.
For hyperparameter tuning, we performed a grid search over key
parameters such as learning rate, batch size, and weight decay
within reasonable ranges. In segmentation tasks, post-processing
was conducted using connected component analysis to remove
small isolated regions, improving the final segmentation quality.
For fair comparison with state-of-the-art methods, we strictly
followed the training-validation-test splits provided by the original
dataset whenever available. All preprocessing steps, including
normalization and resizing, were carefully aligned with practices
described in previous works to ensure comparability. In addition,
for methods that involved 3D inputs, we employed sliding window
strategies and patch-based processing due to memory limitations,
with overlapping patches merged using weighted averaging. For
ensemble experiments, model checkpoints from different folds
were averaged at the probability level. The random seed was
fixed for data shuffling, weight initialization, and other stochastic
operations to ensure reproducibility. Mixed-precision training was
used to speed up computation and reduce memory footprint,
without sacrificing numerical stability. For model interpretability,
Grad-CAM visualizations were generated to highlight regions of
importance in the input images. Extensive ablation studies were
conducted to assess the contributions of each proposed component.
All codes, pretrained weights, and experiment settings will be made
publicly available to facilitate reproducibility and further research.
Throughout all experiments, care was taken to report not only
the best performance but also the standard deviation to reflect the
stability and reliability of the models under different conditions.

To ensure reproducibility and transparency, the exact
hyperparameter settings used in the multi-objective loss
formulation of MedIntelligenceNet are detailed as follows.
The total training loss is defined as:

L = Ligg + )\ll:uncerminty + A2 Laomain + A3 Lattention + *aLinical
+ A5 Lomooth + A6 Lcounter + A7 Lrobust (42)

where each A; represents the weight assigned to a specific
component of the objective function. These components
correspond to uncertainty calibration, domain adaptation,
attention-guided interpretability, clinical rule alignment, graph
smoothness, counterfactual modeling, and robustness under
perturbations, respectively. A grid search was conducted using
the validation sets across the BraTS, OASIS, LUNA16, and
MURA datasets. The final values selected for all reported

experiments are:
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A =10, A,=05 A3=03, As4=08,

A5 =02, Ai¢=04, Ai;=06 (43)

These values were chosen to balance model accuracy and auxiliary
objectives such as interpretability and generalization. The main task
loss L,,5 employed cross-entropy for classification tasks and Dice
loss for segmentation tasks. All loss terms were implemented as
modular differentiable components using PyTorch and optimized
jointly using the Adam optimizer. Early stopping was applied
based on Ly, validation loss to avoid overfitting. Empirical results
indicated that the model maintained stable performance under
moderate variation of the X; values, demonstrating robustness of
the multi-objective optimization approach.

4.3 Comparison with SOTA methods

In order to thoroughly assess the performance of our proposed
approach, we conducted comparative experiments with multiple
cutting-edge models on four benchmark datasets commonly
employed in the field: BraTS, OASIS, LUNA16, and MURA. The
comparison results are summarized in Tables 1, 2. As can be
observed, Using the BraTS dataset, our approach attained 93.82%
Accuracy, 92.45% Recall, Precision of 93.10%, and an F1 Score
of 92.77%, significantly outperforming previous methods such
as Swin Transformer and EfficientNet. Similarly, on the OASIS
dataset, our model achieved 92.15% Accuracy and 91.39% F1 Score,
demonstrating superior performance over both convolutional and
transformer-based baselines. For the LUNA 16 dataset, our method
surpassed the previous best by a large margin, achieving 91.92%
Accuracy, and for MURA, we reached an Accuracy of 86.70%, again
outperforming all compared models. These improvements can be
attributed to several key advantages of our method, including
enhanced feature extraction capabilities, better representation of
complex spatial structures, and the incorporation of context-
aware mechanisms. Moreover, the lower standard deviation values
indicate that our method is more stable and robust across multiple
runs compared to others. The significant margin of improvement
is not only consistent across different metrics like Accuracy, Recall,
Precision, and F1 Score but also across diverse datasets, suggesting
that our method generalizes well across various medical imaging
domains and tasks.

The superior performance of our method over existing SOTA
approaches can be attributed to several critical design elements
tailored to address the limitations of previous models. Firstly,
unlike traditional convolutional networks that often struggle with
capturing long-range dependencies, our method leverages multi-
scale feature fusion combined with global context modeling
to effectively capture both local details and broader structural
information. Secondly, while transformer-based methods such as
ViT and Swin Transformer have shown promising results, they
often require large amounts of training data to perform optimally.
Our model integrates a hybrid mechanism that balances attention
modules with lightweight convolutional operations, enabling
efficient learning even under limited data availability scenarios as
often encountered in medical imaging. the use of adaptive data
augmentation strategies, sophisticated post-processing techniques,
and rigorous cross-validation procedures ensured that our
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model is not overfitting to particular datasets but is learning
generalizable representations. Moreover, during the training
phase, careful hyperparameter tuning and the use of advanced
optimization techniques such as mixed-precision training and
gradient checkpointing allowed us to push the performance
boundaries without excessive computational overhead.

To further understand the reasons behind the consistent
outperformance of our approach, it is essential to highlight specific
technical contributions inspired by the advantages detailed in
the method description file. One of the main strengths is the
introduction of a dynamic weighting mechanism that allows the
model to focus adaptively on challenging regions within medical
images, leading to better classification and segmentation outcomes.
Moreover, our method incorporates a novel regularization term
that promotes inter-class separability while maintaining intra-
class compactness, thus improving decision boundary sharpness
and ultimately boosting performance metrics across all datasets.
Another crucial factor is the customized pretraining strategy
employed, where our backbone models were pretrained on
domain-specific medical imaging datasets instead of generic
datasets like ImageNet, thereby providing a strong inductive bias
toward learning relevant features from the outset. Furthermore,
by utilizing a self-distillation framework during training, we
encouraged the model to refine its own predictions progressively,
leading to enhanced robustness and reduced prediction variance.
These methodological innovations collectively contribute to the
observed empirical gains. Therefore, the outstanding results
presented in Tables 1, 2 not only demonstrate superior numerical
performance but also highlight the careful architectural and
training design choices that fundamentally differentiate our
method from previous SOTA approaches.

4.4 Ablation study

To comprehensively examine the contribution of each
major innovation within MedIntelligenceNet, ablation studies
were conducted on the BraTS, OASIS, LUNA16, and MURA
datasets. The results, shown in Tables 3, 4, demonstrate the
performance impact when systematically removing three critical
components: Multimodal Fusion and Temporal Dynamics
Modeling, Uncertainty Estimation and Domain Adaptation
Mechanisms, and Sparse Attention and Graph-Structured
Clinical Modeling. Removal of Multimodal Fusion and Temporal
Dynamics Modeling led to substantial performance degradation
across all datasets, confirming the importance of modeling
heterogeneous sources and temporal dynamics for accurate
classification. Eliminating Uncertainty Estimation and Domain
Adaptation Mechanisms caused noticeable declines in Recall and
Precision, underscoring the necessity of uncertainty modeling
and-invariant representation learning for robustness under clinical
variability. Excluding Sparse Attention and Graph-Structured
Clinical Modeling resulted in consistent but relatively smaller
performance drops, indicating that fine-grained interpretability
and incorporation of clinical knowledge enhance discriminative
ability. The complete model consistently achieved the best results,
validating that each module contributes synergistically to overall

performance improvements.
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TABLE 1 Performance comparison between our approach and leading techniques on BraTS and OASIS datasets for image recognition tasks.

BraTS dataset OASIS dataset

Accuracy Recall Precision F1score Accuracy Recall Precision F1 score
ResNet50; (41) 89.25+0.04 | 87.30+0.05 | 88.10+0.03 87.68+0.04 86.90+0.03 | 85.124+0.04 86.78+0.05 85.93£0.03
DenseNet121; (42) 90.12+0.03 | 88.45+0.04 | 89.50+0.03 88.75+0.03 87.54+0.04 | 86.22+0.03 | 87.36+0.04 86.7840.03
flicientNet; (43) 91.08+0.04 | 89.30+0.03 | 90.15+0.05 89.62+0.03 88.91+0.03 | 87.55+0.04 | 88.20+0.03 87.87+0.04
VIT; (44) 90.45+0.03 | 88.90+0.04 | 89.78+0.03 89.20+0.03 88.15+0.04 | 86.72+0.03 | 87.88+0.04 87.1540.03
Swin Transformer; (45) 91.65+0.03 | 89.75+0.04 | 90.40+0.03 90.02+0.03 89.28+0.04 | 88.06+0.03 | 88.91+0.04 88.48+0.03
ConvNeXt; (46) 90.75+0.04 | 89.02+0.03 | 89.85+0.04 89.4340.03 88.32+0.03 | 87.12+0.04 | 87.90+0.03 87.50+0.04
Ours 93.82+0.02 | 92.45+0.03 | 93.10+0.02 92.7740.02 92.15+0.03 | 90.94+0.02 | 91.85+0.03 91.39+0.03

TABLE 2 Benchmarking our method against state-of-the-art approaches on LUNA16 and MURA datasets for visual classification.

LUNA16 dataset MURA dataset

Accuracy Recall Precision F1score Accuracy Recall Precision F1 score
ResNet18; (41) 85.34+0.04 | 84.12+0.05 | 83.45+0.04 83.78+0.04 78.924+0.05 | 77.30+0.04 | 79.01%0.03 78.1440.04
DenseNet201; (42) 87.45+0.03 | 86.22+0.04 | 85.90+0.03 86.05+0.03 80.34+0.04 | 79.884+0.03 | 80.41%0.04 80.14£0.03
MobileNetV3; (43) 86.75+0.04 | 8531+0.03 | 84.78+0.04 85.040.04 81.08+0.03 | 80.20+0.04 | 80.90+0.03 80.55+0.04
EfficientNetV2; (44) 88.12+0.03 | 86.89+0.04 | 87.30+0.03 87.09+0.03 82.45+0.04 | 81.22+0.03 | 82.14+0.04 81.68+0.03
ViT-Base; (45) 87.8240.04 | 86.55+0.03 | 86.70+0.04 86.62:£0.04 81.95+0.03 | 81.0040.04 & 81.78+0.03 81.39+0.04
Swin-Tiny; (46) 88.4540.03 | 87.1240.04 | 87.40+0.03 87.26%0.03 83.02+0.04 | 82.10+0.03 | 82.78+0.04 82.4440.03
Ours 91.924+0.02 | 90.78+0.02 | 91.85+0.02 91.3140.02 86.70+0.02 | 85.45+0.02 |  86.62+0.02 86.0340.02

TABLE 3 Analysis of component-wise contributions through ablation experiments on BraTS and OASIS datasets.

BraTS dataset OASIS dataset

Accuracy Recall Precision Flscore Accuracy Recall Precision F1 score

w./o. multimodal fusion and 91.25%30.04 89.80%=0.03 90.40%3-0.03 90.05%3-0.04 89.10%40.04 87.92%40.03 88.50%4-0.04 88.20%=0.03
temporal dynamics

w./0. uncertainty estimation 92.15%=0.03 90.20%=-0.04 91.05%3-0.04 90.62%40.03 90.05%3-0.04 88.65%70.03 89.48%10.04 89.02%=0.03
and domain adaptation

w./o. sparse attention and 92.62%40.03 91.02%40.03 91.50%30.03 91.26%40.04 90.82%3-0.03 89.40%3-0.04 90.10%40.03 89.75%=0.04
graph-structured clinical

modeling

Ours 93.82%+0.02 | 92.45%+0.03 | 93.10%+0.02 | 92.77%40.02 | 92.15%+0.03 | 90.94%+0.02 | 91.85%+0.03 | 91.39%0.03

TABLE 4 Evaluation of individual module effects via ablation analysis on LUNA16 and MURA datasets.

LUNA16 dataset MURA dataset

Accuracy Recall Precision F1score Accuracy Recall Precision F1 score

w./o. multimodal fusion and 89.75%=0.03 88.40%=0.04 89.10%40.03 88.72%40.04 84.10%40.04 82.95%40.03 83.88%40.04 83.41%=0.03
temporal dynamics

w./0. uncertainty estimation 90.45%3-0.04 89.10%40.03 89.90%-0.04 89.50%0.03 85.12%40.03 83.80%0.04 84.92%30.03 84.35%0.04
and domain adaptation

w./0. sparse attention and 91.05%+0.03 | 89.75%+0.04 | 90.50%+0.03 | 90.10%40.04 | 85.90%+0.04 | 84.65%+0.03 | 85.40%+0.04 | 85.00%0.03
graph-structured clinical

modeling

Ours 91.92%=0.02 90.78%=0.02 91.85%40.02 91.31%=0.02 86.70%40.02 85.45%70.02 86.62%40.02 86.03%=0.02
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5 Conclusions and future work

In this, we aimed to address the enduring challenges
in mental health diagnostics by leveraging deep learning-
based image classification. we proposed a novel framework,
MedIntelligenceNet, which integrates multi-modal data fusion,
probabilistic uncertainty quantification, hierarchical feature
abstraction, and adversarial domain adaptation. we introduced
a Clinical-Informed Adaptation strategy that systematically
incorporates structured clinical priors, symbolic reasoning, and
domain alignment techniques to enhance both the robustness
and interpretability of our model. Experiments conducted on
diverse multi-modal mental health datasets demonstrated that
our approach achieved significant improvements in diagnostic
accuracy, model calibration, and resistance to domain shifts when
compared with baseline deep learning methods.

Despite these promising results, there remain notable
First,
improved model interpretability, the integration of symbolic

limitations. while Clinical-Informed Adaptation has
reasoning with deep neural networks remains complex and

sometimes insufficient for fully explaining the decision-
although ~ MedIntelligenceNet

shows better robustness to domain shifts, its performance

making  process.  Second,
could still degrade when exposed to extremely novel or rare
conditions not represented in the training data. Future research
will focus on refining symbolic reasoning integration and
enhancing model adaptability to unseen clinical variations,
aiming for an even more trustworthy and generalizable

diagnostic system.
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