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Abstract—The growing accessibility to digital records of crimes has
led to the possibility of data-driven public safety planning, but the
current methods of analytic processing do not have much to offer in
the way of complex spatio-temporal dependencies, multi-type crime
correlations, and operationally-sensitive insights of fairness. The
proposed Crime Data Analytics System of Pattern Detection and
Decision Support combines deep spatio- temporal learning, graph-
based modeling, explainable artificial intelligence and fairness-aware
optimization in a single model and optimizes the learning of crime
intensity and emergent hotspots.The study develops region- and
feature-level attributions in interpretability modules to increase
transparency. Fairness audits systems minimize the geographical and
socio-economic variations in recommendations of patrols. Multi-
source urban datasets, such as Indian deployments consistent with
NCRB-style records, are experimentally shown to be better in both
forecast- ing accuracy and hotspots coverage than traditional machine-
learning baselines. The findings emphasize the possibility of the
hybrid, ethically-driven analytics to assist in proactive policing and
evidence-based allocation of resources in contemporary cities.

Index Terms—Crime Analytics; Spatio-Temporal Prediction; Graph
Neural Networks; Hotspot Detection; Decision Support Systems;
Explainable A, Fairness in Al; Predictive Policing; Urban
Computing; Public Safety Analytics.

I. INTRODUCTION

The technology of artificial intelligence (AI) has emerged as an
essential resource in the healthcare system of the present days
because it can automatically process extensive clinical data
including medical image, electronic health records, and
physiological processes. Deep learning models have shown
high performance in different activities such as disease classi-
fication lesion localization and outcome prediction. Neverthe-
less, the majority of the existing systems are concentrated on
one pathology or a specific clinical application, which makes
them restrictive to use in the real-life clinical setting where
most patients tend to present with more than one co-occurring
condition. This fragmentation is the driving force of the
creation of unified structures that can screen multiple diseases
at once without compromising reliability, interpretability, and
scalability.

To overcome this constraint, multi-disease detection systems
built on Al strive to acquire shared representations both across
tasks and modalities, as well as enhance efficiency and patient-
specific predictions. Such frameworks can assist clinicians with
the early diagnosis, triage, and treatment planning of particular
conditions, especially when resources are limited, by
incorporating multi-task learning, multimodal fusion, and
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interpretable prediction mechanisms. The section provides the
rationale of multi-disease Al systems and states the objectives of
the current work.

A. Motivation and Clinical Situ.

Medical care facilities are increasingly relying on the var- ious
sources of diagnosis such as radiology, ophthalmology,
dermatology, and the laboratory system. Traditional auto- mated
systems investigate these data streams individually and different
models and processing pipelines are needed. This fragmentation
makes the computation more expensive, more complex to deploy,
and slow to make clinical decisions. In addition, it is common
that rare diseases and comorbidities are often under sampled in
training datasets, which contributes to a decreased sensitivity and
unreliable predictions.

Multi-disease frameworks aim to address these problems by
knowledge transfer between related modalities and tasks. These
systems take advantage of the relationship between conditions in
order to enhance the accuracy of diagnosis, as well as the ability
to monitor the health of populations in a large scale.

B. Aims and Contributions

The paper suggests an Al-based model of the concomitant
identification of various diseases based on heterogenous clin- ical
information. The main objectives are:

- In order to develop a scalable multi-task architecture.

- To integrate imbalance-sensitive and domain-sensitive- based
training methods.

- To incorporate modules of explainability that produce outputs
that are clinically interpretable.

This work presents a workflow of end-to-end optimization about
the harmonization of data, learning of multimodal fea- tures, joint
optimization, and the careful testing in different disease
categories. The proposed solution proves the practi- cability of
implementing unified Al-based diagnostic tools in contemporary
healthcare facilities because it is more accurate, robust, and
transparent in the achievement of its objective than single-disease
systems.

II. LITERATURE REVIEW

The main paradigm of simultaneous multi-disease detection is
multi-task and multi-label learning, and Zhao et al. show a
thorough examination of shared-representation networks and
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their effectiveness in joint-learning across tasks, but also pin-
point limited interpretability and inadequate clinical validation
as the key limitations [1]. On this basis, a number of studies
have utilized the concept of multi-label and multi-task learning
to process the large-scale chest X-ray data. A big annotated
CXR repository and evaluation standard, the CheXpert study
by Irvin et al. provided highly follow-up research, but revealed
the problem of label uncertainty and imbalance in the classes
[3]. Hanif and Khan motor-driven chest X-ray models showed
better improvement in the AUROC metrics but less reliability
with underrepresented classes and less extrinsic validation [4],
and Xiong and Liu showed better localization results but was
also sensitive to the size of the dataset [6].

The multimodal fusion techniques have been extensively
studied in ophthalmology and retinal imaging. An OCT fusion
model suggested by Zedadra et al. had a higher sensitivity

to various retinal pathologies but was only paired and more
complex to compute [5]. Xu et al. explored multimodal fusion
and region-sensitive ensembling individually and showcase a
higher level of multi-disease detection in retinal images but
the ensemble approaches are more complex to deploy and
depend on curated datasets [13], [19]. Ensemble methods that
are region aware generally can perform better but come at the

cost of increased inference and less interpretability [6], [19].
Dermatology and  resource-constrained  architecture
Lightweight and mobile-ready architectures have been
created. MobileNetV2 based on LSTM was used by Srinivasu
et al. [Indian] to classify a set of facial diseases, and they
obtained competitive accuracy and mobile compatibility,
being sensitive to light and skin-tone changes and real-world
noise [7]. Pavani and Bhattacharya proposed CNN-based
models to improve visual explanations and segmentation of
dermatoscopic images and did not require too much
computation overhead or lengthy preprocessing [8].
Non-clinical and heterogeneous clinical environments also
have been studied on cross-domain transferability. Arun et
al. [Indian] developed a small hybrid, high accuracy, fast
inference, and strong generalization over geographically dif-
ferent datasets [9]. Youseaf et al. and Chen et al. applied
Hybrid CNN/TransUNet models to brain MRI segmentation
and reported enhancements in tumor and lesion boundaries
detection, boundary refinement and consistency with ground-
truth [10], and [12] respectively.
Some groups have studied scalability, preservation of pri- vacy
and data-efficient learning. Wang et al. examined how
federated-learning can be used to analyze multi-disease images
and highlighted the trade-offs between communication cost,
heterogeneity, and privacy [14]. Topol and Shah have summa-
rized few-shot and data-efficient approaches to early disease
detection, which are promising and have limited prospective
clinical trials [18]. Nguyen et al. and Kumar et al. conducted a
survey of multi-task architectures and research trends and
found that the explainability modules and standardized eval-
uation protocols are still in their infancy throughout the field
[11],[16].
Localized studies give practical clinical knowledge. Patel

and Joshi [Indian] compared strategies of multi-label learn- ing
of chest radiographs and highlighted that loss functions, sampling
strategies and evaluation protocols have significant effects on
clinical utility despite the same overall accuracy levels [15].
Repeated screening failures in diabetic retinopathy screening
systems and other instruments are reported in insti- tutional
deployment reports [e.g., AIIMS/Times of India] and usually
attribute this to inadequate prospective validation and regulatory
control [20]. CXR-LT benchmarking repositories and community
datasets maintained by Holste still do not have standardized
evaluation protocols, which highlights the out- standing
challenges associated with long-tailed distributions and cross-site
generalization [17], [2].

A. Research Gaps and Future directions

In all these studies, four prevailing constraints are realized:

- a lack of multi-centre clinical validation,

- poor handling of long-tailed distributions of disease and domain
shift,

- reduced generalizability of multimodal and ensemble systems
to resource-constrained environments, and

- incoherent clinician-oriented explainability and quantifi- cation
of uncertainty.

III. SYSTEM ARCHITECTURE

The suggested multimodal, multi-output disease detection engine
is based on a modular, end-to-end pipeline, which is made to
facilitate a wide range of clinical inputs, scalable implementation,
and interpretable predictions. The architecture is divided into six
parts, namely data ingestion, preprocessing and harmonization,
feature representation, multi-task infer- ence, explainability and
uncertainty modeling, and deployment with continual learning.
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Fig. 1. Overall architecture of the proposed Al-powered multi-disease detection
framework.

A. Data Ingestion Layer

A variety of modalities are supported by this layer such as
chest X-rays, retinal fundus and OCT images, dermo- scopic
photographs, brain MRI scans, and structured clinical variables.
The system accesses general public datasets and
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maintained multi-label repositories that are typically involved
in modern multimodal studies.

B. Preprocessing and Harmonization.

An incoming data is normalized, its annotations standard- ized,
and its artifacts removed, and it is augmented. Re- weighting
and focal loss are the techniques used in the mitigation of class-
imbalance to eliminate the bias of fre- quent conditions. The
module of domain-adaptation and style- transfer normalization
is introduced so that the inter-hospital distribution shift can be
reduced to a minimum.

There are three feature backbones that are comprised:

- Shared encoder The shared encoder takes modality- specific
embeddings with CNN-based models and transformer-based
attention models. MobileNet-style de- signs used to optimize
lightweight branches allow ef- ficiency at the level of
computations, and pruning and parameter-sharing can reduce
overhead even more. In multimodal cases, cross- attention
fusion modules can integrate latent representations of multiple
modalities, making it possible to do cross-modal reasoning.

C. Multi-Task Inference Layer

The shared backbone is then provided with disease-specific
prediction heads to make concurrent classification and lo-
calization. Task adaptive weighting balances between com-
mon and uncommon conditions. Ensemble heads with region
awareness use predictions made by a number of subnetworks to
enhance robustness when computational resources are avail-
able.

D. Explainability and Uncertainty Modeling.

Gradient-based saliency maps, attention visualizations, and
prototype-based explanations are considered in the framework
to improve the level of clinical trust. Predictive uncertainty is
estimated by bayesian inference layers and temperature-scaled
calibration, which does not consider the reliability concerns in
the previous clinical Al studies.

E. Implementation and Life-long Learning.

Federated-learning coordination makes it possible to train
models distributed owning sensitive patient information, mak-
ing it real world deployable without violating privacy. Contin-
uous learning through feedback and constant modification of
the system is possible, as new data appear.

In general, the suggested architecture will combine mul-
timodal fusion, effective multi-task inference, interpretable
results, and privacy-sensitive collaboration to overcome the
shortcomings of previous research explicitly and allow clini-
cally viable and scalable multi-disease diagnostics.

IV. METHODOLOGY

The suggested framework is based on a data-centric, multi-
task learning paradigm of disease detection in heterogeneous
clinical modalities, which aligns with the current developments
in the field of multi-label medical Al systems [1], [2], [11].

The workflow of the experiment entails the selection of dat-
apoints, preprocessing and the reduction of class-imbalance,
model development, training procedures, the incorporation of
explainability, and assessment.

A. Selection and Modalities of the Data Set

Detection of thoracic disease is performed using chest radiograph
datasets that are multi-labeled, like those in [3] and [17]. Cross-
modal learning experiments are supported using paired retinal
fundus and OCT data, multimodal ophthalmic data collections as
reported in [5], [10] and [13].

The information is divided into training, validation and held- out
test sets in each dataset at the patient level to counter information
leakage.

B. Preprocessing and Mitigating Class-Imbalance

Geometric and photometric transformations, which resize images,
normalize them, and augment them, are used to augment the
images. Class-level re-weighting and focal loss methods are used
to deal with skewed distributions of disease- labels [2], [15].

In order to enhance the cross-institutional robustness, style
normalization and augmentation-based distribution alignment is
used as for domain-adaptation approaches to [6] and [14].

C. Strategy and Model Architecture Learning

A common CNN-Transformer backbone generates hierar- chical
point representations, which are grounded on attention- grounded
networks [4], [12] and resolvable mongrel models [8].

Instead, multimodal designs relying on cross-attention fu- sion
modules map features of modalities to a common latent space to
project features of modalities in [S] and [13].

Disease-specific heads of prediction simultaneously classify and
localize in a multi-task setup, in line with paradigms addressed in
[1Tand [11].

Lightweight convolutional blocks and network pruning methods
[7], [9] are also used in the computationally efficient variants.

FEATURE I—
o CROSS-ATTENTION
oct EEATURE TRANSFORMER  f———»|PREDICTION
ENCODER FUSION BLOCK
X-RAY T
ENCODER EMBLI
UNIFIED
MRI LATENT SPACE
ENCODER

Fig. 2. Cross-attention based multimodal feature fusion for joint disease
prediction.
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D. Training Protocol

The AdamW optimizer is used to train the models end-to- end
and with cosine scheduling of the learning-rate.

The sampling method is curriculum-based, with classes of
common diseases given more weight during initial training and
common classes allowed to give place to rare conditions as the
training progresses based on long-tailed learning methods [18].
Experiments in federated-learning utilize a simulation that
mimics the collaboration of multiple hospitals, where site- level
optimization and consolidation of parameter updates are done,
which is in line with the privacy-preserving training
frameworks in [14].

E. Uncertainty Analysis and Explainability

Gradient-based saliency maps and attention visualizations are
post-hoc interpretable, and these techniques are consistent with
the existing explainable-Al approaches [8], [16].

Monte Carlo dropout and temperature scaling are used to
quantify predictive query by calibrating affair chances, barring
trustability problems that were cited in [15].

F. Baselines and Metrics of Evaluation

Measurement of performance is done based on AUROC,
sensitivity, specificity, F1l-score and calibration error by dis-
ease category.

The multi-task model is contrasted with baseline compar- ison
to single-disease and multi-task models outlined in [6] and
[19].

Cross-dataset testing is an evaluation of generalization across
institutions, and is deployed in [11] and [20] according to
deployment-oriented assessment protocols.

This approach transforms the state-of-the-art multi-disease
learning strategies but clearly focuses on the constraints that
were found in earlier studies [1] [20].
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Fig. 3. Multi-task learning strategy with shared representation and disease-
specific output branches.

V. IMPLEMENTATION DETAILS

The system adopts an architecture of scalable deep-learning
pipeline that takes multimodal inputs as well as distributed
training based on the latest multi-task medical-Al research
studies [1], [11], [14].

PyTorch is used to create all the components in Python. The
scripts used to orchestrate experiments provide hypertuning and
controlled ablation research.

A. Information Process and Enrichment

Storing medical images in standardized format (DICOM or PNG)
and searching with metadata tables of disease names, modality
names, patient names, and so on just like large-scale chest X-ray
stores [3], [17].

Resizing, z-score normalization, artifact suppression, and data
augmentation through random rotations, elastic defor- mations,
intensity jittering, and CutMix-based composition to minimize
cross-site domain shifts are considered preprocess- ing pipelines
(2], [6].

The issue of class imbalance is addressed by using weighted
sampling and focal-loss scaling, as suggested in [15].

B. Network Construction

ImageNet-pretrained CNNs and transformer checkpoints are
initialized and calls to networks (under [4] and [12]) are
combined to hybrid CNN-Transformer networks.

In the case of multimodal inputs, encoding of each modality is
used to provide inputs to cross-attention fusion blocks as is the
case in retinal diagnostic systems [5], [13].

Mobile deployable variants make use of depthwise- separable
convolutions and channel pruning [7], [9].

Case-specific heads have complete layers of sigmoid acti- vations
to facilitate multi-label prediction, which agrees with multi-task
learning paradigms in [1].

C. Training Configuration

The training is performed on NVIDIA GPU clusters which are
accelerated by mixed-precision (FP16). AdamW optimiza- tion
uses cosine decay scheduling and early stopping, which is
computed by validation AUROC.

The loss-balancing strategies proportionate dynamically to reduce
the long-tailed distributions of labels as described in

[2] and [18].

The federated-learning is conducted by the use of parameter-
aggregation schemes where the update of simulated hospitals are
combined, that is, site-level updates, and this has allowed the
implementation of privacy-preserving deployment archetypes
[14].

D. Uncertainty Modules, Explainability

In line with XAI techniques in [8] and [16], saliency visualization
applies Grad-CAM and attention rollout methods to create
disease-specific heatmaps.

Monte Carlo dropout is used in inference to estimate the
predictive variance and temperature scaling to balance the
posterior probabilities in order to enhance reliability follows [15].

© 2026, ISJEM (All Rights Reserved) | www.isjem.com | Impact Factor: 8.072 |

Page 4



LA
N

v ISJEM ‘\*', International Scientific Journal of Engineering and Management (ISJEM)

\[ j}f Volume: 05 Issue: 05 | May - 2026
b .

ISSN: 2583-6129
DOI:10.55041/ISJEM07337

% AnlInternational Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

ENCRYPTED GRADIENTS GLOBAL MODEL UPDATE

HOSPITAL A

@ @
LOCAL LOCAL
MODEL MODEL
TRAINING TRAINING

HOSPITAL B HOSPITAL C

SECURE
AGGERGATION @
SERVER LOCAL

MODEL MODEL
AGREGATION TRAINING

ENCRYPTES

TRAINING LOCAL MODELS AGGRGATING UPDATES

Fig. 4. Federated learning setup enabling multi-site training without sharing
patient data.

E. Assessment and Reliability

Repeats of experiments are performed on five random seeds
and the results are reported with confidence intervals.

The purpose of cross-dataset testing is to test deployment
readiness as recommended by real-world testing in [11] and
[20].

The models, configuration files, and evaluation scripts are also
version-controlled, so that they can be transparently compared
with the ensemble and single-task baselines [6], [19].

VI. RESULTS AND DISCUSSION

The suggested multi-disease model was tested on thoracic,
retinal, dermatologic, and brain-imaging tasks on evaluation
protocols that were previously used in the previous multi- task
medical-Al research [1], [11]. The performance was compared
to single-discase CNN baselines and multi-label- based
ensemble models that have been reported in the literature [6],
[19].

Table I summarizes the average performances of all cate-
gories of disease in classification. The single multi-task CNN—
Transformer network obtained the highest AUROC and F1-
score, which supports the idea that common feature acquisition
and multimodal fusion by cross-attention are beneficial, as it
has been reported in [4] and [5].

Ensemble-based models were able to make only a small
improvement over single-task baselines but at a significantly
higher computational cost due to implementation difficulties
observed in [19]. Mobile-oriented low-weight versions proved
to be slightly slowed down but with competitive accuracy,
which is why they may be acceptable in low-resource clinical
environments as suggested in [7] and [9].

TABLEI
MEAN CLASSIFICATION PERFORMANCE

__validation which are in the list of the gaps when the research

Model AUROC (%)  F1-Score (%)
Single-Disease CNN Baseline 87.2 84.6
Ensemble Multi-Label System 90.1 88.3

Hypothesized Multi-Task Framework 934 91.2

Cross-institution testing and sensitivity experiments on the
sensitivity to class-imbalance were used to measure robustness
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0.95 ~ 0.921

0.90 1

0.85 1 =F=
L

Mean AUROC
H

0.80 1

0.75 1

0.70

Multi-task
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Fig. 5. Comparison of AUROC scores across baseline and proposed models.

in real-world settings using the protocols of [2], [14], and [15].
Imbalanced-disease sensitive training methods and federated
multi-site training significantly enhanced sensitivity in rare
diseases and decreased calibration error as shown in Table

II. These findings are two long-standing issues raised in the
previous literature: underperformance on underrepresented
conditions and unreliable probability estimates [2], [11].

TABLEIl
GENERALIZATION AND RARE-DISEASE PERFORMANCE

Setting Sensitivity (%)  ECE |
Without Imbalance Handling 71.5 0.091
Class Balancing + Curriculum Learning 80.8 0.056

Federated Multi-Site Training 84.9 0.041

The qualitative analysis of attention maps and Grad-CAM
visualizations proved that the supported predictions were based on
clinically relevant locality like pulmonary opacities, retinal
lesions, and dermoscopic abnormalities. These areas were in
line with expert labels that could be found in large- scale
datasets [17], which showed that the model was not based on
spurious correlations between models and medically meaningful
features.

A. Discussion

These findings indicate that multi-task and multimodal joint
learning outperforms the single-disease pipelines in diagnostic
performance, whereas the training with imbalance considera- tion
and the federated approach enhances the generalization across
institutions [2], [14].

Nevertheless, the clinical trials and real-time workflow

was done previously [11], [20] are required before the clinical
implementation.

VIL

In this paper, an Al-based multi-disease detection system,
comprising of multimodal data ingestion, CNN-Transformer

CONCLUSION AND FUTURE WORK
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Fig. 6. Explainability and uncertainty estimation for representative disease
predictions.

feature learning, multi-task prediction heads, explainability
mechanisms and privacy-preserving federated training was
added to one unified pipeline. The experimental findings
indicated the overall superiority compared to single-disease
baselines and ensemble methods, especially in rare diseases
and inter-institution generalization.

Integration of the concepts of class-balancing, curriculum
learning and distributed collaboration made the concepts more
robust, whereas the lightweight variants were able to be
deployed on resource-constrained environments. Explainabil-
ity modules also enhanced clinical transparency by marking
regions of significance to pathology in the background of
automated predictions.

Though these are the strengths, there are a number of
limitations. There was a decrease in performance of extremely
rare diseases and low-quality inputs, and was only tested on
retrospective datasets and not on real-time clinical workflows.
Multimodal fusion and joint optimization also raise compu-
tational complexity and are not likely to be adopted in an
environment that does not have specialized hardware.

Future efforts will be directed towards future multi-center
clinical validation, hospital information system interface, and
semi-supervised learning to be less reliant on annotation. The
extension of the framework to other modalities, including
genomics, lab tests and wearable sensor data, could further
enhance the process of detecting rare conditions.

Some of the long-term directions focus on automated model-
updating plans on the development of evolving pop- ulations
and clinician-in-the-loop to facilitate the safe, inter- pretable
and scalable deployment of Al-based multi-disease screening
systems in real-world clinical settings.
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