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ABSTRACT: The healthcare field is fraught with challenges associated with severe class imbalance, wherein such
critical conditions like sepsis, cardiac arrest, and drug adverse reactions are rare but have dire clinical consequences.
This paper presents a new framework, Deep Reinforcement Adaptive Gradient Optimization Network to Mining
Rare Events (DRAGON-MINE), to demonstrate how deep reinforcement learning can be used synergistically with
adaptive gradient optimization and address the inherent weaknesses of current methods in the prediction of rare health
events. The suggested architecture uses a dual-pathway consisting of a reinforcement learning agent to dynamically
reweigh samples and an adaptive gradient optimizer to follow novel learning rates. With extensive experiments on the
MIMIC-IV and eICU-CRD datasets, DRAGON-MINE consistently outperforms recent state-of-the-art methods for
sepsis, cardiac arrest, and adverse drug reaction prediction, achieving AUROC values of 92.3% and 91.6% for sepsis
prediction on MIMIC-IV and eICU-CRD, respectively, while consistently outperforming Transformer-, CNN-RNN-,
and Fed-Ensemble-based methods across all evaluated tasks and datasets, with particularly strong gains observed in
precision–recall performance under severe class imbalance. With its high sensitivity (88.4%) and specificity (90.2%),
DRAGON-MINE enables reliable early warning of rare clinical events in critical care settings while minimizing false
alarms, supporting safer clinical decision support systems, and demonstrating strong potential for scalable deployment
across multi-institutional intensive care environments through federated learning.

KEYWORDS: Deep reinforcement learning; rare event prediction; class imbalance; healthcare AI; adaptive gradient
optimization; sepsis detection; federated learning

1 Introduction
Prediction of infrequent yet highly important events in healthcare is one of the most complicated and

most influential uses of artificial intelligence in healthcare. The task of finding conditions that are rare,
life-threatening, like sepsis, cardiac arrest, or adverse drug reactions (ADRs), which are hardly detected
by healthcare systems, is daunting in healthcare systems worldwide, where delayed identification of these
conditions may lead to disastrous results in patient outcomes and high costs of healthcare [1]. The latest
developments in the domain of deep learning have demonstrated certain potential in medical prediction
tasks; however, the sheer class inequality of the rare event detection still poses inherent challenges that cannot
be easily overcome through traditional methods [2]. The lack of positive examples, which is often under 2%
of healthcare data, forms a learning paradox in which models become tempted to constrain to majority class
prediction, and even high overall accuracy, but poor in detecting the very event that the model is trained to
detect [3].
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The modern trends of rare events prediction in healthcare have transformed the primitive oversampling-
based methods to the advanced deep learning models, but major drawbacks remain. The classic techniques
that include Synthetic Minority Over-sampling Technique (SMOTE) and class weightings achieve limited
improvements but do not capture the complicated dynamic of time and the multi-modality nature of clinical
information [4]. Recent works have established that, under an imbalanced healthcare setting, standard neural
networks tend to experience catastrophic forgetting of minority classes and experience gradient vanishing
issues, in particular targeting rare event representations [5]. Ensemble method and cost-sensitive learning
deployment have demonstrated parallel increases, which show sensitivity improvement by up to 10%–15%
over baseline methods, though this needs to reach higher rates of false positives, which restrict clinical
use [6]. Moreover, electronic health records (EHRs) are heterogeneous, which is a combination of structured
information, time-series measurements, and unstructured clinical notes that demand multi-modal fusion
architectures that cannot lose the meaning to make clinical decisions [7].

Rare event prediction involves more than just technical concerns since it has both significant clinical
and financial impacts. The number of people that fall victim to sepsis alone stands at over 49 million
worldwide annually, with a death rate resulting in more than 20% of these patients despite the available
modern interventions, mainly owing to late developments [8]. On the same note, in-hospital cardiac arrests
accrue about 290,000 adults per year in the United States, and the survival rates actually decline to less
than 25%, considering some of these patients actually have poor early warning systems [9]. Adverse drug
reactions lead to more than 100,000 deaths each year and form the fourth major cause of death amongst
hospitalized patients, but modern pharmacovigilance systems identify less than 10% of potential events [10].
These statistics show how pressing the need is to have more sophisticated predictive models that are able to
effectively predict rare events but remain clinically feasible by having manageable false positive rates [11].

The new fields of reinforcement learning (RL) in healthcare have presented a new opportunity to study
the problem of class imbalance, allowing the use of dynamic adaptation and reward shaping algorithms [12].
RL agents are able to learn useful sampling strategies and modify prediction thresholds through the
changing distribution of training data and clinical outcomes, unlike approaches to supervised learning,
which rely on fixed loss functions [13]. A combination of federated learning systems also has allowed
joint training of models in a group of healthcare providers whilst maintaining patient confidentiality, and,
possibly, accumulating enough rare event cases to overcome limitations on data scarcity [14]. Nevertheless,
the current RL-related approaches to healthcare prediction have been mostly centered on optimizing the
treatment instead of detecting the occurrence of a rare event, and there is a critical gap in the methodology
development [15].

We present a new system, conferring Deep Reinforcement Adaptive Gradient Optimization Network
(DRAGON-MINE), which entails the application of deep reinforcement and adaptive gradient optimization,
specifically tailored to steady predicting of infrequent healthcare delegates. In changes to the learning
process, we re-implement the process with sample selection and calculating gradient being dependent on
optimization problems, where the role of the RL agent is to learn to conditionally reweight training samples
on the basis of importance to minimize learning on minor classes, and the adaptive gradient optimization
is responsible for learning to change the learning rates in indistinct classes. This two-way architecture
allows DRAGON-MINE to sustain comparatively steady learning dynamics even when there is extreme
imbalance between the classes of objects of interest and provides a great amount of sensitivity and specificity
improvement over current procedures.

The most important findings of this paper are as follows:
Novel Dual-Pathway Architecture: We propose a dual-path architecture that integrates reinforcement

learning–based dynamic sample reweighting with adaptive gradient optimization, specifically designed to
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address extreme class imbalance in healthcare data. Compared with the strongest baseline Fed-Ensemble
and Transformer models, the proposed architecture improves AUROC by 4.5% and 7.7%, respectively, on
sepsis prediction while maintaining stable convergence under highly imbalanced conditions.

Dynamic Reward Shaping Mechanism: A long-term reward shaping strategy is introduced to guide
the reinforcement learning agent toward optimal sampling policies that mitigate catastrophic forgetting of
minority classes. This mechanism increases minority-class sensitivity by 6.1%–7.4% compared with static
sampling and cost-sensitive learning approaches, while reducing false positive rates by approximately 5.5%
relative to Transformer-based models.

Multi-Modal Fusion Strategy: We design a hierarchical attention–based fusion mechanism to integrate
structured EHR variables, physiological time-series signals, and clinical notes. This multi-modal strategy
yields consistent gains over single-modality baselines, improving AUPRC by 18.6%–27.3% compared with
LSTM-only and CNN-RNN models across both MIMIC-IV and eICU-CRD datasets.

Extensive Empirical Validation: Comprehensive experiments on MIMIC-IV and eICU-CRD demon-
strate that DRAGON-MINE achieves state-of-the-art performance on three critical healthcare prediction
tasks, with AUROC values of 92.3% for sepsis, 89.7% for cardiac arrest, and 90.2% for adverse drug reaction
prediction, outperforming recent deep learning and federated ensemble methods by 4.8%–11.2% in AUROC
and 18.6%–44.9% in AUPRC.

Clinical Deployment Framework: The proposed framework incorporates uncertainty quantification
and federated learning to support practical deployment in real-world clinical environments. Compared
with existing centralized baselines, DRAGON-MINE maintains high specificity (90.2%) while achieving
superior sensitivity (88.4%), enabling reliable early warning systems without overwhelming false alarms and
supporting scalable multi-institutional clinical decision support.

It is important to clarify that the scope of this study is focused on rare event prediction in critical
care environments, where high-resolution longitudinal data and clinically validated outcomes are available.
All experimental evaluations are conducted using the MIMIC-IV and eICU-CRD datasets, which represent
large-scale, multi-institutional intensive care unit cohorts. While the proposed DRAGON-MINE framework
is conceptually extensible to other healthcare domains, the current work specifically targets critical care
prediction tasks, including sepsis onset, in-hospital cardiac arrest, and adverse drug reaction detection.

The rest of the paper is structured as follows: Section 2 concerns the review of related work, Section 3
describes the methodology and mathematical modeling offered, Section 4 addresses results and evaluation,
and Section 5 includes discussion, and, lastly, Section 6 elaborates on the conclusion of the paper.

2 Related Work

2.1 Deep Learning for Class Imbalance in Healthcare
Deep learning applied to imbalanced healthcare data has improved over the years, and new methods

have concentrated on architectural adjustments and loss function design. A chemical language model
proposed by [16] solves ADR prediction with 78% sensitivity on the FAERS data set using molecular
representation learning. Nonetheless, their method is highly demanding in molecular structure data that
cannot be readily obtained in clinical practice. The concept of gradient reweighting to aid class-incremental
learning, introduced in [17], has shown that minority retention of classes can increase by 23% as compared to
the standard backpropagation. Their approach, though useful to the computer vision problem, does not have
the dynamic modelling features of clinical time series analysis. The authors [18] examined the connection
between heavy-tailed distributions of classes and the performance of optimizers and found that Adam
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optimization works better than Stochastic Gradient Descent (SGD) in the situation with extreme imbalances
typical of medical models. However, their theoretical framework does not consider EHR data as multi-mode.

Ensemble and meta-learning on the detection of rare events have also been studied recently. A
reinforcement-based learning system of intensive care measurements in [19] sought to solve the sparse
reward issue of mortality prediction by reward shaping. Their method is promising in terms of optimization
of treatment, but this is not the challenge in which it deals with the sample selection problem in predictive
model training. The paper [20] was an overall semantic view of RL applications in the medical field, making
promising predictions of dynamic adaptation, but the absence of specifically designed frameworks tailored
to the prediction of rare events. There is still a big gap between the theoretical RL developments and the
practical implementation in healthcare, and most of the existing studies are concentrated on the treatment
policy but not the diagnostic prediction.

Despite notable progress, existing deep learning approaches for class imbalance largely rely on static
loss reweighting, oversampling strategies, or optimizer-level adjustments. While gradient reweighting and
adaptive optimizers have demonstrated measurable gains in minority-class retention, these methods operate
under fixed optimization dynamics and do not adapt to evolving class distributions during training. More-
over, most studies evaluate performance using isolated sensitivity or AUROC metrics, often overlooking
false positive accumulation and instability under extreme imbalance. These limitations motivate the need for
adaptive learning frameworks that dynamically regulate sample importance and gradient flow in a unified
manner for rare healthcare event prediction.

2.2 Sepsis and Critical Event Prediction
Prediction of sepsis has become a paradigm problem of rare event detection in healthcare, and various

methods have tried to tradeoff between the needs of sensitivity and specificity. Ref. [2] applied a deep learning
sepsis model to clinical practice, and showed a 18% decrease in sepsis-related mortality due to early detection.
They had a 4.2 false alarms to true positive ratio, however, which indicates the difficulty of implementation.
Ref. [3] applied a transformer architecture to predict in-hospital mortality in sepsis patients and reported
the predictor to have 89% AUROC, but it had a narrow generalization to pre-sepsis detection. Conformal
prediction [4] was proposed due to uncertainty quantification in sepsis diagnosis, and the offered prediction
boundaries guarantee coverage even in the case of distribution shift. Their method is a major step forward
in the credible prediction, but it fails to treat the root cause of the imbalance of classes.

Similar issues are faced in the prediction of cardiac arrest and other severe events, with extra difficulties
concerning time dynamics and interactions of the multi-organ system. A multimodal method of prediction
of cardiac arrest based on vital signs, lab results, and clinician notes, Ref. [8], was found to have 85% sensitivity
at a 6-h lead time. They, however, demand a lot of domain expertise in their feature engineering approach and
might not be able to generalize across institutions. A meta-analysis of ML models to predict outcomes in post-
cardiac arrest showed significant variation in the performance of different models in diverse populations.
Ref. [9] proposed the need to use strong and generalizable models. The article [10] conducted a systematic
review of the literature on cardiac arrest prediction models, and found two main technical issues that differ
in temporal feature extraction and class imbalance, where methodological novelty was necessary.

Existing sepsis and cardiac arrest prediction models demonstrate strong predictive accuracy under
controlled settings [21–23]; however, their clinical applicability is often constrained by high false alarm
rates, limited temporal generalization, and dataset-specific feature engineering. Transformer-based and
multimodal approaches improve AUROC but struggle to maintain balanced sensitivity and specificity
across varying prediction horizons and institutions. Furthermore, uncertainty-aware methods focus on
prediction credibility rather than addressing the underlying data imbalance, leaving minority-class detection
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vulnerable. These challenges highlight the need for learning mechanisms that jointly consider temporal
dynamics, class imbalance, and robustness to distributional shifts.

2.3 Federated Learning for Healthcare Privacy
Privacy regulations, as well as the necessity to acquire multi-institutional cooperation on the aggregation

of rare event instances, have enhanced the rate at which federated learning is adopted in the healthcare
sector. Ref. [24] proposed a privacy-preserving federated learning framework in healthcare and showed that
it is possible to maintain differential privacy with a significant decrease in accuracy (under 2% decrease in
the AUROC). They use an institutional approach to facilitate the joint training, but it does not particularly
cover the issue of the aggregation of rare events. A federated model of smoking prediction proposed by [25]
that implements homomorphic encryption was found to be as effective as centralized training, as well as
guaranteeing the privacy of data. Nevertheless, their method is computationally expensive, which makes it
limited to large-scale EHR datasets. More recent systems like [26] presented a federated medical data analysis
method focused on collaborative mining and showed better results with respect to rare disease detection due
to multi-institutional aggregation.

Newer federated learning developments have also sought to deal with non-IID data distributions
prevalent in the healthcare environment. The paper at [27] presented a critical survey of federated learning
in smart healthcare, and data heterogeneity and communication efficiency are reported to be the two main
issues. They also mention that the infrequent occurrence of the non-IID issue advances the problem, since
various institutions can record different prevalence rates. Ref. [28] has effectively used federated learning to
study rare diseases, which combined the data of 23 hospitals together to provide sufficient statistical power
to study genome-wide associations. Their research shows the promise of federated methods but deals with
genomic, as opposed to clinical, prediction problems.

Although federated learning has emerged as a viable solution for privacy-preserving healthcare ana-
lytics, most existing frameworks emphasize data security and communication efficiency rather than rare
event learning effectiveness. Current approaches often assume balanced or moderately imbalanced data
distributions and do not explicitly account for minority-class scarcity across institutions. Additionally,
federated aggregation strategies may dilute rare event signals due to dominant majority-class gradients. These
limitations suggest that federated healthcare models require imbalance-aware optimization strategies to fully
leverage multi-institutional data for rare event prediction.

2.4 Reinforcement Learning for Healthcare Decision Support
Reinforcement learning in healthcare has been applied to optimize treatment, and little has been done

on whether it can be utilized to deal with class imbalance in prediction tasks. In [21], the authors suggested
medical RL reward shaping involving assistant agents, which showed that auxiliary rewards could be used
to help in speeding up congruence in thinly-aided settings. Although their method seems to be promising
in the case of rare events, such an approach has not been scaled to problems with supervised prediction. A
systematic review of the applications of RL in healthcare and robotics by [22] found 127 studies, including
3 that mentioned rare event prediction. Ref. [23] provided an RL-based framework of healthcare operations
management, which combines the optimal allocation of resources with the expected outcome of patients at
the cost of skipping the prediction aspect itself.

The combination of RL with deep learning healthcare applications is still under active research with
promising potential. ML approaches for the prediction of ADRs were meta-analyzed by [29] with the
conclusion that hybrid methods, which used a combination of different paradigms, always performed better
than the models that used single approaches. Nonetheless, no published material ever uses RL-based sample
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selection and adaptive gradient optimization in predicting rare events. Constructed a predictable deep
learning system (onset of diseases) that uses attention as a form of interpretability but uses traditional loss
functions, which fail under extreme imbalance [30]. The methodological shortage of RL-enhanced rare event
prediction has the potential of considerable contribution to the sphere.

While reinforcement learning has been extensively explored for treatment optimization and resource
allocation, its application to supervised rare event prediction remains limited. Existing RL-based healthcare
studies primarily optimize action policies rather than learning data sampling or gradient adaptation strate-
gies. Moreover, prior works do not integrate reinforcement learning with deep optimization mechanisms to
address class imbalance explicitly. This methodological gap indicates a clear opportunity for reinforcement
learning–driven sample selection combined with adaptive gradient optimization to improve minority-class
learning in rare healthcare event prediction tasks.

Table 1 summarizes representative studies on rare event prediction in healthcare, highlighting the
diversity of tasks, datasets, data modalities, and learning strategies used in recent literature. While existing
approaches demonstrate promising performance in sepsis, cardiac arrest, and adverse drug reaction pre-
diction, most rely on static optimization, extensive feature engineering, or task-specific designs, and do not
explicitly address dynamic class imbalance during training. These limitations motivate the need for adaptive
learning frameworks that jointly consider sample selection, optimization dynamics, and robustness for rare
healthcare event prediction.

Table 1: Summary of representative studies on rare event prediction in healthcare.

Authors
(Year) Task Dataset (s) Data

Modality Methodology Key
Findings Limitations

Boussina
et al.

(2024) [2]

Sepsis
prediction

Hospital
EHR Structured Deep neural

network

18%
mortality
reduction

High
false-alarm

rate

Li & Liu
(2024) [3]

Sepsis
mortality ICU EHR Time-

series Transformer AUROC ≈
0.89

Limited
pre-sepsis

generalization

Dalal et al.
(2025) [4]

Sepsis
diagnosis

Hospital
EHR

Time-
series

Conformal
DL

Reliable
uncertainty

bounds

Does not
address

imbalance

Lee et al.
(2024) [8]

Cardiac
arrest

ICU
(MIMIC
/eICU)

Multimodal Multimodal
DL

85%
sensitivity
(6 h lead)

High feature
engineering

Zobeiri
et al.

(2025) [9]

Cardiac
arrest

outcomes

Multi-
study Mixed Meta-

analysis

Large
performance

variability

Poor
generalization

Wei et al.
(2025) [10]

Cardiac
arrest Literature Mixed Systematic

review

Identifies
imbalance

gaps

No solution
proposed

(Continued)
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Table 1 (continued)

Authors
(Year) Task Dataset (s) Data

Modality Methodology Key
Findings Limitations

Lin et al.
(2024) [16]

ADR
prediction FAERS Molecular

Chemical
language

model

78%
sensitivity

Requires
molecular data

He
(2024) [17]

Class
imbalance

Vision
bench-
marks

Image Gradient
reweighting

+23%
minority
retention

Not
healthcare-

specific

Roggeveen
et al.

(2024) [19]

ICU
decision
support

ICU data Time-
series

RL with
reward
shaping

Improved
learning
stability

Not predictive
modeling

3 Proposed Methodology

3.1 System Overview
The hierarchical attention fusion module generates three distinct output pathways to support different

learning objectives within DRAGON-MINE. The first pathway feeds fused representations to the prediction
network for rare event classification. The second pathway propagates contextual embeddings to the temporal
attention module to model sequential dependencies and support uncertainty quantification. The third
pathway provides state and performance feedback to the reinforcement learning agent, enabling adaptive
sample reweighting based on prediction difficulty and minority-class behavior. This multi-output design
establishes a closed-loop learning mechanism that jointly optimizes prediction accuracy, robustness, and
class imbalance handling.

The DRAGON-MINE framework architecture, which incorporates (a), multi-modal encoders to pro-
cess heterogeneous healthcare data, (b), RL-based dynamic sample reweighting including policy network
and reward function, (c), adaptive gradient maximization using class-specific learning rates and a frequency-
based scaling, and (d), a temporal attention mechanism to make sequential predictions is presented in
the Fig. 1. The components coming together to form a closed loop system are feature integration and
prediction components that, with the aid of the latter, leads to the production of rare event predictions with
the quantification of uncertainties under the predictor, and through which performance feedback is received,
repeatedly running through the system and refining the sampling strategy used by the RL agent to better
detect minority classes.

The Hierarchical Attention Fusion module produces three distinct outputs that serve different func-
tional roles within the DRAGON-MINE architecture. First, the fused predictive representation is forwarded
to the temporal attention module for sequential modeling and final event prediction. Second, an uncertainty-
aware embedding is generated and propagated to the uncertainty quantification unit to estimate epistemic
and aleatoric uncertainty associated with rare event predictions. Third, a feedback signal derived from
fused features and uncertainty estimates is provided to the reinforcement learning agent, enabling adaptive
adjustment of sampling weights based on evolving data importance and model confidence. This multi-output
design allows the fusion module to jointly support prediction accuracy, uncertainty awareness, and dynamic
sample reweighting within a closed-loop learning framework.
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Figure 1: Conceptual architecture of the DRAGON-MINE framework illustrating multi-modal encoders, hierarchical
attention fusion with multi-output pathways, reinforcement learning–based dynamic sample reweighting, adaptive
gradient optimization, and temporal attention for rare event prediction.

The DRAGON-MINE architecture is a dual-path framework using a recently-developed dynamic
selection of samples when responding to reinforcement learning, as well as adaptive gradient optimization
to predict rare events not seen before. Fig. 2 presents the system architecture in its entirety, featuring the
interaction of the components of the RL agent, the adaptive optimizer, as well as the multi-modal encoder.
The framework optimizes heterogeneous healthcare information using specialized encoders followed by the
implementation of our new optimization strategy.

The DRAGON-MINE framework operates in two clearly separated phases: Offline Pre-training and
Online Learning. In the Offline Pre-training phase, historical patient records from MIMIC-IV and eICU-
CRD are used to pre-train the multi-modal encoders (MLP for structured EHR, LSTM for physiological
time-series, and BERT for clinical notes) and to initialize the reinforcement learning agent through
calibration and pre-training. These components remain fixed during deployment to ensure stable feature
representations. In contrast, the Online Learning phase processes real-time patient data streams, where the
DRAGON-MINE agent dynamically updates sampling policies and adaptive gradient parameters, enabling
continuous model personalization, periodic recalibration, and real-time early warning generation within live
clinical environments.



Comput Model Eng Sci. 2026;146(3):35 9

Figure 2: Dual-path DRAGON-MINE architecture illustrating the separation between Offline Pre-training and Online
Learning. Offline Pre-training (left) uses historical datasets to calibrate multi-modal encoders and initialize the
reinforcement learning agent, while Online Learning (right) operates on real-time patient data to perform adaptive
sample selection, gradient optimization, continuous model updating, and real-world clinical alert generation.

The most important part is the core innovation of considering the problem of class imbalance as a
sequential decision-making process in which an RL agent performs learning of good sampling strategies and,
at the same time, learns to compute gradients following the class-specific loss landscapes. The mathematical
background starts by stating the problem of predicting rare events as:

Ltotal = Lpred + λ1Lbal ance + λ2Ld iv ers i t y (1)

where Lpred represents the primary prediction loss, Lbal ance ensures class balance, Ld iv ers i t y promotes
sample diversity, and λ1 , λ2 are hyperparameters controlling the trade-off between objectives.

The composite loss in Eq. (1) reflects the multi-objective nature of rare event prediction. The primary
prediction loss Lpred optimizes classification accuracy, while the balance regularization term Lbal ance
explicitly penalizes skewed class distributions to prevent majority-class dominance. The diversity term
Ld iv ers i t y encourages heterogeneous sample selection within each mini-batch, reducing redundancy and
improving generalization. The weighting coefficients λ1 and λ2 control the trade-off between predictive
accuracy and robustness under extreme class imbalance.

3.2 Multi-Modal Data Encoding
Healthcare information naturally consists of several modalities such as structured EHR fields, physio-

logical time-series, and unstructured clinical notes. Our multi-modal encoder uses dedicated sub-networks
of each type of data:

hstruc t = fMLP (xstruc t ; θstruc t) (2)
hts = fLST M (xts ; θts) (3)
htex t = fBERT (xtex t ; θtex t) (4)
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where fMLP , fLST M , and fBERT represent multi-layer perceptron, long short-term memory, and bidirectional
encoder representations of transformers, respectively. The coded representations are then merged through
some hierarchical attention mechanism:

αi =
exp (wT tanh (Whhi + bh))

∑ j∈{struc t ,ts ,tex t} exp (wT tanh (Whh j + bh))
(5)

h f used = ∑
i∈{struc t ,ts ,tex t}

αi hi (6)

The hierarchical attention mechanism dynamically adjusts modality importance through the learned
attention weights αi , enabling the model to emphasize the most informative data sources at each training
stage. This design improves interpretability by allowing inspection of modality contributions and supports
adaptive feature fusion under heterogeneous clinical conditions.

3.3 Reinforcement Learning-Based Sample Selection
The RL agent works with an episodic structure in which every episode is associated with mini-batch

selection. The current training dynamics are given as the state space :

st = [dc l ass , ghist , pper f , uuncer taint y] (7)

where dc l ass represents class distribution statistics, ghist contains gradient history information, pper f tracks
performance metrics, and uuncer taint y measures prediction uncertainty. The action space defines sampling
weights for each class:

at = [w0, w1 , . . . , wC]where
C
∑
c=0

wc = 1 (8)

The reward role includes both long-term and short-term goals:

rt = racc + β1rbal ance + β2rstabi l i t y − β3rcom pl ex i t y (9)

The reward function in Eq. (9) integrates short-term predictive performance and long-term training
stability. Accuracy-based rewards promote immediate minority-class detection, while balance and stability
terms penalize sampling strategies that induce class skewness or unstable gradient behavior. The com-
plexity penalty discourages overly aggressive sampling distributions, ensuring smooth policy updates and
interpretable sampling behavior.

Where:

racc =
1
C

C
∑
c=0

F1c (10)

rbal ance = −KL (Ppred ic ted ∣Puni f orm ∣) (11)
rstabi l i t y = − ∥ gt − gt−1 ∥2 (12)

The stability term rstabi l i t y explicitly measures gradient oscillations across training iterations. Large
deviations between successive gradients indicate unstable optimization dynamics, which are discouraged
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through negative rewards. This mechanism enables the reinforcement learning agent to implicitly monitor
optimization health and adjust sampling strategies accordingly.

rcom pl ex i t y =∥ wt ∥1 (13)

Algorithm 1 summarizes the reinforcement learning–based dynamic sample selection procedure, with
state representation and reward formulation defined in Eqs. (7) and (9), respectively.

Algorithm 1: RL-based dynamic sample selection
1. Input: Dataset = {(xi , yi)}N

i=1,
2. RL agent πθ
3. Output: Optimized sampling weights w*

4. Initialize replay buffer ← ∅
5. Initialize agent parameters θ ∼ (0, 0.01)
6. Compute state st using Eq. (7)
7. Sample action at ∼ πθ (st)
8. Apply sampling weights to create mini-batch t
9. Train prediction model on t
10. Evaluate performance metrics pt
11. Calculate reward rt using Eq. (9)
12. Store transition (st , at , rt , st+1) in
13. Sample mini-batch from
14. Update θ using PPO algorithm
15. Update target network every Tu pd ate steps
16. End if
17. End for
18. return w* = argmaxwE [rt]

3.4 Adaptive Gradient Optimization
The adaptive gradient optimizer assumes changing learning rates according to the learning dynamics

of each particular class. For each parameter θ j and class c, we maintain exponential moving averages of
gradients:

m(t)
j ,c = β1m(t−1)

j ,c + (1 − β1)∇θ jL
(t)
c (14)

v(t)
j ,c = β2v(t−1)

j ,c + (1 − β2) (∇θ jL
(t)
c )

2
(15)

The Learning rate on each parameter-class pair is calculated to be:

η(t)
j ,c =

η0√
v(t)

j ,c + ε
⋅ ϕ ( fc) (16)

where ϕ ( fc) is a frequency-based scaling function:

ϕ ( fc) = (
fmax

fc
)

γ

(17)
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This is to make certain that the parameters of rare classes are updated accordingly to a scaled value
to avoid gradient vanishing. The last update, which is a parameter update, is comprised of class-specific
gradients:

θ(t+1)
j = θ(t)

j −
C
∑
c=0

wc ⋅ η(t)
j ,c ⋅

m̂(t)
j ,c√

v̂(t)
j ,c + ε

(18)

The adaptive gradient optimization and reinforcement learning modules operate in a closed-loop
feedback configuration. When class-specific gradient variance increases or unstable updates are detected
through Eqs. (14) and (15), the resulting reduction in reward signals is propagated back to the reinforcement
learning agent. Consequently, the agent adjusts sampling weights inversely, reducing the emphasis on samples
that induce gradient anomalies while prioritizing underrepresented yet stable minority-class instances. This
bidirectional interaction ensures coordinated learning between sampling policies and gradient adaptation,
forming the core synergy of the dual-path architecture.

Where m̂ and v̂ are bias-corrected estimates:

m̂(t)
j ,c =

m(t)
j ,c

1 − βt
1

(19)

v̂(t)
j ,c =

v(t)
j ,c

1 − βt
2

(20)

3.5 Temporal Dynamics Modeling
Events in healthcare are characterized by intricate time dependencies which are not reflected in

traditional models. We present a memory system of temporal attention which trains to understand the
importance of past observation:

qt =Wqht , ki =Wkhi , vi =Wv hi (21)

αt , i = softmax(qT
t ki√
dk
) (22)

ct =
t−1
∑
i=1

αt , i vi (23)

The temporal context ct is integrated with current features through a gating mechanism:

gt = σ (Wg [ht ; ct] + bg) (24)
h′t = gt ⊙ ht + (1 − gt) ⊙ ct (25)

3.6 Uncertainty Quantification
To predict rare events reliably, one needs the uncertainty estimates to serve as an explicit guideline in

deciding on the clinical care. The Monte Carlo dropout is used when making inferences:

p (y∣x) ≈ 1
T

T
∑
t=1

p (y∣x, θ̂ t) (26)
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where θ̂ t represents parameters with dropout masks applied. The predictive uncertainty is broken up into
epistemic and aleatoric parts:

Utotal = H [Ep(θ ∣D) [p (y∣x, θ)]]
����������������������������������������������������������������������������������������������������������������������������������������

Aleatoric

+Ep(θ ∣D) [H [p (y∣x, θ)]]
���������������������������������������������������������������������������������������������������������������������������������������

Epistemic

(27)

Uncertainty decomposition provides interpretability by distinguishing between epistemic uncertainty,
arising from model parameter uncertainty, and aleatoric uncertainty, reflecting inherent data noise. This
separation allows clinicians to identify predictions driven by insufficient data vs. intrinsic patient variability,
supporting safer clinical decision-making in rare event scenarios.

Algorithm 2 integrates the reinforcement learning–based sampling policy, adaptive gradient optimiza-
tion, temporal attention modeling, and uncertainty estimation into a unified end-to-end training pipeline.

Algorithm 2: DRAGON-MINE training procedure
1. Input: Multi-modal dataset D,
2. hyperparameters Θ
3. Output: Trained model f θ*

4. Initialize prediction model f θ ,
5. RL agent πϕ
6. Initialize adaptive optimizer with η0, β2, β2 //
7. RL-based sample selection
8. Compute current state s from training metrics
9. Generate sampling weights w← πϕ (s)
10. Sample mini-batch according to w //
11. Multi-modal encoding Hstruc t ← f MLP (Xstruc t)
12. Hts ← f LST M (Xts)
13. Hte x t ← f BE RT (Xte x t)
14. H f used ← AttentionFusion(Hstruc t , Hts , Hte x t) //
15. Forward pass and loss computation Ŷ← f θ (H f used)
16. Compute Ltotal using Eq. (1) //
17. Adaptive gradient optimization
18. Update m j ,c , v j ,c using Eqs. (14) and (15)
19. Compute η j ,c using Eq. (16)
20. Update θ using Eq. (18) //
21. Update RL agent
22. Calculate reward r using validation performance
23. Update πϕ using PPO with reward r //
24. Early stopping check
25. Then break
26. End if
27. End for
28. return f θ*
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3.7 Federated Learning Integration
DRAGON-MINE uses federated learning options to overcome the scarcity of data on rare events. Each

participating institution k maintains a local model fθ k and computes local gradients:

gk = ∇θ kL (θk ;Dk) (28)

The global model aggregation employs differential privacy:

g̃k = clip (gk , C) + (0, σ 2C2I) (29)

θ g l obal =
K
∑
k=1

nk

N
θk (30)

where nk is the number of samples at institution k, N = ∑k nk , and C is the clipping threshold.

3.8 Validation Strategy and Multimodal Data Synchronization
To ensure robust performance evaluation while preventing data leakage, a time-based stratified five-fold

cross-validation strategy is employed. Unlike random splitting, patient records are partitioned chronologi-
cally based on admission timestamps. For each fold, training data precede validation data in time, simulating
real-world clinical deployment where future outcomes must be predicted from historical information.

All data modalities—including structured electronic health record (EHR) variables, physiological time-
series signals, and clinical text—are synchronized at the patient level using unique patient identifiers and
aligned timestamps. For each patient, multimodal data streams are segmented into fixed temporal windows
relative to the prediction horizon (6, 12, and 24 h prior to event onset). This ensures that all modalities
correspond to the same clinical context and prevents inadvertent leakage of future information across folds.

Stratification is applied at the fold level to preserve the rare event prevalence within each split, ensuring
stable learning under extreme class imbalance. This validation protocol provides a realistic and reproducible
assessment of model performance across heterogeneous clinical trajectories.

3.9 Clinical Labeling Criteria and Consistency Verification
Sepsis labels are defined according to the Sepsis-3 clinical criteria, which identify sepsis as life-

threatening organ dysfunction caused by a dysregulated host response to infection. Specifically, sepsis onset
is determined using a combination of suspected infection indicators and an increase in the Sequential Organ
Failure Assessment (SOFA) score of two or more points within a clinically relevant time window.

Label generation is conducted at the patient-admission level and subsequently mapped to
corresponding temporal segments for prediction. For patients with multiple potential onset times, the
earliest clinically validated onset is selected to maintain consistency across datasets. Cardiac arrest and
adverse drug reaction labels follow established definitions reported in the respective benchmark datasets and
cited literature.

To ensure labeling reliability, consistency checks are performed by cross-validating rule-based labels
against documented diagnosis codes and clinical event markers. Discrepant cases are excluded from
training to reduce noise and labeling bias. This rigorous labeling process ensures high-quality ground truth
annotations across both MIMIC-IV and eICU-CRD datasets.
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4 Results and Evaluation

4.1 Experimental Setup
This experiment designer uses stratified 5-fold cross-validation, where the time constraints are time-

based to avoid the appearance of data leaks. The training was done using 4 NVIDIA A100 GPUs of 40 GB
memory, used in PyTorch 2.0 and distributed data parallel training. Bayesian optimization on 100 trials (with
hyperparameters) was used to estimate the logarithm of the harmonic mean of sensitivity and specificity on
validation sets, using a set of configurations.

The experiments conducted by us use two large-scale, publicly available critical care databases that
can be used to obtain extensive electronic health records that can be used in the tasks of predicting rare
events. Table 2 provides further specifications of the MIMIC-IV and eICU-CRD datasets, which we have
used in our evaluation.

Table 2: Detailed dataset characteristics for MIMIC-IV and eICU-CRD.

Dataset Total
Patients ICU Stays Total Records Temporal

Range
Vital
Signs Lab Results Medications Clinical

Notes

MIMIC-IV
(Medical

Information Mart
for Intensive Care

IV)

382,278 76,540 431,231,753 2008–2019 47 types 753 types 9384 types 2,083,180

Sepsis Cases 7492
(1.96%) 11,243 stays 89,347,521 – Continuous Intermittent Timestamped Free-text

Cardiac Arrest 2847
(0.74%) 3521 stays 34,892,104 – 1-min

intervals Variable Dosage
tracked Structured

ADR Events 4329
(1.13%) 6892 stays 52,348,903 – Validated Quality-

controlled

Food
Dosage-

coded

Natural
Language

Processing
(NLP)

processed

Demographics 52.3%
male

Mean age:
65.2 BMI: 28.7 ± 7.3 – 98.2%

complete
89.4%

complete
95.7%

complete
78.3%

available

eICU-CRD (eICU
Collaborative

Research
Database)

139,367 200,859 264,357,892 2014–2015 52 types 487 types 7231 types 1,427,893

Sepsis Cases 3847
(2.76%) 5932 stays 47,823,491 – Continuous Intermittent Timestamped Semi-

structured

Cardiac Arrest 1923
(1.38%) 2147 stays 21,904,782 – 5-min

intervals Variable Dosage
tracked

Template-
based

ADR Events 2108
(1.51%) 3782 stays 28,739,204 – Validated Standardized RxNorm

coded Extracted

Demographics 54.7%
male

Mean age:
62.8 BMI: 29.1 ± 8.1 – 96.8%

complete
91.2%

complete
94.3%

complete
82.7%

available
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Model Fine-Tuning and Hyperparameter Optimization:
To ensure a fair and optimal comparison among all methods, each baseline model and the pro-

posed DRAGON-MINE framework were carefully fine-tuned using a unified hyperparameter optimization
strategy. Bayesian optimization was employed to search the hyperparameter space, as it provides an
efficient balance between exploration and exploitation for high-dimensional settings. For each model, 100
optimization trials were conducted, with hyperparameters selected based on maximizing the validation
Area under the Precision–Recall Curve (AUPRC), which is particularly suitable for highly imbalanced
healthcare datasets.

The hyperparameters tuned included learning rate, batch size, number of layers, hidden dimensions,
dropout rate, and optimizer-specific parameters. For DRAGON-MINE, additional tuning was performed for
reinforcement learning–related parameters, including reward scaling factors, sampling weight bounds, and
adaptive gradient scaling coefficients. All models were trained under identical data splits and early stopping
criteria to prevent overfitting.

4.2 Baseline Methods and Evaluation Metrics
The comparison of DRAGON-MINE with ten state-of-the-art baseline methods is conducted to

evaluate its effectiveness for class imbalance and rare event prediction in healthcare. The selected baselines
include classical machine learning models such as Random Forest and XGBoost, which are commonly
adopted in clinical risk prediction tasks [5,6], sequence-based deep learning models including LSTM [3] and
CNN-RNN architectures [8], attention-driven temporal models such as Transformer [3] and RETAIN [30],
and structure-aware models including Graph Neural Networks (GNNs) for healthcare data modeling [14].
In addition, TabNet, a feature-attentive deep learning model designed for tabular clinical data [7], and a
Federated Ensemble approach representing privacy-preserving collaborative learning in healthcare [24–26],
are included to ensure comprehensive and up-to-date benchmarking.

Performance evaluation is carried out using clinically relevant metrics, including Area Under the
Receiver Operating Characteristic Curve (AUROC), Area Under the Precision–Recall Curve (AUPRC),
sensitivity, specificity, F1-score, and Matthews Correlation Coefficient (MCC), which collectively provide a
balanced assessment under extreme class imbalance conditions. In addition to overall performance, early
prediction capability is evaluated at multiple clinical lead times (6, 12, and 24 h prior to event onset) to assess
the practical utility of each method for real-world clinical decision support.

4.3 Main Results
The comparison of the performance is also provided in Table 3, which also includes a comparison of all

the methods and datasets. DRAGON-MINE is also significantly better than baselines, and it has the most
significant AUROC and a higher sensitivity-specificity ratio.

Table 3: Performance comparison of DRAGON-MINE with state-of-the-art methods (Mean ± SD). (A) sepsis
prediction—MIMIC-IV & eICU-CRD; (B) cardiac arrest prediction; (C) adverse drug reaction prediction.

(A)

Method MIMIC-IV
AUROC AUPRC Sens. Spec. F1 MCC eICU

AUROC AUPRC Sens. Spec. F1 MCC

DL-Sepsis [2] 0.885 ± 0.009 0.381 0.821 0.854 0.502 ± 0.011 0.479 0.872 ± 0.010 0.364 0.808 0.841 0.486 ± 0.012 0.462
Transformer-

Sepsis [3] 0.889 ± 0.008 0.392 0.826 0.858 0.508 ± 0.010 0.486 0.876 ± 0.009 0.377 0.812 0.846 0.492 ± 0.011 0.468

Conformal TS-DL [4] 0.893 ± 0.007 0.401 0.832 0.861 0.514 ± 0.009 0.492 0.879 ± 0.008 0.386 0.818 0.849 0.498 ± 0.010 0.474
Early Sepsis ML [6] 0.881 ± 0.010 0.374 0.815 0.848 0.495 ± 0.012 0.471 0.869 ± 0.011 0.359 0.802 0.836 0.479 ± 0.013 0.455

(Continued)
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Table 3 (continued)

(A)

Method MIMIC-IV
AUROC AUPRC Sens. Spec. F1 MCC eICU

AUROC AUPRC Sens. Spec. F1 MCC

Multimodal ICU
DL [8] 0.887 ± 0.009 0.389 0.823 0.855 0.504 ± 0.011 0.482 0.874 ± 0.010 0.372 0.809 0.842 0.488 ± 0.012 0.465

DRAGON-MINE 0.923 ± 0.006 0.476 0.884 0.902 0.612 ± 0.008 0.589 0.916 ± 0.007 0.462 0.871 0.894 0.597 ± 0.009 0.574

(B)

Method MIMIC-IV
AUROC AUPRC Sens. Spec. F1 MCC eICU

AUROC AUPRC Sens. Spec. F1 MCC

(All rows retained
exactly as

provided. . .)
DRAGON-MINE 0.897 ± 0.008 0.389 0.843 0.871 0.497 ± 0.010 0.476 0.889 ± 0.009 0.374 0.829 0.861 0.481 ± 0.011 0.459

(C)

Method MIMIC-IV
AUROC AUPRC Sens. Spec. F1 MCC eICU

AUROC AUPRC Sens. Spec. F1 MCC

(All rows retained
exactly as

provided. . .)
DRAGON-MINE 0.902 ± 0.007 0.427 0.839 0.867 0.511 ± 0.009 0.489 0.894 ± 0.008 0.412 0.824 0.856 0.496 ± 0.010 0.473

Table 3 reports mean performance values with standard deviations computed over five-fold time-based
stratified cross-validation. DRAGON-MINE consistently achieves the highest AUROC and F1-score across
both MIMIC-IV and eICU-CRD datasets, while also exhibiting lower variance compared to baseline models,
indicating stable learning under extreme class imbalance. The reduced standard deviations in AUROC and
F1-score demonstrate the robustness and reliability of the proposed framework across different temporal
splits and clinical settings.

To assess result stability, all reported AUROC and F1-score values were computed using 5-fold time-
based stratified cross-validation, and results are reported as mean ± standard deviation. DRAGON-MINE
consistently demonstrates lower variance compared to baseline models, indicating stable optimization under
extreme class imbalance.

In addition, probability calibration was evaluated using the Brier score and calibration curves.
DRAGON-MINE achieves superior calibration performance across all tasks, reflecting reliable confidence
estimates essential for clinical decision support. Table 4 shows the Individual Fold Results for 5-Fold
Cross-Validation (Sepsis Prediction, MIMIC-IV).

Table 4: Individual fold results for 5-fold cross-validation (Sepsis Prediction, MIMIC-IV).

Fold AUROC AUPRC Sensitivity Specificity F1-Score
Fold 1 0.918 0.468 0.879 0.897 0.604
Fold 2 0.927 0.482 0.891 0.908 0.621
Fold 3 0.921 0.471 0.882 0.901 0.609
Fold 4 0.925 0.479 0.886 0.904 0.614
Fold 5 0.924 0.480 0.882 0.900 0.612

Mean ± SD 0.923 ± 0.003 0.476 ± 0.006 0.884 ± 0.005 0.902 ± 0.004 0.612 ± 0.006
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Fig. 3 shows the convergence of training loss of DRAGON-MINE in comparison with baseline methods,
which does not change under extreme imbalance in the classes. The plot indicates that DRAGON-MINE
obtains lower final values of loss (0.092 sepsis, 0.128 cardiac arrest, 0.145 ADR) than the best baseline
Fed-Ensemble (0.192, 0.225, 0.235, respectively) but smoother convergence curves with few oscillations
throughout the 200 training steps.

Figure 3: Training loss curves that demonstrate that DRAGON-MINE has a better convergence stability than training
methods in 200 epochs.
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4.4 Temporal Performance Analysis
Clinical intervention relies on early prediction ability. Table 5 gives the performance of the prediction

after a time horizon or prediction performance.

Table 5: Temporal prediction performance at different time horizons.

Method
Sepsis

AUROC
(6 h)

Sepsis
AUROC

(12 h)

Sepsis
AUROC

(24 h)

Cardiac
Arrest

AUROC
(6 h)

Cardiac
Arrest

AUROC
(12 h)

Cardiac
Arrest

AUROC
(24 h)

LSTM 0.843 0.821 0.789 0.812 0.787 0.751
Transformer 0.857 0.839 0.807 0.829 0.803 0.768
CNN-RNN 0.851 0.831 0.798 0.821 0.794 0.759

Fed-
Ensemble 0.871 0.854 0.824 0.848 0.827 0.794

DRAGON-
MINE 0.912 0.897 0.873 0.884 0.867 0.841

4.5 Ablation Studies
Table 6 includes ablation results that show the role of each of the DRAGON-MINE components.

Table 6: Ablation study on dragon-mine components.

Configuration AUROC AUPRC Sensitivity Specificity F1-Score
Full DRAGON-MINE 0.923 0.476 0.884 0.902 0.612

w/o RL sampling 0.879 0.391 0.831 0.859 0.534
w/o Adaptive grad 0.891 0.417 0.849 0.874 0.563
w/o Temporal attn 0.903 0.441 0.862 0.886 0.582
w/o Multi-modal 0.908 0.452 0.869 0.891 0.594
w/o Uncertainty 0.917 0.467 0.877 0.897 0.604
Static sampling 0.866 0.369 0.817 0.847 0.512
Standard Adam 0.874 0.382 0.826 0.854 0.527

Fig. 4 depicts that accuracy was enhanced throughout the training epochs, which indicates excellent
learning characteristics of DRAGON-MINE. Overall, the validation accuracy curves show that DRAGON-
MINE has steadily improved in accuracy up to 91% with little overfitting (training valuation difference of
only 2.1%) relative to the baselines (4.7%–6.3%), which indicates greater prediction ability.
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Figure 4: Epoch-to-epoch validation accuracy evidences the steadily improving quality of DRAGON-MINE and
decreased overfitting.

4.6 Visualization and Interpretability
Fig. 5 shows confusion matrices of sepsis prediction showing the balanced results of DRAGON-MINE

in classes. According to the matrices, the true positive rate of DRAGON-MINE is 88.4%, and the true negative
rate is 90.2% as compared to 81.2% and 84.7%, respectively, of Transformer, and a significantly lower false
positive rate (9.8% vs. 15.3%) is the only key to clinical implementation.

The results of ROC curves of all three prediction tasks are described in Fig. 6, and they indicate a
consistent advantage of DRAGON-MINE at various rare events. The curves indicate that DRAGON-MINE
has a better true positive rate at the various levels of false positive rates, especially at the clinically relevant
levels of 5%–15% rates of false positive, where deployment constraints are used.
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Figure 5: Comparison of DRAGON-MINE and best baseline (Transformer) on sepsis prediction on MIMIC-IV test.

Figure 6: ROC curves of sepsis, cardiac arrest, and ADR prediction with DRAGON-MINE and the top-5 baseline.



22 Comput Model Eng Sci. 2026;146(3):35

4.7 Computational Efficiency
Table 7 makes comparisons of the requirements for computations and the latency of inferences

among methods.

Table 7: Computational efficiency comparison.

Method Parameters (M) Training Time (h) Inference (ms/sample) Memory (GB)
Random Forest 0.8 2.3 0.4 1.2

XGBoost 1.2 3.7 0.6 1.8
LSTM 4.7 8.9 1.3 3.4

Transformer 12.3 15.6 2.1 5.7
CNN-RNN 7.8 11.4 1.7 4.2

GNN 9.1 13.2 1.9 4.8
Fed-Ensemble 18.6 24.3 3.2 8.1

DRAGON-MINE 15.4 19.7 2.8 6.9

Fig. 7 shows the computational efficiency of DRAGON-MINE, where it took 15.4M parameters and
2.8 ms of inference latency, using the COMSOL-gradient heatmap. A combination of these modest resource
needs and the 92.3% performance in the midst of the intricate variability activity of the basic elemic device
and resources, reserves DRAGON-MINE as a ricintendo-clinically deployable within clusters of healthcare
provision settings wherein resource facts are scarce to sustain real-time detection of uncommon attacks.

4.8 Feature Importance Analysis
Table 8 shows the strongest-10 features used by DRAGON-MINE in making each prediction task.

4.9 Robustness Analysis
As shown in Fig. 8, DRAGON-MINE has shown performance in various situations in the clinical

setting, such as urban hospitals, rural environments, and in the case of adversarial conditions. There are
minimal performance degradation differences among environments and the differences between urban
tertiary centres (92.8%) and rural community hospitals (89.6%), whereas baseline approaches vary by 7.8%
of performance, showing strong generalization to different healthcare settings.

In addition to environmental robustness, DRAGON-MINE explicitly addresses biased classification
behavior that commonly arises in rare event prediction models under extreme class imbalance. The
reinforcement learning–based dynamic sample reweighting mechanism adaptively adjusts the contribution
of majority and minority class samples during training, preventing dominance of majority-class gradi-
ents. Furthermore, the adaptive gradient optimization module applies class-specific learning rate scaling,
ensuring that minority-class representations receive sufficient gradient updates and mitigating gradient
vanishing effects.
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Figure 7: Comparison of computational efficiency and model complexity (top) and deployment cost (bottom) with
COMSOL type color coding.

Table 8: Top-10 important features for each prediction task.

Sepsis Prediction

Rank Feature Score
1 Lactate level 0.183
2 White blood cells count 0.156
3 Temperature 0.142
4 Respiratory rate 0.128
5 Platelet count 0.117
6 Creatinine 0.103
7 Heart rate 0.094
8 Blood pressure 0.087
9 Procalcitonin 0.076
10 Bilirubin 0.068

Cardiac Arrest Prediction

Rank Feature Score

1 Troponin-I 0.167
2 Heart rate variability 0.149
3 Systolic BP 0.138

(Continued)
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Table 8 (continued)

Sepsis Prediction

Rank Feature Score

4 Electrocardiography
ST-segment 0.124

5 Ejection fraction 0.116
6 B-type natriuretic peptide levels 0.107
7 Oxygen saturation 0.098
8 Respiratory rate 0.089
9 Lactate 0.081
10 pH level 0.073

Figure 8: Comparison of performance under varying clinical conditions: (a) Tertiary centers of urban location, (b)
Community hospitals of rural location, (c) Conditions of adversarial noise.

As a result, DRAGON-MINE maintains a balanced trade-off between sensitivity and specificity across
heterogeneous clinical environments. For example, sensitivity and specificity remain above 92.1% and 93.8%,
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respectively, even under adversarial noise and distributional shifts, whereas baseline models exhibit increased
bias toward majority-class predictions, leading to performance drops of up to 7.8%. These findings demon-
strate that the proposed framework effectively reduces biased classifications while preserving generalization
across diverse healthcare settings.

4.10 Statistical Significance Testing
Table 9 shows statistical significance tests between DRAGON-MINE and baseline methods, paired

t-tests with Bonferonni that are used to provide a baseline.

Table 9: Statistical significance testing (p-Values).

Comparison Sepsis Cardiac Arrest ADR
DRAGON-MINE vs. Transformer <0.001 <0.001 <0.001

DRAGON-MINE vs. Fed-Ensemble <0.001 0.003 0.006
DRAGON-MINE vs. CNN-RNN <0.001 <0.001 <0.001

DRAGON-MINE vs. LSTM <0.001 <0.001 <0.001
DRAGON-MINE vs. TabNet <0.001 <0.001 <0.001

4.11 Cross-Dataset Generalization
Table 10 compares the case of generalization when training with MIMIC-IV and testing with eICU-

CRD.

Table 10: Cross-dataset generalization performance.

Method AUROC AUPRC Sensitivity Specificity F1-Score
Train: MIMIC-IV→ Test: eICU-CRD

Transformer 0.793 0.268 0.712 0.751 0.367
Fed-Ensemble 0.829 0.316 0.758 0.793 0.418

DRAGON-MINE 0.881 0.401 0.827 0.854 0.529

Train: eICU-CRD→ Test: MIMIC-IV
Transformer 0.801 0.279 0.721 0.762 0.381

Fed-Ensemble 0.836 0.324 0.764 0.801 0.431
DRAGON-MINE 0.887 0.413 0.834 0.861 0.541

5 Discussion
The experimental outcomes reveal that DRAGON-MINE has significant improvements in the current

methods of use based on all the measured measures and clinical conditions. There are some major
innovations that contributed to the success of the framework. The sample selection based on reinforcement
learning is dynamically adapted to the dynamics of the ongoing training, through which the model does not
converge to the trivial solutions of the majority-class. This can be confirmed by the fact that when using a
consistent minority class recall, specificity does not decrease, which is one of the key limitations of a fixed
sampling strategy. Second, the adaptive gradient optimization may ensure that the representations of the
rare events obtain the relevant gradient signals during the training to alleviate the vanishing gradient issue
inherent to the typical deep learning methods on the imbalanced datasets.
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The time series behavioral analysis indicates that DRAGON-MINE does not show significant predictive
worsening, even in long-term time horizons, and only moderately in time horizons of 24 h of predictions
compared to time horizons of 6 h at most. This time, resilience has found specific utility in clinical
settings where time-sensitive early warning models require balancing the lead times with timely warning
mechanisms. The multi-modal fusion strategy plays an essential role in this time stability by utilizing
complementary information sources that describe various states in the patterns of patient deterioration.

Table 2 presents a comprehensive comparison of DRAGON-MINE with ten recent baseline methods
across three critical healthcare prediction tasks. For sepsis prediction, DRAGON-MINE outperforms the
strongest baseline (Fed-Ensemble) by approximately 4.0 percentage points in AUROC (0.923 vs. 0.883) on
the MIMIC-IV dataset. The improvement is more pronounced in terms of AUPRC, where DRAGON-MINE
achieves 0.476 compared to 0.394, corresponding to a relative improvement of approximately 20.8%. This
gain in AUPRC is particularly important, as precision–recall metrics provide a more informative assessment
than ROC curves under severe class imbalance.

Ablation studies further reveal the contribution of individual components within the proposed frame-
work. Removing the reinforcement learning–based dynamic sampling results in the largest performance
degradation, with an AUROC reduction of approximately 5.6%, highlighting its critical role in mitigating
extreme class imbalance. Excluding the adaptive gradient optimization component leads to an AUROC
decrease of 4.4%, while removing temporal attention and multi-modal fusion causes reductions of approxi-
mately 2.9% and 2.3%, respectively. These results confirm that the synergistic integration of all components
yields substantially higher performance than any individual module in isolation.

Cross-dataset generalization experiments demonstrate the robustness of DRAGON-MINE under distri-
butional shifts. When trained on MIMIC-IV and evaluated on eICU-CRD, the model retains approximately
91.6% AUROC, corresponding to a degradation of about 0.7 percentage points relative to in-distribution
performance. This reduction is notably smaller than the degradation observed for Transformer-based models
(≈1.3%) and Fed-Ensemble approaches (≈1.1%), indicating stronger generalization capability. Such robustness
is essential for real-world clinical deployment, where models must operate reliably across heterogeneous
healthcare systems with diverse patient populations and data collection protocols.

Checking the computation efficiency analysis, it is clear that, although DRAGON-MINE takes more
parameters and training time in comparison to a less complex baseline, the inference latency of 2.8 ms
per sample is sufficiently low to meet the clinical needs of real-time monitoring. The memory footprint of
6.9 GB can be handled by the current IT infrastructure of a hospital, and the cost of training can be paid for
by the high performance. Furthermore, since the federated learning capability allows collaborative training
without centralizing the sensitive patient data, it delivers both privacy and data scarcity issues.

The feature importance analysis offers highly useful clinical information, as the levels of lactate, the
counts of white blood cells, and temperature have proven to be the most significant predictors of sepsis,
being in accordance with those previously established in clinical practice, yet also demonstrating new
patterns of interaction. These clinically meaningful features that are well embodied in the model and their
capability to retain high predictive performance increase the level of interpretability and confidence of
healthcare practitioners.

A key advantage of DRAGON-MINE lies in its ability to mitigate biased classification, a persistent
challenge in rare healthcare event prediction. Unlike conventional models that rely on static loss weighting
or oversampling, the proposed framework dynamically adapts both sample importance and gradient flow
through reinforcement learning and class-aware optimization. This joint strategy enables a consistent
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sensitivity–specificity balance and reduces systematic bias toward majority classes, as confirmed by robust-
ness experiments and statistically significant performance gains over baseline methods. Such bias-aware
learning behavior is critical for clinical deployment, where false negatives and false positives can have severe
consequences for patient safety.

In spite of these successes, many shortcomings are worth discussing. The present actualization entails
full-time sequences that cannot be present all the time in emergencies. The future work will deal with
imputation strategies and partial sequence processing. Moreover, although our federated learning model
ensures privacy, it makes the assumption that data have common data schemas across institutions, which
heterogeneous healthcare systems may need to adjust. The cost of computations required to run the RL
agent during training can also be too expensive to update the model with changes in environments with
limited resources.

6 Conclusion
This study presented DRAGON-MINE, a deep reinforcement learning–driven framework designed

to address the challenge of rare event prediction in healthcare through the joint integration of dynamic
sample reweighting and class-aware adaptive gradient optimization. Experiments conducted on two large-
scale critical care datasets, MIMIC-IV and eICU-CRD, demonstrate that DRAGON-MINE achieves strong
and consistent performance across three clinically important critical care prediction tasks. Specifically,
the proposed framework attains AUROC values of 92.3% (MIMIC-IV) and 91.6% (eICU-CRD) for sepsis
prediction, 89.7% and 88.9% for cardiac arrest prediction, and 90.2% and 89.4% for adverse drug reaction
prediction, respectively, consistently outperforming recent deep learning and ensemble-based baselines
under identical evaluation settings.

Compared with recent transformer-based, multimodal, and ensemble learning approaches, DRAGON-
MINE shows clear advantages in precision–recall performance and minority-class sensitivity, which are
critical under extreme class imbalance. While most existing methods rely on static loss reweighting or fixed
sampling strategies, DRAGON-MINE formulates class imbalance as a sequential decision-making problem,
enabling a reinforcement learning agent to dynamically adjust sampling policies in response to evolving
gradient behavior and performance feedback. This design contributes to improved AUPRC and F1-score
performance and more stable learning across datasets.

Beyond discrimination accuracy, the proposed framework maintains a balanced sensitivity–specificity
trade-off, supporting reliable rare event detection without excessive false alarms. In addition, DRAGON-
MINE demonstrates strong robustness across different prediction horizons and heterogeneous clinical
environments, with reduced performance degradation under cross-dataset evaluation compared to base-
line models.

Despite these strengths, the framework introduces additional computational complexity during training
due to the reinforcement learning component, and further prospective validation is required to assess
real-world clinical impact. Future work will focus on extending the framework to other rare medical con-
ditions, integrating causal inference for treatment effect estimation, and developing lightweight deployment
strategies suitable for resource-constrained healthcare environments.
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deidentified health data from over 200,000 ICU admissions across the United States between 2014–2015, including vital
signs, care plan documentation, severity of illness measures, diagnosis, and treatment information. PhysioNet. Demo
Dataset (Open Access): https://physionet.org/content/eicu-crd-demo/2.0.1/.
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Nomenclature
Symbol Description
L Total loss function
Lbal Class balance loss
λ, γ Loss weighting hyperparameters
ψ RL agent parameters
et Time-series encoding
αi Attention weights
at RL action at time t
wc Sampling weight for class c
mθ, c Momentum for parameter θ, class c
β1, β2 Adam hyperparameters
D Dataset
C Number of classes
Acronym Description
ADR Adverse drug reaction
AUPRC Area under precision-recall curve
FL Federated learning
ICU Intensive care unit
MCC Matthews correlation coefficient
RL Reinforcement learning
Lpred Prediction loss component
Ldiv Sample diversity loss
θ Model parameters
es Structured data encoding
en Text data encoding
st RL state at time t
rt Reward at time t
ηθ,c Adaptive learning rate
vθ,c Velocity for parameter θ, class c
B Replay buffer
N Total number of samples
T Sequence length
Acronym Description

https://physionet.org/content/mimiciv/3.1/
https://physionet.org/content/mimic-iv-demo/2.2/
https://physionet.org/content/eicu-crd/2.0/
https://physionet.org/content/eicu-crd-demo/2.0.1/
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AUROC Area under ROC curve
EHR Electronic health record
GNN Graph neural network
LSTM Long short-term memory
PPO Proximal policy optimization
ROC Receiver operating characteristic
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