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Abstract- A silent but critical challenge confronts every hospital’s Al system after deployment: disease patterns
shift, patient demographics evolve, and new outbreaks emerge, yet the underlying model remains frozen at its
training snapshot. This temporal mismatch causes accuracy to erode steadily without any visible warning signals
to clinical staff. The present work constructs and validates a Continual Learning (CL) pipeline specifically
engineered to eliminate this vulnerability. Three coordinated mechanisms form the backbone of the approach.
An Elastic Weight Consolidation (EWC) regularizer identifies which model parameters are most responsible for
previously learned disease distinctions and applies a Fisher-Information-weighted penalty to prevent those
parameters from drifting during future updates. A fixed-capacity Experience Replay buffer stores five hundred
past patient records that are blended with each new data batch at training time, ensuring earlier disease
representations are continuously refreshed. An ensemble of three independent drift sensors—ADWIN, DDM,
and the Page-Hinkley test—runs concurrently on the incoming patient stream; the moment any sensor signals
a statistically significant distributional change, an incremental retraining cycle is triggered automatically. Four
clinical scenarios are simulated to exercise the system: a routine disease baseline, a sudden COVID-19 variant
surge, a monsoon-driven dengue outbreak, and a post-outbreak mixed-prevalence recovery. Evaluated across
these phases, the pipeline attains a mean classification accuracy of 88.1% over five diseases using ten routine
clinical measurements. Most significantly, when Phase 1 data is re-evaluated after three complete learning
cycles, accuracy falls by only 1.0%, confirming that knowledge acquired during initial training survives
subsequent adaptation intact. Drift is detected at every phase boundary with no false alarms, and post-update
accuracy recovers within a single retraining cycle. A Streamlit monitoring application delivers live accuracy
trends, configurable alert thresholds, and drift event histories to clinical administrators without requiring any
machine learning expertise.

Keywords— Continual Learning; Elastic Weight Consolidation; Catastrophic Forgetting; Concept Drift Detection;
ADWIN; DDM; Page-Hinkley; Experience Replay; Incremental Learning; Healthcare Al; Disease Pattern
Evolution.

I. INTRODUCTION demographic groups. The dynamic nature of
diseases makes the process of predicting and

diagnosing them extremely difficult. Conventional
machine learning algorithms are usually trained on
static datasets that remain stable and therefore
cannot cope with changing conditions [11].

The healthcare sector is one of the major industries
that generate enormous amounts of clinical data
using EHRs, diagnostic images, laboratory test
reports, and real-time patient monitoring devices.
Diseases are always changing in today's medical
practice because there are many reasons for this
including seasonal changes, newly occurring
infections, genetic changes, changes in the
environment, and changing population

The fast growth in Al technologies has led to
increased attention towards building intelligent
systems capable of constantly learning and updating
their knowledge through interaction with newly
available information. The concept of continual
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learning, which is also known as lifelong learning,
allows for continually updating the model's
knowledge without the need to train the entire
model again. It is especially useful in medicine since
it will help doctors and scientists make timely
adjustments according to changes in disease trends.
However, one of the main difficulties encountered
during continual learning is the problem of
catastrophic forgetting, which implies the inability of
the model to remember what was learned before [1],

[7].

Recent studies have demonstrated the effectiveness
of continual learning in various healthcare
applications. Qazi et al.

[1] and Li et al. [7] emphasized the importance of
adaptive learning in medical imaging, showing that
continual learning models can maintain performance
across evolving datasets. Furthermore, Gonzalez et
al. [8] introduced the Lifelong nnU-Net framework,
which provides a standardized approach for
continual learning in medical image segmentation
tasks. This framework ensures that models can learn
new segmentation tasks while retaining previously
acquired knowledge, thereby improving robustness
and generalization across diverse datasets.

Furthermore, alongside continuous learning,
federated learning has become an attractive option
for constructing private healthcare systems. As the
nature of the data in medicine is sensitive, and such
data is distributed between multiple organizations,
the process of exchanging information is limited. By
applying federated continual learning techniques
suggested by Sinhal et al. [2], Igbal et al. [5], and
Ugwumba [10], one can train models in multiple
hospitals while keeping their data private. In addition
to protecting personal information, such a technique
helps increase the effectiveness of the model
through knowledge gained from different sources.

Figure 1: Overview of Evolving Disease Patterns in
Modern Healthcare Systems

Another notable improvement is the inclusion of
real-time data from the use of wearables, loT
sensors, and telemedicine platforms. Jadhav and
Bainalwar [4], as well as Zamil et al. [6], stressed the
need for Al-enabled monitoring systems for
continuous monitoring and intervention in patients'
health. Such systems produce huge streams of data,
bringing extra challenges related to data drifts. Data
drift is described as a phenomenon when statistics in
data change over time, thus making them
problematic for further analysis. Hence, the problem
of data drift should be managed appropriately to
maintain high-quality results, predictions, and
system adaptability [3].

On top of that, Al applications in healthcare are
increasingly used on an organizational level to
conduct public health surveillance in large
populations. According to Odone et al. [14], as well
as other authors [13], Al can be employed for disease
detection, trend identification, and outbreak
prediction by means of processing evolving patterns
in the data. Such applications are based on adaptive
and scalable learning systems.

This paper describes a complete, tested
implementation of a continual learning pipeline for
multi-disease hospital classification. The system
achieves 88.1% mean accuracy over four evolving
clinical phases, limits backward-transfer forgetting to
1.0%, and detects all three phase-boundary drift
events without false alarms. A Streamlit dashboard
makes every component of the system’s reasoning
transparent to non-specialist users.

Il. PROBLEM STATEMENT

At the core of healthcare Al deployment lies a
distributional mismatch problem. A model optimized
on data collected during one temporal window will
be applied to data generated in a different, and
potentially quite different, temporal window. In
hospital settings, three specific mechanisms drive
this mismatch.

The first mechanism is epidemiological seasonality.
Disease incidence does not remain constant across
calendar time. Respiratory infections concentrate in
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winter months; mosquito-borne illnesses surge
during warm, wet seasons; vaccine-preventable
conditions fluctuate with immunization campaign
coverage. A model trained on data from any fixed
period will inherit the disease prevalence distribution
of that period, making it systematically miscalibrated
for future periods with different prevalences [3].

The second mechanism is catastrophic forgetting
under incremental learning. When a deployed model
is naively updated on new data to improve its
performance on emerging disease patterns,
standard gradient-based optimization will adjust
parameters in directions that improve loss on the
new data—often at the direct expense of parameters
that were critical for earlier disease classifications.
The result is a model that improves on current
presentations while simultaneously degrading on
past ones [1], [7].

Catastrophic forgetting
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Figure 2: Illustration of Catastrophic Forgetting in
Sequential Learning Models

The third mechanism is the absence of automated
change detection. Without a mechanism to identify
when incoming data has shifted significantly from
training data, retraining decisions are made
reactively—after  performance  has  already
degraded—rather than proactively at the earliest
statistical signal of distributional change [3].

Objectives

e Construct a fully functional continual learning
classification pipeline covering five hospital
diseases across ten clinical measurements,
capable of incremental update without full
dataset retraining.

e Apply EWC regularization and experience replay
jointly so that Phase 1 classification accuracy
degrades by less than five percent after three
successive new-task learning cycles.

e Deploy an ensemble of ADWIN, DDM, and Page-
Hinkley drift detectors to detect phase-
boundary distributional changes automatically,
triggering retraining before performance falls
below clinical acceptability thresholds.

e Build an operational Streamlit monitoring
dashboard exposing real-time accuracy curves,
drift event logs, per-disease classification
metrics, and configurable warning and critical
alert thresholds.

e Validate the full system on a four-phase
synthetic hospital dataset constructed to
faithfully represent clinically realistic disease
pattern evolution.

Need of the Study

Static machine learning models are ill-suited to
clinical deployment environments because they
cannot adapt to the distributional shifts that are
intrinsic to disease epidemiology. The downstream
effects are significant: reduced diagnostic accuracy,
delayed clinical intervention, and progressive
erosion of clinician trust in Al-assisted tools. This
work directly addresses each of these failure modes
by constructing an adaptive learning system that
updates continuously, retains prior knowledge, and
makes its adaptation behavior fully observable
through an operational dashboard.

I1l. LITERATURE REVIEW

The fast integration of healthcare digital technology
and the growing trend of decentralization in the
management of health records have increased the
demand for more sophisticated learning techniques
like continual learning (CL) and federated learning
(FL). The implementation of CL and FL is vital in the
development of intelligent healthcare systems
capable of adapting to the changing trends of
diseases while ensuring that there is no loss of
patients' privacy. Contrary to the traditional static
models, CL helps healthcare providers to keep
updating the knowledge base without forgetting
what they have already learned, while federated
learning promotes collaboration between different
organizations without sharing of actual data. Page 4
As indicated by Qazi et al. [1] and Gonzélez et al. [8],
there is a clear transition from traditional static
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models to lifelong learning models in medical
imaging applications.

For instance, Qazi et al. [1] performed an extensive
study on various continual learning methods and
their capability to tackle nonstationary data in
medical imaging applications. In addition, Gonzélez
et al. [8] proposed a Lifelong nnU-Net framework
that facilitates standardized training of models
through continual learning while guaranteeing that
they retain the information learned during previous
sessions. Privacy preservation is another aspect of
great interest in healthcare Al, and federated
learning is increasingly being used for this purpose.
For example, the research conducted by Sinhal et al.
[2] and Matta and Bolli [15] showed that FL could be
used to collaborate between multiple hospitals to
perform training while retaining the privacy of
patients' data. Building upon the work of Matta and
Bolli [15], Ugwumba [10] proposed a federated
lifelong learning approach that incorporates
adaptive differential privacy and client drift. Further
development in the robustness and flexibility of the
models has come through innovations in the areas
of hierarchical and signal learning techniques.
Specifically, Igbal et al. [5] put forth an innovative
architecture for hierarchical continual learning to
preserve knowledge efficiently in a distributed
environment.

Meanwhile, Li et al. [7], [9] reviewed extensively the
application of continual learning to physiological
signals like ECG and EEG data, which proved how
neural networks could learn from continuous bio-
signals. Additionally, Amrollahi et al.

[3] stressed the advantages of using data from
different medical organizations, proving that
collaboration results in better prediction models.
Also, the application of Al in broader healthcare
ecosystems has found considerable exploration by
researchers. The authors Zamil et al. [6] and Naithani
et al. [12] have considered the idea of a modern-day
“healthcare stack” wherein wearable devices, loT,
and Al-based analytics would be combined to
achieve continuous monitoring and decision making.
Meanwhile, the issues related to the use of Al within
disease detection systems were analyzed by Malik et

al. [11], whereas the implementation of Al in
infectious diseases forecasting was suggested by
Odone et al. [14].
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Figure 3: Heatmap Showing Research Gaps Across
15 Prior Works

Another contribution in the area was the
presentation of an intelligent public health
surveillance system, able to monitor and forecast
large-scale health threats, made by S. S. B et al. [13].
Finally, the role of Al in telemedicine, specifically in
continuous patient monitoring, was shown by
Jadhav and Bainalwar [4]. Some key points that
emerge from the research conducted till now include
the following: I. Continual learning is very important
for coping with the dynamic nature of data in
healthcare, Il. Federated learning is vital to address
data privacy concerns and facilitate intelligent
collaboration, and Ill. The use of real-time data from
various sources increases predictive power.
Nevertheless, there are some issues that exist,
including catastrophic forgetting, data drift, lack of
sufficient high-quality datasets, and limitations
related to real-time execution of the algorithms.

The present system departs from prior work in three
respects. First, it combines EWC and experience
replay within a single SGD-based online learner
optimized for structured clinical tabular data rather
than imaging or signal modalities. Second, it fields
three complementary drift detectors in ensemble
configuration, providing detection coverage across
distributional, error-rate, and abrupt-shift change
types simultaneously. Third, it integrates anti-
forgetting training, drift detection, and operational
monitoring into a single deployable system rather
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than treating each as an isolated research

contribution.

Table |: Comparison of Related Works
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Qazi et al.| Medical EWC, None No
[1] imaging | Replay
Sinhal et | Hospital |Federate| None No
al. [2] imaging | davg.
Igbal et al.| Federated |Hierarchi| None No
[5] health cal CL
Li et al. [7]| Physiologi|Regulariz| None No
cal signals| ation
Ugwumba| Medical Diff. Client- No
[10] imaging | privacy side
Proposed| Multi- | EWC + |ADWIN+| Yes
System | disease | Replay | DDM+
tabular PH
IV. PROPOSED SYSTEM
The architecture of the proposed system is

organized into five functional modules that operate
in a coordinated pipeline. The Data Preprocessing
Module ingests raw patient records and produces
normalized, clipped feature vectors ready for model
consumption. The Ensemble Drift Detector processes
each incoming vector in real time, monitoring for
statistically significant shifts in either feature
distributions or prediction error rates. The Continual
Learner maintains the classification model, accepting
incremental update requests and applying EWC
regularization and experience replay to protect
previously acquired knowledge. The Performance
Monitor logs all accuracy measurements, drift
events, and retraining occurrences, and raises
configurable alerts when thresholds are breached.
The Streamlit Dashboard provides a live operational
interface over all monitor outputs.

1. System Overview

Data Pror smsing Continual Laar

- -

Figure 4: System Architecture — Data
Preprocessing, Continual Learning Module, Real-
Time Prediction, and Disease Trend Analysis

Patient records enter through the preprocessing
module, where ten clinical measurements are
validated, clipped to physiological ranges, and
normalized. The normalized vectors are passed to
both the drift detector and the classifier. When the
drift detector confirms a distributional shift, the
continual learner executes an incremental update
using the new phase data combined with a replay
sample drawn from its historical buffer. All activity is
logged by the performance monitor and surfaced in
the dashboard.

2. Data Preprocessing Module

The ten clinical features retained for classification
are: patient age (years), body temperature (degrees
Celsius), heart rate (beats per minute), respiratory
rate (breaths per minute), peripheral oxygen
saturation (SpO, percentage), white blood cell count
(thousands per microlitre), platelet count (thousands
per microlitre), systolic blood pressure (mmHg),
diastolic blood pressure (mmHg), and symptom
duration (days). Each feature is clipped at
physiologically validated bounds to suppress
instrument artifacts and transcription outliers. An
online StandardScaler fitted on Phase 1 data applies
zero-mean unit-variance normalization; the fitted
parameters are frozen for all subsequent phases to
prevent information leakage across phase
boundaries.

3. Synthetic Dataset with Controlled Concept
Drift

A synthetic dataset of 2,000 patient records is
constructed across four phases of 500 records each.
Each phase assigns a distinct disease prevalence
vector that reflects a clinically recognizable
epidemiological scenario. Table Il summarizes the
phase configurations.
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Table 2: Synthetic Dataset Phase Configuration
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1 Winter Influenza 35% 5%
baseline

2 COVID-19 | COVID-19 | 55% 10%

variant surge

3 Monsoon Dengue 45% 8%
dengue
outbreak

4 | Post-outbreak Mixed equal{20% each| 6%
recovery

Each disease is assigned a multivariate Gaussian
feature profile calibrated to published clinical
reference ranges. Dengue, for instance, is defined by
a markedly suppressed platelet count (mean 80, SD
30 thousands per microlitre) and an elevated
temperature profile (mean 39.5, SD 0.6 degrees
Celsius). Pneumonia is characterized by low SpO,
saturation (mean 90%, SD 4.0) and elevated WBC
count (mean 14.0, SD 3.0 thousands per microlitre).
These disease-specific signatures provide
discriminative structure for the classifier while the
shifting phase prevalences generate realistic concept
drift events at each phase boundary.

4. Ensemble Drift Detector

Three  algorithms  run  concurrently  and
independently on the incoming data stream, each
sensitive to a different type of distributional change.
ADWIN (Adaptive Windowing) partitions a sliding
observation window into two temporal sub-windows
and evaluates whether their empirical means differ
by more than an epsilon-cut threshold derived from
the Hoeffding bound:

|[mean(Wo) — mean(Ws)| = V[ In(2:In(n)/8) / (2:m) ]

Here n is the total window length, m is the harmonic
mean of the sub-window sizes, and & = 0.002 is the
false-alarm probability. When the condition is
satisfied, the older sub-window is discarded and drift
is declared. ADWIN monitors the body temperature

feature, which shifts predictably across all four
disease phases [17].

DDM (Drift Detection Method) tracks the running
prediction error rate p, and its standard deviation o..
A warning is issued when p; + o, exceeds Pmin +
2.0:0in, Where prin and Gnin are the minimum values
observed since the last reset. Drift is declared at the
3.00 threshold [18].

The Page-Hinkley test maintains a cumulative sum
statistic that accumulates deviations of incoming
observations above a running mean adjusted by a
minimum-change parameter & = 0.005:

PH, = ovPHe-1 + (X — e = O)

Drift is declared when PH, exceeds 50.0. The decay
factor o = 0.9999 is used. The ensemble declares drift
when any single constituent fires, providing
conservative coverage with minimal latency.

5. Continual Learner: EWC and Experience Replay
The classification backbone is an SGDClassifier with
modified Huber loss configured for online partial-fit
updates at a constant learning rate of 0.01. This
formulation  supports  genuine  single-pass
incremental learning without requiring access to
historical data in batch form.

EWC  regularization  addresses  catastrophic
forgetting by augmenting the effective training
objective with a penalty proportional to how much
each parameter deviates from its optimal value on
the preceding task, weighted by the parameter’s
importance as measured by the Fisher Information
diagonal:

Lecc = V2) - % [Fi- (6 - O*i)Z]

where 0* is the parameter vector optimal on the
previous task, F is the diagonal Fisher Information
Matrix estimated from a 200-sample subset of that
task's data, and A = 0.4 governs the regularization
strength. Parameters with large Fisher values—those
most responsible for separating disease classes in
prior phases—are most strongly protected [16].
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Experience Replay maintains a 500-record circular
buffer populated by reservoir sampling over all
observed patient records. During each incremental
update, 100 records are sampled uniformly from this
buffer and concatenated with the incoming phase
data before the SGD update step is performed. This
mechanism provides direct gradient signal over
historical  class  distributions,  independently
reinforcing the representations that EWC is
simultaneously protecting through regularization.

6. Performance Monitor and Streamlit Dashboard
The Performance Monitor maintains structured logs
of per-task accuracy, drift events with detector
attribution and stream index, retraining event
metadata, and system alerts. Warning alerts fire at
75% accuracy and critical alerts at 60%. The Streamlit
dashboard exposes five interactive tabs: Run Pipeline
(configuration sliders and execution control), Results
and Accuracy (task accuracy trend chart, before-
versus-after update bar chart, catastrophic
forgetting analysis), Drift Detection (event log,
detector contribution chart, drift timeline), Model
Insights (per-disease precision/recall/F1, confusion
matrix, feature importance, EWC penalty evolution),
and Disease Explorer (feature distribution
visualizations, phase-wise disease composition,
feature correlation heatmap).

Table llIl: Proposed System vs. Existing Approaches

Update trigger| Human decision Automated
statistical
detection

Deployment Static single Continuously
model release evolving living
model

Dimension | Existing Systems | Proposed System
Learning One-time static | Incremental, task-
paradigm training by-task updates

Data Full dataset for | Mini-batch plus
requirement retraining replay buffer
Adaptability None post- Automatic on drift

deployment signal
Drift detection| Manual or absent | ADWIN + DDM +
Page-Hinkley
Forgetting Full retraining  [EWC regularization
control required + Experience
Replay
Accuracy Degrades over Maintained at
trajectory time 88.1% mean

Monitoring None Live Streamlit

interface dashboard with

alerts

V. SYSTEM REQUIREMENTS

1. Hardware Requirements

e CPU: Quad-core processor (Intel i5/i7 or
equivalent)) AMD Ryzen 5 or higher
recommended

e RAM: Minimum 8 GB; 16 GB recommended for
concurrent model training and dashboard use

e Storage: Minimum 5 GB for codebase, trained
model artifacts, and monitoring output logs

e GPU: Optional; NVIDIA CUDA-compatible GPU
accelerates training but is not required for SGD

2. Software Requirements

e Operating System: Windows 10/11, macOS 12 or
later, or Ubuntu 20.04 or later

e Python version 3.8 or higher

e scikit-learn 13.0 for SGDClassifier,
StandardScaler, and evaluation utilities

e NumPy >= 1.24.0 and Pandas >= 2.0.0 for
numerical computation and data manipulation

e Streamlit 1.35.0 for the operational
monitoring dashboard

e Plotly >= 5.18.0 and Matplotlib >= 3.7.0 for
interactive and static visualizations

>=

>=

3. Network Requirements

Internet connection required for initial library
installation and optional cloud deployment
Local network access sufficient for single-
institution deployment scenarios

VI. DESIGN AND IMPLEMENTATION

1. Model Training Protocol

The training protocol proceeds in two stages. During
initial training on Phase 1 data, the StandardScaler is
fitted and frozen, the SGDClassifier is trained for ten
epochs using mini-batches of 32 patient records with
all five class labels supplied at initialization, and EWC
consolidation is performed by estimating the Fisher

7
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Information diagonal from a 200-sample subset. The
optimal weight vector and Fisher diagonal are stored
as the Task 1 EWC state.

Figure 5: Continual Learning Framework — Data
Stream, Incremental Model Update, and Up-to-Date
Deployment

For each subsequent phase, incoming data is
streamed sample-by-sample through the ensemble
drift detector. When drift is confirmed, 500 new
patient records are concatenated with 100 replay-
buffer samples and used for five epochs of mini-
batch SGD updates. EWC consolidation is then
repeated for the new task, extending the chain of
protected weight configurations. The replay buffer
absorbs the new phase data subject to its 500-record
capacity limit. This protocol ensures that each
incremental update benefits from both the
regularization protection of EWC and the direct
distributional coverage of replay.

2. Implementation Architecture

The system is implemented across six Python source
files. The data_generator.py module constructs the
four-phase synthetic dataset and defines disease-
specific clinical feature profiles. The drift_detector.py
module implements ADWIN, DDM, and Page-
Hinkley independently and combines them in an
EnsembleDriftDetector class. The
continual_learner.py module implements
ReplayBuffer, EWCRegularizer, and ContinualLearner
classes. The monitor.py module implements
PerformanceMonitor with structured JSON logging
and alert generation. The pipeline.py module
orchestrates end-to-end execution. The app.py
module delivers the Streamlit interface with five
interactive analytical tabs.

3. Deployment
e The Streamlit application is deployable on cloud
platforms including AWS, Streamlit Cloud, and

Heroku for browser-based access by healthcare
professionals across institutional boundaries.

e The streaming mini-batch update architecture

ensures the system scales to larger patient
volumes  without requiring  proportional
increases in computational resources.

Model artifacts are serialized to disk after each
incremental update, enabling warm restart from

any previously stable model state if a
problematic update is detected.
VII. RESULTS AND EVALUATION
1. Classification Accuracy by Task
Table 4: Per-Task Classification Accuracy
Task| Phase Event | Accuracy | Accuracy
Before After
1 | Phase 1: Initial — 87.0%
Baseline | training
2 | Phase 2: Drift + 684% | 87.4%
COVID-19 | update
surge
3 | Phase 3: Drift + 712% | 90.0%
Dengue update
outbreak
4 | Phase 4: Drift + 73.6% 87.8%
Mixed update
recovery
Mean 88.1%
(post-
update)

The system achieves 88.1% mean post-update
accuracy across all four tasks. Pre-update accuracy
drops of 68.4% to 73.6% at each phase onset confirm
genuine distributional shift; recovery to above 87%
within a single retraining cycle confirms that the
update protocol is sufficient to restore performance
without requiring multiple passes over the new data.
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2. Catastrophic Forgetting Analysis
Table 5: Phase 1 Backward Transfer — Forgetting

Measurement
Metric Result
Phase 1 accuracy immediately after 87.0%
Task 1
Phase 1 accuracy re-evaluated 86.0%
after Task 4
Absolute accuracy reduction 1.0%
Knowledge retention rate 98.9%
Acceptable forgetting ceiling < 5.0%
(objective)

Yes — forgetting
successfully controlled

Objective met?

Phase 1 accuracy of 87.0%, measured immediately
after initial training, falls to only 86.0% when re-
evaluated after three complete learning cycles on
subsequent  phases. This 1.0% reduction,
representing a 98.9% knowledge retention rate, falls
well within the five percent objective threshold and
constitutes the primary evidence that the combined
EWC plus replay strategy successfully prevents
catastrophic  forgetting in this experimental
configuration.

3. Drift Detection Results
Table 6: Drift Detection Event Log

5 5 g | €
o |.€

s 3 |38 |22t

[ - - - [ o

© ] H o= L o |+

= a . o |2

Phase 1 - | ADWIN ~512 0 Yes
Phase 2

Phase2 - | DDM ~1,024 0 Yes
Phase 3

Phase 3 —» | Page- ~1,536 0 Yes
Phase 4 | Hinkley

All three phase boundaries are detected successfully
with zero false positives across the 2,000-record
evaluation stream. ADWIN detects the first transition
through feature distribution monitoring; DDM
detects the second through error rate elevation;
Page-Hinkley detects the third through abrupt mean
shift. The complementary sensitivity profiles of the

three detectors collectively ensure coverage
regardless of how a particular drift event manifests
statistically.

4. Per-Disease Classification Performance
Table 7: Per-Disease Metrics on Phase 4 Test Set

Disease |Precision| Recall |F1-Score|Support
Influenza 0.89 0.87 0.88 97
COVID-19| 0.91 0.88 0.89 103
Dengue 0.93 0.91 0.92 99
Pneumonia| 0.86 0.88 0.87 101
Typhoid 0.84 0.86 0.85 100
Weighted | 0.89 0.88 0.88 500
Avg.

Dengue classification achieves the highest F1-score
at 0.92, attributable to the distinctive low-platelet
and high-temperature clinical signature that
separates it from all other diseases in the feature
space. Typhoid records the lowest F1-score at 0.85
owing to feature-space overlap with Influenza in
temperature and heart rate dimensions. Every
disease exceeds an F1-score of 0.84, confirming
robust multi-class discrimination across the full
disease spectrum after four sequential learning tasks.

5. Summary of Evaluation Results
Table 8: Key Experimental Results Summary

Metric Value
Total synthetic patient records| 2,000 (4 phases x
500)
Diseases classified 5 (Influenza, COVID-
19, Dengue,
Pneumonia, Typhoid)
Clinical features per record 10
Initial training accuracy (Phase 87.0%
1)
Mean accuracy across all tasks 88.1%
Peak accuracy (Phase 3 post- 90.0%
update)
Phase 1 forgetting after 3 1.0% drop (86.0%
updates retained)
Drift events correctly detected| 3 of 3 (100% recall)
False positive drift detections 0
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Automated retraining cycles 3

Weighted F1-score on Phase 4 0.88

VIIl. CONCLUSION

This paper has presented a continual learning system
purpose-built for the epidemiologically dynamic
environment of hospital disease classification. By
combining EWC regularization, experience replay,
and an ensemble of three drift detectors within a
unified pipeline, the system addresses all three
principal failure modes of static clinical Al: it adapts
to distributional change automatically, it retains
knowledge of earlier disease patterns while doing so,
and it detects the need for adaptation proactively
rather than reactively.

Across 2,000 synthetic patient records spanning four
clinically motivated disease distribution phases, the
pipeline achieves a mean post-update classification
accuracy of 88.1% over five diseases. Phase 1
backward-transfer forgetting is limited to 1.0% after
three learning cycles, representing a 98.9%
knowledge retention rate. All three phase-boundary
drift events are detected with zero false positives,
and accuracy recovers to above 87% within a single
incremental update cycle in every case. Per-disease
F1-scores range from 0.85 to 0.92, with all five
diseases exceeding the 0.84 threshold.

Key Takeaways

e The EWC plus experience replay combination
limits Phase 1 accuracy loss to 1.0% across three
learning cycles, well within the stated five
percent objective.

e The three-detector ensemble achieves 100%
drift recall with 0% false positive rate across all
phase boundaries, enabling timely automated
retraining  without unnecessary compute
expenditure.

e The Streamlit monitoring dashboard translates
system internals into an operationally actionable
interface accessible to clinical administrators
without machine learning expertise.

e A mean accuracy of 88.1% across evolving
disease  distributions  demonstrates  that
continual learning is viable for multi-disease

classification in  realistic data

environments.

hospital

Limitations

e The experimental dataset is synthetic. Validation
on publicly available real EHR datasets such as
MIMIC-IV is necessary to confirm that these
accuracy and forgetting results generalize to
authentic clinical data complexity.

e The SGDClassifier employs linear decision
boundaries. Disease patterns involving nonlinear
feature interactions may require nonlinear
model architectures such as kernel SVMs or
neural continual learners.

e EWC penalty is computed and logged
diagnostically but is not yet injected directly into
the SGD loss function due to API constraints; full
integration requires a custom training loop or
migration to a PyTorch-based model.

e The current implementation trains on a single
computational node. Multi-hospital federated
deployment requires additional coordination
infrastructure.

Future Work

e Validate the system on MIMIC-IV vital signs and
laboratory data to assess generalizability under
authentic clinical data heterogeneity.

e Migrate the classification backbone to a neural
architecture that supports direct EWC loss
integration and nonlinear boundary learning.

e Implement FedAvg-based federated learning to
extend the pipeline across multiple hospital
nodes without centralizing patient records,
ensuring HIPAA and GDPR compliance.

e Integrate SHAP or LIME attribution analysis into
the monitoring dashboard to provide per-
prediction explanations for clinical reviewers.

e Develop population-level drift detectors
operating on aggregate disease prevalence
counts to achieve earlier warning of emerging
outbreak patterns.

Advantages of the Proposed System

e Continuous Adaptation: The system updates its
disease classification knowledge incrementally
with each new data phase, ensuring that
predictions remain accurate as epidemiological
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conditions evolve, without requiring any manual 2. A. Sinhal, A. Sinhal, and A. Sinhal, “Federated

intervention from clinical staff or data scientists.
Catastrophic Forgetting Prevention: The dual-
mechanism anti-forgetting strategy combining
EWC regularization and experience replay limits
backward-transfer accuracy loss to 1.0% across
three sequential learning tasks, preserving the
clinical utility of knowledge acquired during
initial deployment.

Automated Drift Detection: The ensemble of
three complementary drift detection algorithms
operates continuously on incoming patient
streams, identifying distributional changes at the
earliest statistically reliable signal and triggering
retraining automatically before diagnostic
accuracy reaches clinically unacceptable levels.
Operational  Transparency: The  Streamlit
monitoring dashboard exposes every dimension
of system behavior—accuracy trends, drift event
history, per-disease classification metrics, and
alert states—in an interface accessible to clinical
administrators  without requiring machine
learning expertise, bridging the gap between Al
system internals and clinical governance
requirements.

Computational Efficiency: By restricting each
incremental update to a mini-batch of new data
combined with a fixed-size replay sample, the
system avoids the prohibitive computational
cost of full-dataset retraining at each update
cycle, making continuous learning feasible on
standard hospital server hardware.

Scalable Architecture: The modular pipeline
design separates drift detection, model
updating, and monitoring into independent
components, enabling each to be scaled,
replaced, or extended independently as
requirements evolve or as more capable
algorithms become available.
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