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Objective of the Study . .
This study proposes a scalable and reproducible framework for continuous monitoring of machine O p e n - S O u rc e M LO p S F ra m ewo r k fo r M e d I c a l I m a gl n g

learning (ML) models in medical imaging. The objective is to enable systematic post-deployment ‘/V
validation under real-world conditions, ensuring model robustness, reliability, and traceability in

clinical environments. In contrast to prior work focusing primarily on model development, this
work addresses in addition the operational phase of medical Al systems, with a focus on (

monitoring and lifecycle management and a continuous validation of model outputs. o CXR Dataset | 0 Preprocessing ini o MLflow Tracking
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Motivation & Background

Although Al systems have demonstrated strong performance in medical imaging tasks, their | Metri :
clinical adoption remains limited due to poor generalization across institutions. A central ‘ ! B | | | _ | : | — i
challenge is domain shift, caused by variations in imaging protocols, hardware, and patient ' -) —) s | " H ‘ _)
populations, which can significantly degrade model performance under real-world conditions Prediction Drift

[1,2]. Both data drift (changes in input distributions) and concept drift (changes in the | ) : 7 e~ U REST API |
relationship between inputs and outputs) pose critical risks in safety-sensitive domains such as PO N T s POST /predict /\/\/ k
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healthcare [3]. Undetected drift may lead to systematically biased or unreliable predictions, - :

raising concerns regarding clinical safety and regulatory compliance. Despite increasing ‘ | i, (8 , | * Image in PRl
awareness of these challenges, practical and reproducible frameworks for monitoring deployed \ / ‘ Archived * Probabilities out _lj__l_._lL
models remain underdeveloped, particularly for high-dimensional medical imaging data. ' :

* Hyperparameters * Versioning i ‘ * Dockerized service * Collect predictions * Alerts & notifications
* Intensity normalization * Metrics & plots + Stage transitions * Scalable * Aggregate metrics » Trigger retraining

Short Description of Methods | Mugrann + odas & arfocs + it o + Holth che +Peodc evalaion + Vadate & promate

|+ Train / Val / Test split * Reproducibility * Rollback support * Logging predictions + Data & model stats + Continuous improvement
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We propose a modular, open-source MLOps framework that integrates experiment tracking,

deployment, and continuous monitoring. The architecture is centered on MLflow, Evidently , , o

and Arize while combining multiple monitoring layers: Data Monitoring, Model Monitoring, Cross-Cutting Capabilities

Embedding-based Monitoring, and Observability Layer. The framework is evaluated using the j Data & Model Flow Goal: Reliable Al in
publicly available NIH ChestX-ray14 dataset [4]. Controlled distribution shifts are introduced via : . S Clinical Practice
intensity transformations (brightness & contrast), noise injecti d domain-based splits t ' ‘ ll][l] HC — > Data / Actifact Flow

intensity transformations (brightness & contrast), noise injection, and domain-based splits to ' 4 ? @ — : Detect drift early.
simulate realistic deployment scenarios. The proposed architecture is informed by practical ' o X ; : g g : s<3 Nidel Prosotion 1 Reback ol Maintain performance.
experience in building scalable data platforms and production-grade analytics systems in Reproducibility Security & Privacy Containerized Scheduling Reporting Scalable

. . : Improve patient care.
industrial environments. Feedback Loop (Retraining) /\,

Code, data, models i No PHI in logs Docker Compose Daily / Weekly Evidently reports Cloud or on-prem | ;
fully versioned Secure storage Easy to deploy Automated jobs HTML dashboards Flexible infrastructure '

Results Built with PyTorch * MLflow * Evidently * FastAPl « Docker « Open Source
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The proposed framework detects distribution shifts and links them to downstream performance D r I ft I y p e S I n M e d I c a l I m a gl n g

degradation. Embedding-based monitoring proves particularly effective for identifying subtle

changes in high-dimensional image data. Consistent with prior findings, models trained on a Understanding hOW data, environment, Iabels, and performance change over time

single dataset exhibit measurable performance degradation under shifted conditions [2,5]. The
integration of monitoring into the MLOps pipeline enables automated alerting, continuous

x4

(" N\
evaluation, and reproducible analysis across deployment scenarios and can trigger re-training. ,-
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Monitoring Dashboard Layer

Unified observaibility for medical imaging Al models 7
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Change in input data distribution Change in data-generating environment Change in relationship between Degradation of model performance
(features, image quality, acquisition) (e.g., anatomy, device, protocol, site) inputs and labels (P(y|x) changes) on current data over time

MLflow: experiments + registry Monitoring Dashboard Last updated: 2minage G

Reference AP (train) v Current  PA(current) v Timerange (5] Last 7 days

+ Experiments

g " pataDrift © Embedding Drift © Predicton Drift © Feature distribution shift | View / anatomy shift Same input features ... AUC over time

« Par. T
arameters PSI (mean) L2 distance (mean) L2 distance (mean)
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Synthetic CXR Pertubations for Drift Demonstration o @ .

Feature 1 Feature 1
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Original Brightness + Contrast - Gaussian Noise Combined Shift
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- , ‘, q | & Mode.l sees different input patterns M.odel fees data from a d'ifferent domain = P(y|x) changes — model predictions ﬁl} Performance metrics decline and may fall
even if labels are unchanged. with shifted characteristics. become less accurate.
il
Results on Synthetically Shifted Data

everity 0.3, evaluated on the held-out test split without changing labels : P ar - . ] ’ . . . . . A
S e .~ Legend: (O Negative / Absent X Positive / Present =~ = = Decision Boundary _(- Monitoring all four types ‘ff drift - es.sentl.al for safe and reliable
deployment of Al models in medical imaging.

below acceptable thresholds.

Brightness mild impact Contrast mild impact Noise highest impact

Severity 0.3 Severity 0.3 Severity 0.3
AUC delta -0.015 AP delta -0.030 AUC delta -0.004 AP deita -0.006 AUC delta -0.291 AP delta -0.165

Embedding L2 2.299 Prediction L2 0.141 Embedding L2 1.418 Prediction L2 0.074 Embedding L2 104.318 Prediction L2 0.962

Model Lifecycle: Monitor, Retrain, Promote, Roll Back

[ @ Controlled perturbations quantify robustness without changing labels }

A closed-loop MLOps framework for reliable medical Al in production

(_ Data-enriched AP-to-PA experiment resuts | AP_tO_PA Domaln Shlft Experlment MODEL REGISTRY 0 Traln KEY CAPABILITIES
Evaluating domain and concept drift when deploying an AP-trained model to PA data Train model on
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Reference: AP chest X-rays Model Current: PA chest X-rays Perf = curated dataset R ~ versioned Artifacts
B DenseNet-121 —a 2 : egl Ste r ‘ '
. = .: Model Name Version Stage (AUC) Updated At
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||| in-distribution | A domain shift . .
& | GaBichesaar | 1710 0.861 2026-06-04 - Audit Trail
i e Retrain Sl ey

Current cohort: PA chest X-rays Every change iS tracked for
governance and compliance.

| Performance Gate
Model Name: cxr8-chest-xai Models must pass predefined

Centralized, versioned tracking of models . ' | PR Version: 1.1.0 | thresholds before promotion.

| Stage: Staging |
Full audit trail of metrics, parameters, data Task: Multi-label Classification

Reference cohort: AP chest X-rays

; Monitoring & Drift Analysis . ? .
Split: test _ Images: 1,000 . Sl i oss dico cxr8-chest-xai ~ 1.2.0 0.878 2026-06-10 Retrain with new

Feature extraction Prediction Performance
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cxr8-chest-xai 1.1.0 Archived 0.802 2026-05-15 strategy

Experiment Results: AP Reference vs PA Current

Actual metrics from the AP-to-PA drift experiment

Embedding shift Prediction shift Performance delta Overall
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S’
Meanl2  4.295 Meanl2  (0.304 el Ste : NEGATIVE @

Average Precision 0.155 A AUC -0.061

Top PCAKS 0.420 Largest KS: Fibrosis ~ 0.488 zger score 0.119 - AP 0.0k Labels: 15 ologies e S ta in . . Human Approval
E 0.193 - =\Je - ‘ patll
@] Reproducible and traceable deployments T e . Training Data: AP view (2017) ging | '.‘ Optional Approval step before

Monitoring Artifacts Generated Metrics: AUC 0.861 | mAP 0.704 | Promote to
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Prediction and target drift Embedding drift exploration Model registry lifecycle e
for chest X-ray abnormalities.

Decision:  Drift detected -> alert generated -> retraining recommended -> validate before promotion o Alert
Detect drift,
> Rollback
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