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     Abstract 

Diffusion-weighted magnetic resonance imaging (DWI-MRI) supports 

assessment of acute ischemic stroke, yet integrating image analysis into an 

accessible workflow remains challenging. This paper presents BrainTeM, a 

browser-based research prototype that combines DWI preparation, candidate-

lesion segmentation, feature extraction, classification, and visual reporting. The 

pipeline applies intensity normalization, background removal, and gamma 

enhancement, followed by fuzzy c-means and active contours (FCMAC). 

Thirteen measurements are supplied to a weighted k-nearest-neighbour 

classifier. Users upload DICOM images or ZIP packages and review processed 

images, segmentation overlays, quantitative outputs, and predicted categories 

with confidence values. The project collection comprises 166 cases from 

ISLES 2015, Malaysian hospitals, and PadiMedical/Lönge Medikal. The 

current workflow analyzes selected annotated slices, not complete volumes. 

The deployed model record reports 93.10% test accuracy, 93.86% cross-

validation accuracy, and 65.08% balanced accuracy. Because split details, test-

set size, and class-wise results were unavailable, these scores are preliminary 

and do not establish clinical performance. BrainTeM supports research review, 

not diagnosis; independent patient-level validation, usability testing, and 

governance review remain necessary. 

 

Keywords: BrainTeM; diffusion-weighted MRI; ischemic stroke; lesion 

segmentation; machine learning; cloud application. 
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Introduction 

Stroke is a time-critical neurological condition, and imaging plays an important role in 

identifying and characterizing lesions and informing treatment planning. In acute 

ischemia, diffusion-weighted imaging (DWI) can reveal restricted water diffusion 

early after symptom onset [1][2]. Lesion appearance nevertheless varies with size, 

location, acquisition settings, artifacts, and time from onset. Manual delineation can be 

demanding, while comparisons between computational methods are complicated by 

differences in datasets, annotations, and validation protocols [3]. Recent global 

estimates continue to show a substantial stroke burden [4][5]. Figure 1 summarizes the 

motivation for DWI-based analysis and structured human review [6 - 8]. Recent work 

relevant to this study includes an earlier review of MRI-based computer-aided 

diagnosis (CAD) for stroke [9] and our subsequent empirical DWI-MRI CAD study 

using FCMAC segmentation and machine-learning classifiers [10]. For more recent 

benchmarking, ISLES 2022 provides a multicentre stroke-lesion dataset [11]. 

DeepISLES reports evaluation on an external real-world cohort [12], while a 2026 

study presents an adaptive deep-learning method for DWI lesion segmentation [13]. 

 

 
Figure 1. Conceptual context for DWI-based stroke lesion analysis and 

structured result review [1-5,9]. 

 

Automated stroke-lesion analysis has progressed from classical image processing and 

machine learning to deep-learning methods. ISLES 2015 offered a shared benchmark 

for multispectral MRI segmentation, while also illustrating how heterogeneous cases 

make algorithm comparisons difficult [3]. Earlier DWI studies explored fuzzy 

clustering, active contours, engineered features, and supervised classification [6]. 

Convolutional models have since shown promise, although small or heterogeneous 

datasets, domain shift, and limited external validation remain concerns [7–8]. A 2025 

systematic review likewise found substantial variation across studies and limited 

generalisability in acute and subacute MRI lesion segmentation [14]. 

BrainTeM brings an existing DWI analysis pipeline into a web-based cloud 

workflow. The cloud workflow builds on our earlier empirical DWI-MRI CAD study, 

which evaluated the FCMAC and machine-learning pipeline using the project data 

[10]. The present paper focuses on the browser-accessible deployment and structured 

result-review workflow; any reused cohort or model outputs should be identified as 
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previously reported rather than presented as new findings. It links image submission 

with preprocessing, candidate lesion segmentation, measurement, classification, and 

result review. This paper examines the system integration and its operation. It does not 

introduce a new segmentation algorithm or claim clinical validation or improved 

patient outcomes. 

This paper highlights three contributions. It describes how the existing FCMAC 

pipeline and 13-feature weighted k-nearest-neighbour classifier were integrated into a 

browser-based application; outlines the cloud arrangement separating the interface, 

analysis service, model files, and result storage; and reports the model-summary values 

currently available, together with their evaluation limitations and the validation still 

needed before clinical use. 

 

Literature Review 

DWI-based ischemic stroke analysis 

DWI is sensitive to changes in water diffusion and is routinely used when assessing 

acute ischemic lesions [1–2]. Automated segmentation remains difficult because 

lesions can be small, irregular, or hard to distinguish from nearby structures. ISLES 

2015 provided a public dataset and benchmark for comparing stroke-lesion 

segmentation methods [3]. Results on one benchmark, however, do not establish 

performance across scanners, hospitals, acquisition protocols, or stages of disease. 

2.2. Classical segmentation and machine learning 

Fuzzy c-means (FCM) gives each pixel or feature vector graded membership in several 

clusters, rather than assigning it immediately to a single group [15]. This can help 

represent uncertain tissue boundaries, although standard FCM is sensitive to 

initialization and noise. Active-contour methods refine a boundary by evolving a curve 

toward image structures while minimizing an energy function [16]. In a hybrid 

approach, FCM membership can help initialize or guide that evolution. For a small, 

curated dataset, a feature-based classifier is a compact option compared with training a 

high-capacity neural network. Weighted k-nearest neighbours (WKNN) use nearby 

training samples to assign a class, with closer samples having greater influence [17]. 

Earlier DWI studies have combined FCM, active contours, statistical features, and 

machine-learning classifiers for stroke analysis [6]. BrainTeM follows this line of 

work and makes the pipeline available through a browser. Accordingly, this paper 

concerns the delivery and integration of the system; it does not present FCMAC or 

WKNN as new methods. 

2.3. From algorithm prototype to usable application 

A medical-imaging application involves more than its model score. Implementation 

also must handle image formats and metadata, storage, user access, traceability, and 

review of outputs. DICOM standardizes the communication and management of 

medical-imaging information, although files can still differ in encoding and series 

structure [18]. A browser interface can spare users from installing analysis software, 

and a cloud service can provide a common execution environment. Neither feature 

demonstrates that a system is secure, clinically validated, or suitable for every 

institution; those questions require testing and governance. 
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Moving AI into healthcare raises questions about dataset shift, workflow fit, 

evaluation design, and accountability [19]. Reported performance can also be 

overstated when studies include data leakage, non-independent splits, or incomplete 

reporting [8,20]. A research prototype should therefore present its output as aids for 

review, communicate uncertainty, and undergo independent validation before it can 

inform patient care. 

2.4. Implementation, governance, and human factors 

A usable image analysis service must fit the maturity of its intended workflow, with 

clear responsibilities and users. A radiology workflow roadmap distinguishes research 

systems from production integrations and feedback-enabled systems, each of which 

has different requirements [21-22]. BrainTeM is presented here as a research-support 

prototype. It has not been integrated with a hospital PACS or validated as part of a 

clinical pathway. 

 Health-AI governance frameworks emphasize human oversight, privacy, safety, 

accountability, and equitable performance [23-24]. Guidance for medical-device 

development also stresses lifecycle controls, representative data, monitoring, and a 

clearly defined intended use [25-26]. Consistent with these principles, BrainTeM 

presents outputs for review and does not authorize clinical action. 

2.5. Evaluation and reporting of medical AI 

Technical performance and the effect of decision-support software on users or care 

processes are separate questions. Guidance on clinical evaluation recommends 

appropriate cohorts, comparators, and statistical methods [27]. CONSORT-AI and 

SPIRIT-AI call for clear reporting of AI interventions, input data, workflow, and 

human-AI interaction [28-29]. TRIPOD+AI and DECIDE-AI provide further 

guidance for reporting prediction models and evaluating early-stage decision-support 

systems [30-31]. 

 Image overlays and confidence values make intermediate outputs easier to 

inspect, but they do not explain by themselves why a model produced a prediction. 

Explainability in healthcare involves several disciplines, and current techniques have 

limitations that should be stated clearly [32-33]. The quality of human-AI 

collaboration must therefore be evaluated in the workflow itself; it cannot be inferred 

from the presence of an interface [34]. 

 

Materials and Methods 

  System design 

BrainTeM is a browser-accessible application built around a Flask service deployed on 

Google Cloud Run. It accepts DICOM files or ZIP packages, starts the image-analysis 

pipeline, and returns a job status with a visual result bundle. Firebase services support 

user identity, job metadata, and object storage in the project architecture. The design 

separates public information pages, the authenticated analysis portal, backend 

processing, and stored results so each component can be managed independently. 

Figure 2 outlines the data flow. As in other research-service patterns, an analysis 

service receives inputs, generates outputs, and returns them to a browser for inspection 

[21][22]. 

 



Braintem: A Cloud-Based Decision-Support Platform…                                          405 
 

 
 

Figure 2. High-level view of the BrainTeM platform layers. The diagram is 

conceptual and omits deployment-specific configuration. 
 

Table 1. Summary of the analysis workflow stages. 
 

Stage Input / action Output 

1.Submission User selects a DICOM file or ZIP 

package in the browser. 

Validated upload and 

processing request. 

2. API handling Flask service accepts the request and 

identifies image content. 

Analysis job and source 

image reference. 

3. Image 

analysis 

Preprocessing, FCMAC 

segmentation, feature extraction, and 

WKNN prediction. 

Segmentation mask, 

measurements, category, 

confidence. 

4. Result 

persistence 

Generated images and metadata are 

written to cloud storage and job 

records. 

Retrievable analysis 

artifacts. 

5. Review Browser displays original, processed, 

segmented, and overlay views with 

metrics. 

Structured output for 

research review. 

 

3.2 Evaluation and reporting of medical AI 

The project inventory lists 166 cases from three sources: 67 acute cases from ISLES 

2015, approximately 53 cases from Malaysian hospitals (20 acute and 33 chronic), 

and 46 acute cases contributed through PadiMedical/Lönge Medikal. These data 

sources and the related segmentation and classification work were described in our 

previous study [10]. The authors should specify which data and model outputs are 

reused here, and which evaluations were conducted specifically for the cloud 

platform. Neuroradiology input was used to delineate the ground-truth lesion regions, 

according to the project records. The current workflow processes select DWI slices; it 

is not a full volumetric analysis of every case. Before submission, the investigators 

should reconcile the cohort definitions and the number of slices used for model 

development against the final dataset manifest. 
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 These collections differ in how they were acquired and curated. ISLES is a public 

challenge benchmark [3], whereas the hospital and partner datasets were assembled 

for this project. The supplied project record did not include patient demographics, 

scanner distributions, ethics identifiers, or consent details. The investigators should 

add the relevant approvals, data-use permissions, and de-identification procedures 

before submitting the manuscript. 

3.3 Preprocessing and lesion segmentation 

DWI images undergo intensity normalization, background removal, and gamma 

enhancement. Normalization reduces differences in intensity scale, background 

removal suppresses non-brain pixels, and gamma adjustment changes image contrast 

for subsequent analysis. The processing parameters depend on the configuration and 

should be recorded alongside the versioned code used in any reproducibility study. 

 FCMAC combines fuzzy c-means clustering with active-contour refinement to 

identify a candidate lesion region. FCM assigns soft membership values to pixels, 

helping identify regions with similar intensity; the active contour then refines the 

candidate boundary. The resulting binary mask is used for visualization and feature 

calculation. In this prototype, it represents an algorithm-generated candidate region 

and requires confirmation by a qualified reader. The overall sequence, from input 

through image preparation and lesion analysis to measurements and result review, is 

summarized in Figure 3. The diagram presents the workflow at a high level and omits 

implementation-specific parameters. 

 

 
Figure 3. Abstract analysis flows from image input to result review. 

 

3.4 Feature extraction and classification  

The segmented region is described by 13 measurements covering its size and 

boundary geometry, intensity distribution, and selected histogram or gradient 

characteristics. These values form the input to a weighted K-nearest-neighbour 
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classifier, which returns the class encoded in the trained model and a confidence 

value. This value is a model output, not a calibrated probability of disease. 

 

Table 2. The features that are used in project pipeline. 

Feature group Features 

Region geometry Area; perimeter; compactness. 

Intensity summary Mean; maximum normalized intensity; standard deviation; 

median; mode within ROI; mean boundary intensity. 

Distribution and 

gradients 

Skewness; kurtosis; mean gradient magnitude (MGR); variance 

of gradient response (VGR). 

 

BrainTeM retains the 13-feature set used in the established project pipeline. To 

reproduce it precisely, the implementation record should define compactness, MGR, 

and VGR, and specify the normalization conventions and units for each feature. 

3.5 Cloud implementation and result presentation  

The web service provides routes for the landing page, analysis submission, DICOM 

preview, model information, and retrieval or deletion of uploaded analysis records. 

The backend processes DICOM files and ZIP packages, then makes the source, 

preprocessed, segmented, and overlay images, along with numeric outputs, available 

to the browser through cloud-backed storage. The project uses Cloud Run to host the 

containerized Flask service and Firebase components for storage and application data 

[35–36]. Users can access the workflow remotely without installing the analysis 

software on their own machines. 

For review, the interface can show the source, processed, segmented, and overlay 

images, together with the predicted label, confidence value, extracted features, and 

available segmentation metrics. Depending on the analysis record, these metrics may 

include Dice coefficient, true-positive rate, false-negative rate, precision, and 

accuracy. Their appearance in the interface does not mean that every metric has been 

independently measured for every uploaded case. 

3.6 Evaluation approach  

We considered functional evidence separately from model evidence. Functional 

evidence concerns whether the deployed workflow accepts supported inputs, runs the 

analysis stages, stores the outputs, and displays the results. The saved model 

information lists 93.10% test accuracy, 93.86% cross-validation accuracy, and 

65.08% balanced accuracy. These measures are not interchangeable: with imbalanced 

classes, overall accuracy can remain high even when average class recall is lower 

[37]. 

The records available for this paper did not specify the test-set size, patient-level 

split, fold construction, class counts, confusion matrix, confidence intervals, or 

external test protocol. We therefore report the scores only as summaries supplied by 

the deployed model. This study did not include an independent user study, runtime 

benchmark, prospective clinical assessment, or comparison with radiologist decisions. 

3.7 Functional scope of the prototype 

The prototype supports a small set of user tasks: upload a supported image package, 

start processing, check its status, inspect the image views, and review the resulting 
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measurements and class. We have not measured usability formally or tested every 

DICOM encoding and ZIP structure. Before the system is used with new clinical 

collections, input validation, series selection, access control, and storage behavior 

should be assessed against a documented acceptance set. 

A reproducible release should record the software version, model artifact, 

preprocessing settings, service configuration, and output schema. These details are 

needed for controlled evaluation, although this platform paper reports the deployment 

only at a high level. 

 

Results and Discussion 

System design 

BrainTeM links image submission and result review to a multistage analysis pipeline. 

A user can upload a DICOM image or ZIP package, start an analysis job, and inspect 

the resulting image views and measurements in a browser. The engineering 

contribution is the delivery of preprocessing, candidate lesion segmentation, feature-

based classification, and visualization through a single remote workflow. Because 

results are stored separately from the web service, they remain available after 

processing finishes. 

From the user's perspective, the workflow has four phases: submission, 

processing, result storage, and review. Keeping these phases distinct makes it easier to 

identify whether an issue occurred before analysis, during processing, or while 

displaying the result. It also offers a starting point for future logging and service 

monitoring; no latency or uptime measurements are reported here. 

The system bridges an offline analysis pipeline and a browser-accessible 

application. Showing intermediate images gives reviewers a way to judge whether the 

candidate region appears plausible; a label or score alone would not show where the 

model focused. Overlays can also appear more certain than they are, so the interface 

should identify the output as a candidate result for research review. 

4.2 Model summary and interpretation 

The model that has been used in the pipeline record reports 93.10% accuracy and 

65.08% balanced accuracy as stated in Table 3. This difference cautions against 

relying on overall accuracy alone, particularly if some classes are under-represented. 

Without the class distribution and confusion matrix, we cannot determine which class 

contributes most to the difference or independently calculate sensitivity and specificity. 

These values should not be described as “93% clinically accurate” or compared 

directly with studies using patient-level external tests or lesion-overlap measures. 

Segmentation also needs its own quantitative evaluation. A suitable study would 

compare each case with the expert reference mask and report the Dice similarity 

coefficient alongside measures such as lesion-wise sensitivity, precision, and volume 

difference. Case-level distributions are more informative than a pooled average alone. 

The study should also document how annotations were made, inter-reader variation, 

and how small lesions were handled. Classification accuracy cannot stand in for 

segmentation validation. 
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Table 3. Model summary 

Reported model 

measure 

Value Interpretation 

Test accuracy 93.10% Overall proportion correctly classified in the recorded 

evaluation; test-set size and split details unavailable. 

Cross-validation 

accuracy 

93.86% Reported mean or summary accuracy; fold-level values 

and validation protocol unavailable. 

Balanced accuracy 65.08% Class-balanced summary; materially lower than overall 

accuracy and consistent with class-wise performance 

needing scrutiny. 

 

4.3 Result presentation and review boundary 

The result bundle keeps the source image, prepared image, candidate mask, overlay, 

and model summary together for inspection (Figure 4). This lets a reader see where the 

algorithm marked a region before considering its category or confidence value. 

BrainTeM does not produce a radiology report; its confidence value is not a calibrated 

probability of disease. Interpretation in the full clinical context remains the 

responsibility of a qualified reader.  

Figure 4 groups the output components conceptually. It is not a replica of the live 

interface, does not show code-level processing settings, and does not imply that every 

view is available for every upload. Detailed model analysis and clinical evaluation are 

outside the scope of this platform paper and are better addressed in separate studies. 

 

 

 
Figure 4. Schematic of result components presented for review. 
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4.4 Operational considerations 

Research data may arrive as individual DICOM images or as ZIP packages, so both 

input types are useful. Reliable processing also requires checks for malformed files, 

unsupported transfer syntaxes, missing pixel data, mixed studies, and unexpected 

series contents. The service should identify which slice or series it selected and show 

processing status clearly, especially when a package contains several possible images. 

An audit record should connect the source file with the software and model versions, 

processing time, outputs, and any error message. 

Cloud hosting makes remote access and centralized updates possible, but it also 

raises governance questions. Medical images can retain identifying metadata even after 

pixel-level de-identification. Before clinical data are used, the project should verify 

access controls, retention periods, encryption, audit trails, backups, institutional 

approvals, and relevant Malaysian privacy and health-data requirements. This paper 

does not claim regulatory clearance or production-grade security certification. 

4.5 Limitations and next validation steps 

The evidence is limited by the size and heterogeneity of the project collection, the use 

of selected slices, incomplete details about the classifier split, and the absence of an 

independent external test. Slices from the same patient may be correlated; a random 

slice-level split could place a patient's images in both training and test sets and inflate 

the reported scores. Future evaluation should split by patient and, where possible, by 

institution or acquisition source. A locked evaluation script should report cohort flow, 

class counts, preprocessing, model parameters, fold design, the confusion matrix, 

class-wise sensitivity and specificity, balanced accuracy, and confidence intervals. 

The web workflow has not undergone formal usability testing or prospective 

assessment in a clinical setting. Future studies should include neuroradiologists and 

intended users, define the tool's role, record task completion and error rates, and 

examine how users interpret the overlay and confidence value. Any 3D extension 

should be evaluated separately using volumetric inputs and patient-level ground truth; 

it should not be presented as part of the current selected-slice prototypede. 

 

Conclusion 

This paper describes BrainTeM, a cloud-hosted prototype that connects DWI upload 

with image preparation, FCMAC candidate segmentation, 13-feature extraction, 

weighted k-nearest-neighbour classification, and browser-based result review. The 

application brings intermediate images and model outputs together in a remote 

workflow. The deployed model record lists 93.10% test accuracy, 93.86% cross-

validation accuracy, and 65.08% balanced accuracy. The gap between overall and 

balanced accuracy underlines the need for class-wise evaluation. Because the patient-

level split, confusion data, and external validation were not available, these figures 

remain preliminary system summaries and do not establish clinical effectiveness. 

BrainTeM is intended for research support and structured review. Independent multi-

site validation, transparent reporting, usability testing, and governance review are 

needed before clinical deployment. 
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