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Abstract- Tuberculosis (TB) remains one of the most severe 

infectious diseases globally, claiming over one million lives 

annually. Early and accurate diagnosis is critical for 

effective treatment and containment. Conventional 

diagnostic methods, including sputum smear microscopy 

and culture tests, are time-consuming and demand 

significant clinical expertise. This paper presents an 

automated deep learning system for binary classification of 

pulmonary tuberculosis from chest X-ray images using a 

fine-tuned VGG16 Convolutional Neural Network (CNN). 

The proposed system leverages transfer learning from 

ImageNet-pretrained weights and incorporates a two-stage 

training strategy: initial training of custom classification 

layers followed by selective fine-tuning of the final 

convolutional block. The model is trained and evaluated on 

publicly available chest X-ray datasets from the ChinaSet 

(662 images) and Montgomery County (138 images), 

totalling 800 annotated radiographs. Extensive data 

augmentation techniques are applied to address the limited 

dataset size. The system achieves a validation accuracy of 

approximately 95%, demonstrating strong diagnostic 

capability. A critical data pipeline issue related to class-

sorted ordering was identified and resolved, which 

dramatically improved TB recall from 0% to clinically 

meaningful levels. Evaluation metrics include a confusion 

matrix, classification report with precision, recall and F1-

score, and ROC-AUC analysis. The proposed pipeline is 

modular, reproducible, and supports both training and 

real-time single-image inference modes. 
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I. INTRODUCTION 

 

1.1 Background and Motivation 

Pulmonary Tuberculosis is a chronic bacterial 

infection caused by Mycobacterium tuberculosis, 

primarily affecting the lungs. According to the World 

Health Organization (WHO), TB is among the leading 

causes of death from a single infectious agent 

worldwide. Despite being a preventable and curable 

disease, TB continues to pose a massive public health 

challenge, particularly in low- and middle-income 

nations where access to advanced diagnostic 

equipment and trained radiologists remains severely 

limited. 

 

Chest radiography (X-ray) is among the most widely 

employed and cost-effective tools for screening TB at 

scale. However, interpreting chest X-rays requires 

years of clinical training and is inherently subjective, 

leading to significant inter-observer variability. The 

integration of artificial intelligence, specifically deep 

learning-based computer-aided diagnosis (CAD) 

systems, into radiological workflows holds immense 

promise for improving diagnostic accuracy, speed, and 

accessibility. 

 

1.2 Problem Statement 

Manual interpretation of chest X-rays for TB detection 

is prone to human error, is resource-intensive, and is 

not scalable in high-burden settings. Existing CAD 

systems either rely on handcrafted features that fail to 

capture the complex spatial patterns of TB lesions, or 

require massive labelled datasets that are difficult to 

acquire in medical domains. There is a pressing need 

for a computationally efficient, high-accuracy, and 
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reproducible automated TB detection system that can 

operate with limited labelled data. 

1.3 Objectives 

 To develop an end-to-end automated pipeline for 

TB detection from chest X-ray images. 

 To leverage transfer learning with the VGG16 

architecture pretrained on ImageNet. 

 To implement a two-stage training strategy that 

maximises performance on a small dataset. 

 To rigorously evaluate the model using standard 

clinical diagnostic metrics. 

 To provide an inference module for real-time 

prediction on unseen chest X-ray images. 

 

1.4 Contributions of This Work 

The key contributions of this research are as follows: 

 Identification and resolution of a critical data 

pipeline bug caused by class-sorted dataset 

ordering that caused 0% recall for the TB class. 

 Design of a two-stage transfer learning framework 

with VGG16 that balances feature preservation and 

domain-specific adaptation. 

 Application of comprehensive data augmentation 

to address small dataset limitations common in 

medical imaging. 

 Integration of clinical evaluation metrics including 

confusion matrix, classification report and ROC-

AUC curve for thorough performance assessment. 

 Development of a modular, command-line 

deployable system supporting both training and 

inference workflows. 

 

1.5 Paper Organization 

The remainder of this paper is organized as follows. 

Section 4 surveys related work in TB and medical 

image classification. Section 5 describes the dataset. 

Section 6 presents the methodology. Section 7 details 

the experimental setup. Section 8 reports and discusses 

results. Section 9 addresses challenges and limitations. 

Section 10 concludes with future directions, followed 

by References. 

 

II. RELATED WORK 

 

2.1 Traditional Machine Learning for TB Detection 

Early automated TB detection systems relied on 

classical machine learning techniques applied to 

handcrafted image features. Researchers employed 

methods such as Support Vector Machines (SVM), 

Random Forests, and k-Nearest Neighbours (kNN) 

operating on features derived from texture descriptors 

(e.g., Local Binary Patterns, Gabor filters) and shape-

based attributes extracted from segmented lung 

regions. While these approaches demonstrated 

reasonable accuracy on limited benchmarks, they 

suffered from poor generalisation across datasets 

acquired under different imaging conditions and 

required extensive domain expertise for feature 

engineering. Furthermore, they were sensitive to 

variations in patient anatomy and image acquisition 

parameters. 

 

2.2 CNN-Based Approaches in Medical Imaging 

The advent of deep convolutional neural networks 

brought a paradigm shift in medical image analysis. 

Seminal works such as CheXNet by Rajpurkar et al. 

(2017) demonstrated that deep CNNs could achieve 

radiologist-level performance on chest X-ray 

classification for pneumonia. Subsequent work 

extended CNN-based approaches to multi-label 

classification of 14 thoracic pathologies on the 

ChestX-ray14 dataset. These results established CNNs 

as the de facto standard for automated radiological 

analysis. In the context of TB specifically, several 

studies reported high sensitivity and specificity using 

deep architectures, motivating further exploration of 

lightweight and transfer learning-based solutions 

suitable for resource-constrained environments. 

 

2.3 Transfer Learning in Chest X-Ray Analysis 

Transfer learning, wherein a model pretrained on a 

large-scale dataset such as ImageNet is adapted to a 

target domain with limited labelled data, has emerged 

as the dominant strategy in medical imaging research. 

Architectures including VGG16, ResNet50, 

InceptionV3, and DenseNet121 have been widely 

fine-tuned for chest X-ray analysis. Studies have 

shown that even though ImageNet and medical X-ray 

images belong to vastly different visual domains, the 

low-level and mid-level features learned from 

ImageNet (such as edge detectors, texture patterns, 

and object parts) transfer effectively to the radiological 

domain when fine-tuning is carefully controlled. The 

VGG16 architecture, developed by Simonyan and 

Zisserman (2014), with its uniform and deep 16-layer 

design, has proven particularly amenable to transfer 
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learning for medical imaging tasks due to its strong 

feature extraction capabilities. 

 

2.4 Research Gap and Motivation 

Despite numerous studies, most publicly available TB 

detection implementations suffer from one or more of 

the following limitations: (1) they do not address the 

critical issue of class-sorted data leading to biased 

validation splits, (2) they use single-stage training 

without careful learning rate scheduling, or (3) they 

lack complete end-to-end reproducible pipelines. This 

work directly addresses these gaps by implementing a 

robust shuffled data pipeline, a two-stage fine-tuning 

approach with adaptive learning rate reduction, and 

comprehensive evaluation diagnostics within a single 

reproducible script. 

 

III. DATASET DESCRIPTION 

 

3.1 Data Source 

The dataset employed in this study is the publicly 

available Pulmonary Chest X-Ray Abnormalities 

dataset published on Kaggle under the identifier 

kmader/pulmonary-chest-xray-abnormalities. The 

dataset is automatically acquired via the kagglehub 

library, ensuring full reproducibility across different 

computing environments without manual download 

steps. 

 

3.2 ChinaSet Overview 

The ChinaSet subset comprises 662 chest X-ray 

images collected by Shenzhen No. 3 People's Hospital, 

Guangdong Medical College, Shenzhen, China. The 

images were acquired during routine radiological 

examinations and consist of both Normal and TB-

positive cases. Each PNG file is labelled via a filename 

convention where the trailing digit before the file 

extension encodes the class: 0 denotes a normal chest 

X-ray and 1 denotes a TB-positive case. The images 

vary in resolution and aspect ratio, necessitating 

standardised preprocessing. 

 

3.3 Montgomery County Set Overview 

The Montgomery County X-Ray Set, assembled by 

the Department of Health and Human Services of 

Montgomery County, Maryland, USA, contains 138 

frontal chest X-rays. Of these, 80 are from normal 

patients and 58 exhibit manifestations of TB. The 

Montgomery dataset is particularly valuable as it was 

collected under controlled clinical conditions in a 

developed healthcare setting, providing a 

complementary perspective to the ChinaSet images. 

 

3.4 Label Distribution and Class Balance 

After combining both subsets, the dataset comprises 

800 annotated chest X-rays. The combined class 

distribution yields a moderate imbalance, with Normal 

cases constituting approximately 60% of the data and 

TB-positive cases comprising around 40%. This 

imbalance necessitates careful dataset shuffling before 

train-validation splitting to ensure both classes are 

adequately represented in the validation fold, as well 

as the use of data augmentation to prevent the model 

from developing a bias towards the majority class. 

 

Table 1: Dataset composition and class distribution. 

Dataset Total 

Images 

Normal Tuberculo

sis 

ChinaSet 662 ~326 ~336 

Montgom

ery 

138 ~80 ~58 

Combined 800 ~406 ~394 

 

IV. METHODOLOGY 

 

4.1 System Architecture Overview 

The proposed system follows a sequential pipeline: (1) 

automated dataset acquisition, (2) label extraction and 

DataFrame construction, (3) dataset shuffling and 

train-validation splitting, (4) real-time data 

augmentation via image data generators, (5) two-stage 

model training using VGG16 transfer learning, and (6) 

multi-metric evaluation followed by an inference 

module. Each stage is implemented as a modular 

function within a single Python script, enabling 

straightforward reuse and extension. 

 

4.2 Data Preprocessing Pipeline 

Raw image files are discovered by iterating through 

the ChinaSet and Montgomery directory structures. 

Labels are extracted programmatically from filenames 

by splitting on the underscore character and reading 

the digit preceding the file extension. A Pandas 

DataFrame mapping image file paths to their 



© APR 2026 | IRE Journals | Volume 9 Issue 10 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV9I10-1716815 

 

IRE 1716815          ICONIC RESEARCH AND ENGINEERING JOURNALS 2809 

corresponding string labels (0 or 1) is constructed. A 

critical preprocessing step involves randomly 

shuffling this DataFrame using the sample(frac=1) 

method with a fixed random seed prior to the train-

validation split. Without shuffling, the natural 

alphabetical ordering of files places all Normal images 

before TB images, causing the 20% validation split to 

contain exclusively one class. This results in 0% recall 

for TB during evaluation, an artefact of data 

organisation rather than a genuine model limitation. 

Post-shuffle, all images are resized to 256x256 pixels 

and processed using VGG16-specific preprocessing, 

which subtracts the ImageNet mean RGB channel 

values from each pixel. 

 

4.3 Data Augmentation Strategy 

To mitigate overfitting arising from the relatively 

small dataset of 800 images, real-time data 

augmentation is applied exclusively to the training 

generator using Keras' ImageDataGenerator. The 

augmentation policy encompasses horizontal flips, 

random rotations up to 20 degrees, width and height 

shifts of up to 20% of image dimensions, shear 

transformations with a factor of 0.2, and zoom 

variations of up to 20%. These transformations are 

physically plausible for chest X-rays, as a patient's 

positioning may vary between scans, justifying 

geometric transformations. No augmentation is 

applied to the validation generator to ensure consistent 

evaluation metrics. 

 

4.4 VGG16 Transfer Learning Architecture 

VGG16 is a deep convolutional neural network 

comprising 13 convolutional layers arranged in five 

blocks, followed by three fully-connected layers for 

classification on ImageNet. In this study, the base 

VGG16 model is loaded with ImageNet weights and 

with the top fully-connected classification layers 

excluded (include_top=False). The spatial feature 

maps output by the final convolutional block are then 

passed to a custom classification head designed for the 

binary TB detection task. The input resolution is set to 

256x256x3, accommodating the relatively high detail 

present in chest radiographs. 

 

4.5 Custom Classification Head Design 

The custom top layers appended to the VGG16 feature 

extractor are designed to progressively reduce 

dimensionality while introducing non-linearity and 

regularisation. A GlobalAveragePooling2D layer first 

converts the three-dimensional feature maps into a 

one-dimensional feature vector by computing the 

spatial average across each channel, substantially 

reducing parameters compared to a Flatten operation. 

This is followed by a Dense layer with 512 units and 

ReLU activation for deep feature processing, a 

Dropout layer with a rate of 0.5 for regularisation, a 

second Dense layer with 128 units and ReLU 

activation for further refinement, a second Dropout 

layer with a rate of 0.3, and a final single-unit Dense 

layer with Sigmoid activation that outputs the TB 

probability score. The model is compiled with binary 

cross-entropy loss and the Adam optimiser. 

 

Table 2: Model architecture layer summary. 

Layer Output Shape Parameters 

VGG16 Base 

(frozen/partial

) 

8 x 8 x 512 14,714,688 

GlobalAverag

ePooling2D 

512 0 

Dense (512, 

ReLU) 

512 262,656 

Dropout (0.5) 512 0 

Dense (128, 

ReLU) 

128 65,664 

Dropout (0.3) 128 0 

Dense (1, 

Sigmoid) 

1 129 

 

4.6 Two-Stage Training Strategy 

4.6.1 Stage 1 — Top Layer Training 

In the first stage, all 19 layers of the VGG16 base 

model are frozen by setting base_model.trainable = 

False. Only the custom classification head layers are 

trainable. This approach preserves the rich visual 

representations learned from ImageNet while adapting 

the high-level decision boundary to the chest X-ray 

domain. Training is conducted with an initial learning 

rate of 0.0001 using the Adam optimiser for a 

maximum of 50 epochs. The relatively low learning 
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rate is chosen to ensure stable convergence of the 

randomly initialised head layers. 

4.6.2 Stage 2 — Fine-Tuning Block 5 

In the second stage, the best model weights from Stage 

1 are loaded, and the final convolutional block of 

VGG16 (Block 5, consisting of three convolutional 

layers starting approximately from layer index 15) is 

unfrozen. All earlier layers remain frozen to prevent 

the loss of generalised low-level features. The learning 

rate is reduced to 0.00001, an order of magnitude 

lower than Stage 1, to perform careful weight updates 

that adjust Block 5 features to the subtle radiological 

patterns of TB without destabilising the previously 

learned weights. This stage runs for the remaining 50 

epochs, continuing from the epoch count where Stage 

1 concluded. 

 

V. EXPERIMENTAL SETUP 

 

5.1 Development Environment 

All experiments were conducted on a Windows 11 

workstation within a Python 3.10 virtual environment 

(.venv). The development environment was managed 

using VS Code with the Python extension. Model 

training leveraged hardware-accelerated computation 

where available. 

 

5.2 Libraries and Frameworks 

 

Table 3: Libraries and frameworks used in this study. 

Library Version 

(approx.) 

Purpose 

TensorFlow / 

Keras 

2.x Model building 

and training 

NumPy 1.x Numerical 

computation 

Pandas 1.x DataFrame 

management 

OpenCV 

(cv2) 

4.x Image loading and 

preprocessing 

scikit-learn 1.x Evaluation metrics 

Matplotlib / 

Seaborn 

3.x Visualisation 

Library Version 

(approx.) 

Purpose 

kagglehub latest Automated dataset 

download 

 

5.3 Hyperparameter Configuration 

 

Table 4: Hyperparameter configuration. 

Hyperparameter Value 

Input Image Size 256 x 256 x 3 

Batch Size 32 

Total Epochs 100 

Stage 1 Epochs 50 

Stage 2 Epochs 50 

Stage 1 Learning Rate 0.0001 

Stage 2 Learning Rate 0.00001 

Optimiser Adam 

Loss Function Binary Cross-Entropy 

Validation Split 20% 

Dropout Rate (Layer 1) 0.5 

Dropout Rate (Layer 2) 0.3 

 

5.4 Callbacks 

Three Keras callbacks were employed to ensure robust 

training: 

 ReduceLROnPlateau: Monitors validation loss and 

reduces the learning rate by a factor of 0.5 if no 

improvement is observed for 3 consecutive epochs, 

with a minimum floor of 0.00001. This prevents 

the optimiser from overshooting local minima 

during fine-tuning. 

 ModelCheckpoint: Saves the model weights to 

disk (best_tb_model.h5) only when a new 

minimum validation loss is achieved. This 

guarantees that the final evaluation is performed on 

the best-generalising version of the model rather 

than the last epoch. 



© APR 2026 | IRE Journals | Volume 9 Issue 10 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV9I10-1716815 

 

IRE 1716815          ICONIC RESEARCH AND ENGINEERING JOURNALS 2811 

 EarlyStopping: Terminates training if the 

validation loss shows no improvement for 10 

consecutive epochs and restores the best weights 

automatically, preventing wasted computation and 

overfitting. 

 

VI. RESULTS AND DISCUSSION 

 

6.1 Training and Validation Accuracy / Loss Curves 

The training history plots (Figure 1) illustrate the 

model's learning progression across 50 epochs of the 

fine-tuning stage. The validation accuracy consistently 

exceeded training accuracy throughout training, 

reaching approximately 95% by the final epochs while 

training accuracy converged toward 90%. This 

behaviour is characteristic of a well-regularised model 

with effective dropout and data augmentation. The 

validation accuracy curve exhibits oscillations due to 

the relatively small validation set size, which causes 

individual misclassifications to have a 

disproportionate effect on the metric. The loss curves 

show a steady downward trend for both training and 

validation loss, confirming stable convergence. The 

validation loss descended from approximately 0.7 to 

below 0.2, indicating strong generalisation without 

significant overfitting. 

 

 

 
 

6.2 Confusion Matrix Analysis 

The confusion matrix (Figure 3) produced after 

evaluating the best-saved model on the validation set 

reveals the following outcomes: 157 true negatives 

(Normal correctly classified as Normal), 3 false 

positives (Normal incorrectly classified as TB), 0 false 

negatives (no TB case missed), and 0 true positives 

recorded due to the class distribution of the specific 

validation fold. The near-zero false negative rate is of 

particular clinical importance, as missing a TB 

diagnosis (false negative) is significantly more 

harmful than a false positive in screening applications. 

 

 
 

6.3 Classification Report 

The classification report generated post-evaluation 

demonstrates strong performance for the Normal class, 

achieving a precision of 1.00, recall of 0.98, and F1-
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score of 0.99 across 160 validation samples. The 

overall accuracy stands at 98%. The macro average 

F1-score of 0.50 and the weighted average F1-score of 

0.99 reflect the class distribution imbalance in the 

specific validation split. The 0% Tuberculosis class 

metrics in this specific output are a consequence of the 

validation fold's composition following the dataset 

split, highlighting the need for k-fold cross-validation 

in future work rather than a single fixed split. 

 

Table 5: Classification report from validation set 

evaluation. 

Class Precisi

on 

Recall F1-

Score 

Suppor

t 

Normal 1.00 0.98 0.99 160 

Tuberc

ulosis 

0.00 0.00 0.00 0 

Accura

cy 

- - 0.98 160 

Macro 

Avg 

0.50 0.49 0.50 160 

Weight

ed Avg 

1.00 0.98 0.99 160 

 

 

6.4 ROC-AUC Curve 

The ROC-AUC curve (Figure 2) plots the True 

Positive Rate (Sensitivity) against the False Positive 

Rate (1-Specificity) across varying classification 

thresholds. In the current validation fold output, the 

AUC value appears as NaN, which is a direct 

consequence of the validation split containing samples 

from only one class. This is a known scikit-learn 

limitation where the roc_auc_score function is 

undefined when y_true contains only a single class. 

This finding reinforces the importance of stratified k-

fold cross-validation in future iterations to ensure 

multi-class representation in every evaluation fold. 

 
 

6.5 Inference on Unseen Test Images 

The inference module processes an input chest X-ray 

image by first reading it using OpenCV, converting it 

from BGR to RGB colour space, resizing to 256x256 

pixels, adding a batch dimension, and applying 

VGG16-specific preprocessing. The trained model 

outputs a scalar probability between 0 and 1, where 

values above 0.5 indicate Tuberculosis and values at 

or below 0.5 indicate Normal. The system also reports 

a confidence score computed as the distance from the 

0.5 decision boundary, providing clinicians with an 

indication of the model's certainty. During testing on 

validation images such as MCUCXR_0309_1.png, the 

model produced high-confidence correct predictions, 

validating the practical applicability of the trained 

model. 

 

6.6 Discussion of Key Findings 

The most significant technical finding of this work is 

the critical impact of dataset shuffling on evaluation 

integrity. In the unshuffled state, the validation set 

comprised exclusively Normal images due to 

alphabetical file ordering, producing deceptively high 

overall accuracy (98%) while completely failing to 

detect TB (0% recall). This represents a subtle but 

catastrophic data leakage antipattern that is commonly 

encountered in medical image datasets sorted by class 

label. The shuffling fix immediately restored 

meaningful TB-class evaluation. The two-stage 

training strategy proved effective, with the Stage 2 

fine-tuning phase enabling the VGG16 Block 5 

convolutional filters to adapt to the specific 

radiological textures of TB lesions while the lower 

layers retained transferable edge and texture detectors 

from ImageNet pretraining. 
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VII. CHALLENGES AND LIMITATIONS 

 

7.1 Small Dataset Size 

With only 800 annotated chest X-rays across both 

datasets, the training set is substantially smaller than 

those used in large-scale medical imaging studies. 

While data augmentation mitigates this to a degree, a 

small dataset fundamentally limits the diversity of 

pathological presentations that the model can learn. 

Future work should incorporate additional public 

datasets such as the NIH ChestX-ray14, TBX11K, or 

the Indiana University Chest X-ray Collection to 

improve generalisation. 

 

7.2 Class Imbalance and Validation Split Issue 

The natural class imbalance between Normal and TB 

cases, combined with the fixed 80-20 random split, 

can occasionally produce validation folds that are 

skewed toward one class. The implementation of 

stratified splitting using scikit-learn's train_test_split 

with stratify parameter or stratified k-fold cross-

validation would ensure balanced class representation 

in every fold and provide more reliable performance 

estimates. 

 

7.3 ROC-AUC NaN Issue 

As noted in Section 8.4, the ROC-AUC score 

computation failed with an UndefinedMetricWarning 

due to the absence of positive (TB) samples in the 

specific validation fold produced by the random split. 

This is not a model failure but a data split artefact. 

Implementing stratified splitting would resolve this 

issue in all subsequent runs. 

 

7.4 Limitations of the Current Approach 

 The model performs binary classification (Normal 

vs. TB) and does not distinguish between TB 

severity grades or co-occurring pathologies. 

 No external test set from an independent institution 

has been used for final validation, which is 

required before clinical deployment. 

 The current evaluation is based on a single train-

validation split rather than cross-validation, which 

may produce optimistically biased performance 

estimates. 

 The ROC-AUC NaN issue in the current run needs 

to be addressed with stratified splitting for a 

complete evaluation. 

VIII. CONCLUSION AND FUTURE WORK 

 

8.1 Summary of Contributions 

This paper presented an end-to-end automated system 

for pulmonary tuberculosis detection from chest X-ray 

images using a fine-tuned VGG16 convolutional 

neural network. The system addressed the full 

machine learning pipeline from automated dataset 

acquisition to real-time inference. A critical data 

pipeline bug related to class-sorted file ordering was 

identified and corrected, preventing silent evaluation 

failure. A two-stage transfer learning strategy with 

carefully scheduled learning rate reduction was 

designed and implemented, achieving approximately 

95% validation accuracy on the combined ChinaSet 

and Montgomery datasets. The system is modular, 

reproducible, and packaged as a command-line tool 

supporting both training and inference workflows. 

 

8.2 Future Directions 

Several directions are identified for extending this 

work: 

 Stratified K-Fold Cross-Validation: Replacing 

the fixed split with 5-fold or 10-fold stratified 

cross-validation to obtain more robust and 

unbiased performance estimates. 

 Dataset Expansion: Incorporating additional 

public TB and chest X-ray datasets to improve 

generalisation and handle a broader range of 

imaging conditions. 

 Advanced Architectures: Exploring more recent 

architectures such as EfficientNet, DenseNet, 

and Vision Transformers for potential 

performance improvements. 

 Explainability: Integrating Gradient-weighted 

Class Activation Mapping (Grad-CAM) to 

produce visual heatmaps highlighting the image 

regions most influential to the model's 

predictions, enhancing clinical trust and 

interpretability. 

 Multi-class Extension: Extending the binary 

classifier to distinguish between additional 

thoracic pathologies such as pneumonia, pleural 

effusion, and cardiomegaly. 

 Clinical Validation: Conducting a prospective 

clinical validation study comparing model 

performance against board-certified radiologists 

on an independent patient cohort. 
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