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Abstract. Tuberculosis (TB) remains a major public health problem in resource-con-

strained settings, where delayed chest X-ray interpretation may slow triage and referral 

for confirmatory testing. This study evaluated whether external TB-specific pretraining 

could improve sensitivity and reduce missed TB cases when applied to Nigerian chest 

X-rays. A Nigerian four-class chest X-ray dataset containing COVID-19, normal, pneu-

monia, and TB images was reframed as a binary triage task: TB-positive versus non-

TB. DenseNet-121 was trained using two pathways: Nigerian-only training and exter-

nal TB/normal pretraining followed by Nigerian fine-tuning. Both models were evalu-

ated on the same Nigerian test set of 600 images. External pretraining reduced false-

negative TB predictions from 4 to 1, lowering the false-negative rate from 2.67% to 

0.67%, while maintaining high specificity (0.99). A threshold selected on the validation 

set and fixed before independent test evaluation achieved 98.67% sensitivity and 

99.78% specificity on the Nigerian test set. These findings suggest that TB-specific 

pretraining combined with local fine-tuning can improve the safety of AI-assisted TB 

triage in Nigerian and similar resource-constrained settings. 
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1 Introduction 

Tuberculosis (TB) remains one of the leading infectious causes of morbidity and mor-

tality worldwide. Although the disease is preventable and curable, delayed detection 

can prolong transmission and postpone treatment. Early identification of presumptive 

TB cases is therefore essential for confirmatory testing, treatment initiation, and infec-

tion-control measures [1]-[3]. 

Chest X-ray (CXR) is widely used as a screening and triage tool for pulmonary TB, 

particularly in high-burden settings where it is relatively accessible, non-invasive, and 

low-cost [1], [4], [5]. However, limited radiology capacity remains a barrier in many 

Nigerian health facilities. Nigeria has been reported to have only about 250-300 
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registered radiologists for a population above 200 million people, creating major delays 

in specialist interpretation [6]. AI-assisted CXR triage may help prioritize suspected 

TB cases for further review and confirmatory testing. 

Many AI studies for TB detection report high accuracy or AUROC (Area Under the 

Receiver Operating Characteristic), but these metrics alone may hide clinically im-

portant errors. In TB triage, false-negative predictions are especially concerning be-

cause they may incorrectly exclude true TB cases from further evaluation. In addition, 

many models are developed using simplified TB-versus-normal datasets, whereas real 

triage must distinguish TB from other abnormal non-TB CXRs, including pneumonia 

or COVID-19. Models trained in high-resource settings may also underperform in Af-

rican settings because of domain shift in image quality, equipment, patient population, 

and disease distribution [7]. 

This study addresses these gaps by reframing a Nigerian four-class CXR dataset 

from Aminu Kano Teaching Hospital, Kano, Nigeria as a binary TB triage task. The 

study compares DenseNet-121 trained directly on the Nigerian binary dataset with the 

same architecture pretrained on an external TB/normal dataset and then fine-tuned on 

Nigerian data. The central aim is to determine whether external TB-specific pretraining 

can improve sensitivity and reduce missed TB cases in a Nigerian screening context. 

2 Related Work 

2.1 Chest X-ray AI for Pulmonary Disease Detection 

Deep learning has been widely applied to CXR classification, detection, segmentation, 

and triage. Convolutional neural networks can learn radiographic patterns relevant to 

pulmonary disease, supporting automated analysis where specialist interpretation is 

limited [3]. Local work using Nigerian CXR data reported test accuracies above 90% 

for DenseNet-121, EfficientNet-B0, and ResNet-50, with DenseNet showing strong 

class-wise performance for TB, pneumonia, and COVID-19 classification [8]. 

Other studies have explored architectures such as CenterNet, EfficientNet, Vision 

Transformers, and hybrid CNN-transformer models for pulmonary disease detection 

[9], [10]. Ahsan et al. also showed that transfer learning with VGG16 could support TB 

classification from CXRs with minimal preprocessing [11]. These studies demonstrate 

the promise of AI for CXR interpretation, but reported performance varies with dataset 

size, disease mix, preprocessing, and evaluation design. 

2.2 AI-Based Tuberculosis Detection and Triage 

Several studies have focused directly on automated TB detection from CXRs. Recent 

approaches using filtering, normalization-free networks, and deep learning classifiers 

have reported high accuracy or AUC for binary TB classification [12]-[14]. Computer-

aided detection studies have also shown that AI-assisted CXR interpretation may ex-

pand access to TB screening where trained human resources are limited [15], [16]. 

Despite these advances, many studies still evaluate models in simplified TB-versus-

normal settings. This is less realistic for clinical triage because non-TB patients may 

have abnormal images caused by pneumonia, COVID-19, or other lung diseases. A 

model intended for triage should therefore be assessed against both normal and abnor-

mal non-TB images, with emphasis on sensitivity and false-negative reduction rather 

than accuracy alone. 
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2.3 Transfer Learning, External Pretraining, and Domain Shift 

Transfer learning is practical in medical imaging because local datasets are often small 

and expensive to label. Models pretrained on larger datasets can be fine-tuned for local 

tasks, improving convergence and reducing the need for training from scratch [8], [11]. 

However, transfer learning does not automatically solve domain shift. CXR models 

trained on external datasets may underperform in African settings because of differ-

ences in acquisition conditions, image quality, equipment, and population characteris-

tics [7]. 

External TB-specific pretraining may provide a useful middle ground: a model first 

learns broad TB-related radiographic features from an external TB/normal dataset, then 

adapts to local Nigerian CXR data through fine-tuning. However, few studies have ex-

amined whether this pathway specifically reduces missed TB cases in Nigerian or Af-

rican CXR triage. This study therefore evaluates external pretraining using false-nega-

tive reduction, sensitivity, and threshold-based screening performance as the central 

outcomes. 

3 Methodology 

3.1 Study Design and Experimental Framework 

This study was designed as a supervised deep learning experiment for CXR-based TB 

triage. DenseNet-121 was selected because of its strong performance in CXR classifi-

cation tasks [8]. The experiment tested whether adding an external TB pretraining step 

could help reduce false-negative predictions when the model was applied to Nigerian 

CXRs. 

Two training pathways were compared. In the first pathway, DenseNet-121 was 

trained directly on the Nigerian binary dataset, serving as the Nigerian-only baseline. 

In the second pathway, the same DenseNet-121 architecture was first trained on an ex-

ternal TB-versus-normal dataset, then transferred and fine-tuned on the Nigerian binary 

task. Both pathways used the same architecture and were evaluated on the same Nige-

rian test set. The Nigerian-only pathway involved 15 epochs of training on the Nigerian 

training set, whereas the external-pretraining pathway involved an additional 10 epochs 

of external TB/normal pretraining followed by 15 epochs of Nigerian fine-tuning.  

3.2 Dataset 

The main dataset was a publicly available Nigerian CXR dataset containing 2,600 im-

ages from patients at Amino Kano Teaching Hospital, Kano, Nigeria [7]. The dataset 

was equally distributed across COVID-19, normal, pneumonia, and TB classes, with 

650 images per class. For the binary triage task, all TB images were labelled TB-

positive, while COVID-19, normal, and pneumonia images were grouped as non-TB. 

This produced 650 TB-positive and 1,950 non-TB images. The external pretraining da-

taset was the Tuberculosis (TB) Chest X-ray Database, which contained 3,500 normal 

CXRs and 700 TB CXRs from high-income countries [17]. 
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Table 1. Dataset splits used for model development and evaluation. 

 

Database Type 
Total 

CXR images 
Train 

Valida-

tion 
Test 

Nigerian CXR 
dataset 

Non-TB 1,950 1,200 300 450 

Nigerian CXR 

dataset 
TB 650 400 100 150 

External CXR 

dataset 
Non-TB 3,500 2,450 525 525 

External CXR 
dataset 

TB 700 489 106 105 

3.3 Preprocessing and Model Training 

All images were resized to 224 x 224 pixels, converted to tensors, and normalized using 

ImageNet mean and standard deviation values. Training images were augmented using 

random horizontal flipping with probability 0.5 and random rotation up to 10 degrees. 

Validation and test images were resized and normalized without random augmentation. 

The Nigerian-only baseline was trained for 15 epochs. The externally pretrained 

model was first trained on the external TB/normal dataset for 10 epochs, after which 

the learned weights were fine-tuned on the Nigerian binary dataset for 15 epochs. Class-

weighted cross-entropy loss was used to reduce class imbalance. AdamW optimization 

was used with batch size 32 and weight decay of 1 x 10-4. The learning rate was 1 x 10-

4 for Nigerian-only training and external pretraining, and 5 x 10-5 for Nigerian fine-

tuning. 

3.4 Evaluation and Error Analysis 

Final evaluation was performed on the Nigerian test set containing 450 non-TB and 150 

TB-positive images. The primary endpoint was the number of false-negative TB pre-

dictions because missed TB cases are the most clinically important error in triage. Sec-

ondary metrics included accuracy, sensitivity, specificity, false-negative rate, false-pos-

itive rate, precision, F1-score, AUROC, and AUPRC. Threshold-based analysis as-

sessed whether sensitivity could be improved while maintaining specificity above clin-

ically useful levels.  

   For threshold analysis, the validation set was used to select an operating threshold, 

which was then fixed before evaluation on the independent Nigerian test set. The se-

lected threshold was 0.634114. In addition, predictions from the Nigerian-only and ex-

ternally pretrained models were compared pairwise on the same test images using an 

exact McNemar test to assess whether their classification errors differed significantly. 

4 Results 

4.1 Model Performance 

Both training strategies were evaluated on the same Nigerian test set. The Nigerian-

only DenseNet-121 model missed 4 TB-positive cases, while the externally pretrained 

and Nigerian fine-tuned DenseNet-121 model missed 1 TB-positive case. The confu-

sion matrix comparison is shown in Fig. 1. 
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Fig. 1. Confusion matrix comparison on the Nigerian test set. External TB pretraining re-

duced false-negative TB predictions from 4 to 1. 

 

The main screening and discrimination metrics are shown in Table 2. After external 

TB pretraining and Nigerian fine-tuning, sensitivity increased from 0.97 to 0.99, while 

specificity remained high at 0.99. Precision was 1.0000 for the Nigerian-only model 

and 0.98 for the externally pretrained model. 

 

 

 

Table 2. Nigerian test-set performance of both training strategies. 

Model Sens. Spec. FNR Acc. F1 AUROC AUPRC 

N-only 0.97 1.00 0.026 0.99 0.98 0.99 0.99 

Ext + FT 0.99 0.99 0.01 0.99 0.99 0.99 0.99 

 

N-only = Nigerian-only DenseNet-121; Ext + FT = external-pretrained and Nigerian fine-tuned Dense-

Net-121; Sens. = sensitivity; Spec. = specificity; FNR = false-negative rate; Acc. = accuracy; AUROC = 

area under the receiver operating characteristic curve; AUPRC = area under the precision-recall curve. 

 

4.2 Effect of External TB Pretraining and Threshold Adjustment 

External TB pretraining reduced missed TB-positive cases from 4 to 1, lowering the 

false-negative rate from 2.67% to 0.67%. Although the externally pretrained model 

produced 2 false-positive predictions, this trade-off is acceptable in a triage setting be-

cause false-positive cases can undergo confirmatory microbiological testing, whereas 

false-negative cases may delay further assessment and treatment.  

     In the paired comparison, the externally pretrained model correctly classified three 

cases that were misclassified by the Nigerian-only model, while the Nigerian-only 

model correctly classified two cases that were misclassified by the externally pretrained 

model. Consequently, external pretraining reduced the number of missed TB-positive 

cases from 4 to 1, corresponding to a 75% reduction in the false-negative rate (2.67% 

to 0.67%). The exact McNemar test yielded p = 1.000, indicating that the difference in 
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paired classification errors did not reach statistical significance in this test set. Never-

theless, the reduction in false-negative cases is directly relevant to the sensitivity-first 

objective of TB triage and supports further evaluation of external TB-specific pretrain-

ing on larger and more diverse datasets. A threshold selected using the Nigerian vali-

dation set was fixed before evaluation on the independent test set. The selected thresh-

old was 0.63, at which the externally pretrained model achieved 98.67% sensitivity and 

99.78% specificity on the test set, with a false-negative rate of 1.33%.  

4.3 Computational Efficiency 

The final externally pretrained and Nigerian fine-tuned model had a saved size of 27.14 

MB. Inference on the 600 Nigerian test images took 1.6561 s on a Tesla T4 GPU, cor-

responding to 0.002760 s per image and a throughput of 362.31 images/s. This suggests 

computational feasibility for rapid CXR triage, although real-world speed will depend 

on local hardware and workflow integration. 

5 Discussion 

This study evaluated whether external TB-specific pretraining could reduce missed TB 

cases in a Nigerian CXR triage task. The main finding was that external pretraining 

followed by Nigerian fine-tuning reduced false-negative TB predictions from 4 to 1, 

lowering the false-negative rate from 2.67% to 0.67%. Although both models achieved 

high overall performance, this reduction in missed TB cases is the most clinically im-

portant result because the model is intended for triage rather than definitive diagnosis. 

The result shows why accuracy alone is not sufficient for evaluating TB screening 

models. The Nigerian-only model achieved high accuracy, but it still missed more TB-

positive cases than the externally pretrained model. In TB triage, false-negative predic-

tions are clinically dangerous because they may delay confirmatory testing, treatment, 

and infection-control measures. Therefore, sensitivity, false-negative rate, and thresh-

old-based performance should be emphasised when assessing AI tools for TB screen-

ing. 

This study analysis was retrospective and based on a relatively small dataset, which 

may limit generalizability. The study also evaluated a single model architecture, Dense-

Net-121. Future work should validate the model on larger multi-centre African datasets 

and assess prospective performance in real clinical workflows. 

6 Impact in Resource-Constrained Settings 

This work is relevant to resource-constrained settings where radiology expertise is lim-

ited and delays in CXR interpretation may affect TB detection. An AI-assisted triage 

model could help identify patients who should be prioritized for confirmatory testing, 

clinical review, or infection-control measures. The model is not proposed as a replace-

ment for radiologists or microbiological diagnosis, but as a decision-support tool for 

earlier identification of suspected TB cases. 

The study also highlights the importance of local adaptation in AI-assisted medical 

imaging. Models developed only on external datasets may not perform reliably in Af-

rican clinical environments because of domain shift. By combining external TB-

specific pretraining with Nigerian fine-tuning, this approach uses the advantage of 
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broader external disease exposure while still adapting the model to local imaging con-

ditions.  
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