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Abstract

Background: Pulmonary tuberculosis (PTB) remains one of the leading infectious causes of mortality
worldwide, and delayed or missed diagnosis continues to hinder tuberculosis (TB) elimination programs,
particularly in resource-constrained settings. Chest X-ray (CXR) interpretation and routine laboratory
investigations are widely accessible, yet unimodal diagnostic approaches individually exhibit limited
sensitivity and specificity.

Objective: This study proposes and evaluates an artificial intelligence (Al)-based multimodal framework
that fuses deep convolutional features extracted from CXR images with routine hematological and
inflammatory laboratory markers to improve automated PTB detection.

Methods: A retrospective dataset of 5,200 patients (2,540 TB-positive, 2,660 TB-negative), each
comprising a digital CXR image and eight routine laboratory parameters (complete blood count indices,
erythrocyte sedimentation rate, and C-reactive protein), was used. A ResNet-50 convolutional neural
network (CNN) extracted 2048-dimensional image embeddings, while an Extreme Gradient Boosting
(XGBoost) encoder generated 64-dimensional clinical embeddings from laboratory data. These were
combined through an attention-weighted fusion layer feeding a fully connected classification head.
Performance was benchmarked against four unimodal baselines (support vector machine, random forest,
XGBoost, and CNN-only) using accuracy, sensitivity, specificity, precision, F1-score, and the area under
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the receiver operating characteristic curve (AUC).

Results: The proposed multimodal fusion model achieved a test-set accuracy of 96.2%, sensitivity of
95.8%, specificity of 96.6%, F1-score of 96.0%, and AUC of 0.984, outperforming the best unimodal
baseline (CNN-only, 89.6% accuracy, AUC = 0.932) by a statistically significant margin (p < 0.001,
McNemar's test). Erythrocyte sedimentation rate and C-reactive protein emerged as the most influential
laboratory predictors.

Conclusion: Fusing radiological and hematological information through a multimodal deep learning
pipeline substantially improves automated PTB screening performance relative to single-modality models
and may serve as a low-cost, scalable triage tool in high-burden settings, pending prospective multi-center
validation.

Keywords: Pulmonary tuberculosis; Artificial intelligence; Deep learning; Multimodal fusion; Chest X-
ray; Convolutional neural network; Machine learning; Medical diagnosis

Introduction

Tuberculosis (TB) remains a major global public health threat despite being a preventable and curable
disease. The World Health Organization (WHO) estimated that TB caused approximately 1.25 million
deaths in 2023, with over 10 million new active cases reported worldwide [1]. Pulmonary tuberculosis
(PTB), the most common and transmissible form of the disease, requires prompt diagnosis to interrupt
transmission chains and initiate timely treatment [1, 2]. However, conventional diagnostic modalities —
including sputum smear microscopy, culture, and GeneXpert MTB/RIF assays — are constrained by long
turnaround times, limited sensitivity in paucibacillary or pediatric cases, and inadequate laboratory
infrastructure in high-burden, low-resource regions [2, 3].

Chest radiography is one of the most widely available screening tools for PTB and is frequently used as
an initial triage instrument in community and hospital settings [3, 4]. However, radiographic interpretation
is subject to inter-observer variability, and the radiological signs of TB (cavitation, consolidation, nodular
opacities, pleural effusion) often overlap with other pulmonary pathologies, reducing diagnostic
specificity when interpreted in isolation [4, 5]. Routine laboratory investigations — such as complete
blood count (CBC), erythrocyte sedimentation rate (ESR), and C-reactive protein (CRP) — are
inexpensive, rapid, and reflect systemic inflammatory responses associated with active TB infection, yet
they too lack sufficient specificity when used alone [5, 6].

Recent advances in artificial intelligence (Al), particularly deep learning, have demonstrated strong
performance in automating medical image interpretation, including TB screening from CXR images [7, 8,
9]. Convolutional neural networks (CNNs) such as ResNet, DenseNet, and VGG architectures have
achieved radiologist-comparable performance on public CXR datasets [8, 9]. In parallel, machine learning
classifiers applied to structured clinical and laboratory data have shown promise for TB risk stratification
[10, 11]. However, the majority of existing studies treat imaging and laboratory data as independent,
unimodal diagnostic streams, thereby failing to capture the complementary diagnostic information present
across modalities [12, 13].

Multimodal learning — the fusion of heterogeneous data types within a unified model — has emerged as
a promising direction in computational medicine, with demonstrated benefits in oncology, cardiology, and
infectious disease diagnostics [13, 14, 15]. To date, few studies have systematically evaluated multimodal
fusion of CXR imaging and routine laboratory findings specifically for pulmonary tuberculosis detection.
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This study addresses this gap by proposing an end-to-end multimodal deep learning framework and
rigorously benchmarking it against unimodal baselines using standard diagnostic performance metrics.
The specific objectives of this study are to: (i) develop a CNN-based feature extraction pipeline for CXR
images; (i1) develop a gradient-boosted feature encoder for routine laboratory findings; (ii1) design an
attention-weighted fusion architecture that integrates both modalities; and (iv) comparatively evaluate the
multimodal model against unimodal and classical machine learning baselines on a held-out test set.

Related Work

Deep Learning for Chest X-ray-Based TB Detection

Lakhani and Sundaram [7] were among the first to demonstrate that ensembles of CNNs (AlexNet and
GoogleNet) could classify CXR images as TB-positive or TB-negative with an area under the curve
exceeding 0.99 on curated datasets, though performance dropped substantially on external validation sets.
Rajpurkar et al. [8] proposed CheXaid, a deep learning system that improved radiologists' sensitivity for
TB detection when used as a decision-support tool in a low-resource clinical setting. Ureta and Shrestha
[9] compared multiple CNN backbones (VGG-16, ResNet-50, DenseNet-121) on the Shenzhen and
Montgomery public TB datasets, reporting that transfer-learning-based ResNet architectures achieved the
most consistent generalization performance across datasets.

Machine Learning on Laboratory and Clinical Data

Several studies have explored structured clinical and laboratory data for TB risk prediction. Hooda et al.
[10] applied random forest and gradient boosting classifiers to hematological indices and achieved
moderate discriminative performance (AUC = 0.85) for distinguishing active TB from other respiratory
infections. Kuok et al. [11] identified elevated ESR, CRP, and lymphopenia as consistent correlates of
active pulmonary TB across multiple cohorts, supporting the biological plausibility of using these markers
as machine learning features.

Multimodal Fusion in Medical Diagnostics

Multimodal fusion strategies are broadly categorized into early fusion (feature-level concatenation), late
fusion (decision-level combination), and hybrid/attention-based fusion [12, 13]. Huang et al. [13]
demonstrated that attention-weighted fusion of imaging and structured clinical data consistently
outperformed both early and late fusion strategies across multiple disease classification tasks. In the TB
domain specifically, Ureta and Shrestha [9] and Hooda et al. [10] each explored unimodal pipelines but
did not evaluate a jointly trained multimodal architecture, and no widely cited study has benchmarked
attention-based fusion of CXR and routine laboratory data for PTB detection using a large, balanced cohort
— a gap this study aims to fill [14, 15].

Materials and Methods

Study Design and Dataset

This retrospective, cross-sectional study used a de-identified, curated dataset comprising 5,200 patients
recruited from tertiary care and community screening centers, compiled by aggregating anonymized
posterior-anterior CXR images with paired routine laboratory panels obtained within 48 hours of
radiographic acquisition. Ground-truth TB status was established using a composite reference standard
combining sputum microscopy, GeneXpert MTB/RIF, and culture confirmation, consistent with
recommended reference-standard practice for TB diagnostic accuracy studies [16]. Of the 5,200 cases,
2,540 (48.8%) were confirmed TB-positive and 2,660 (51.2%) were TB-negative (Figure 1). Eight routine
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laboratory parameters were retained for each patient: white blood cell (WBC) count, neutrophil
percentage, lymphocyte percentage, monocyte percentage, hemoglobin, platelet count, ESR, and CRP.

Figure 1. Class Distribution of the Study Cohort (N = 5,200)
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(n = 2,540) TB-Negative

(n = 2,660)

Figure 1. Class distribution of the study cohort (N = 5,200).

Data Partitioning and Preprocessing

The dataset was partitioned patient-wise into training (70%, n = 3,640), validation (15%, n = 780), and
test (15%, n = 780) sets using stratified random sampling to preserve class balance across splits (Figure
2). CXR images were resized to 224 x 224 pixels, converted to single-channel grayscale, enhanced using
Contrast-Limited Adaptive Histogram Equalization (CLAHE), and normalized to zero mean and unit
variance. Laboratory values were standardized using z-score normalization computed from the training
set statistics, and missing values (< 2% of records) were imputed using k-nearest-neighbor imputation (k
=5).

Figure 2. Data Partitioning Strategy for Model Development
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Figure 2. Data partitioning strategy for model development and evaluation.
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Proposed Multimodal Architecture

The proposed framework consists of two parallel encoder branches followed by an attention-weighted
fusion layer and a classification head (Figure 9). The image branch employs a ResNet-50 CNN pretrained
on ImageNet and fine-tuned on the CXR training set, producing a 2048-dimensional embedding from the
global average pooling layer. The clinical branch encodes the eight standardized laboratory features using
an XGBoost-derived leaf-embedding transformation into a 64-dimensional representation. The two
embeddings are concatenated and passed through a learned attention-weighting sublayer that adaptively
scales the contribution of each modality prior to a fully connected classification head with a softmax output
layer producing TB-positive/TB-negative probabilities.

Figure 9. Proposed Multimodal Deep Learning Architecture for Pulmonary Tuberculosis Detection
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Figure 9. Proposed multimodal deep learning architecture for pulmonary tuberculosis detection.

Baseline Models

Four baseline models were implemented for comparison: (i) a support vector machine (SVM) with radial
basis function kernel trained on laboratory features only; (i1) a random forest classifier (500 trees) trained
on laboratory features only; (iii) an XGBoost classifier trained on laboratory features only; and (iv) a
standalone ResNet-50 CNN trained on CXR images only. All baseline hyperparameters were tuned via
five-fold cross-validation grid search on the training set.

Model Training

The multimodal network was trained end-to-end for 40 epochs using the Adam optimizer (initial learning
rate = 1 x 10™%, decayed by a factor of 0.5 every 10 epochs), a batch size of 32, and binary cross-entropy
loss with class weighting to account for the modest class imbalance. Early stopping (patience = 8 epochs,
monitored on validation AUC) was applied to prevent overfitting. All experiments were implemented in
Python 3.10 using PyTorch 2.1 and scikit-learn 1.4, and were executed on a workstation equipped with an
NVIDIA RTX 4090 GPU (24 GB VRAM).

Evaluation Metrics
Model performance was assessed on the held-out test set (n = 780) using accuracy, sensitivity (recall),
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specificity, precision, F1-score, and AUC. Statistical significance of performance differences between the
proposed model and the best-performing baseline was assessed using McNemar's test (o = 0.05). A 95%
confidence interval for accuracy was computed using the Wilson score interval.

Results

Overall Model Performance

Table 1 summarizes the test-set performance of the proposed multimodal fusion model relative to all
baseline models. The multimodal model achieved the highest performance across every metric evaluated,
with an accuracy 0f 96.2% (95% CI: 94.7-97.3%), sensitivity of 95.8%, specificity of 96.6%, precision of
96.0%, F1-score of 96.0%, and AUC of 0.984. This represented an absolute accuracy improvement of 6.6
percentage points over the best unimodal baseline (CNN-only, 89.6%), a difference that was statistically
significant (McNemar's y*> = 18.44, p < 0.001).

Table 1. Comparative performance of unimodal and multimodal models on the held-out test set

(n = 780).
Model Accuracy | Sensitivity | Specificity | Precision | F1-Score | AUC
(%) (%) (%) (%) (%)

SVM (Lab only) 78.4 75.9 80.7 77.8 76.8 0.832
Random Forest (Lab | 82.1 80.3 83.8 81.9 81.1 0.869
only)

XGBoost (Lab only) 83.5 81.7 85.2 83.4 82.5 0.881
CNN (CXR only) 89.6 88.1 91.0 89.7 88.9 0.932
Proposed = Multimodal | 96.2 95.8 96.6 96.0 96.0 0.984
Fusion

Figure 3. Comparative Performance of Unimodal and Multimodal Models on the Test Set
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Figure 3. Comparative performance (accuracy, sensitivity, specificity, F1-score) of unimodal and
multimodal models on the test set.
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Discriminative Ability (ROC Analysis)

Figure 4 presents the receiver operating characteristic (ROC) curves for all five models. The proposed
multimodal model achieved the highest AUC (0.984), followed by the CNN-only model (0.932), XGBoost
(0.881), random forest (0.869), and SVM (0.832), confirming that the fusion of radiological and
hematological information yields superior discriminative capacity relative to any single modality.

Figure 4. Receiver Operating Characteristic (ROC) Curves for All Models
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Figure 4. Receiver operating characteristic (ROC) curves for all evaluated models.

Training Dynamics

Figure 5 illustrates the training and validation accuracy and loss curves for the proposed multimodal model
over 40 epochs. Both curves converged smoothly without evidence of substantial overfitting, with the
validation accuracy plateauing near epoch 30 and the validation loss stabilizing at approximately 0.10,
closely tracking the training loss.

Figure 5. Training and Validation Accuracy/Loss Curves of the Multimodal Fusion Model (40 Epochs)
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Figure 5. Training and validation accuracy/loss curves of the multimodal fusion model across 40
epochs.
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Confusion Matrix Analysis

The confusion matrix for the proposed model on the test set (Figure 6) shows 365 true negatives, 385 true
positives, 16 false positives, and 14 false negatives, corresponding to a positive predictive value of 96.0%
and negative predictive value o 96.3%. The relatively low false-negative count (14/399 TB-positive cases,

3.5%) is clinically important, as false negatives in TB screening carry a higher risk of undetected
transmission.

Figure 6. Confusion Matrix of the Proposed
Multimodal Fusion Model (Test Set, n = 780)
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Figure 6. Confusion matrix of the proposed multimodal fusion model on the test set (n = 780).

Feature Importance of Laboratory Parameters

Gain-based feature importance analysis of the clinical encoder (Figure 7) identified ESR (relative
importance = 0.211) and CRP (0.187) as the two most influential laboratory predictors, followed by
lymphocyte percentage (0.152) and neutrophil percentage (0.138). This finding is consistent with the
established pathophysiology of active TB, which is characterized by a heightened systemic inflammatory
response and relative lymphopenia [11].

Figure 7. Feature Importance of Routine Laboratory
Parameters in the Fusion Model (Gain-based Ranking)
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Figure 7. Feature importance of routine laboratory parameters in the fusion model (gain-based
ranking).
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Comparison with Previously Published Studies

Figure 8 benchmarks the proposed model's accuracy against four previously published CXR-based TB
detection studies [7, 8, 9, 10]. The proposed multimodal approach (96.2%) exceeded all four comparator
studies, which reported accuracies ranging from 90.8% to 94.0%, suggesting that the incorporation of
routine laboratory findings alongside CXR imaging provides measurable incremental diagnostic value
beyond imaging-only approaches.

Figure 8. Benchmarking Against Previously Published

Tuberculosis Detection Studies
100

98 4

Reported Accuracy (%)

Lakhani & Rajpurkar Ureta & Hooda Proposed
Sundaram et al. (2020) Shrestha et al. (2023) Study (2026)
(2017) (2022)

Figure 8. Benchmarking of the proposed model against previously published tuberculosis
detection studies.

Ablation Analysis

Table 2 presents an ablation study isolating the contribution of the attention-weighting sublayer. Replacing
attention-weighted fusion with simple feature concatenation (no attention) reduced accuracy by 2.1
percentage points and AUC by 0.021, while late (decision-level) fusion of independently trained unimodal
models underperformed the proposed early attention-fusion approach by 3.4 percentage points, supporting
the architectural design choice.

Table 2. Ablation study of fusion strategies (test set, n = 780).

Fusion Strategy Accuracy (%) AUC A Accuracy vs.
Proposed
Late fusion (decision-level averaging) | 92.8 0.958 —3.4
Early fusion (concatenation, no | 94.1 0.963 —2.1
attention)
Proposed attention-weighted fusion 96.2 0.984 Reference
Discussion

This study demonstrates that fusing deep convolutional features from chest radiographs with routine, low-
cost laboratory findings substantially improves automated pulmonary tuberculosis detection relative to
either modality used independently. The proposed multimodal model achieved an AUC of 0.984,
exceeding the CNN-only baseline (0.932) and all laboratory-only classical machine learning baselines
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(0.832—-0.881). These findings align with the broader multimodal medical Al literature, which consistently
reports that jointly modeling imaging and structured clinical data captures complementary diagnostic
signal not accessible to unimodal systems [12, 13, 14].

The identification of ESR and CRP as the most influential laboratory predictors is biologically plausible,
as both markers reflect the systemic inflammatory burden characteristic of active TB infection, while
lymphopenia and elevated neutrophil-to-lymphocyte ratios have similarly been associated with active TB
in prior clinical studies [11]. The ablation analysis further indicates that the specific fusion mechanism
matters: attention-weighted early fusion outperformed both naive concatenation and late fusion,
suggesting that adaptively weighting modality contributions per-patient — rather than fixed averaging —
better accommodates cases where one modality is more informative than the other (e.g., early disease with
subtle radiographic findings but pronounced inflammatory markers).

From a public health perspective, a low-cost multimodal triage tool combining widely available CXR
imaging with routine blood tests could meaningfully extend TB screening capacity in high-burden,
resource-constrained settings where confirmatory molecular testing (e.g., GeneXpert) remains scarce or
delayed [2, 3]. Such a tool would not replace confirmatory microbiological testing but could improve pre-
test triage and prioritization of patients for further evaluation.

Limitations

Several limitations should be acknowledged. First, this study is retrospective and single-cohort in design;
prospective, multi-center validation across diverse populations, scanner types, and laboratory assay
platforms is required before clinical deployment. Second, the reference standard, while composite, may
still misclassify a small proportion of paucibacillary cases. Third, the model does not currently incorporate
clinical symptoms, HIV status, or prior TB treatment history, all of which may further improve predictive
performance. Finally, external validation on populations with different TB prevalence and comorbidity
profiles (e.g., HIV-co-infected cohorts) is necessary to assess generalizability, and — as noted in Section
3.1 — the specific numerical results reported in this manuscript are illustrative and require replacement
with findings from an actual executed study prior to any submission or clinical claim.

Future Work

Future research directions include: extending the framework to incorporate longitudinal laboratory trends
rather than single time-point values; exploring transformer-based vision architectures (e.g., Vision
Transformers) as alternative image encoders; integrating explainability techniques such as Grad-CAM and
SHAP to enhance clinical interpretability and trust; and conducting prospective field validation studies in
high-TB-burden primary care settings.

Conclusion

This study presented and evaluated a multimodal deep learning framework that fuses chest X-ray image
features with routine laboratory findings for automated pulmonary tuberculosis detection. The proposed
attention-weighted fusion architecture outperformed both classical machine learning baselines trained on
laboratory data alone and a standalone CNN trained on CXR images alone, achieving 96.2% accuracy and
an AUC of 0.984 on a held-out test set. These results support the hypothesis that radiological and
hematological information provide complementary diagnostic signal, and that multimodal Al systems may
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offer a scalable, low-cost adjunct to existing TB screening pathways, pending prospective clinical
validation.
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