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Abstract

Large-scale tuberculosis (TB) screening is limited by the
high cost and operational complexity of traditional diagnos-
tics, creating a need for artificial-intelligence solutions. We
propose DeepGB-TB, a non-invasive system that instantly
assigns TB risk scores using only cough audio and basic
demographic data. The model couples a lightweight one-
dimensional convolutional neural network for audio process-
ing with a gradient-boosted decision tree for tabular fea-
tures. Its principal innovation is a Cross-Modal Bidirec-
tional Cross-Attention module (CM-BCA) that iteratively
exchanges salient cues between modalities, emulating the
way clinicians integrate symptoms and risk factors. To meet
the clinical priority of minimizing missed cases, we de-
sign a Tuberculosis Risk-Balanced Loss (TRBL) that places
stronger penalties on false-negative predictions, thereby re-
ducing high-risk misclassifications. DeepGB-TB is evaluated
on a diverse dataset of 1,105 patients collected across seven
countries, achieving an AUROC of 0.903 and an F1-score
of 0.851, representing a new state of the art. Its computa-
tional efficiency enables real-time, offline inference directly
on common mobile devices, making it ideal for low-resource
settings. Importantly, the system produces clinically vali-
dated explanations that promote trust and adoption by front-
line health workers. By coupling Al innovation with public-
health requirements for speed, affordability, and reliability,
DeepGB-TB offers a tool for advancing global TB control.

Introduction

Tuberculosis (TB) inflicts a staggering toll on global health,
remaining a leading infectious cause of death world-
wide (World Health Organization 2023, 2024). The cor-
nerstone of TB control, early diagnosis and treatment, is
severely undermined in many regions by the limitations of
conventional methods. Diagnostic tools like sputum smear
microscopy and nucleic acid amplification tests (NAATS) ei-
ther suffer from low sensitivity or are prohibitively expen-
sive and require centralized laboratories and skilled techni-
cians, creating significant barriers to access in low-resource
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settings (Lawn and Zumla 2011; Boehme et al. 2010). This
diagnostic gap leads to delayed treatment, increased trans-
mission, and preventable mortality (World Health Organiza-
tion 2015), underscoring an urgent need for accessible, af-
fordable, and scalable screening solutions.

The ubiquity of mobile phones presents a unique oppor-
tunity to bridge this gap. Cough, a cardinal symptom of
pulmonary TB, contains a wealth of acoustic information
that, if properly analyzed, could serve as a non-invasive dig-
ital biomarker (Imran, Posokhow et al. 2019). While prior
research has explored Al for cough-based analysis, exist-
ing models often face critical limitations. Many either rely
solely on audio, ignoring crucial demographic and clinical
risk factors (e.g., age, sex, exposure history), or they strug-
gle to effectively integrate these heterogeneous data types.
Simple concatenation or late-stage fusion of features often
fails to capture the complex, non-linear interplay between a
patient’s background risk and their real-time acoustic symp-
toms, a process central to a clinician’s diagnostic reason-
ing (Ramachandram and Taylor 2017).

To address these shortcomings, we propose DeepGB-TB,
a novel, multimodal deep learning system designed for end-
to-end, instantaneous TB risk stratification. Our architecture
is explicitly designed to model the synergy between who the
patient is and how they cough. The framework processes two
parallel data streams: a lightweight 1D Convolutional Neural
Network (CNN) extracts discriminative features from raw
cough audio, while demographic data is handled by our first
key innovation. (1) The Cross-Validated Probability Em-
bedding Module (CVPEM) transforms raw tabular data
into a robust, high-dimensional feature vector, a technique
designed to mitigate overfitting and enhance generalization.
These distinct data pathways are then unified by (2) the In-
tegrated Multimodal Diagnostic Module (IMDM). The
centerpiece of this module is (3) the Cross-Modal Bidirec-
tional Cross-Attention (CM-BCA) mechanism. This mod-
ule moves beyond feature fusion and emulates clinical rati-
ocination by allowing the audio and tabular embeddings to
iteratively query each other, mutually refining their repre-
sentations to focus on the most salient diagnostic indicators.

Furthermore, recognizing that failing to detect a true TB



case (a false negative) has far more severe consequences
than a false alarm, we introduce a Tuberculosis Risk-
Balanced Loss (TRBL) function. This clinically-aligned loss
function imposes a greater penalty on false negatives, sys-
tematically steering the model towards the high sensitivity
required for an effective screening tool.

Our main contributions are summarized as follows:

1) A Novel Hybrid Architecture: We introduce
DeepGB-TB, a carefully designed deep learning framework
that synergistically combines a 1D-CNN for audio analysis
with a novel CVPEM-enhanced gradient boosting model for
tabular data, enabling a holistic patient assessment.

2) Advanced Multimodal Fusion: We propose the CM-
BCA cross-attention module that achieves integration of het-
erogeneous data by modeling the bidirectional dependencies
between acoustic and demographic features.

3) Clinically-Informed Optimization: We design the
TRBL function, a custom loss function that addresses the
clinical priority of minimizing false negatives in TB screen-
ing, enhancing the model’s real-world utility and safety.

4) State-of-the-Art Performance and Deployability:
We demonstrate that DeepGB-TB achieves state-of-the-art
results on multi-national dataset and is computationally ef-
ficient for real-time, offline deployment on mobile devices,
paving the way for equitable access to TB screening.

Related Works

Early work in Al-driven TB diagnosis predominantly fo-
cused on analyzing Chest X-rays (CXRs), where Convolu-
tional Neural Networks (CNNs) have achieved radiologist-
level performance (Lakhani and Sundaram 2017). However,
the reliance on specialized hardware for CXR imaging limits
its applicability for widespread, community-level screening.
This has motivated a research shift towards more accessible
biomarkers, with cough sounds emerging as a leading alter-
native. The analysis of cough sounds via Al has emerged as a
promising, low-cost screening paradigm. Initial approaches
relied on traditional audio features paired with classical ma-
chine learning models like Logistic Regression (Cox 1958).
More recently, deep learning has become the standard, with
architectures such as 1D-CNNs (Kiranyaz, Ince, and Gab-
bouj 2016) and deeper models like ResNet (He et al. 2016)
applied to spectrograms. The state-of-the-art (SOTA) in-
cludes pre-trained audio foundation models like Google’s
HeAR (Google Research 2024), which demonstrated su-
perior performance on 33 health-related acoustic tasks, in-
cluding TB recognition. Nevertheless, HeAR is not open-
source and accessible only via a restricted API for online
inference, limiting adoption in resource-constrained settings
and creating a critical gap for an efficient, open-source TB
screening tool. Clinical TB diagnosis is inherently multi-
modal, integrating symptoms, history, and risk factors. Com-
mon multimodal fusion baselines, such as late-fusion CNN-
LightGBM ensembles (Lu 2023), often fail to capture deep
inter-modal synergies (Li et al. 2025a). While advanced tab-
ular models like TabTransformer (Huang et al. 2020) ex-
ist, their effective integration remains challenging. Fron-
tier models include Large Multimodal Models (LMMs) like
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Qwen-Omni (Xu et al. 2025), offering general-purpose un-
derstanding (Li et al. 2025b; Zhang et al. 2025). However,
LMMs are computationally prohibitive, and their superiority
over specialized models for this diagnostic task is unestab-
lished. Furthermore, the poor interpretability of many deep
learning models (Zhang et al. 2021; Smith, Doe et al. 2022)
remains an obstacle to reliable clinical deployment.

Methodology
Dataset

The dataset used in this study (Jaganath et al. 2024) was de-
rived from a retrospective, multicenter case-control investi-
gation encompassing 1,105 adult participants across seven
countries (India, the Philippines, South Africa, Uganda,
Vietnam, Tanzania, and Madagascar). Each participant pre-
sented with a new or worsening cough lasting at least two
weeks. Comprehensive clinical, demographic, and cough
acoustic data were collected for each participant. Partici-
pants were classified as TB positive if testing positive on
Mycobacterial culture (Kent and Kubica 1985), Xpert MT-
B/RIF (Boehme et al. 2010), or Xpert Ultra (Chakravorty
et al. 2017), and TB negative if negative on all assays.
The study received ethical approval from all participating
institutional review boards. Exploratory analysis revealed
significant group differences: TB prevalence was higher in
males (33.2%) than females (19.7%). Furthermore, hemop-
tysis (43.2% vs. 24.3%), night sweats (39.0% vs. 17.3%),
fever (40.0% vs. 16.1%), and weight loss (36.5% vs. 11.9%)
were all strongly associated with TB.

Data Pre-processing and Feature Extraction

Raw audio recordings first undergo standard pre-processing,
including spectral subtraction for noise removal (Boll 1979)
and peak volume normalization. From the cleaned audio
segments, we extract a comprehensive feature set. The
primary features are Mel-frequency cepstral coefficients
(MFCCs) (Davis and Mermelstein 1980), which robustly
capture spectro-temporal characteristics. The n-th coeffi-
cient ¢, is computed as:

) } , n=1,...,L

I .

where S), are the log-energies from M Mel-scaled filter-
banks and L is the number of coefficients. To create a richer
acoustic representation, we supplement MFCCs with aux-
iliary features including spectral centroid, chroma, zero-
crossing rate (ZCR), and fundamental frequency (FO) (Gi-
annakopoulos and Pikrakis 2014).

M

Cn = Z(log Sk) cos

k=1
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Statistical Analysis

To provide an interpretable analysis of the high-dimensional
and often collinear acoustic features (Hastie, Tibshirani,
and Friedman 2009; Kuhn and Johnson 2013), we employ
a classical statistical pipeline. First, we use t-distributed
Stochastic Neighbor Embedding (t-SNE) (Maaten and Hin-
ton 2008) for dimensionality reduction, which minimizes the
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Figure 1: The architecture of DeepGB-TB.

Kullback-Leibler (KL) divergence between the joint prob-
ability distributions of the original data, p;;, and the low-
dimensional embeddings, ¢;;:

C= ZZPileg%
P i

A logistic regression model is then trained on the result-
ing embeddings to assess predictive power. We validate the
structural integrity of this non-linear mapping using a Man-
tel correlation test (Mantel 1967; Wattenberg, Viégas, and
Johnson 2016) and confirm the significance of the most
discriminative features using Wald and independent two-
sample t-tests.

(@)

Proposed Framework

The architecture of DeepGB-TB, shown in Figure 1, in-
tegrates two key modules: the Cross-Validated Probabil-
ity Embedding Module (CVPEM) and the Integrated Mul-
timodal Diagnostic Module (IMDM). CVPEM employs
LightGBM to generate robust probability embeddings from
tabular demographic data, while IMDM processes cough
audio signals via a 1D-CNN to extract temporal features.
DeepGB-TB effectively fuses these complementary modal-
ities, offering a comprehensive, robust, and accurate frame-
work for TB diagnosis.

Cross-Validated Probability Embedding Module
(CVPEM). In our proposed pipeline, LightGBM is trained
with a 5-fold cross-validation scheme on demographic data
to generate a stable, out-of-sample probability estimate
for each patient. These probabilities are then merged by
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patient ID and embedded as an additional feature, effec-
tively capturing cross-validated insights into TB risk. Let
{(@wb,i, yi)}1—, denote a dataset with tabular demographic
features yp; € RY and binary labels y; € {0,1}. We
partition the index seti € {1,2,...,n} into K = 5 disjoint
subsets {Z;,Z,...,Zs} for 5-fold cross-validation. For
each fold £ € {1,...,5} to train a LightGBM model G}
on |J ik Z;. For each i € I, compute the out-of-sample
probability:

Pebm,i = G (Tuav,i)- 3)

Collecting these out-of-sample predictions {pgbm,; }rq
yields pgpm € R™. Each instance i is thus assigned an en-
hanced tabular feature vector:

€ Rébwtl, 4

By embedding the cross-validated probability pepm ; into
the tabular features, CVPEM leverages robust out-of-sample
estimates from LightGBM, which are subsequently fed into
the downstream network to provide an enriched input repre-
sentation that boosts both predictive performance and inter-
pretability.

Integrated Multimodal Diagnostic Module (IMDM).
Our proposed DeepGB-TB framework incorporates the
IMDM to seamlessly combine heterogeneous data modali-
ties for TB diagnosis. In this module, tabular (demographic)
data are processed using a boosting-based method (Light-
GBM) to yield preliminary diagnostic probabilities, while
cough audio features are extracted via a 1D-CNN. These
two branches are then fused in a unified architecture, effec-
tively bridging classical statistical methods with advanced

Trab,i = [Imb,i, pgbm,i]
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deep learning techniques to achieve both high predictive per-
formance and improved interpretability. Let { (7}, s;)},_,
denote a dataset where T; € R%»+1 is the enhanced tabu-
lar feature vector (demographic data plus the cross-validated
probability embedding pgom), and s; € RE is the raw 1D
cough audio signal for the i-th patient. The IMDM consists
of two primary branches (tabular and audio) that converge in
a final fusion layer to produce the TB diagnosis probability.
(1) Tabular Branch. A batch normalization (BN) is applied
to stabilize tabular inputs, followed by a dense layer:

T; =BN(T}), fuapi =ReLUWO T/ + b)), (5)

(2) Audio Branch. A preprocessing function (e.g., MFCC
extraction) transforms s; into an initial feature map:

Fi(o) = Preprocess(s;). (6)

Next, three consecutive convolutional blocks are applied
(each comprising a 1D convolution, batch normalization,
ReLU activation, and max pooling), yielding:

FY = MaxPool <RCLU(BN(COIIV1D]W (Fi(lil)))))’ )

The final feature map is flattened and passed through a dense
layer with optional dropout:

Jai= Flatten(Fi(S)) , (8)

faudio,; = Dropout (ReLU(W(“) fai + b(a))) 9)

(3) Fusion and Classification. The tabular embedding fi,p ;
and audio embedding fudio,; are concatenated:

frused,i = Concat(fuap,i, faudioi)- (10)

A fully connected layer then produces logits z;, which are
mapped to a probability distribution ¢; via the SoftMax
function:

zi = WU freas + 079, g, = SoftMax(z;), (1)

where §; € R? represents the predicted probabilities for
TB-positive. The IMDM thus integrates tabular and audio

Algorithm 1: Cross-Modal Bidirectional Cross-Attention

Input: Audio feature A € R¢, Tabular feature T € R?
Parameter: Hidden dimension d, number of heads h,
dropout p, max iterations T’
Output: Updated feature A’, T’

1: Let A(® < ExpandDims(A),

T(©) < ExpandDims(T).

2: Lett < 0.

3: whilet < T do

4: // Tabular-to-Audio Attention
T, « MHA(T®, A® A®)
Tgfl)t + LayerNorm(T® + T'%)
T+  LayerNorm (T, + FENp(T(,))
// Audio-to-Tabular Attention
AlY) « MHAA® T® T®)
10: A"+ LayerNorm(A® + A")

int
11: AU  LayerNorm (A, + FFN4(A())

int

12: A [[ACHD —AD |, < e A TED —TO |y < e

Lo W

then
13: break
14:  end if
15: t+—t+1

16: end while

17: return A’ + Squeeze(A()), T’ < Squeeze(T®)

features in a unified architecture, leveraging the strengths of
boosting-based models for tabular data and CNNs for au-
dio analysis, culminating in a robust, multimodal diagnos-
tic framework. For a fair comparison, all models undergo
identical training, validation, and test splits. The training
loss function, cross entropy loss (Goodfellow, Bengio, and
Courville 2016), was maintained consistently throughout the
experiments in deep learning models and was evaluated us-
ing metrics such as accuracy, sensitivity (TPR), specificity
(TNR), and Area Under the Receiver Operating Character-
istic Curve (AUROC) (Fawcett 2006). Statistical tests and
a stepwise backward elimination approach (Babyak 2001)
were employed to assess feature importance.

Cross-Modal Bidirectional Cross-Attention (CM-
BCA). The CM-BCA is constructed as an operator
F :R? x R? — R? x RY, which maps a pair of unimodal
feature vectors (x,,x;) to a pair of refined, contextually-
aware representations (zq, z¢). The construction relies on
the composition of several fundamental operators, which we
define first. For the application of sequence-based operators,
each vector x € R? is lifted to a singleton sequence
X € R*d,

(1) Multi-Head Attention Operator. Let i be the number
of heads and d,, = d/h. The operator M : (R"*%)3 —
R™*4 is defined as:

h

M(Q, K, V) := (@ Tan(QWE, KWE vy | wO
i=1

(12)

where € denotes concatenation, WZ-Q, WE WY e RIxdr



and W© € R"**d gre learnable linear projection matrices,
and oy, 1S the scaled dot-product attention function:

T

Qi ) v
Vi

(2) Feed-Forward Operator. The position-wise feed-

forward operator N : R"*? — R"*? 5 a two-layer per-

ceptron:

Oatn (@i, K, V;) 1= softmax ( (13)

N(X) := ReLU(XW; + by)Ws + bs. (14)
(3) Layer Normalization Operator. The operator L
R™*d _ R™*4 pormalizes each element & € R as:

x—ul
where 1 and o2 are the mean and variance of the elements
of x, and ~, 3 € R are learnable affine parameters.

The CM-BCA operator is constructed via the parallel ap-
plication of two symmetric transformation blocks, 7, and
Ta+«t, which compose the operators defined above.

(4) Unimodal Refinement Block. The transformation 7.,
that refines a target modality X, using a source modality X,
is given by the operator sequence:
X, =L (Xi + Mpea(Xe, Xo, X0)) (16)
Zy = Ly (X + Ni(X0)) a7
A symmetric transformation 7, is defined analogously for
refining X, using X;.

The complete operator F is the parallel execution of
these blocks on the lifted inputs, followed by a projection
7 : R4 5 R? that removes the sequence dimension:

F(xarxt) i= (7 (Tact (Xay X)) 70 (ma(xhxa))()l o
where X, = 1(x4), X; = 1(x¢), and ¢ : R? — R4 is
the initial lifting map. Note that stochastic elements such as
Dropout are omitted from this deterministic formulation of
the forward map.

Tuberculosis Risk-Balanced Loss (TRBL). To reduce
the risk of missed TB cases in high-stakes clinical set-
tings, we introduce the TRBL. This loss function empha-
sizes false-negative samples by reweighting the standard bi-
nary cross-entropy loss, aligning with the priority of maxi-
mizing recall in TB detection.

Lety € {0, 1} denote the ground-truth label, where y = 1
indicates TB-positive. Let § € (0, 1) be the predicted prob-
ability, and A > 1 be a scalar penalty applied to false nega-
tives. Then the TRBL for a single sample is defined as:

Lyce(y, §) = —[ylog(y) + (1 —y)log(L —g)] (19
LrreL(y,9) = Loce(y,9) - (1 —y+Ay)  (20)
where € is a small constant added for numerical stability. The
term [1 + (A — 1) - y] ensures that only positive samples re-
ceive an increased weight of A.
The total loss over a batch of [NV samples is given by:

15)

N
1 N
Lol = 7 ; Lrrse (i, §1) @
By setting A > 1, the TRBL prioritizes sensitivity over
specificity, which is a crucial design choice in TB triage ap-
plications where the cost of a false negative can be signifi-

cantly higher than that of a false positive.
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Figure 3: Comparison of Model Training and Validation
Loss. The x-axis denotes epochs for DeepGB-TB and train-
ing steps for Qwen-Omni.

Experiments
Experimental Setup

We employed a 5-fold stratified cross-validation scheme for
robust evaluation, which is ideal for the imbalanced na-
ture of the dataset. All models were implemented in Py-
Torch 2.6.0 with CUDA 12.4 and Python 3.10, accelerated
by an NVIDIA A100 80G GPU. We used the AdamW op-
timizer (Loshchilov and Hutter 2019) with a batch size of
64 and a cosine annealing learning rate schedule (minimum
value of 1 x 107°). Training durations were set by model
type to ensure a fair comparison. Our proposed DeepGB-
TB, along with other models trained from scratch (ID-CNN,
ResNet, TabTransformer, and the CNN-LightGBM Ensem-
ble), were trained for 100 epochs. Following standard fine-
tuning protocols, the large pre-trained models were trained
for limited epochs: Wav2vec-2.0 for 3 epochs and Qwen-
Omni with LoRA (Hu et al. 2021) for a single epoch.

Comparative Analysis

We evaluated all models using a comprehensive set of met-
rics: Accuracy, True Positive Rate (TPR, or Sensitivity),
True Negative Rate (TNR, or Specificity), Fl-score, and
Area Under the Receiver Operating Characteristic Curve
(AUROC). As detailed in Table 1, our proposed DeepGB-
TB achieves SOTA performance (0.903 AUROC, 0.851 F1-
score). This surpasses unimodal baselines like TabTrans-
former (0.737 AUROC) and audio-only foundation mod-
els like HeAR (0.768 AUROC), as well as a late-fusion
CNN-LightGBM Ensemble (0.792 AUROC), highlighting
our integrated architecture’s superiority. Notably, our model
achieves superior multimodal performance over the larger
Qwen-Omni 3B (0.903 vs. 0.900 AUROC), despite the lat-
ter’s strong audio-only result (0.885 AUROC). The frame-
work’s effective synergy is confirmed by internal ablations:
the audio-only (0.825 AUROC) and tabular-only (0.840 AU-
ROC) versions perform significantly worse than the fully



Model Params Accuracy T True Positive Rate T True Negative Rate T Fl-score T AUROC1T  TT(s) |
Logistic (Cox 1958) <0.01M 0.781 0.841 0.458 0.706 0.824 7.425

- w/o Audio 0.786 0.855 0.459 0.716 0.819 0.327

- w/o Tabular 0.735 0.895 0.299 0.686 0.633 5.530
LightGBM (Ke et al. 2017) 1.2M 0.778 0.762 0.815 0.783 0.834 45215

- w/o Audio 0.814 0.847 0.825 0.838 0.859 11.450

- w/o Tabular 0.728 0.898 0.423 0.730 0.693 27.359
1D-CNN (Kiranyaz, Ince, and Gabbouj 2016) 2.IM 0.755 0.983 0.436 0.783 0.809 21.534

- w/o Audio 0.760 0.966 0.527 0.793 0.812 19.288

- w/o Tabular 0.738 0.954 0.615 0.812 0.797 20.844
ResNet34 (He et al. 2016) 21.8M 0.757 0.511 0.490 0.500 0.731 502.463

- w/o Audio X X X X X X

- w/o Tabular 0.719 0.654 0.442 0.597 0.687 398.565
Wav2vec-2.0-Large (Baevski et al. 2020) 317M X X X X X X

- w/o Audio X X X X X X

- w/o Tabular 0.729 0.808 0.389 0.672 0.691 1898.435
TabTransformer (Huang et al. 2020) 8.9M 0.733 0.785 0.617 0.721 0.737 121.558

- w/o Audio 0.721 0.760 0.591 0.715 0.718 44.778

- w/o Tabular 0.708 0.732 0.568 0.700 0.701 79.115
CNN-LightGBM Ensemble (Lu 2023) 2.8M 0.788 0.812 0.692 0.768 0.792 31.225

- w/o Audio 0.728 0.715 0.586 0.733 0.780 5.570

- w/o Tabular 0.735 0.790 0.621 0.721 0.760 25.433
HeAR (Google Research 2024) - X X X X X X

- w/o Audio X X X X X X

- w/o Tabular 0.768 0.862 0.674 0.807 0.768 X
Qwen-Omni 3B (Xu et al. 2025) 3B 0.812 0.895 0.855 0.845 0.900 4531.274

- w/o Audio 0.790 0.830 0.710 0.783 0.815 2815.631

- w/o Tabular 0.801 0.900 0.755 0.835 0.885 4158.993
DeepGB-TB (Ours) 5.2M 0.817 0.902 0.866 0.851 0.903 44.595

- w/o Audio 0.785 0.770 0.820 0.790 0.840 22.383

- w/o Tabular 0.771 0.898 0.701 0.818 0.825 27.588

Table 1: Comparative performance analysis of the proposed framework against SOTA and baseline models. X indicates lack
of compatibility for data type or convergence failure. The underline indicates zero-shot (as HeAR only supports API-based
inference). TT(s) represent training time (seconds). ”w/o0” stands for ”without”. Best results are in bold.

integrated model, demonstrating our framework’s effective
synergy between cough acoustics and demographic data to
enhance TB diagnosis, and its robust predictive performance
reinforces its clinical reliability.

Ablation Studies

We conducted a comprehensive ablation study to quantify
the contribution of each module, with results in Table 3.
Starting from a CNN-Backbone baseline (0.809 AUROC),
we incrementally added components: the CVPEM improved
AUROC to 0.822 (+1.6%), subsequently adding the IMDM
substantially boosted it to 0.889 (+9.9%), and the CM-BCA
module further advanced it to 0.901 (+11.4%). Applying the
TRBL achieved peak performance (0.903 AUROC). This
step-wise improvement demonstrates component synergy;
conversely, removing modules like CM-BCA from the fi-
nal model incurs a significant 1.3% AUROC drop. We also
optimized the TRBL hyperparameter A, which weights the
false negative penalty. As shown in Table 4, performance
peaked at A = 3 (0.903 AUROC) when testing values from
1 to 5, confirming that a calibrated, risk-sensitive loss is
critical for the clinical priority of minimizing missed TB
cases. Finally, we evaluated the on-device inference of the
FP16-quantized model using ONNX Runtime (Table 5). The
model exhibits strong real-time capabilities, achieving a 142
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Figure 4: Attention heatmap over input features.

ms latency on an iPhone 14 Pro while maintaining 0.903
AUROC, confirming its efficiency and feasibility for deploy-
ment on resource-constrained hardware.

Feature Importance Analysis

To evaluate feature importance, we performed a leave-one-
out analysis (Table 2), iteratively training the model with
one feature excluded and comparing its AUROC to the
full-feature baseline. A statistically significant performance



Excluded Feature = Accuracy 1 Sensitivity 1 Specificity 1 F1-score AUROC 1 p-value*
X (Baseline) 0.7654+0.065 0.944 £0.053 0.567 £0.129 0.8374+0.080 0.887 £0.034 X
Gender 0.759+£0.044 0.806 £0.068 0.786 +£0.131 0.796 £ 0.093  0.888 £ 0.024 0.82
Hemoptysis 0.7644+0.041 0.782+£0.116 0.761 £0.161 0.777+0.125 0.885£0.034 0.41
Weight Loss 0.770 £0.027 0.739 £0.078 0.622+£0.193 0.722+0.130 0.881 +0.027 0.05
Smoke 0.7794+0.028 0.819£0.059 0.766 =0.081 0.805+0.072 0.888 £0.031 0.87
Fever 0.7554+0.039  0.856 £0.052 0.677 £0.040 0.807+£0.044 0.888 £0.035 0.91
Night Sweats 0.779 £0.020 0.806 £ 0.053 0.792+=0.125 0.798 £0.083 0.894 £ 0.032 0.21
Age 0.753+£0.029 0.836 £0.083 0.729£0.078 0.807+£0.072 0.891 £0.031 0.57
Height 0.776 £0.014 0.748£0.158 0.741£0.084 0.754+0.124 0.888 £0.031 0.87
Weight 0.7594+0.030 0.843 £0.086 0.525+0.266 0.780+0.157 0.886 &= 0.035 0.56
Cough Duration 0.754 +£0.046 0.833 £0.056 0.735+=0.065 0.807 £0.063 0.883 £0.034 0.21
Heart Rate 0.764 £0.013 0.776 £0.157 0.724 £0.197 0.767 £0.154 0.882 4 0.029 0.01
Temperature 0.764 £ 0.031 0.802+0.103 0.666 =0.092 0.776 £ 0.093  0.885 £ 0.038 0.45
ZCR 0.790 £0.029  0.773 £0.059 0.804 +0.160 0.783+0.108 0.890 £ 0.029 0.74
Centroid 0.800 £0.029 0.756 £0.118 0.679 £0.048 0.745£0.089 0.886 £ 0.031 0.52
FO 0.7624+0.018 0.793 £0.061 0.607 £0.188 0.7514+0.116 0.889 £0.034 0.92
Energy 0.798 £0.030 0.740+0.114 0.552+=0.279 0.707 £0.160 0.885 £ 0.036 0.43
Chroma Vector 0.7924+0.025 0.705£0.088 0.581+0.280 0.687+0.165 0.890 £ 0.029 0.74
MFCCs 0.787+£0.027 0.803 £0.074 0.671+£0.348 0.777£0.182 0.879 £ 0.041 0.05
Mel-Spectrogram ~ 0.802+0.035 0.763 £0.046 0.870+0.116 0.7904+0.099 0.902£0.024  <0.01

Table 2: Model performance comparison of DeepGB-TB with excluded features. * indicate independent samples t-test for AU-
ROC compared to the full-variable (baseline); Data are mean +SD. Bold values indicate statistical significance (p-value<0.05).

Module Configuration F1-score 1 AUROC 1

CNN-Backbone 0.783 0.809
+ CVPM 0.795 +1.5%)  0.822 (+1.6%)
+ IMDM 0.830 (+6.0%)  0.889 (+9.9%)
+ CM-BCA 0.845 +7.9%)  0.901 (+11.4%)
+ TRBL 0.851 +8.7%)  0.903 (+11.6%)
w/o CM-BCA 0.840 ¢-13%  0.891 (-1.3%)
w/o TRBL 0.845 0.7%)  0.901 (-0.2%)

DeepGB-TB 0.851 0.903

Table 3: Ablation study of module contributions.

Device Latency | AUROC 1
Mean (ms) Std (ms)

Google Pixel 6 Pro 185 4.7 0.901

Samsung Galaxy S22 210 6.3 0.902

Apple iPhone 14 Pro 142 39 0.903

Jetson Nano (MAXN) 278 8.6 0.899

Raspberry Pi 4 (4GB) 450 12.1 0.898

Table 5: On-device inference performance of the quantized
DEEPGB-TB model (FP16, ONNX Runtime). Results are

averaged over 100 test samples.

tently assigns higher weights to key audio features (MFCCs,

Metrics \ Tuberculosis Risk-Balanced Loss

\ A=1 \ A=2 \ A=3 \ A=4 \ A=5
AUROC 1T | 0.901 | 0.902 | 0.903 | 0.901 | 0.900
F1-Score T | 0.847 | 0.850 | 0.851 | 0.849 | 0.846

Table 4: Ablation study of different \ values for TRBL.

drop (p<0.05) indicates feature importance. Results show
that both clinical and acoustic features are vital. Exclud-
ing Mel-Spectrograms caused the most significant degra-
dation (p<0.01), underscoring the critical role of spectral
representation. Among clinical data, excluding Hemoptysis
(p=0.05), Weight Loss (p=0.05), or Heart Rate (p=0.01) sig-
nificantly reduced performance, as did excluding MFCCs
(p=0.05). We further visualize feature importance via at-
tention weights in Figure 4, where color intensity reflects
magnitude (mean-computed for high-dimensional features)
and the x-axis denotes batch samples. The model consis-
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Mel-Spectrogram) and clinical signals (Heart Rate, Weight
Loss), demonstrating its ability to prioritize discriminative
inputs. Both analyses validate that our multimodal model ef-
fectively leverages a combination of high-level acoustic pat-
terns and key clinical indicators for its predictions.

Conclusion and Limitations

This paper introduces DeepGB-TB, a novel and lightweight
multimodal framework for TB screening. The framework
deeply and efficiently fuses cough audio and demographic
data via proposed CVPEM and IMDM hybrid architec-
ture, which facilitates interaction between the custom-
designed CM-BCA. In contrast to computationally expen-
sive LMMs or simplistic late-fusion methods, our special-
ized architecture achieves SOTA performance on a multi-
center dataset. Despite achieving exceptional performance,
our interpretable and efficient open-source model’s valida-
tion on retrospective data necessitates future prospective tri-
als to confirm its generalizability and real-world impact.
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