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 A B S T R A C T

Most existing machine learning approaches for tuberculosis (TB) screening typically utilize large, high-
dimensional acoustic feature sets without examining their intrinsic discriminative power. To address this gap, 
we introduce a complexity-based feature selection approach that evaluates temporal and spectral descriptors 
using Fisher score (F1), class-distribution overlap (F2), and Shannon entropy (F4). Applied to the CODA-TB 
dataset (9772 audio recordings from 1105 participants), the proposed method identified 7 highly informative 
features from the original 26 features, primarily consisting of mel-frequency cepstral coefficients (MFCC) 
derivatives and spectral-shape measures. The resulting model achieved performance comparable to full-feature 
baselines while reducing feature dimensionality by 73% and computational cost by up to 14×. Comparative 
evaluation against four established feature selection techniques, supported by ablation and statistical analyses, 
confirmed the efficiency and robustness of the complexity-driven strategy, with no statistically significant 
loss in performance. These findings highlight the potential of lightweight, interpretable, and computationally 
efficient models for TB cough-based screening in resource-constrained environments.
1. Introduction

Tuberculosis (TB), caused by Mycobacterium tuberculosis, remains 
one of the world’s leading infectious killers despite decades of re-
search and diagnostic progress [1,2]. While TB can manifest in ex-
trapulmonary sites including kidneys, spine, brain, and lymph nodes, 
this study focuses exclusively on pulmonary TB (PTB). PTB accounts 
for approximately 83% of all TB cases and is the most contagious 
form of the disease [3]. Early and accurate detection of active PTB is 
critical for interrupting transmission chains and improving patient out-
comes. Despite its importance, significant diagnostic challenges persist 
in resource-limited settings [4,5].

Conventional diagnostic modalities include sputum smear
microscopy, chest radiography, and nucleic acid amplification tests 
such as Xpert MTB/RIF. However, these methods face substantial barri-
ers related to cost, invasiveness, technical requirements, and accessibil-
ity in primary care settings [6,7]. Such limitations are particularly acute 
in high-burden, low-resource regions where TB prevalence is highest, 
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underscoring the urgent need for affordable, rapid, and non-invasive 
alternatives for TB screening and triage [8].

Cough sound analysis has emerged as a promising digital biomarker 
for PTB [9–14], leveraging the fact that persistent cough is both a car-
dinal symptom and a primary transmission mechanism. These previous 
studies have demonstrated the potential of acoustic features such as 
mel-frequency cepstral coefficients (MFCCs), spectral centroid, zero-
crossing rate (ZCR), etc., in machine learning models for TB detection. 
More recently, deep learning approaches based on convolutional and 
recurrent neural networks have further improved TB cough classifica-
tion by automatically learning discriminative representations directly 
from cough signals [15–19]. For instance, Rajasekar et al. [15] re-
ported precision values up to 97% in classifying TB coughs using 
bidirectional long short-term memory (BiLSTM) models. Despite these 
advances, deep learning models generally require substantial compu-
tational resources and provide limited interpretability compared with 
feature-based approaches. Relying on either empirically chosen feature 
sets or automatically learned deep representations, existing TB cough 
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detection approaches have not explicitly investigated the intrinsic dis-
criminative complexity of individual features or their robustness to 
inter-patient variability. Indeed, a key limitation is that many methods 
still depend on basic acoustic descriptors that may be insufficiently sen-
sitive to the subtle, non-linear patterns characteristic of TB-associated 
coughs.

To overcome these limitations, our study introduces a complexity-
driven strategy that comprehensively evaluates both temporal and 
spectral features using rigorous mathematical metrics such as Fisher 
score, Shannon entropy, and class-overlap volume. Beyond standard 
features, we incorporate higher-order characteristics including MFCC 
temporal derivatives, spectral skewness, and kurtosis, which may more 
effectively capture the pathological acoustic signatures of PTB.

The primary contributions of this work are threefold: (1) introduce a 
systematic complexity analysis framework for cough acoustic features 
in TB detection; (2) validate the discriminative power of complexity-
ranked features against traditional selection methods through com-
prehensive comparative evaluation; and (3) demonstrate the clinical 
utility of the proposed approach for building interpretable, robust, and 
scalable screening tools deployable in low-resource environments.

Our work builds upon information-theoretic foundations in feature 
selection but extends them to the specific challenges of respiratory 
acoustics. While some studies [20,21] have applied individual com-
plexity metrics in isolation, our combined approach addresses the 
multi-faceted nature of cough discrimination: Fisher score allows class 
separability, overlap minimization reduces ambiguity in borderline 
cases, and entropy maximization captures the rich acoustic diversity 
of pathological coughs. This tripartite framework is particularly suited 
for TB detection, where cough characteristics vary substantially across 
disease stages, comorbidities, and individual patient factors.

The remainder of this paper is organized as follows: In Section 2, we 
describe the proposed methodology, including the dataset, preprocess-
ing pipeline, feature extraction, complexity-based metrics, comparative 
feature selection strategies, and validation procedure. In Section 3, we 
present the experimental results, covering feature complexity analyses, 
ranked subset evaluation, classifier performance, comparative bench-
marking, and computational efficiency, along with a discussion of 
key findings, limitations, and implications for real-world deployment. 
Finally, in Section 4, we conclude the paper and outline directions for 
future work.

2. Methods

The evaluation of cough sound features for TB detection is per-
formed through a multi-step methodology. We begin this section by 
describing the dataset and the extraction of temporal and spectral 
features from segmented audio recordings. Next, we report the cal-
culation of feature complexity metrics, including Fisher score, class 
distribution overlap, and Shannon entropy, which form the basis of our 
complexity-driven feature selection. Participant-level data partitioning 
allows realistic training and testing splits, while comparative feature se-
lection methods and ranked feature subsets are employed to identify the 
most discriminative features. Finally, six classifiers are applied to assess 
the predictive performance of selected features, and a performance 
validation framework compares the effectiveness of different selection 
strategies in clinically relevant scenarios. All main components of this 
methodology are summarized in Fig.  1, and the following subsections 
describe these components in detail.

2.1. Study dataset

We used the COugh Diagnostic Algorithm for Tuberculosis (CODA-
TB) dataset, an openly available under data use agreement collection of 
cough recordings [22]. It comprises 9772 samples from seven countries 
(1105 participants aged 18 years and older, both TB-positive and 
TB-negative cases confirmed through clinical testing). Of the 9772 
2 
recordings, 6842 (70.0%) were TB-negative and 2930 (30.0%) were TB-
positive, reflecting a moderate class imbalance. This dataset provides 
a representative sample base in order to evaluate the discriminative 
potential of acoustic features in TB detection. Our analysis focused 
on acoustic properties extracted from 0.5 s cough segments. This du-
ration was selected based on the work of Rajasekar et al. [15], who 
demonstrated that the explosive phase of the cough contains the most 
discriminative acoustic information for respiratory disease analysis. 
Focusing on this phase enables consistent extraction of the most infor-
mative acoustic characteristics while avoiding less informative portions 
of the cough signal.

2.2. Feature extraction

Based on previous studies [23–25], the cough recordings we ex-
tracted were resampled to 16 kHz prior to feature extraction (a common 
choice for cough/speech acoustic analysis that reduces computational 
cost while preserving the frequency range relevant to cough acous-
tics) [15,16]. Feature extraction was performed using a 25ms Hamming 
window with 50% overlap, resulting in a consistent segmentation pro-
cedure across all recordings. No additional explicit noise-filtering step 
was applied beyond this standard preprocessing, and the recordings 
were analyzed as provided by the CODA-TB dataset. This configuration 
provided an optimal balance between temporal resolution and spectral 
stability for cough analysis. Afterwards, a comprehensive set of 26 
acoustic features was computed (Table  1), capturing both temporal 
and spectral characteristics of cough signals. Temporal features char-
acterize the cough waveform in the time domain, providing insights 
into amplitude variations and signal dynamics, whereas spectral fea-
tures characterize the cough signal in the frequency domain, revealing 
resonant properties and spectral energy distribution [26].

2.3. Complexity-driven feature analysis

This subsection presents the complexity metrics and how the fea-
tures were ranked according to established criteria.

2.3.1. Complexity metrics
Complexity analysis was performed on both temporal and

frequency-domain features (Table  1) to assess their discriminative 
power for differentiating TB-positive (Class 1) from TB-negative (Class 
2). We employed the following metrics to quantify class separability:

• The Fisher Score (F1) compares inter-class variance to intra-class 
variance [27]. It reflects how well a feature separates TB-positive 
from TB-negative samples, with higher values indicating better 
class separability. 

𝐹1 =
(𝜇1 − 𝜇2)2

𝜎21 + 𝜎22
(1)

where 𝜇1, 𝜇2 are respectively the feature means for Class 1 and 
Class 2; 𝜎21 , 𝜎22 are the corresponding variances.

• The Overlap Volume (F2) measures the overlap between class dis-
tributions [28]. It reflects the degree of overlap between the TB-
positive and TB-negative feature distributions, with lower values 
indicating better class separability. 

𝐹2 = ∫ min
(

𝑝1(𝑓 ), 𝑝2(𝑓 )
)

𝑑𝑓 (2)

where 𝑝1(𝑓 ) and 𝑝2(𝑓 ) are respectively the probability density 
functions of feature 𝑓 for Class 1 and Class 2.

• The Feature Entropy (F4) calculates Shannon entropy of the 
feature distribution [29]. It reflects the amount of information or 
variability contained in a feature across the dataset, with higher 
values indicating richer discriminatory information. 

𝐹4 = −
𝑀
∑

𝑝(𝑓𝑖) log2 𝑝(𝑓𝑖) (3)

𝑖=1
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Fig. 1. Signal processing pipeline for cough-based TB detection.
Table 1
Temporal and spectral features extracted from cough signals.
 Temporal Features Spectral Features
 Name (label) Description Name (label) Description  
 RMS (f1) Signal energy, representing 

cough intensity and amplitude 
variations.

Spectral Centroid (f7) Frequency indicating signal brightness or 
dominant frequency region.

 

 ZCR (f2) Rate of sign changes in the 
waveform, indicating 
periodicity.

Spectral Bandwidth (f8) Spread of the spectrum around the centroid.  

 Duration (f3) Total length of the cough 
event, indicating severity and 
effort.

Spectral Rolloff (f9) Frequency below which 85% of spectral energy 
is contained, representing bandwidth and 
high-frequency content.

 

 Skewness (f4) Measure of asymmetry in the 
waveform, reflecting temporal 
distribution.

Spectral Flatness (f10) Quantifies noisiness vs tonality, distinguishing 
harmonic/noisy components.

 

 Kurtosis (f5) Peakiness of the amplitude 
distribution, indicating 
burst-like characteristics.

MFCCs (f11-f22) Twelve features (including delta/delta-delta for 
dynamic variations), each containing 13 
coefficients representing the spectral envelope. 
f11 to f22 correspond to Mean, SD, Min, Max 
of MFCC, MFCC Delta, and MFCC Delta2.

 

 Variance (f6) Signal variability, capturing 
dynamic range and stability.

Minimum Spectrogram 
Values (f23-f26)

Captures baseline energy levels across 
frequency bands, reflecting consistency in 
spectral energy.

 

Note. RMS: Root Mean Square, ZCR: Zero Crossing Rate, MFCCs: Mel-Frequency Cepstral Coefficients, SD: Standard Deviation, Min: Minimum, 
Max: Maximum.
where 𝑀 is the number of discrete feature states, and 𝑝(𝑓𝑖) is the 
probability of the feature state 𝑓𝑖.

2.3.2. Feature selection criterion
Each feature (𝑖) is assigned a normalized combined complexity score 

(𝑆𝑖) defined as: 

𝑆𝑖 =
𝐹1𝑖,norm + (1 − 𝐹2𝑖,norm) + 𝐹4𝑖,norm

3
, (4)

where the subscript norm denotes min–max normalization across all 26 
features.

Rather than using a learned or tuned weighting scheme, the three 
complexity metrics are assigned equal weights (1/3 each). This design 
choice maintains methodological simplicity, avoids introducing an ad-
ditional hyperparameter requiring optimization on a limited dataset, 
and reduces the risk of overfitting the feature selection criterion [30,
31]. To evaluate the robustness of this design choice, we conducted 
a supplementary sensitivity analysis by increasing, in turn, the rela-
tive contribution of each metric, while keeping the remaining metrics 
equally weighted. Across all tested weighting schemes, the selected 
feature subsets and the resulting classification performance remained 
qualitatively stable around the equal-weight configuration, indicating 
that the proposed criterion is not overly sensitive to moderate changes 
in the weighting strategy.

A feature 𝑖 is retained if 𝑆𝑖 exceeds a data-driven threshold 𝛽, 
defined as the 70th percentile of the training distribution. In our 
experiments, this corresponds to 𝛽 = 0.61. To further support this 
threshold, we conducted a sensitivity analysis by varying the number 
of retained features from k=4 to k=26 (i.e., the complete feature set) 
3 
using the Random Forest classifier. Classification accuracy remained 
within a narrow range (0.670–0.679), while the highest F1-scores 
were consistently obtained when retaining between k=4–7 features (F1 
= 0.229–0.293). Beyond this range, performance gradually declined 
as additional, less informative or partially redundant features were 
included. These findings indicate that the selected threshold lies within 
a stable near-optimal operating region rather than representing an arbi-
trary empirical choice. Furthermore, the selected threshold consistently 
identified the same seven highly discriminative features across multiple 
training splits. The predictive effectiveness of this selected feature 
subset is further illustrated in Results section. The corresponding ROC 
curves show consistent performance across six evaluated classifiers, 
supporting the robustness of the proposed feature selection strategy.

2.4. Comparative feature selection methods

We compared our proposed method, complexity-driven feature 
selection, with four existing feature selection approaches: (a) Selec-
tKBest with F-test ranking [32], (b) sequential forward selection [33], 
(c) sequential backward elimination [34], and (d) Random Forest 
importance-based ranking [35]. These four benchmarks were chosen 
because they are widely adopted, computationally tractable at this 
dataset scale, and jointly span the three main families of feature 
selection strategies: filter methods (SelectKBest), wrapper methods (for-
ward/backward sequential selection), and embedded methods (Ran-
dom Forest importance), providing a representative and diverse basis 
for comparison [36–38]. The next lines distinguish between two se-
lection strategies. The first selection strategy evaluates classification 
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performance of each method using a predefined subset of seven top-
ranked features selected by the proposed complexity-based criterion. 
Conversely, the second strategy selection allows algorithms to auto-
matically determine its own optimal subset size based on their internal 
criteria. This dual perspective enables a balanced comparison between 
fixed-size feature selection and adaptive feature selection.

2.4.1. Fixed feature selection
This approach utilized fixed feature order derived from Fisher score, 

class overlap, and entropy analyses. A separate validation framework 
compared four distinct approaches: (i) baseline using all 26 features 
with Random Forest classifier, (ii) proposed method using the top 7 
complexity-ranked features (MFCC derivatives, spectral rolloff, skew-
ness, kurtosis), (iii) SelectKBest with top 7 F-test ranked features, and 
(iv) Random Forest importance with top 7 ranked features. All the 
four distinct approaches were evaluated under identical conditions to 
ensure fair comparison. The feature selection algorithms were trained 
exclusively on training set participants to prevent data leakage, with 
feature importance scores computed only from training data.

2.4.2. Adaptive feature selection
This approach utilized all the features highlighted in Table  1. It 

allows algorithms to automatically determine the optimal subset size 
based on their internal criteria.

The feature methods selection employed in this study were eval-
uated under identical initial conditions, meaning that each method 
operated on the same training/testing partitions, the same normalized 
feature space, and the same incremental subset evaluation protocol.

2.5. Model training and validation

To achieve clinically realistic evaluation and prevent data leakage, 
we implemented participant-level data partitioning using GroupShuf-
fleSplit. Since each participant contributes multiple cough recordings, 
traditional random splitting could place recordings from the same indi-
vidual in both training and test sets [39]. This would artificially inflate 
performance metrics, as the model might learn participant-specific 
acoustic patterns rather than genuine TB-discriminative features.

2.5.1. Group-wise data partitioning
Our rigorous approach guarantees that all cough recordings from 

a single participant are exclusively assigned to either training (80% 
of participants) or test sets (20% of participants). The final dataset 
partitioning resulted in 7825 recordings for training and 1947 record-
ings for testing, allowing complete participant-level separation between 
sets. This partitioning strategy mimics real-world deployment scenarios 
where the system encounters completely new patients, providing a 
reliable estimate of generalization performance. The GroupShuffleSplit 
strategy was employed with participant IDs as grouping labels, guar-
anteeing that models are evaluated on their ability to generalize to 
unseen individuals rather than recognizing patterns from partially seen 
patients.

2.5.2. Classifier setup and evaluation
Six machine learning classifiers were employed for comprehensive 

evaluation: (i) Decision Tree with balanced class weights, (ii) Random 
Forest, (iii) k-Nearest Neighbors (KNN), (iv) Gaussian Naïve Bayes, (v) 
Linear Support Vector Machine (SVM), and (vi) non-linear SVM with 
RBF kernel. These six classifiers were selected to span complementary 
modeling paradigms: a single interpretable decision boundary (Deci-
sion Tree), an ensemble of trees (Random Forest), a non-parametric 
instance-based method (KNN), a probabilistic generative model (Naive 
Bayes), and both linear and non-linear margin-based discriminative 
models (Linear SVM and RBF-SVM). This diversity allows that the ob-
served robustness of the selected features is not tied to a single class of 
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learning algorithm. To facilitate a fair comparison across all feature se-
lection strategies, the classifiers were evaluated using standard, widely 
adopted hyperparameter settings rather than performing an exhaustive 
hyperparameter optimization for each feature selection method. Ran-
dom Forest was configured with 200 estimators and KNN with k=5, 
while the remaining classifiers used standard configurations unless 
otherwise specified. This design isolates the effect of the proposed 
feature selection strategy from classifier-specific hyperparameter tuning 
and provides a consistent evaluation framework across all methods. 
Extensive hyperparameter optimization could further improve the abso-
lute performance of individual classifiers and is therefore left for future 
work. Before classifier training, all input features were standardized to 
zero mean and unit variance using a StandardScaler fitted exclusively 
on the training partition and subsequently applied to the corresponding 
test partition. This procedure was repeated independently for each 
group-wise split to prevent data leakage while ensuring consistent 
feature scaling across classifiers.

The evaluation followed the group-wise cross-validation scheme. 
Each model was trained with incrementally increasing feature subsets 
(k=1 to 26 features) to assess cumulative performance progression. Per-
formance was quantified using accuracy, ROC-AUC (Receiver Operating 
Characteristic, Area Under the Curve), precision, recall, and F1-score 
across all folds.

Statistical significance between methods was assessed through
paired t-tests at each feature count level using repeated group-wise vali-
dation scores. Given the relatively small number of repeated group-wise 
splits used for these comparisons, formal assessment of the normality 
assumption has limited statistical power [40,41]. Therefore, the paired 
t-test results are interpreted as indicative rather than definitive and are 
used to complement the overall comparative analysis rather than serve 
as the sole basis for the conclusions. The magnitude and consistent 
direction of the observed differences across classifiers further support 
the conclusion that no practically meaningful performance degradation 
was introduced by the proposed feature selection strategy.

Computational efficiency was evaluated by measuring execution 
times across all method-classifier combinations, while Kendall’s 𝜏 cor-
relation quantified the alignment between complexity rankings and 
Random Forest importance orders.

2.5.3. Ablation study on individual complexity metrics
To assess whether the combined criterion 𝑆𝑖 (Eq.  (4)) provides an 

advantage over any single complexity metric, we repeated the full 
feature selection and evaluation pipeline using each metric individually 
to rank features (Fisher score alone, Overlap volume alone, Shannon 
entropy alone), selecting the respective top-7 features for each. Aver-
aged across all six classifiers, the combined criterion achieved Accuracy 
(Acc) = 0.653, F1 = 0.375, AUC = 0.601; Fisher-only selection achieved 
Acc = 0.646, F1 = 0.366, AUC = 0.598; Overlap-only selection achieved 
Acc = 0.616, F1 = 0.352, AUC = 0.574; and Entropy-only selection 
achieved Acc = 0.653, F1 = 0.367, AUC = 0.598. The combined 
score matched or slightly outperformed every individual metric and 
notably outperformed Overlap-volume alone by a clear margin. These 
results demonstrate that the complementary information provided by 
Fisher score, overlap volume, and Shannon entropy yields a more 
robust feature ranking than any individual complexity metric alone. 
This ablation study therefore provides direct empirical support for 
the proposed combined complexity score and further distinguishes the 
proposed approach from feature selection methods based on a single 
discriminative criterion.

3. Results and discussion

Fig.  2 shows the evaluation of feature complexity using discrim-
inative metrics (F1, F2, F4). The features f20 and f9 achieved high 
F1 scores (471.7 and 175.5, respectively), indicating strong TB/non-
TB separation (Fig.  2(a)). Low F2 values with f3 (F2 = 0.13) suggest 



S. Ben Mahjouba et al. Franklin Open 17 (2026) 100759 
(a) Fisher score

(b) Overlap volume

(c) Shannon entropy

Fig. 2. Comparison of three complexity metrics for temporal (blue bars) and spectral (green bars) features.
Feature labels f1 to f26 and their corresponding meanings are shown in Table  1.
minimal overlap (Fig.  2(b)), while spectral features (f7–f26) had high 
entropy (F4 > 4.5) (Fig.  2(c)). Combining high F1, low F2 and high 
F4, features like f20 (MFCC delta2 std) and f9 (spectral rolloff) could 
enhance TB screening robustness. Overall, Fig.  2 demonstrates that 
the most discriminative features consistently combine high class sep-
arability, low class overlap, and high information content, thereby 
motivating their selection for the subsequent classification experiments. 
Our findings show that complexity-informed features can improve TB 
cough detection by capturing nonlinear acoustic cues linked to airway 
pathology. MFCC derivatives (delta and delta-delta) and spectral rolloff 
showed strong separability (F1 > 100) and moderate overlap (F2 ∼
0.6–0.8) outperforming traditional features like RMS and ZCR.

Unlike traditional black-box models, our approach focuses on high-
lighting the individual contribution of each acoustic feature. This sig-
nificantly enhances interpretability and supports more transparent di-
agnostic decision-making. This level of explainability is especially valu-
able in medical contexts, where trust and clarity are essential. The 
5 
CODA-TB dataset’s diversity supports generalization to real-world set-
tings, aligned with WHO’s goals for AI in global health [42]. Nonethe-
less, variable recording conditions may affect feature consistency.

3.1. Feature ranking based on complexity metrics

Table  2 presents the ranking of all 26 acoustic features based on 
the combined complexity score 𝑆𝑖, following the selection procedure 
described in Section 2.3. The top 7 features (highlighted in bold) were 
selected using the 70th percentile threshold (𝛽 = 0.61) and represent 
the most discriminative characteristics for TB cough classification.

3.2. Feature set analysis

The analysis of feature selection during the two strategies reveals 
that complexity-based selection achieves peak performance with fewer 
features than sequential methods, demonstrating superior feature effi-
ciency.
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Fig. 3. ROC curves for the six classifiers using the top-7 complexity-selected features.

Fig. 4. Precision–Recall curves for the six classifiers using the top-7 complexity-selected features (AP: Average Precision).
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Table 2
Complete feature ranking with combined complexity score.
 Rank Feature Fisher Score Overlap Entropy 
 1 f20: Std of MFCC Delta-Delta 471.71 0.70 0.61  
 2 f9: Spectral Rolloff 175.52 0.57 11.59  
 3 f19: Mean of MFCC Delta-Delta 430.46 0.84 1.46  
 4 f16: Std of MFCC Delta 436.72 0.80 2.72  
 5 f21: Min of MFCC Delta-Delta 464.59 0.82 1.80  
 6 f5: Kurtosis 2.26 0.93 4.24  
 7 f18: Max of MFCC Delta 406.47 0.80 3.95  
 8 f15: Mean of MFCC Delta 268.99 0.83 2.98  
 9 f13: Min of MFCC 423.48 0.78 8.04  
 10 f12: Std of MFCC 333.64 0.82 6.02  
 11 f22: Max of MFCC Delta-Delta 303.44 0.90 0.97  
 12 f6: Variance 238.39 0.18 0.33  
 13 f8: Spectral Bandwidth 166.23 0.75 10.05  
 14 f7: Spectral Centroid 160.43 0.68 10.80  
 15 f1: RMS 296.52 0.32 0.34  
 16 f14: Max of MFCC 174.18 0.86 6.48  
 17 f11: Mean of MFCC 172.01 0.85 4.78  
 18 f10: Spectral Flatness 81.00 0.31 0.34  
 19 f2: ZCR 88.69 0.40 0.35  
 20 f25: Spectrogram Min 0.10 0.76 1.73  
 21 f24: Spectrogram Std 190.37 0.89 2.47  
 22 f26: Spectrogram Max 21.90 0.95 4.39  
 23 f23: Spectrogram Mean 0.13 0.97 4.49  
 24 f4: Skewness 62.29 0.96 0.86  
 25 f3: Duration 0.81 0.13 0.33  
 26 f17: Min of MFCC Delta 0.03 0.98 2.93  
Note. Features in bold represent the top 7 selected features based on the 70th percentile 
threshold (𝑆𝑖 ≥ 0.61). The combined complexity score 𝑆𝑖 is computed as presented in 
Eq.  (4).

Table 3
Performance with top-7 selected features (group-wise validation).
 Method Acc. F1 AUC CV F1  
 All 26 features 0.67 0.31 0.61 0.31 ± 0.07  
 Complexity-based 0.66 0.34 0.59 0.34 ± 0.06 
 SelectKBest 0.67 0.34 0.60 0.34 ± 0.03  
 RF Importance 0.66 0.34 0.60 0.34 ± 0.07  
Note. Top 7 features in Table  2. Acc.: Accuracy, AUC: Area Under Curve, CV: Cross-
validation.

3.2.1. Fixed feature selection
Figure 3 illustrates the discriminative performance of the proposed 

top-7 feature subset across the six evaluated classifiers through the 
corresponding ROC curves. Complexity-based selection demonstrated 
competitive performance while reducing the original feature set from 
26 to 7 features (73% reduction), making it particularly suitable for 
practical deployment scenarios (Table  3). Although the performance 
improvement over the baseline methods is modest, the proposed ap-
proach achieves comparable predictive performance with a substan-
tially smaller and more interpretable feature subset, reducing fea-
ture extraction complexity and facilitating deployment in resource-
constrained TB screening settings. Notably, complexity-based selection 
also achieved a high cross-validation F1-score (0.34 ± 0.06), indicating 
better balance between precision and recall (Fig.  4), a crucial consid-
eration for medical screening applications where both false positives 
and false negatives carry significant consequences. Considering this 
F1-score in a clinical-deployment context, we position the proposed 
model as a lightweight pre-screening/triage aid intended to prioritize 
patients for confirmatory testing (e.g., Xpert MTB/RIF) rather than as 
a standalone diagnostic tool, consistent with WHO guidance on target 
product profiles for community-based TB triage tests.

3.2.2. Adaptive feature selection
In this strategy, complexity-based method achieved optimal perfor-

mance with only 9 features for RandomForest (accuracy: 0.71) and 
10 features for SVM (accuracy: 0.67), representing 65% and 62% fea-
ture reduction respectively while maintaining competitive performance
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(Table  4). It consistently achieves peak or near-peak performance with 
markedly fewer features than competing methods. Fig.  5 presents the 
Random Forest sensitivity analysis as the number of selected features 
increases. The results show that near-optimal performance is achieved 
with only a small subset of features, supporting the robustness of the 
proposed feature selection criterion.

The advantage was particularly evident for the SVM classifier, 
as illustrated in Fig.  6. Fig.  6 shows how SVM accuracy evolves as 
the number of selected features increases for each feature selection 
method. The proposed complexity-based method reached its highest ac-
curacy (0.67) with only 10 selected features, whereas the Forward and 
Backward sequential methods remained below 0.7. Although RF Im-
portance achieved comparable performance for larger feature subsets, 
the proposed method reached its optimum with fewer features, demon-
strating more efficient identification of informative acoustic descriptors
(Table  4). These findings confirm that the complexity criterion provides 
both an efficient and robust selection strategy, allowing high predictive 
performance with minimal feature subsets.

3.3. Overall performance comparison

The superior performance of complexity-based feature selection 
stems from its foundation in information-theoretic principles. By pri-
oritizing features with: (1) high Fisher scores indicating strong class 
separability, (2) low overlap volume ensuring minimal distribution con-
fusion, and (3) high feature entropy capturing rich information content, 
the method identifies characteristics that are inherently discrimina-
tive and robust to inter-patient variability. This theoretical founda-
tion explains why complexity-based selection maintains competitive 
performance while offering substantial computational advantages.

Paired t-tests across all folds and classifiers (Table  5) confirm no 
statistically significant accuracy degradation against any of the four 
benchmarks. To complement Table  5, we additionally report per-
classifier paired t-test results (on F1-scores) comparing the proposed 
top-7 feature set against freshly recomputed top-7 subsets for all 
four benchmark methods (SelectKBest, Random Forest importance, 
sequential forward selection, sequential backward elimination). Out of 
24 classifier/method comparisons, 22 were non-significant at 𝛼=0.05; 
two were statistically significant (KNN vs. Forward, p = 0.014; Linear 
SVM vs. Backward, p = 0.047). This 2/24 (approximately 8%) rate 
is consistent with the aggregated per-method proportions reported in 
Table  5 (0.23 for Forward and Backward, 0.08 for KBest, 0.12 for RF 
Importance) and does not alter the overall conclusion of no broad, 
systematic performance degradation. This makes complexity-driven 
selection the method of choice for deployment on resource-constrained 
devices. Fig.  7 presents the confusion matrices for the six evaluated 
classifiers using the proposed top-7 feature subset. The matrices show 
a balanced classification of TB-positive and TB-negative recordings, 
consistent with the quantitative performance metrics reported above.

The ability to maintain competitive performance with only 7 fea-
tures vs. 26 (Table  3) reduces system complexity, memory footprint, 
and inference latency while enhancing interpretability for clinical 
stakeholders. Beyond computational efficiency, this compact feature 
set facilitates deployment on low-cost edge devices and point-of-care 
systems in resource-constrained settings, where memory and process-
ing capabilities are limited. Furthermore, focusing on a small set 
of physiologically meaningful acoustic descriptors provides greater 
clinical interpretability, enabling a clearer understanding of the acous-
tic signatures associated with PTB and supporting more transparent 
decision-making. Kurtosis (f5) captures the leptokurtic (peaked) ampli-
tude distribution characteristic of the explosive phase in TB coughs, 
potentially reflecting rapid airway opening against increased mucus 
viscosity. Spectral rolloff (f9) shifts may indicate altered harmonic 
structure due to pulmonary consolidation and cavitation. MFCC delta 
features (f16, f18–f21) likely capture the irregular timing and spectral 
evolution of cough sequences, which clinical studies associate with 
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Table 4
Optimal feature counts and corresponding maximum accuracy.
 Method Classifier

 DT RF KNN NB LinSVM SVM  
 Complexity 19 (0.63) 9 (0.71) 9 (0.68) 1 (0.72) 13 (0.64) 10 (0.67) 
 KBest 7 (0.62) 13 (0.70) 13 (0.67) 1 (0.72) 18 (0.64) 7 (0.65)  
 Forward 24 (0.62) 26 (0.70) 11 (0.67) 1 (0.71) 8 (0.65) 7 (0.60)  
 Backward 24 (0.62) 26 (0.70) 11 (0.67) 1 (0.71) 8 (0.65) 7 (0.60)  
 RF Importance 17 (0.63) 8 (0.71) 11 (0.67) 4 (0.72) 7 (0.66) 11 (0.65)  
Note. DT: Decision Tree, RF: Random Forest, NB: Naive Bayes, LinSVM: Linear SVM. Values show optimal feature count 
(accuracy). Bold indicates methods achieving highest accuracy with fewest features.
Fig. 5. Sensitivity of Random Forest performance to the number of retained features (published ranking order), supporting the choice of the 70th-percentile 
threshold (k=7).
Fig. 6. Evolution of Support Vector Machine (SVM) accuracy according to the number of selected features for different feature selection methods. The complexity-
based selection consistently outperforms sequential approaches across all feature counts, achieving the highest accuracy (0.67) with only 10 selected features, 
with the statistically significant advantage of the complexity-based method at k=10 highlighted.
8 
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Fig. 7. Confusion matrices for the six classifiers using the top-7 complexity-selected features (participant-level held-out test set).
Fig. 8. Average computation time (selection + training) in seconds. Compl: Complexity-based method, Fwd: sequential forward selection, Bwd: sequential 
backward elimination, KBest: SelectKBest, RF Imp: Random Forest importance-based. The values displayed in each cell correspond to execution times in seconds, 
whereas the color scale represents log10 of the execution time to improve visualization across methods.
Table 5
Statistical significance (𝑝 < 0.05 proportion).
 vs → Fwd Bwd KBest RF Imp. 
 6 classifiers .23 .23 .08 .12  
Note. Compl. Complexity-based method, Fwd: sequential forward selection, Bwd: se-
quential backward elimination, KBest: SelectKBest, RF Imp.: Random Forest importance-
based.

bronchial wall thickening and parenchymal involvement in TB [43]. 
These acoustic correlates align with known TB pathophysiology, includ-
ing caseous necrosis, granuloma formation, and bronchial distortion, 
suggesting that the complexity-driven selection identifies features with 
genuine physiological relevance rather than statistical artifacts.
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3.4. Computational efficiency

Fig.  8 reports the average computation time during the second strat-
egy. It shows that complexity-based selection is systematically among 
the fastest methods and is 1.8–14× faster than RF Importance while be-
ing comparable to filter and wrapper methods. The empirical execution 
times reported in Fig.  8 are consistent with the theoretical compu-
tational complexity of the evaluated feature selection methods. The 
runtime complexity for the filter-based methods (complexity-based se-
lection, SelectKBest) is O(n*d) in the number of samples n and features 
d, since each feature is scored independently. Random Forest impor-
tance additionally requires fitting an ensemble of trees (O(n*d*T*log 
n) for T trees), which explains its higher runtime, while sequential for-
ward/backward selection is the most expensive at O(n*d2) in the worst 
case due to the repeated retraining over candidate feature subsets. The 
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computational efficiency analysis demonstrates substantial advantages 
for complexity-based selection. Complexity-based selection achieved 
competitive computation times comparable to sequential forward selec-
tion (0.99–1.07×) while maintaining equivalent or superior accuracy. 
This efficiency advantage is particularly valuable for real-time TB 
screening applications and resource-constrained environments [44,45].

3.5. Limitations of this study

While our complexity-driven feature selection approach showed 
promising efficiency and interpretability for TB cough detection, sev-
eral limitations warrant consideration. First, the analysis relies on the 
CODA-TB dataset, which, despite its multinational diversity (seven 
countries, 1105 participants), primarily captures PTB cases confirmed 
via clinical testing. This may limit generalizability to extrapulmonary 
TB, pediatric populations, or regions with underrepresented demo-
graphics, such as high-altitude or extreme environmental conditions 
that could alter cough acoustics. Second, variable recording condi-
tions such as ambient noise, microphone quality, etc., inherent to 
field-collected data may introduce inconsistencies in feature extraction, 
potentially affecting model robustness in uncontrolled real-world set-
tings. Third, the dataset exhibits a moderate class imbalance (70.0% 
TB-negative vs. 30.0% TB-positive recordings), which we partially mit-
igated through class-balanced weighting in all classifiers, but which 
may still contribute to the relatively modest F1-scores observed and 
could bias the model toward the majority (TB-negative) class in de-
ployment. Although group-wise partitioning mitigates data leakage, 
the achieved performance metrics (accuracy ∼0.67, F1-score ∼0.34) 
indicate room for improvement, possibly due to class imbalance or 
subtle acoustic overlaps between TB-positive and negative cases influ-
enced by comorbidities. Finally, the present study relies exclusively on 
acoustic features extracted from cough recordings, without incorporat-
ing complementary multimodal information such as clinical metadata, 
symptom profiles, demographic characteristics, or medical imaging. 
Although this design enabled a focused evaluation of the proposed 
complexity-based feature selection strategy, integrating multimodal 
information could further improve model robustness and diagnostic 
performance. Future work will therefore investigate multimodal feature 
fusion and validate the proposed framework in prospective multi-center 
studies to enhance its generalizability and clinical applicability.

4. Conclusion and future work

This study demonstrates that complexity-driven feature selection 
achieves equivalent or superior classification performance using only 
7–10 features instead of 26. It exhibits no statistically significant ac-
curacy loss against four established methods and up to 14× lower 
computational cost than commonly used Random Forest Importance 
baselines. The significant efficiency gains combined with maintained 
performance position complexity-based selection as the optimal ap-
proach for scalable TB screening in resource-constrained environments. 
The consistency of the complexity-based rankings across multiple clas-
sifiers suggests that the identified feature subset captures fundamental 
acoustic properties of TB coughs rather than classifier-specific artifacts. 
This generalizability enhances the clinical utility of our approach, 
as the same feature set could be deployed with different modeling 
techniques depending on computational constraints or performance 
requirements in various healthcare settings. Furthermore, the predom-
inance of temporal derivatives in our selected features indicates that 
dynamic cough characteristics may be more discriminative than static 
spectral properties for TB detection, an insight that could guide fu-
ture feature engineering in respiratory sound analysis. Looking beyond 
this study, we envision the proposed lightweight feature set as a 
key component of a broader digital-health triage pipeline. Integrated 
into a smartphone-based cough-screening application, it could support 
community health workers in identifying and prioritizing individuals 
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for confirmatory TB testing, particularly in settings with limited access 
to laboratory-based diagnostics. More broadly, such an approach could 
facilitate the integration of AI-assisted cough screening into primary 
healthcare systems, enabling earlier referral, more efficient resource 
allocation, and improved access to TB screening in underserved com-
munities. Future work will focus on integrating clinical metadata with 
acoustic features and validating the approach in prospective multi-
center studies to enhance generalizability across diverse populations 
and recording conditions.
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