
Analysis of Metadata and Cough Signal
Complexities in Tuberculosis Screening

Sana Ben Mahjouba1,2[0009−0002−9153−910X], Youssef
Ouakrim1,2[0009−0002−4589−3976], Johannes C. Ayena1,2[0000−0003−4104−8070],

Simon Grandjean Lapierre3,4[0000−0003−3646−1573], Mihaja
Raberahona5,6[0000−0001−8857−5834], and Neila Mezghani1,2[0000−0002−5935−4570]

1 Applied Artificial Intelligence Institute (I2A), TELUQ University, Montréal,
Québec, Canada

2 Open Innovation Laboratory in Health Technologies, Centre de Recherche du
Centre Hospitalier de l’Université de Montréal (CRCHUM), Montréal, Québec,

Canada
neila.mezghani@teluq.ca

3 Immunopathology Axis, CRCHUM, Montréal, Québec, Canada
4 Department of Microbiology, Infectious Diseases and Immunology, Université de

Montréal, Montréal, Québec, Canada
5 CHU Joseph Rasera Befelatanana, Antananarivo, 101, Analamanga, Madagascar
6 Équipe de Recherche Clinique en Maladies Infectieuses (ERCMI), Madagascar

Abstract. Tuberculosis (TB) remains a global health challenge, par-
ticularly in resource-constrained settings where advanced diagnostics are
scarce. Recent research has explored the potential of using cough signals,
combined with clinical data and machine learning (ML), as a non-invasive
screening method for TB. However, the effectiveness of such approaches
remains highly dependent on the specific ML model employed, includ-
ing its architecture, training procedure, and preprocessing pipeline. This
study aims to quantify the complexity of both metadata and tempo-
ral cough signals to improve classification outcomes and ensure greater
model generalizability. Cough recordings from 1105 participants (TB-
positive and TB-negative) in the CODA-TB dataset were analyzed across
two levels: (1) metadata complexity, assessing demographic and clinical
variable heterogeneity; and (2) time series complexity, evaluating raw
acoustic waveform irregularity. Complexity metrics, including Shannon
entropy, Hurst exponent, and Fisher’s discriminant ratio, were computed.
Metadata analysis identified fever, weight loss (Cramér’s V > 0.3) and
heart rate (Fisher score > 100) as highly discriminative. Time series anal-
ysis revealed TB-specific patterns, with a Hurst exponent of 0.72 ± 0.15
indicating persistent behavior and a Higuchi fractal dimension of 1.71
± 0.24 reflecting signal irregularity. By integrating complexity analysis,
this study uncovers intricate cough patterns and supports the develop-
ment of robust, non-invasive screening tools for resource-limited settings
and highlights their potential for broader clinical applications.
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chine Learning · Non-invasive Diagnostics
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1 Introduction

Tuberculosis (TB) remains a global health challenge, especially in resource-
limited settings lacking advanced diagnostics like GeneXpert [16]. Chronic cough,
a hallmark of pulmonary TB, has led to acoustic-based diagnostic approaches.
However, features such as mel-frequency cepstral coefficients (MFCCs), widely
used in audio processing, show variable performance due to environmental noise,
recording device differences, and physiological variability, limiting robustness
and generalizability [2]. Complexity metrics have gained interest as they cap-
ture intrinsic signal properties (temporal dynamics and nonlinear characteris-
tics) that are more robust to noise and acquisition variability [12], providing
complementary information that enhances discrimination between TB-positive
and TB-negative cases beyond traditional acoustic features.

This study focuses exclusively on active pulmonary TB, excluding latent
and extrapulmonary forms. It is designed as a preliminary analysis preceding
classification, aiming to identify and characterize complexity-based biomarkers
before model training. Unlike previous work investigating only acoustic features
[11], we (1) combine metadata complexity analysis with time-series complexity
measures of cough sounds; (2) leverage a uniquely diverse dataset from seven
countries to ensure biomarker generalizability; and (3) systematically evaluate
complexity features to overcome model dependency common in machine learning
(ML)-based diagnostics. Clinically, this dual-level analysis reflects TB’s multi-
faceted nature: cough acoustics indicate pulmonary pathology, while metadata
like fever and weight loss capture systemic symptoms. Examining both through
complexity theory identifies complementary biomarkers, laying the groundwork
for robust TB-positive vs. TB-negative classification.

2 Materials and Methods

2.1 Database

The CODA-TB dataset [9] contains cough audio recordings and associated meta-
data from 1105 participants (297 TB-positive, 808 TB-negative) across seven
countries. This diverse dataset includes (1) metadata such as participant de-
mographics and clinical information, (2) time series data consisting of acoustic
cough recordings, and (3) TB status as the target variable indicating TB-negative
(0) or TB-positive (1). Together, these components enable a comprehensive anal-
ysis for TB detection.

Metadata Metadata include numerical and categorical variables (Tables 1, 2),
which provide critical context for the acoustic data and help assess relationships
between participant characteristics and cough patterns.
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Table 1. Numerical metadata attributes

Variable Description Unit Reference
Age Participant’s age Years Nv1
Weight Participant’s weight Kilograms Nv2
Height Participant’s height Centimeters Nv3
Heart rate Beats per minute bpm Nv4
Temperature Body temperature °C Nv5
Reported cough duration Duration of cough Days Nv6

Table 2. Summary of categorical metadata attributes with reference identifiers

Categorical variables Description Values Reference
Sex Biological sex Male / Female Cv1
TB Prior Previous TB diagnosis Yes / No Cv2
Prior TB type: Pulmonary Pulmonary TB history Yes / No Cv3
Prior TB type: Extrapulmonary Extrapulmonary TB history Yes / No Cv4
Prior TB type: Unknown Unknown TB type history Yes / No Cv5
Hemoptysis Blood in sputum Yes / No Cv6
Weight loss Recent weight loss (last 30 days) Yes / No Cv7
Smoking last week Recent smoking Yes / No Cv8
Fever Recent fever (last 30 days) Yes / No Cv9
Night sweats Recent night sweats (last 30

days)
Yes / No Cv10

TB status (Target) TB diagnosis 1: Yes / 0: No Cv11

Time Series Data: Acoustic Recordings Cough is a key symptom of pul-
monary TB, but symptom-based screening alone often lacks accuracy. Advances
in digital health enable acoustic analysis to improve early detection [9]. Cough
sounds were recorded using the Hyfe Research App on Android [1] smartphones,
which detects cough events via a prediction score threshold (≥ 0.85). Partici-
pants were instructed to cough at least three times, with spontaneous coughs
also recorded. This time series data enables extraction of acoustic features to
distinguish TB-positive from TB-negative coughs using machine learning.

2.2 Complexity Metrics

Complexity analysis quantifies the structure, variability, and discriminative power
of both metadata and cough signal time series, aiding feature selection to im-
prove TB screening model interpretability and generalizability [3].

Metadata Complexity Metadata complexity influences classification. Cate-
gorical variables were numerically encoded after assessing association with TB
status via Cramér’s V [10], while numerical features were evaluated using com-
plexity metrics that quantify class separability. Let D = x1, . . . , xn be the dataset
with features (f1, . . . , fp) and classes c1 (TB-positive) or c2 (TB-negative). The
applied metrics are summarized in Table 3.



4 S. Ben Mahjouba et al.

Table 3. Metadata Complexity Measures

Measure Definition Interpretation
Fisher Discriminant Ratio
(F1) [4]

F1i =
(µi1−µi2)

2

σ2
i1+σ2

i2
Higher values indicate
better class separation

Volume of Overlap (F2) [7] Ratio of overlapping feature
value ranges between classes

Values near 0 indicate
strong separation; values
near 1 indicate high over-
lap

Intra/Inter-class Distance
Ratio (N2) [7]

Ratio of average within-class to
between-class distances

Lower values imply
better clustering within
classes

Shannon Entropy (F4) [15] F4i = −
∑

j pj log2 pj Higher entropy indicates
more variability; lower
entropy suggests redun-
dancy

Time Series Complexity To capture dynamic and structural cough signal
properties, multiple time series complexity measures were applied (Table 4),
offering complementary insights for TB detection.

Parameters used in Table 4: Sample Entropy m = 2, tolerance r = 0.2× std;
Higuchi max segment length kmax = 10; Rényi order α = 2; Shannon and Rényi
computed with 50 histogram bins or KDE bandwidth 0.5; Correlation Dimension
embedding m = 2, scale range empirical.

Table 4. Time Series Complexity Measures

Measure Mathematical Definition Interpretation
Shannon Entropy
[15]

H = −
∑n

i=1 pi log2 pi Measures signal unpredictability;
higher values indicate more random-
ness

Rényi Entropy [14] Hα = 1
1−α

log2 (
∑

pαi ) Generalized entropy sensitive to event
frequency; parameter α controls sensi-
tivity

Hurst Exponent [8] (R/S)n = c · nH Assesses long-term memory; H = 0.5
indicates randomness, H > 0.5 persis-
tence, H < 0.5 mean reversion

Higuchi Fractal Di-
mension [6]

L(k) ∝ k−D Quantifies self-similarity; higher D in-
dicates more irregularity

Sample Entropy [13] SampEn = − ln A
B

Measures pattern predictability; lower
values indicate regularity, higher values
more randomness

Correlation Dimen-
sion [5]

D2 = limr→0
logC(r)
log r

Estimates attractor dimensionality;
higher values imply more complex dy-
namics
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3 Results and Discussion

This section reports results on metadata and complexity metrics distinguishing
TB-positive from TB-negative coughs, highlighting key findings and limitations.

3.1 Metadata Complexity

The complexity metrics for numerical metadata variables were analyzed to assess
their discriminative power. Table 5 presents the Fisher discriminant ratio (F1),
overlap volume (F2), intra/inter-class distance ratio (N2), and Shannon entropy
(F4) for each variable.

The highest F1 scores, indicating strong class separation, were observed for
heart rate (Nv4, 124.16) and temperature (Nv5, 82.65), while reported cough
duration (Nv6, 5.28) showed the lowest, suggesting limited discriminative abil-
ity. F2 values, measuring class overlap, were lowest for weight (0.31), heart rate
(0.40), and temperature (0.41), indicating minimal overlap and good classifi-
cation potential. N2, reflecting intra- vs. inter-class distances, was lowest for
reported cough duration (0.08) and age (0.15), but heart rate (0.36) and tem-
perature (0.30) combined favorable N2 with high F1, reinforcing their relevance.
Shannon entropy (F4) varied, with heart rate showing high variability (5.79) and
temperature lower (1.16) but still useful.

Overall, heart rate and temperature emerge as the most informative numeri-
cal variables due to their high F1 scores, low F2 values, and favorable N2 ratios.

The categorical variables were analyzed using Cramér’s V metric to quantify
their association with the TB status. As shown in Figure 1, the features fever
(Cv9), weight loss (Cv7), and night sweats (Cv10) demonstrated the strongest
relationships, indicating that these symptoms are significantly more frequent
among TB-positive cases.

In summary, the complexity analysis identified key metadata variables rele-
vant for TB screening. Among categorical features, fever, weight loss, and night
sweats exhibited the strongest association with TB status (high Cramér’s V,
Figure 1). For numerical features, heart rate, temperature, and weight demon-
strated high Fisher scores (F1), low overlap (F2), and good class separability

Table 5. Complexity metrics for numerical metadata variables

Variable F1
(Fisher)

F2 (Over-
lap)

N2 (In-
tra/Inter)

Shannon
Entropy

Nv1 19.24 0.49 0.15 5.74
Nv2 79.40 0.31 0.29 5.55
Nv3 22.68 0.45 0.16 5.10
Nv4 124.16 0.40 0.36 5.79
Nv5 82.65 0.41 0.30 1.16
Nv6 5.28 0.49 0.08 3.97

Note: Variables Nv1 to Nv6 correspond to numerical metadata attributes described in
Table 1.
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Fig. 1. Cramér’s V value for categorical metadata
Note: Categorical variables Cv1 to Cv10 correspond to metadata attributes (Sex, TB
Prior, Prior TB type: Pulmonary, Prior TB type: Extrapulmonary, Prior TB type:
Unknown, Hemoptysis, Weight loss, Smoking last week, Fever, Night sweats) as

defined in Table 2.

(N2) (Table 5). These results highlight the importance of combining clinical
symptoms and physiological measures with acoustic features to improve early
TB detection.

Table 6. Cough signal complexity metrics

Metric Mean ± Std Range
Shannon Entropy 3.64± 0.67 [0,+∞)
Rényi Entropy 2.85± 0.69 [0,+∞)
Hurst Exponent 0.72± 0.15 [0, 1]
Higuchi Fractal Dimension 1.71± 0.24 [1, 2]
Sample Entropy 0.25± 0.19 [0,+∞)
Correlation Dimension 0.95± 0.38 [0,m]

3.2 Time Series Complexity

Table 6 summarizes the complexity metrics computed from cough audio signals,
providing insights into signal unpredictability, regularity, and fractal complexity
that help differentiate TB-positive and TB-negative coughs.

Entropies (Shannon, Rényi, Sample) quantify signal disorder and unpre-
dictability. The Hurst exponent indicates long-term memory and persistence.
Fractal dimensions (Higuchi and correlation) capture geometric irregularity and
nonlinear dynamics.
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Analysis reveals TB-associated cough signatures: moderate entropy suggests
notable unpredictability, a Hurst exponent above 0.5 implies persistent cough
patterns, and fractal dimensions reflect moderate complexity. These metrics show
promise as discriminative features for non-invasive TB detection.

3.3 Limitations

This study shows the promise of complexity-based features for TB screening
but has limitations. Smartphone cough recordings suffer from noise and vari-
ability, needing future denoising. The cross-sectional design prevents analysis of
cough changes over treatment. No classification models were trained, so diag-
nostic accuracy wasn’t assessed. Future work will compare complexity features
with standard ones, include classification, and explore multimodal fusion. De-
spite CODA-TB’s diversity, clinical validation is required before practical use.

4 Conclusion

This study presents a dual-level complexity analysis combining clinical metadata
and cough acoustic features to distinguish TB-positive from TB-negative cases.
Key discriminative variables like fever, weight loss, heart rate, and acoustic met-
rics such as the Hurst exponent and Higuchi fractal dimension were identified on
a large, diverse dataset. Although classification was not investigated, our current
findings form a strong foundation for future predictive models. The focus on in-
terpretable, robust features supports development of scalable, non-invasive TB
screening tools for resource-limited settings. Future work will incorporate these
features into classification models and validate them clinically.
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