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Multi-Stage Respiratory Sound Analysis:
Confidence-Driven Wheeze & Crackle Detection

Annapurna Kala, Mounya Elhilali

Abstract— Objective: Accurate detection of adventitious
respiratory sounds, such as wheezes and crackles, is
essential for diagnosing and managing respiratory con-
ditions. This study introduces a multi-stage, confidence-
driven framework for automated pediatric auscultation
analysis, performing a three-way classification of normal,
wheeze, and crackle sounds to improve diagnostic accu-
racy.

Methods: We develop a comprehensive pipeline in-
tegrating anomaly-specific segment selection, segment-
level classification, and confidence-based fusion. Our con-
trastive variational recurrent neural network (CVRNN) en-
hances feature extraction, while a confidence-weighted ag-
gregation strategy refines final predictions. The system is
validated using a diverse pediatric dataset from 742 sub-
jects (aged 1-59 months) from seven countries.

Results: The multi-level framework is evaluated across
three stages. The anomaly-specific segment selection
achieves 98.47 % recall, identifying adventitious regions.
Next, segment-level classifiers improve sensitivity, achiev-
ing balanced accuracies of 72.15 % (wheeze) and 68.1 %
(crackle). This performance surpasses state of the art sys-
tems on the same dataset and demonstrates enhanced bal-
anced performance in detecting both crackle and wheeze
sounds, which present different challenges to automated
systems given their markedly different acoustic profiles.
Finally, the confident-driven fusion outperforms traditional
aggregation methods, yielding a final three-way classifica-
tion of 62.12 %.

Conclusion: Our confidence-based multi-stage approach
enhances automated respiratory sound classification by
prioritizing high-certainty segment predictions, aligning
with expert physician annotations.

Significance: This framework advances computer-aided
respiratory diagnostics, improving early detection and
monitoring of pediatric respiratory conditions. By integrat-
ing expert-inspired segmentation with machine learning-
driven confidence estimation, it has potential to enhance
clinical workflows and screening for pulmonary diseases,
particularly in resource-limited settings.

Index Terms— Auscultation Anomaly Detection,
Confidence-Driven Decision making, Multi-stage lung
audio event detection
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I. INTRODUCTION

Pneumonia continues to be a significant global health chal-
lenge that accounts for around 15% of all deaths among
children under the age of five, particularly in resource-limited
settings [1], [2]. Early diagnosis plays a crucial role in improv-
ing patient outcomes, though there is no one symptom, exam
or radiographic finding that is ever sufficient for diagnosing
complex phenomena such as pneumonia. Still, recognizing
practical considerations including usability, cost and wide
deployment, respiratory auscultations serve as a crucial first
line defense to assess lung function, with findings underscoring
the clinical value of auscultations in pneumonia diagnosis
[3]. In settings where advanced diagnostic tools are often
scarce or unavailable [4], auscultation becomes even more
indispensable, since sound-based assessment is inexpensive,
quick, readily accessible, and noninvasive. Building on this
foundation, computerized auscultation analysis can address
gaps in clinical expertise across settings. By leveraging recent
advances in machine learning and audio signal processing,
computerized auscultation analysis can provide standardized,
reproducible interpretations of lung sounds and ensure timely
identification of patients who require additional medical inter-
vention.

Typically, computerized auscultation analysis is framed as
a detection task aimed at identifying anomalous breathing
patterns for further clinical assessment [5]. In practice, these
methods often focus on classifying wheezes and crackles,
given their significance as primary adventitious sounds [6]–
[9]. This approach aligns with the need for consistent training
and inference methodologies in machine learning applications
and reliance on well curated datasets to improve classification
outcomes. However, real-world conditions introduce additional
complexities that can challenge the accuracy and reliability of
these detection algorithms. While studies have explored the
behavior of these adventitious sounds in simulated or well-
controlled settings [10]–[12], these settings may not accurately
represent the dynamic and often noisy conditions encountered
in real-world clinical practice. Factors such as background
noise, patient state, and diverse comorbidities can significantly
influence acoustic signals, complicating data collection and in-
terpretation. Consequently, robust analysis methods and noise-
tolerant algorithms are needed to ensure reliable performance
under varying clinical circumstances.

One challenge in computerized auscultation analysis is that
the broader field of audio signal processing is predominantly
driven by speech-related applications, resulting in a reliance on
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methodologies originally developed for speech. For example,
Mel-Frequency Cepstral Coefficients (MFCCs) —developed
for Automatic Speech Recognition and inspired by speech
production and perception— have been used for wheeze detec-
tion [13] and other time-feature representations were explored
for crackle detection [14], [15]. While cepstral analysis can
effectively capture the spectral structure of lung sounds, it is
effectively tailored to the temporal and spectral characteristics
of lung sounds, particularly the focus on resonance (or for-
mant) features in speech production. Multi-resolution methods
based on wavelet transform [16]–[19] were also shown to
effectively address the detection of abnormal lung sounds.
More recent work has posed the adventitious lung recognition
problem as a classification task in the source domain [20],
[21], leading to more efficient and automated respiratory sound
analysis [22].

Recent advances in deep learning and signal processing have
significantly improved automated respiratory sound analysis
capabilities. Modern approaches leverage sophisticated neural
network architectures for feature extraction and classification,
demonstrating enhanced accuracy in detecting adventitious
lung sounds. CNN-LSTM hybrid models have achieved ac-
curacies of 66.31% for crackle and wheeze classification [23],
while the LungPass platform demonstrated high sensitivity
(96.9%) and specificity (90%) in identifying normal lung
sounds [24]. Further improvements came through depthwise
separable CNNs, achieving 85.74% accuracy while maintain-
ing computational efficiency [25]. The field has continued to
evolve with multi-task learning approaches, where MobileNet-
based models achieved 74% accuracy for lung sound analysis
while simultaneously performing disease classification with
91% accuracy [26].

Despite notable progress, existing approaches to respiratory
sound classification often constrain themselves to rigid prob-
lem formulations that may not translate well to real-world clin-
ical scenarios. A comprehensive analysis by [27] demonstrated
that classification performance varies significantly based on
how the input data is structured and presented to the models.
For instance, models trained on fixed-duration segments show
marked degradation when evaluated on variable-length record-
ings, with accuracy drops of up to 35% in some cases. This
disparity highlights a critical gap between controlled research
environments and practical clinical applications. Moreover,
the same algorithmic approach yields substantially different
results when the classification task is reformulated (e.g. input
duration, random events), raising concerns about how reliably
they would perform under real-world clinical conditions where
input data and classification criteria are not as rigidly con-
trolled.

A significant challenge in many machine learning ap-
proaches is the rigidity of the structure of training and in-
ference pipelines, which typically demand uniformly sized
inputs to feed into models and need for careful annotations
of all samples available. In practice, clinicians do not as-
sess respiratory sounds in fixed-duration segments but rather
evaluate the entire auscultation recording, paying particular
attention to segments that exhibit potential anomalies. They
adapt their analysis based on the quality and characteristics

of the sounds, considering varying durations and intensities of
adventitious events. This natural diagnostic process suggests
that automated systems should similarly incorporate flexible,
adaptive approaches that can handle variable-duration inputs
while maintaining consistent performance across different
recording conditions.

Building on previous findings that demonstrate the effective-
ness of Variational Recurrent Neural Networks (VRNN) classi-
fiers in creating discriminative feature spaces for auscultation
analysis [28] and that confident model predictions correlate
strongly with physician annotations [29], we propose a novel
multi-stage approach for automated respiratory sound analysis.
This approach mirrors the physician diagnostic process by
integrating both classical signal processing and deep learning
across multiple temporal scales. Specifically, it employs an
expert-driven annotation strategy in three core stages: (1)
selecting segments of interest from complete auscultation
recordings, (2) performing segment-level classification, and (3)
adjudicating the final recording-level label based on carefully
chosen segment predictions. This design ensures robust perfor-
mance in realistic clinical contexts, bridging the gap between
controlled research environments and practical deployments.

To achieve these objectives, our approach introduces a
specialized audio segment selection technique that effectively
isolates clinically relevant regions within respiratory record-
ings. Isolated segments are then evaluated using parallel pro-
cessing paths tailored for wheeze and crackle detection before
integrated assessment of the entire recording is achieved using
a balanced random forest classifier. Our approach achieves
enhanced sensitivity and specificity compared to existing
methods while maintaining clinical interpretability. Key con-
tributions of the current study include: 1) a robust segment
selection algorithm achieving over 98% recall in identifying
relevant segments, 2) a balanced multi-path classification ap-
proach effectively handling class imbalance, and 3) a clinically
validated fusion technique that leverages previous insights
about confident predictions to enable reliable diagnosis.

II. DATA

The auscultation audio data analyzed in this paper is ac-
quired as part of the Pneumonia Etiology Research for Child
Health (PERCH) study group [30]. This comprehensive dataset
consists of respiratory recordings obtained from 792 pediatric
patients aged 1-59 months, representing seven geographically
diverse countries (The Gambia, Mali, Kenya, South Africa,
Zambia, Bangladesh and Thailand). Lung sound acquisition
is performed using a Thinklabs digital stethoscope, with each
recording capturing approximately 7-28 seconds of respiratory
activity at eight chest positions. The initial data collection
protocol involved recording the lung sounds at 44.1 kHz
sampling frequency, followed by a series of preprocessing
steps for the subsequent computerized auscultation analysis.
These steps include low-pass filtering the audio signal using a
fourth-order Butterworth filter with a 4 kHz cutoff frequency,
downsampling to 8 kHz, and normalizing to achieve zero
mean and unit variance. To further refine the audio quality,
a spectral subtraction based noise cancellation algorithm is
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employed [31]. This algorithm effectively mitigates various
sources of signal degradation, including clipping distortions,
mechanical and sensor artifacts, cardiac sound interference,
intense vocalization from subjects, and ambient environmental
noise.

The dataset undergoes a rigorous annotation process in-
volving nine expert reviewers, all of whom are pediatricians
or physicians. The reviewers assess the recordings blindly,
without access to any additional clinical information, ensuring
an objective appraisal of auscultation signals. During the eval-
uation, reviewers categorize each recording as either a normal
auscultation signal or one containing adventitious patterns,
specifically identifying the presence of wheezes or crackles.
For recordings classified as abnormal, the reviewers precisely
indicate the temporal boundaries of an example anomalous
region in the recording, marking both the onset and offset of
these acoustic irregularities. To enhance annotation reliability,
each recording is independently evaluated by two reviewers. In
cases where these initial assessments diverge, a third reviewer
arbitrates to achieve consensus. Overall, the dataset consists of
14.7 hours of normal recordings and 5.11 hours of abnormal
recordings (broken into 3.81 hours containing wheezes, and
1.3 hours with crackles). Among the abnormal recordings,
expert physicians have selected 1.9 hours of wheezes and 38
minutes of crackles to represent annotated segments with these
labels. .

Data Augmentation: This data contains relatively few in-
stances of crackles resulting in a pronounced class imbalance.
To address this issue, we implement a specialized augmen-
tation technique to generate synthetic data, as described in
prior work [32]. This approach, inspired by SMOTE (Synthetic
Minority Over-sampling Technique), is tailored specifically
for respiratory sounds and is applied only to the 2-second
segment-level classification part of our pipeline. The augmen-
tation focuses specifically on selected 2-second windows that
overlap with regions identified by expert physicians as con-
taining abnormal sounds, thereby generating synthetic training
examples for underrepresented classes. Importantly, this aug-
mentation method is utilized only during the training phase
of the segment-level classifier, ensuring improved classifier
robustness without compromising the integrity of evaluation
outcomes. We double the abnormal classes by adding as many
synthetic samples as there is original data for both wheezes
and crackles.

III. METHODS

The proposed method is a novel classification framework
designed specifically to analyze entire respiratory recordings
obtained from individual chest positions by systematically
addressing variability in adventitious sound characteristics.
Our approach uniquely incorporates a specialized segment-
selection strategy, tailored to identify clinically relevant audio
segments that are sensitive to specific adventitious sounds
(crackles or wheezes). These segments are then independently
processed through parallel classification paths dedicated sep-
arately to each type of adventitious sound, generating pre-
dictions along with associated confidence scores. The frame-

work further leverages these confidence-informed segment-
level classifications by fusing results across all segments,
ultimately producing a robust, multi-class decision for the
entire lung recording.

A. Anomaly Specific Segment Selection
This initial stage of the proposed method focuses on iden-

tifying segments of interest within the overall auscultation
recording that best represent wheezes or crackles -if present,
serving as foundation for subsequent model inference. Rec-
ognizing the distinct acoustic characteristics of these two
types of abnormal lung sounds, the approach employs sep-
arate selection criteria tailored specifically to wheezes and
crackles. These criteria are developed based on an analysis
of annotated segment boundaries for wheezes and crackles,
particularly focusing on signal amplitudes, density of occur-
rence in time as well as transience characteristics. Recent work
has demonstrated the importance of tailored time-frequency
representations such as the Tunable Q-factor Wavelet Trans-
form (TQWT) in enhancing statistical feature extraction of
adventitious lung sounds [9].We specifically note that wheezes
are typically sustained over longer periods of time with
smoother rise time while crackles are far sharper, transient
and shorter over time. Figure 1 shows the distribution of dis-
tances between the most prominent peaks within the annotated
anomalous regions. To perform this analysis, we first com-
pute the analytical signal corresponding to expert-annotated
wheezes and crackles by applying a Hilbert transform with a
500 ms window. We then identify the most prominent peaks
in the smoothed audio waveform and calculate the distances
between them. The results reveal a sharper drop-off in peak-to-
peak distances at shorter durations for crackles compared to
wheezes, highlighting the more transient nature of crackles.
Building on this insight, the proposed technique pinpoints
salient time segments within the entire stethoscope recordings
that are of particular interest for subsequent normal/abnormal
lung sound classification.

Fig. 1. The distribution of distance between most prominent peaks in
annotator selected wheeze and crackle segments.

The process begins by applying a Hilbert transform to
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the entire audio recording collected from an individual chest
position. The transformed signal is then smoothed and low-
pass filtered using a fifth-order Butterworth filter with a cutoff
frequency fc. Peaks are then identified in the filtered signal,
ensuring they are at least a predefined duration Td apart and
rank within a specified top percentile Pc in terms of peak
amplitude. The three hyperparameters for wheeze and crackle
detection, as determined from the heuristic analysis for iden-
tifying wheezes and crackles - hand-tuned to fit the aggregate
wheeze and crackle behavior, are presented in TABLE I. Fig.
3 provides a visual representation of this centering process for
wheeze preprocessing.

Baseline: To assess the proposed segment selection ap-
proach, a baseline method using a moving 2-second window
is implemented, following typical approaches used in most
audio systems [33], [34]. This approach traverses the entire
recording, providing a standardized reference for comparison
with the proposed anomaly-specific segment selection method.

TABLE I
WHEEZE AND CRACKLE SPECIFIC HYPER PARAMETERS FOR SALIENT

AUSCULTATION ANOMALY CENTERING PREPROCESSING

Hyperparameter Wheeze Crackle
fc (Hz) 50 300
Td (msec) 150 25

Pc 70 90

Fig. 2. Example of Wheeze preprocessing with the expert panel onset-
offset region highlighted in blue, proposed segment selection shown as
green segment above the waveform and baseline moving window shown
in red below the waveform.

B. Audio Segment Level Binary Classification
Given the unique profiles of wheeze and crackle sounds,

the proposed scheme develops parallel class-specific binary
classification with two flows focusing on Wheeze and Crackle
sounds respectively. Each flow utilizes an identical classifier
architecture, designated as N-W for normal vs. wheeze classifi-
cation and N-C for normal vs. crackle classification. Each clas-
sifier follows a structured pipeline: 2-second audio segments,
selected using the anomaly-specific windowing approach de-
scribed above. The segments are centered around the most
representative wheeze and crackle peaks identified through
their respective segment-selection method. These segments
serve as inputs to the respective binary classification block.
During training, wheeze-specific and crackle-specific segments
are labeled accordingly for their respective classifiers. For class

assignment, all segments extracted from normal recordings are
labeled as normal, while only windows overlapping with man-
ually annotated onset-offset regions in abnormal recordings are
labeled as abnormal for training the segment-level classifiers.

Auscultation audio signals are converted to mel-frequency
spectrograms of dimensions 63x64 with nfft=512, 50% win-
dow overlap, and 64 nmels using librosa [35]. It essentially
transforms the temporal signal to a spectrogram mapped onto a
bank of log-scaled asymmetrical cochlear filters. The melspec-
trograms are then processed using the architecture described
below.

Contrastive VRNN Binary Classifier: The proposed archi-
tecture operates in a stochastically enhanced feature space
designed to improve the separation between normal and ab-
normal lung sounds, followed by a fully connected neural
network (FC) for final classification. A variational recurrent
neural network (VRNN) serves as feature extractor , mapping
the spectro-temporal representations of audio signals to a
contrastive stochastic recurrent feature space. The input mel-
spectrograms of dimensions tlen× f are sequentially encoded
into a feature space of size tlen×z using a recurrent temporal
encoder with zdim = 4 and 2 hidden layers. These stochastic
features are then passed through an FC network with two
hidden layers. The first layer maps the feature to an embedding
space e with edim = 8 and the second layer maps the
embedding to a logit space. This binary classifier processes
temporal dependencies in the stochastic feature space and
assigns each segment to either the normal or abnormal class.
A final sigmoid activation function produces confidence scores
for each prediction.

This network is trained using a combination of two loss
functions

• Contrastive Loss - a supervised loss that maximizes
separation between normal and abnormal classes in the
stochastic recurrent feature space (tlen × z),

• Cross-entropy loss - applied to the binary labels and
logits outputs from the classifier, where ”0” represents
normal lung sounds and ”1” represents abnormal sounds
(wheezes or crackles).

The model is optimized using Adam optimizer with learning
rate of 0.001 over 30 epochs, with a weighted combination of
contrastive and cross entropy loss. Performance is conducted
using 5-fold cross-validation to ensure robustness.

Baseline: To ensure a robust evaluation, we compare our
approach against recently published state-of-the-art baseline
systems from the literature, which follow a similar framework
of fixed window-size inputs and binary classification of normal
vs. abnormal lung sounds. These baseline models serve as
reference points, allowing us to assess the effectiveness of
classification branches. The chosen baselines are:

1) CNN-LSTM model [36] in which the Convolutional
Neural Network feature extractor captures the short-
range dependencies using local receptive fields and a
bidirectional LSTM classifier sequentially decodes the
feature to give a final classification

2) Multi-View Spectrogram Transformer (MVST) [37] that
splits the input melspectrogram into different size
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patches that are fed into transformer encoders to ex-
tract self-attention features across multi-view acoustic
elements to give the final classification

3) Multi-branch Temporal Convolution Network integrated
with a Squeeze-and-Excitation (SE) Network (MBTC-
NSE) [38] where three TCN branches capture informa-
tion of the input melspectrogram at different receptive
fields. The 3D representation is then parsed by a Conv2D
block with SE block - a component that strengthens
the CNN representations through dynamic channel-wise
feature calibration to give the final classification.

For fair comparison, we standardize model complexities
across all implementations to approximately 10K parameters
by modifying model architecture sizes and audio input di-
mensions. This adjustment is necessary not only for fairness
but also to prevent overfitting, as we observed that more
complex models failed to generalize well given the limited
dataset size. The models are then trained as described in
the original works on the normal and abnormal segments
obtained in a moving window fashion. Furthermore, while the
original comparative baseline implementations did not mention
any data augmentation or imbalance handling techniques, we
applied weighted resampling during training for all models to
address class imbalance issues.

C. Site-Level Audio Tagging
The ultimate objective is to tag an entire audio recording

as either normal, wheeze, or crackle auscultation. To achieve
this, we integrate the two previously developed blocks using
a fusion block. Each classifier branch results in a sequence of
posteriors from the N-W and N-C classifiers corresponding to
different segments extracted from the audio recording along
each branch. These posteriors are then aggregated using var-
ious strategies. Our proposed data-driven approach optimizes
the fusion strategy in a supervised manner. A rule-based
strategy is also explored as alternative baseline approach.

1) Data-Driven Fusion: We implement a data-driven fusion
system that integrates the posterior probabilities from the two
parallel classifiers (N-W for wheeze detection and N-C for
crackle detection). Instead of relying on simple heuristic-based
aggregation, we employ a supervised fusion model using a
Random Forest classifier. A fixed length (10) selection of
posteriors from both classifiers is concatenated and given as
input to 3-way classifier that ultimately yields a class label for
the entire audio recording.

Random Forest Classifier: A balanced random forest clas-
sifier is designed with 20 input nodes and 3 output nodes.
This ensemble method combines multiple decision trees, each
trained on a class-balanced subset of the data to address class
imbalance. During training, individual trees are constructed
using the Gini impurity criterion to determine optimal splits,
maximizing class separation at each node. The classifier is
optimized by exploring various hyperparameters such as the
number of estimators, the maximum depth, and the feature
selection strategies. The model is trained using the recording-
level labels of the stethoscope recordings. Final predictions are
made through majority voting across all trees to enhance the
classification accuracy and robustness.

Posterior Selection: We employ two selection criterion on
the 2-second posterior outputs of the N-W and N-C classifiers.

• Most Confident Posteriors: Select the 10 most confi-
dent posterior probabilities (farthest from 0.5) from each
branch.

• Random Selection: Randomly select 10 posterior prob-
abilities from each branch (wheeze and crackle). This
selection approach is employed as baseline to evaluate the
informative nature of the posteriors in terms of classifier
confidence.

2) Rule-Based Fusion: An alternative fusion system is to
use rule-based decision framework to fuse posteriors from the
N-W, N-C classifier branches.

The simplest baseline involves reducing posterior proba-
bilities from the 2-second segments for each pipeline to a
single probability value and applying a rule-based decision
framework. Specifically:

TABLE II
CLASSIFICATION RULES BASED ON POSTERIOR PROBABILITIES

Condition Classification
P (Wheeze) < 0.5 and P (Crackle) < 0.5 Normal

P (Wheeze) > P (Crackle) Wheeze
P (Wheeze) < P (Crackle) Crackle

The rule-based fusion involves no training and hence can
be directly applied at inference following the Segment-Level
Classifier. We apply two types of posterior reductions: a)
Aggregate Rule-Based Decision: Average the posteriors for
each class; b) Confident Rule-Based Decision: The probability
value farthest away from 0.5 serves as the most-confident
segment prediction in a particular recording.

IV. RESULTS

We analyze the performance of the proposed system at all
three stages: Segment selection, segment-level binary clas-
sification, and recording-level audio tagging. Throughout all
experiments, the train-validation-test splits are kept consis-
tent across all levels to ensure fairness in evaluation across
methods. By systematically comparing these approaches, we
demonstrate that leveraging the most confident posteriors with
a balanced Random Forest with the proposed classification
technique yields superior classification performance for tag-
ging auscultations at the recording level.

A. Segment Selection
The proposed segment selection technique aims to identify

regions of interest within the entire recording. Its effectiveness
is evaluated against expert physician annotations. We define
the accuracy of the segment-selection algorithm as the pro-
portion of expert-selected segments that overlap with those
identified by our algorithm.

For crackle detection, our method achieves a recall of
98.16% ± 1.1%, while for wheeze detection, it attains a
recall of 98.35% ± 1.07%. These high recall values indicate
that our preprocessing algorithm successfully captures the
vast majority of regions identified as significant by expert
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Fig. 3. Overview of methods at inference: Every audio recording is first assessed for potential wheeze and crackle segments at the segment
selection level. Each of the selected segments are processed by corresponding anomaly-specific segment-level classifier to assign probability of
wheezes and crackles for respective candidate segments. Adjudication at recording level is obtain by selecting the most confident predictions from
each anomaly-processing pipeline and inferred by a trained balanced-random forest to give the final three-way selection.

physicians. It is important to note that in recordings annotated
as abnormal lung sounds, physicians typically highlight the
most representative adventitious durations. However, this does
not preclude the existence of abnormal breathing patterns
outside their selection. Consequently, we prioritize recall over
precision in our evaluation, as there is no definitive ground
truth for true negatives in this context. As noted in Methods,
this approach is contrasted with a running two-second window
with 50% overlap. Ultimately, the final evaluation at the
classification stage provides an accurate evaluation of the value
of the proposed segment selection.

B. Segment Level classification
Table III presents the segment-level classification perfor-

mance of our proposed method alongside baseline comparison
systems. The performance is reported as specificity and sen-
sitivity for both wheeze and crackle classification (focusing
on each branch of the system), as well as the combined AUC
ROC. The proposed system is evaluated with two variations:
one employing the proposed segment selection and one using
a moving window with the same classifier. In addition, we
compare these systems against three existing baselines: CNN-
LSTM [36], MVST [37], and TCN [38] (see III for details).

Among the baseline models, CNN-LSTM exhibits high
specificity but struggles with sensitivity, especially for crackle
detection. This indicates that while the model effectively mini-
mizes false positives (specificity > 85%), it frequently fails to
detect actual crackle segments, leading to a high false negative
rate. In contrast, MVST and TCN show more balanced perfor-
mance between specificity and sensitivity. These models main-
tain a better ability to detect both normal and abnormal seg-
ments, reducing the risk of underdiagnosing adventitious lung
sounds, particularly crackles. The moving window approach

combined with with the proposed classifier, demonstrates
improved sensitivity compared to baseline methods, validating
the effectiveness of the classifier architecture even without
specialized segment selection. Ultimately, the combination of
the proposed segment selection method and classifier yields
the best overall performance for both wheeze and crackle
detection. In wheeze detection, this approach achieves a signif-
icant improvement in sensitivity (72.75±3.50%), however with
a trade-off in specificity. For crackle detection, the proposed
method outperforms baselines in sensitivity (63.6±2.8%) while
maintaining competitive specificity levels. A t-test comparing
the proposed system to each of the other baseline models con-
firms that the improvement in the average sensitivity is statis-
tically significant (p-values CNN-LSTM:1.4e-06, MVST:1.3e-
04, TCN: 2.7e-04, Moving+Proposed:7.4e-04).

The combined AUC ROC scores further validate the ef-
fectiveness of our proposed approach. The full proposed
method, incorporating both segment selection and dual-branch
classifier, achieves the highest score of 0.77±0.02, indicat-
ing improved discrimination across both wheeze and crackle
detection tasks. These results highlight the effectiveness of
our proposed segment selection method in capturing relevant
acoustic features for respiratory anomaly detection, as well as
the robustness of our classifier in leveraging these features for
accurate classification.

C. Audio Tagging
The final stage of our analysis focuses on audio tagging,

where we classify variable-duration chest position recordings
as normal, wheeze, or crackle. This stage is crucial as it pro-
vides a holistic assessment of respiratory sounds by integrating
information from multiple representative 2-second segments
within the recording.
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TABLE III
RESULTS AT THE SEGMENT-LEVEL CLASSIFICATION

Abnormal Class Wheeze Crackle Combined
Method Specificity Sensitivity Specificity Sensitivity AUC ROC

CNN-LSTM [36] 85.6±0.67 50.8±1.71 90.8±0.86 25.4±2.37 0.69±0.01
MVST [37] 83.4±0.67 49.4±1.40 82±1.20 41.8±2.39 0.70±0.01
TCN [38] 78.4±1.94 54.6±3.43 78.4±3.60 44.4±5.07 0.73±0.05

Moving window + Proposed Classifier 86.6±0.67 58.2±2.10 80.6±2.31 50±3.8 0.75±0.02
Proposed segment + Proposed Classifier 71.5±1.29 72.75±3.50 72.6±3.2 63.6±2.8 0.77±0.02

TABLE IV
RECORDING-LEVEL FUSION VALIDATION

Method Normal Wheeze Crackle Balanced Accuracy
Aggregate Rule-Based Decision 70.19 ± 0.04 51.45 ± 0.03 36.72 ± 0.15 52.78 ± 0.03
Confident Rule-Based Decision 63.26 ± 0.07 63.40 ± 0.03 34.90 ± 0.11 53.83 ± 0.02

Random → Balanced Random Forest 58.58 ± 0.35 59.31 ± 0.99 45.45 ± 1.45 54.4 ± 0.98
Confident → Balanced Random Forest 68.56 ± 1.46 58.95 ± 1.12 58.55 ± 3.30 62.12 ± 1.22

Our results, presented in Table IV, demonstrate the superior-
ity of confidence-informed aggregation over naive approaches.
The simple aggregate decision method, which essentially av-
erages the predictions across all segments, achieves moderate
performance but fails to capture the nuanced information
present in the most informative segments. The normal aus-
cultations benefit the most from this method as expected with
a specificity if 70.19 ± 0.04. However, given abnormal events
occur intermittently within regular breathing patterns, the naive
method tends to dilute their impact, leading to a “wash out”
effect. This is particularly evident in the lower performance
for crackle detection (36.72 ± 0.15 %). For reference, chance
level for a 3-way classifier is 33.33%.

A similar rule-based prediction analysis is performed using
the most confident posterior instead of the aggregate posterior.
While this strategy improves wheeze detection, increasing
recall from 51.45 ± 0.03 % to 63.40 ± 0.03 %, it negatively
impacts crackle classification. The most confident posterior
often corresponds to prominent normal breathing segments,
leading to a drop in crackle accuracy from 36.72± 0.15 % in
the aggregate rule-based baseline to 34.90 ± 0.11 % in the
most-confident rule-based baseline. Additionally, this method
reduces specificity from 70.19 ± 0.04 to 63.26 ± 0.07, further
highlighting its limitations in capturing transient abnormalities.

To highlight the significance of ensemble aggregation over
reducing segment posteriors to a single value per recording, we
analyze their density distributions in Fig 4. The first column
represents the wheeze pipeline while the second column fo-
cuses on the crackle pipeline, with each row corresponding to
one of the auscultation classes (Normal, Wheeze, & Crackle).
For the abnormal classes, each graph contains two overlaid
density plots:

• Red density plot: Posterior probabilities of segments
marked abnormal by expert listeners

• Black density plot: Posterior probabilities of segments
outside the physician-marked abnormal regions.

The probability values range from 0 (confident normal
prediction) to 1 (confident abnormal prediction). Our analysis
reveals that for both the wheeze and crackle pipelines, normal
class posteriors predominantly cluster near 0. However, within
the wheeze and crackle classes, we observe distinct peaks for

the abnormal segments, confirming their informative nature
(Figure 4row2-left and row3-right, respectively). Interestingly,
slight peaks near 1 appear for unmarked segments, reinforcing
our earlier observation: Physicians tend to mark the most
representative adventitious pattern, but adventitious breathing
patterns may exist outside the annotated regions in an abnor-
mal recording.

Building on these observations, our overall system moves
beyond single-value reduction for overall classification. We
evaluate an ensemble-technique that functions like a vot-
ing mechanism, preserving adventitious breathing patterns.
Training a balanced random forest on a random selection of
posteriors yields a boost in crackle accuracy (45.45 ± 1.45 %)
compared to naive baselines, though at the expense of normal
and wheeze performance (Table IV).

Rather than relying on random posterior selection, our
proposed method leverages the confidence trends of posteriors

Fig. 4. Probability Outputs from segment-level classifier: The posterior
probabilities outputted by the proposed segment-level classifier are
plotted as density plots with column one depicting the Wheeze Pipeline
and column two depicting the Crackle Pipeline
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(Fig. 4) to develop a confidence-based fusion system that
ensures most informative segments contribute more effectively
to the final classification decision. This system picks the
most confident posteriors (farthest away from the decision
boundary) among all the segments in each pipeline, and uses
these values to train a balanced random forest. This method
achieves the best performance across all classes - balanced
accuracy (62.12 ± 1.22). A t-test comparing the segment-level
average sensitivity with the comparative analysis is performed
and the proposed method yields significantly higher average
abnormal accuracies (p-values Aggregate Rule-Based:1.34e-
09, Confident Rule-Based:1.4e-09, Random → Balanced Ran-
dom Forest :0.014).

V. DISCUSSION

This study introduces a confidence-driven, multi-stage
framework for automated detection of wheezes and crackles
in pediatric auscultation recordings. Our approach deviates
from traditional audio classification systems by structuring
the modeling scheme around the clinical reasoning process:
First, the approach identifies potentially abnormal regions.
Next, it classifies these segments using tailored anomaly-
specific classifiers. Finally, it fuses predictions based on model
confidence. Compared to existing systems, this framework
shows notable improvements in detecting both wheezes and
crackles; which are considered two widely encountered trade-
marks of adventitious auscultations reflecting abnormal lung
physiology. Prior models, such as CNN-LSTM hybrids [36] or
transformer-based MVST architectures [37], have been shown
to often exhibit imbalanced performance, typically favoring
one anomaly type (e.g., wheeze) at the cost of another. In
contrast, our method achieves balanced performance with
improved sensitivity across both categories, highlighting the
value of anomaly-specific segmentation and classification.

Moreover, while previous work often relies on fixed-window
input sampling [5], [39], the proposed approach employs a
dynamic segment selection strategy tailored to the temporal
characteristics of each anomaly. Uniform sampling is more
commonly encountered in audio analysis systems that an-
alyze signals such as speech and music. However, in the
case of auscultation, an adaptive segment-selection mirrors
clinical practice, where physicians focus on salient portions
of a recording rather than evaluating signals uniformly. Our
segment selection achieves over 98% recall against expert an-
notations, validating its ability to capture clinically meaningful
regions. Importantly, this method generalizes across variable-
length recordings, addressing limitations seen in earlier models
that degrade on out-of-distribution inputs [27]. Other work has
shown that refined and tailored signal processing techniques
such as wavelet-based methods can distinguish wheeze types
with high performance, leveraging tunable time–scale repre-
sentations [40].

The fusion stage is also a unique element of the proposed
approach. Rather than using a simple average of predictions,
we employ a confidence-based strategy that emphasizes reli-
able, discriminative segments. It also mimics an expert panel’s
adjudication process rather than relying on simple aggregation.

This design increases classification robustness, especially for
transient anomalies like crackles, which may be diluted in
average-based fusion. This approach significantly enhances
classification reliability and robustness, reinforcing the im-
portance of ensemble-based decision strategies in biomedical
signal processing [5].

Overall, this work advances the clinical translation of au-
tomated respiratory sound analysis, particularly for pediatric
care in resource-limited settings. While the system outper-
forms prior work and lays a strong foundation for translation,
key challenges remain. Clinical deployment requires general-
ization across devices and patient populations, necessitating
evaluation on additional datasets to assess robustness and
transferability. Fine-tuning pretrained deep networks has been
shown to be an effective strategy in low-data biomedical
settings [41]. Another component of real-world deployment
is hardware integration. Current models are trained on high-
fidelity digital stethoscope recordings, but in practice, device
variability (including differences in frequency response, noise
profiles, and microphone sensitivity) can significantly impact
model performance. Clinical translation will require validating
the system across diverse stethoscope types and clinical set-
tings. Additionally, integration into embedded systems or edge
devices presents constraints on memory, power, and compute,
which must be addressed through model compression, pruning,
or real-time inference optimization. Our modular framework
is designed to support such adaptations by decoupling core
components, enabling flexibility in how signal processing and
classification are deployed across hardware platforms. Beyond
technical deployment, further evaluation, algorithmic refine-
ment, and integration into clinical workflows are essential.
Regulatory approval and data governance frameworks will also
shape deployment pathways. Despite these challenges, this
study significantly narrows the translational gap by aligning
system design with clinical reasoning and providing a scalable
foundation for future prospective trials.

VI. CONCLUSION

Computerized respiratory sound analysis has traditionally
been approached as a multi-label classification task, where
performance is largely dictated by how the machine learning
framework is designed [39]. However, clinical auscultation
relies on a more nuanced decision-making process, integrating
expert knowledge and contextual cues [7]. To bridge this gap,
we present a multi-stage, confidence-driven framework for
wheeze and crackle detection, inspired by physician assess-
ment strategies. Compared to recent state-of-the-art methods
[36]–[38], our approach improves sensitivity for both wheeze
and crackle detection while maintaining robust performance
across variable-length recordings and challenging class imbal-
ance scenarios. The use of contrastive variational recurrent
neural networks (CVRNN) enhances discriminative feature
learning, while confidence-guided aggregation avoids the pit-
falls of naive averaging commonly seen in existing systems.

Our approach improves on recent works [36]–[38] by in-
corporating anomaly-specific segment selection, segment-level
classification, and an intelligent fusion strategy for final audio
tagging.
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Importantly, our method aligns machine learning architec-
ture design with the practical realities of auscultation assess-
ment, offering a more interpretable and adaptable solution.
These strengths make it particularly well-suited for deploy-
ment in low-resource settings where diagnostic tools and
clinical expertise may be limited.

Future work will focus on expanding validation across
broader populations and integrating complementary physi-
ological signals including multimodal lung diagnostics to
improve contextual understanding [42]. Additionally, lever-
aging self-supervised learning and domain adaptation may
enhance model generalization in real-world clinical environ-
ments. Ultimately, our framework moves toward more reliable,
explainable, and deployable computer-aided diagnostic tools
for pediatric respiratory care.

While it is common for audio analysis systems (speech,
music, auscultations) to rely on uniform sampling of signal
segments across time [33], [34], [43], our method intro-
duces adaptive segment selection tailored to wheeze- and
crackle-specific acoustic features. This approach aligns with
findings from clinical studies that emphasize the importance
of focusing on localized, representative adventitious patterns
rather than treating respiratory cycles as uniform entities.
Additionally, the proposed contrastive variational recurrent
neural classifier (CVRNN) improves feature extraction for
robust classification, overcoming the common limitation of
low sensitivity in adventitious sound detection reported in
previous works [39], [43].

The final confidence-driven fusion leverages posterior prob-
abilities to refine decision-making, mimicking an expert
panel’s adjudication process rather than relying on simple
aggregation. This approach significantly enhances classifica-
tion reliability and robustness, reinforcing the importance
of ensemble-based decision strategies in biomedical signal
processing [5]. By integrating machine learning innovations
with expert-inspired strategies, our work advances automated
respiratory sound classification towards greater clinical appli-
cability. The improved robustness and interpretability of our
method hold promise for early disease detection and remote
respiratory monitoring, particularly for complex lower respira-
tory conditions like pneumonia. Future research should explore
self-supervised learning, domain adaptation, and multimodal
fusion with additional physiological signals to further enhance
generalizability and real-world deployment.
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