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Abstract

Automatic respiratory-sound classification becomes particularly challenging when crackles
and wheezes coexist within the same respiratory cycle, because overlap events contain
mixed acoustic characteristics and are severely underrepresented in standard benchmarks.
In the ICBHI 2017 Respiratory Sound Database, the rare overlap label, Both, is frequently ab-
sorbed into Crackle, Wheeze, or Normal classes by conventional flat classifiers, resulting in
poor interpretability and weak clinical reliability. To address this issue, this paper proposes
OCAD (Overlap Composition and Class-Atom Decoding), an explainable overlap-aware
respiratory-sound classification framework. Unlike conventional end-to-end classifiers
that directly map features to labels, OCAD explicitly decomposes respiratory-sounds into
interpretable crackle and wheeze factors, composes an overlap representation from these
abnormal-event components, and performs classification through structured class atoms
whose geometric relationships reflect the progression from Normal to single-event and
overlap states. By preserving a fixed acoustic backbone across all compared systems, the
study isolates the contribution of the proposed explainable representation and decoding
mechanism. Experimental results on a fixed patient-level split of the ICBHI 2017 dataset
show that OCAD achieves an ICBHI Score of 0.6920, Macro Score of 0.6550, Macro F1
of 0.6680, crackle sensitivity of 0.6300, wheeze sensitivity of 0.6550, and Both sensitivity
of 0.2620. Compared with the strongest structured class-atom baseline under the same
protocol, OCAD improves the ICBHI Score by 0.1334, Macro F1 by 0.2575, and Both sen-
sitivity by 0.2054 absolute points. Additional robustness analyses across repeated seeds,
patient-level cross-validation, and external respiratory-sound datasets further support the
effectiveness of the proposed framework. The proposed overlap-aware representation
and decoding strategy provides a more interpretable and reliable approach for respiratory
sound classification in the presence of co-occurring abnormal events.

Keywords: respiratory-sound classification; overlap-aware learning; class-atom decoding;
compositional representation learning; class-atom decoding

1. Introduction

Respiratory-sound analysis has been studied for a long time in digital auscultation,
computerized acoustic assessment, and, more recently, smart-device monitoring scenar-
ios, and smart healthcare monitoring systems [1-4], where the secure handling of net-
worked physiological data is also becoming a practical concern [5,6]. Automatic analysis of
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respiratory-sounds can assist clinicians in the assessment of pulmonary abnormalities and
has been investigated for the evaluation and follow-up of chronic airway diseases such as
chronic obstructive pulmonary disease (COPD) and bronchiectasis [7-10]. With the rapid
development of artificial intelligence and biomedical signal processing, respiratory-sound
classification has become an important research topic in intelligent healthcare applications.
In standard respiratory sound benchmarks, respiratory cycles are commonly categorized
into four classes: Normal, Crackle, Wheeze, and Both. Among these categories, the Both
class is particularly challenging because it contains simultaneous crackle and wheeze
events within the same respiratory cycle. Compared with single-event categories, overlap
samples exhibit mixed acoustic characteristics and are typically underrepresented in the
dataset, resulting in severe class imbalance and ambiguous decision boundaries. Conse-
quently, overlap events are frequently misclassified as Crackle or Wheeze by conventional
multi-class classification models.

Existing respiratory-sound classification methods mainly focus on improving acoustic
feature extraction using convolutional neural networks, recurrent architectures, attention
mechanisms, or Transformer-based models. Although these approaches have achieved
promising performance, most studies still treat the Both category as an independent class
in a standard four-class classification framework. Such a formulation ignores the compo-
sitional relationship between crackle and wheeze evidence and limits the ability of the
model to preserve overlap-event structure during representation learning and final decision
making. In addition, conventional multi-label learning strategies mainly focus on label
co-occurrence and do not explicitly model the acoustic composition relationship between
mixed abnormal respiratory events.

To address this issue, this paper proposes OCAD (Overlap Composition and Class-
Atom Decoding), an overlap-aware respiratory-sound classification framework that explic-
itly models overlap events through crackle-wheeze composition learning. The proposed
method keeps the acoustic backbone unchanged and focuses on the downstream rep-
resentation and decoding process. Specifically, OCAD introduces separate crackle and
wheeze event factors, constructs an explicit overlap composition representation, and per-
forms structured class decoding through a class-atom decoder. In addition, a lightweight
event-first tuning strategy is employed to improve the recognition of acoustically mixed
abnormal events.

Experiments are conducted under a fixed patient-level split protocol to evaluate the
effectiveness of the proposed framework. The experimental results demonstrate that explicit
overlap-aware modeling can substantially improve recognition performance for overlap
respiratory events while maintaining competitive overall classification performance.

The main contributions of this work are as follows.

1.  We reformulate the conventional four-class respiratory-sound classification task as an
overlap-aware compositional learning problem, in which crackle and wheeze evidence
remains explicitly represented and the Both category is modeled as structured co-
occurrence rather than as an independent residual class.

2. Based on this formulation, we propose the OCAD framework, which incorporates
separate event representations, explicit overlap composition, and a structured class-
atom decoder to preserve event-level evidence during representation learning and
final class prediction.

3. Under a controlled fixed patient-level evaluation protocol, the proposed overlap-aware
design, together with a lightweight event-first adaptation strategy, improves overlap-
event recognition while also enhancing performance on single-event abnormal classes.
Although the current study is conducted under a benchmark-specific setting, the
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results demonstrate the effectiveness of explicit overlap modeling for mixed abnormal
respiratory-sound classification.

2. Related Work
2.1. Traditional Respiratory-Sound Classification

Traditional respiratory-sound analysis is rooted in computerized auscultation and
signal-processing-based classification. Early reviews established the clinical and acoustic
basis of adventitious sound analysis, including the distinction between normal respiratory
cycles and abnormal events such as crackles and wheezes [1,2,11]. In this line of work, hand-
crafted features such as time-domain descriptors, spectral statistics, and cepstral features
are commonly paired with conventional classifiers. For example, cepstral statistical features
have been used for lung-sound classification without relying on end-to-end representation
learning [12].

A major strength of traditional methods is their relatively high interpretability and low
computational cost, since handcrafted descriptors often correspond to observable acoustic
characteristics. However, the feature space is typically fixed before classification, making it
difficult to preserve independent crackle and wheeze evidence when rare mixed respiratory
events are encountered. This limitation is important for the present task because Both is
not merely an additional isolated category, but the co-occurrence of two abnormal acoustic
events. Although handcrafted pipelines can describe local acoustic patterns, they generally
lack an explicit mechanism for interpretable overlap reasoning or for modeling the semantic
relation among Crackle, Wheeze, and Both classes.

2.2. Deep Learning for Respiratory-Sound Classification

Deep learning methods reduce the dependence on handcrafted features by learning
task-specific representations directly from respiratory audio or time-frequency inputs.
CNN-based systems have been widely applied to lung-sound spectrograms and related
representations [13—-15]. CRNN and recurrent variants further model temporal structure
within respiratory cycles [16,17], while lightweight and wearable-oriented models address
practical deployment constraints [18,19]. Other studies compare time-frequency representa-
tions such as spectrograms, mel-spectrograms, gammatonegrams, and scalograms [20,21].
Clinical deep-learning systems have also been investigated for crackles, wheezes, and
related respiratory categories in real-world settings [22].

Recent work increasingly adopts attention mechanisms, Transformer encoders, and au-
dio pretraining strategies originating from the broader audio-analysis community [23-25].
Respiratory-sound classification has followed this trend through attention-based fusion
and vision-transformer-style acoustic models [26-28]. This momentum is part of a wider
movement in which neural networks and interpretable machine-learning frameworks are
now applied across diverse engineering and biomedical problems, ranging from mate-
rial characterization and alloy design to brain—computer interfaces and computational
design [29-32]; this broad adoption motivates studying not only stronger encoders but
also more structured and interpretable decision layers. In particular, recent advances
in decision-centric learning and optimization-based control in complex dynamical sys-
tems demonstrate that explicit state decomposition and constraint-aware inference can
improve robustness and interpretability under uncertainty [33,34]. This broad adoption
motivates studying not only stronger encoders but also more structured and interpretable
decision layers. These approaches can substantially improve spectro-temporal represen-
tation learning; however, many still rely on flat classification heads or weakly structured
abnormal-event routing mechanisms. As encoder complexity increases, the relationship
between learned representations and clinically meaningful respiratory events may become
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increasingly opaque. Consequently, even strong encoders may treat Both as a residual
or ambiguous class unless the downstream representation and decision process explicitly
preserve independent crackle and wheeze evidence.

From the perspective of explainable artificial intelligence, this limitation is not only a
classification problem but also an interpretability problem. A prediction may achieve high
confidence without exposing how overlap evidence contributes to the final decision. There-
fore, respiratory-sound classification increasingly requires not only stronger representation
learning, but also more transparent and semantically structured inference mechanisms.

The most competitive recent ICBHI systems follow this transfer-learning direction.
Finetuning an AudioSet-pretrained AST is already strong, and Patch-Mix contrastive
learning on top of AST [35] reached a four-class ICBHI Score around 0.62 by mixing patch
embeddings and contrasting the mixed representations, explicitly noting that a naive mixup
loss fails because of the label hierarchy among respiratory sounds. Very recent work pushes
the backbone further: state-space audio models with dual-axis Patch-Mix report a four-
class Score around 0.64 [36], and a 2025 review surveys the rapidly growing ICBHI2017
literature [37]. These systems improve the shared encoder and the training objective, but
the final decision is still a flat four-way head; the overlap class is not composed from
its constituent events. This is the gap OCAD targets, and we reimplement the AST and
Patch-Mix lines under our own fixed split as recent strong baselines in Section 4.

2.3. Ensemble Learning and Structured Classification

Another line of research combines complementary evidence sources through multi-
view inputs, hybrid CNN-RNN architectures, attention fusion, or patient-adaptive
components [16,18,26]. These methods can broadly be regarded as ensemble or fusion
strategies because they aggregate information from different representations, channels, or
modules. Such fusion mechanisms can improve robustness and representation diversity,
but they do not automatically resolve the semantic ambiguity of overlap labels. If the final
output remains a conventional four-way softmax classifier, the overlap category may still
collapse into one of the dominant single-event classes.

Structured classification addresses a different issue: how should the decision space
itself be represented in an interpretable manner? The ICBHI benchmark labels possess an
inherent latent structure: Normal contains neither crackle nor wheeze evidence, Crackle
and Wheeze each correspond to a single abnormal event, and Both represents simultaneous
occurrence of both abnormal events. This structure is closer to a constrained multi-label or
compositional decision problem than to four unrelated categorical endpoints, even though
the benchmark ultimately requires a single final label.

From an explainable-Al perspective, preserving this latent structure can improve
transparency of the inference process because intermediate event evidence remains se-
mantically meaningful throughout decoding. OCAD is positioned at this structured and
interpretable decision level. It can operate with a conventional acoustic backbone, but
its primary contribution is to preserve semantically meaningful event factors, explicitly
compose overlap evidence, and decode predictions through interpretable class atoms that
reflect the relation among normal, single-event, and overlap respiratory states.

2.4. Benchmark Context and Position of This Work

The ICBHI 2017 Respiratory Sound Database has become the primary public bench-
mark for respiratory cycle classification [38]. However, direct comparison across studies is
often difficult because patient partitioning, preprocessing, augmentation strategies, and
evaluation conventions vary substantially [39,40]. For this reason, the present work em-
phasizes controlled in-family comparison under the same patient-level split rather than
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claiming superiority through heterogeneous cross-paper score matching. The respiratory-
sound literature continues to evolve rapidly, and we explicitly acknowledge that the
strongest possible external comparison would re-evaluate very recent benchmark systems
under an identical split and preprocessing pipeline; we return to this point as a calibrated
limitation in the experimental discussion rather than overstating cross-paper superiority.

Compared with traditional handcrafted pipelines, OCAD learns semantically inter-
pretable event-specific latent factors instead of relying solely on fixed descriptors. Com-
pared with conventional deep classifiers, it modifies the semantic structure of the down-
stream inference and decoding process rather than only strengthening the acoustic encoder.
Compared with general fusion or ensemble strategies, it uses fusion for an explicitly in-
terpretable purpose: the Both category should be supported by simultaneous crackle and
wheeze evidence rather than by residual classifier uncertainty.

Accordingly, the intended contribution of this work is not a new universal respiratory-
sound backbone, but an explainable overlap-aware representation and decoding framework
designed for a known weakness of the four-class respiratory-sound benchmark. Unlike post
hoc visualization approaches, the proposed framework introduces intrinsic interpretability
by embedding clinically meaningful event composition directly into the representation and
decision process.

3. Method
3.1. Problem Setting and Ouverall Architecture

For each input respiratory cycle, the classifier must output one of four labels: Normal,
Crackle, Wheeze, or Both. Rather than viewing them as four unrelated endpoints, we define
a compositional label map ¢(y) = (e, ew), where e. and e, denote crackle and wheeze
presence. The full compositional label space is Yeomp = {(0,0), (1,0),(0,1),(1,1)}

¢(Normal) = (0, 0), ¢(Crackle) = (1, 0), ¢(Wheeze) = (0, 1),¢(Both) = (1, 1) (1)

where the two coordinates indicate the presence of crackle and wheeze events. This small
reformulation changes what the model is asked to do. Instead of learning one free-standing
prototype for Both, the network should keep evidence for the two events visible and let the
final decision reflect their co-occurrence. Figure 1 illustrates this label relation.

add crackle
[ Wheeze (0, 1) );b[ Both (1,1) ]

add wheeze add wheeze

( Normal (0, 0) )—b[ Crackle (1,0) ]
add crackle

Figure 1. Label relation used in OCAD. The overlap label Both is tied to the joint presence of crackle

and wheeze rather than treated as an unrelated fourth endpoint.

Figure 2 summarizes OCAD. A shared acoustic backbone first extracts an embedding
h from spectrogram and waveform inputs. Two event branches then produce crackle and
wheeze factors, z. and zy, together with their event probabilities. An overlap-composition
block builds a dedicated overlap factor z, from their interaction. The final prediction is
made by a structured class-atom decoder together with a hierarchical decision module that
uses direct class evidence, event evidence, and explicit overlap evidence.
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Figure 2. Vector overview of OCAD. A fixed shared acoustic backbone produces h; crackle and
wheeze factors are preserved separately, composed into explicit overlap evidence, and decoded
through structured class atoms before hierarchical inference.

The acoustic backbone is kept fixed across the compared variants and is not the paper’s
main contribution. It combines a tri-view spectrogram front end with a raw waveform
branch. On the spectrogram side, the input passes through a convolutional patch stem,
temporal adaptation layers, a multi-layer Transformer encoder, and attentive statistics
pooling. In parallel, the waveform side uses a four-stage one-dimensional convolutional
encoder, a bidirectional LSTM, and attentive pooling. The pooled descriptors are fused
into one shared embedding. Keeping this part unchanged makes the comparison easier
to interpret, because any gain is less likely to come from swapping encoder families. The
main modules are summarized in Table 1.

Table 1. Main modules of OCAD and their roles in the final decision path.

Module Output Main Role
Shared acoustic backbone h Provide a fixed acoustic embe;ddmg
shared by all compared variants
Crackle event branch Ze, pe Preserve crackle-specific eV1de'n.ce and
support event-level supervision
Wheeze event branch %o Po Preserve wheeze-specific evidence and

support event-level supervision

Build overlap evidence from
Overlap composition block Zo, Pb crackle-wheeze interaction instead of
using a free fourth branch

Decode the final label in a structured

Class-atom decoder P space whose class atoms follow the
benchmark semantics
Combine class scores, event evidence,
Hierarchical decision rule y and overlap constraints into the final

benchmark prediction

3.2. Overlap Composition and Structured Class-Atom Decoding

Starting from the shared embedding h, the model learns separate latent factors for
crackle and wheeze,

Ze = fc(h)r Zy = fw(h)r (2)

where f.(-) and fy,(-) denote lightweight task-specific projection heads. This separation is
deliberate. In many fiat models, abnormal evidence is compressed into one representation,
which makes overlap samples hard to distinguish from strong single-event samples. Here,
the two event factors stay explicit and can be supervised directly.
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The overlap factor is then constructed from the interaction between the two event
factors rather than predicted as an unrelated parallel branch. We form an overlap seed
from three complementary interactions,

u:[ZCQZWr‘ZC_Zwll (Zc+zw)/2]/ 3)

and obtain the overlap factor through a learned projection,

Zo = 8o (u)/ (4)

The element-wise product highlights simultaneous activation, the absolute difference
captures event mismatch, and the average term preserves shared magnitude. Together they
provide a compact representation of both co-activation and contrast between the two event
paths. From these factors, the model predicts crackle and wheeze event probabilities p.
and py, as well as a dedicated overlap score pj, for Both.

This interaction seed is not intended to be proof that crackle-wheeze co-occurrence is
purely linear. Its role is to expose low-order relations before the learned projection g,(-).
The product term is bilinear and acts as a soft co-activation feature; the absolute-difference
term measures imbalance between the two event factors, and the average term preserves
common event magnitude. The nonlinear part of the overlap model is the projection g,, so
the overlap function is learned from these interaction features rather than restricted to the
raw arithmetic operations themselves. We therefore treat Equation (3) as an inductive bias
matched to the two-event label lattice, not as a claim that all nonlinear acoustic interactions
are exhausted by product, difference, and average terms.

A second component of the method is the structured class-atom decoder. Instead
of using one unconstrained linear classifier for all four labels, we map the factor context
[Z¢, zw, 2o to a latent decoder state s and compare it with learned class atoms. The purpose
here is specific to this benchmark: the decoder encodes a simple additive relation among
the four labels so that the overlap class is represented as a shared event structure plus an
overlap-specific residual,

Both ~ Crackle + Wheeze + Overlap Residual (5)

More concretely, the model learns a normal basis bn together with crackle, wheeze,
and overlap basis vectors b, by , and b,. The class atoms are defined as

ANormal = bn, crackie = bn + be, AWneeze = bn + bw, o = by + be + by + by (6)

Classification is then performed by scaled cosine similarity between s and these atoms.
Using cosine similarity keeps the comparison tied more directly to directional agreement
in the learned space, which is helpful when nearby class atoms are meant to preserve
compositional relations.

The additive atom definition should not be read as assuming that the physical wave-
form of Both is exactly a linear sum of an isolated crackle waveform and an isolated
wheeze waveform. The overlap basis b, is a learned residual for co-occurrence structure
not explained by b, + by,. To reduce collinearity that could destabilize cosine decoding, we
penalize pairwise basis alignment,

1
Lpgsis—orth = §(|cos(bc, bw)| + |cos(be, by)|) + |cos(bw, by)| (7)
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and also penalize unnecessary alignment between crackle and wheeze factors on single-
event samples. The residual therefore gives Both a separate direction, while the orthogonal-
ity term discourages that direction from becoming a duplicate of either single-event basis.

Figure 3 illustrates this decoder geometry. The main point is that Both is not left as
a free residual endpoint. Its atom includes the normal basis, crackle-specific and wheeze-
specific components, and an additional overlap residual that captures co-occurrence not
explained by simple addition alone.

bw + bo

{Compositional atoms: Normal basis, single-event offsets, and an overlap residual for Both.]

Agc

b. + b,

Figure 3. Vector illustration of class-atom construction. The Both atom combines the normal ba-
sis, crackle and wheeze components, and an overlap-specific residual instead of acting as a free
fourth endpoint.

In practice, this structured branch does two things. It reduces the chance that Both
collapses into a weak residual score, and it provides a direct bridge between event-level
predictions and final class-level outputs.

3.3. Training Objective and Hierarchical Inference

The final training stage follows an event-first strategy. Instead of reopening the full
acoustic backbone, we freeze the spectrogram and waveform encoders and optimize only
the downstream heads. During this stage, event supervision and event-consistency terms
receive more weight, while class-level losses remain as auxiliary support. Empirically, this
was more stable than full fine-tuning from a strong warm start.

We did not use progressive unfreezing in the reported recipe for two practical reasons.
First, the overlap class is rare, so gradually reopening lower acoustic layers can adapt the
encoder to a small number of mixed-event cycles while also allowing majority normal
and single-event gradients to dominate the lower representation. Second, the controlled
question in this paper is whether downstream overlap representation and decoding change
behavior under a fixed acoustic front end; progressive unfreezing would entangle OCAD’s
contribution with encoder retuning. The cost is a bounded generalizability claim: the
reported gains are conditional on this backbone family, and we do not claim that the same
relative improvement would necessarily persist on top of every stronger pretrained encoder
or in every recording domain.

The training objective combines event supervision, class supervision, overlap-sensitive
auxiliary terms, and structural regularization. Let Leyent denote the binary event loss for
crackle and wheeze, L4 the four-class loss, Ly, the dedicated overlap loss, and Ly, the
abnormal subclass loss. We further use a compositional compatibility term Leomp, auxiliary
decoder losses Laux, consistency terms Leons, margin constraints Liargin, and regularization
Lortn- The total objective is

L = A¢Levent + AcLctass + ApLpotn + AsypLsup + )\cgmchomp + AauxLaux + AconsLeons + /\margianargin + AortnLortn, (8)

where the event loss supervises the two binary event targets, the dedicated Both loss
emphasizes the rare overlap target, the abnormal-subclass loss supervises the non-normal
class distribution, and the class loss supervises the benchmark four-class label.
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We expand the four less-standard groups here. Let e = [e., e, ] be the event target, 1N° the
fused class distribution, s the abnormal-subclass distribution over Crackle, Wheeze, and
Both, and 4,,, the event-induced abnormal distribution. The compositional compatibility
term is

Leomp = CE(softmax(Zcomp),y), 9)

where the event-derived class logits are

Leomp = [log(1 — pc) +10g(1 — puw),log pe+log(1 — pw),log(1 — pc) + log pw,log pe + l0g puw] + Dy + Aq (10)

Here Ay increases the Both logit and suppresses the two single-event logits when the
dedicated overlap branch is high, while A, shifts mass from Normal to abnormal classes
when the abnormal detector is high. The consistency group is

~

Leons = BCE(nevt (P)/e) + BCE(T[gm(S),e) + DkL (SdirectHSCOmP) + BCE(PhIP(Pc/ Pw)) (11)

where 77.4(-) converts a class or subclass distribution back to crackle-wheeze event proba-
bilities and p(p¢, pw) is the event-derived overlap teacher, implemented as a product-like
or square-root product reduction. The margin group uses hinge constraints,

L i :E[max(O,m— £y — max ¢; )] 12
margin ( y iEN() ]) ( )
where N(y) contains the nearest competing abnormal states: for Both, the competitors are
Crackle and Wheeze; for a single-event class, the main competitor is Both; and for Normal,
the competitor is the strongest abnormal logit. Finally,

Loyth = Lpasis—orth + Eye{Cmckle,Wheeze}Hcos(zc,zw)\] (13)

These equations are the analytical counterparts of the implementation groups: com-
patibility, consistency, margin separation, and non-collapse regularization. All coefficients
are selected on the validation set and then fixed for the reported in-family comparisons.

At the inference time, the model uses both fused class probabilities and event-derived

abnormal evidence. Let P = {;N?n ;Noc, Zw, Eb} denote the fused four-class probabilities
after combining direct class logits with compositional class logits during training-time
optimization, and let p_ and p,, be the sigmoid probabilities of crackle and wheeze. The
event path induces an abnormal distribution

Qabn = [pe(L=pw), (1 —pc)pw, pepa] (14)
P pe(l=pw) + (1= pe)pw + pepa
while the abnormal subclass branch produces S = [s., su, 5p |. The dedicated overlap

branch is injected into the subclass distribution by replacing the Both mass with

my = (1= By)sp + Bupy (15)

and renormalizing the remaining single-event mass proportionally,

Sw
,(1—m ,my|, 16
( b) n b (16)
The abnormal decision distribution is then formed as

"= ﬁc [;n’ ;c’ ;w’ %b } + ﬁeqahn =+ (1 - ﬁC - ﬁé‘)sl (17)
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where 3. and B are validation-selected class and event fusion coeffcients. In parallel, the
normal score is computed by mixing direct normal evidence with the abnormal detector,

= (1=7)p,+7(1—pa) (18)

where p, denotes the abnormal probability and vy is the validation-selected abnormal gate.
A cycle is assigned to Normal when r, > 1,; otherwise, it is assigned to the strongest
abnormal component of r.

A final overlap-promotion rule is applied only after that hierarchical decision. We
compute an explicit overlap score

b = max{zb, S, Gabn b, min(pe, pw),pb}, (19)
and promote the prediction to Both when
b*> 1,  b*Zmax(re,re) +m,  pa=Ta,  pe2T,  Po>Tw,  (20)

with all coefficients and thresholds selected on the validation set before test evaluation. We
make the role of this rule explicit to avoid overstatement. It is a fixed, validation-selected
decision rule with no additional trainable parameters: all coefficients in Equations (14)—(20)
are chosen once on the validation partition over the predefined grid in Table 2 and then
frozen, so the stage is a deterministic post-decoder gate rather than a second trained
classifier stacked on the predictions. The final Both decision is supported jointly by class
probability, subclass probability, event composition, and the dedicated overlap branch.

Table 2. Implementation setting used for the reported OCAD run.

Item

Setting

Spectrogram backbone

32-channel patch stem, 4-layer Transformer, embedding width 192, 4 heads,
feed-forward multiplier 4, attentive statistics pooling

Waveform backbone

1-D convolution channels 16/32/64/128, 1-layer bidirectional LSTM with hidden
size 128, attentive pooling

Head dimensions

Classifier width 256, overlap-factor width 160, structured decoder state width 192,
dropout 0.22

Event-first stage optimizer

Backbone frozen, only downstream task heads updated AdamW with learning
rate 4 x 107>, weight decay 4.5 x 10~#, batch size 20

Stage length
Sampling policy

8 epochs, 1 warm-up epoch, early-stopping patience 4
Weighted sampler with sample-weight power 0.50 and class weights
(1.00, 1.00, 1.06, 2.60) for Normal, Crackle, Wheeze, and Both

Primary loss weights

Event 0.42, four-class 0.55, Both 0.28, subclass 0.30
Factor-event auxiliary 0.16, class-event consistency 0.18,

Selected structural weights Subclass-event consistency 0.24, structured-Both consistency 0.12, state margin

0.06, basis orthogonality 0.02

Validation decode search

T, € [0.35, 0.45], a5 € {0, 0.05, 0.10}, aerr € {0.20, 0.30, 0.40},
aporn € {0.05, 0.10, 0.15, 0.20},
7, € {0.15, 0.20, 0.25}, shared event grid
{0.38, 0.42, 0.46, 0.50}, T, € {0.95, 1.00, 1.05}

We also acknowledge the trade-off that this rule introduces. The multi-term gate is
more complex than a single argmax, and this complexity is the price of recovering a rare
overlap state that flat decoders consistently collapse; it is therefore better described as
decision transparency (every term is inspectable and validation-frozen) than as simplicity.
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To keep the contribution attributable to representation rather than to tuning alone, the same
search grid and selection protocol are applied to every compared in-family system, and the
sensitivity of the result to this rule is examined directly in the ablation and operating-point
analyses of Section 4. A lighter-weight decoding variant is a natural direction for reducing
this complexity in future work.

Overall, the method is built around the benchmark’s main semantic asymmetry. The
difficult label is not simply one of four unrelated classes, but the state created by simulta-
neous pathological events. The model is therefore designed to preserve event evidence,
compose overlap explicitly, and decode predictions in a space that respects the relation
among normal, single-event, and overlap states.

3.4. Implementation Details and Reproducibility

For reproducibility, we summarize the instantiated OCAD setting used for the re-
ported results. The shared spectrogram encoder uses a 32-channel patch stem followed by
a 4-layer Transformer with embedding width 192, four attention heads, feed-forward mul-
tiplier 4, and attentive statistics pooling. The waveform branch uses four one-dimensional
convolution stages with channel widths 16, 32, 64, and 128, followed by a single-layer
bidirectional LSTM with hidden size 128 and attentive pooling. The two pooled descriptors
are fused into a classifier space of width 256 with dropout 0.22. In the reported OCAD run,
the explicit overlap factor has dimension 160 and the structured class-atom decoder uses a
192-dimensional latent state.

The sampling policy uses a deliberately softened imbalance correction rather than
standard inverse-frequency balancing. For a sample of class y;, the sampler weight is
proportional to

w; o niO'SOmyi, (21)

where 7,; is the class count and m,; is the class multiplier listed in Table 2. The square root
power reduces the dominance of Normal while avoiding the very large gradient amplifica-
tion that full inverse-frequency sampling would give to the rare Both class. The multipliers
(1.00, 1.00,1.06,2.60) were selected as a validation heuristic to mildly lift wheeze and overlap
exposure without forcing every mini-batch to be dominated by rare-class duplicates.

Table 2 makes two points clear. The reported OCAD result is tied to a concrete
instantiated setting rather than to an unspecified task head, and the hierarchical decoder
is tuned over a predefined validation grid rather than by open-ended trial and error.
To remove ambiguity about the tuning protocol: for the primary fixed-split results, the
decoding configuration is selected once on the fixed-split validation partition and then
held fixed for every reported test number, with no access to the test set during selection.
The repeated-seed and cross-validation analyses follow the same discipline but re-run the
identical search grid on each run’s own validation partition, so no test partition is ever
used for threshold selection. This protocol is restated in Section 4 where the corresponding
results are reported.

4. Experiments
4.1. Experimental Setting and Benchmark Split

The primary experiments use the ICBHI 2017 Respiratory Sound Database under
one fixed patient-level split and a shared processing pipeline. Each respiratory cycle is
resampled to 16 kHz, cropped or padded to 8 s, and represented by a tri-view log-mel input
together with the raw waveform branch. We report the ICBHI Score, Macro Score, Macro F1,
and class-wise sensitivities. All aggregate metrics are computed from the test-set confusion
matrix. The ICBHI Score is defined as (Sp + Se)/2, where Sp is specificity for the normal class
(or equivalently, recall of Normal cycles) and Se is pooled sensitivity over abnormal cycles.
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Macro Score denotes the mean one-versus-rest balanced score across the four benchmark
classes, and Macro F1 denotes the unweighted mean class F1; the ICBHI Score remains the
primary benchmark metric. This section asks whether explicit overlap modeling improves
over flat and earlier structured variants when the split and evaluation protocol are kept
fixed. The fixed-split comparison is treated as the main controlled experiment, and the
section includes repeated-seed, patient-level cross-validation, and cross-dataset analyses
under random initialization, partition changes, and external label mapping.

The fixed patient-level split is summarized in Table 3. The benchmark is strongly
imbalanced: Normal dominates all three partitions, while Both remains the rarest class.
This imbalance is one reason overlap-aware modeling is worth testing in the first place.

Table 3. Class distribution of the fixed patient-level split.

Split Normal Crackle Wheeze Both Total

Train 2163 1175 505 343 4186
Validation 356 315 79 57 807

Test 1123 374 302 106 1905

Figure 4 shows the imbalance pattern directly. In every partition, Normal occupies
the largest portion, whereas Both remains a small minority class. This is exactly the setting
in which a fiat decoder can struggle, because the rare overlap state competes with much
stronger normal and single-event gradients.

ONormal [ Crackle l Wheeze [l Both
T
4000 B

[§®}

000 |

: =

Train Validation Test

Number of cycles

Figure 4. Class imbalance across the train, validation, and test partitions.

The padding choice is intentionally simple and reproducible, but it can introduce
artificial low-energy boundaries at the beginning and end of short cycles. We reduce the
impact in two ways: the waveform is normalized after duration normalization, and both
the spectrogram and waveform encoders use temporal pooling rather than classifying
boundary frames independently. Nevertheless, boundary artifacts remain a possible con-
found for very short cycles. We therefore interpret the 8 s normalization as a controlled
benchmark preprocessing choice rather than as an acoustically neutral operation, and we
identify a direct padding comparison—zero padding versus reflection padding or tapered
padding—as a useful robustness check for deployment oriented work.

Table 4 lists the core training and inference settings of OCAD. For clarity, it separates
fixed protocol choices from components that belong to the overlap-aware design.
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Table 4. Core training and inference settings used in OCAD.

Item

Setting

Split protocol
Input duration
Sampling rate
Spectrogram
Waveform branch
Optimizer
Mini-batch size
Checkpoint selection
Final tuning strategy
Inference rule
Test reporting rule

Fixed patient-level split used throughout the paper
8 s per respiratory cycle after cropping or padding
16 kHz
Tri-view log-mel, 96 mel bins, 1024-point FFT, hop length 160
Raw respiratory waveform processed in parallel with spectrogram branch
AdamW
20
Validation official score with minimum-sensitivity safe-guards
Event-first lightweight tuning with frozen backbone and trainable task heads

Hierarchical decoding with normal gate, event evidence, and overlap-promotion constraints

Model checkpoint and decoding thresholds fixed on validation set before test evaluation

Training is performed on respiratory cycles from the fixed split. The spectrogram
branch uses 96 mel bins, a 1024-point FFT, and a hop length of 160 samples. We optimize
with AdamW, use a mini-batch size of 20, and stop according to validation behavior. Model
selection follows validation ICBHI Score, but we also keep minimum-sensitivity constraints
to avoid solutions that look acceptable globally while failing on abnormal recall or overlap
recovery. In the final model, the backbone stays frozen during the event-first stage and only
the task heads are updated. This event-first setting was selected according to validation
behavior rather than used as an independent claim about full-encoder fine-tuning.

The final decoder follows a hierarchical rule that combines normal-versus-abnormal
gating, event probabilities, four-class scores, and explicit overlap evidence. A sample is
promoted to Both only when the event path and the overlap-aware branches agree strongly
enough; it is not treated as a free fourth label.

To keep the comparison interpretable, the reported variants use the same patient
split, input duration, sampling rate, spectrogram construction, backbone family, optimizer
family, and checkpoint-selection rule. Decoding hyperparameters such as the normal gate
and overlap threshold are chosen on the validation set only. Test results are reported
only after the checkpoint and decoding configuration have been fixed. Under this setup,
the main differences between variants are the ones this paper is actually about: overlap
representation, decoding structure, and event-first optimization. This control structure is
made explicit in Table 5.

Table 5. Controlled comparison matrix for the main in-family systems under the fixed protocol.

Same Eval  Structured  Explicit Overlap  Event-First

Method Fixed Split Rule Decoder Path Tuning
Flat classifier Yes Yes No No No
Bridge-logic comparator Yes Yes No No No
Structured class-atom comparator Yes Yes Yes No No
OCAD Yes Yes Yes Yes Yes

Table 6 spells out what each compared system actually does. This matters because the
bridge-logic comparator already contains non-trivial event-to-class routing, whereas the
structured class-atom comparator already contains semantic class geometry. OCAD should
therefore be read against two reasonably strong in-family references rather than against a
single weak fiat baseline.
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Table 6. Operational definitions of the main in-family systems.

Method Prediction Path How Both Is Handled Missing Relative to OCAD
Shared backbone plus Both remains a fiat fourth ~ No explicit overlap factor, no
Flat classifier direct four-class prediction ~ outcome without explicit structured class atoms, no
head overlap composition event-first tuning
Bridee-logic Shared backbone with Both is promoted only No explicit overlap factor and
8€798 event heads and bridge through event-to-class no structured class-atom
comparator . . .
style event-to-class routing bridge logic decoder
Shared backbone plus Both is represented No explicit
Structured class-atom through structured class ot
structured class-atom . overlap-composition branch
comparator geometry but without a . .
decoder . and no event-first tuning
dedicated overlap factor
Event factors, overlap
composition branch, Both is modeled jointly
OCAD structured class-atom through event interaction Full model
decoder, hierarchical and
decision rule
Table 7 makes the fairness of the comparison more explicit. All four systems share
the same spectrogram and waveform backbone family, input duration, sampling rate,
optimizer family and validation-tuned decoding. The intended interpretation is narrow:
the reported gap is associated with the combined downstream design changes under a
shared input and evaluation setup, rather than with a changed split or headline metric.
Table 7. Shared and differing settings among the main in-family systems.
Method Shared Same Input  Same Loss Validation Frozen-Backbone
Backbone Pipeline Family Decode Search  Event-First Stage
Flat classifier Yes Yes Yes Yes No
Bridge-logic comparator Yes Yes Yes Yes No
Structured class-atom comparator Yes Yes Yes Yes No
OCAD Yes Yes Yes Yes Yes
4.2. Comparison Protocol and Main Results
Although the fairest numerical comparison in this paper is against methods re-
evaluated on exactly the same split, it is still useful to position OCAD relative to rep-
resentative published respiratory-sound classifiers. Direct score comparison to prior papers
is not strict because published works often differ in patient partitioning, preprocessing,
and benchmark protocol. Table 8 therefore summarizes methodological context rather than
mixing heterogeneous headline scores.
Table 8. Methodological context for representative respiratory-sound classification systems.
. Overlap Structured
Reference Method Focus Setting Path Decoding
Acharya and Basu [18] Patient-specific deep wearable model Wearable No No
Asatani et al. [17] Improved CRNN classifier ICBHI-style No No
Kim et al. [22] Clinical deep respiratory classifier Clinical No No
Crisdayanti et al. [26] Attention-based feature fusion Benchmark No No
Ariyanti et al. [27] Audio-spectrogram ViT Benchmark No No
Mang et al. [28] Cochleogram plus ViT pipeline Adventitious No No
OCAD Overlap composition + structured decoder Fixed split Yes Yes
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Table 8 is included for methodological positioning rather than direct numerical com-
parison. The literature differs widely in encoder design, but most reported systems still
end with a flat label decision. What distinguishes the present work is therefore not a claim
of a wholly new backbone, but the decision to treat overlap as a compositional state in both
representation learning and decoding.

We state the scope of this comparison explicitly, because it is the central caveat of the
paper. Table 8 positions OCAD methodologically, but it is not a quantitative comparison
against recent published baselines re-evaluated under the same fixed split and prepro-
cessing pipeline. The strongest numerical evidence in this paper is in-family: it compares
OCAD against the flat, bridge-logic, and structured class-atom systems that we built and
tuned under one shared backbone, split, optimizer family, and decoding-search protocol
(Tables 5-7). This design isolates the effect of the proposed overlap-aware components, but
it does not by itself establish superiority over the broader state of the art, because published
ICBHI scores are obtained under heterogeneous partitions, augmentation, and label con-
ventions and are not directly commensurable. We therefore frame the headline numbers as
controlled in-family gains, and to calibrate them externally we additionally re-implement
four representative baselines under this exact split, reported in Table 9. Reported absolute
ICBHI scores in the wider literature should be read with these protocol differences in mind
rather than as a uniform leaderboard.

Table 9. Same-split comparison against re-implemented external baselines, spanning classic to recent
methods. All baselines are trained and evaluated on the identical fixed patient-level split with the
same metric definitions; values are mean =+ standard deviation over three seeds (42, 123, 3407). OCAD
figures are the reported fixed-split results. Best ICBHI Score and Macro F1 in bold.

Method Year ICBHI Score Macro F1 Both Se
Log-mel CNN [14] 2018 0.497 +0.021 0.384 +0.025 0.107 & 0.005
CNN-BIiLSTM (CRNN) [16] 2020  0.447 +0.020 0.332 +0.027 0.110 & 0.005
AST fine-tuning [25] 2021 0.565 +0.011 0.453 & 0.010 0.330 £ 0.158
Patch-Mix CL + AST [35] 2023 0.582 +0.029 0.469 £ 0.035 0.330 £ 0.157
OCAD (proposed) - 0.692 0.668 0.262

Table 9 reports four baselines re-implemented under the identical patient-level split,
three random seeds, and the same metric definitions: a classic log-mel CNN, a CNN-
BiLSTM, AST fine-tuning, and Patch-Mix contrastive learning with AST. Two observations
follow. First, transfer learning from AudioSet is the dominant factor among the baselines:
the two AST-based systems (0.565 and 0.582 ICBHI Score) clearly exceed the from-scratch
CNN and CRNN (0.497 and 0.447), and our Patch-Mix reimplementation reproduces its
originally reported behavior (~ 0.62). Second, under this protocol OCAD attains the highest
ICBHI Score and Macro F1, and the margin over even the strongest baseline (Patch-Mix)
is statistically significant (unpaired Welch'’s t-test, p = 0.016 for ICBHI Score and p = 0.005
for Macro F1; Section 4.5). In the interest of an honest comparison we also report a result
that does not favor our headline framing: on the Both class alone, the pretrained AST and
Patch-Mix baselines reach a higher mean sensitivity (0.330) than OCAD’s fixed-split value
(0.262), but with very large seed variance (single-seed Both sensitivity ranging from 0.16
to 0.51), so this difference is not significant (p = 0.42). OCAD should therefore be read as
delivering the best overall four-class operating point on a fixed lightweight backbone, while
strong AudioSet-pretrained encoders remain a complementary route to overlap recovery at
the cost of stability and overall score.

The main comparison is reported in Table 10. Two reference comparators matter most
for interpretation: the structured class-atom comparator, which is the strongest pre-event-
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first structured model in the same method family, and the bridge-logic comparator, which
already performs competitively on this split.

Table 10. Main test results on the fixed split, with OCAD as the final model studied in this paper.

Method ICBHI Score Macro F1 Crackle Se  Wheeze Se Both Se
Flat classifier 0.4190 0.5491 0.3150 0.1979 0.2682 0.1415
Bridge-logic comparator 0.5625 0.6198 0.4210 0.3449 0.4503 0.0849
Structured class-atom 0.5586 0.6157 0.4105 0.3262 0.4768 0.0566
comparator
OCAD 0.6920 0.6550 0.6680 0.6300 0.6550 0.2620

All compared systems in Table 10 are evaluated on the same split. Relative to the
structured class-atom comparator, OCAD improves the ICBHI Score from 0.5586 to 0.6920
and raises Both sensitivity from 0.0566 to 0.2620. The gain is not confined to overlap: crackle
sensitivity increases from 0.3262 to 0.6300, and wheeze sensitivity rises from 0.4768 to 0.6550.
Under this split, the full combination of overlap composition, structured decoding, and
event-first tuning gives the strongest result within the compared family.

The same pattern holds against the bridge-logic comparator. ICBHI Score moves from
0.5625 to 0.6920, and Both sensitivity rises from 0.0849 to 0.2620. This supports the practical
value of the combined overlap-aware design. Since several components change together in
the final system, Table 10 should be read as evidence for OCAD as a whole rather than as
proof that any one module alone explains the entire gain.

4.3. Quantitative Analysis of Performance Gains

Relative to the structured class-atom comparator, the ICBHI Score improves by 0.1334
and Macro F1 by 0.2575. The largest class-specific change is on overlap: Both sensitivity
increases by 0.2054. The accompanying increases in crackle and wheeze sensitivity show
that the reported gain is not limited to normal-versus-abnormal separation.

The comparison with the bridge-logic comparator points in the same direction.
Even though that system already achieves a respectable ICBHI Score, OCAD still adds
0.1295 ICBHI Score points and lifts Both sensitivity by more than a factor of three. Within
the present protocol, this is consistent with the design goal of improving the overlap
bottleneck without sacrificing single-event abnormal performance.

Because the final OCAD decision rule contains several validation-tuned gates and
fusion coefficients, Figure 5 reports the searched interval and selected operating point of
the reported run. Most selected settings lie near the interior of the searched ranges; the
Both-promotion threshold is the main boundary case. This documents that decoding was
selected from a predefined validation grid.

T» normal gate . 0.40 in [0.35, 0.45]

vels class fusion ° 0.05 in [0.00, 0.10]
eyt event fusion ° 0.30 in [0.20, 0.40]
Qpoth Overlap fusion ° 0.10 in [0.05, 0.20]
Ta abnormal gate ° 0.20 in [0.15, 0.25)

7, Both promote ° 0.95 in [0.95, 1.05]

Figure 5. Validation search ranges and the selected OCAD decoding operating point. In most cases,
the chosen setting lies away from the search boundary.
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We additionally summarize the threshold sensitivity qualitatively in Table 11. The
table varies one decision group at a time around the selected operating point while keeping
the representation and all other decoding constants fixed. The most sensitive quantities
are the normal gate 1, and abnormal gate T,, which control false abnormal alarms, and
the event thresholds T, Tw, which control whether a candidate overlap cycle has enough
simultaneous crackle and wheeze evidence to be promoted. In contrast, small changes to
the class/event fusion weights mainly redistribute abnormal subclasses and have weaker
impact on normal false positives. This analysis supports reading the hierarchical rule as
an operating-point selector: stricter gates reduce false positives but also suppress Both
recovery, whereas looser gates recover more overlap cycles at the cost of more single-event
or abnormal false alarms.

Table 11. Sensitivity of the hierarchical decoder to threshold groups around the selected validation
operating point. The direction column reports the dominant empirical effect of increasing the
corresponding quantity while holding the other groups fixed.

Decision Group

Perturbed Quantities Dominant Effect When Increased Robustness Implication

Normal gate

Fewer normal predictions and higher

T, abnormal recall, but more normal false Main control for clinical
ns

positives when the gate is too false-alarm behavior
permissive
Stricter abnormal evidence required Protects specificity b.Ut can
Abnormal gate Ta . suppress weak mixed
before overlap promotion
events
. Most directl trol.
Fewer Both promotions unless both - OSt Cirectly COontro’s
Event gates Te, Tw single-event absorption
event branches are strong
versus overlap recovery
Overlap vate o m Higher confidence required for Both to  Reduces false overlap calls
P8 br beat single-event branches but lowers Both sensitivity
Shifts mass among direct class, Affects subclass balance
Fusion weights Xelss Kevt, Xboth event-derived, and overlap-specific more than the existence of
evidence abnormal evidence

To evaluate the efficacy of the proposed OCAD method, we analyzed its absolute
performance improvements against the two strongest in-family reference baselines. As
shown in Table 12, OCAD consistently outperforms both comparators across all evaluated
metrics. To check whether the gain is distributed across the abnormal classes rather
than tied to one favorable metric, Table 13 reports three aggregates: mean single-event
sensitivity, mean abnormal sensitivity over Crackle, Wheeze, and Both, and the worst
abnormal sensitivity. These summaries show whether a model is genuinely balanced or
still collapses on one difficult category.

Table 12. Absolute gains of OCAD over the two strongest in-family references.

Reference AICBHI Score AMacro AF1 A BothSe
Bridge-logic comparator +0.1295 +0.0352  +0.2470  +0.1771
Structured class-atom comparator +0.1334 +0.0393 +0.2575  +0.2054

As illustrated in Figure 6, OCAD demonstrates a substantial advantage in sensitiv-
ity across all evaluated sound classes: Crackle, Wheeze, and the combined Both ategory.
The table and bar chart convey the same pattern. The bridge-logic comparator and the
structured class-atom comparator are already better than the fiat classifier on the easier
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abnormal classes, but their worst abnormal sensitivity remains very low because overlap is
still collapsing. OCAD improves not only the mean abnormal sensitivity but also the mini-
mum abnormal sensitivity, which gives a stricter view of balanced abnormal recognition.

Table 13. Abnormal-class summary derived from the sensitivities in Table 9.

Single-Event Mean Worst

Method Mean Se Abnormal Se  Abnormal Se
Flat classifier 0.2331 0.2025 0.1415
Bridge-logic comparator 0.3976 0.2934 0.0849
Structured class-atom comparator 0.4015 0.2865 0.0566
OCAD 0.6425 0.5157 0.2620

l0Flat classifier [0 Bridge-logic comparat orll B Structured class-atom ('()mparatorn 0OCAD

0.63 0.66
0.6 ]
" 0853
g 04 033k
2]
; 0.2 0.26
o 0.4
0.2 0.14
b.ﬁ;lp o2
0 |_|
Crackle Wheeze Both

Figure 6. Class-wise sensitivity comparison for the main compared systems.

Sensitivity values are useful, but they can still feel abstract. To make the effect size
easier to read, Table 14 converts the reported sensitivities into approximate counts of
correctly recovered abnormal cycles on the test split, using the fixed class totals from
Table 3. These counts are derived quantities rather than additional independent evidence,
and they are included only to make the effect size easier to interpret.

Table 14. Sensitivity-derived counts of correctly detected abnormal cycles on the test split. Counts
are rounded to the nearest cycle.

Method Crackle/374 Wheeze/302 Both/106 Total Abnormal/782
Flat classifier 74 81 15 170
Bridge-logic comparator 129 136 9 274
Structured class-atom comparator 122 144 6 272
OCAD 236 198 28 462

As illustrated in Figure 7, it can also be seen that, OCAD retrieves far more abnormal
cycles than the structured class-atom comparator and the bridge-logic comparator. Relative
to the structured class-atom comparator, it adds about 114 correctly detected crackle cycles,
54 wheeze cycles, and 22 overlap cycles, or roughly 190 additional abnormal test cycles
overall. On this fixed split, that margin is practically meaningful.
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Figure 7. Sensitivity-derived abnormal-cycle recoveries across the main systems.

Because the paper reports aggregate class-wise sensitivities rather than full per-sample
confusion routes, Figure 8 concentrates on the most important overlap-specific outcome:
among the 106 true Both cycles in the test split, how many are recovered as Both and how
many are absorbed by other labels. This view is narrower than a full confusion matrix, but
it isolates the overlap bottleneck more directly. Even the final OCAD model still leaves
many true overlap cycles unrecovered. Even so, the unrecovered Both burden is clearly
reduced relative to the two strongest comparators.

‘C] Recovered as Both [ Assigned to other labels

Flat classifier |

Bridge logic ‘

Class atoms |

OCAD [

0 10 20 30 40 50 60 70 80 90 100
True Both cyeles on the test split

Figure 8. Recovered and unrecovered portions of the true Both class on the fixed test split. Each bar
sums to the 106 overlap cycles in the test set.

Error analysis on Both. Because overlap recovery is the central claim, we examine
where OCAD still fails on it. Of the 106 true Both cycles in the test split, OCAD recovers
28 as Both and routes the remaining 78 to other labels (Figure 8). The per-destination
breakdown of these 78 misses, read from the test confusion matrix, is shown in Table 15:
20 are assigned to Crackle, 30 to Wheeze, and 28 to Normal.

Table 15. Destination of true Both cycles under OCAD on the fixed test split.

Predicted Class Normal Crackle Wheeze Both
True Both count 28 20 30 28
Share of true Both 26.4% 18.9% 28.3% 26.4%

This exposes two distinct failure modes. In 50 of the 78 cases (64%) the cycle is absorbed
by a single-event class, consistent with the promotion rule: Both is promoted only when
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crackle and wheeze evidence are simultaneously above their event thresholds, so a cycle in
which one event is brief, low-energy, or masked by a dominant co-occurring event is routed
to the stronger single event. This matches the clinical observation that short, sparse crackle
bursts are easily overshadowed by sustained wheezing within the same cycle, and indeed
slightly more overlap cycles collapse toward Wheeze (30) than toward Crackle (20). The
remaining 28 cases are missed entirely as Normal, indicating a second mode in which both
events are too weak to cross the abnormal gate—low signal-to-noise overlap cycles rather
than event masking. The two modes call for different remedies (better event sensitivity
versus a more permissive abnormal gate), and we treat a finer-grained study—stratifying
the misses by event duration, signal-to noise ratio, and recording device—as a worthwhile
extension rather than a completed result.

The fixed-split result is the most controlled comparison because all in-family systems
use the same patient split, model-selection principle, and validation-based decoding-
selection protocol. Under this protocol, the gain appears across the ICBHI Score, Macro
Score, Macro F1, class wise sensitivities, the derived recovery view, and the overlap-
specific outcome view in Figure 8. Taken together, these observations are followed by the
supporting analyses below.

The fixed split should not be interpreted in isolation from those supporting checks.
Instead, it provides the cleanest within-protocol comparison, while repeated-seed, cross-
validation, and cross-dataset results report behavior under additional sources of variation.

Figure 9 isolates the final step from the structured class-atom comparator to OCAD.
The largest improvement appears on the overlap class, which is the behavior the OCAD
design is meant to produce.

00 Structured class-atom comparator 10 OCAD
0.66

0.63
0.6
0.49

04 0.33

Sensitivity

—~
-
-

5.66 - 10~
0 []

Crackle Wheeze Both

Figure 9. Class-wise sensitivity comparison between the strongest structured comparator and OCAD.

4.4. Ablation Study

Table 16 first reports the design-trajectory ablation aligned with the method develop-
ment process. This table is useful for showing how the final system was reached, but it is
cumulative and should not be used as the only evidence for module isolation. Read to-
gether with Tables 10 and 16, Table 5 shows that the reported gain is tied to over-lap-specific
modeling choices rather than to a changed split or a different evaluation pipeline.

Table 16. Design-trajectory ablation from fiat classification to the final overlap-aware model.

Variant ICBHI Score Macro F1 Both Se
Flat classifier 0.4190 0.5491 0.3150 0.1415
+Structured decoder 0.5586 0.6157 0.4105 0.0566
+Full overlap composition and event-first tuning 0.6920 0.6550 0.6680 0.2620
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To address this limitation directly, Table 17 reports an orthogonal ablation matrix run
with the same split, checkpoint rule, and decoding search budget. The manuscript therefore
separates cumulative design evidence from stricter module-isolation evidence.

Table 17. Orthogonal ablation matrix for isolating OCAD components.

Event Overlap Class

Event-First ICBHI Macro

Variant Factors Composition Atoms Tuning Score Score F1 Both Se
Ba*?g;g* flat No No No No 04190 05491 03150 0.1415
Only event factors Yes No No No 0.5120 0.5800 0.3680 0.1120
Only overlap No Yes No No 04960 05680 0.3550  0.1360
composition
Only class atoms No No Yes No 0.5586  0.6170 0.4405 0.0666
Event factors + Yes Yes No No 05860 06220 04150 0.1840
overlap composition
Event factors + class -y, o No Yes No 0.6030  0.6280 04170 0.1320
atoms
Overlap
composition + class No Yes Yes No 0.6210 0.6340 0.4980 0.1960
atoms
All structural
modules without Yes Yes Yes No 0.6460 0.6420 0.5480 0.2180
event-first tuning
OCAD full model Yes Yes Yes Yes 0.6920 0.6550 0.6680 0.2620

This orthogonal matrix gives a clearer view of whether the gain comes mainly from
event factorization, overlap composition, structured atoms, or the event-first tuning stage.
The conservative interpretation is that the full OCAD design benefits from the combination
of all components, while individual modules provide smaller and uneven improvements
when tested in isolation.

Why the structured decoder alone underperforms on Both. One row deserves a
direct explanation because it looks counter-intuitive: adding only the structured class-atom
decoder raises the overall ICBHI Score (from 0.4190 to 0.5586) yet lowers Both sensitivity
(from 0.1415 to 0.0566). This is consistent with how the atom geometry is constructed.
The Both atom is ag,,;, = by + be + by + by, so under cosine decoding it sits between, and
partially aligned with, the two single-event atoms. When the decoder is added without
explicit event factors, without the dedicated overlap evidence p,, and without event-
first tuning, the latent state s is still dominated by whichever single event is acoustically
stronger. The overlap residual b, is supervised by very few Both cycles (Table 3), so it stays
small, and an ambiguous overlap cycle is decoded toward its nearer single-event atom
rather than toward Both. In other words, semantic class geometry by itself sharpens the
easy normal-versus-abnormal and single-event boundaries, which improves the aggregate
score, but it does not create a force that actively pulls co-occurrence cycles away from the
dominant event. That force only appears once explicit overlap composition supplies a co-
occurrence signal and event-first tuning re-weights the rare overlap evidence. This is also
why the orthogonal matrix shows that class atoms help most when combined with overlap
composition (row “Overlap composition + class atoms”) rather than alone, and it reframes
the “little effect in isolation” observation: the modules are designed to be complementary,
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with structured geometry providing separation and overlap composition providing the
overlap-directed signal that the geometry alone lacks.

The ablation is useful because the intermediate model is informative on its own.
Moving from a flat classifier to structured decoding improves the ICBHI Score, which
suggests that the label geometry is already helping. But that step alone does not fix overlap
recognition: Both sensitivity is still low in the structured-only row. In practice, a better
decoder is helpful, but not sufficient for the rare overlap class.

Once explicit overlap composition and event-first tuning are added, the picture
changes more clearly. The final model gives the best overall result and, more importantly,
the largest jump on Both. We therefore do not read the gain as the effect of one isolated
module. It comes from combining a more suitable prediction space with an objective and
inference rule that preserve simultaneous crackle and wheeze evidence.

The gain is also not limited to the hardest class. Crackle and wheeze sensitivity
rise together with Both sensitivity, which suggests that the final system is not trading all
single-event performance for overlap recovery.

4.5. Repeated-Seed, Cross-Validation, and Cross-Dataset Analyses

The main numerical results above answer a controlled fixed-split question. Table 18
reports supporting checks for random initialization, patient partitioning, and dataset shift.

Table 18. Supporting results beyond the fixed-split comparison.

Evaluation ICBHI Score Macro F1 Both Se Abnormal Se Worst
Both Se
Five-seed fixed split 0.681 £+ 0.014 0.651 +0.018 0.238 £+ 0.032 _ _
Five-fold patient CV 0.664 + 0.025 0.632 + 0.031 0.4105 0.184

SPRSound external event mapping 0.621 0.176 0.488

Dashes indicate metrics that are not defined or not reported for a given evaluation
setting because the label space or summary statistic differs.

Confidence intervals and significance. To go beyond a single point estimate, we
summarize the five-seed fixed-split runs with t-based 95% confidence intervals (n = 5,
to.o754 = 2.776, computed from the reported mean and standard deviation). This yields
an ICBHI Score interval of [0.664, 0.698], a Macro F1 interval of [0.629, 0.673], and a Both
sensitivity interval of [0.198, 0.278]; the five-fold patient cross-validation gives an ICBHI
Score interval of [0.633, 0.695] and a Macro F1 interval of [0.594, 0.670]. We then test OCAD
against every system re-evaluated on the same split. The in-family flat, bridge-logic, and
structured comparators (ICBHI Score 0.419-0.563, Table 10) and the three weakest external
baselines all fall well below the lower bound of the OCAD interval. Using an unpaired
Welch's t-test between OCAD’s seed distribution and each three-seed external baseline
(Table 9), the advantage on the primary metrics is significant in every case: for ICBHI Score,
p = 0.0008 (CNN), 0.0003 (CRNN), <0.0001 (AST), and 0.016 (Patch-Mix); for Macro F1 all
four comparisons give p < 0.01. The one metric on which the difference is not significant is
Both sensitivity against the two pretrained baselines (p = 0.42), which reach a comparable
mean but with much larger variance, as noted above. We report these as unpaired tests
built from each system’s seed distribution; a fully paired test would require running every
system under one shared seed and fold schedule, which we leave as a straightforward
confirmatory step.

For cross-dataset evaluation, SPRSound [41] is used as the external respiratory-sound
database, with event-level label mapping performed before testing. We describe the
mapping explicitly so the row is not over-read. SPRSound annotates event categories
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rather than the four ICBHI cycle labels, so we first convert every external annotation into
the same binary event code used in Equation (1):

$spr(x) = (¥ [x contains a crackle — type event], ¥ [x contains a wheeze — type event])

The mapped class is then obtained by the same correspondence as ICBHI: (0,0) —
Normal, (1, 0) — Crackle, (0,1) — Wheeze, and (1,1) — mapped co-presence. Labels that
describe adventitious events outside the crackle-wheeze pair, such as stridor or other
non-ICBHI event types, are not treated as native ICBHI Both; they are evaluated only
insofar as the available annotation can be aligned to crackle-type or wheeze-type presence.
Table 19 summarizes the semantic correspondence.

Table 19. Event-level semantic mapping used for SPRSound transfer evaluation. The mapped
co-presence target is compatible with the ICBHI event code but is not a native ICBHI Both annotation.

External Annotation Condition ec ew Mapped Target
No adventitious crackle/wheeze event 0 0 Normal
Crackle-type event present, wheeze-type absent 1 0 Crackle
Wheeze-type event present, crackle-type absent 0 1 Wheeze
Both crackle-type and wheeze-type events present 1 1 Mapped co-presence
Non-ICBHI event adventitious without Excluded from four-class equivalence or

Crackle/wheeze equivalence

evaluated Only as abnormal where applicable

Under this mapping, only the normal-versus-abnormal decision and the two event-
presence decisions are directly comparable to the ICBHI setting; the mapped co-presence
target is a related but not identical construct to the native ICBHI Both label, and the Both
sensitivity of 0.176 in this row refers to that mapped co-presence target only. This is why we
read the SPRSound row as evidence of event-level transfer under a compatible relabeling,
not as a native four-class external benchmark.

We also clarify why the rows of Table 18 carry different statistics, which the review-
ers correctly flagged as uneven. The five-seed fixed-split row reports mean =+ standard
deviation because it is the same split evaluated under five random initializations, so a
dispersion estimate is meaningful. The five-fold patient cross-validation row reports the
cross-fold mean together with the worst single-fold Both sensitivity (0.184), since the most
relevant cross-partition risk is the weakest fold rather than its dispersion; a full per-fold
mean =+ standard deviation for every metric is straightforward to add from the saved fold
predictions. The SPRSound row reports a single external evaluation under one mapping
and therefore has no across-run standard deviation by construction; turning it into a mean
=+ standard deviation would require repeating the external evaluation under multiple seeds
or mappings, which we identify as a useful extension. We have made the differing settings
explicit in the surrounding text rather than implying that all rows are computed identically.

4.6. Discussion and Limitations

The class-wise results provide insight into why the proposed framework improves
overlap recognition performance. In conventional flat classifiers, overlap respiratory cycles
are frequently absorbed into dominant single-event predictions because crackle and wheeze
evidence must coexist within a single shared abnormal representation. This weakens the
transparency of the inference process and makes overlap reasoning difficult to interpret.
OCAD alleviates this limitation by explicitly separating crackle evidence, wheeze evidence,
and overlap composition, thereby preserving semantically meaningful abnormal-event
factors throughout decoding. As a result, the distinction between single-event and overlap
respiratory cycles becomes more interpretable and less ambiguous.
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The improvement in *Both* sensitivity is particularly important from an explainability
perspective. Aggregate benchmark metrics may increase even when rare overlap events
remain poorly recognized, especially under severe class imbalance. Reporting class-wise
sensitivities therefore provides a more transparent view of model behavior and helps
distinguish general abnormal-event improvement from gains driven primarily by dominant
classes or normal respiratory cycles. In this sense, the proposed framework aims not only
to improve classification accuracy, but also to improve the interpretability of how overlap
evidence contributes to the final decision.

At the same time, the evidential scope of the study should remain clearly bounded.
First, the fixed patient-level split serves as the primary controlled evaluation setting, while
repeated-seed experiments and patient-level cross-validation provide complementary evi-
dence regarding the stability and reproducibility of the observed OCAD behavior rather
than replacing the main benchmark protocol. Second, the design-trajectory ablation is
cumulative; therefore, interpretation of individual module contributions should rely pri-
marily on the orthogonal ablation matrix instead of the trajectory analysis alone. Third,
the comparison setting is intentionally controlled and in-family. Consequently, the re-
ported gains should be interpreted as evidence supporting the effectiveness of explainable
overlap-aware semantic decoding within this benchmark context, rather than as proof
of superiority over all possible multi-label, hierarchical, or concept-based formulations.
Fourth, the backbone is held fixed by design: this makes the gain attributable to the down-
stream overlap-aware components rather than to a heavier encoder, but it also means our
conclusions are conditioned on this backbone family, and we do not claim that the same
relative gains would persist on top of an arbitrary stronger pretrained encoder. Fifth, the
event-first tuning stage is selected from validation behavior rather than advanced as a
general fine-tuning principle, so it should be read as part of the fixed engineering recipe
and not as a separate transferable claim.

Decision complexity and reproducibility. The hierarchical decoder uses several
validation-selected gates and fusion coefficients, and we acknowledge that this is more
complex than a single softmax. We mitigate the resulting reproducibility and overfitting
concerns in three concrete ways: the rule adds no trainable parameters and is frozen after
validation selection; every coefficient is searched over the predefined grid in Table 2, and
the selected operating point relative to that grid is reported in Figure 5; and the same search
budget is applied identically to all in-family comparators so that the comparison does not
silently favor OCAD through extra tuning freedom. We nonetheless regard the size of the
decode rule as a genuine limitation and consider a simplified, lower-threshold decoding
variant a valuable direction, since part of the observed gain may stem from the interaction
between representation quality and carefully tuned downstream decoding rather than from
representation alone.

Bounded interpretability. We are deliberately conservative about the interpretability
claim. OCAD offers intrinsic structural interpretability in a specific, benchmark-scoped
sense: crackle and wheeze evidence is carried in separate factors, overlap is composed
from their interaction rather than emitted by a free residual head, and the class-atom
geometry mirrors the {(0, 0), (1,0), (0,1), (1,1)} label relation, so a decision can be inspected
in terms of event presence and composition. This is the same motivation that drives
interpretable machine-learning frameworks in other scientific domains [31]. We do not
claim clinical interpretability. The paper does not include clinician reading studies, case-
based explanation validation, temporal event localization, or uncertainty estimates, and we
therefore make no assertion that the latent factors z, and z,, have been verified to correspond
to physician-perceived crackle and wheeze events. Establishing that correspondence—for
example by correlating factor activations with annotated event timings and with expert
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judgment—is left as explicit future work, and the interpretability contribution should be
read only as semantic structure and decision transparency within the benchmark. The
evidence for overlap behavior combines aggregate views (class-wise sensitivities and the
recovery view of Figure 8) with the per-destination Both error analysis above, which
characterizes exactly how overlap cycles are recovered or reassigned on the test split.

The paper should therefore be read as a benchmark-level study of overlap-aware
semantic modeling rather than as a claim of universal superiority. The reported cross-
dataset analysis evaluates transfer under compatible label mapping, while calibration,
event localization, and deployment under different devices and recording environments
are not claims made by this paper. Even with these limitations, the controlled comparisons
and supporting checks suggest that making crackle-wheeze co-occurrence explicit is a
worthwhile choice for this benchmark.

5. Conclusions

This paper presents OCAD (Overlap Composition and Class-Atom Decoding), an
explainable overlap-aware framework for respiratory-sound classification on the ICBHI
2017 Respiratory Sound Database. Unlike conventional flat classifiers that treat Both as an
unconstrained independent category, the proposed framework explicitly preserves crackle
and wheeze evidence, composes overlap representations through their interaction, and
performs prediction within an interpretable class-atom space that reflects the semantic
relation among normal, single-event, and overlap respiratory cycles.

On the fixed patient-level split used in this study, OCAD achieves an ICBHI Score
of 0.6920, Macro Score of 0.6550, Macro F1 of 0.6680, crackle sensitivity of 0.6300, wheeze
sensitivity of 0.6550, and Both sensitivity of 0.2620. Compared with the strongest in-family
structured class-atom comparator under the same protocol, it improves ICBHI Score by
0.1334, Macro F1 by 0.2575, and Both sensitivity by 0.2054 absolute points. These gains
support the main claim that explicit crackle-wheeze co-occurrence modeling is useful in
the evaluated ICBHI protocol. We state plainly that this is a controlled in-family result: the
comparators share the backbone, split, and decoding-search protocol, so the evidence is
strongest within this family rather than against the full recent literature. We also keep the
overlap claim honest. A Both sensitivity of 0.2620, although a large relative improvement,
still means most overlap cycles are missed, so OCAD should be read as reducing the
overlap bottleneck rather than solving it.

The evidential scope is still bounded by the evaluated datasets and label mappings, but
the paper goes beyond a single fixed split. Orthogonal ablations, repeated-seed evaluation,
patient-level cross-validation, and cross-dataset testing are included as module-contribution
and supporting analyses. The interpretability contribution is likewise bounded: it refers to
semantic structure and decision transparency within the benchmark, namely that crackle
and wheeze evidence is represented explicitly and that the class-atom geometry mirrors the
label relation, and not to a clinician-validated or operationally verified explanation, which
would require dedicated case-based, localization, and reader studies. The contribution
should therefore be read as a structured overlap-modeling study with controlled fixed-split
evidence and supporting stability checks, not as a final claim of universal superiority across
all respiratory-sound settings.
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Nomenclature

The following table summarizes the proposed method and the main symbolic notations used in the
derivation of the formulas. Class subscripts n, ¢, w, and b denote Normal, Crackle, Wheeze, and Both,

respectively. Event subscripts ¢ and w denote crackle and wheeze presence.

Symbol Meaning
X Input respiratory cycle after resampling and duration normalization
y Four-class benchmark label in {n, ¢, w, b}
(ec, ew) Binary crackle-wheeze event code associated with the class label
h Shared acoustic embedding from the fixed spectrogram-waveform backbone
fe(*), fw(*) Crackle and wheeze event-factor projection heads
Ze, Zw Crackle-specific and wheeze-specific latent factors
u Interaction seed formed from product, difference, and average of event factors
So(%), zo Overlap-composition projection and resulting overlap factor
Sigmoid probabilities for crackle, wheeze, dedicated overlap evidence, and
PesPw PbrPa o hormal /normal evidence
bn, be, bw, by Learned normal, crackle, wheeze, and overlap basis vectors
ay Structured class atom for class k
s Latent decoder state compared with class atoms
P Fused four-class probability vector before hierarchical decoding
Jabn Abnormal subclass distribution induced by event probabilities
s/ Subclass distribution after injecting dedicated overlap mass
r, Abnormal decision distribution and normal decision score
A Loss weights selected on the validation set
T, o, Y, M Validation-selected inference thresholds, fusion weights, gate weight, and margin
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