Stethoscope-Guided Supervised Contrastive Learning for
Cross-domain Adaptation on Respiratory Sound Classification
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TL;DR Quantitative Results

® \We introduce Stethoscope-Guided Supervised Contrastive Learning (SG-SCL),
which aims to alleviate decreased performance arising from different stethoscope
(recording device) types from the cross-domain perspective.
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Domain Adapted label train test sum
Normal 2,063 1,579 3,642
- lung Crackle 1,215 649 1,864
Wheeze 501 385 886
) Both 363 143 506
| Meditron 997 459 1,459
| device LittC2SE 594 0 594
Litt3200 41 461 502
0 AKGC417L 2,510 1,836 4,346
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Fig. 1: Overview of our works Table 1: ICBHI dataset statistics

1. Domain Adaptation (a.k.a. DANN [1])
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Fig. 2: Domain-adversarial training of neural networks architecture [1]

2. Supervised Contrastive Learning (SCL) [2]
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Z4 Zp 89.84::3_92 13.61 T5.67 51.73:]:1_53
Z3 h(zp) 76.3{]::155 44.6“::2.2{3 60.45i[},44
h(zi)  zp 81.87+3.20 39.8311.05 60.85+1.60
h(ﬁg) h(zp) 77.25:3_43 36.35i17_g'r 60.73:]:[)_55
h(z;)  sgd(zp) 76.31+6.35  43.79+4.38 60.05+1.19
h(::‘fi) Sgd(h(:‘ﬂp)) 79.87 + 8. 89 43.5545.93 61.71+1 61

Table. 2: SG-SCL performance based on two factors: anchor representation z; and that of target z,

® \We got the best result when the stop-gradient was applied to the target representations z,,,

which are the second augmented samples from same source in the multi-viewed batch.
® \We found that allowing gradient flows through both anchor z; and target representations
z,, simultaneously did not show an improvement (4" rows in Table 2).

architecture method  pretrain S, (%) Se (%) Score (%)
CE 73484593 39241243 57.464105
EfficientNet DAT IN 8999, 7.5 11.784705 50.8940.69
SG-SCL 81.581338 33.851375 357.7211 .30
CE 14724343 33954388 34.3340.01
ResNetl8 DAT IN 91.26:&&32 12.03:|:5_35 51.51 4+0.34
SG-SCL 715.58+6.36 34.631595 55.10.; 158
CE 80.131264 35914352 38.1040.59
CNN6 DAT IN 88.571566 13.7346.47 S1.1540.45
SG-SCL 78.16:|:3_4g 33.05:&4.41 sg.llig_ﬁq
CE 177144335 419741221 39.5540.88
AST DAT IN + AS TT.lliT_gn 41‘9915.[1[] 59.31i1_25
SG-SCL 79871380 43.551593 6171116

Table 3: Respiratory sound classification performance according to different architectures using CE, DAT, and SG-SCL

® We trained CE, DAT, and SG-SCL methods on different architectures with the ICBHI
dataset under the same conditions without additional learning techniques.

® As aresult, the proposed SG-SCL method achieved the best Score in all architectures.

method architecture pretrain venue S, (%) S (%) Score (%)
Self Supervised Contrastive Supervised Contrastive CNN-MoE [19] C-DNN - JBHI'21 72.40 21.50 47.00
Fig. 3: Self-supervised contrastive learning vs. supervised contrastive learning [2] RespireNet [3] (CBA+BRC+FT)  ResNet34 IN EMBC"21 72.30 40.10 36.20
Ren et al. [4] CNNB-Pt - [CASSP'22 7296 27.78 .37
Chang er al. [20] CNNB-dilated - INTERSPEECH'22 69.92 35.85 32.89
I\/I et h O d =  Wang er al. [3] (Splice) ResNebt IN ICASSP'22 70.40 40.20 33.30
& Nguyen et al. [6](CoTuning) ResMNet5(0 IN TBME 22 79.34 37.24 58.29
g Moummad er al. [16] (SCL) CNNG AS arXiv'22 75.95 39.15 57.55
—* Farvand 0Lcy $  Bacetal [7) (Fine-tuning) AST IN+AS  INTERSPEECH'23  77.14 4197 59.55
Label Classifier Buckward Representations 2 I Bae et al. [7] (Patch-Mix CL) AST IN+AS  INTERSPEECH'23  81.66 43.07 62.37
e Domitin Projecior Backwird | — Label Classlfier () —* CE Loss ;
DAT [ours] AST IN + AS [CASSP 24 TI1le72 425045 39 081425
+ - - Stop-gradient ——— -, o SG-SCL [ours] AST IN+AS  ICASSP'24 7987, 0o 4355 505  6L71., 4
a0
m A _//— ' = Final Loss CNN-MoE [19] C-DNN i JBHI'2] 72.40 37.50 54.10
Amgmwnted x; — — ? Neguyen ef al. [6] (CoTuning) ResNet50 IN TBME'22 79.34 30.14 64.74
i iy Comtonie o Bae et al. [7] (Fine-tuning) AST IN+AS  INTERSPEECH'23  77.14 56.40) 66.77
Input Spectrogram x, P Revarmd ,{H t E Bae et al. [7) (Patch-Mix CL) AST IN+AS  INTERSPEECH'23  81.66 55.77 68.71"
Feg®id |} ‘. & DAT [ours] AST IN+AS  ICASSP'24 T70srs 5698,  67.041 4
Angmented 17 <X Y X | SG-SCL [ours] AST IN+AS  TCASSP'24 7987 . 550 579741506 68934, 47
Table 4: Comprehensive comparison of the ICBHI dataset for the respiratory sound classification task (60-40% official split)

Fig. 4: Overall illustration of proposed SG-SCL for cross-domain adaptation

1. DAT (Domain Adaptation Training)
® Lpar = Lcg +ALpa

® In the 4-class evaluation, the proposed SG-SCL achieved a 61.71% Score.

® Our SG-SCL achieved a state-of-the-art Score with a 68.93% In the 2-class evaluation.

® Moreover, the proposed SG-SCL obtained the highest Sensitivity (S,) in both 4-class and
2-class evaluations, suggesting that our method is the most accurate model for actually

classifying abnormal respiratory sounds.

Qualitative Results

where Lcg = — Y-, y;log(®;) and Lp, = — X7, d;log(d;) are CE loss with lung sound
label y and stethoscope domain label d, and the predicted probabilities 9 and d are
obtained by label and domain classifiers, A is a domain regularization parameter with
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(a) AST fine-tuning (b) Proposed SG-SCL
Fig. 5: T-SNE results on ICBHI test set for stethoscope labels

where index i is the anchor index from A(i) = I\ {i}, P(i) = {p € A(i):d, = d;}
represents the collection of all positive samples within the multi-viewed batch that
corresponds to the i—th sample, z is the encoder output, e and sgd(-) denote the
exponential function and stop-gradient operation, h is projector, both z and h have the
same dimension, and the final loss Is L + AL;.

® The AST fine-tuning results in Fig. 5 (a) show that the representations are clustered
according to the stethoscopes, while our SG-SCL results in Fig. 5 (b) are well mixed
regardless of the recording device type.
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