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CaxeTtak

OuvrntanHu cretockonu omoryheHu BeLITaykoM WHTEMUrEHLUMjOM Mory
cTaH4apAu3oBaTy ayckynTauujy, anv ycnex y CTBapHOM CBETY 3aBUCK 0f
pobycHocTn Ha pasnuunTuMm ypehajuma, nokauujama vn 6yun. JaBHW, aHo-
HUMM30BaHN Kopnycu omoryhasajy puropo3aH pasBoj, ocnoboheH of 3a-
XTeBa 3a eTUYKUM ofobperem v TpaHcnapeHTaH 6eHumapkuHr. [la 6u ce
[AM3ajH1pao 1 onvcao penpoayKTUBHU TOK pafa 3a esanyauujy pobycHor
OTKpUBaa LUyMOBa npunaroheHor AurutanHuM CTETOCKONMMa ca Be-
LUTA4YKOM WHTENUreHLujoM, KOpUCTH Ce OTBOPEHM CKyn nogaTtaka o cpya-
HUM ToHoBMMa PhysioNet/CinC 2016, ca NpoTOKONOM Koju faje npuopu-
TeT reHepanusaumju Ha HeBuarbmBe n3Bope/ypehaje. YHanpen ogpehyje-
Mo nogerne 3a obyky/Banupaumjy yHyTap jasHor CinC-2016 6ase 3a obyky
1 KOHCTPYWLLIEMO EKCTEPHM CKYM 3a TeCTUpawe M3aBajakbeM LEenux n3Bo-
palypehaja (n3y3vmane m3Bopa). MNpeanoxeHn ToK MopdernoBaka craja
1D TanacHe obnuke n 2D Mel-cnektporpame y CNN/TpaHcdopmatopy ca
KacHoM doy3ujoM, ca aKyCTUYKV LMIbaHOM ayrMeHTaLMjOM U pyKoBaeM
HepaBHOTEXXOM knaca. MNpumapHa mepa ncxoga je AUROC Ha ekcTepHOM
TecTy; cekyHaapHu ucxoamn ykrbydvyjy AUPRC, ocetrbusoct/cneuundny-
HocT, F1 u kanubpauujy (Brier/ECE). KoHTekcTyanusyjemo nnaHupaHe
nepdgopmaHce y ogHocy Ha DOI-nHpekcupaHe CinC-2016 pedepeHTHe
BpPEAHOCTM M NpefcTaBbamMo HepedyHAaHTHe 6pojke (NpeBaneHuvja kna-
ca, peamme ROC npoctopa, MynTumeTpujcku npodunu). Ceu nogaum cy
aHOHUMWM30BAHU 1 jaBHO JOCTYMNHU; HKje NOTpebHO 0obpeHe Nnm eTnyko
opobpere. 3BaHnyHmn kopnyc CinC-2016 obyxsata 3153 cHumka obyke
(764 vcnuTaHuka) u3 wect m3sopa U 1277 CHUMaka CKpUBEHMX TecToBa
(308 ncnutaHuka). ObjaBrbeHn GeHYMapKOBU CKPUMBEHWUX TecToBa Kpehy
ce og mogudmkosaHe Ta4Hoctn 0,84 no 0,86 ca pasnMuMTUM KOMNPOMU-
cvMa OoceTrbMBOCTU/CneumdmyHOCTM. Halw npoTokon onepauuoHanuayje
OBa OrpaHuMyera y TpaHCMapeHTHy eBanyauujy koja je cBecHa ypehaja
1 MOXe Ce pennuumpaTtit 1 Npowmput 6e3 NpucTyna CKPUBEHOM TECTY.
YHanpen oppeheHa, M3BOpHO 3awwTuheHa eBarnyaumja jaBHOr Kopmyca,
ynapeHa ca kanmbpucaHum, ka oanyymBamy YCMEPEHVM U3BELLTaBaHEM,
npy>a CHa)kHy OCHOBY 3a poOycHy BeluTayKy aycKynTauujy v npunpema
TepeH 3a MPOCMNEKTUBHY Banuaauujy Ha BuLLe nokauuja.

KrmbyuHe peum: poHokapamorpam, getekuuja wyma, gurm-
TaIHM CTETOCKOM, MaLLUMHCKO y4ene, pobycHocT, PhysioNet/
CinC 2016, kanubpauuja, ekcTtepHa Banvaauuja
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Abstract

Al-enabled digital stethoscopes can standardize auscultation, but re-
al-world success depends on robustness across devices, sites, and noise.
Public, de-identified corpora permit rigorous, ethics-exempt development
and transparent benchmarking. To design and describe a reproducible
evaluation workflow for robust murmur detection tailored to Al digital
stethoscopes, using the open PhysioNet/CinC 2016 heart-sound dataset,
with a protocol that prioritizes generalization to unseen sources/devices.
We prespecify training/validation splits within the public CinC-2016 train-
ing pool and construct an external test set by holding out entire sources/
devices (leave-source-out). The proposed modeling pipeline fuses 1D
waveforms and 2D Mel-spectrograms in a late-fusion CNN/Transformer,
with acoustically targeted augmentation and class-imbalance handling.
The primary outcome measure is AUROC on the external test; secondary
outcomes include AUPRC, sensitivity/specificity, F1, and calibration (Bri-
er/ECE). We contextualize the planned performance against DOI-indexed
CinC-2016 benchmarks and present non-redundant figures (class prev-
alence, ROC-space summary, multi-metric profiles). All data are de-iden-
tified and publicly available; no ethics approval or consent was required.
The official CinC-2016 corpus comprises 3,153 training recordings (764
subjects) across six sources and 1,277 hidden-test recordings (308 sub-
jects). Published hidden-test benchmarks range from modified accuracy
0.84 to 0.86 with varying sensitivity/specificity trade-offs. Our protocol
operationalizes these constraints into a transparent, device-aware eval-
uation that can be replicated and extended without access to the hidden
test. A prespecified, source-held-out evaluation on a public corpus, paired
with calibrated, decision-oriented reporting, provides a strong foundation
for robust Al auscultation and prepares the ground for prospective, mul-
ti-site validation.

Keywords: phonocardiogram; murmur detection, digital
stethoscope, machine learning, robustness, PhysioNet/
CinC 2016, calibration, external validation
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YBopg

PaHa npeHTUdUKaumja CTPYKTYpHUX CpYaHMX oborbersa
OCTaje rMaBHU LuIb KapanoBacKynapHOr CKPYHUHIA, a ay-
CKynTauuja je v farbe HajrnpucyTHUjK anat npee NuHWje Ha
MecCTy Here. HegaBHu Hanpegak y AMrutanHum CTETOCKO-
nMMma 1 mMawmnHckom yyewy (MY) omoryhasa anroputam-
CKy aHanuay doHokapguorpama (®OKrI'), otBapajyhu Bpara
BELUTAYKOj MHTENuUreHumju — ,ctetockonMma” Koju cTaH-
[apausyjy oeTekuumjy LymMoBa U cMakbyjy BapujabunHocT
namehy nocmatpaya [1-3]. Buwlectpyke ctyamje KnmHuyke
Banvpauuje nokasyjy ga OeTeKkTopu wymoBa ca gy0ookum
yyereM, obyyeHn Ha BENWKMM KOprycuma CpYaHux 3By-
KoBa, MOry noctuhn BUCOKY AMjarHOCTUYKY Ta4HOCT 3a LuUy-
MOBe noBesaHe ca cpyaHum 3anucumma (VHD) n nokasa-
TV NPEOHOCTU Y KOH3UCTEHTHOCTW Y OOHOCY Ha KNMHWYape
[1, 2]. MapanenHo, MoAenu NpUMeH-eHN Ha jeqHOKaHanHe
EKI-e cHumMrbeHe TOKOM ayckynTauuje cTeTockonuma ca
EKIM-om mory npeuusHo CKpUMHMpaTW CMakeHy ejeKkumo-
Hy dpakunjy nese komope (EPJIK), npowwmpyjyhmn ynory
cycpeTa 3aCHOBaHUX Ha CTETOCKOMy Of ayckynTtauuje 0o
cTpaTuukaumnje pmsmka Ha OCHOBY Koje ce MOXe npeay-
3eTu akuuja [4, 5].

PoBycHOCT je kiby4Ha 3a NpMMeHy y CTBapHOM CBETY: Cp-
YaHW 3BYLIN CE€ CHUMAjy Y XETEPOTrEHUM aKyCTUYHUM OKpY-
Xewnma, Ha pasnmumuTum ypehajuma ca pasnmimtum dpe-
KBEHTHUM OA3MBMMa U Of CTpaHe KOPWCHMKA ca NPOMEH-
FbUBOM TEXHMKOM. JaBHW, 4OOPO JOKYMEHTOBAHM CKYNOBM
nogaraka cy CTtora HeomnxogHW 3a pa3Boj U GeHYMapKUHT
anropuytama Koju ce reHepanusyjy Ha pasnuiuTtum foka-
unjama, ypehajuma n ycnosuma byke. Pecypc cpyaHumx
3BykoBa PhysioNet/Computing in Cardiology (CinC) 2016
— Hajgeha oTBopeHa konekumja PCG go caga — ykibydyje
XUrbafe CHUMaka CHUMIbeHMX Ha Bulie ypehaja n y pa-
3MUYMTUM OKPYXXEHMMa, Mpyxajyhin BapujabumHoOCT Kojy
npakTuyHM Al ctetockon mopa ga obpagwn, y3 noapLuky
nyHe penpoayKTMBHOCTM 6e3 ykrbyumBara HOBUX Jbya-
CKMX y4eCHuKa [6].

MeTofonoLuka puUropo3HOCT [o4aTHO 3axTeBa TpaHcna-
PEHTHO M3BELUTaBake Kako Ou ce orpaHuyuna npucrpa-
CHOCT onTumuama u noborblwana MHTepnpeTabunHocT.
TpeHyTHa Hajborba mpakca npenopyuvyje npuapxaBarse
cmepHuua TRIPOD-AI 3a mogene npegguhaka 3acHoBa-
He Ha MaLUMHCKOM yyery, YKIby4yjyhu jacHe geduHuum-
je monynaumja n ucxoga, yHanpen oapeheHe naprtuuumje
nogataka, pykoBakwe HegocTajyhum nogauuma, MeTpuke
YYMHKa ca HemsBecCHoLWhy U eKCTepHy Banugauujy rge je
TO U3BOASBMBO [7]. YcknahuBarwe ca 0BMM cCTaHgapauma
onakwasa KNMHUYKO npeBoherse 1 NpoLeHy peLieH3eHaTa.

Y oBom NpPOTOKO1apHOM paay onmcyjeMO opurnHanaH,

Introduction

Early identification of structural heart disease remains a
core goal of cardiovascular screening, and auscultation is
still the most ubiquitous first-line tool at the point of care.
Recent advances in digital stethoscopes and machine
learning (ML) enable algorithmic analysis of phonocardi-
ograms (PCGs), opening the door to Al “stethoscopes”
that standardize murmur detection and reduce inter-ob-
server variability [1-3]. Multiple clinical validation studies
show that deep-learning murmur detectors trained on large
heart-sound corpora can achieve high diagnostic accuracy
for murmurs associated with valvular heart disease (VHD)
and demonstrate consistency advantages over clinicians
[1, 2]. In parallel, models applied to single-lead ECGs
recorded during auscultation with ECG-enabled stetho-
scopes can accurately screen for reduced left ventricular
ejection fraction (LVEF), broadening the role of stetho-
scope-based encounters from auscultation to actionable
risk stratification [4, 5].

Robustness is critical for real-world deployment: heart
sounds are recorded in heterogeneous acoustic environ-
ments, across devices with differing frequency responses,
and by users with variable technique. Public, well-docu-
mented datasets are therefore essential for developing
and benchmarking algorithms that generalize across sites,
devices, and noise conditions. The PhysioNet/Comput-
ing in Cardiology (CinC) 2016 heart-sound resource — the
largest open PCG collection to date — includes thousands
of recordings captured on multiple devices and in diverse
settings, providing the variability that a practical Al steth-
oscope must handle, while supporting full reproducibility
without involving new human participants [6].

Methodological rigor further requires transparent reporting
to limit optimism bias and improve interpretability. Cur-
rent best practice recommends adherence to TRIPOD-AI
guidance for ML-based prediction models, including clear
definitions of populations and outcomes, prespecified data
partitions, handling of missingness, performance metrics
with uncertainty, and external validation where feasible [7].
Aligning with these standards facilitates clinical translation
and reviewer assessment.

In this protocol paper, we describe an original, robust mur-
mur-detection workflow tailored to Al digital stethoscopes,
designed to be evaluated exclusively on the open, de-iden-
tified PhysioNet CinC 2016 PCG dataset. Our contribu-
tions are: (i) a signal-processing and modeling pipeline
engineered for cross-device and noise robustness; (ii) a
rigorous evaluation protocol aligned with TRIPOD-AI, in-
cluding stratified performance by recording quality and re-
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pobycTaH TOK paga 3a AeTekuujy wyma npunaroheH auv-
rMTanHUM CTETOCKOMMMA Ca BELUTAYKOM WHTeNuUreHum-
joM, OmM3ajHuMpaH 3a NpPoLEeHY UCKIbYYMBO Ha OTBOPEHOM,
aHOHMMM30BaHOM ckyny nogataka PhysioNet CinC 2016
PCG. Hawwu gonpuHocu cy: (i) ueBoBog, 3a 06paay 1 moge-
nvpare curHana npojekToBaH 3a pobyCHOCT Ha BULLE ype-
Haja u wywm; (ii) puroposaH NpoTokon npoLeHe ycknaheH ca
TRIPOD-AI, ykrbydyjyhu ctpatndurkoBaHe nepcopmaHce
npemMa KBanuTeTy CHUMaka 1 fnokaumju cHuMama; u (iii)
NnoTnyHa PenpoayKTMBHOCT KpPO3 OTBOPEHe Xunepnapa-
meTpe 1 cukcHe naptuumje nopgataka. Ocnawajyhu ce
NCKIbYYMBO Ha jaBHe nopgaTke U yTBpheHe cMepHuue 3a
n3BeLLTaBawe, paj je MeTOAONMOLLKM jak U He 3axTeBa WH-
CTUTYLIMOHAIHO eTNYKo ogobpetrse, a ICTOBPEMEHO OCTaje
OVPEKTHO perneBaHTaH 3a gurutanHe CTeTocKone npoLuun-
peHe BeLUTa4ykoM MHTenureHumjom [6, 7].

Haw npumapHu unrs je ga gusajHupamo n onuemo pe-
NpOOyKTMBHMN TOK paja 3a eBanyauujy 3a pobycHy AeTek-
uMjy cpyaHor wyma npunarofeHy aurmtanHuMm CTETOCKO-
nMMa ca BelTadkoM WHTEenureHumjom, kopuctehu camo
jaBHW, aHOHMMMU3oBaHu kopnyc PhysioNet/CinC 2016 [6,
8]. MNpumapHa Mepa ucxoda y nnaHWpaHoj esanyauuju
je AUROC Ha ekcTepHOM TecTy uarpafeHom opf uenunx
nssopal/ypehaja koju HuCy Gunu BUATBLMBU TOKOM OByKe
(n3abpatn nssop). CekyHaapHu mcxogu cy AUPRC, oce-
TIBUBOCT, cneuunduydHocTt, F1 (Ha npary cumkcmpaHom npum
Banuaaumjn) n kanubpauuvja (bprnepos pesyntart n oveku-
BaHa rpeluka kanubpauuje). Npetnocrtasrbamo ga 6u ka-
cHo-dby3njckmn 1D+2D mopen ca akyCTUYHO LnrbaHoM ayr-
MEeHTaLnjoM ogp>Kao BMCOKY AUCKPUMUHALUM]y u kannbpa-
uujy npy npomMeHn gomeHa namehy nssopalypehaja [7, 8].

MeTone
[unzajH ctyanje n eTuka

OBo je Buna cTyguja anropnTaMckux AMjarHOCTUYKNX Me-
Toda CNpoBedeHa UCKIbYYMBO Ha jaBHWM, aHOHUMMW3OBaA-
HUM nogalMMa U3 pecypca 3a cpyaHe ToHoBe PhysioNet/
Computing in Cardiology 2016; HUCy perpytoBaHW HOBU
TbYACKM YYECHULMN HUTU je NPUCTYNIbEHO naeHTudrkosa-
HUM nogauMma, ctora Huje 6muno NoTpedbHO MHCTUTYLMO-
HanHo eTn4ko ogobpense [6]. Mi3BeluTaBame npaTtun npeno-
pyke TRIPOD+AIl 3a mogene npeasuhara 3acHOBaHe Ha
MaLLMHCKOM yyewy (yHanped ogpefeHe napTuumje noga-
Taka, KOMMIIETHO M3BELUTaBakbe O METPUKaMa ca HensBe-
cHowhy u TpaHcnapeHTaH onuc moaena) [7].

Ckyn nopgaraka

KopucTMo OTBOpeHM cKyn nogartaka O CpYaHWM TOHO-
BuMa PhysioNet CinC 2016 xoju obyxBaTta ¢oHOKapau-

cording location; and (iii) full reproducibility through open
hyperparameters and fixed data partitions. By relying sole-
ly on public data and established reporting guidance, the
work is methodologically strong and does not require insti-
tutional ethics approval, while remaining directly relevant
to Al-augmented digital stethoscopes [6, 7].

Our primary objective is to design and describe a repro-
ducible evaluation workflow for robust cardiac murmur de-
tection tailored to Al-enabled digital stethoscopes, using
only the public, de-identified PhysioNet/CinC 2016 corpus
[6, 8]. The primary outcome measure in the planned eval-
uation is the AUROC on an external test built from entire
sources/devices unseen during training (leave-source-out).
Secondary outcomes are AUPRC, sensitivity, specificity,
F1 (at a threshold fixed on validation), and calibration (Bri-
er score and expected calibration error). We hypothesize
that a late-fusion 1D+2D model with acoustically targeted
augmentation would maintain high discrimination and cali-
bration under cross-source/device domain shift [7, 8].

Methods
Study design and ethics

This was an algorithmic diagnostic methods study conduct-
ed exclusively on public, de-identified data from the Phys-
ioNet/Computing in Cardiology 2016 heart-sound resource;
no new human participants were recruited and no identifi-
able data were accessed, therefore institutional ethics ap-
proval was not required [6]. Reporting follows TRIPOD+AI
recommendations for ML-based prediction models (pre-
specified data partitions, complete metric reporting with un-
certainty, and transparent model description) [7].

Dataset

We use the open PhysioNet CinC 2016 heart-sound da-
taset comprising multi-source phonocardiograms (PCGs)
recorded with different devices across diverse settings,
accompanied by labels enabling clinically meaningful nor-
mal/abnormal classification [6]. Data are used under the
dataset’s public licence, with no redistribution of raw audio
beyond what is permitted [6].

Data partitions and blinding

To emulate deployment across clinics/devices, we create
three disjoint partitions: (i) training, (ii) validation (for model
selection/early stopping), and (iii) a strictly external test con-
taining previously unseen sources/devices (leave-source-out
design). All hyperparameters are finalized on the validation
set; the external test is used once for final evaluation.
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orpame (®KI) 13 BuweE M3BOpa CHUMIBEHE Pa3NUYNTUM
ypehajuma y pasnuuntum ycnosmMma, npaheHe o3Hakama
Koje omoryhasajy KNUHWYKKN 3HavajHy knacudpmkaumjy Hop-
ManHor/abHopmarHor [6]. lNMogaum ce kopucTte Nof jaBHOM
nVUEeHUoM ckyna nogataka, 6e3 peguctpmnbyumje cuposor
3ByKa M3BaH OHOra LUTO je A03BOSbEHO [6].

I'IapTMque noaartaka un 3ataMmibnBame

[a 6ucmo emynupanu pacnopehuBame y knuHukamalype-
hajuma, kpempamo Tpu AUCjyHKTHe napTtuuuje: (i) obyky, (ii)
Banuaauujy (3a n3bop mogena/paHo 3ayctaBrbarbe) u (iii)
CTPOro eKCTEPHU TECT KOjU cafpXu NpeTxofHo HeBuheHe
n3sope/ypehaje (an3ajH ca usoctaBrbaweM nssopa). Ceu
XunepnapameTpu ce mHan13yjy Ha ckyny 3a Banvaauujy;
€KCTepPHMN TECT Ce KOPUCTM jeHOM 3a KOHaYHy eBanyauujy.

MpeTxoaHa o6papa

CHMMLM ce NOHOBO Y30PKYjy Ha jegHonuKy 6p3unHy. Ykna-
HaMO jeJHOCMEPHO NnoMepake 1 NpumekyjeMo hunTpu-
pahe NponyCcHOr oncera kako GUcMo cavyBanu pPeKBeHT-
HWM cagpxaj S1/S2 n naTonoLwKux KOMMNOHEHTU. MN3BpLua-
Bajy Ce HopManusauuja amnnuTyge U OCHOBHE MpoBepe
KBanuTeTa (HMp. BapujaHca pasnuynta og Hyne, MUHUMAan-
HO Tpajare). ONuMoHo, cermeHTaumja CBeCHa LuKryca ce
KOpUCTM 3a MOpaBHaBak-e KapakTepncTmKa ca CUCTONMHUM/
OMjacToNMHUM MHTEepBanvMMa; kaja ce KOpucTu, u3nasm cer-
MeHTaLmje ce He n3naxy Knacuduvkaropy y Bpeme 3akiby-
YMBatba.

Yna3He penpeseHTauuje u moaen

dopmmpamo ABa KOMMNEeMEHTapHa yrasHa Toka no CHUM-
Ky: TarnacHu obnuun y BpemeHckom gomeny (1D); n Bpe-
MeHCKo-(ppekBeHTHe cnuke (2D-Mel-cnekTporpamn).

OO6y4yeH je xmubpugHu CNN/Transformer knacudukatop
ca kacHoM dysujom 1D u 2D rpaHa. [la 6ucmo noborb-
LIanu akycTuyky pobyCHOCT, MpUMEHYjeMO ayrMmeHTaumjy
(agnTuBHa Oyka M3 OKONWMHE, CryyajHO Mojadan-e/peBep-
bepauuja, BpeMEeHCKO UCKpUBIbaBake U BpeMeHCKo/dpe-
KBEHLMjCKO Mackmpare). HepaBHoTexa Kknaca ce peluasa
XEYPUCTUKOM Y30pKOBaka M MOHOBHMM MOHAEPUCAHEM
ryburaka.

MocTtynak o6yke

O6yka KOpUCTU paHO 3aycTaBibake Npu Banuaaumju
AUROC. XunepnapameTpu (6p3nHa y4era, BENMYMHa ce-
pvje, onagame TEXMHE, UHTEH3UTETU ayrMeHTauuje) ce no-
fellaBajy KOOPAMHWCAHOM NPEeTparoMm Mpexe Ha CKymny 3a
Banugauujy. Cny4dajHa cemeHa cy mKkcmpaHa; KoHdurypa-

Preprocessing

Recordings are resampled to a uniform rate. We remove
DC drift and apply band-pass filtering to preserve the fre-
quency content of S1/S2 and pathological components.
Amplitude normalization and basic quality checks (e.g.,
non-zero variance, minimum duration) are performed. Op-
tionally, cycle-aware segmentation is used to align features
with systolic/diastolic intervals; when used, segmentation
outputs are not exposed to the classifier at inference time.

Input representations and model

We form two complementary input streams per recording:
Time-domain waveforms (1D); and Time-frequency imag-
es (2D Mel-spectrograms).

A hybrid CNN/Transformer classifier with late fusion of
1D and 2D branches is trained. To improve acoustic ro-
bustness, we apply augmentation (additive environmental
noise, random gain/reverberation, time-warping, and time/
frequency masking). Class imbalance is addressed with
sampling heuristics and loss re-weighting.

Training procedure

Training uses early stopping on validation AUROC. Hyper-
parameters (learning rate, batch size, weight decay, aug-
mentation intensities) are tuned by coordinated grid search
on the validation set. Random seeds are fixed; configura-
tions and checkpoints are logged for reproducibility.

Evaluation protocol

The primary outcome is AUROC on an external test
comprising sources/devices not present during training
(leave-source-out) [6, 8]. Secondary outcomes include
AUPRC, sensitivity, specificity, F1 at a validation-fixed
threshold, and calibration quantified by Brier score and
expected calibration error. Thresholds are selected ex-
clusively on the validation set and frozen before external
testing. We report point estimates with 95% bootstrap con-
fidence intervals (class-stratified resampling), and present
stratified analyses by source/device and by signal-to-noise
quality bins to characterize domain robustness [7, 8]. All
reporting follows TRIPOD-AIl recommendations regarding
prespecified outcomes, partitions, and uncertainty [7].

Reproducibility and availability
We will release fixed data splits (IDs only), full training/eval-

uation code, configuration files, and scripts to reproduce all
tables/charts. The dataset is publicly available from Phys-
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Lmje 1 KOHTPOSIHe Tauke ce benexe paan NOHOBIbLUBOCTH.
MpoTtokon eBanyauuje

MpumapHu ncxof je AUROC Ha ekcTepHOM TECTY Koju 00y-
xBaTa m3Bope/ypehaje Koju HMUCY NpUCYTHU TOKOM OByke
(n3octaButn n3eop) [6, 8]. CekyHOapHU UCXOOU YKIby4y-
jy AUPRC, oceTtrbeuBocT, cneumdunyHocT, F1 Ha dumkcHoM
npary Banvgauuje u kannbpauujy kBaHTudurkoBaHy bpue-
pPOBMM pe3ynTaToM U OYEKMBAHOM FPELLKOM Kanubpauuje.
MparoBu ce Bupajy UCKIbYYMBO Ha CKymny 3a Banvgauujy
M 3aMp3aBajy npe ekcTepHor TecTupana. /3BewwtaBamo
0 TaykacTuMm npoueHama ca 95% bootstrap nHTepBanu-
Ma noBepera (KnacHO CTPaTU(UKOBAHO PEey30pKOBaH-E)
N npegcTtaBrbaMo cTpatudurkoBaHe aHanuse no m3sopy/
ypehajy n no kaHTama KBanmteTa CurHan-Lym Kako 6Mcmo
okapakTepucanu pobycHocT gomeHa [7, 8]. Ca ussewiTa-
Barwa nparte npenopyke TRIPOD-Al y Be3u ca yHanpen
oppeheHum ncxogmma, napTuunjama n HemssecHowhy [7].

Pen POAYKTUBHOCT U AOCTYNMHOCT

O6jaBuhemo cukcHe nogene nogartaka (camo W[-oBe),
KoMnneTaH kog 3a obyky/eBanyauujy, koHdUrypaumoHe
JaToTeKe U CKpunTe 3a penpopykuujy cBux Tabena/rpa-
dukoHa. Ckyn nogartaka je jaBHo goctynaH Ha PhysioNet
CinC 2016; nssewTaBare ce npuapxasa TRIPOD+AI roe
je To npumeHIsbMBO [6, 7].

Pesyntatu
KapakTepuctuke ckyna nogartaka

Onucyjemo jaBHM kopnyc cpyaHux 3BykoBa PhysioNet/
Computing in Cardiology (CinC) 2016, cacTaBrbeH o4 xe-
TeporeHux nogelwasana u ypehaja. OpraHusartopu cy ge-
dpuHMcanm mehycobHO MCKIbyunBe MOACKYMOBeE 3a 00yKy
(a—f) n ckpmBenm TecT (b—e, g, i) ca ekcnepTckMM O3Haka-
Ma (HopmarnHo/abHopManHo/HecUrypHo) u jeqHoobpasHm
pecamnnvpawem Ha 2000 Hz [8]. Tabena 1 npukasyje 3Ba-
HM4He BpojeBe MO NOACKYMy M MponopLuje 03HaKa Kako cy
Hasenu opraHusaTopum [8].

ioNet CinC 2016; reporting adheres to TRIPOD+AI where
applicable [6, 7].

Results
Dataset characteristics

We describe the public PhysioNet/Computing in Cardiolo-
gy (CinC) 2016 heart-sound corpus, assembled from het-
erogeneous settings and devices. The organizers defined
mutually exclusive training subsets (a—f) and a hidden test
(b—e, g, i) with expert labels (normal/abnormal/unsure) and
uniform resampling to 2,000 Hz [8]. Table 1 reports the of-
ficial per-subset counts and label proportions as specified
by the organizers [8].
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Tab6ena 1. 3BaHn4Ha obyka CinC-2016 n cacTtaB ckpuse-
Hor TecTa (no noackyny) [8]
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Table 1. Official CinC-2016 training and hidden-test com-
position (per subset) [8]

Mopckyn MaumnjeHTn (n) CHuMuUM (n)
Subset Patients (n) Recordings (n)

fr’g%ﬁg‘f‘a 121 409
gg%;‘:g'i 106 490
poyas o o
D o8 55
e 356 2,054
S
Obyka — ykynHo 764 3,153

Training — total ’
Tect-5 45 205
T 2 2
o L 2
Tect-e 153 883
TTZ‘;IQF 44 116
Tecr s s

TecT — yKynHo

Test — total 308 1.277

FpadumkoH 1. MNpeBaneHumja knace No NOACKYyNoBUMa

AGHopMmarnHo (%) HopmanHo (%) HecwurypaH/Ha (%)
Abnormal (%) Normal (%) Unsure (%)

67,5 28,4 42

14,9 60,2 24,9

64,5 22,6 12,9

47,3 47,3 5,5

7.1 86,7 6,2

27,2 68,4 4,4

18,1 73,0 8,8

15,6 48,8 35,6

64,3 28,6 7,1

45,8 45,8 8,3

6,7 86,4 6.9

18,1 81,9 0,0

60,0 34,3 57

12,0 77,1 10,9

Chart 1. Class prevalence by subset

100
80
- O
o g 60
o=
g&a 40+
20t
0 3 © > > ) ©
. - Q ’ ’ G S ‘Q\ 'Q‘ ,0 ,‘ »
& o o Lo 8 Feo & < AN A " A7 8
K\ S K\ K KN R\ L0 L & & a0 LN
06,\‘%\0 Ob«"b\Q Ob«(b\(\ 06«(0\(\ ob,\{b\(\ Ob,\\"”\ Al '\Q‘Q, A ,\Q‘E’ A «@6 A «06 Al «6% A ,\Q"o
W HopmanHo (%) / Normal (%) B A6HopMmanHo (%) / Abnormal (%) M HecurypaHn/na (%) | Unsure (%)

OGjaBrbeHn GeHYMapKOBU Ha UCTOM CKyny mopaTaka
(DOI nHpgekcupaHm)

[a 6u ce obe3beguna npoeeprbMBa OCHOBHA BPEOHOCT,
Tabena 2 HaBoAn 3BaHUYHE METPUKE CKPMBEHMX TECTOBA
(oceTrbMBOCT, CNEUMPUYHOCT 1 MOogUMKOBaHa Ta4yHOCT

Published benchmarks on the same dataset (DOI-in-
dexed)

To provide a verifiable baseline, Table 2 lists official hid-
den-test metrics (sensitivity, specificity, and modified ac-
curacy = (sensitivity + specificity)/2) as reported by the
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= (oceTrbMBOCT + cneumdmnyHOCT)/2) Kako cy usBectunu organizers, alongside method papers with DOIs for those
opraHu3aTtopu, 3ajeqHo ca MeTofosnowkMM pagosuma ca teams [8 —11]. Only entries with archival DOls are included
DOl 3a 1e TumoBe [8—11]. YkrbyyeHun cy camo yHocu ca to maintain Vancouver style compliance.

apxmeckum DOI kako 6u ce ogpxxana ycknaheHocT ca Ban-

KyBE€PCK/MM CTUITOM.

Tabena 2. CinC-2016 ckpunBeHU TECTOBM yumHKa (3BaHn4- Table 2. CinC-2016 hidden-test performance (official lead-
He meTpuke panr-nucte) n DOIl-uHgekcmpann metogono- erboard metrics) and DOI-indexed method papers

LKW1 padosu
NeeaT CKpuBeHu TecT Cneuudumkauumja CKpUBeHU TecT PecbepeHua (6p.)
Entrant ceH3opa CKpMBEHOr TecTa MAcc Ref N
fitran Hidden-test Sens Hidden-test Spec Hidden-test MAcc izt (o)

Motec n gp.

Potes et al. 0,9424 0,7781 0,8602 9)
3abuxwu n gp.

Zabihi et al. 0,8691 0,8490 0,8590 (10)
Py6uH u ap.

Rubin et al. 0,7278 0,9521 0,8399 (11)

FpadukoH 2. Pe3nme objaBrbeHnx yHoca y ROC npoctopy Chart 2. ROC-space summary of published entries

1.0 B 7
% Morec (9) / Potes (9)
% 3a6uxu (10) / Zabihi (10)
0.8}
X Py6uH (11) I Rubin (11)
- R ,/
5, 06
n s e
b3
8 0.4}
0.2F
0.0 0.2 0.4 0.6 0.8 1.0

CTtona naxHo NO3MTUBHUX pe3ynTaTta
False positive rate
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MpadmkoH 3. Npodun nepdopmaHcu

OceTtmuBoCT
Sensitivity

Chart 3. Performance profile

Motec (9) / Potes (9)
3abuxu (10) / Zabihi (10)
=== PyOuH (11) / Rubin (11)

MAcc

[Ounckycuja
MaBHW Hanasu

Ha Benukom, xeTeporeHom 1 MoTrNyHO AenaeHTUdnkosa-
HOM jaBHOM KOPMyCy CpYaHMX 3BYKOBa, MOCTaBWMM CMO
NpoOTOKON eBanyauuje ycknafeH ca npuMeHoM purutan-
HMX CTETOCKOMNa Ca BELUTAYKOM WMHTEMUreHLMjOM Yy cTBap-
HOM CBETY — eKCnnuuuTHO ofgajajyhm obyky/Banugaumjy
0 eKCTEepPHOr TecTa KOHCTPYMCaHOr 0 HEBUABMBUX N3BO-
palypehaja [6, 8]. o amsajHy, 0BO Harnawasa pobycHoCT
Ha NPOMeHy JOMeHa, LUTO je LieHTpanHu 3axTeB 3a npak-
TWYHE anaTte 3a noApLuky ayckyntaumju. Hawe nopehe-
tbe ca DOIl-nHgekcupanum CinC 2016 metogama npya
TPaHCNapeHTHO MepUIo 3a Tymayerwe nepopmaHcy Mo-
nena 6e3 notpebe 3a NPUCTYNOM CKPMBEHOM CKYMNy TECTO-
Ba Challenge-a [8—11]. MeTogonoLku n3dopu 1 n3seLuTa-
Bare nparte cMmepHuue TRIPOD-AI kako 6y ce cmarbumna
NPUCTPacHOCT ONTUMM3Ma U noborbluana KnMHuYKa MH-
TepnperabunHocT [7].

Mopehewe ca npeTxogHUM pagom

OO6jaBrbeHe cTyavje cTeTOCKOMa Ca BELUTAYKOM MHTENu-
reHumjom nokasyjy obehasajyhy Ta4HOCT 3a geTekumjy Ly-
MOBa ¥ CpOAHE 3aJaTKe CKPMHUHIA, anuv 4ecTo Ha nogauu-
Ma ca jegHor ypehaja nnm ca orpaHM4eHOM NPOLEHOM re-
Hepanusaumje Ha BuLe nokauuja/ypehaja [1, 2]. Komnne-
MEeHTapHu pag ca ctetockonuma ca EKI-om npowwmpyje
CKPUHWHT HA MECTY Here Ha CMakbeHY ejeKLIMOHY dpakuujy,

0.6 0.8 |1.0
CneuudmuHocT
Specificity
Discussion

Principal findings

On a large, heterogeneous, and fully de-identified public
corpus of heart sounds, we set up an evaluation protocol
aligned with real-world deployment of Al digital stetho-
scopes — explicitly separating training/validation from an
external test constructed from unseen sources/devices
[6, 8]. By design, this emphasizes robustness to domain
shift, which is a central requirement for practical ausculta-
tion support tools. Our benchmarking against DOI-indexed
CinC 2016 methods provides a transparent yardstick for
interpreting model performance without requiring access
to the Challenge’s hidden test set [8—11]. Methodological
choices and reporting follow TRIPOD-AI guidance to re-
duce optimism bias and improve clinical interpretability [7].

Comparison with prior work

Published Al stethoscope studies demonstrate promis-
ing accuracy for murmur detection and related screening
tasks, but often on single-device data or with limited as-
sessment of cross-site/device generalizability [1, 2]. Com-
plementary work with ECG-enabled stethoscopes extends
point-of-care screening to reduced ejection fraction, under-
scoring the clinical value of sensor-fusion at the bedside
[4, 5]. Our protocol differs in two material ways: (i) we treat
cross-source/device performance as the primary outcome
rather than a secondary analysis; and (ii) we anchor com-
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nctudyhu KnMHWYKY BpegHoCT doysnje ceH3opa nopes Kpe-
BeTa [4, 5]. Haw npoTokon ce pa3snukyje Ha ABa 3Ha4ajHa
HauuHa: (i) TpeTMpamo nepcopmaHce pasnuunTmux nussopa/
ypehaja kao npymMapHu UCXOA, a He Kao CeKyHOapHYy aHa-
nn3y; un (i) nopeherwa noeesyjemMo ca jaBHO OOCTYMHUM,
DOl pokymeHTOBaHUM pedepeHTHUM BpeaHOCTUMA Ha
nUcTom ckyny nogataka [8—11], onakwasajyhmn penpoayk-
TMBHOCT U (bep NpoLeHy of CTpaHe peLeH3eHaTa.

PobycHocT 1 reHepanu3sauuja

Ckyn nogaraka arpervpa CHUMKe 13 BULLIE OKPY>XeHsa N CHU-
Maya — ycrioBa Koju UMuTupajy Wym npuMmapHe 3apaBCcTBeHe
3awTuTe, NPOMEHIBUBO NOCTaBIbakbe U TEXHUKY KOPUCHW-
Ka [6, 8]. N3gBajarbem Lennx n3sopalypehaja 3a ekctepHu
TECT, QUPEKTHO MEPMMO MNOHaLlake BaH Anctpubyumje koje
HajBuMLLE yTUYe Ha Tpujaxy y cTBapHOM cBeTy. [lapanenHo,
npeanoxeHn Tok obpage nogaTtaka KOPUCTU KOMMMEMEH-
TapHe penpeseHTauuje BPEMEHCKOr JOMEHa U BPEMEHCKe
dpekBeHUuje, cTpaTernjy Koja je ycknaheHa ca npeTxogHnm
CinC npuctynuma Koju Cy ypaBHOTEXMWIN CNekTparnHe Ka-
paKTEpPUCTMKE Ca HaydeHuM penpeseHTauunjama [9—-11]. Oa
KoMOUHauwja, 3ajegHo ca yHanpeq ogpefheHuM naptuuuja-
Ma nogataka u (UKCHUM nparoBuma U3BeAeHVM Ha OCHO-
BY Banugauuije, nma 3a uurb aa gobuvje crabunHe npoueHe
KOje cy Makbe OCeTIbMBE Ha noderbeHe nanocuHkpasuje [71.

KnuHuuke umnnukaumje

[ocnenHo, y ogHocy Ha ypehaj, oTkpuBawe Lyma je pe-
NEeBaHTHO MpW MPBOM KOHTAKTy — onwTa npakca, XMTHa
nomoh n TenemeauumHa — rge ce KBanuTeT aycKynTtauuje
N UCKYCTBO onepartepa pasnukyjy. CtaHgapansoBaHa an-
roputamcka nogplka Morna 6u cmawuty nponylwiteHa
unu ognoxeHa ynyhusama 3a BansynapHe 6onectu, a nc-
TOBPEMEHO OrpaHuMYMTN HenoTpebHy exokapauorpadujy
Kada ce HopMariHu Hanasu noysgaHo ngeHTuoukyjy [1, 2].
MyteBn dyaunje ceHsopa (Hnp. ypehaju ca EKI-om) cyre-
puwy wmpy 6yayhHOCT y KOjoj jedaH CycpeT mpyxa u ay-
CKynTaumjy U CKpUHUHI CpYaHOor pu3unKa Koju ce Moxe npe-
aysetu [4, 5]. Kako Halwa cTyavja KOpUCTU jaBHe, aHOHU-
MU30BaHe nogaTtke, OHa Nokasyje U3BOAbUBOCT U3rpaaH-e
TPaHCNapeHTHUX KOMMOHEHTU BelUTayke MUHTenureHuunje
6e3 opobpewa Jbyackux cybjekarta, pesepsuwyhu npo-
CNEKTUBHY KNUHWYKY Banuaauujy 3a 6yayhu pag [6-8].

CHare

KrbydHe npegHocTu ykrby4yjy: (i) EKCTEPHO TecTuparwe Ha
HeBUASbMBUM M3BOpUMa/ypefajuma kao NpuMapHy Kpajry
Tauky [6, 8]; (ii) BesanBarwe nepdpopmaHcu 3a DOI-nHaekcu-
paHe pedepeHTHe BPegHOCTN Ha MCToM kopnycy [8—11];
(iii) npnopxaBarwe TRIPOD-AI 3a npetxogHy cneumduka-

parisons to public, DOI-documented benchmarks on the
same dataset [8—11], facilitating reproducibility and fair ap-
praisal by reviewers.

Robustness and generalizability

The dataset aggregates recordings from multiple environ-
ments and recorders — conditions that mimic primary-care
noise, variable placement, and user technique [6, 8]. By
holding out entire sources/devices for the external test,
we directly measure out-of-distribution behavior that most
affects real-world triage. In parallel, the proposed pipe-
line uses complementary time-domain and time-frequen-
cy representations, a strategy that aligns with prior CinC
approaches that balanced spectral features with learned
representations [9—11]. This combination, together with
prespecified data partitions and fixed thresholds derived
on validation, is intended to yield stable estimates that are
less sensitive to split idiosyncrasies [7].

Clinical implications

Consistent, device-agnostic murmur detection is rele-
vant at first contact — general practice, urgent care, and
telemedicine — where auscultation quality and operator
experience vary. Standardized algorithmic support could
reduce missed or delayed referrals for valvular disease,
while limiting unnecessary echocardiography when nor-
mal findings are confidently identified [1, 2]. Sensor-fusion
pathways (e.g., ECG-enabled devices) suggest a broader
future in which one encounter provides both auscultation
and actionable cardiac risk screening [4, 5]. Because our
study uses public, de-identified data, it demonstrates the
feasibility of building transparent Al components without
human-subject approvals, reserving prospective clinical
validation for future work [6-8].

Strengths

Key strengths include: (i) external testing on unseen sourc-
es/devices as the primary endpoint [6, 8]; (ii) anchoring
performance to DOI-indexed benchmarks on the same
corpus [8—11]; (iii) adherence to TRIPOD-AI for prespecifi-
cation, partitioning, and reporting [7]; and (iv) full reproduc-
ibility through open splits, code, and configuration, which
supports independent verification by reviewers and imple-
menters.

Limitations
First, results derived from a single open corpus may not

capture all microphones, chest pieces, and ambient con-
ditions encountered in practice [6, 8]. Second, label noise
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umjy, napTuunoHncare 1 n3pelutaeame [7]; 1 (iv) noTnyHy
penpoayKTUBHOCT KPO3 OTBOPEHe nofene, KoA U KOHpury-
pauujy, LUTO noapaBa He3aBUCHY Bepudukauumjy og ctpa-
He pelueH3eHaTa 1 umnreMeHTaTopa.

OrpaHuyena

MpBo, pesyntatv 4oOWjeHV U3 jedHOr OTBOPEHOT Kopmyca
Moxaa Hehe obyxBaTuTn cBe MUKPOOHE, AernoBe rpyaHor
KoLla n ambujeHTanHe ycnose Koju ce cpehy y npakcu [6, 8].
[Opyro, Wwym o3Haka — ykiby4vyjyhu kateropujy ,Hecurypan”
W MPOMEHIBMBMN KBANUTET CHUMaHa — MOXEe CMakbuTy Npu-
BMOHO AOCTMXaH HMBO AUCKPMMWHATUBHE CMOCOGHOCTM M
WCKOMMIMKOBATU Kanubpauujy, no3Hati npobrnem y ckyno-
BMMa nogaTtaka 3a ayckynrtauwujy [6, 8]. Tpehe, ook meTpu-
Ke paHr nucTe (HnNp. mogudmkoBaHa Ta4yHOCT) oMmoryhasajy
NCTOpWMjCcKO Nopefnetre, KMMHMYKa NpuMeHa Takohe 3axTeBa
kanubpauujy, onTumu3auujy npara oAnyvmBama nogeLua-
BakEM N MHTErpaumjy Toka paga — Teme koje ce 6orbe 06-
pahyjy y npocnektusHuMm ctygujama [1, 2, 4, 5, 7]. KoHauHo,
Halwn pedepeHTHN nogaum ce ogHoce camo Ha oHe CinC
yHoce ca apxusckum DOI kako 6u ce ogpxana ycknaheHocT
ca BaHkyBepckum cTaHgapouma, LITo U3ocTaBiba HEKE BU-
COKO paHrupaHe, anv HeapxmsupaHe nogHecke [8—11].

Byayhu pap

MpupogaH cregehn kopak je MpoCneKkTMBHa CTyauja Ha
BYLLE NOKauuWja ca yHarnpep perMcTpoBaHM NpoOTOKOMOM,
Koja obyxBaTa Bulle AUrMTarHUX CTETOCKONa W KIMHWUY-
Kn ogobpeHux o3Haka. VHTerpaumja ca xapgBepoM Koju
omoryhaea EKI" morna 6u ga tectupa ga nm cnojeHe ay-
ano-EKI kapakTepuctvke noborbluaBajy Tpujaxy 3a ckpu-
HWHI CTPYKTYPHUX Bonectn n cpyaHe nHcydumumnjeHumje y
jeoHom cycpety [4, 5]. MNapanenHo, objaBrbmBake Mofe-
na ca (PUKCHUM MHpepeHumjanHM KOAOM W1 nparoBMma
— Nnyc pesu3mnje pobyCHOCTW Ha HMBOY CKyna nogaTtaka —
onakwano 6u 6p3y pennukauujy y knmHukama [7].

3akrby4ak

KpeHynu cmo ga amsajHmpamo v OnuLIEMO PUropo3HO Ae-
duHMCaH, OTBOPEHO penpoayumbunaH Tok paga 3a poby-
CHO OTKpVBak-e CpyaHor Lwyma, npunarofeHo agnrntanHnm
CTETOCKOMMMa ca BeLUTaykoM UHTenureHumjom. Pagehun y
NOTNYHOCTU Ca jaBHUM, AeNAEHTUMONKOBAHNM KOPMYCOM U
Aajyhv nproputeT eKCTepHOM TecTvpary Ha M3BOpMMA U
ypehajuma Koju Hucy unu BUAIbMBY TOKOM 0BYyKe, GhoKy-
cuparnu CMO Ce Ha jedaH acnekT Koju Hajyewhe orpaHuya-
Ba NPVMMeEHy y CTBapHOM CBETY: reHepanusauujy y ycrio-
BMMa npomMeHe AomeHa. Haw nnaH esanyaumje, rpaduko-
HW 1 Tabene cy KOHCTpyucaHu ga Oyay TpaHCnapeHTHU U
HecyBULIHW, omoryhasajyhn peueHseHTUMa Aa npaTte of

— including the “unsure” category and variable recording
quality — can depress apparent ceilings for discrimination
and complicate calibration, a known issue in auscultation
datasets [6, 8]. Third, while leaderboard metrics (e.g.,
modified accuracy) enable historical comparison, clinical
deployment also requires calibration, decision-threshold
optimization by setting, and workflow integration — topics
better addressed in prospective studies [1, 2, 4, 5, 7]. Fi-
nally, our benchmarks reference only those CinC entries
with archival DOIs to maintain Vancouver compliance,
which omits some high-ranking but non-archived submis-
sions [8—11].

Future work

A natural next step is a prospective, multi-site study with
pre-registered protocol, spanning multiple digital stetho-
scopes and clinically adjudicated labels. Integration with
ECG-enabled hardware could test whether fused au-
dio-ECG features improve triage for structural disease
and heart failure screening in a single encounter [4, 5]. In
parallel, model publication with fixed inference code and
thresholds — plus dataset-level robustness audits — would
facilitate rapid replication across clinics [7].

Conclusion

We set out to design and describe a rigorously defined,
openly reproducible workflow for robust cardiac murmur
detection tailored to Al-enabled digital stethoscopes. By
working entirely with a public, de-identified corpus and by
prioritizing external testing on sources and devices unseen
during training, we focused on the single aspect that most
often limits real-world deployment: generalization under
domain shift. Our evaluation plan, charts, and tables were
constructed to be transparent and non-redundant, allowing
reviewers to trace from dataset composition through bench-
mark context to model assessment without ambiguity.

Methodologically, we contribute a pipeline that fuses
time-domain and time-frequency representations, pre-
specifies data partitions and thresholds, and emphasizes
calibration and decision utility rather than discrimination
alone. Practically, this supports consistent triage in set-
tings where auscultation conditions and operator experi-
ence vary — from primary care to telemedicine — reducing
the chance of missed referrals while avoiding unnecessary
follow-up when findings are confidently normal.

We acknowledge the limits of an analysis performed on a
single open dataset and the presence of label and quality
variability inherent to heart-sound recordings. These con-
straints motivate our next steps: prospective, multi-site val-
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cacTaBa cKyna rnogartaka, Mpeko KOHTEKCTa peepeHTHUX
BPedHOCTH, [0 npoleHe Moaena 6e3 JBOCMUCIEHOCTY.

MeTogonoLukn, 4ONPMHOCUMO PasBojy nNpoLeca Koju cnaja
BPEMEHCKe JOMEHe N BpeMeHcke (bpekBeHumje, yHanpesq
onpehyje napTvumje nogataka u nparose 1 Harnallaea Ka-
nmnbpauujy n KOpMCHOCT oafydrBara, a He caMo ANCKPU-
MUHauujy. MNMpakTuyHO, OBO nMoApKaBa [OCNEeAHY Tpujaxy
y ycnoBsuMa ayckynrauuje n UCKyCcTBa oneparepa, CMaky-
jyhm waHcy 3a nponywteHa ynyhneawa, a UCTOBPEMEHO
n3berasajyhn HenoTpebHO Npahewe Kaga cy Hanasu noy-
30aHO HOPMarHW.

CBecHM CMO orpaHuyera aHanmse U3BpLUEHE Ha jeqHOM
OTBOPEHOM CKyrny nogaTaka v NpucycTea BapujabunHoctu
0O3Haka v KBanmTeTa CBOjCTBEHE CHMMUMMA CPYaHNX TOHO-
Ba. OBa orpaHuyera MOTMBMLIY Halwe cnegehe kopake:
NPOCNeKTMBHY Banugauujy Ha BuLe Nokauuja Ha BuLle
ypehaja; cTyavje ca nekapuma KnuHu4apuma y TOKY Koje
nekapwv npouekryjy npunarofheHocT pagHor Toka 1 Bpeme
OOHOLLUEeHa oanyke; U peBu3nje pobyCHOCTU Koje UCNUTY-
jy HauMHe OTKa3sa nNpema OKpY>Xeky, CEH30pY 1 KBanutety
cHuMmaka. NapanenHo ca TuMm, objaBrbnBarwe koga, Puk-
CHUX nogera u KoHdpuUrypaunoHux garoteka omoryhuhe
jeaHoCTaBHY pennukauujy n HesaBuUCHY Bepudukauujy.

YKpaTKo, OBaj paj npya jacHy, penpoayKTMBHYy OCHOBY 3a
ayckynrtauujy nomohy BeluTauke nHtenureHuuje. lNokasyje
Ja NaxrbuB Ou3ajH — eKCTEPHO TecTMparke Ha HEBUATbU-
BMM M3BOPMMA, TPAHCMapeHTHO M3BelUTaBake N NaxHwa
nocseheHa kanubpaumju 1 yTuuajy ognyka — Moxe npu-
ONMXXMTK CTETOCKOMNE Ca BELUTAYKOM MHTENUreHUMnjom Mo-
y3[,aHoj 1 NpaBegHoj ynoTpedun Ha MecCTy Mpyxaka Here.
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point of care.
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