A deep-learning algorithm using real-time collected intraoperative vital sign signals
for predicting acute kidney injury after major non-cardiac surgeries: A modelling study

Soomin Chung', Sehoon Park?, Soie Kwon?, Jeong Min Cho?, Jiwon Ryu*, Sejoong Kim#, Jeonghwan Lee>, Kwangsoo Kim®, Hajeong Lee’

CA%

1 Department of Interdisciplinary Program in Bioengineering, Seoul National University, Korea, Republic of
2 Department of Internal Medicine-Nephrology, Seoul National University Hospital, Korea, Republic of
3 Department of Internal Medicine-Nephrology, Chung-Ang University Hospital, Korea, Republic of
4 Department of Internal Medicine-Nephrology, Seoul National University Bundang Hospital, Korea, Republic of

2 OF EI.I U}m Hi Q__l 5 Department of Internal Medicine-Nephrology, Seoul National University College of Medicine, Korea, Republic of
S o 1 O 6 Department of Transdisciplinary Department of Medicine & Advanced Technology, Seoul National University Hospital, Korea, Republic of
INTRODUCTION METHODS CONCLUSION
« PO-AKI| affects 5-7% of non-cardiac a b * First study to leverage minute-scale

intraoperative vital signs (~9.3M data

Intra operative vital signals

surgeries with high morbidity/mortality [1,2]

Intra operative vital signals

| l points) for PO-AKI prediction
DL-IV§S
Current models use only preoperative Sl el g | probabilly
data (demographics, labs), missing REPEDINAKS MBEOIYRIIR — . [ EMcienthet B2 JT’ B Ensemble model achieved superior
critical intraoperative hemodynamics [3,4] MsGonvl. IS — _ performance (AUROC 0.799) vs.
e HESSISNEINN  Categorical SBP, DBP, HR conventional SPARK model (0.724)
MBConv2. k5 MBConve. k3 features Ensemble
Kidney susceptibility to BP/HR fluctuations MBConv2. k5 Conv k3, Swish | probability
makes real-time monitoring essential for MBConv3. k3 GAP l Catogorioal Features . Intraoperative hemodynamics
AKI prediction [5] MBConva, k3 l< FC Layer — T outperformed preoperative factors in
MBConv3. k3 F il Vita derivative features feature importance analysis
- Deep learning enables analysis of MBConv. k5 FC Layer +Sigmoic
Comp|ex Mminute-scale vital Sign patterns [6] MBConys: k> ¢ Tabular . preOP ML Clinical Utlllty Model maintains >95%
MECamAS Predicted probabilty preapersive o Con pisbatify sensitivity and >95% specificity at
BC oM. K " [ CatBoost — preset thresholds across validation
MBConv5. k5 COhOrtS
MBConv5. k5
MBConv5. k5
 Robust external validation: Consistent
OBJECTIVES performance across 3 independent
hospital datasets
* Develop a deep-learning algorithm » Study Design: Multi-center retrospective cohort (n=110,696)
using intraoperative vital sign signals « Developmental: Seoul National University Hospital (SNUH) (n=51,345)
(DL-IVSS) to predict PO-AKI . External Validation 1: SNUH Bundang Hospital (SNUBH) (n=47,093) REFERENCES
« External Validation 2: SNU Boramae Medical Center (SNU-BMC) (n=12,258)
 Compare DL-IVSS with traditional 1. Grams ME, et al. Acute kidney injury
preoperative-only models - Data Collection after major surgery: a retrospective
«  Minute-by-minute vital signs: systolic/diastolic BP, heart rate (~9.3 million data points) a”a/).’S."S of yeter ans health | |
- Evaluate Ensemble approach Preoperative clinical variables: demographics, comorbidities, lab values admll.’)lstrat{on data. Am J Kidney Dis.
combining clinical variables with DL~ 2016,67(6).872-80. |
IVSS . Model Architecture 2. Biteker M, et al. Inc:dgnce, r_/sk factors,
« CNN-based EfficientNet B3 for time-series vital sign processing a{’)d outlcc.)me\.s of periop .eratlve acute
4 . . . kidney injury in noncardiac and
. External validation across multiple  Ensemble model combining CNN with CatBoost for tabular data nonvascular surgery. Am J Surg.
hOSpitaI cohorts 2014’207(1)53_9
Outcome: PO-AKI by KDIGO criteria within 7 days post-surgery 3. Bell S, et al. Risk of postoperative acute
Kidney injury in patients undergoing
orthopaedic surgery. BMJ.
2015;351:h5639.
RESULTS 4. Park S, et al. Simple postoperative AKI

risk (SPARK) classification before
noncardiac surgery: a prediction index
development study with external

Performance Comparison Feature importance

Hospital Method AUROGC Balanced co8 contI;I::;:)oer:':ti;\Ir:t::?iz'iaceaﬁa:;‘;iui?sni':II.S ane .g Importance of Preoperative clinical features 11 validation. J Am Soc Nephrol.
(Cases N (%)) Accuracy 2, £ 2019;30(1):170-81.
SPARK 0.724 0.664 P 5 . Park S, et al. Intraoperative arterial
Developmental cohort DL-IVSS_only 0.707  0.666  Fxos §ro s variability %”ﬁ’ ‘f/OASt"pSe”a“VG
o 29 = 0 acute kidney injury. Clin J Am Soc
(3,188 (6.2%)) DL-IVSS PCFs 11 0.765 0.708 EZZ;‘ §§°-1° Nephrol. 2020:15(1)-35-46.
Ensemble_PCFs 11 0.795 0.732 zg 0:2 ZD . Adhikari L, et al. Improved predictive
SPARK 0.697  0.646 4 &% models for acute kidney injury with
EVC 1 DL-IVSS_only 0.637  0.601 g _ : HE HE_ IDEA: intraoperative data embedded
(2,519 (5.3%)) DL-IVSS_PCFs 11 0.716  0.655 - 'Signar . ro"'io‘:}d? F PTG analytics. PLoS One.
Ensemble_PCFs 11 0.762  0.696 & " 2019:14(4):0214904.
SPARK 0745 0.689 ) . Walsh M, et al. Relationship between
Intraoperative mean arterial pressure
EVC 2 ; DL-IVSS_only 0607 0.588 and clinical outcomes after noncardiac
Ensemble PCFs 11 0.786 0.715 2013;119(3):607-15.

DL-IVSS only; only use Intra operative signals

DL-IVSS_PCFs 11; add Preoperative Clinical Features 11 on DL-IVSS_only

Ensemble PCFs 11; CatBoost + DL-IVSS PCFs 11

. Prowle JR, et al. Postoperative acute

Kidney injury in adult non-cardiac
surgery: joint consensus report of the
acute disease quality initiative and

Calibration plot Clinical threshold perioperative quality initiative. Nat Rev
Ensemble_PCFs 11 PO-AKI Ensemble_PCFs 11 PO-AKI Nephrol. 2021;17(9):605-18.
= Siope 136 Threshold (0.950) Threshold (0.949)
Intercept  0.494 1.0 0.978 0.978 0.979 1.0 1 0963
| brierscore 005 0.950 0.949 0.951 0.952
> 0.9 0.9 -
: ) ) CONTACT
g ° € o8- 5 08-
ERE 5 07~ - & 0T - Soomin Chung
< 0.2 - 0.2 —_
N
o Ideal 0.1 1 0.1 -
o — Logistic calibration
o. — T i nn s nnan it nnn s sennneersrenennsesnnnns oe we e . 0.0_ ' l 0-0_ I l -
| | | | | ! SNUH for threshold SNUH for test SNUBH SNU-BMC SNUH for threshold SNUH for test SNUBH SNU-BMC Hajeong Lee

0.8

Predicted Probability

1.0

KSN20625


mailto:soomin.chung.9910@gmail.com
mailto:mdhjlee@gmail.com

	Slide 1

