5530 % 45 5 ) FERNERE Vol. 30 No. 5
2024 45 A China Journal of Endoscopy May 2024

DOI: 10.12235/E20230422
XERES : 1007-1989 (2024) 05-0036-12

ETHIUYSRFEIEI S RmEES
SR T IX1 B T i) 4 BY e P49

EHL, RS, AR, EEIE, A ERE

[L.¥RTHRER GTXER) MW, TR ¥#H 215500; 2. 7 M KFHEERER
(¥#HTE-ARER) HAAR, TH ##H 215500]

WE: B A TME53I (ML) EEFHEE T ZEMA, AALRENF TRz gtk, ZR
KA AHMEF T (AutoML) 24 FF — M TAA W RARIL, F-H3F45 2 0 5007 W i & 09 R R .
Tk EEESA 202281 A —2023 41 AR E RS S Siie B 60 B AW RTOR . kM mE AR S
(BBPS) <55ME XL AMB AL KM, >55A0MH, FEHES: 209 Le X5 T IN%E (n=303)
FelbiEE (n=76), KRARADLTKE R LELT (LASSO) FH w2 (LR) EABRATHIELE, HEF)
ZRIEN R %, FAERETSAH H09 AutoML 2 AR BERLME 4R 38 38 2 X F AR AR 2% (ROC curve) |
B g, A TLR (Laso®)3) #k kW& 54 (DCA). SHAP BAn ) BatiTiktk, G458 £3796 &%
¥, 1054 (27.7%) i &% (BBPS<54 ), 2IAMHIREELALZLASSO 5 X X IEE, FAF 104K
T, PMET —HINLKAFS A%, BEREGEZEAY T LASSOBR 6 Tk, 428 H20 F & A 54 ik
[# R (GBM), REFT (DL). J"LEMEHER (GLM), ¥ EE M (Stacked Ensemble) #n5- A X K
WA (DRF) | FFAT 67AEER . £13, Stacked Ensemble £ I AL, E¥EL T @A (AUC) #0.871,
AR kAL (LogLoss) #40.403, ¥HAREZ (RMSE) #0.354, £ THAEADF B LR ER , T2 T &
BRSRERZT, RTEHIEEARIE, 24, TELERTEH, FRFREERSEEZHiE 8K
WA TN A EEHm., &G, SHAPE R AEABTT LA -5 ETMER PHIFHFIE, AL EEXA
MR, 4518 A T Stacked Ensemble F- 7589 AutoML AER | 837 18 5 & 2k ORI 64 F- 20 F7m) A 9 B 64
W6 RE AW, BIE, ZARMET —R TG RERGINEZBFES T L,

KHEE - R EHUmEEETS (BBPS) ; &b AIMEFT (AutoML) ; FRRAEA ; 7| & B

FESES : R574

Establishing and evaluating a risk prediction model for colonoscopy
bowel preparation failure based on automated machine learning*

Wang Ganhong', Chen Jian®, Shen Zhijia', Xi Meijuan', Zhou Yanting'
[1.Department of Gastroenterology, Changshu Hospital of Traditional Chinese Medicine (New District
Hospital), Changshu, Jiangsu 215500, China; 2.Department of Gastroenterology,
Changshu No.l People’ s Hospital, Changshu, Jiangsu 215500, China]

Abstract: Objective Given the extensive application of machine learning (ML) in medical models and its

remarkable learning and generalization capabilities, this study employed automated ML (AutoML) combined with
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patient demographics and clinical conditions to early assess the risk of failure in bowel preparation prior to

colonoscopy. Methods

A retrospective analysis was conducted on patients who underwent colonoscopy

examinations in Hospital 1 and Hospital 2 from January 2022 to January 2023, and their general and clinical

information was collected. According to the Boston bowel preparation scale (BBPS), a BBPS of < 5 was defined as a

failure in bowel preparation, > 5 was deemed satisfactory. From the data of the two hospitals, we randomly divided

the dataset into a training set (n =303) and a validation set (n =76) at an 8:2 ratio. Least absolute shrinkage and

selection operator (LASSO) logistic regression (LR) model was used for feature selection, a nomogram scoring

system was constructed, and models were established using AutoML based on five algorithms. Model performance

was evaluated through receiver operator characteristic curve (ROC curve), calibration curves, LR-based decision
Results Among the 379 patients, 105 cases (27.7%)
experienced bowel preparation failure (BBPS < 5). 21 study variables were narrowed down to 10 through LASSO

curve analysis (DCA), SHAP plots, and force plots.

with 5-fold cross-validation, resulting in the development of a Nomogram chart with demonstrated reliability via

calibration curves. Using the H20 platform and five algorithms [gradient boosting machine (GBM), deep learning
(DL), generalized linear model (GLM), Stacked Ensemble and distributed random forest (DRF)], 67 models were
developed. Stacked Ensemble outperformed the others with an area under the curve (AUC) of 0.871, LogLoss of

0.403, and RMSE of 0.354, surpassing traditional LR model and other models. Variable importance contribution

plots indicated significant predictive influences from factors such as the interval between laxative ingestion and

examination, history of constipation, completion of laxative regimen, age, and presence of a companion during the

procedure. Finally, SHAP plots and force plots revealed variable distribution patterns in binary classification

predictions and the impact of variables on predictive outcomes. Conclusion The AutoML model based on the

Stacked Ensemble algorithm exhibits clear clinical utility in early prediction of bowel preparation failure risk.

Moreover, a clinically applicable column chart scoring tool is constructed.

Keywords: Boston bowel preparation scale (BBPS); colonoscopy; automated machine learning (AutoML);

predictive model; nomogram
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Table 1 Comparison of baseline data between the two groups
P 1](%) BMI/ SCAFREE 19)(%) ZIa IR (%)
23 ALY R
S 5 (kg/m?)  NELIF gz RERUE S R A
IS A (n=274) 51.10£17.29 132(48.2) 142(51.8) 24.45+3.98 49(17.9) 193(70.4)  32(11.7) 85(31.0) 189(69.0)
MR R (n=105)  57.70£16.00 47(44.8) 58(55.2) 24.49+3.61 19(18.1)  73(69.5) 13(12.4)  65(61.9) 40(38.1)
Tl -3.39 0.23 -0.08" 0.04 29.00
PAH 0.000 0.631 0.929 0.979 0.000
- WA 151 (%) I 11 (%) fEALEE (%) MR 18] (%)
I ] I el Tt A /5 A
e A (n=274)  240(87.6)  34(124)  237(86.5)  37(13.5)  252(92.0) 22(8.0) 236(86.1)  38(13.9)
PRI (n = 105)  92(87.6) 13(12.4) 87(82.9) 18(17.1) 64(61.0) 41(39.0) 66(62.9) 39(37.1)
i 1A 0.01 0.54 50.48 23.98
PiH 0.982 0.461 0.000 0.000
- I IILE (%) s (%) JTaEAL (%) SAEVERR 6](%)
¥ i & f T H Jt A
iR A% 2 (n =274)  183(66.8)  91(33.2)  247(90.1) 27(9.9) 264(96.4) 10(3.6) 259(94.5) 15(5.5)
IR R (n=105)  63(60.0) 42(40.0) 86(81.9) 19(18.1) 90(85.7) 15(14.3) 96(91.4) 9(8.6)
P 1.25 4.09 12.27 0.76
PAE 0.263 0.043 0.000 0.383
_ AT AL (%) Sk (%) BRI R 41(%) B RZIRA LR 41(%)
I A % A 7t H J A
IhiE RS G (n=274)  246(89.8) 28(10.2)  186(67.9)  88(32.1)  265(96.7) 9(3.3) 265(96.7) 9(3.3)
MBI (n=105)  71(67.6) 34(32.4) 84(80.0) 21(20.0) 90(85.7)  15(14.3) 89(84.8) 16(15.2)
el 25.65 4.86 13.69 15.72
P 0.000 0.027 0.000 0.000
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WBIRE R HoAt T f S JE 5 [A F T]
WS AR (n=274)  66(24.1) 196(71.5) 12(4.4) 248(90.5) 26(9.5) 31(11.3)  243(88.7)  2.29+1.17
MR R (n=105)  18(17.1) 65(61.9) 22(21.0) 83(79.0) 22(21.0) 45(429)  60(57.1) 3.49+1.70
ihPE 25.91 8.01 53.14 -7.76"
PE 0.000 0.005 0.000 0.000
TE: 7 uH.
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Table 2 Comparison of predictive performance of ML models on the validation set

HERITD AUC R Logloss  MSHR-F R AUC FHRGHRE  RMSE MSE
Stacked Ensemble_BestOfFamily 0.871 0.832 0.403 0.704 0.187 0.354 0.125
Deep Learning 0.868 0.823 0.489 0.713 0.207 0.365 0.133
GBM 0.865 0.808 0414 0.721 0.213 0.365 0.133
Stacked Ensemble_AllModels 0.860 0.816 0.406 0.728 0.186 0.353 0.125
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