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Introduction . Resuts

* Intradialytic hypotension (IDH) is a common complication associated with increased * Out of 84 screened articles: 16 studies included

morbidity, mortality, and cardiovascular events. * Inter-rater agreement: near perfect (Cohen's Kappa: 0.83, total agreement:91.6%)
* Several machine learning (ML) algorithms have been recently developed to predict IDH. * 14 studies: Retrospective, 1: Retrospective+ Prospective, 1: Prospective
*  We aimed to systematically review the ML models employed to predict IDH, their * 10 studies: Asia (South Korea, Taiwan, China), 3: Europe (Spain, Switzerland),

2: Africa (Egypt) and 1 :USA
* 14,500 adult patients on HD and 2,349 patients on CRRT

. e 12 studies: ESRD. 1:AKI, 3: did not mention population type
MethOdS and Materlals * 14 studies (87.5%): high risk of bias

* Pre-established protocol registered at the International Prospective Register of Systematic * IDH prevalence reported between 1.2% and 51%
Reviews (PROSPERO ID: CRD42022362194). * IDH predictors: varied among studies (6 to 99 variables)

« A comprehensive search: across 6 databases from inception to July 20, 2023. ) \é',t"’:l S.'gnst(tllS studies) 15 studi

* Two independent investigators (NN and JN) reviewed the articles, extracted data, and lalysis setting measures (15 studies)

. . . L. . X * Demographics (12 studies)
evaluated the risk of bias using the Prediction model Risk of Bias Assessment Tool «  Laboratory tests (12 studies)

performance, methodological integrity, and clinical applicability.

(PROBAST). * 38 ML models used to predict IDH
* Neural Network models: in 13 studies
[ Identification of studies via databases and registries ] 0 XGBOOSt: in 8 StUdieS
— * Random Forest (RF) and Support vector machine (SVM) : in 4 studies
) * AUROC ranged from 0.68 to 0.98
g Records identiied e movaneore *  Artificial Neural Network (ANN) and XGBoost: the highest AUROCs of 0.98 and 0.97
= — . . .
E (r=84) Duplicate records remoed (n <2} ¢ 12 studies: Internal validation
= . . . . .
e 1 study: Internal and External validation, 4 studies: Calibration
Recordsexcluded [n =40}
Records screened. . Did not meet eligibility criteria ’
[n=22)
(n=82) *  Did not use ML [n=3) 8
Tool development [n=2}
* * Review article [n=3) B
Conference paper [n=2) !
E Reports sought for retrieval.
E (n=42) :
l Full texts excluded [n=26) 4
Reports assessed for eligibility.
Inadequate infarmation
(n=42) [n=10) 3
*  Did not uss ML [n=8]
Tool development [n=5) .
L l * Mo available full text [n=5) ?
§ Studies included in review. I I I . . .
E [n =15= 0 58P <30 mmHg Decrease in 5BP220 Decrease in 58Pz30 SBP <100 mmHg Decrease in MAPz10 SBjr‘(ED mmHg Df’ Decrease in SBT 220 Decrease in MAP 230 Decrease in MAP 220
mmHg mmHg mm He D:zﬂi::w:;?::” (Lgr mmHg +Symptoms mmHg mmHg

Figure 1. PRISMA flow chart

Table 1. Details of Machine Learning Model Assessment of Included Studies

Validation Author Domain 1 (Participants) Domain 2 (Predictors) Domain 3 (Outcomes) Domain 4 Overall judgement
Author/Year ML models Model Performance Evaluation ML model: AUROC Calibration (Analysis)
Internal External Risk of Bias Applicability Risk of Bias Applicability Risk of Bias Applicability Risk of Eiai
Bias Applicability
Gabutti et al. /2004 ANN Sensitivity. Specificity, PPV N/A No No No
Gabutti et al./ZOOS oy AUREE (RBEES o Vs b Gabuttietal. High High Unclear Unclear Low Low High High High
Lin etal./ 2018 LASSO AUROC, Sensitivity, Specificity LASSO: 0.92 N: Ye N
in etal./ . N ensitvity, spectiictty ° e ° Gabuttietal. High High Low Low Low Low High High High
Linear Regression
Huang et al./2020 RF, XGB, SVR, LASSO, R2, RMSE, MAE N/A No No No
Ensemble Linetal. Low Unclear Low Low High High High High High
LR XGB0.83
SVM AUROC, Accuracy, F1 Score, Recall, Precision, F2 score, DNN 0.82 Huangetal. Low Low High High Unclear Unclear High High High
Kang et al./2021 DNN Specificity SVM0.81 Yes Yes No
LGBM McC LGBM 0.81 Kang et al. High Unclear Low Low Low Low Unclear High Unclear
XGB LR0.81
LZ‘;PM L’;’\l;’\r\lll 069;3 Leeetal. Low Unclear Low Low Low Low Low Low Unclear
Lee et al./2021 IR AUROC, AUPRC, F1 score MLP*‘Oéa Yes Yes No Tungetal. High Unclear Low Low Unclear Unclear High High High
RNN LR:0.92
GRU Elbasha et al. High High Low Low Low Unclear Unclear High High
Tung et al./2021 DNN MAE, Accuracy, Specificity, Sensitivity N/A No Yes No
LSTM Kim et al. Low Unclear Low Low Low Low Low Low Unclear
Elbasha et al./2022 ANN AUROC, AUPRC, Precision, Recall, Accuracy, F1 score ANN: 0.98 No No No Mendoza-Pitti High Unclear High Unclear High Unclear Unclear High Unclear
LR DL: 0.90 et al.
. XGB AUROC LR:0.90
Kim et al./2022 RF AUPRC XGBM: 0.89 No Yes Yes Othmanet al. High High Unclear Low Low Low High High High
D I ing (CNN RF:0.89
eep learning ( J AUROC Baeetal. High High Low Low Low Low High High High
= g Lietal. High High Low Low Low Low High High High
Mendoza- Pitti et al. RF AUPRC XGB: 0.97 i . i i i
F1 score RF:0.93 No Yes No Donget al. High High Low Low Low Low High High High
/2022 ML Accuracy MLP: 0.93
XGB McC LR: 0.85 Leeet al. High Unclear Low Low Low Low High High High
Zhangetal. High High Low Low Low Low High High High
Othman et al./2022 MLP, DT, KNN, SVCL, Accuracy, F1-score, Precision, Recall N/A Yes Yes No g g g u d &
SVCR, RF, GBM
Bae et al./2022 MLP Accuracy, Sensitivity, Precision, MCC N/A No No No
Li et al./2022 bCOWOA-KELM Accuracy, Specificity, Precision, F-measure N/A No Yes No
LGBM:0.82 -
LR:0.81 c I
R onclusions
XGB:0.79
MLP: 0.75 . . . . .
LGBM UM 061 * ML models demonstrated strong performance in predicting IDH, offering the potential to
SVM
g LT = — XGB:0.:68 o Ve o alert clinicians and facilitate timely interventions for IDH prevention.
LDA LOBM 068 * The certainty of the current body of evidence is low due to
TabNet: 0.61
TabNet P . . . . .
R os . High risk of bias of the included studies
SVM: 0.49 d High heterogeneity among them
* External validation in multiple settings, accompanied by sample size calculation, model
RF DL: 0.90 . . N . . . TR . .
S — XGB e Rl S, Crostn, (leEe, XGB: 0.87 - ves o calibration, and the utilization of a consistent and uniform definition for IDH, is essential
k LR MCC, AUPRC, AUROC, NPV RF: 0.86 . ..
Deepearning R to enhance the robustness and applicability of these models.
Zhang et al./2023 XGB AUROC, AUPRC, Precision XGB: 0.88 Yes Yes No

mmHgsSymptoms+
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Figure 2. IDH definitions used in studies

Table 2. Results of Risk of Bias Assessment using the PROBAST tool
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