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Abstract

Objective The aim is to create and confirm a machine learning-based model for predicting mortality
in critically ill patients with acute kidney injury (AKI). Methods: Patient clinical records for AKI as
of its diagnosis day, spanning 2008 to 2019, were retrieved from the extensive MIMIC-IV public
critical care database in the United States. The dataset was arbitrarily segmented into two groups:
one for training and another for validation. Furthermore, the MIMIC-III database provided data
from 3005 AKI patients, serving as an external validation dataset. A dozen ideal features were
chosen after several stages of feature selection, including low variance filtering, high correlation
filtering, mutual information screening, SHAP value analysis, and recursive feature elimination.
A total of ten machine learning techniques were employed to create models for evaluating mortality
rates within hospitals. The selection of the best model was guided by the area beneath the receiver
operating characteristic curve (AUC). The optimal model was analyzed using SHAP (SHapley Additive
ExPlanation) values. Results: The study eventually incorporated 3701 patients with AKI, averaging
65 years in age and 41.3% female. The subjects were arbitrarily split into two groups: a training
group (2591 patients, 70%) and a validation group (1110 patients, 30%). Within the group of 10
machine learning models, the random forest (RF) model stood out as the most effective in discrim-
ination and was analyzed through the SHAP technique. The ultimate model successfully forecasted
AKlI in both internal (AUC = 0.807) and external (AUC = 0.720) validations. This can aid medical pro-
fessionals in evaluating the future outlook of patients in the intensive care unit (ICU) and enable
prompt medical actions.
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Table 1. Predictive performance of the top 5 machine learning models
= 1. A5 MR BTN AE

Bl 2 > By AUC Sensitivity Specificity PPV NPV accuracy F1 score
RF 0.807 0.376 0.942 0.703 0.807 0.703 0.490
ET 0.803 0.339 0.786 0.699 0.858 0.699 0.457
GBM 0.8029 0.403 0.929 0.672 0.929 0.672 0.504
XGboost 0.771 0.380 1.000 0.592 1.000 0.592 0.531
Adaboost 0.759 0.241 0.743 0.586 0.743 0.586 0.461

PPV: FHIEFME, NPV BTG . PPV: positive predictive value; NPV: negative predictive value.
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ROC Curves for Different Models
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Figure 1. ROC curves of 10 machine learning models
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Figure 2. ROC curve for external validation
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Figure 3. (A) SHAP summary bar chart of the best RF model; (B) SHAP summary lattice chart of the best RF model; (C)
SHAP dependency graphThe dependency diagram shows how a single feature affects the output of the prediction model, with
each point representing a single patient. A SHAP value for a specific feature greater than zero pushes the decision towards the

death category
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Figure 4. Explaining the local model using SHAP method. On the left, the patient characteristic value is shown. The bar chart
shows that the SHAP value is positive, indicating that the feature promotes the death of patients, and if it is negative, it reduces
the risk of death
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