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Background: Sepsis-associated acute kidney injury (SA-AKI) is common in critically

ill patients, which is associated with significantly increased mortality. Existing mortality

prediction tools showed insufficient predictive power or failed to reflect patients’ dynamic

clinical evolution. Therefore, the study aimed to develop and validate machine learning-

based models for real-time mortality prediction in critically ill patients with SA-AKI.

Methods: The multi-center retrospective study included patients from two distinct

databases. A total of 12,132 SA-AKI patients from the Medical Information Mart for

Intensive Care IV (MIMIC-IV) were randomly allocated to the training, validation, and

internal test sets. An additional 3,741 patients from the eICU Collaborative Research

Database (eICU-CRD) served as an external test set. For every 12 h during the ICU stays,

the state-of-the-art eXtreme Gradient Boosting (XGBoost) algorithm was used to predict

the risk of in-hospital death in the following 48, 72, and 120 h and in the first 28 days

after ICU admission. Area under the receiver operating characteristic curves (AUCs) were

calculated to evaluate the models’ performance.

Results: The XGBoost models, based on routine clinical variables updated every 12 h,

showed better performance in mortality prediction than the SOFA score and SAPS-II.

The AUCs of the XGBoost models for mortality over different time periods ranged from

0.848 to 0.804 in the internal test set and from 0.818 to 0.748 in the external test set. The

shapley additive explanation method provided interpretability for the XGBoost models,

which improved the understanding of the association between the predictor variables

and future mortality.

Conclusions: The interpretable machine learning XGBoost models showed promising

performance in real-time mortality prediction in critically ill patients with SA-AKI, which are

useful tools for early identification of high-risk patients and timely clinical interventions.
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FIGURE 4 | Feature importance derived from the XGBoost model for mortality in the following 48 h. The importance value represents the fractional contribution of

each feature to the XGBoost model based on the total gain of this feature’s splits. Higher percentage means a more important feature. GCS, glasgow coma scale;

PaCO2, partial pressure of arterial carbon dioxide; PaO2, partial pressure of arterial oxygen; INR, international normalized ratio; RRT, renal replacement therapy.

performance for in-hospital mortality in the first 28 days, with
the AUC being 0.770 (95% CI 0.747–0.794) in the internal test
set and 0.676 (95% CI 0.655–0.697) in the external test set
(Supplementary Figure S14).

DISCUSSION

In this multi-center retrospective study, we developed and
validated interpretable machine learning-based models using the
XGBoost algorithm for real-timemortality prediction in critically
ill patients with SA-AKI. The XGBoost models exhibited better
performance than traditional risk scores (including the SOFA
score and SAPS-II) or other machine learning models (including
the random forest and support vector machine models) in
predicting death in the following 48, 72, and 120 h and in

the first 28 days after ICU admission. The XGBoost models
could help identify high-risk patients in real time for early
clinical interventions.

SA-AKI is common in critically ill patients with rapid clinical
evolution and significantly higher mortality than those without
AKI or with AKI attributed to other causes (6). Reliable
prediction models are essential for clinicians to assess the risk of
death and make proper clinical decisions in critically ill patients
with SA-AKI. Generic scores, such as the SOFA score and SAPS-
II, are widely used for outcome prediction in critical care settings.
However, they have shown controversial results on predictive
performance for mortality in AKI patients (7, 8, 30–32). Recently,
several models have been proposed to predict AKI mortality in
unselected ICU patients (31, 32), but few have been validated
in patients with SA-AKI. Da Hora Passos et al. (7) proposed a
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FIGURE 5 | SHAP summary plot of the XGBoost model for mortality in the following 48 h. Higher SHAP value means a higher probability of death within the next 48 h.

Purple represents higher feature values and yellow represents lower feature values. A dot is created for each feature attribution in calculating the output risk for each

observation. GCS, glasgow coma scale; INR, international normalized ratio; RRT, renal replacement therapy; PaO2, partial pressure of arterial oxygen; PaCO2, partial

pressure of arterial carbon dioxide.

clinical score to predict 7 days mortality in a cohort of 186 SA-
AKI patients who required continuous RRT. The five-variable
score showed better performance than the generic models, with a
C-statistic of 0.82, but was limited to a single center and small
sample size. In addition, Hu et al. (8) established a prediction
model for in-hospital mortality in critically ill patients with SA-
AKI. However, the model included only static clinical variables
and showed insufficient predictive power.

Compared with the other risk prediction tools, our models
have several strengths. First, the study demonstrated the
applicability of the XGboost algorithm in mortality prediction
in critically ill patients with SA-AKI. The XGBoost models
had stronger predictive power than the traditional risk scores.
Sensitivity analysis further showed that the XGBoost models
were superior to the random forest and the support vector
machine models. XGBoost-based models have shown exciting

performance in various situations, such as volume responsiveness
in patients with oliguric AKI (14), long-term kidney outcomes in
patients with IgA nephrology (33), and mortality in ICU patients
with rhabdomyolysis (34). The reasons for the improvement
in predictive abilities observed in the XGBoost models may be
multifactorial. The XGBoost algorithm, based on the gradient
tree boosting framework, is adept at fitting non-linearities,
discontinuities and complex high-order interactions. It is also
robust to outliers in and multicollinearity among predictor
variables. Besides, the XGBoost algorithm can handle missing
values automatically, allowing the input of only available
predictor variables in its clinical application.

Second, the real-timemortality predictionmodels can provide
dynamic risk assessment and guide clinical decision-making.
Patients in the ICU environment are clinically unstable, change
rapidly between states of deterioration and improvement, and
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require continuous monitoring and interventions (35). It has
promoted the establishment of real-time prediction models in
critical care, such as models for mortality in critically ill children
(35), the development of AKI (36), and sepsis onset (37, 38).
Previously published models for mortality prediction in SA-AKI
patients included static physiological parameters gathered during
the early stages of the ICU stays. However, SA-AKI patients
with similar disease severity at the early stage of ICU admission
may exhibit different clinical outcomes due to distinct disease
trajectories and treatment responses. The real-time prediction
models can provide the risk of death updated on a 12-hour
basis, which is more accurate and allows clinicians to make
predictions dynamically.

Third, ourmodels achieved promising predictive performance
in both the internal and the external test sets, which
demonstrated their robustness and generalizability. The
predictor variables included in our model are routinely
collected and usually available in the EHRs, and their values
are rarely influenced by the examiner. Using only the most
basic and commonly measured clinical data can facilitate
the generalizability of the prediction model in other ICUs.
Our models were further validated in an external test set,
including 3,471 SA-AKI patients from a large multi-center
critical care database with significantly different distributed
features. Furthermore, automated data extraction from EHRs
and data input can save additional labor and cost and reduce the
possibility of incorrect entry in future clinical applications of the
models (35).

Fourth, the interpretability of the models was explored to
reveal the predictors for death over different time periods. Most
recently, the relationship between the evolution of SA-AKI and
mortality has been revealed. Uhel et al. (39) found that persistent
AKI, but not transient AKI, was associated with increased
mortality in critically ill septic patients. Ozrazgat-Baslanti et al.
(40) also showed that persistent AKI and the absence of renal
recovery were associated with worse clinical outcomes. Our
results further demonstrated that decreased urine output and
higher BUN level were important factors for increased real-
time risk of death, suggesting the necessity for continuous
renal function monitoring in SA-AKI patients. Additionally, the
discovery of other potentially modifiable extra-renal risk factors,
such as lower GCS score, higher lactate level, higher heart rate,
and higher respiratory rate, may help improve patient care
and outcomes.

Our study was subject to some limitations. Firstly, it
was a retrospective analysis based on the publicly accessible
databases. The diagnosis of sepsis in the eICU-CRD may
not meet the updated Sepsis-3 criteria. It remains unclear
whether the prediction model performs well for individual
prognostication and whether its clinical application can improve
patient outcomes. Secondly, although the XGBoost algorithm
can handle missing values automatically, the presence of
missing data may lead to bias. Thirdly, clinical data beyond
the ICU stays were unavailable, limiting the continuous
assessment of the risk of death for SA-AKI patients who were
transferred to the general wards or other locations. Finally, the

visualization and application of the models are still limited.
In our subsequent study, we will prospectively investigate the
effectiveness of our models and develop a web-based risk
calculator that automatically extracts data from EHRs and
performs risk calculations.

CONCLUSIONS

This study developed and externally validated interpretable
machine learning XGBoost models for real-time mortality
prediction in critically ill patients with SA-AKI. The XGBoost
models, based on routine clinical variables updated every 12 h,
showed promising performance in predicting death in the
following 48, 72, and 120 h and in the first 28 days after
ICU admission. The real-time prediction models are useful
tools for early identification of high-risk patients and timely
clinical interventions. Future studies are required to determine
the robustness and effectiveness of the prediction models in a
prospective way.
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