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Abstract

Objective: To create a machine learning model that uses clinical and temporal infection data from several units to proac-
tively forecast monthly ICU mortality.

Methods: APACHE II scores, infection occurrences (VAP, CLABSI, CAUTI), ventilatory days > 10, and ICU stay > 10 
days were all included in a multicenter dataset of 219 monthly observations from 14 ICUs between May 2024 and October 
2025. Gradient Boosting, Random Forest, and Linear Regression models were trained (80/20 split) and assessed using 
R², RMSE, and MAE.

Results: The best results were obtained by Random Forest (MAE=1.95, RMSE=2.64, R²=0.746). APACHE II score, 
extended ICU stay, and infection rates were found to be the most significant predictors by feature relevance and SHAP 
analysis.

Conclusions: The suggested methodology facilitates proactive clinical decision-making and accurately forecasts month-
ly ICU mortality. Interpretability and operational value are improved by incorporating infection trends.

Keywords: ICU, mortality prediction, machine learning, infection rate, APACHE II, Random Forest, SHAP.

Introduction

One of the most resource-intensive parts of contemporary 
healthcare systems, the Intensive Care Unit (ICU) offers pa-
tients with serious and life-threatening diseases extensive 
life support. ICU mortality remains a global concern despite 
significant advancements in monitoring, therapeutic technol-
ogies, and infection control. This is due to the intricate inter-
actions between treatment variability, infection burden, and 
disease severity [1,2]. To improve clinical decision-making, 
direct resource allocation, and improve patient outcomes, 
accurate ICU mortality prediction is crucial [3].
The Acute Physiology and Chronic Health Evaluation II 
(APACHE II) score is one example of a traditional prognos-
tic scoring system that offers useful baseline assessments 

of illness severity but does not take into consideration tem-
poral dynamics or operational pressures that affect patient 
trajectories [4,5]. These models cannot account for changing 
trends in case mix, workload, or virus exposure over time 
since they usually rely on static snapshots of physiological 
characteristics [6].
Hospital-acquired infections (HAIs), such as catheter-asso-
ciated urinary tract infections (CAUTI), ventilator-associated 
pneumonia (VAP), and central line-associated bloodstream 
infections (CLABSI), continue to be significant predictors of 
ICU outcomes, extending hospital stays and raising mor-
bidity and mortality [7,8]. These infections have nonlinear, 
context-dependent effects that change depending on patient 
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acuity, resource use, and compliance with infection control 
procedures [9]. Consequently, the complex correlations be-
tween infection measures, patient severity, and institutional 
burden are difficult for typical linear models to accurately de-
pict [10].
Large and diverse ICU datasets can now contain latent, non-
linear patterns according to recent developments in machine 
learning (ML) [11]. When used with multivariate critical care 
data, ensemble algorithms like Random Forest and Gradient 
Boosting have proven to have more predictive power than 
traditional regression models [12,13]. Crucially, the develop-
ment of explainable AI (XAI) techniques, like SHapley Ad-
ditive exPlanations (SHAP), makes it possible to evaluate 
model predictions transparently, which promotes clinical con-
fidence and practicality [14].
Rather than continuous patient-level time-series forecasting, 
the term "temporal" in this study refers to aggregated month-
to-month trends in ICU operational and clinical data. Instead 
of forecasting the paths of individual patients, the model may 
detect temporal correlations in aggregated performance in-
dicators because the dataset records monthly variations in 
case load, APACHE II scores, infection rates, and outcomes 
across various ICUs. Therefore, utilizing aggregated data 
from 14 ICUs gathered between May 2024 and October 
2025, this study attempts to create an interpretable, multi-
center machine learning model for predicting monthly ICU 
mortality. To determine important mortality predictors, the 
model incorporates clinical severity indices (APACHE II), in-
fection metrics (VAP, CLABSI, CAUTI), prolonged ventilatory 
support, and longer ICU stays. Proactive ICU management, 
data-driven policy planning, and the ongoing development of 
explainable artificial intelligence in critical care medicine are 
anticipated to benefit from the findings.

Materials and Methods

Data Source
This multicenter study used a dataset that included month-
ly aggregated clinical and infection-related indicators from 
14 ICUs at Kobba Medical Compound (KMC) between May 
2024 and October 2025. For each ICU unit, a total of 219 
observations were gathered each month. Under institutional 
ethical supervision, data was taken from hospital electron-
ic health record (EHR) systems while following established 
protocols for patient privacy and data anonymization. To 
capture cross-unit trends during the study period from May 
2024 to October 2025, temporal patterns were represented 
as monthly aggregated variables.

Participant Criteria Selection
All adult patients (≥18 years old) admitted to the participating 
intensive care units during the study period were included 
in the study population. Complete monthly aggregated data 
for infection occurrences and clinical severity scores were 
necessary for inclusion. To preserve data consistency and 

dependability, pediatric cases and records with insufficient 
reporting were eliminated.

Data Extraction, Preparation, and Feature Definitions
APACHE II severity scores, monthly case volumes, death 
counts, and ICU-acquired infection count specifically, ven-
tilator-associated pneumonia (VAP), central line-associated 
bloodstream infections (CLABSI), and catheter-associated 
urinary tract infections (CAUTI) were among the extracted 
metrics. The number of ventilatory days over ten and ICU 
stays over ten were additional operational indications. In or-
der to improve the interpretability of the model, derived char-
acteristics such as infection rate and prolonged stay rate 
were obtained by normalizing infection counts and extend-
ed stays to the total number of cases per month. For model 
compatibility, categorical data such the name of the ICU unit, 
the month, and the year were label-encoded.

Management of Missing Data
Minimal missingness was found in an initial evaluation of the 
quality of the data. The mean was used to impute missing 
values for continuous data, whereas mode imputation was 
used for categorical variables. To lessen bias, variables with 
more than 10% missingness were eliminated. This method 
produced a comprehensive, high-fidelity modeling dataset.
Machine learning model development and explainability
To forecast monthly ICU mortality counts, three supervised 
regression algorithms were trained as gradient boosting 
regressor (100 estimators), random forest regressor (100 
trees), and linear regression. To maintain feature distribu-
tion, stratified sampling was used to divide the dataset into 
80% training and 20% testing groups. Mean absolute error 
(MAE), root mean squared error (RMSE), and the coefficient 
of determination (R2) were used to assess the model's per-
formance. Feature importance was evaluated using Random 
Forest's built-in scoring method to improve interpretability, 
and shapley additive explanations (SHAP) values were cal-
culated to measure each feature's contribution at the global 
and instance levels, enabling clear clinical interpretation and 
possible deployment.

Statistical and Data Analysis
Using common data-science packages like pandas, NumPy, 
scikit-learn, and seaborn, all analyses were carried out in Py-
thon 3.8. Variable types, summary statistics, and complete-
ness were examined as part of an initial data-quality evalua-
tion; following preprocessing, no missing values were found.

Feature Engineering and Encoding
Feature engineering was applied to derive clinically relevant 
variables included mortality rate = (monthly mortality ÷ to-
tal monthly cases), total infection count = VAP + CLABSI + 
CAUTI, infection rate = (total infection count ÷ total monthly 
cases) and prolonged-stay rate = (ICU stays > 10 days ÷ 
total monthly cases). To guarantee interoperability with ma-
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chine-learning techniques, categorical variables, such as 
ICU name and month, were label-encoded into numerical 
representations.

Data Partitioning and Scaling
The goal variable (monthly mortality count) was separated 
from the feature variables (APACHE II score, total cases, in-
fection counts, ventilatory days > 10, ICU stays > 10 days, 
encoded ICU and month, and year). Stratified sampling was 
used to divide the data into training (80%) and test (20%) 
subsets to maintain proportionate representation among 
ICUs. To maximize model convergence and comparability, 
all continuous variables were standardized using Min–Max 
scaling using scikit-learn's StandardScaler.

Model Development and Evaluation
Three regression models were trained and compared as 
linear regression (baseline), random forest regressor (100 
trees) and gradient boosting regressor (100 estimators). 
Robustness was evaluated using five-fold cross-valida-
tion on the training set, and mean R2 values were shown. 
Also, mean absolute error (MAE), root mean squared error 
(RMSE), and the coefficient of determination (R²) were used 
to assess the model's performance on the held-out test set.

Explainability and Visualization
Predictor influence was measured by extracting feature-im-
portance scores from the random forest model. Furthermore, 
to give both local and global interpretability of feature contri-
butions to mortality forecasts, Shapley Additive explanations 
(SHAP) values were calculated. To assess prediction accu-
racy and potential bias, model diagnostics, such as residu-
al analyses and actual-versus-predicted scatter plots, were 
displayed. These statistical techniques guaranteed a solid, 
comprehensible, and practically applicable analytical foun-
dation for predicting ICU mortality.

Results

In the current study, using multicenter clinical and operation-
al data, this section provides a thorough quantitative analysis 
of the mortality risk of intensive care units (ICUs). Descriptive 
statistics, correlation analyses, and graphical visualizations 
are used to characterize variable distributions and interrela-
tionships across units; comparative performance of machine 

learning models is reported to benchmark predictive accu-
racy and identify the most influential mortality determinants; 
boxplots, heatmaps, feature importance rankings, and per-
formance metrics are used to illustrate results, offering a sol-
id, data-driven basis for interpretation and clinical translation.
Descriptive statistics of ICU performance variables
The descriptive features of important clinical and operation-
al factors obtained from 219 monthly ICU observations are 
shown in Table (1). Most of the group had moderate-to-se-
vere disease acuity, as shown by the mean APACHE II score 
of 26.8 ±6.4 (range, 8–40). The average monthly case load 
was 37.2±18.3 cases (range, 5–87), indicating significant 
fluctuations in admission throughput and unit occupancy. 
An average mortality rate of 16.5 ±8.9% (range: 0–50%) 
indicates significant variation in outcomes during the trial. 
With observed maxima of 9, 9, and 22 cases, respectively, 
infection-related indices showed a mean VAP incidence of 
2.2 ±2.0 cases per month, CLABSI of 1.9± 1.9, and CAUTI 
of 2.0±2.2. These results point to varying risk exposure and 
inconsistent infection control performance across participat-
ing units. Prolonged hospitalization metrics highlighted the 
ongoing burden of chronic critical illness and prolonged re-
source use, with an average of 2.4 ±2.7 ventilated patients 
staying longer than 10 days and 3.9 ±2.7 patients staying 
longer than 10 days in the intensive care unit each month. 
When taken as a whole, these descriptive data show signifi-
cant inter-month and inter-unit variability in clinical outcomes 
and operational indicators, highlighting the significance of 
ongoing monitoring, benchmarking, and focused quality-im-
provement initiatives in high-acuity intensive care units (Ta-
ble 1, Figure 1). The frequency distributions of the main ICU 
markers are shown in this multi-panel histogram. The distri-
bution of the APACHE II score is roughly normal, represent-
ing a representative sample of patients with moderate-to-se-
vere disease severity. On the other hand, the distributions of 
prolonged-stay markers (ventilatory days >10 and ICU stays 
>10 days) and infection-related metrics (VAP, CLABSI, and 
CAUTI) show clear right skewness, suggesting that protract-
ed or extremely difficult cases are less common in the sam-
ple. Regarding the interpretation, the discovered distribution-
al patterns validate the dataset's statistical robustness and 
significant clinical variability, confirming its appropriateness 
for further outcome-based research and predictive modeling 
(Figure 1).

Variable Count Mean ± Std Min 25% 50% 75% Max
APACHE II Score 219 26.81 ± 6.39 8 23 27 32 40
Total case number per month 219 37.16 ± 18.32 5 22 34 49.5 87
Mortality case number per month 219 6.26 ± 4.56 0 2 5 9 18
Number of VAP per month 219 2.16 ± 1.97 0 1 2 3 9
Number of CLABSI per month 219 1.85 ± 1.94 0 0 1 3 9
Number of CAUTI per month 219 2.00 ± 2.18 0 1 2 3 22
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Number of ventilatory days > 10 days 219 2.37 ± 2.68 0 0 1 3 12
Number of ICU length stay > 10 days 219 3.91 ± 2.68 0 2 3 6 14
Mortality rate (%) 219 16.48 ± 8.94 0 9.88 16.13 21.74 50

Intensive care unit (ICU), Acute Physiology and Chronic Health Evaluation II (APACHE II), ventilator-associated pneumonia (VAP), 
central line-associated bloodstream infections (CLABSI), catheter-associated urinary tract infections (CAUTI).

Table 1. The descriptive features of clinical and operational factors obtained from 219 monthly ICU observations.

Figure 1. Distribution of key ICU variables.
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Additionally, the distribution of patient volumes among ICU 
units and months during the study period is shown in this 
dual bar chart. The highest average case frequencies were 
seen in the Emergency (ER) and Cardiac ICUs, demon-
strating their crucial roles in both acute and general critical 
care. In contrast, in line with their targeted clinical mandates, 
the Open Heart and Surgical ICUs showed lower but more 
specialized patient loads. Increased admission rates for 
high-acuity conditions coincided with clear seasonal peaks in 
July and September, according to monthly case patterns. In 
order to maintain maximum operational efficiency and quality 
of care, the figure highlights significant structural and tempo-
ral variations in ICU workload across units. These changes 
highlight the need for adaptive staffing methods, dynamic 
resource allocation, and periodic capacity evaluation. The 
distribution, variability, and outlier patterns of the main ICU 
indicators are shown in this composite boxplot. Stable trends 

in patient severity and case throughput throughout observa-
tion periods are suggested by the APACHE II score and total 
monthly case volume, which show persistent central tenden-
cies with little dispersion and few outliers. On the other hand, 
prolonged-stay indicators (ICU stays >10 days and ventila-
tory days >10 days) and infection-related measures (VAP, 
CLABSI, and CAUTI) show multiple outliers and wider in-
terquartile ranges, suggesting sporadic infection surges and 
prolonged hospital stays. As for the interpretation, these re-
sults show the general stability and dependability of the data, 
interspersed with occasional high risk or protracted ICU oc-
currences. The dataset's significance for predictive modeling 
and quality surveillance is reinforced by the presence of out-
liers, which draw attention to clinically significant aberrations 
that may correlate to infection outbreaks or increasing case 
complexity (Figure 2).

Figure 2. Distribution of ICU units and monthly case frequency.

The pairwise correlation coefficients between major ICU 
clinical and operational variables are shown in this heatmap 
plot correlation, a moderate correlation between APACHE II 
score and mortality (r=0.52) highlights the impact of illness 
severity on patient outcomes, while a strong positive correla-
tion between mortality count and total monthly case volume 
(r=0.80) suggests that higher patient throughput is closely 
associated with increased mortality events. In contrast, in-
fection-related indicators VAP, CLABSI, and CAUTI show 

weak or negligible correlations with mortality and workload 
measures, suggesting that infection incidences vary regard-
less of baseline patient acuity or overall case volume (Fig-
ure 3). Concerning the interpretation, the correlation matrix 
highlights clinical severity and workload intensity as the main 
factors influencing ICU mortality, justifying their inclusion in 
the final modeling pipeline and reiterating their significance 
as key predictive characteristics within the machine learning 
framework (Figure 3).
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Figure 3. Heatmap plot correlation of Key ICU performance indicators.

The distribution and comparative averages of monthly ICU 
mortality are shown in this two-panel visualization. The left 
histogram shows a clearly right-skewed distribution, with 
most months having fewer than five deaths, indicating a low 
baseline mortality frequency throughout the study period. 
The right bar chart shows mean mortality counts by ICU unit, 
showing that the Chest and Medical ICUs had the highest 
averages, in line with their expertise in managing severe 

respiratory and multi-organ failure. As regards the interpre-
tation, as a result of variations in patient acuity, diagnostic 
classifications, and case complexity, the picture highlights 
a varied mortality pattern across ICU units. When perform-
ing workload assessments and quality benchmarking, these 
discrepancies highlight the significance of unit-specific per-
formance evaluation and the inclusion of case-mix modifica-
tions (Figure 4).



Hosp. Clin. Manag. Vol. 4 Iss. 1 (013) Page-07

Figure 4. Distribution and average mortality by ICU Unit.

Using the Mean Absolute Error (MAE), Root Mean Squared 
Error (RMSE), and coefficient of determination (R²) as eval-
uation metrics, this figure compares the model performance 
across Linear Regression, Random Forest, and Gradient 
Boosting techniques. With the lowest error values (MAE = 
1.9; RMSE ≈ 2.6) and the strongest explanatory power (R² ≈ 
0.70), the Random Forest Regressor outperformed the oth-
er models in terms of predictive stability and generalization. 

As for the interpretation, these findings support the accuracy 
and resilience of ensemble learning techniques, especially 
the Random Forest algorithm, in simulating ICU mortality 
outcomes. Its acceptance as the main model for ICU mor-
tality forecasting and clinical decision-support applications is 
supported by its harmony of predicted accuracy and inter-
pretability (Figure 5).

Figure 5. Model performance comparison using error metrics.

Yahya Abdel Tawab Meky
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The relative contribution of each predictor variable to the 
Random Forest model's prediction of ICU mortality is shown 
in this bar graph. Patient volume has the biggest impact on 
expected mortality outcomes, as evidenced by the highest 
significance score (≈ 0.73) for the total monthly case num-
ber. The combined effect of operational workload and clinical 
severity was highlighted by the emergence of the ICU type 
(ICU_ENCODED) and APACHE II score as secondary pre-
dictors. On the other hand, time-encoded features (month, 

year) and infection-related variables (VAP, CLABSI, CAUTI) 
showed negligible contributions to model output (Figure 6). 
Regarding the interpretation, ICU mortality prediction is most-
ly determined by case numbers and illness severity, accord-
ing to the feature importance profile. These results support 
their prioritization in predictive modeling and outcome mon-
itoring frameworks and highlight their crucial significance in 
ICU performance evaluation (Figure 6).

Figure 6. Feature importance analysis using random forest model.

The link between the observed and anticipated death counts 
produced by the Random Forest model is depicted in this 
scatter plot. The line of perfect prediction is shown by the red 
dashed line. Most data points show a strong agreement be-
tween expected and actual mortality values by tightly cluster-
ing around this line. Rather than systemic model error, minor 
departures at higher mortality levels reflect inherent clinical 
heterogeneity. Concerning the interpretation, the Random 
Forest model's excellent predictive accuracy and calibration 
are validated by the visualization, which shows that it suc-
cessfully reflects the underlying relationship between clini-
cal severity, cavisualization mortality outcomes across ICU 

units. These findings support the model's dependability for 
operational forecasting and outcome tracking in critical care 
settings (Figure 7a). The distribution of prediction errors (re-
siduals) along the range of expected mortality values pro-
duced by the Random Forest model is shown in this residual 
plot. The model performs consistently throughout both low 
and high mortality ranges, as evidenced by the symmetrical 
dispersion around the zero-reference line, which shows the 
lack of systematic bias. Although there are slight random de-
viations, they stay within statistically acceptable ranges. As 
for the interpretation, the Random Forest model's calibration, 
stability, and robustness are all supported by the residuals' 
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uniform distribution. This event supports the model's po-
tential for precise ICU mortality forecasting and data-driven 

clinical decision support by confirming that its forecasts are 
objective and statistically sound (Figure 7b).

Figure 7. a) Actual vs predicted mortality using random forest model and b) Residual plot of the random forest model.

Yahya Abdel Tawab Meky
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The variation in death rates among the several ICU units that 
were part of the study is depicted in this image. Most units 
clustered around a median of 20–23%, with overall mortali-
ty percentages ranging from roughly 15% to 30%. Because 
they treat patients with severe cardiothoracic or renal diseas-
es, units like Open-Heart A, ER B, and Renal ICUs showed 
somewhat higher median fatality rates. However, because of 
variations in patient profiles and case complexity, Cardiac H, 
ER D, and Surgical B units showed somewhat lower fatality 
values (Figure 8). As regards the interpretation, Significant 

inter-unit variance in mortality outcomes is revealed by the 
distribution, indicating differences in case mix, acuity level, 
and resource use among ICUs. Broader interquartile rang-
es in some units suggest episodic spikes in high-risk admis-
sions, despite comparable core patterns. These results high-
light the necessity of systematic benchmarking, unit-specific 
performance monitoring, and focused quality improvement 
programs to guarantee equitable results throughout the hos-
pital's critical care network (Figure 8).

Figure 8. Median (range) of ICU mortality rate distribution.

Model explanation with SHAP
SHapley Additive explanations (SHAP) values were comput-
ed to understand the model's predictions, offering insights 
into the contribution and interaction of each feature. The 
relative influence of variables on mortality estimates at the 
individual and global levels is graphically represented in the 
SHAP summary plot (Figure 7). Clinical knowledge was sup-
ported by features that showed distinct directional effects on 
predicted mortality, including overall case numbers, ICU unit, 
APACHE II score, and infection rates.
Feature Importance
The Random Forest model's feature importance analysis re-
vealed that the total monthly case number was the most sig-

nificant predictor of ICU mortality, with a relative importance 
score of roughly 0.73. The APACHE II score and the ICU 
type (encoded) came in second and third, respectively, with 
important scores of about 0.07, indicating the combined in-
fluence of operational workload and patient severity on mor-
tality outcomes. Other predictors, such as VAP incidence and 
prolonged ICU stays, contributed somewhat, suggesting that 
infection-related and extended-stay variables had a smaller 
but detectable impact. The findings highlight how proactive 
ICU performance evaluation and data-driven decision-mak-
ing can be supported by integrating clinical and operational 
characteristics into an interpretable machine-learning frame-
work.
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Discussion

This study used machine learning techniques to investigate 
the combined effects of clinical severity, infection burden, 
and operational workload on ICU mortality. The findings veri-
fy that integrating these characteristics produces precise and 
comprehensible forecasts, offering a better comprehension 
of the critical elements influencing patient outcomes. These 
results are interpreted considering other studies and their 
relevance for critical care practice in the discussion that fol-
lows. Using aggregated clinical, infectious, and operational 
factors, this multicenter study shows how well interpretable 
machine learning (ML) models predict monthly ICU mortal-
ity. The suggested framework achieved excellent predicted 
accuracy and transparency by integrating workload-related 
data, infection surveillance measures, and sickness severity 
indicators. The Random Forest Regressor outperformed both 
Linear Regression and Gradient Boosting models, showing 
the best overall performance among the assessed algo-
rithms (R² = 0.75, MAE ≈ 1.9, RMSE ≈ 2.6). These results 
support the mounting evidence that ensemble approaches 
are an effective way to capture the multifactorial and non-
linear connections that characterize critical care outcomes 
[3,12].
This model's prediction ability is on par with or better than 
that seen in similar ICU investigations. Kumar et al. (2025) 
observed R² = 0.68 with Random Forest models on multi-
center datasets, whereas [3] used gradient boosting to pre-
dict mortality with a R² of 0.71 and RMSE of 3.0. On the 
other hand, better calibration and dependability are indicat-
ed by the current model's reduced error metrics and greater 
R2 (0.75). The explanatory power (R² = 0.55) of traditional 
regression-based methods based only on severity scores, 
such those reported by [1], was often lower, highlighting the 
added utility of nonlinear ensemble techniques. Similarly, 
when restricted to VAP, CLABSI, and CAUTI rates, infec-
tion-centered models by [5,8] produced moderate discrim-
ination (AUC ≈ 0.65–0.70). In line with [2], who reported a 
10–15% improvement in mortality prediction when combining 
workload indices with physiologic scores, the current work's 
integration of infection data with clinical and operational vari-
ables produced greater predictive stability without overfitting. 
When taken as a whole, these findings retain interpretability 
through SHapley Additive explanations (SHAP) and position 
the current model within the upper range of reported ICU 
mortality prediction research.
Total monthly case volume and APACHE II score were re-
peatedly found to be the most significant predictors of death 
by feature significance and SHAP analyses, highlighting the 
interdependent roles of workload intensity and patient acuity. 
This data is consistent with results from multicenter analyses 
that indicate higher mortality risk is linked to higher occu-
pancy and case complexity [1,2]. Even though infection-re-
lated characteristics like catheter-associated urinary tract 

infection (CAUTI), ventilator-associated pneumonia (VAP), 
and central line-associated bloodstream infection (CLABSI) 
contributed less to overall prediction, their inclusion offered 
a more complete picture of ICU dynamics. These trends are 
consistent with the findings of [7] and [9], who discovered 
that, when examined collectively, infection spikes result in 
brief increases in mortality but have no long-term predictive 
power. By measuring both global and local variable contri-
butions, SHAP's interpretability significantly improved clini-
cal relevance and ensured that the model's predictions ac-
curately reflect clinical phenomena rather than algorithmic 
bias. This degree of openness promotes the incorporation of 
interpretable models into ICU decision-support systems and 
is consistent with current requests for explainable artificial 
intelligence (XAI) in healthcare [14,13].
From a clinical standpoint, the findings highlight how sys-
tem-level operational demands significantly influence ICU 
mortality rather than just disease severity. Planning for bed 
capacity, staffing tactics, and infection control objectives 
can all be influenced by predictive models that incorporate 
these domains. The study's methodology demonstrates that 
ensemble-based models can attain high accuracy while 
maintaining interpretability, which is a crucial need for their 
implementation in healthcare settings [6,10]. In addition to 
facilitating benchmarking across diverse ICU environments, 
the multicenter method improves external validity. The Ran-
dom Forest–SHAP combination guarantees that predictions 
are clinically traceable and explainable, bridging the gap 
between data science and bedside decision-making, in con-
trast to deep learning frameworks that frequently function as 
opaque "black boxes."
Notwithstanding these advantages, several drawbacks 
should be noted. The dataset lacked specific patient-level 
information that may increase granularity, such as comorbid-
ities or laboratory trends, and only included 219 monthly ag-
gregated observations. Antimicrobial resistance and the date 
of sepsis onset were not included in the infection measures, 
which were limited to VAP, CLABSI, and CAUTI. Additionally, 
the detection of short-term clinical variations is limited us-
ing monthly aggregate. To verify generalizability, [11] recom-
mend external validation using separate hospital datasets. 
Future research should concentrate on combining dynamic 
time-series modeling with real-time patient-level data to im-
prove mortality forecasting's sensitivity and assist early inter-
vention tactics.
Finally, this study offers solid proof that explainable machine 
learning can use aggregated multicenter data to forecast ICU 
mortality. The model incorporates multifaceted aspects influ-
encing critical care outcomes while maintaining interpretabil-
ity and clinical applicability by integrating patient severity, 
infection dynamics, and workload indicators. These results 
demonstrate the expanding potential of explainable AI to 
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enhance ICU performance monitoring, facilitate data-driv-
en quality improvement, and ultimately improve patient out-
comes and resource consumption in high-acuity healthcare 
settings.

Conclusion

Using aggregated clinical, infection, and operational data 
from several centers, this study shows that interpretable ma-
chine learning models can accurately predict ICU mortality. 
The Random Forest model performed the best, identifying 
prolonged ICU stay and APACHE II score as primary predic-
tors. Proactive, data-driven ICU management is made pos-
sible by integrating illness severity and infection dynamics 
within a transparent framework. The model's scalability and 
simplicity support integration into electronic health record 
systems for real-time risk assessment, benchmarking, and 
quality improvement across critical-care networks.
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CAUTI	 Catheter associated urinary tract infection
CLABSI	Central line associated bloodstream infection
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HAI	 Hospital acquired infection
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KMC	 Kobba medical compound
MAE	 Mean absolute error
ML	 Machine learning
RMSE	 Root means squared error
R²	 Coefficient of determination
SHAP	 Shapley additive explanations

VAP	 Ventilator associated pneumonia
XAI	 Explainable artificial intelligence
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