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a b s t r a c t 

Background: Multiple organ dysfunction syndrome (MODS) is a critical complication in trauma-induced sepsis 

patients and is associated with a high mortality rate. This study aimed to develop and validate predictive models 

for MODS in this patient population using a nomogram and machine learning approaches. 

Methods: This retrospective cohort study utilized data from the Medical Information Mart for Intensive Care- 

IV 2.2 database, focusing on trauma patients diagnosed with sepsis within the first day of intensive care unit 

(ICU) admission. Predictive variables were extracted from the initial 24 h of ICU data. The dataset (2008–2019) 

was divided into a training set (2008–2016) and a temporal validation set (2017–2019). Feature selection was 

conducted using the Boruta algorithm. Predictive models were developed and validated using a nomogram and 

various machine learning techniques. Model performance was evaluated based on discrimination, calibration, 

and decision curve analysis. 

Results: Among 1295 trauma patients with sepsis, 349 (26.95%) developed MODS. The 28-day mortality rates 

were 11.21% for non-MODS patients and 23.82% for MODS patients. Key predictors of MODS included the 

simplified acute physiology score II score, use of mechanical ventilation, and vasopressor administration. In tem- 

poral validation, all models significantly outperformed traditional scoring systems (all P < 0.05). The nomogram 

achieved an area under the curve (AUC) of 0.757 (95% confidence interval [CI]: 0.700 to 0.814), while the 

random forest model demonstrated the highest performance with an AUC of 0.769 (95% CI: 0.712 to 0.826). 

Calibration plots showed excellent agreement between predicted and observed probabilities, and decision curve 

analysis indicated a consistently higher net benefit for the newly developed models. 

Conclusion: The nomogram and machine learning models provide enhanced predictive accuracy for MODS in 

trauma-induced sepsis patients compared to traditional scoring systems. These tools, accessible via web-based 

applications, have the potential to improve early risk stratification and guide clinical decision-making, ultimately 

enhancing outcomes for trauma patients. Further external validation is recommended to confirm their generaliz- 

ability. 
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Trauma represents a significant global public health chal-

enge, contributing to millions of deaths and disabilities an-

ually. Among trauma patients, sepsis is a prevalent and

ife-threatening complication, ranking as a leading cause of

ortality.[ 1–4 ] According to the Sepsis 3.0 definition, sepsis is

haracterized by life-threatening organ dysfunction resulting

rom a dysregulated host response to infection.[ 5 ] Severe trauma

ompromises the body’s defense mechanisms, increasing sus-

eptibility to bacterial and microbial invasion and heightening
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he risk of infection. Furthermore, trauma-induced immune dys-

unction exacerbates this vulnerability, significantly raising the

ikelihood of sepsis.[ 6 ] Without timely diagnosis and treatment,

rauma-induced sepsis can rapidly progress to multiple organ

ysfunction syndrome (MODS), defined as the acute, potentially

eversible failure of two or more organ systems due to various

tiologies.[ 7–9 ] 

Despite advancements in clinical treatments for MODS,

ts mortality rate remains alarmingly high, reaching up to

0% in severely injured patients.[ 10 ] Mortality risk correlates

trongly with the number of affected organs and the severity
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f dysfunction.[ 11 ] Thus, early identification and management

f risk factors for MODS are crucial for improving patient out-

omes. 

Currently, there is a paucity of studies investigating the risk

actors for MODS in patients with trauma-induced sepsis, par-

icularly those supported by large-scale datasets. To address this

esearch gap, our study utilizes the Medical Information Mart for

ntensive Care (MIMIC-IV, version 2.2) database to develop and

alidate predictive models for MODS in trauma-induced sep-

is patients. These models are constructed using nomogram and

achine learning methodologies. 

ethods 

tudy design and data source 

This study employed a retrospective cohort design to de-

elop and validate predictive models for MODS in patients with

rauma-induced sepsis using nomogram and machine learn-

ng approaches. Data were sourced from the publicly avail-

ble MIMIC-IV database (version 2.2),[ 12 ] comprising compre-

ensive clinical information from Beth Israel Deaconess Med-

cal Center, including vital signs, laboratory test results, med-

cations, and diagnoses. The dataset from 2008 to 2016 was

sed for model development, while data from 2017 to 2019

ere reserved for temporal validation. Access to the MIMIC-IV

atabase (No. 49639059) was granted, and due to the dataset’s

e-identified nature, the requirement for written informed con-

ent was waived. 

efinitions and case selection criteria 

Patients were identified using the “icdpicr ” package, which

alculates the injury severity score (ISS) based on ICD-9 and

CD-10 codes.[ 13 ] Trauma patients were defined as those with

n ISS > 0. From this cohort, patients diagnosed with sepsis on

he first day of intensive care unit (ICU) admission, according

o Sepsis-3.0 criteria,[ 5 ] were included. MODS was defined as

 sequential organ failure assessment (SOFA) score ≥ 2 in two

r more organ systems.[ 14 ] Exclusion criteria included patients

ith prior ICU admissions, ICU stays of < 1 day, or those meeting

ODS criteria on the first day of ICU admission. 

ata processing 

Predictive variables were collected from the first 24 h fol-

owing ICU admission, while the outcome variable (MODS) was

ssessed daily from day 2 to day 7 of the ICU stay. MODS was

efined as dysfunction in two or more organ systems during this

eriod, ensuring that predictive variables preceded the outcome

ssessment. Data preprocessing involved cleaning, outlier man-

gement, and feature selection. Variables with > 30% missing

ata or deemed irrelevant to the study were excluded. Missing

alues were imputed using the random forest (RF) algorithm

mplemented through scikit-learn’s IterativeImputer with Ran-

omForestRegressor (scikit-learn version 1.1.1). 

ariable selection 

The Boruta algorithm, an all-relevant feature selection

ethod based on RFs, was used to identify key predictors of
194
ODS.[ 15 ] This algorithm compares the importance of origi-

al variables with that of randomly permuted copies, ensuring

obust feature selection. Initially, 42 potential predictors were

onsidered, including demographic data, comorbidities, injury

everity indicators, and first-day clinical interventions. The sim-

lified acute physiology score II (SAPS II) score was included

mong the candidate features, while hemoglobin, platelets, and

nternational normalized ratio (INR) were added as additional

everity indicators to minimize redundancy. 

odel development 

A nomogram was constructed using logistic regression with

he selected features. Due to the limited non-linear processing

apacity of logistic regression, certain variables were catego-

ized into clinically relevant intervals based on expert knowl-

dge and established scoring systems.[ 16 , 17 ] 

Additionally, several machine learning models were imple-

ented, including K-nearest neighbor (KNN), support vector

lassifier (SVC), RF, extreme gradient boosting (XGB), and mul-

ilayer perceptron (MLP). These models were chosen for their

bility to capture complex, non-linear relationships within the

ata. Model hyperparameters were optimized using Bayesian

ptimization with 5-fold cross-validation. To enhance predictive

erformance, the stacking method was applied to ensemble the

our best-performing models, creating an integrated model for

alidation. Model development followed the transparent report-

ng of a multivariable prediction model for individual prognosis

r diagnosis (TRIPOD) principles.[ 18 ] 

tatistical analysis 

Continuous variables with non-normal distributions were ex-

ressed as medians with interquartile ranges, while categorical

ariables were reported as counts and percentages. Model per-

ormance was evaluated using receiver operating characteristic

ROC) curves, with the area under the ROC curve (AUROC) cal-

ulated to assess classification accuracy. The optimal threshold

or prediction was determined using the maximum Youden in-

ex, and a confusion matrix was generated accordingly. Model

valuation metrics, including accuracy, sensitivity, specificity,

ositive predictive value, and negative predictive value, were

alculated at various probability thresholds in the validation set.

ariable contributions to the model output were assessed using

he SHapley Additive exPlanations (SHAP) method.[ 19 ] Statisti-

al comparisons between non-normally or unequally distributed

ata were performed using the Kruskal–Wallis test, while the

hi-squared test was used for categorical data analysis. A P -value

 0.05 was considered statistically significant. Machine learning

odeling and statistical analyses were conducted using Python

version 3.7.8) and R (version 4.0.2). 

esults 

tudy population 

A total of 1295 trauma-induced sepsis patients were initially

dentified from the MIMIC-IV cohort ( Figure 1 ). Among these,

49 patients developed MODS. Due to ambiguous admission

imes in the database, 36 patients whose admission dates could
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Figure 1. Process flow of the study. 
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CU: Intensive care unit; ISS: Injury severity score; MODS: Multiple organ dys-
unction syndrome. c

Table 1 

Baseline characteristics of the cohort. 

Variables Non-MODS 

( n = 919) 

Age (years) 65.3 (45.8–80.9) 

Male 562 (61.2) 

Race/ethnicity 

White 597 (65.0) 

Asian 14 (1.5) 

Black 37 (4.0) 

Hispanic 31 (3.4) 

Other 55 (6.0) 

Unknown 185 (20.1) 

Weight (kg) 76.0 (65.0–89.0) 

Surgical 440 (47.9) 

Insurance type 

Medicaid 70 (7.6) 

Medicare 358 (39.0) 

Other 491 (53.4) 

Emergency/urgent admission 812 (88.4) 

Invasive line ∗ 491 (53.4) 

Vasopressor use ∗ 197 (21.4) 

Renal replacement therapy ∗ 2 (0.2) 

Mechanical ventilation ∗ 416 (45.3) 

SOFA score ∗ 2 (2–3) 

SAPS II score ∗ 32 (25–39) 

Hemoglobin (g/dL) ∗ 10.5 (8.9–12.0) 

Platelet count ( ×109 /L) ∗ 175.0 (135.0–225.5) 

INR ∗ 1.4 (1.2) 

Charlson comorbidity index 3 (1–6) 

ISSs 

Maximum AIS score (general) 0 (0–0) 

Maximum AIS score (head and neck) 2 (0–3) 

Maximum AIS score (face) 0 (0–0) 

Maximum AIS score (extremities) 0 (0–2) 

Maximum AIS score (chest) 0 (0–1) 

Maximum AIS score (abdomen) 0 (0–0) 

ISS 9 (4–16) 

Pre-ICU hospital length of stay 75.0 (40.0–135.5) 

Platelet transfusions ∗ 0 (0–0) 

Fresh frozen plasma transfusions ∗ 0 (0–0) 

Cryoprecipitate transfusions ∗ 0 (0–0) 

Red blood cell transfusions ∗ 0 (0–0) 

Outcomes 

Duration of mechanical ventilation (days) 3 (2–4) 

Duration of renal replacement therapy (days) 0 (0–0) 

ICU length of stay (days) 2.9 (1.8–5.3) 

Hospital length of stay (days) 8.2 (5.2–13.7) 

ICU mortality 48 (5.2) 

In-hospital mortality 71 (7.7) 

28-day mortality 103 (11.2) 

60-day mortality 123 (13.4) 

90-day mortality 141 (15.3) 

Data expressed as n (%), median (interquartile range), and mean ± SD. 

AIS: Abbreviated injury scale; ICU: Intensive care unit; INR: International normalized

SAPS II: Simplified acute physiology score II; SD: Standard deviation; SOFA: Sequen
∗ The data were collected within the first 24 h after admission. 
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ot be classified as before or after 2017 were excluded. This re-

ulted in 955 patients in the derivation cohort and 304 in the

emporal validation cohort. The 28-day mortality rates for pa-

ients without and with MODS were 11.2% and 23.8%, respec-

ively, while the 90-day mortality rates were 15.3% and 29.7%,

espectively ( P < 0.001). Baseline cohort characteristics are sum-

arized in Table 1 . 

ariables selected 

The Boruta algorithm identified eight significant predic-

ors of MODS development: age, weight, presence of invasive

ines on the first ICU day, vasopressor use on the first ICU

ay, SAPS II score, maximum abbreviated injury scale (AIS)

core for the chest region, mechanical ventilation, and platelet

ount. 
MODS P -value 

( n = 340) 

63.4 (45.9–76.5) 0.098 

236 (69.4) 0.008 

193 (56.8) 0.009 

5 (1.5) 

14 (4.1) 

11 (3.2) 

14 (4.1) 

103 (30.3) 

80.0 (67.2–95.5) < 0.001 

143 (42.1) 0.076 

25 (7.4) 0.966 

135 (39.7) 

180 (52.9) 

301 (88.5) 1.000 

270 (79.4) < 0.001 

164 (48.2) < 0.001 

1 (0.3) 1.000 

252 (74.1) < 0.001 

2 (2–3) 0.013 

38 (29–46) < 0.001 

10.0 (8.5–11.5) 0.001 

147.0 (107.0–201.0) < 0.001 

1.4 (0.6) 0.951 

3 (1–6) 0.747 

0 (0–0) 0.376 

2 (0–3) 0.501 

0 (0–0) 0.915 

0 (0–2) 0.004 

0 (0–3) < 0.001 

0 (0–1) 0.001 

13 (9–22) < 0.001 

63.0 (22.5–120.3) 0.006 

0(0–0) 0.004 

0 (0–0) < 0.001 

0 (0–0) 0.001 

0 (0–350) < 0.001 

7 (5–11) < 0.001 

0 (0–0) < 0.001 

8.8 (5.7–13.9) < 0.001 

15.7 (10.4–24.8) < 0.001 

43 (12.6) < 0.001 

67 (19.7) < 0.001 

81 (23.8) < 0.001 

97 (28.5) < 0.001 

101 (29.7) < 0.001 

 ratio; ISS: Injury severity score; MODS: Multiple organ dysfunction syndrome; 

tial organ failure assessment. 
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omogram model 

A multivariate logistic regression model was developed us-

ng the selected features to predict MODS in trauma-induced

epsis patients. Table 2 presents the odds ratios and P -values

or each variable. Based on the logistic regression model, a

omogram was constructed to provide a visual representation of

ODS probability ( Figure 2 ). Additionally, an interactive web-

ased nomogram was developed to support clinical applica-

ion ( Figure 3A , available at https://ccmaigroup.shinyapps.io/

raumaSepsis_Mods_predict_nomogram ). 

Table 2 

Multivariable logistic regression for MODS prediction in septic trauma patients 

using screened predictors. 

Variable Odds ratio (95% CI) P -value 

SAPS II score 1.032 (1.016 to 1.050) < 0.001 

Max chest AIS 1.261 (1.131 to 1.406) < 0.001 

Age (years) ( < 60 as reference) 1.390 (0.925 to 2.094) 0.113 

Weight (kg) (40–74 as reference) 

< 40 4.118 (0.194 to 35.949) 0.239 

75–109 1.339 (0.954 to 1.882) 0.092 

≥ 110 2.757 (1.562 to 4.855) < 0.001 

Invasive line (no as reference) 1.349 (0.895 to 2.043) 0.155 

Vasopressor used (no as reference) 1.800 (1.243 to 2.606) 0.002 

Mechanical ventilation (no as reference) 2.283 (1.542 to 3.403) < 0.001 

Platelet count ( ×109 /L) ( ≥ 150 as reference) 

< 50 3.123 (0.948 to 9.958) 0.054 

50–99 2.656 (1.615 to 4.356) < 0.001 

100–149 1.462 (1.011 to 2.107) 0.042 

AIS: Abbreviated injury scale; CL; MODS: Multiple organ dysfunction syndrome; 

SAPS II: Simplified acute physiology score II. 
igure 2. Nomogram for predicting the probability of MODS in patients with trauma

IS: Abbreviated injury scale; MODS: Multiple organ dysfunction syndrome; SAPS II:

196
achine learning models 

Five machine learning models were developed: KNN, SVC,

F, XGB, and MLP, along with a stacked ensemble model com-

ining these algorithms. The RF model was additionally de-

loyed as a web-based application (available at https://trauma

epsismods-8awxzcemtbnphxpydcg8ec.streamlit.app ), to en-

ble interactive testing and exploration ( Figure 3B ). Feature im-

ortance analysis was performed using the RF, XGB, and MLP

odels. Figure 4A presents the feature importance scores dis-

layed as a radar chart. Although the ranking of individual fea-

ures varied, key predictors consistently emerged. The SAPS II

core was the most influential feature across all models, empha-

izing its critical role in predicting MODS. Additional important

ariables included platelet count, vasopressor use, and mechani-

al ventilation, though their relative importance differed among

odels. SHAP analysis revealed that invasive procedures, ele-

ated SAPS II scores, severe chest injuries, and lower platelet

ounts were associated with a higher likelihood of developing

ODS ( Figure 4B ). 

odel performance evaluation 

In the temporal validation cohort, the proposed models

emonstrated superior discriminative performance compared to

onventional scoring systems (all P < 0.05) ( Figure 5 ). The

F model achieved the highest area under the curve (AUC)

ith 0.769 (95% confidence interval [CI]: 0.712 to 0.826),

hile the nomogram model yielded an AUC of 0.757 (95%

I: 0.700 to 0.814). Among the new models, KNN had the
-induced sepsis. 

 Simplified acute physiology score II. 

https://ccmaigroup.shinyapps.io/TraumaSepsis_Mods_predict_nomogram
https://traumasepsismods-8awxzcemtbnphxpydcg8ec.streamlit.app
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Figure 3. Web-based applications for predicting MODS in patients with trauma-induced sepsis. A: Dynamic nomogram: this interactive web application allows 

users to input patient-specific variables and obtain a personalized prediction of MODS risk. Users can input values for age, weight, presence of invasive lines, 

vasopressor use, SAPS II score, maximum AIS score for the chest region, mechanical ventilation, and platelet count. It provides a graphical and numerical summary 

of the prediction, including a 95% confidence interval. B: RF model predictor: this application utilizes an RF algorithm to predict MODS risk. Users input patient 

parameters, and the model generates a probability of MODS occurrence. Uniquely, this tool provides a SHAP plot, offering a visual interpretation of how each input 

variable contributes to the final prediction, enhancing model transparency and interpretability. Both applications feature a disclaimer emphasizing their intended 

use for research purposes only and the necessity of professional medical judgment in clinical decision-making. These tools aim to assist healthcare providers in risk 

assessment but should not replace clinical expertise. 

AIS: Abbreviated injury scale; MODS: Multiple organ dysfunction syndrome; RF: Random forest; SAPS II: Simplified acute physiology score II; SHAP: SHapley Additive 

exPlanations. 

197
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Figure 4. Feature importance and SHAP analysis for predicting MODS in patients with trauma-induced sepsis. A: Feature importance radar chart compares the 

relative importance of predictive features across three machine learning models: RF, XGB, and MLP. The chart illustrates how each model weighs the importance of 

different features in predicting MODS. B: SHAP summary plot illustrates the impact of each feature on the model’s output using SHAP values. Features are ranked 

by their overall importance from top to bottom. Each point represents a patient, with color indicating whether the feature value is high (red) or low (blue) for that 

patient. Points to the right indicate a positive impact on MODS prediction, while points to the left indicate a negative impact. 

AIS: Abbreviated injury scale; MLP: Multilayer perceptron; MODS: Multiple organ dysfunction syndrome; RF: Random forest; SAPS II: Simplified acute physiology 

score II; SHAP: SHapley Additive exPlanations; XGB: XGBoost. 

Figure 5. Comparison of model performance for predicting MODS in patients with trauma-induced sepsis. A: ROC curves for newly developed models. B: ROC curves 

for conventional scoring systems. C: Heat map of statistical differences between model AUCs. The color intensity represents the P -value, with darker green indicating 

higher P -values (less significant differences) and lighter colors indicating lower P -values (more significant differences). 

AUC: Area under the curve; ISS: Injury severity score; KNN: K-nearest neighbor; MLP: Multilayer perceptron; MODS: Multiple organ dysfunction syndrome; RF: 

Random forest; ROC: Receiver operating characteristic; SAPS II: Simplified acute physiology score II; SOFA: Sequential organ failure assessment; SVC: Support vector 

classifier; XGB: XGBoost. 

Table 3 

Performance metrics of RF model for predicting MODS at various cut-off values. 

Cut-off value ∗ Count † Accuracy (%) Sensitivity (%) Specificity (%) PPV (%) NPV (%) 

0.154 259 38.49 97.37 18.86 28.57 95.56 

0.191 204 55.26 94.74 42.11 35.29 96 

0.222 172 62.5 88.16 53.95 38.95 93.18 

0.266 129 66.12 67.11 65.79 39.53 85.71 

0.330 84 75 55.26 81.58 50 84.55 

0.422 43 75.33 28.95 90.79 51.16 79.31 

MODS: Multiple organ dysfunction syndrome; NPV: Negative predictive value; PPV: Positive predictive value; RF: Random forest. 
∗ The threshold probability above which a prediction is classified as positive. 
† The number of cases predicted as positive at each cut-off value. 
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owest AUC but still outperformed traditional scores. The RF

odel’s performance varied across different cut-off thresholds

 Table 3 ). 

Calibration plots for the nomogram and RF models are shown

n Figure 6 . The nomogram had a calibration slope of 0.900

95% CI: 0.618 to 1.182) and an intercept of − 0.269 (95% CI:

 0.557 to − 0.020). The RF model demonstrated a calibration

lope of 1.634 (95% CI: 1.141 to 2.128) and an intercept of
198
 0.137 (95% CI:− 0.407 to 0.133). Brier scores were 0.164 (95%

I: 0.142 to 0.187) for the nomogram and 0.160 (95% CI: 0.142

o 0.187) for the RF model. The decision curve analysis (DCA)

llustrated the clinical utility of the nomogram and RF models

 Figure 7 ). Both models consistently provided a higher net ben-

fit compared to conventional scoring systems, including SAPS

I, SOFA, and ISS, particularly at threshold probabilities below

.23. 



J. Peng, Y. Li, C. Liu et al. Journal of Intensive Medicine 5 (2025) 193–201

Figure 6. Calibration plots for the nomogram (A) and RF (B) models in predicting MODS in patients with trauma-induced sepsis. 

CL: Confidence limit; MODS: Multiple organ dysfunction syndrome; RF: Random Forest. 

Figure 7. DCA comparing the clinical utility of different models for predicting 

MODS in patients with trauma-induced sepsis. 

DCA: Decision curve analysis; ISS: Injury severity score; MODS: Multiple organ 

dysfunction syndrome; RF: Random forest; SAPS II: Simplified acute physiology 

score II; SOFA: Sequential organ failure assessment. 

D

 

M  

I  

c  

n  

s  

c  

I  

b  

r  

t  

s

 

i  

i  

I  

m  

p  

n  

a  

o  

a  

i

S  

n  

c  

s  

c  

a  

a  

h  

t  

s  

o  

o  

v  

g  

v  

t  

a  

w  

i  

i  

p  

t  

t  

c  

s  

w

 

t  

0  

t  

s  

m  

t  

S  

s  

3  

c  

r  

f  

c  

t  

t  
iscussion 

This study developed and validated prediction models for

ODS in patients with trauma-induced sepsis using the MIMIC-

V version 2.2 database. We employed both traditional statisti-

al methods (nomogram) and advanced machine learning tech-

iques, including KNN, SVC, RF, XGB, MLP, and a stacked en-

emble of these models. All newly constructed models signifi-

antly outperformed conventional scoring systems such as SAPS

I, SOFA, and ISS (all P < 0.05). Additionally, we developed web-

ased applications for the nomogram and RF model, enabling

eal-time risk assessment and facilitating clinical implementa-

ion by expediting the identification of high-risk patients and

upporting timely interventions. 

Eight key predictors for MODS development in trauma-

nduced sepsis patients were identified: age, weight, presence of

nvasive lines on the first ICU day, vasopressor use on the first

CU day, SAPS II score, maximum AIS score for the chest region,

echanical ventilation, and platelet count. These predictors

rovide valuable insights into the pathophysiological mecha-

isms underlying MODS. The SAPS II score consistently emerged

s the top predictor across models, underscoring the critical role

f overall illness severity in MODS development. This finding
199
ligns with prior studies highlighting the relationship between

nitial illness severity and subsequent organ dysfunction.[ 20 , 21 ] 

imilarly, mechanical ventilation and vasopressor use were sig-

ificant predictors, likely reflecting the severity of the patient’s

ondition and the necessity for aggressive life-support mea-

ures. While these interventions are essential, they may also

ontribute to MODS through mechanisms such as ventilator-

ssociated lung injury and systemic inflammation,[ 22 ] as well

s vasopressor-induced microcirculatory compromise and tissue

ypoxia.[ 23 ] However, our study design does not allow differen-

iation between whether these factors directly cause MODS or

erve as markers of severe illness. The presence of invasive lines

n the first ICU day may signal greater initial trauma severity

r hemodynamic instability, further emphasizing its predictive

alue.[ 24 ] Similarly, the maximum AIS score for the chest re-

ion underscores the impact of thoracic trauma on MODS de-

elopment due to its direct effects on critical organs such as

he heart and lungs.[ 25 , 26 ] Patient-specific characteristics such

s age and weight also proved significant. Advanced age is a

ell-recognized risk factor for adverse outcomes in critically

ll patients,[ 27 ] while weight may affect pharmacokinetics, dos-

ng strategies, and overall physiological reserves.[ 28 ] Finally,

latelet count emerged as a crucial predictor, likely reflecting

he interplay between coagulopathy and systemic inflamma-

ion in MODS pathogenesis.[ 29 ] Thrombocytopenia may indi-

ate consumption coagulopathy, bone marrow suppression, or

epsis-induced thrombocytopenia, all of which are associated

ith an increased risk of organ dysfunction. 

In our study, the RF model (AUC = 0.769, 95% CI: 0.712

o 0.826) and the nomogram (AUC = 0.757, 95% CI: 0.700 to

.814) demonstrated comparable performance, with no statis-

ically significant difference observed between them. This re-

ult was somewhat unexpected, as we initially anticipated that

achine learning models would outperform the nomogram due

o their capacity to capture complex, non-linear relationships.

everal factors may explain this outcome. First, the relatively

mall sample size (955 patients in the derivation cohort and

04 in the validation cohort) may have constrained the ma-

hine learning models’ ability to realize their full potential. Prior

esearch has indicated that large datasets are often necessary

or machine learning algorithms to surpass traditional statisti-

al methods.[ 30 , 31 ] Second, the limited number of selected fea-

ures (eight predictors) may have reduced the complexity of

he dataset, limiting the advantages typically associated with
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achine learning models in high-dimensional settings.[ 32 , 33 ] 

e also implemented an ensemble model through stacking

ultiple algorithms, a common technique for boosting predic-

ive performance. However, the ensemble model (AUC = 0.763,

5% CI: 0.704 to 0.821) did not surpass the single RF model

AUC = 0.769, 95% CI: 0.712 to 0.826). This could be due

o the inherent ensemble nature of the RF algorithm, which

ay have already captured the optimal predictive potential of

ur dataset. Future studies could explore alternative ensemble

trategies, such as testing different combinations of base mod-

ls or meta-learners, to better leverage complementary predic-

ive features.[ 34 ] Despite the comparable performance of the RF

nd nomogram models, both significantly outperformed con-

entional scoring systems, highlighting the importance of select-

ng relevant, trauma-specific predictors. This finding suggests

hat predictor selection, rather than the modeling technique it-

elf, maybe the critical factor in enhancing predictive accuracy

n this context. 

To facilitate clinical implementation, we developed web-

ased applications for both the nomogram and RF models. These

ser-friendly platforms enable clinicians to input patient data

nd receive real-time risk assessments, potentially supporting

arly identification of high-risk patients and enabling timely

nterventions. However, these models should be interpreted as

ools that augment clinical judgment rather than replace it. Inte-

ration into clinical workflows should proceed cautiously, with

ontinuous monitoring and validation across diverse clinical set-

ings to ensure reliability and effectiveness. 

However, this study has certain limitations. First, model de-

elopment was exclusively based on the MIMIC-IV database,

hich represents a single-center experience from a tertiary care

ospital in the United States. While this database provides ex-

ensive clinical information, its limited geographic and insti-

utional scope may restrict the generalizability of the models

o other healthcare settings with different patient demograph-

cs, clinical practices, and treatment protocols. This limitation

s particularly relevant when considering the potential applica-

ion of these models in international contexts, where healthcare

ystems, resource availability, and patient characteristics may

iffer substantially. Additionally, although our models demon-

trated superior performance compared to conventional scoring

ystems, this comparison has inherent limitations. Our models

ere validated within a single-center dataset, whereas scoring

ystems like SOFA and acute physiology and chronic health eval-

ation (APACHE) have undergone multi-center validation. This

iscrepancy underscores the importance of further external val-

dation to strengthen the models’ reliability. Second, temporal

alidation using data from 2017 to 2019 assessed the models’

erformance over time but did not address the broader need

or external validation across geographically and demographi-

ally diverse populations. Future studies should conduct multi-

enter, international validation to evaluate the models’ general-

zability and identify potential recalibration needs based on spe-

ific healthcare environments. Such validation would be essen-

ial before recommending these predictive tools for widespread

linical use. Third, the models were constructed using variables

vailable in the MIMIC-IV database, potentially omitting other

ritical biomarkers or clinical interventions that could influence

ODS risk. Incorporating additional clinical, laboratory, and

olecular data from diverse sources could enhance predictive
200
ccuracy and provide a more comprehensive risk assessment.

astly, while we developed web-based applications to facilitate

linical implementation, these tools have not yet been tested in

eal-world clinical settings. Their impact on clinical decision-

aking, workflow integration, and patient outcomes remains to

e evaluated. 

onclusions 

In this study, we developed and validated prediction mod-

ls for MODS in patients with trauma-induced sepsis using the

IMIC-IV database. Both the nomogram and machine learning

odels outperformed conventional scoring systems in predict-

ng MODS. However, further research is needed to perform ex-

ernal validation in diverse clinical settings and to assess the

mpact of model implementation on patient outcomes, ensuring

heir effectiveness and clinical utility across different healthcare

nvironments. 
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