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Objective: This study aimed to develop a prognostic model for patients with sepsis complicated by autoimmune diseases using
machine learning methods and validate the model.

Methods: Data on patients with sepsis and autoimmune diseases were extracted from the MIMIC-IV database. Participants were
randomly divided into training set and validation set according to the ratio of 7:3. The predictors were selected by using LASSO
regression analysis and the Boruta algorithm which affect the 28-day prognosis of patients. A nomogram was developed based on
independent risk factors identified by logistic regression for 28-day prognosis and was internally and externally validated using
calibration curves and DCA. Based on nomogram scores, patients were stratified into high- and low-score groups, with KM analysis
demonstrating significant differences in mortality between the cohorts.

Results: A total of 1,481 patients from the MIMIC-IV database met inclusion criteria and an external validation set included 57
patients from the Department of Critical Care Medicine of the First Affiliated Hospital of Soochow University. Ten overlapping
predictors (Age, Gender, BMI, WBC, BUN, PT, APTT, history of cerebrovascular disease, history of liver disease, and CRRT) were
identified by LASSO and Boruta algorithms and were subsequently confirmed as statistically significant independent risk factors
through logistic regression. The prediction model built by the ten predictors showed superior predictive performance compared to the
SOFA score in training (AUC=0.772), internal validation (AUC=0.771), and external validation cohorts (AUC=0.787). Hosmer-
Lemeshow tests and calibration curves indicated strong agreement between predicted outcomes and actual observations across all
cohorts, and DCA suggested significant clinical utility. The KM curve shows that the mortality rate of the high-score group is
significantly higher than that of the low-score group.

Conclusion: A prognostic model for predicting 28-day mortality in sepsis patients with autoimmune diseases demonstrated robust
predictive performance and clinical applicability upon internal and external validation.
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Introduction

Sepsis is a life-threatening condition resulting from a dysregulated host response to infection and is associated with high global
mortality." Studies have shown that sepsis affects approximately 48.9 million individuals and causes 11 million deaths
annually, accounting for 19.7% of all global deaths.” The pathophysiological mechanisms of sepsis are highly complex.
Currently, it is believed that intricate interactions occur within the immune system throughout the progression of sepsis,
involving both activation and dysregulation of innate and adaptive immunity.* Studies have reported that the development and

progression of sepsis are often accompanied by a combination of excessive inflammation and immunosuppression.”°

https://doi.org/10.2147/JIR.S555953 Journal of Inflammation Research 2026:19 555953 |
Received: 11 August 2025 © 2026 Wang et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.
Accepted: 3 January 2026 AT php and incorporate the Creative Commons Attribution — Non Commercial (unported, v4.0) License (http://creativecommons.org/licenses/by-nc/4.0/). By accessing the

Published: 5 February 2026 work you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).


http://orcid.org/0009-0001-4172-8976
http://orcid.org/0000-0002-2227-4761
http://orcid.org/0000-0001-8708-3096
http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Wang et al

Autoimmune diseases are a group of chronic inflammatory conditions that affect joints, soft tissues, and internal
organs. Their pathogenesis is also closely associated with immune system dysfunction.””® Currently autoimmune diseases
mainly include rheumatoid arthritis, systemic lupus erythematosus, scleroderma, ankylosing spondylitis, and others. In
sepsis, infection-induced excessive inflammatory response can lead to the dysfunction of immune cells, thereby causing
multiple organ damage.'® In autoimmune diseases, the immune system erroneously attacks the body’s own tissues,
leading to chronic inflammation and tissue damage. At the same time, treatments for autoimmune diseases often involve
the use of hormones and immunosuppressive drugs, which may further exacerbate the damage of immune system.
Therefore, sepsis and autoimmune diseases are closely related in the process of occurrence and development. They may
influence each other, worsen the condition, and increase treatment difficulty.'’'> Multiple studies have shown that
patients with sepsis complicated by autoimmune diseases have higher mortality, more severe conditions, and poorer
prognoses.”* !> In addition, researchers have pointed out that there is significant heterogeneity among sepsis patients.
Studying subgroups of sepsis patients with different underlying diseases, immune backgrounds, and infection sites is
particularly important for their treatment and prognosis.'®™'® Currently, the commonly used scoring systems for critically
ill patients, such as the SOFA score and the APACHE II score, although having strong clinical practicability, lack
individualized characteristics and are difficult to achieve precise prognosis prediction for different subgroups of sepsis.
Moreover, there is still a severe lack of prognosis prediction models for patients with sepsis combined with immune
system diseases. Thus, in clinical practice, it is essential for doctors to fully understand this relationship, promptly assess
the prognosis of sepsis patients with coexisting autoimmune diseases, and adopt more aggressive treatment strategies at
an early stage to improve patient survival and quality of life.

Based on these considerations, the present study aimed to use machine learning—based methods to identify key
prognostic factors and to construct a prediction model for the timely assessment of 28-day mortality in patients with
sepsis complicated by autoimmune diseases. We employed both LASSO regression and the Boruta algorithm for variable
selection, leveraging their complementary methodological strengths. LASSO, as an embedded method, provides a sparse
and interpretable set of predictors within a linear framework, whereas Boruta, a random forest-based wrapper method,
can robustly identify all features related to the outcome, including both linear and nonlinear effects. In the context of
critical care, where data are high-dimensional, variables are often correlated, and relationships may be nonlinear, this
hybrid feature selection strategy helps to build a model that is both robust and parsimonious. We determined the final set
of predictors by taking the consensus of the two methods, thereby enhancing the credibility of the selected variables and
preserving good predictive performance together with clinical interpretability. Specifically, we first developed
a prognostic model using the large MIMIC-IV ICU database and selected the nomogram with the best predictive
performance, and then externally validated this model using clinical data from our own center. To the best of our
knowledge, this is the first study to develop and externally validate a 28-day mortality prediction nomogram specifically
for patients with sepsis complicated by autoimmune diseases based on large ICU datasets, and to systematically compare
its predictive performance with that of the SOFA score.

Materials and Methods

Data Sources and Patient Population

This study utilized data from the MIMIC IV 3.1 database as both the training set and internal validation set. The MIMIC
IV database is a comprehensive dataset comprising electronic health records of over 50,000 patients admitted to the
intensive care unit (ICU) at Beth Israel Deaconess Medical Center in Boston, Massachusetts, between 2008 and 2019."
The Institutional Review Board (IRB) of Beth Israel Deaconess Medical Center granted a waiver for informed consent
and approved the dissemination of research data. The author (WZY) obtained authorized access to the database
(certificate number: 10518271). Additionally, we retrospectively collected clinical data from patients diagnosed with
sepsis and admitted to the ICU of the First Affiliated Hospital of Soochow University between July 2022 and July 2024
for external validation. This external dataset received ethical approval from the Medical Ethics Committee of the First
Affiliated Hospital of Soochow University (Ethics Number: 2025459).
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We selected patients diagnosed with sepsis from the MIMIC database based on the diagnostic criteria outlined in the Third
International Consensus Definitions for Sepsis and Septic Shock (Sepsis-3): suspected infection and a Sequential Organ
Failure Assessment (SOFA) score > 2. Subsequently, we identified patients with underlying autoimmune diseases, including
systemic lupus erythematosus (SLE), rheumatoid arthritis, systemic sclerosis, psoriasis, ankylosing spondylitis, vasculitis,
idiopathic inflammatory myopathy, autoimmune liver disease, and inflammatory bowel disease (Supplementary Table S1). To

refine the study cohort, patients younger than 18 years, those with repeated ICU admissions, and those with an ICU length of
stay less than 24 hours were excluded, resulting in the final study population. Concurrently, we retrospectively collected
clinical data from 494 septic patients admitted to the ICU of the First Affiliated Hospital of Soochow University between
July 2022 and July 2024. The inclusion criteria were as follows: (1) age > 18 years; (2) presence of autoimmune diseases; (3)
first ICU admission; and (4) ICU stay exceeding 24 hours. Ultimately, 57 patients with sepsis complicated by autoimmune
diseases were included in the external validation cohort. The specific screening criteria are shown in Figure 1.

Data Collection

Based on clinical expertise, published literature, and data documentation in the MIMIC-IV database using structured
query language (SQL) with Navicat Premium, we collected the following seven categories of information.(1) Demo
graphic details of the patient, such as Gender, Age, and Weight; (2) The following should be assessed within 24h of being
admitted to the ICU: essential signs including heart rate(HR), Mean blood Pressure (MBP), respiratory rate (RR) and
temperature; (3) laboratory test outcomes within 24h after admission to the ICU, such as PH, FiO,, partial pressure of
oxygen in arterial blood (PaO,), carbon dioxide partial pressure(PaCO,), white blood cell (WBC), hemoglobin, platelet,
red blood cell (RBC),Red Distribution Width (RDW), blood urea nitrogen (BUN), creatinine, chloride, calcium, sodium,
potassium, glucose, prothrombin time (PT), activated partial thromboplastin time (APTT) and international normalized
ratio (INR); (4) treatment status within 24h after entering the ICU, such as whether mechanical ventilation was
performed and renal replacement treatment (CRRT); (5) basic illnesses like diabetes, chronic obstructive pulmonary
disease (COPD), Chronic kidney disease (CKD), Cerebrovascular disease, Liver disease and others; (6) outcome: ICU
28d mortality (7) Sequential Organ Failure Assessment (SOFA) score within 24h after ICU admission.

Sepsis patients aged >18 with first ICU admission Sepsis patients admitted to the ICU of the First
and ICU stay >1 day were selected from the MIMIC Affiliated Hospital of Soochow University
database(n=27562) (n=494)
Sepsis patients with underlying immune (1)Sepsis diagnosis
system disorders(n=1684) (2)Age >18y
] . (3)First ICU admission
Exclusion criteria: (H)ICU stay > 1 day
(1) History of malignancy (n=198); (5)Autoimmune diseases comorbidity
(2) HIV/AIDS (n=5);
(3) Missing data (n=0).

Final samples(n=1481)

External validation
cohort (n=57)

Training cohort Internal validation
(n=1016) cohort(n=465)

Figure | Flow chart of the patient selection and grouping.
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Statistical Analysis

As the current study is a retrospective analysis, no sample size calculations were conducted. Variables with a missing
data rate exceeding 40% were excluded, and for those with less than a missing data rate below 40%, multiple imputation
was employed. Categorical variables were described as percentiles (%); continuous variables of non normal distribution
were displayed as medians and quartiles, and continuous variables of normal distribution were expressed as mean and
standard deviation (mean (S.E).). The chi-square test was used to compare the differences between categorical variables,
and the -test or nonparametric test was used to compare the differences between two groups of continuous variables.
Feature selection was performed in the training cohort using both LASSO (Least Absolute Shrinkage and Selection
Operator) regression and Boruta algorithm. Subsequently, logistic regression analysis was employed to identify sig-
nificant risk factors associated with clinical outcomes. These final predictive factors were then incorporated into
a nomogram for visual representation of the risk prediction model.The area under the ROC curve (AUC) was used to
assess the prediction accuracy of the mo calibration curve was used to assess the consistency between the predicted value
of the model and the actual value, and decision curve was used to analyze the clinical benefits of the model. The Kaplan-
Meier (KM) curve shows the mortality rate between the two groups. Tableone software package was used for data
description; glmnet software package was used for LASSO regression analysis; boruta software package was used for
Boruta analysis. Rms software package was used for plotting the nomogram and calibration curve, and pROC software

package was used for plotting ROC curve. R 4.3.0 (https://www.r-project.org) was used for all statistical analysis. A two-

sided P value < 0.05 was considered statistically significant. This study was designed and analyzed with reference to the

TRIPOD (Transparent Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis) statement.

Results

Characteristics of the Study Cohort

A total of 1,481 patients with sepsis complicated by autoimmune diseases were ultimately included. 1,016 allocated to
the training set and 465 to the internal validation set. Table 1 summarizes the demographic and clinical data of the study

cohort. The variables in the training cohort and validation cohort were comparable, with almost no statistical differences
(P>0.05).

Table | Characteristics Description of Patients

Overall, N=1481 Training Cohort, N=1016 Testing Cohort, N=465 P
Demographics
Gender,n (%) 610 (41.2) 414 (40.7) 196 (42.2) 0.651
Age (years) 68.12 [57.13, 77.37] 67.95 [57.17, 77.51] 68.42 [57.13, 77.33] 0.874
BMI (kg/m?) 27.59 [23.72, 32.25] 27.37 [23.36, 31.88] 28.09 [24.29, 33.30] 0.065
Vital Signs
HR (beats/min) 89.00 [77.00, 103.00] 89.00 [78.00, 103.00] 89.00 [76.00, 105.00] 0.946
RR (beats/min) 19.00 [15.00, 23.00] 18.00 [15.00, 23.00] 19.00 [15.00, 23.00] 0.627
MBP (mmHg) 80.00 [70.00, 93.00] 80.00 [69.00, 93.00] 81.00 [71.00, 93.00] 0.495
Temperature (°C) 36.72 [36.39, 37.06] 36.72 [36.39, 37.06] 36.67 [36.33, 37.00] 0.104
Comorbidities
Congestive heart failure, n (%) 442 (29.8) 317 (31.2) 125 (26.9) 0.104
Cerebrovascular disease, n (%) 192 (13.0) 125 (12.3) 67 (14.4) 0.3
Chronic pulmonary disease, n (%) 428 (28.9) 293 (28.8) 135 (29.0) 0.988
Diabetes, n (%) 388 (26.2) 269 (26.5) 119 (25.6) 0.767
Renal disease, n (%) 344 (23.2) 245 (24.1) 99 (21.3) 0.259
Liver disease, n (%) 167 (11.3) 124 (12.2) 43 (9.2) 0.114

(Continued)
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Table | (Continued).

Overall, N=1481 Training Cohort, N=1016 Testing Cohort, N=465 P
Laboratory data
PH 7.37 [7.30, 7.42] 7.37 [7.31, 7.42] 7.36 [7.29, 7.41] 0.082
PaCO, (mmHg) 41.00 [36.00, 47.00] 41.00 [36.00, 47.00] 41.00 [36.00, 47.00] 0.722
PO,/FiO,(mmHg) 212.00 [111.00, 321.50] 215.00 [110.00, 321.00] 211.71 [120.00, 322.25] 0.846
WBC (K/uL) 11.60 [7.70, 16.50] 11.50 [7.60, 16.50] 11.60 [7.90, 16.20] 0.966
Hemoglobin (g/dL) 9.95 [8.60, 11.50] 9.90 [8.60, 11.40] 10.10 [8.80, 11.70] 0.031
Platelet (K/uL) 182.50 [121.00, 258.00] 182.00 [120.00, 255.00] 183.00 [122.00, 261.00] 0.728
ALT (IU/L) 28.00 [17.00, 68.75] 27.00 [17.00, 63.00] 30.00 [19.00, 81.00] 0.183
AST (IU/L) 47.00 [26.00, 104.00] 44.00 [26.00, 107.50] 51.00 [26.00, 94.00] 0.944
Bilirubin_total (mg/dL) 0.80 [0.40, 2.00] 0.70 [0.40, 2.10] 0.80 [0.50, 1.80] 0.849
BUN (mg/dL) 21.00 [14.00, 36.00] 22.00 [14.00, 36.00] 21.00 [14.00, 36.00] 0.469
Creatinine (mg/dL) 1.00 [0.70, 1.70] 1.00 [0.70, 1.70] 1.00 [0.78, 1.70] 0.894
Chloride (mmol/L) 104.00 [100.00, 109.00] 104.00 [100.00, 109.00] 104.00 [100.00, 109.00] 0.446
Calcium (mmol/L) 8.20 [7.70, 8.70] 8.20 [7.70, 8.70] 8.20 [7.70, 8.80] 0.772
Potassium (mmol/L) 4.10 [3.70, 4.60] 4.10 [3.70, 4.60] 4.20 [3.70, 4.60] 0.537
Sodium (mmol/L) 138.00 [135.00, 141.00] 138.00 [135.00, 141.00] 138.00 [135.00, 141.00] 0.434
Glucose (mg/dL) 125.00 [102.00, 157.00] 126.00 [103.00, 157.00] 122.00 [101.00, 156.50] 0.279
PT (s) 15.00 [13.00, 18.30] 15.10 [13.00, 18.50] 14.70 [13.20, 17.70] 0.343
APTT (s) 32.00 [27.65, 39.95] 32.00 [28.00, 39.70] 32.00 [27.10, 40.40] 0.71
Scores
SOFA 5.00 [3.00, 8.00] 5.00 [3.00, 8.00] 5.00 [3.00, 8.00] 0.741
Clinical treatments
Mechanical ventilation in 24h,n (%) 670 (45.2) 459 (45.2) 211 (45.4) 0.988
CRRT in 24h,n (%) 42 (2.8) 29 (2.9) 13 (2.8) |
Use of glucocorticoids in 24h,n (%) 360 (24.3) 237 (23.3) 123 (26.5) 0217
Outcomes
LOS in hospital (day) 9.97 [6.01, 17.89] 9.96 [6.03, 17.71] 9.98 [5.90, 18.27] 0.715
LOS in ICU (day) 3.39[1.88,7.17] 3.37 [1.84, 6.74] 3.41[1.97,8.13] 0.175
ICU 28d mortality (%) 273 (18.4) 187 (18.4) 86 (18.5) |

Predictor Selection

In the training cohort, 32 covariates included in the study were analyzed by using LASSO regression to screen for outcome-
related factors (Figure 2a and b), and a total of eleven influencing factors were identified: age, gender, BMI, white blood cell
(WBC), blood urea nitrogen (BUN), calcium, prothrombin time (PT), activated partial thromboplastin time (APTT), history
of Cerebrovascular disease, history of Liver disease and renal replacement treatment (CRRT). The Boruta algorithm, based
on random forests, evaluates the importance of feature variables by comparing the original features with randomly generated
shadow features. We simultaneously applied the Boruta algorithm for initial feature selection (Figure 3). In the figure, green
represents important features included in the model to enhance predictive power; red indicates features deemed unimportant
and thus excluded from consideration; yellow denotes features with uncertain importance requiring further investigation;
blue represents shadow features used for comparison but not for model training. After applying LASSO regression and
Boruta algorithm for feature selection and combining with basic demographic characteristics, ten common predictive
variables were finally determined: age, gender, body mass index (BMI), white blood cell count (WBC), blood urea nitrogen
(BUN), prothrombin time (PT), activated partial thromboplastin time (APTT), history of cerebrovascular disease, history of
liver disease, and renal replacement therapy (CRRT). At the same time, Logistic regression analysis indicated that increasing
age, a lower BMI, female gender, prolonged activated partial thromboplastin time (APTT) and prothrombin time (PT),
elevated blood urea nitrogen (BUN) levels, increased white blood cell count, a history of prior cerebrovascular or liver
disease, and the initiation of continuous renal replacement therapy (CRRT) within 24 hours were all independent risk factors

for 28-day mortality in patients with sepsis complicated by autoimmune diseases (Figure 4).
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Figure 2 Variable selection using the LASSO model for binary logistic regression (a) Coefficient paths of different variables using the LASSO model: four variables with nonzero
coefficients were chosen by the optimal lambda. (b) Cross-validation plot with |SE bounds using the LASSO model: the left and right dotted vertical lines represent the values of log
(lambda. min) and log (lambda. I se), respectively. Following validation of the optimal parameter (lambda) in the LASSO model, we plotted the partial likelihood deviance (binomial
deviance) curve versus log(lambda) and drew dotted vertical lines based on | standard error criteria. 10-fold cross-validation was conducted in the LASSO regression.
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Figure 3 Feature selection based on the Boruta algorithm. The horizontal axis is the name of each variable, and the vertical axis is the Z-value of each variable. The box plot
shows the Z-value of each variable during model calculation. In the figure, green indicates confirmed important features, red indicates rejected features, yellow indicates
tentative features that require further confirmation.

Nomogram Construction
Based on the combined selection results of LASSO regression and the Boruta algorithm, the following variables were

finally included in the model: age, gender, BMI, white blood cell count (WBC), blood urea nitrogen (BUN), prothrombin
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Forest Plot of Characteristics

Characteristic OR 95% ClI P
Gender(Male) 0.578 —=— 0.398-0.832 0.004
Age 1.042 " 1.028-1.058 <0.001
BMI 0.975 " 0.963-0.987 <0.001
APTT 1.009 = 1.003-1.016 0.003
PT 1.013 [ 0.998-1.028 0.088
BUN 1.017 = 1.011-1.024 <0.001
WBC 1.039 " 1.019-1.060 <0.001
Liver disease 2.365 —a— 1.364-4.050 0.002
Cerebrovascular disease 2.112 —= 1.285-3.413 0.003
CRRT 3.661 —a——  1.523-8.755 0.003
01’70 1I.0 2I.0 4I.O 6].0 EIO!OO
Figure 4 Multivariate Logistic Regression Analysis of the Prediction model in Training Cohort.
Nomogram
Points 0 UMM S £ OF B 50 100
PT 0= 7080 130180
CRRT Eﬂ )
APTT 1?* 70 : 130
Cerebrovascular disease Eﬂ E‘
Gender lj| EE]
Liver disease E =
WBC Eedmar aammey & £ 00
BMI 60 40 0
BUN 0 % 80 30160 200 20
Age 10 30 50 7550
Total points 350
280 300 320 340 i 360 380 400 420 440 460
Pr( ICU 28d mortality ) . 0.102 P .
0.005  0.015 0.035 01 02 04 06 08 09 095 098

Figure 5 Nomogram for predicting 28-day mortality in sepsis patients. Each predictor (PT, CRRT, APTT, cerebrovascular disease, gender, liver disease, WBC, BMI, BUN, and age)
corresponds to a point value on the “Points” axis. The blue boxes and red dots indicate an example patient’s values (or category levels), the vertical dotted lines show the projection
to the “Points” axis, and the arrows illustrate the mapping from “Total points” to the predicted probability (eg, total points = 350, predicted probability = 0.102).

time (PT), activated partial thromboplastin time (APTT), history of cerebrovascular disease, history of liver disease, and

renal replacement therapy (CRRT). Then a nomogram was constructed by using these variables (Figure 5). Compared

with the SOFA score, the prediction model showed significantly better performance. In the training cohort (Figure 6a),
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Figure 6 Receiver operating characteristic (ROC) curves for the Prediction model and SOFA model. (a) Training cohort; (b) Internal Validation cohort; (c) External
Validation cohort.

the model had an AUC of 0.772 (95% CI: 0.734-0.809), which was clearly higher than the SOFA score (AUC = 0.664,
Z = 4.009, P < 0.001). In both internal and external validation cohorts (Figure 6b and c), the prediction model also
significantly outperformed the SOFA score (internal validation cohort: AUC = 0.771 (95% CI: 0.715-0.828) vs AUC =
0.664 (95% CI: 0.564-0.701), Z = 3.536, P < 0.001; external validation cohort: AUC = 0.787 (95% CI: 0.651-0.922) vs
AUC = 0.679 (95% CI: 0.536-0.823), Z = 1.021, P = 0.307). These findings indicated that the prediction model has
strong predictive capability.

Predictive Performance Evaluation
According to the Hosmer-Lemeshow goodness-of-fit test, there was no statistically significant difference between the predicted
and actual 28-day mortality rates in sepsis patients (training cohort: X ? = 2.3658, degrees of freedom = 8, P = 0.9677 > 0.05;
internal validation cohort: X ° = 10.884, degrees of freedom = 8, P = 0.2083 > 0.05; external validation cohort: X 2=13.581,
degrees of freedom = 8, P = 0.0934 > 0.05). After 1,000 iterations of Bootstrap internal validation, the absolute mean error was
0.011 in the training cohort (n = 1,016), 0.019 in the internal validation cohort (n = 465), and 0.038 in the external validation
cohort (n = 57), indicating that the predicted 28-day mortality curves for sepsis patients remained in good concordance with the
actual clinical curves (Figure 7).

Decision curve analysis (Figure 8) showed that the threshold probability of the model was 0.15-0.75 in the training
cohort, 0.15-0.75 in the internal validation cohort and 0.10-0.70 in the external validation cohort. The use of the
Prediction Model yielded a better net benefit compared to the SOFA scores, demonstrating its clinical utility.

Risk Stratification Based on Nomogram Scores

Based on the nomogram constructed from the training cohort, a cut off value for the nomogram score was determined.
And this threshold was applied to validate data in the internal validation cohort. By using this cut off value, patients in
the internal validation cohort were divided into two groups: high-point and low-point group. Kaplan-Meier survival
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analysis showed that patients in the high-point group had significantly lower survival rates than those in the low-point
group (Figure 9). This indicated that our nomogram has substantial clinical value.

Discussion

Sepsis remains the most common cause of admission to the ICU. It has always been a focus of research due to its
complex mechanisms, high incidence, and high mortality. In recent years, numerous prediction models related to sepsis
have emerged.”’?*> Many researchers have focused on the overall diagnosis, treatment, and prognosis of sepsis patients.*?
However, increasing studies have revealed considerable heterogeneity among sepsis patients,'® highlighting the urgent
need to investigate subgroups of patients with different underlying diseases, immune backgrounds, and infection sites.
Therefore, our study focused on patients with sepsis complicated by autoimmune diseases and employed both LASSO
regression and the Boruta algorithm to jointly screen for prognostic factors and build a 28-day mortality prediction
model. Internal and external validations confirmed the model’s good predictive performance.

Feature selection is an important issue related to feature engineering in machine learning. In clinical research,
determining the predictive factors of a model is the most critical step in building a prediction model. The goal of feature
selection is to find the optimal subset of outcome-related features and identify truly relevant variables to simplify the model.
Also it aids in understanding the data-generating process. In this study, two machine learning algorithms were used together
for the feature selection. LASSO regression, a commonly used dimensionality reduction method, has strong capabilities in
processing large datasets and can avoid multicollinearity among covariates. The Boruta algorithm is a feature selection
method based on random forests, which aims to identify truly important features from a given feature set and distinguish
them from irrelevant ones. It performs well in handling high-dimensional and nonlinear data and can be integrated with
other models to improve predictive performance. Therefore, this study used both LASSO regression and the Boruta
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algorithm to identify ten predictive factors: age, gender, BMI, WBC, BUN, PT, APTT, history of Cerebrovascular disease,
history of Liver disease and renal replacement treatment (CRRT). The method was reliable and showed high predictive
performance. Figure 4 shows that increasing age, a lower BMI, female gender, prolonged APTT and PT, elevated BUN
levels, increased white blood cell count, a history of prior cerebrovascular or liver disease, and the initiation of CRRT within
24 hours were all independent risk factors for 28-day mortality in patients with sepsis complicated by autoimmune diseases.
Meanwhile, these indicators have all been reported to be associated with sepsis prognosis. For example, the study by Martin
GS et al demonstrated that increased age is an independent risk factor for sepsis mortality, and that elderly sepsis patients
tend to die earlier during hospitalization compared with younger patients.>* Numerous studies have demonstrated that
elevated levels of inflammatory markers, including white blood cell count and C-reactive protein (CRP), are significantly
associated with adverse outcomes in patients with sepsis.*> In addition, consistent with our study, there have been reports
that obese patients have higher survival rates in sepsis, and low BMI is an independent risk factor for poor prognosis in
sepsis patients.”® *® At the same time, patients with liver failure or chronic liver disease have a higher risk of developing
sepsis than patients without endogenous liver disease.”” ' And increased BUN is reported as an independent risk factor for
poor outcomes in critically ill patients and is associated with the development of sepsis-associated acute kidney injury.*>
Prolonged APTT is demonstrated to be related to increased 28-day mortality in SA-AKI patients, indicating a poor
prognosis.>* Other selected indicators have also been confirmed in different studies to be associated with 28-day mortality
in sepsis patients.***

The SOFA score is a commonly used tool to assess prognosis and disease severity in critically ill patients. However, it
still has some limitations in practical application.® For instance, The SOFA score is based on physiological parameters
within the first 24 hours of admission and requires many test indicators across multiple organ systems, making it
unsuitable for rapid scoring. Additionally, it can not accurately assess the prognosis of different subtypes of sepsis.
Moreover, the SOFA score primarily focuses on organ dysfunction while ignoring other important prognostic factors for
critically ill patients, such as age, underlying diseases, and nutritional status. In contrast, the prediction model we
established for patients with sepsis complicated by autoimmune diseases incorporates multiple factors, including age,
respiratory status, metabolic status, and coagulation status. It enables effective early prognosis evaluation and has better
predictive value compared to the SOFA score. Compared with the SOFA score, our model showed better discrimination
for 28-day mortality in patients with sepsis and autoimmune diseases while relying on fewer variables and without
requiring repeated measurements.

In summary, through internal and external validation, our prediction model can provide a simple, rapid, and accurate
prediction of 28-day mortality in patients with sepsis and autoimmune diseases. The Hosmer-Lemeshow test and
calibration curves also confirmed the model’s accuracy, showing good concordance between the predicted and actual
outcome curves. Decision curve analysis further demonstrated that, compared to the SOFA scores, the model has superior
clinical utility. Our findings have several potential clinical implications. First, the nomogram can help clinicians rapidly
estimate the 28-day mortality risk of patients with sepsis and autoimmune diseases early after ICU admission, using
routinely collected data. This may support timely escalation of care, closer monitoring of high-risk patients, and informed
discussions with patients and families. Second, risk stratification could be used to enrich future clinical trials in this
subgroup by identifying patients at particularly high risk, thereby improving study efficiency. Third, by highlighting the
prognostic importance of coagulation and renal parameters, our results underscore the need for careful management of
organ dysfunction and early recognition of patients who may benefit from targeted interventions. Meanwhile we used
a large, well-characterized ICU database (MIMIC-IV) for model development and internal validation and further tested
the model in an independent external cohort. The predictors are objective, readily obtainable variables that do not require
advanced biomarkers or imaging, which enhances feasibility in routine practice. The use of two machine learning—based
feature selection methods, followed by conventional multivariable logistic regression, provides a balance between
modern data-driven techniques and interpretability that is essential for clinical adoption.

However, this study has several limitations: O Autoimmune diseases include a variety of conditions such as
rheumatoid arthritis, lupus, and dermatomyositis. Glucocorticoids play a crucial role in the treatment of septic shock.
Similarly, glucocorticoids are also used in the treatment of immune system diseases. However, whether the use of
glucocorticoids in sepsis treatment can benefit patient survival has always been a research hotspot.>”*' In this study,
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whether glucocorticoids were used in the early stage of ICU admission was not included in our predictive factors. This
might be related to different subtypes of sepsis patients, different immune status sepsis patients, different pathogen
infections, and the dosage of glucocorticoids. Due to the use of hormones and immunosuppressants in the treatment of
autoimmune diseases, we were unable to obtain the dosage and frequency of hormone use accurately, which may cause
bias into the study. @ This study made an early prediction of the 28-day prognosis of sepsis patients with concurrent
immune system diseases based on their early laboratory indicators and physiological conditions, aiming to provide
clinical evidence for early identification and intervention. However, this study did not involve the assessment of patients’
long-term survival status.® This study was retrospective study. Some data in the database were missing. Although we
applied effective imputation methods to address the missing data and indicators, some bias may still exist. @ Although
we performed external validation in an independent cohort, the number of patients in the external dataset was relatively
small (n = 57), which may limit the precision of performance estimates and raises the possibility of overfitting. Larger,
multi-center external validation studies are needed to confirm the generalizability of our findings. Second, the study is
retrospective and observational, and unmeasured or residual confounding cannot be excluded. We relied on routinely
available variables in the MIMIC-IV database, and some potentially relevant factors, such as specific autoimmune
disease subtypes, disease activity scores, cumulative glucocorticoid exposure, and detailed immunosuppressive regimens,
were not consistently recorded and therefore could not be incorporated into the model.

In summary, we developed and externally validated a simple, interpretable nomogram for predicting 28-day mortality
in patients with sepsis complicated by autoimmune diseases. The model, derived using LASSO and Boruta-based feature
selection, showed moderate but consistently better discriminatory ability than the SOFA score and demonstrated good
calibration and clinical utility in decision curve analysis. Future work should focus on prospective, multi-center
validation; incorporation of autoimmune disease—specific variables and dynamic clinical trajectories; and evaluation of

whether model-guided management strategies can improve outcomes in this vulnerable patient population.

Conclusion

This model demonstrates high accuracy in predicting the 28-day mortality risk among patients with sepsis complicated
by autoimmune diseases. The predictive factors were systematically and rigorously selected using two distinct machine
learning approaches. Both internal and external validations have confirmed the model’s robustness, further supporting its
potential for clinical application.
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