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Abstract

Background
Multidrug-resistant infection raise global disease burden. We aimed to develop and validate machine
learning predictive models to identify independent risk factors for mortality and multidrug-resistant
infection in non-surgical patients with suspected infection upon ICU admission in mainland China, using
data from a prospective national multicenter cohort study.

Methods
This secondary analysis used prospectively collected medical data from non-surgical patients with
suspected infection admitted to ICUs across mainland China between July 2021 and December 2022,
derived from a national multicenter cohort study. Patients retained the parent study’s 7:3 random split
into training and validation cohorts. Machine learning algorithms were applied to identify risk factors and
develop predictive models for mortality and multidrug-resistant infection. Performance of logistic
regression, random forest, extreme gradient boosting, and gradient boosting machine models was
assessed using AUC, sensitivity, specificity, PPV, NPV, and Youden index.

Results
A total of 2270 patients from 67 hospitals were enrolled. Pulmonary (83.74%) were predominant, with an
overall mortality of 9.74%. The logistic regression achieved an AUC of 0.93 for mortality prediction,
identifying APACHE � score(p < 0.01), and K. pneumoniae infections(p = 0.03) as independent risk factors.
It also yielded the optimal AUC of 0.86 for multidrug-resistant infection prediction. Nine independent risk
factors were confirmed, including: bloodstream infections(p = 0.01), urinary infections(p = 0.03), central
system infections(p = 0.02), K. pneumoniae infections(p < 0.01), Stenotrophomonas maltophilia
infections(p < 0.01), Escherichia coli infections(p < 0.01), Pseudomonas aeruginosa infections(p < 0.01),
Enterococcus faecium infections(p < 0.01), and Staphylococcus epidermidis infections(p < 0.01) for non-
surgical ICU patients with suspected infections.

Conclusions
Among non-surgical ICU patients with suspected infection, the logistic regression model identified
subgroup-specific predictors for mortality and MDR infection, which differed from the overall cohort. This
model may assist risk stratification and antimicrobial stewardship in medical critically ill patients.

Introduction
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Infection is a common among patients in the intensive care unit(ICU) and is a prerequisite for the
development of sepsis or septic shock[1]. Among patients admitted to the ICU, the proportion with
suspected or proven infection is 54%, and the rate of ICU-acquired infections is 22%[2]. Detailed global
data on infection types, as well as the use and availability of diagnostic and treatment options, can help
identify risk factors for infections. Moreover, timely and appropriate antimicrobial therapy can help
achieve the best outcomes for patients with sepsis[3].

Clinicians must strike a balance between adequate pathogen coverage and rational use of broad-
spectrum antibiotics to mitigate the emergence of antimicrobial resistance. The rising burden of
multidrug-resistant (MDR) infection has become a major clinical challenge, contributing to prolonged
hospital stays, elevated mortality and increased healthcare expenditure[4]. Excessive antibiotic
consumption has resulted in high bacterial resistance rates across many regions, including China[5, 6].
Over recent decades, drug-resistant Enterobacteriaceae strains resistant to extended-spectrum
cephalosporins and carbapenems have spread rapidly worldwide[7]. Furthermore, mortality and the
prevalence of MDR infections are higher in older patients due to greater disease severity[8].

Although numerous national and international studies have described sepsis epidemiology[9–11].
Previous findings from our prospective national multicenter cohort characterized predictors of mortality
and multidrug-resistant infection in the overall population of ICU patients with suspected infection.
However, the risk factors and predictive models specifically for non-surgical patients remain poorly
described. We therefore performed this secondary analysis of the parent cohort to develop and validate
machine learning predictive models for mortality and multidrug-resistant infection, and to identify their
independent risk factors, in non-surgical patients with suspected infection at ICU admission in mainland
China.

Methods

Study design and sampling
This secondary analysis used data from a prospective national multicenter cohort of ICU patients across
mainland China enrolled from July 2021 to December 2022 (Fig. 1). Ethical approval was obtained from
the Ethics Committee of Peking University People's Hospital (No. 2021PHB020-001) and the ethics
committees of all participating hospitals. The parent study was registered at ClinicalTrials.gov on July
14, 2021 (NCT04966390; https://www.clinicaltrials.gov).

Patients
The onset of a suspected infection episode was defined as in the parent cohort: the first occurrence of
antibiotic administration (oral or parenteral) or body fluid culture collection, following these timing rules:

• If antibiotics were given first, culture sampling must occur within 24 h.
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• If culture sampling preceded antibiotics, antimicrobial therapy must be initiated within 72 h.

The time of this initial event was defined as time zero for the episode[12]. The parent cohort’s exclusion
criteria were retained: (1) absence of antibiotic therapy or antibiotic duration < 3 days, (2) age < 18 years,
and (3) incomplete clinical data. This secondary analysis further limited the study population to non-
surgical patients from the parent cohort.

Microbiological testing and Definitions of infections
Microbiological testing and infection definitions were adopted from the parent cohort. Bacterial
pathogens from clinical specimens (blood, urine, ascites, pleural fluid) were identified by standard
microbiological assays. Antimicrobial susceptibility was tested by the Kirby–Bauer disc diffusion
method on Mueller-Hinton agar following CLSI guidelines[13].

A sample was considered culture-positive if one or more fluid cultures yielded positive results. Patients
could be included more than once for distinct infection episodes. MDR infections were defined as
acquired nonsusceptibility to at least one agent in three or more antimicrobial categories[8]. If multiple
cultures were performed, MDR status was defined by the presence of at least one positive culture for a
MDR organism.

Diagnostic criteria for infection types were defined as follows:

Pneumonia: new or progressive pulmonary infiltrates on chest radiography plus at least two of: (1) fever
(> 38.5°C) or hypothermia (< 36°C); (2) positive tracheobronchial or bronchoalveolar lavage (BAL) culture
or significant bacterial counts in respiratory secretions; (3) leukocytosis ≥ 12×10⁹/L[14–16].

Bloodstream infections

fever (> 37.3°C) or signs of systemic infection with at least one positive blood culture[17].

Intra-abdominal infections

clinical evidence (abdominal pain or tenderness) with positive drainage or puncture fluid culture[18].

Urinary infections

lower urinary tract symptoms with a quantitative count ≥ 10⁵ colony-forming units (CFU)/mL of bacteria
and a positive urine culture[19].

Skin/Soft tissue infections

a spectrum from mild to life-threatening, diagnosed by positive culture from lesional skin[20].

Central nervous system infections
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anatomically classified (meningitis, encephalitis, or myelitis) with a positive cerebrospinal fluid
culture[21].

Pelvic infections

uterine, tubal, or ovarian infections diagnosed by pelvic pain or effusion with positive pelvic drainage or
vaginal/uterine secretion culture[22].

Data collection
Data for this secondary analysis were extracted from the parent cohort’s electronic data capture (EDC)
system (https://edc2.cttq.com), including demographics, comorbidities, diagnoses, laboratory, imaging,
inflammatory and microbiological variables, as well as data on infections and in-hospital mortality.
Research staff received standardized training, and participating hospitals could adequately perform
standard microbiological and antimicrobial susceptibility assays.

Statistical analysis
Statistical analyses for this secondary analysis were conducted using SPSS version 26 (IBM, SPSS Inc,
Chicago, USA). Continuous variables with normal distribution were expressed as mean ± standard
deviations(SD) and categorical variables were presented as counts and percentages(%). A two-
independent-sample t test was used for variance analysis, and Pearson's chi-squared test was used for
comparing rates or proportions. Statistical significance was set at p < 0.05.

Model development
R software PMS package (version 4.0.3) was used to construct prediction models using four machine
learning algorithms: logistic regression(LR), random forest(RF), extreme gradient boosting(XGBoost),
and gradient boosting machine(GBM). Patients retained the parent study’s predefined 7:3 split into
training (70%) and validation (30%) cohorts; no new randomization was conducted in this subgroup.
Model performance was assessed by the area under the curve of receiver operating characteristic (AUC),
sensitivity, specificity, positive predictive value(PPV), negative predictive value(NPV), and Youden index.
Internal validation was performed with 1000 bootstrap iterations. An AUC > 0.60 was defined as
acceptable predictive performance, and values approaching 1 indicated better discrimination. Variables
with p < 0.05 in the final model were regarded as independent risk factors. A nomogram would be
constructed if logistic regression yielded superior predictive performance.

Results

Baseline characteristics
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Among 2614 patients with suspected infections recruited from 72 hospitals across 16 provinces in
China, a total of 2270 patients were finally enrolled in this study (Fig. 1). Baseline clinical characteristics
of the included patients are summarized in Table S1. The mean APACHE II score was 15.70 (range, 8–
34), and the mean patient age was 64.58 years (range, 18–103 years). The average ICU length of stay
was 18.44 days. Most patients (n = 1973) were admitted to tertiary hospitals (Figure S1) and resided in
North China (Figure S2). Pneumonia was the predominant infection type (83.74%), followed by
bloodstream infections (17.05%) (Figure S3). Klebsiella pneumoniae was the most commonly isolated
pathogen among all infectious strains (Figure S4).

Risk factors and prediction model of mortality
In this study, 221 patients(9.74%) with suspected infections died during their hospital stay in non-
surgical ICUs. Baseline clinical characteristics of these patients are shown in Table 1. Univariate analysis
demonstrated that age(p < 0.01), region of China(p < 0.01), hospital grades(p < 0.01), Acute Physiology
and Chronic Health Evaluation II (APACHE �) score(p < 0.01), diabetes mellitus(p = 0.01), coronary
atherosclerotic heart disease(CHD)(p < 0.01), bloodstream infections(p < 0.01), microbiological
findings(Klebsiella pneumoniae[p < 0.01], Acinetobacter baumannii[p < 0.01], Stenotrophomonas
maltophilia[p = 0.02], and Aspergillus[p = 0.01]), and MDR infections(p < 0.01) were associated with
mortality among patients with suspected infections upon admission to non-surgical ICUs.
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Table 1
Baseline of mortality for patients with suspected infections when they admitted to non-surgical ICU

  Non-survivors Survivors χ2/t p

n = 221 n = 2049

Age 70.25 ± 16.66 63.97 ± 16.17 -5.34 < 0.01

Female 69(31.22) 740(36.12) 2.08 0.15

Region     99.81 < 0.01*

North China 20(9.05) 603(29.43)    

East China 41(18.55) 477(23.28)    

Central China 52(23.53) 443(21.62)    

Southwest China 89(40.27) 326(15.91)    

South China 8(3.62) 94(4.59)    

Northwest China 11(4.98) 75(3.66)    

Northeast China 0(0.00) 31(1.51)    

Hospital grades     15.74 < 0.01*

Grade Ⅲ A 210(95.02) 1763(86.04)    

Grade Ⅲ B 1(0.45) 110(5.37)    

Grade Ⅲ C 3(1.36) 55(2.68)    

Grade � A 7(3.17) 121(5.91)    

APACHE �a 23.39 ± 4.33 14.87 ± 3.24 -28.41 < 0.01

Hypertension 37(16.74) 261(12.74) 2.81 0.09

Diabetes Mellitus 31(14.03) 175(8.54) 7.28 0.01

CHDb 36(16.29) 193(9.42) 10.38 < 0.01

Cerebrovascular disease 26(11.76) 193(9.42) 1.26 0.26

COPDc 22(9.95) 198(9.66) 0.02 0.89

Immunosuppression 2(0.90) 41(2.00) 1.29 0.26

aAPACHE: Acute Physiology and Chronic Health Evaluation, bCHD: Coronary atherosclerotic heart
disease, cCOPD: Chronic obstructive pulmonary disease. dICU LOS: Intensive care unit length of stay.
* Comparison between two groups, *group and*group. The difference between groups was
statistically significant (p < 0.01 or p < 0.05).
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  Non-survivors Survivors χ2/t p

n = 221 n = 2049

Pneumonia 194(87.78) 1707(83.31) 2.93 0.09

Bloodstream infections 56(25.34) 331(16.19) 11.90 < 0.01

Intro-abdominal infections 20(9.05) 188(9.18) 0.01 0.95

Urinary infections 23(10.41) 166(8.10) 1.39 0.24

Skin infections 7(3.17) 40(1.95) 1.45 0.23

Central system infections 6(2.71) 36(1.76) 1.01 0.32

Pelvic infections 1(0.45) 7(0.34) 0.07 0.79

Klebsiella pneumoniae 44(19.91) 175(8.54) 29.58 < 0.01

Acinetobacter baumannii 35(15.84) 140(6.83) 22.73 < 0.01

Stenotrophomonas maltophilia 7(3.17) 25(1.22) 5.44 0.02

Escherichia coli 9(4.07) 75(3.66) 0.10 0.76

Pseudomonas aeruginosa 11(4.98) 113(5.51) 0.11 0.74

Staphylococcus aureus 2(0.90) 43(2.10) 1.46 0.23

Staphylococcus epidermidis 3(1.36) 20(0.98) 0.29 0.59

Enterococcus faecium 4(1.81) 24(1.17) 0.67 0.41

Candida albicans 11(4.98) 77(3.76) 0.80 0.37

Aspergillus 7(3.17) 21(1.02) 7.52 0.01

Virus 1(0.45) 8(0.39) 0.02 0.89

Multidrug resistant infections 73(33.03) 310(15.13) 45.58 < 0.01

ICU LOSd(day) 15.76 ± 14.02 18.73 ± 16.37 2.55 0.16

aAPACHE: Acute Physiology and Chronic Health Evaluation, bCHD: Coronary atherosclerotic heart
disease, cCOPD: Chronic obstructive pulmonary disease. dICU LOS: Intensive care unit length of stay.
* Comparison between two groups, *group and*group. The difference between groups was
statistically significant (p < 0.01 or p < 0.05).

Four machine learning algorithms were employed to construct mortality predictive models using the
above significant variables. The entire cohort was randomly divided into a training set (1589 patients)
and a validation set (681 patients). In the validation set, the AUC values for patients with suspected
infections upon admission to non-surgical ICUs were 0.93(0.89–0.95) for LR, 0.87(0.84–0.93) for RF,
0.88(0.84–0.93) for XGB, and 0.85(0.82–0.89) for GBM(Figure.2). Threshold-specific performance

Page 9/24



metrics, including sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV),
and Youden's index, are summarized in Table 2. Given its optimal and robust discriminative performance,
the LR model was selected aas the final predictive model. A visual nomogram was further established
based on the LR algorithm to facilitate clinical mortality risk stratification (Fig. 3). The model identified
two independent risk factors: APACHE II score (1.91, 95CI% 1.75– 2.08, p < 0.01), and Klebsiella
pneumoniae infection(2.34, 95CI% 1.10–4.97, p = 0.03)(Table S2). Decision curve analysis(DCA) plots for
model clinical utility are displayed in the Additional file(Figure S5).

Table 2
Analysis of the different indicators among different machine learning models of mortality

Prediction models AUC* Sensitivity Specificity PPV* NPV* Youden’s
index

Logistic regression (LR) 0.93 0.76 0.94 0.33 0.99 0.70

Random forest (RF) 0.87 0.36 0.99 0.79 0.96 0.35

Extreme gradient boosting
(XGBoost)

0.88 0.64 0.95 0.40 0.98 0.59

Gradient boosting
machine (GBM)

0.85 0.47 0.88 0.26 0.95 0.35

*AUC: area under the curve of receiver operating characteristic, PPV: positive predictive value, NPV:
negative predictive value.

Risk factors and prediction model of multidrug resistant
infections
The overall incidence of MDR infection was 18.87% across all infection episodes. Univariate analysis
identified 23 significant correlates of MDR infection among non-surgical ICU patients with suspected
infection (Table 3), including: age(p < 0.01), female(p = 0.03), region(p < 0.01), hospital grades(p < 0.01),
APACHE �(p < 0.01), Cerebrovascular disease(p < 0.01), infections site(pneumonia[p < 0.01], bloodstream
infections[p < 0.01], urinary infections[p < 0.01], skin infections[p = 0.01], and central system infections[p 
< 0.01]), and the presence of specific pathogens ( Klebsiella pneumoniae[p < 0.01], Acinetobacter
baumannii[p < 0.01], Stenotrophomonas maltophilia[p < 0.01], Escherichia coli[p < 0.01], Pseudomonas
aeruginosa[p < 0.01], Staphylococcus aureus[p < 0.01], Staphylococcus epidermidis[p < 0.01], and
Enterococcus faecium[p < 0.01]).
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Table 3
Baseline of multidrug-resistant infections for patients with suspected infections when they admitted to

non-surgical ICU

  Multidrug
resistance

Non-multidrug
resistance

χ2/t p

n = 383 n = 1887

Age 68.79 ± 15.10 63.73 ± 16.44 -5.67 < 0.01

Female 118(30.81) 691(36.62) 4.69 0.03

Region     65.49 < 0.01

North China 51(13.32) 572(30.31)    

East China 103(26.89) 415(21.99)    

Central China 88(22.98) 407(21.57)    

Southwest China 105(27.41) 310(16.43)    

South China 21(5.48) 81(4.29)    

Northwest China 15(3.92) 71(3.77)    

Northeast China 0(0.00) 31(1.64)    

Hospital grades     13.08 < 0.01

Grade ⅢA 335(87.47) 1638(86.80)    

Grade ⅢB 9(2.35) 102(5.41)    

Grade ⅢC 7(1.83) 51(2.70)    

Grade �A 32(83.55) 96(5.09)    

APACHE �a 16.78 ± 4.67 15.48 ± 4.07 -5.55 < 0.01

Hypertension 60(15.67) 238(12.61) 2.60 0.11

Diabetes Mellitus 37(9.66) 169(8.96) 0.19 0.66

CHDb 42(10.97) 187(9.91) 0.39 0.53

Cerebrovascular disease 54(14.10) 165(8.74) 10.48 < 0.01

COPDc 29(7.57) 191(10.12) 2.37 0.12

Immunosuppression 8(2.09) 35(1.85) 0.09 0.76

aAPACHE: Acute Physiology and Chronic Health Evaluation, bCHD: Coronary atherosclerotic heart
disease, cCOPD: Chronic obstructive pulmonary disease. * Comparison between two groups, *group
and*group. The difference between groups was statistically significant (p < 0.01 or p < 0.05).
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  Multidrug
resistance

Non-multidrug
resistance

χ2/t p

n = 383 n = 1887

Pneumonia 349(91.12) 1552(82.25) 18.43 < 0.01

Bloodstream infections 120(31.33) 267(14.15) 66.47 < 0.01

Intro-abdominal infections 39(10.18) 169(8.96) 0.58 0.45

Urinary infections 73(19.06) 116(6.15) 69.55 < 0.01

Skin infections 15(3.92) 32(1.70) 7.74 0.01

Central system infections 17(4.44) 25(1.32) 17.00 < 0.01

Pelvic infections 0(0.00) 8(0.42) 1.63 0.20

Klebsiella pneumoniae 130(33.94) 89(4.72) 311.98 < 0.01

Acinetobacter baumannii 148(38.64) 27(1.43) 619.62 < 0.01

Stenotrophomonas
maltophilia

18(4.70) 14(0.74) 35.88 < 0.01

Escherichia coli 43(11.23) 41(2.17) 73.25 < 0.01

Pseudomonas aeruginosa 71(18.54) 53(2.81) 152.53 < 0.01

Staphylococcus aureus 15(3.92) 30(1.59) 8.87 < 0.01

Staphylococcus epidermidis 15(3.92) 8(0.42) 38.72 < 0.01

Enterococcus faecium 22(5.74) 6(0.32) 76.95 < 0.01

Candida albicans 21(5.48) 67(0.32) 3.19 0.07

Aspergillus 5(1.31) 23(1.22) 0.02 0.89

aAPACHE: Acute Physiology and Chronic Health Evaluation, bCHD: Coronary atherosclerotic heart
disease, cCOPD: Chronic obstructive pulmonary disease. * Comparison between two groups, *group
and*group. The difference between groups was statistically significant (p < 0.01 or p < 0.05).

In the validation set, the LR model yielded an AUC of 0.86 (95% CI: 0.82–0.89) for MDR infection
prediction, followed by RF (AUC = 0.86, 95% CI: 0.83–0.90), XGBoost (AUC = 0.85, 95% CI: 0.81–0.88),
and GBM (AUC = 0.85, 95% CI: 0.82–0.89) (Fig. 4). The LR model was selected as the final predictive
model due to its optimal AUC and Youden’s index (Table 4). A MDR-prediction nomogram was
established based on nine independent risk factors (Fig. 5): bloodstream infections(1.68, 95%CI 1.14–
2.48, p = 0.01), urinary infections(1.77, 95%CI 1.07–2.94, p = 0.03), central system infections(3.16, 95%CI
1.17–8.48, p = 0.02), Klebsiella pneumoniae infections(17.81, 95%CI 11.68–27.16, p < 0.01),
Stenotrophomonas maltophilia infections(10.37, 95%CI 3.24–33.18, p < 0.01), Escherichia coli
infections(8.32, 95%CI 4.31–16.06, p < 0.01), Pseudomonas aeruginosa infections(14.28, 95%CI 8.01–
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25.43, p < 0.01), Enterococcus faecium infections(23.85, 95%CI 8.06–70.57, p < 0.01), and Staphylococcus
epidermidis infections(16.46, 95%CI 5.52–49.12, p < 0.01). Decision curve analysis was performed to
evaluate the clinical applicability of the model, with results shown in Additional file(Figure S6).

Table 4
Analysis of the different indicators among different machine learning models of multidrug resistant

infections
Prediction models AUC* Sensitivity Specificity PPV* NPV* Youden’s

index

Logistic regression (LR) 0.86 0.51 0.88 0.43 0.91 0.39

Random forest (RF) 0.86 0.44 0.85 0.63 0.93 0.29

Extreme gradient boosting
(XGBoost)

0.85 0.57 0.90 0.52 0.96 0.47

Gradient boosting
machine (GBM)

0.85 0.83 0.79 048 0.95 0.62

*AUC: area under the curve of receiver operating characteristic, PPV: positive predictive value, NPV:
negative predictive value.

Discussion
Our secondary analysis revealed notable differences in risk factors between non-surgical patients and
the overall parent cohort. In the full cohort, surgery, APACHE II score and bloodstream infection
predicted mortality, whereas only APACHE II score and Klebsiella pneumoniae infection were independent
mortality predictors among non-surgical patients. For MDR infection, the parent model identified
APACHE II score, bloodstream infection, urinary infection, K. pneumoniae, A. baumannii, and E. faecium.
In contrast, the non-surgical model incorporated bloodstream infection, urinary infection, central nervous
system infection, and a broader spectrum of pathogens, including K. pneumoniae, S. maltophilia, E. coli, P.
aeruginosa, E. faecium, and S. epidermidis, while A. baumannii was no longer retained. These distinctions
likely reflect divergent host characteristics, infection sources and pathogen exposure between surgical
and medical critically ill patients, supporting the value of subgroup-specific risk stratification.

The mortality rate was 30–50% for patients suffering from sepsis all around world, with rapid onset,
deteriorating progress, and difficult to reverse[23]. APACHEII scores help identify disease severity with a
point score from 0 to 71, comparing acute physiological score, the patient’s age, and chronic health
status within the first 24 hour of admission[24]. However, although the APACHE II score can predict
mortality in patients with most acute medical conditions, it tends to underestimate the mortality risk
among those with sepsis and stroke. The potential reasons for this underestimation may include a
greater severity of illness among patients admitted to the internal medical intensive care unit and
delayed medical seeking behavior, multidrug-resistant organism[25]. In our study, APACHE II score is an
independent risk factor of mortality for patients within suspected infections when they admitted to non-
surgical ICU.
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Klebsiella pneumoniae is one of the most common gram-negative bacteremia[26], and the reported
mortality rate of Klebsiella pneumoniae varied widely from 11% to 81% in most studies[27]. It is important
to accurately estimating the mortality rate of Klebsiella pneumonia for clarifying the clinical
characteristics of this infectious disease, providing accurate prognostic information, and optimizing
prevention and control strategies. Although numerous studies and clinical guidelines have been
implemented to sustain progress in combating antimicrobial resistance, the prevalence of extended-
spectrum β-lactamases(ESBL)-producing and carbapenem-resistant Klebsiella pneumoniae(CRKP) has
risen sharply. The incidence of CRKP strains has increased significantly over time. Most studies have
demonstrated that patients with ESBL-producing or CRKP bacteremia exhibit substantially higher
mortality rates than those infected with non-ESBL-producing or non-CRKP strains[27–29]. Klebsiella
pneumonia is also an independent risk factor of mortality for patients within suspected infections when
they admitted to non-surgical ICU in this study.

The emergence of MDR infections is a threat in ICUs and high rates of drug resistant pathogens have
been reported globally. There is an alarming increase in drug resistant Gram-negative infections[30].In
2017, the World Health Organization classified carbapenem-resistant Enterobacteriaceae, carbapenem-
resistant Pseudomonas aeruginosa(CRPA), and carbapenem-resistant Acinetobacter baumannii(CRAB) as
critical-priority pathogens[31]. Carbapenem resistance may result from the hydrolysis of the β-lactam
ring by specific carbapenemases, or from altered membrane permeability caused by efflux pump
overexpression or porin mutations, accompanied by the production of extended-spectrum β-lactamases
(ESBLs). Carbapenemases belong to Ambler class A or class D serine β-lactamases, as well as Ambler
class B metallo-β-lactamases (MBLs)[32, 33]. Patients with infections of Klebsiella pneumonia,
Stenotrophomonas maltophilia, Escherichia coli, and Pseudomonas aeruginosa are more prone to
developing multidrug-resistant bacterial infections in non-surgical ICU in our study.

Machine learning is a branch of artificial intelligence that learns from data through computational
modeling. Advanced models can capture high-order relationships between covariates and clinical
outcomes in large medical datasets, making them widely applicable to complex medical problems and
generally outperforming traditional statistical methods, especially for big healthcare data analysis[34].
Notably, machine learning algorithms exempt strict statistical assumptions such as independent
observations and multicollinearity. Multiple algorithms including random forests, Bayesian networks and
support vector machines are available for predictive modeling. Still, it remains uncertain which
algorithms are superior for disease prediction. In our study, LR as conventional statistical methods,
performed best among all machine learning models.

Most previous predictive models for ICU infections were limited to a single pathogen (e.g. CRE, CRAB) or
a single infection site(e.g. ventilator-associated pneumonia, bloodstream infection)[17, 27, 35]. This
study has the following strengths: broad coverage to simultaneously predict all-cause mortality and MDR
infection; multicenter representativeness with data collected from 72 ICUs across 16 provinces in China,
which improves the external validity of the model; and high clinical practicability, as the selected
variables (APACHE II score, infection site, and common pathogens) are all routinely recorded clinical
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data in ICUs. However, consistent with most existing similar models, the present model still has certain
limitations in predicting MDR infections, with an AUC of 0.86. This may be partly attributed to the failure
to incorporate antibiotic exposure history, local prevalence of drug-resistant pathogens, and host genetic
factors.

Several limitations still need to be addressed in our study. Firstly, we were unable to calculate the precise
rate of suspected infections in the source population due to incomplete screening data for all ICU
admissions and the results may not be applicable to surgical ICUs, pediatric ICUs, or emergency
departments. Secondly, it is difficult to differentiate between community-acquired and hospital-acquired
infections in newly admitted patients with suspected infections. Thirdly, MDR was defined as acquired
non-susceptibility to at least one agent in three or more antimicrobial categories, without distinguishing
between inducible resistance and intrinsic resistance. Despite these limitations, this is the first
nationwide study in China to employ machine learning algorithms for identifying independent risk factors
for both mortality and MDR infections among patients with suspected infections on ICU admission.

Conclusion
his secondary analysis of a national multicenter cohort developed and validated a logistic regression
model for predicting in‑hospital mortality and multidrug‑resistant infection among non‑surgical ICU
patients with suspected infection. Distinct risk factor profiles were identified in this medical subgroup
compared with the overall cohort. APACHE II score and Klebsiella pneumoniae infection were
independent predictors of mortality, while multiple infection sites and a broader spectrum of pathogens
were associated with MDR infection. These findings highlight the heterogeneity of risk factors between
surgical and non‑surgical critically ill patients. The present model may facilitate individualized risk
stratification, support early recognition of high‑risk patients, and guide antimicrobial stewardship and
infection control strategies for non‑surgical critically ill patients with suspected infection.
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Figures

Figure 1

Flow chart of hospital recruitment and patient enrollment. Provinces in mainland China were divided
into seven geographical regions. A total of 2614 patients from 72 hospitals were included in this study
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Figure 2

Receiver operating characteristic (ROC) curves of the prediction model for mortality of patients with
suspected infections in non-surgical ICU conducted by machine learning algorithms
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Figure 3

Nomogram for mortality. To estimate the probability of mortality, mark patient value at each axis, draw
a straight line perpendicular to the point axis, and calculate the points for all variables. Then mark the
sum on the total point axis and the points met the risk axis
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Figure 4

Receiver operating characteristic (ROC) curves of the prediction model for multidrug resistance of
patients with suspected infections in non-surgical ICU conducted by machine learning algorithms
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Figure 5

Nomogram for multidrug resistance. The value of variable was given a score on the point scale axis. To
estimate the risk of the time of first postoperative defecation, a total score could be calculated by each
axis and could be projected to the lower total point scale
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