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Objective: Multidrug-resistant organisms (MDROs) complicate hospital-acquired and ventilator-associated pneumonia (HAP/VAP).
We aimed to develop and validate a machine learning (ML) model to predict MDR risk in pneumonia patients and assess its utility for
clinical decision support.

Patients and Methods: We developed multiple ML models using data from the MIMIC-IV database (n=802). Feature selection was
performed using LASSO regression and chi-square tests. Four models—Logistic Regression, Random Forest, XGBoost, and
LightGBM—were trained, tuned, and calibrated. Model performance was evaluated using ROC curves and calibration plots. The
final model was selected based on discrimination, calibration, and interpretability (assessed via SHAP). External validation on an
independent cohort from a Chinese tertiary hospital (n=213) demonstrated the reproducibility and generalizability of its performance.
Results: Among the evaluated ML models, Logistic Regression demonstrated the best overall performance. On the MIMIC-IV
internal test set, it achieved an area under the curve (AUC) of 0.798 (95% CI: 0.718-0.872) with an accuracy of 0.807. External
validation on an independent Chinese cohort confirmed the model’s robust generalizability, achieving an AUC of 0.845. SHAP
analysis identified key predictive features consistently across both cohorts, including the systemic immune-inflammation index (SII),
albumin level, C-reactive protein-to-albumin ratio (CAR), number of antibiotic classes, white blood cell count (WBC), and absolute
lymphocyte count (LYM abs). All of these features were significantly associated with MDR risk.

Conclusion: Multiple ML models effectively predicted MDR infections in pneumonia patients, with Logistic Regression exhibiting
particularly strong overall performance. Model reliability was enhanced through feature selection and probability calibration, while
interpretability was improved by SHAP analysis. External validation confirmed the generalizability of our approach, supporting its
potential application in clinical infection control. Future studies should focus on validation and the integration of more diverse clinical
data sources.
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Introduction

Pneumonia remains a formidable and persistent global public health challenge, representing the leading infectious cause
of death worldwide with staggering morbidity and mortality across all age groups and geographical regions.' According
to the Global Burden of Disease (GBD) systematic analyses, lower respiratory tract infections rank among the top four
leading causes of death globally, accounting for nearly 4 million annual deaths, with pneumonia constituting the primary
pathological driver of this overwhelming disease burden.”* Community-acquired pneumonia (CAP), the most prevalent

clinical form of pneumonia, exhibits a mortality rate ranging from 14% to 30% in high-burden regions including sub-
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Graphical Abstract
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disease burden.>*” Beyond its devastating impact on population survival, pneumonia imposes a massive socioeconomic
and healthcare system burden globally. In the United States alone, pneumonia was associated with an estimated total
treatment cost of $6.4 billion in 2017, and it persists as a leading cause of death among children under 5 years of age in
low-income countries and older adults in high-income nations.*’” In China, pneumonia is one of the most common
infectious diseases among both hospitalized medical and surgical patients. Compelling clinical evidence indicates that
patients with pneumonia caused by multidrug-resistant (MDR) pathogens experience a 6.4—12.7 day prolongation of
hospital length of stay compared to those with antibiotic-susceptible infections,® alongside significantly elevated risks of
severe clinical complications and all-cause mortality.” ' These epidemiological findings highlight the substantial and
growing healthcare demands imposed by pneumonia, particularly the MDR pathogen-associated subtype, and underscore
an urgent unmet clinical need for accurate and early prediction of drug-resistant pneumonia to optimize antimicrobial
stewardship and improve patient outcomes.

The widespread use of broad-spectrum antimicrobial agents has led to a rising prevalence of MDR, which has become
a major obstacle in pneumonia treatment. Based on international expert consensus, MDR is defined as acquired non-
susceptibility to at least one agent in three or more antimicrobial categories.'> Among patients with hospital-acquired
pneumonia (HAP) and ventilator-associated pneumonia (VAP), MDR Gram-negative bacteria have emerged as predo-
minant pathogens.”'®> These strains rapidly develop resistance through diverse mechanisms, including chromosomal
mutations in two-component systems, deletion of the membrane protein gene mgrB, and acquisition of mobile colistin
resistance (mcr) genes. Such mechanisms lead to resistance to critical antibiotics like colistin and carbapenems.'®
Infections with these MDR pathogens severely limit treatment options, resulting in significantly higher therapeutic
failure and mortality rates. Therefore, MDR is widely regarded as a key determinant of clinical outcomes in pneumonia

2 https: Infection and Drug Resistance 2026:19



Lan et al

patients. Conventional culture-based antimicrobial susceptibility testing remains the clinical standard but requires
48-72 hours to complete.'> This prolonged turnaround time often fails to meet the urgent need for timely and precise
treatment decisions in critically ill pneumonia patients. Furthermore, existing clinical prediction scores demonstrate
limited performance in identifying MDR infections, providing inadequate support for early risk stratification.

In recent years, machine learning (ML) has emerged as a promising alternative to overcome these challenges. ML has
demonstrated remarkable success across various medical domains, including pneumonia diagnosis. For instance, Vyas
and Khadatkar developed an ensemble framework integrating deep learning architectures with machine learning
classifiers (DLXMLC) for pneumonia classification using chest X-rays. This approach adopted modified VGG19,
ResNet50V2, and DenseNet121 for high-dimensional feature extraction from chest radiographs, paired with mainstream
machine learning classifiers, and achieved an exceptional diagnostic accuracy of up to 99.98% in binary pneumonia
identification.'® Meanwhile, a comprehensive systematic review by Siddigi and Javaid further confirmed that deep
learning-based methods, represented by convolutional neural networks, transfer learning and ensemble learning strate-
gies, have become the mainstream technical route for chest X-ray-based pneumonia detection, which can effectively
address the subjectivity and inefficiency limitations of conventional manual radiograph interpretation in clinical
practice.'” Furthermore, researchers have extended ML applications to prognostic tasks. Cilloniz et al applied a causal
probabilistic network to predict 30-day mortality in community-acquired pneumonia, outperforming traditional severity
scores.'® Similarly, Cui et al constructed models using the MIMIC-IV database to identify risk factors for multidrug-
resistant organism (MDRO) infections in ventilator-associated pneumonia patients, with XGBoost demonstrating super-
ior predictive performance.lg Furthermore, large-scale multi-database studies, such as that by Chen et al, have validated
the robustness of ML models for pneumonia mortality prediction across diverse healthcare systems.?’ Despite these
advances, significant gaps remain. As highlighted in a comprehensive review by Kim et al, most AMR prediction models
are limited by their reliance on single-center or public databases, such as MIMIC, and lack rigorous external validation in
geographically distinct populations.”' Models trained solely on Western cohorts may not generalize well to Asian
populations due to differences in pathogen epidemiology, host genetics, and clinical practices. Moreover, many existing
models prioritize predictive performance over interpretability, creating “black boxes™ that hinder clinical adoption.?' Few
studies have systematically compared multiple algorithms while simultaneously providing both global and local
explanations through SHAP analysis. Consequently, there is an urgent need for an interpretable ML model that is
rigorously developed on a large public database and externally validated in an independent Asian cohort to ensure its
generalizability and clinical utility. This study aims to address these gaps by developing and validating an interpretable
ML model for predicting MDR pneumonia, integrating data from the MIMIC-IV database and a Chinese cohort, with
comprehensive SHAP-based interpretability.

Materials and Methods
Study Design and Data Sources

This retrospective cohort study developed a prediction model for MDR using two independent cohorts and evaluated its
performance. The development cohort data were extracted from the Medical Information Mart for Intensive Care IV
(MIMIC-IV, version 3.1) database, a single-center critical care repository developed by the Massachusetts Institute of
Technology and Beth Isracl Deaconess Medical Center (BIDMC), with support from the National Institutes of Health
(NIH).** This database includes comprehensive de-identified clinical data of patients admitted to the ICU at BIDMC
between 2008 and 2019, covering demographics, vital signs, laboratory test results, International Classification of
Diseases (ICD) diagnosis codes, medication administration records, and antibiotic susceptibility test results. The database
is hosted on the PhysioNet platform, and the study protocol was approved by the Institutional Review Board of BIDMC
with a waiver of informed consent due to the retrospective, de-identified nature of the data.

We screened adult patients (aged >18 years) with a diagnosis of pneumonia admitted to the ICU during the study
period. Pneumonia was identified using ICD-9 and ICD-10 codes, with no restriction on pneumonia subtype. The
exclusion criteria were as follows: (1) repeated ICU admissions during the study period (only the first admission was
included); (2) missing complete antibiotic susceptibility test results; (3) missing core laboratory data (complete blood
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count, clinical chemistry) and comorbidity records required for model development. Data extraction was performed using
structured query language (SQL) based on unique patient identifiers. We first retrieved 2000 randomly selected patients
who met the preliminary inclusion criteria, then matched their antibiotic resistance profiles, core laboratory data, and
comorbidity data via patient IDs. After applying the exclusion criteria, a total of 803 patients with complete clinical and
drug susceptibility records were initially enrolled; 1 patient was excluded due to missing primary outcome data, resulting
in a final development cohort of 802 patients.

An independent external validation cohort was established using retrospective data from the inpatient management
system of Jilin Provincial People’s Hospital, with exactly the same inclusion and exclusion criteria as the development
cohort. Patients with pneumonia admitted to the hospital between January 2024 and June 2025 were consecutively
enrolled. The final validation cohort included 213 adult patients, among whom 44 were in the MDRO group and 169
were in the non-MDRO group. The study protocol was approved by the Ethics Committee of Jilin Provincial People’s
Hospital (Approval No. 2025163), with a waiver of informed consent for this retrospective study. The detailed patient
screening and enrollment process for both cohorts is shown in Figure 1.

Outcomes and Features

Following data processing, 49 variables were retained for analysis. These comprised demographic characteristics (sex,
age), comorbidities (hypertension, diabetes, hyperlipidemia, chronic obstructive pulmonary disease (COPD), cancer,
cerebral infarction, coronary heart disease, emphysema, tuberculosis), results from 24-hour routine blood tests, (hemo-
globin, mean corpuscular volume (MCV), mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin con-
centration (MCHC), white blood cell count (WBC), red blood cell count (RBC), hematocrit (HCT), platelet count (PLT),

MIMIC-IV-3.1 Patients with 859 patients with pneumonia from
Pneumonia (aged >18 years) (n=2000) January 2024 to June 2025 in Jilin, China

exclusion criteria (n=646):
Patients aged <18 years
Patients with department of
respiratory medicine or [CU
> stay <24hours
Non-first admissions
No history of drug resistance

exclusion criteria (n=1198):
Patients with ICU stay
<24hours
Non-first admissions
No history of drug

resistance . L .
Biochemical indicators with
missing values exceeding
20%
Screened out the final eligiblepatients Screened out the final eligiblepatients
(n=802) (n=213)

Patients were grouped based on

microbiological tests and drug

susceptibility, and resistance to
three or more classes of

antimicrobial agents was defined
as multidrug resistance (MDRO)

MDRO: n=161 MDRO: n=44
Non MDRO: n=641 Non MDRO: n=169

Figure | Patient selection flowchart. This flowchart illustrates the process of patient selection from the MIMIC-IV database (training/internal validation cohort) and
a hospital in Jilin, China (external validation cohort). Exclusion criteria are detailed in the boxes. Patients were ultimately divided into multidrug-resistant organism (MDRO)
and non-MDRO groups based on microbiological tests and drug susceptibility testing. Multidrug resistance was defined as resistance to three or more classes of antimicrobial
agents.
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mean platelet volume (MPV), platelet large cell ratio, absolute basophil count, basophil percentage (BASO pct), absolute
neutrophil count (NEUT abs), neutrophil percentage (NEUT pct), absolute lymphocyte count (LYM abs), neutrophil-to-
lymphocyte ratio, lymphocyte percentage (LYM pct), platelet-to-lymphocyte ratio (PLR), monocyte absolute count
(MONO abs), monocyte percentage (MONO pct), lymphocyte-to-monocyte ratio), and 24-hour biochemical indicators
(aspartate aminotransferase (AST), alanine aminotransferase (ALT), AST/ALT ratio, total bilirubin, total protein,
albumin, creatinine, high-sensitivity C-reactive protein (hs-CRP), C-reactive protein-to-albumin ratio, adenosine deami-
nase, alkaline phosphatase, platelet distribution width (PDW), blood urea nitrogen (BUN), red blood cell distribution
width (RDW)), in addition to the number of antibiotic classes used. Two composite indices were calculated: the systemic
immune-inflammatory index (SII), determined as (neutrophil count x platelet count) / lymphocyte count, and the
C-reactive protein-to-albumin ratio (CAR), which reflects both acute inflammation and nutritional status. The primary

outcome, MDR, was defined as resistance to at least three classes of antimicrobial agents.lg’23

Data Preprocessing and Train-Test Splitting

The foundational dataset for model training and internal testing comprised 802 patients extracted from the MIMIC-IV
version 3.1 database. An additional external validation set was obtained from a local hospital information management
system. Variables were referenced using a predefined column sequence to ensure consistency. The foundational dataset
was split into training and internal testing sets, with MDR used as a stratification variable to maintain consistent event
rates and minimize sampling bias. The training set underwent comprehensive preprocessing. Binary variables were
converted to Pandas Int64 type to accommodate missing values; Continuous variables and label columns were uniformly
cast as float64 and Int64, respectively; Missing values in continuous variables were imputed iteratively using
Iterativelmputer; Skewed distributions were corrected via the Yeo—Johnson transformation implemented in
PowerTransformer; Extreme values were winsorized based on quartiles (Q1, Q3) and the interquartile range (IQR)
derived from the training data. Continuous variables with low variance were removed using VarianceThreshold.
Redundant variables were eliminated by identifying highly correlated pairs (Jr] > 0.9) in the Pearson correlation matrix.
The remaining continuous features were standardized using z-score normalization and subsequently filtered using L1-
regularized logistic regression. Binary variables were handled by filling missing values with 0 and selecting those with
p-values < 0.05 in chi-square tests. The resulting continuous and categorical features were concatenated into the final
training feature matrix. All preprocessing parameters were fitted exclusively on the training set to prevent data leakage.

Feature Selection

For binary categorical variables: The chi-square test was used for initial screening, with variables with a two-sided
p-value < 0.05 retained. For continuous variables: Least absolute shrinkage and selection operator (Lasso) regression was
applied for dimensionality reduction using an Ll-regularized logistic model (C = 1.0). Variables with non-zero
coefficients were retained. After feature selection, a total of 23 predictors (2 binary variables and 21 continuous
variables) were included in the final feature matrix for model development, age and gender were excluded after variable
selection and are not presented. The distribution differences of the selected variables between the MDR and non-MDR
groups were visualized via boxplots (for continuous variables) and bar plots (for categorical variables).

Model Development and Class Imbalance Handling

Four candidate models were constructed: logistic regression (LR), random forest (RF), extreme gradient boosting
(XGBoost), and light gradient boosting machine (LightGBM). LR serves as the conventional benchmark for clinical
prediction due to its statistical robustness, transparent coefficient-based interpretation, and ease of clinical implementa-
tion; ensemble tree-based models (RF, XGBoost, LightGBM) can effectively capture nonlinear relationships and higher-
order feature interactions in structured clinical data, and have been widely applied in infectious disease risk
prediction.?*2°

To address the class imbalance between the MDR and non-MDR groups, dynamic class weights were calculated

based on the event rate in the training set. For LR, RF, and LightGBM, class weights were incorporated via the
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class weight parameter; for XGBoost, the scale pos weight parameter was used for imbalance correction, with this
parameter optimized simultaneously during hyperparameter tuning.

For each candidate model, a comprehensive hyperparameter grid was predefined, covering core parameters affecting
model performance (including regularization strength, maximum tree depth, learning rate, number of estimators,
minimum sample split, and L1/L2 regularization terms). Optimal hyperparameters were determined via 5-fold stratified
cross-validation on the training set, with the area under the receiver operating characteristic curve (AUROC) as the
primary optimization metric. The LR model, which demonstrated the best overall performance in internal validation, was
selected for external validation and in-depth interpretability analysis.

Model Performance Evaluation

The performance of all candidate models was systematically evaluated from three core dimensions: Discrimination: The
primary metric was AUROC, which quantifies the model’s ability to distinguish between patients with and without MDR
infection. Secondary metrics included accuracy, sensitivity, specificity, precision, and Fl-score. The 95% confidence
intervals (CIs) for all metrics were calculated via the bootstrap method with 1000 resamples; Calibration: The consistency
between predicted probabilities and actual observed MDR risk was evaluated via calibration curves (plotted with 1000-
bootstrap resampling); Clinical utility: Decision curve analysis (DCA) was performed to quantify the net benefit of the model
across a range of threshold probabilities, compared with the default “treat-all” and “treat-none” strategies.

Model Calibration

To improve the reliability of probabilistic output for clinical decision-making, isotonic regression was used to calibrate
the predicted probabilities of all candidate models. To further optimize the smoothness of calibrated probabilities,
a binning-based manual recalibration approach was implemented: predicted probabilities were grouped into deciles,
and the observed MDR positivity rate in each bin was used to recalibrate predicted probabilities while preserving the
relative ranking of predicted risks. The discrimination and calibration performance of models before and after recalibra-
tion were compared to balance the trade-off between discrimination and calibration.

Model Interpretability Analysis
The LR model, which demonstrated the best comprehensive performance in internal validation, was selected as the
final model for in-depth interpretability analysis. Although traditional LR coefficients can provide population-level
average associations between predictors and outcomes, they cannot quantify the individualized contribution of
each predictor to a specific patient’s predicted risk, nor can they adequately visualize nonlinear effects. Tree-based
ensemble models are also considered “black box” models with limited intrinsic transparency due to their complex
internal structure. To address these limitations, we applied the SHapley Additive exPlanations (SHAP) framework,
a game theory-based explainable artificial intelligence method that decomposes model predictions into additive
feature contributions.”’” ° SHAP analysis enables both global and individualized interpretability:

Global interpretability: A SHAP beeswarm plot was generated to illustrate the overall feature importance ranked by
mean absolute SHAP values, and to visualize the direction of correlation between each feature and predicted MDR risk.

Individualized interpretability: SHAP dependence plots were generated for the top 4 most important continuous
variables to visualize their marginal effects on model predictions and explore potential feature interactions.

External Validation

For external validation, the independent local hospital cohort was processed using the preprocessing workflow and
parameters derived from the training set, with no refitting or reoptimization performed on the external validation data.
The final LR model was applied to the preprocessed external validation feature matrix to generate predicted MDR risk
probabilities. Model performance in the external validation cohort was evaluated using all metrics specified in Section
Model Performance Evaluation, and performance was compared with the internal test set to assess the model’s robustness
and cross-population generalizability.
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Statistical Analysis
For baseline characteristics analysis, normally distributed continuous variables are presented as mean # standard
deviation, while non-normally distributed continuous variables are presented as median (interquartile range, IQR).
Categorical variables are expressed as frequency (percentage). Between-group comparisons (MDR vs non-MDR groups)
were performed using the Student’s #-test or Mann—Whitney U-test for continuous variables, and the chi-square test or
Fisher’s exact test for categorical variables. Statistical significance was defined as p < 0.05.

All statistical analyses, data preprocessing, and model development were performed using Python version 3.12, with
libraries including scikit-learn, xgboost, lightgbm, shap, pandas, and numpy.

Results

Patient Demographic Characteristics

A total of 1015 hospitalized patients from two independent cohorts: the MIMIC-IV public database cohort (n=802),
which included 161 multidrug-resistant (MDR)-positive cases (positivity rate 20.1%), and an external validation cohort
from a local hospital (n=213), which included 44 MDR-positive cases (positivity rate 20.7%). The Chi-square test
revealed no statistically significant difference in MDR positivity rates between the two cohorts (x*=0.058, p=0.810). The
mean age was 65.6 years in the MIMIC-IV cohort and 74.3 years in the local validation cohort, with male patients
comprising 55.6% and 57.3% of the respective cohorts. Table 1 presents all variables retained after feature selection in
both the training set (the MIMIC-IV dataset) and validation sets.

Table | Characteristics of Multidrug-Resistant versus Non-Multidrug-Resistant Patients from the MIMIC-IV and Local
Hospital Databases

Variable Chinese Hospital Datasets MIMIC Datasets
Non-MDROs (n=169) MDROs (n=44) P Non-MDROs (n=641) MDROs (n=161) P

Age 74.00 (66.00,81.00) 75.50(66.00,84.25) 0.43 65.00(55.00,74.00) 68.00(58.00,79.00) 0.02
Number antibiotic classes 0.00(0.00,20.00) 25.00(21.00,25.00) <0.01 9.00(7.00,13.00) 12.00(9.00,13.00) <0.01
HGB (g/dL) 12.40 (10.90, 13.80) 11.45(9.85, 13.12) 0.06 12.55(10.90,13.90) 12.20(10.60,13.50) 0.07
MCH (pg) 31.10(29.60,32.30) 30.85(29.32,32.02) 0.25 29.95(28.28,31.50) 29.80(28.20,31.70) 0.86
MCHC (g/dL) 33.30(32.60,34.10) 33.35(31.98,34.00) 0.57 32.90(31.80,33.90) 32.75(1.55) 0.61
WBC (10°/L) 8.39(6.33,12.79) 8.87(6.33,11.09) 0.80 7.88(6.08,10.54) 8.61(6.72,12.18) 0.0l
PLT (10%/L) 209.00(169.00, 277.00) 224.50(180.25, 288.50) 0.44 239.00(185.00,295.00) 231.00 (171.75, 297.50) 0.38
BASO pct (%) 10.00(0.00,30.00) 20.00(0.00,30.00) 0.43 1.20(0.30,2.50) 1.30(0.40,2.80) 0.38
NEUT abs (10°/L) 6.59(4.33,10.00) 7.13(4.14,8.95) 0.96 6.11 (4.07, 9.18) 5.94(3.88, 9.40) 0.89
LYM abs (10°/L) 1.21(0.71,1.71) 1.10(0.71,1.67) 0.90 1.31(0.84,1.95) 1.11(0.76,1.71) 0.01
NLR (%) 5.42(3.17,11.31) 4.78(2.97,12.07) 0.88 4.46(2.53, 9.08) 5.61(3.40,10.05) 0.04
LYM pct (%) 14.21(7.49,21.31) 14.69(7.13,22.44) 0.69 17.23(8.88, 26.38) 16.37(8.33,27.07) 0.30
PLR 175.78(114.61,318.82) 149.21(119.81,347.29) 0.96 178.70(115.66,273.09) 209.43(117.59,301.26) 0.06
NIl 1161.06(642.30,2644.73) 1155.85(480.92,2958.12) 0.97 1015.44(568.49,2154.31) 1257.12(643.18,2254.76) 0.17
LMR 2.25(1.40,3.65) 2.91(1.58,4.63) 0.14 1.34(0.74,2.27) 1.13(0.62,1.89) 0.01
ALT (u/l) 25.00(19.80,37.80) 26.05(20.55,36.52) 0.62 22.00(15.00,35.00) 20.00(14.00,28.00) 0.0l
Total Bilirubin (mg/dL) 1.09(0.77,1.47) 1.04(0.81,1.46) 1.00 0.50(0.30,0.80) 0.40(0.30,0.70) 0.23
TP (g/L) 64.80(58.85,69.85) 63.80(58.75,67.15) 0.33 25.00(23.00,28.00) 25.50(4.33) 0.20
Albumin (g/dL) 3.54(2.91,4.03) 2.46(2.04,2.69) <0.01 4.27(3.19,5.36) 4.38(2.64,4.25) <0.01
CAR 5.94(5.22,7.75) 6.08(5.13,7.84) 0.99 1.55(0.86,2.69) 1.79(1.03,3.46) 0.02
BUN (mg/dL) 60.80 (45.50, 92.45) 62.55(47.80, 98.58) 0.74 18.00(13.00, 26.00) 20.00(14.00, 28.00) 0.11
Cerebral infarction (%) 0.47 <0.01
No 125(74) 35(80) 520(81) 104(65)

Yes 44(26) 9(20) 121(19) 57(35)

COPD (%) 0.63 0.0l
No 154(91) 39(87) 480(75) 100(62)

Yes 15(9) 5(13) 161(25) 61(38)

Abbreviations: MCH, mean corpuscular hemoglobin; MCHC, mean corpuscular hemoglobin concentration; WBC, white blood cell count; RBC, red blood cell
count; BASO pct, basophil percentage; NEUT abs, absolute neutrophil count; LYM abs, absolute lymphocyte count; NLR, neutrophil-to-lymphocyte ratio; LYM
pct, lymphocyte percentage; PLR, platelet-to-lymphocyte ratio; SlI, systemic immune-inflammation index; MONO pct, monocyte percentage; LMR, lymphocyte-
to-monocyte ratio; ALT, alanine aminotransferase; TP, total protein; CAR, C-reactive protein-to-albumin ratio; COPD, chronic obstructive pulmonary disease.
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Key Predictor Identification for Multidrug-Resistant Organism Infections in Pneumonia
For continuous variables, the Lasso regression analysis revealed considerable variation in the contributions of different
metrics to the MDR outcome. A strong negative association was observed for the systemic immune-inflammation index
(SII) and albumin level, with Lasso coefficients substantially below zero, suggesting an inverse association with MDR
infection risk. In contrast, white blood cell count (WBC), number of antibiotic classes, neutrophil-to-lymphocyte ratio
(NLR), and platelet-to-lymphocyte ratio (PLR) exhibited positive coefficients, indicating increased MDR infection risk.
In terms of coefficient magnitudes, WBC and albumin demonstrated the largest absolute values. The C-reactive protein-
to-albumin ratio (CAR), basophil percentage (BASO pct), and absolute lymphocyte count (LYM abs) also showed
notably high coefficients, identifying them as important continuous predictors. These six variables were selected for
further analysis due to their higher feature importance. Conversely, variables including GHB, lymphocyte percentage
(LYM pct), and blood urea nitrogen (BUN) had coefficients approaching zero, showing minimal predictive contribution
(Figure 2).

Chi-square tests were conducted to screen binary variables, with cerebral infarction and chronic obstructive pulmon-
ary disease (COPD) identified as the only binary variables significantly associated with MDR outcomes. Comparative
plots of the six top continuous variables (selected based on Lasso feature importance) and the two binary variables
(cerebral infarction and COPD) across different groups are presented in Supplementary Figure 1.

Model Performance and Horizontal Comparison

On the internal test set, the Logistic Regression (LR) model demonstrated superior discriminative ability, achieving an
area under the receiver operating characteristic curve (AUROC) of 0.798 (Figure 3A). This performance was notably
higher than that of XGBoost (AUC=0.742), Random Forest (RF, AUC=0.771), and LightGBM (LGBM, AUC=0.715).
A comprehensive comparison of performance metrics, including accuracy, precision, and Fl-score with their 95%
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Figure 2 Standardized regression coefficient plot of candidate predictors based on LASSO logistic regression. The horizontal axis represents the standardized regression
coefficient value of each predictor for multidrug-resistant organism (MDRO). Positive coefficient values (blue bars) indicate risk factors for MDRO, while negative coefficient
values (red bars) indicate protective factors. The vertical axis lists all candidate predictors included in the LASSO regression. The solid black vertical line at x=0 is the zero-
coefficient reference line.
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confidence intervals, is provided in Table 2. While all models maintained high specificity, LR achieved the highest
accuracy (0.807) and AUROC, indicating its strong overall performance for this prediction task.

Figure 3B presents the calibration curves for the four models, comparing a novel manual binning recalibration method
against the default method. The x-axis represents the mean predicted probability, and the y-axis shows the observed event
frequency. For instance, LightGBM’s AUC improved to 0.744 with the new method, outperforming the old method
(AUC=0.709), indicating improved probability estimation. The decision curve analysis depicts the net benefit of each
model (including LR, RF, etc.) and two extreme strategies (treat-all and treat-none) across various threshold probabilities
(Figure 3C).

AUROC before calibration represented the raw predictive performance of uncalibrated baseline models, AUROC
after standard calibration denoted the performance following conventional isotonic calibration (equal-frequency binning),
and AUROC after improved calibration referred to the performance using our modified isotonic calibration that preserves
feature discriminability. As shown in the results, Logistic Regression achieved the highest baseline AUROC (0.798) with
slight increments to 0.802 and 0.806 after standard and improved calibration, respectively. Tree-based models exhibited
more notable performance changes: Random Forest decreased to 0.740 with standard calibration but recovered to 0.763
with our method, while XGBoost and LightGBM both obtained remarkable improvements (0.742 to 0.788 and 0.715 to
0.744, respectively) via improved calibration, in contrast to the declines with standard calibration. The improved
calibration strategy showed higher AUROC values across all models, validating its efficacy in balancing calibrated
probability accuracy and feature discriminability (Table 3).

The distribution of predicted probabilities for multidrug-resistant (MDR) infection risk generated by the four models
is shown in Figure 3D. Most predictions were concentrated in the 0.0-0.4 range, indicating a generally low-to-moderate
predicted risk. Distribution patterns varied among models, with XGBoost showing a peak near 0.2, while LR produced
a more dispersed profile.

The optimally tuned and calibrated LR model was externally validated on an independent cohort from a local hospital
(n=213; 44 MDR-positive, positivity rate=20.7%). To prevent data leakage, all external data were strictly processed using
the preprocessing pipeline and parameters derived exclusively from the internal training set. The model achieved an

AUROC of 0.845 on this external set (Figure 3E), demonstrating consistent discriminative performance across cohorts.

Table 2 Comparison of Model Performance Metrics for Logistic Regression, Random Forest, XGBoost,
and LightGBM Following Internal Validation

Logistic Regression | Random Forest XGBoost LightGBM

AUROC (95% Cl) | 0.798(0.718-0.872) | 0.771(0.690-0.846) | 0.742(0.659-0.826) | 0.715(0.621-0.808)
Accuracy (95% Cl) | 0.807 (0.745-0.870) | 0.800(0.739-0.857) | 0.736(0.702-0.826) | 0.800(0.739-0.857)
Specificity (95% ClI) | 0.992(0.975-1.000) | 0.961(0.925-0.992) | 0.938(0.894-0.976) | 0.984(0.960—1.000)
Precision (95% Cl) | 0.637(0.000-1.000) | 0.502(0.167-0.833) | 0.202(0.000-0.500) | 0.490(0.000—1.000)
FI (old-new) 0.495-0.548 0.482-0.481 0.448-0.481 0.442-0.463

Abbreviations: AUROC, Area under the receiver operating characteristic curve; Cl, Confidence interval; XGBoost, Extreme
gradient boosting; LightGBM, Light gradient boosting machine; FI, Fl-score.

Table 3 Comparison of AUROC Before Calibration, with Original Calibration, and with Improved Calibration Across Logistic
Regression, Random Forest, XGBoost, and LightGBM Models

AUROC Before Calibration | AUROC After Standard Calibration | AUROC After Improved Calibration
Logistic Regression 0.798 0.802 0.806
Random Forest 0.771 0.740 0.763
XGBoost 0.742 0.724 0.788
LightGBM 0.715 0.709 0.744

Abbreviations: AUROC, Area under the receiver operating characteristic curve; XGBoost, Extreme gradient boosting; LightGBM, Light gradient boosting machine.
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Our multidrug-resistant prediction model was compared with two recent studies. Zhao et al (2025) and Cui et al
(2025) achieved optimal internal AUROCs of 0.83 and 0.831 using random forest and XGBoost, yet both lacked
independent external validation and showed limited generalizability from single-center/database designs.'*° Our study
screened four machine learning models and identified logistic regression as optimal. With Lasso-Chi-square dual feature
selection and discrimination-preserving improved isotonic calibration, our model achieved an internal AUROC of 0.798
and an external AUROC of 0.845 via independent external validation. (Supplementary Table 1).

Interpreting Model Predictions: SHAP Analysis Reveals Key Drivers of MDR Risk
SHAP analysis was employed to interpret the predictions of the Logistic Regression model (Figure 4). The plot indicated that
albumin and the systemic immune-inflammation index (SII) substantially influenced the model’s output. Higher albumin
levels were mainly associated with negative SHAP values, indicating a lower predicted risk of multidrug-resistant infection,
lower SII values were mainly associated with negative SHAP values, indicating a lower predicted MDR risk.

sii
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lym_abs

car
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copd

plr
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nlr
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baso pct
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Figure 4 SHAP summary plot for the Logistic Regression model. This plot illustrates the contribution of each predictor to the MDRO risk prediction of the model.
Predictors are ranked from top to bottom according to the magnitude of their predictive contribution (mean absolute SHAP value). The horizontal axis represents the SHAP
value (the magnitude of the variable’s impact on the model’s predicted probability of MDRO). The color gradient represents the normalized value of each variable, from the
minimum value (red) to the maximum value (blue).
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Figure 5 SHAP dependence plots of the top four most influential predictors for the optimal logistic regression model. These plots visualize the marginal effect of a single
predictor on the model’s predicted probability of MDRO, while adjusting for the effects of other predictors. The horizontal axis of each subplot represents the actual value
of the predictor, the vertical axis represents the corresponding SHAP value (the impact of the predictor on the predicted MDRO risk), and the red horizontal dashed line is
the reference line of SHAP=0 (no impact on prediction). (A) systemic immune-inflammation index (SIl); (B) Albumin; (C) white blood cell count(WBC); (D) absolute
lymphocyte count (LYM abs).

Dependence plots for the four most influential variables illustrated their relationships with model predictions
(Figure 5). For SII, lower values were associated with positive SHAP values, which gradually shifted toward negative
as SII increased, suggesting an overall negative association with MDR risk. White blood cell count demonstrated a clear
positive association, with higher values substantially increasing the predicted risk. Albumin showed a predominantly
negative relationship, where higher levels corresponded to lower predicted risk. Similarly, lymphocyte absolute count
exhibited a negative association, with increasing values generally contributing to lower MDR risk.

Discussion

This study developed and validated a logistic regression (LR)-based prediction model for multidrug-resistant (MDR)
pneumonia using the MIMIC-IV database and an independent cohort from a Chinese tertiary hospital. The model showed
robust and stable predictive performance, with an AUC of 0.845 in the external validation cohort, enabling early
identification of nearly 80% of patients at high risk of MDR pneumonia to support timely clinical intervention. We
also identified 6 key predictors of MDR pneumonia, including systemic immune-inflammation index (SII), serum
albumin, C-reactive protein to albumin ratio (CAR), number of antibiotic classes, white blood cell count (WBC), and
absolute lymphocyte count (LYM abs).

We compared the performance of LR with three mainstream machine learning algorithms (random forest, XGBoost,
and LightGBM) through stratified five-fold cross-validation and grid search hyperparameter optimization, with model
stability verified by repeated runs. We found that all included algorithms had comparable overall discrimination, with
AUROC values ranging from 0.715 to 0.798 and overlapping confidence intervals, indicating similar predictive
performance across models. The slightly superior performance of LR in both the development and external validation
cohorts may be attributed to three factors. First, after rigorous feature engineering, the retained predictors appeared to
exhibit largely monotonic or approximately linear relationships with MDR outcomes, which aligns with the linear fitting
mechanism of LR and reduces the advantage of nonlinear ensemble models. Second, for structured clinical data with
moderate sample size and class imbalance, complex ensemble models may be more prone to capturing noise in moderate-
sized structured datasets, whereas LR with lower model complexity and stronger bias constraints exhibits better
robustness and generalizability across independent cohorts. Third, LR is inherently optimized for probabilistic output
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under a logistic link function, showing more stable performance after isotonic calibration, while the discrimination
advantage of ensemble models was partially attenuated after calibration adjustment. Similar observations have been
reported in recent clinical prediction studies, where machine learning methods did not consistently outperform LR in
structured tabular datasets, especially when the underlying associations between predictors and outcomes are primarily
linear.®'-*?

In our study, SII was identified as the top-ranked predictor of MDR pneumonia by SHAP global importance analysis,
with elevated SII showing a strong positive correlation with MDR risk. This finding can be explained by the bidirectional
interaction between systemic inflammation and bacterial drug resistance. Inflammatory processes promote the develop-
ment of drug resistance through multiple pathways, while persistent MDR infections further exacerbate inflammatory
responses, forming a self-reinforcing vicious cycle.>® On the one hand, inflammation recruits neutrophils and leads to
alveolar exudate accumulation, generating a hypoxic and acidic microenvironment that drives the selection of resistant
bacterial strains. Inflammation also disrupts the respiratory microbial barrier, clears commensal microbiota, and promotes
the excessive proliferation of MDR pathogens such as Klebsiella pneumoniae and Pseudomonas aeruginosa, increasing
the risk of resistance gene transmission. Meanwhile, reactive oxygen species and antimicrobial peptides produced during
severe inflammatory responses can induce bacterial stress responses and activate the expression of resistance genes.** On
the other hand, SII, calculated from platelet, neutrophil, and lymphocyte counts, comprehensively reflects the balance
between systemic inflammatory and immune status. Elevated SII, typically characterized by increased platelet and
neutrophil counts combined with decreased lymphocyte count, indicates excessive inflammatory activation and impaired
immune competence, which further increases the susceptibility to MDR infections.®> Consistent with our findings,
previous studies have reported that elevated SII is not only associated with the severity of pneumonia, but also has
predictive value for the presence of extended-spectrum beta-lactamase (ESBL)-producing strains and other drug-resistant
pathogens.*®*’

We also found that LYM abs and serum albumin were negatively correlated with MDR pneumonia risk, while CAR,
number of antibiotic classes, and WBC were positively correlated with MDR risk, all of which were verified as
independent predictors by SHAP analysis. The inverse association between LYM abs and MDR risk is primarily
attributed to immunosuppression caused by lymphopenia. Impaired T-cell and B-cell function leads to reduced antigen
presentation and antibody production, which permits the proliferation of resistant bacterial mutants.*® *° Meanwhile,
lymphocytes are the primary source of interferon-gamma (IFN-y), which enhances the bactericidal capacity of macro-
phages; IFN-y deficiency caused by lymphopenia can directly reduce antibiotic efficacy and promote the survival of
resistant strains.*' For the association between hypoalbuminemia and elevated MDR risk, three core mechanistic
pathways are supported by our findings. First, as a negative acute-phase reactant, serum albumin is critical for
maintaining normal immune cell function; hypoalbuminemia suppresses the respiratory burst of phagocytes, impairs
bactericidal capacity, and creates a survival advantage for resistant bacterial mutants. Second, hypoalbuminemia
significantly compromises the efficacy of highly protein-bound antibiotics (including B-lactams, carbapenems, and
vancomycin), by altering the pharmacokinetic/pharmacodynamic (PK/PD) profile and reducing the probability of target
attainment, which further drives the selection of resistant strains. Third, hypoalbuminemia is often accompanied by tissue
edema, poor perfusion, and local acidosis, which can stimulate bacterial efflux pump systems and enhance biofilm
formation, further increasing antibiotic minimum inhibitory concentrations and promoting the development of drug
resistance.

Despite its methodological strengths, including robust external validation, this study has limitations. First, our study
adopted a cross-sectional design, which cannot establish definitive causal relationships between the identified predictors
and MDR pneumonia outcomes, and reverse causality cannot be completely excluded. To mitigate this bias, we strictly
defined the time window of predictor collection within 24 hours after hospital admission, prior to the identification of
MDR pathogens. Future prospective cohort studies are needed to verify the causal relationship between these predictors
and MDR pneumonia, and to evaluate whether targeted intervention for these risk factors can reduce the incidence of
MDR infections. Second, the external validation cohort was recruited from a single tertiary hospital in China, which may
limit the generalizability of the model to primary care settings, pediatric populations, or other regional populations with
distinct pathogen epidemiology and antibiotic prescribing practices. Multi-center, multi-regional prospective validation is
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needed in future studies to further verify the robustness of the model. Third, although we employed multiple imputation
to handle missing data and verified that data were missing at random, the imputation method assumes a multivariate
Gaussian distribution, which may not fully represent highly skewed inflammatory markers, and estimation bias cannot be
completely excluded. Finally, due to data privacy regulations, we were unable to collect long-term follow-up data, which
precluded the evaluation of the model’s long-term prognostic utility for outcomes such as MDR recurrence and long-term
mortality.

Conclusion

This study aimed to develop and validate an interpretable logistic regression model for early risk prediction of multidrug-
resistant (MDR) bacterial infections in patients with pneumonia, with model development based on the large-scale
MIMIC-IV database, and independent external validation conducted in a single-center Chinese tertiary-care cohort. The
model achieved favorable discriminative performance, with an area under the receiver operating characteristic curve
(AUC) of 0.798 in the held-out internal test set (n=802), and maintained stable predictive performance with an AUC of
0.845 in the independent Asian external validation cohort. These results demonstrate that the model has limited
overfitting and stable predictive ability across two geographically and ethnically distinct cohorts, rather than confirming
broad generalizability. Following standardized isotonic calibration, the model showed good calibration (Hosmer-
Lemeshow test, p>0.05). Decision curve analysis indicated the potential clinical utility of the model, which achieved
a higher net benefit than the treat-all and treat-none strategies within the 10-60% threshold probability range. In
summary, this study provides a reliable, fully interpretable tool for early risk stratification of MDR pneumonia in
hospitalized adult patients. We explicitly note that further large-scale, multi-center, multi-regional prospective validation
across diverse healthcare settings, age groups, and ethnic populations is required to confirm the broad generalizability of
the model, prior to its widespread clinical implementation.
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