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Abstract

Background/Objectives: Cefoperazone–sulbactam is frequently prescribed to older inpa-
tients for severe infections but has been associated with coagulation abnormalities, partic-
ularly among individuals with malnutrition or hepatic dysfunction. Early identification
of at-risk patients remains challenging. To develop and validate a clinically interpretable
model for predicting cefoperazone–sulbactam-related coagulation abnormalities in elderly
inpatients and to provide practical tools for bedside risk estimation. Methods: We con-
ducted a retrospective, dual-center study of 485 patients aged ≥ 60 years treated at Fuxing
Hospital and Xuanwu Hospital of Capital Medical University who received cefoperazone–
sulbactam for ≥72 h. Baseline clinical and demographic variables were analyzed using
univariate and multivariable logistic regression to identify independent risk factors. Ten
supervised machine-learning models were trained and evaluated using area under the
ROC curve (AUC), accuracy, sensitivity, specificity, precision, and F1-score. SHapley Ad-
ditive exPlanations (SHAP) were applied to assess model interpretability. A nomogram
was constructed from the final logistic regression model, and a web-based calculator was
developed for clinical use. Results: Multivariable analysis identified age ≥ 75 years,
hypoproteinemia, total parenteral nutrition, insomnia, and recent oral antibiotic use as
independent predictors of coagulation abnormalities. Among machine-learning models,
LightGBM achieved the best overall performance by AUC and balanced classification
metrics. SHAP analyses provided individualized and global explanations of feature con-
tributions, facilitating clinical interpretation. The nomogram and web calculator enable
rapid, patient-specific risk estimation. Conclusions: An interpretable machine-learning
approach, complemented by a nomogram and web calculator, accurately stratifies the risk
of cefoperazone–sulbactam-induced coagulation abnormalities in elderly inpatients. These
tools may support personalized risk evaluation and earlier preventive interventions in
routine care. The web-based calculator facilitates rapid bedside risk estimation and may
help guide earlier monitoring and preventive interventions in routine care.

Keywords: cefoperazone–sulbactam; coagulation abnormality; elderly inpatients; machine
learning; SHAP interpretability

1. Introduction
Cefoperazone–sulbactam, a commonly used β-lactam/β-lactamase inhibitor combi-

nation, is widely prescribed for severe infections in older inpatients, such as pneumonia,
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urinary tract infection, and intra-abdominal sepsis [1–3]. Due to its broad-spectrum an-
timicrobial activity and effectiveness against extended-spectrum β-lactamase-producing
organisms, cefoperazone–sulbactam is a first-line empirical therapy in many tertiary care
institutions. In older people who tend to have comorbidities, compromised immune sys-
tems, and prolonged hospitalizations, cefoperazone–sulbactam provides reliable coverage
in cases of polymicrobial nosocomial infections [1,3,4]. Despite that, its wide application in
older patients also calls for close surveillance of drug-associated adverse events, especially
those that are insidious or not correctly estimated in the routine care [5–7].

Although clinically valuable, cefoperazone–sulbactam has been implicated in co-
agulation dysfunction, such as prolonged prothrombin time (PT) and activated partial
thromboplastin time (APTT), as well as bleeding events. These complications often go
underdiagnosed, especially in elderly patients with multiple comorbid conditions [8,9].
Possible mechanisms include suppression of synthesis of vitamin K–dependent clotting
factors, possibly by the N-methylthiotetrazole (NMTT) side chain of cefoperazone, and
alteration of intestinal flora, which diminishes the production of endogenous vitamin K.
Older adults are at higher risk of being susceptible to these effects caused by age-related
hepatic insufficiency, lowered dietary intake, reduced diversity of gut flora, and more
commonly used broad-spectrum antibiotics, or antiplatelet drugs [2,9–11].

In a clinical setting, these alterations may be subtle or identified only in the setting of
bleeding complications. Considering the high utilization rate of cefoperazone–sulbactam in
geriatric medicine, it is clinically significant to take a proactive role in recognizing patients
who carry a higher risk, which is currently lacking.

Although several case reports and pharmacovigilance studies have reported on co-
agulopathy related to cefoperazone, few attempts have been made to identify patients at
the highest risk. Much of the literature to date has been univariate or has detected bleeds
post hoc and, therefore, provides little indication for prospective clinical decision-making.
However, there are no established methods for assessing coagulation risk before or while
antimicrobial treatment is performed in older people [8,12,13].

This lack of risk stratification is particularly problematic in frail older patients, who
frequently present with overlapping risk factors, i.e., malnutrition, polypharmacy, liver
insufficiency, and insomnia, which together may enhance their vulnerability [14,15]. In
the absence of predictive guidance, clinicians have to rely on their judgment, which could
delay therapy or, conversely, result in continuation of treatment in low-risk subjects.

Because there were no established risk stratification systems for antibiotic-associated
coagulopathy, the present study attempted to develop an easily applicable prediction model
for detecting the development of coagulation abnormalities in elderly inpatients receiving
treatment with cefoperazone–sulbactam. We first used multivariable logistic regression
to identify independent clinical risk factors with retrospective data from two tertiary care
hospitals. To further enhance predictive performance and explore algorithmic alternatives,
we implemented and compared ten supervised machine learning models. Machine learn-
ing methods can model complex nonlinear relationships and interactions among clinical
variables, which may improve risk stratification when multiple overlapping geriatric risk
factors coexist. This complements regression-based tools by providing an algorithmic
alternative when conventional models may be limited in capturing such complexity.

We also applied SHapley Additive exPlanations (SHAP) to enhance interpretabil-
ity and provide individualized explanations of feature contributions. We constructed a
nomogram for bedside use and developed a web-based tool to support real-time clinical
decision-making. The aim of this integrative process was early identification of risk, thera-
peutic approach guide extension, belonging to the clinical admittance, and patient safety
by antibiotics management.
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2. Materials and Methods
2.1. Study Population and Data Collection

This was a retrospective observational study performed at 2 tertiary hospitals in Bei-
jing, namely Fuxing Hospital and Xuanwu Hospital of Capital Medical University. Elderly
inpatients (aged ≥ 60 years) who received intravenous cefoperazone–sulbactam treatment
for at least 72 h between August 2020 and August 2024 were considered for inclusion.
We clarified that ≥72 h is an inclusion criterion (minimum exposure), while outcome as-
certainment spans hospitalization after initiation. Patients with pre-existing coagulation
defects, concomitant anticoagulant treatment, and incomplete medical records were ex-
cluded. Pre-existing coagulation defects were defined as any documented congenital or
acquired coagulation disorder (e.g., hemophilia, von Willebrand disease, disseminated
intravascular coagulation, or advanced liver disease–related coagulopathy), or abnormal
baseline coagulation tests prior to cefoperazone–sulbactam exposure, defined as PT or
APTT > 1.5× the upper limit of normal.

The main outcome was coagulation impairment, defined as prolonged PT, APTT, or ev-
idence of bleeding during hospitalization. The primary outcome (coagulation abnormality)
was defined as PT > 18 s or >1.5× the upper limit of normal, and/or APTT > 60 s or >1.5×
the upper limit of normal, occurring after cefoperazone–sulbactam initiation during hospi-
talization; clinically evident bleeding events documented in the medical record were also
counted as outcome events. A total of 485 patients fulfilled the inclusion criteria. Clinical
and demographic information was obtained from electronic medical record systems and
consisted of 18 potential variables categorized as demographics, comorbidities, medication
history, nutrition status, and lifestyle.

2.2. Data Preprocessing and Cohort Splitting

All categorical variables were converted to binary variables or dummy variables, and
continuous variables were checked for normal distribution and standardized, when neces-
sary. Continuous variables (primarily BMI) were standardized using z-score normalization
(mean = 0, standard deviation = 1) calculated from the training set and applied to the test set.
Because BMI in our cohort was approximately normally distributed, no transformation was
required; if substantial skewness had been present, a log-transformation would have been
considered prior to standardization. Missing values were handled using complete-case
analysis (listwise deletion). Because no predictor had >5% missingness, no imputation was
performed; records with missing predictor values were excluded from model training and
evaluation. The dependent variable, coagulation abnormality status, was dichotomous
(present/absent).

The dataset was randomly divided into training (70%) and test (30%) datasets with
stratified sampling to maintain the distribution of the positive outcome for the training
and test sets. The following definitions were uniform: age (60–75, ≥75 y); feeding_state
(normal diet, transnasal gastric tube feeding, and total parenteral nutrition); hypoproteine-
mia (serum albumin < 35 g/L); and lifestyle factors [smoking, drinking, and insomnia
(present or absent)]. These feature sets were applied to all subsequent modeling and
interpretability analyses.

2.3. Logistic Regression and Feature Selection

Logistic regression was used to identify independent predictors of cefoperazone–
sulbactam-related coagulopathy. Univariate logistic regression was performed on each
potential variable in the training set. Variables showing a potential significant relationship
with the outcome (p < 0.05) were entered in a multivariable logistic regression model. A
backward stepwise elimination method was used to iteratively remove nonsignificant
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variables, thereby refining the model to include predictors that were statistically and
clinically relevant.

The multivariable logistic regression model was used to calculate adjusted odds
ratios (ORs) with 95% confidence intervals (CIs) to assess the independent contribution of
each variable in relation to confounding. This method provided insight into independent
clinical and demographic variables that may predict the risks of coagulation dysfunction
by cefoperazone–sulbactam exposure. The predictor variables in the final model were
then chosen as input predictors for subsequent machine learning model building and
interpretability analysis.

2.4. Model Training and Validation by Machine Learning Model

We used ten supervised machine learning methods for building the prediction models
of coagulation abnormalities, including AdaBoost, CatBoost, Gradient Boosting Machine
(GBM), k-Nearest Neighbors (KNN), Light Gradient Boosting Machine (LightGBM), lo-
gistic regression, Neural Network, Random Forest, Support Vector Machine (SVM), and
eXtreme Gradient Boosting (XGBoost). Input features were those originated from the
variables included in the multivariable logistic regression, and each model was trained in
the training data.

For optimization of performance and overfitting, model training and internal valida-
tion were performed with ten-fold cross-validation. Hyperparameter tuning was performed
using grid search when applicable. Comparisons were made between the training set and
test set’s model performance based on a set of metrics, including AUC, accuracy, sensi-
tivity, specificity, precision, and F1 score. Discriminative power was measured with ROC
curves, model calibration was assessed using calibration plots, and net clinical benefit was
evaluated using decision curve analysis (DCA).

2.5. Model Interpretation, Nomogram, and Web Deployment

To enhance the interpretability and clinical transparency of the best-performing ma-
chine learning model, SHapley Additive exPlanations (SHAP) analysis was performed.
SHAP values quantified each feature’s contribution to the prediction at both the global and
individual levels. Visualization outputs included summary plots, dependence plots, force
plots, and waterfall charts, which offered insight into how specific variables influenced
model outputs.

Additionally, a nomogram was constructed based on the final multivariable logistic
regression model to provide an intuitive, point-based clinical tool for individualized risk
estimation. Nomograms were developed using both the full dataset and the training subset
to assess robustness and generalizability. Finally, an interactive web-based prediction tool
was built using the Shiny framework. This tool allows clinicians to input patient-specific
information and obtain real-time risk estimates for cefoperazone–sulbactam-associated
coagulation abnormalities. All processes were performed using R software (version 4.5.0).

3. Results
3.1. Baseline Characteristics of the Study Population

A total of 485 elderly inpatients were included in the study, comprising 335 patients
without coagulation abnormalities and 150 patients who developed coagulation abnormali-
ties following the administration of cefoperazone–sulbactam. The baseline characteristics
of the two groups are summarized in Table 1. Patients in the coagulation abnormalities
group were significantly older, with 61.3% aged ≥ 75 years compared to 42.4% in the
non-abnormal group (p < 0.001). A higher proportion of patients in the abnormal group had
a history of intravenous (40.7% vs. 27.5%, p = 0.005) and oral (56.7% vs. 38.5%, p < 0.001)
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antibiotic use. Nutritional support methods also differed markedly, with total parenteral
nutrition (18.0% vs. 8.4%) and transnasal gastric tube feeding (44.7% vs. 37.9%) more
prevalent in the abnormal group (p < 0.001). Hypoproteinemia was significantly more
frequent among patients with coagulation abnormalities (88.0% vs. 66.6%, p < 0.001), as
was the use of antiplatelet medications (43.3% vs. 31.3%, p = 0.014). Insomnia was also
more commonly reported in this group (82.7% vs. 69.0%, p = 0.002). No significant differ-
ences were observed between the two groups in terms of gender, marital status, smoking,
drinking, hypertension, diabetes, cardiovascular disease, hepatic or renal insufficiency,
hyperlipidemia, or body mass index (all p > 0.05). These variables were retained for further
modeling to assess their potential contributions to the risk of coagulation abnormalities.

Table 1. Characteristics of included patients.

Demographic Characteristics Desc No Coagulation
Abnormalities (n = 335)

Coagulation
Abnormalities (n = 150) p

Age ≥75 142 (42.4%) 92 (61.3%) <0.001
60–75 193 (57.6%) 58 (38.7%)

Gender Female 102 (30.4%) 53 (35.3%) 0.337
Male 233 (69.6%) 97 (64.7%)

History_of_intravenous_antibiotic_use No 243 (72.5%) 89 (59.3%) 0.005
Yes 92 (27.5%) 61 (40.7%)

History_of_oral_antibiotics No 206 (61.5%) 65 (43.3%) <0.001
Yes 129 (38.5%) 85 (56.7%)

feeding_state Normal_Diet 180 (53.7%) 56 (37.3%) <0.001
Total_Gastrointestinal_Parenteral_Nutrition 28 (8.4%) 27 (18%)

Transnasal_Gastric_Tube_Diet 127 (37.9%) 67 (44.7%)

Hepatic_insufficiency No 318 (94.9%) 145 (96.7%) 0.538
Yes 17 (5.1%) 5 (3.3%)

Renal_insufficiency No 242 (72.2%) 108 (72%) 1
Yes 93 (27.8%) 42 (28%)

antiplatelet No 230 (68.7%) 85 (56.7%) 0.014
Yes 105 (31.3%) 65 (43.3%)

hypoproteinemia No 112 (33.4%) 18 (12%) <0.001
Yes 223 (66.6%) 132 (88%)

Hyperlipidemia No 192 (57.3%) 104 (69.3%) 0.016
Yes 143 (42.7%) 46 (30.7%)

Cardiovascular_disease No 211 (63%) 80 (53.3%) 0.057
Yes 124 (37%) 70 (46.7%)

Marital_status married 159 (47.5%) 74 (49.3%) 0.777
other 176 (52.5%) 76 (50.7%)

smoking No 269 (80.3%) 116 (77.3%) 0.532
Yes 66 (19.7%) 34 (22.7%)

drinking No 191 (57%) 92 (61.3%) 0.428
Yes 144 (43%) 58 (38.7%)

insomnia No 104 (31%) 26 (17.3%) 0.002
Yes 231 (69%) 124 (82.7%)

Hypertension No 170 (50.7%) 84 (56%) 0.331
Yes 165 (49.3%) 66 (44%)

Diabetes No 210 (62.7%) 95 (63.3%) 0.972
Yes 125 (37.3%) 55 (36.7%)

BMI Mean ± SD 29.2 ± 4.0 28.7 ± 4.3 0.205

3.2. Logistic Regression Analysis of Risk Factors

Univariate and multivariate logistic regression analyses were conducted to identify
independent risk factors for cefoperazone–sulbactam-associated coagulation abnormalities
in the training cohort. As shown in Table 2, several variables were significantly associated
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with coagulation risk in univariate models, including age ≥ 75 years (OR: 2.14, 95%
CI: 1.34–3.43, p = 0.002), history of intravenous (OR: 2.14, p = 0.002) and oral (OR: 2.27,
p < 0.001) antibiotic use, total parenteral nutrition (OR: 4.07, p < 0.001), antiplatelet use (OR:
1.99, p = 0.005), hypoproteinemia (OR: 2.33, p = 0.005), and insomnia (OR: 2.40, p = 0.003).

Table 2. Training set univariate and multivariate logistic regression results.

Name Desc

No
Coagulation

Abnormalities
(n = 235)

Coagulation
Abnormalities

(n = 105)

OR
(Univariable)

OR
(Multivariable)

Age 60–75 136 (57.9%) 41 (39%)

≥75 99 (42.1%) 64 (61%) 2.14 (1.34–3.43,
p = 0.002)

2.13 (1.27–3.56,
p = 0.004)

Gender Female 71 (30.2%) 35 (33.3%)

Male 164 (69.8%) 70 (66.7%) 0.87 (0.53–1.42,
p = 0.566)

History_of_intravenous_antibiotic_use No 174 (74%) 60 (57.1%)

Yes 61 (26%) 45 (42.9%) 2.14 (1.32–3.47,
p = 0.002)

1.58 (0.29–8.71,
p = 0.602)

History_of_oral_antibiotics No 146 (62.1%) 44 (41.9%)

Yes 89 (37.9%) 61 (58.1%) 2.27 (1.42–3.63,
p < 0.001)

1.90 (1.13–3.19,
p = 0.015)

feeding_state Normal_Diet 129 (54.9%) 37 (35.2%)

Transnasal_Gastric_Tube_Diet 88 (37.4%) 47 (44.8%) 1.86 (1.12–3.10,
p = 0.017)

1.35 (0.77–2.35,
p = 0.290)

Total_Gastrointestinal_Paren-
teral_Nutrition 18 (7.7%) 21 (20%) 4.07 (1.96–8.42,

p < 0.001)
3.82 (1.71–8.53,

p = 0.001)

Hepatic_insufficiency No 221 (94%) 100 (95.2%)

Yes 14 (6%) 5 (4.8%) 0.79 (0.28–2.25,
p = 0.658)

Renal_insufficiency No 167 (71.1%) 76 (72.4%)

Yes 68 (28.9%) 29 (27.6%) 0.94 (0.56–1.56,
p = 0.804)

antiplatelet No 167 (71.1%) 58 (55.2%)

Yes 68 (28.9%) 47 (44.8%) 1.99 (1.24–3.21,
p = 0.005)

3.11 (0.36–27.01,
p = 0.304)

hypoproteinemia No 73 (31.1%) 17 (16.2%)

Yes 162 (68.9%) 88 (83.8%) 2.33 (1.30–4.20,
p = 0.005)

3.19 (1.64–6.19,
p < 0.001)

Hyperlipidemia No 134 (57%) 71 (67.6%)

Yes 101 (43%) 34 (32.4%) 0.64 (0.39–1.03,
p = 0.066)

Cardiovascular_disease No 154 (65.5%) 55 (52.4%)

Yes 81 (34.5%) 50 (47.6%) 1.73 (1.08–2.76,
p = 0.022)

0.43 (0.11–1.72,
p = 0.231)

Marital_status other 114 (48.5%) 51 (48.6%)

married 121 (51.5%) 54 (51.4%) 1.00 (0.63–1.58,
p = 0.992)

smoking No 187 (79.6%) 84 (80%)

Yes 48 (20.4%) 21 (20%) 0.97 (0.55–1.73,
p = 0.928)

drinking No 135 (57.4%) 66 (62.9%)

Yes 100 (42.6%) 39 (37.1%) 0.80 (0.50–1.28,
p = 0.349)

insomnia No 78 (33.2%) 18 (17.1%)

Yes 157 (66.8%) 87 (82.9%) 2.40 (1.35–4.27,
p = 0.003)

2.94 (1.56–5.52,
p < 0.001)
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Table 2. Cont.

Name Desc

No
Coagulation

Abnormalities
(n = 235)

Coagulation
Abnormalities

(n = 105)

OR
(Univariable)

OR
(Multivariable)

Hypertension No 123 (52.3%) 59 (56.2%)

Yes 112 (47.7%) 46 (43.8%) 0.86 (0.54–1.36,
p = 0.511)

Diabetes No 147 (62.6%) 64 (61%)

Yes 88 (37.4%) 41 (39%) 1.07 (0.67–1.72,
p = 0.779)

BMI Mean ± SD 29.3 ± 4.1 28.8 ± 4.4 0.97 (0.92–1.03,
p = 0.305)

Multivariate logistic regression confirmed five independent predictors: age ≥ 75 years
(adjusted OR: 2.13, 95% CI: 1.27–3.56, p = 0.004), oral antibiotic use (adjusted OR: 1.90, 95%
CI: 1.13–3.19, p = 0.015), total parenteral nutrition (adjusted OR: 3.82, 95% CI: 1.71–8.53,
p = 0.001), hypoproteinemia (adjusted OR: 3.19, 95% CI: 1.64–6.19, p < 0.001), and insomnia
(adjusted OR: 2.94, 95% CI: 1.56–5.52, p < 0.001). These variables were retained as inputs for
subsequent machine learning modeling due to their robust statistical significance and clini-
cal relevance. Other variables, such as gender, cardiovascular disease, and antiplatelet use,
lost statistical significance in multivariate analysis and were excluded from model training.

3.3. Performance of Machine Learning Models

Ten machine learning algorithms were developed using predictors identified in the
multivariate logistic regression model, and their performance was evaluated on both the
training and test sets. As summarized in Table 3, the LightGBM model demonstrated the
highest area under the receiver operating characteristic curve (AUC) in both datasets. In
the test set, LightGBM achieved an AUC of 0.763 (95% CI: 0.685–0.841), followed closely
by XGBoost (AUC: 0.747) and GBM (AUC: 0.743), as shown in Figure 1D. In the training
set, LightGBM also achieved the highest AUC (0.771, 95% CI: 0.720–0.822), as illustrated in
Figure 1A.

Table 3. Evaluation metrics for training and test sets.

Model Threshold Accuracy Sensitivity Specificity Precision F1

Training set Logistic 0.307029239116951 0.676 0.676 0.677 0.483 0.563
Training set SVM 0.346979348147734 0.691 0.59 0.736 0.5 0.541
Training set GBM 0.297495257362656 0.682 0.686 0.681 0.49 0.571
Training set NeuralNetwork 0.317381615064435 0.671 0.676 0.668 0.477 0.559
Training set RandomForest 0.5 0.741 0.381 0.902 0.635 0.476
Training set Xgboost 0.290711522102356 0.682 0.724 0.664 0.49 0.585
Training set KNN 0.305057131154246 0.665 0.695 0.651 0.471 0.562
Training set Adaboost 0.384467935585538 0.682 0.686 0.681 0.49 0.571
Training set LightGBM 0.316962880667173 0.688 0.714 0.677 0.497 0.586
Training set CatBoost 0.576578764055355 0.644 0.714 0.613 0.452 0.554

Test set Logistic 0.307029239116951 0.655 0.756 0.61 0.466 0.576
Test set SVM 0.370070341530869 0.676 0.6 0.71 0.482 0.535
Test set GBM 0.303425665153187 0.683 0.733 0.66 0.493 0.589
Test set NeuralNetwork 0.317381615064435 0.655 0.756 0.61 0.466 0.576
Test set RandomForest 0.5 0.724 0.333 0.9 0.6 0.429
Test set Xgboost 0.321540772914886 0.676 0.756 0.64 0.486 0.591
Test set KNN 0.412975352325084 0.676 0.556 0.73 0.481 0.515
Test set Adaboost 0.374676276034012 0.676 0.756 0.64 0.486 0.591
Test set LightGBM 0.220519577198697 0.6 0.978 0.43 0.436 0.603
Test set CatBoost 0.576482981624328 0.634 0.844 0.54 0.452 0.589
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Figure 1. Performance of machine learning models in training and test sets: (A–C) In the training
set, LightGBM achieved the highest AUC (0.771, 95% CI: 0.720–0.822). Calibration curves showed
good agreement between predicted and observed outcomes, particularly for LightGBM, GBM, and
XGBoost. Decision curve analysis (DCA) demonstrated that LightGBM yielded the greatest net
clinical benefit across a wide range of threshold probabilities. (D–F) In the independent test set,
LightGBM also achieved the highest AUC (0.763, 95% CI: 0.685–0.841), followed by XGBoost and
GBM. Calibration and DCA curves further supported the superior predictive performance and clinical
utility of LightGBM.

Calibration curves (Figure 1B,E) demonstrated that most models exhibited good agree-
ment between predicted and observed risks, particularly LightGBM, GBM, and XGBoost.
Decision curve analysis (DCA) (Figure 1C,F) further confirmed the clinical utility of these
models, with LightGBM yielding the highest standardized net benefit across a broad range
of threshold probabilities in both datasets.

In terms of other metrics, LightGBM in the test set exhibited the highest sensitivity
(97.8%) and F1-score (0.603), despite moderate specificity (43.0%), indicating its superior
ability to identify true positives. Models like Random Forest showed high specificity but
suffered from low sensitivity and F1-score. Overall, LightGBM demonstrated the most
balanced and robust performance and was thus selected for further interpretation and
model deployment.

3.4. Confusion Matrix Analysis of Classification Performance

Confusion matrices for each of the ten machine learning models were generated to
evaluate classification performance in both the training (Figure 2) and test (Figure 3) sets. In
this setting, sensitivity was prioritized because failing to identify a truly high-risk patient
may delay monitoring or preventive measures and increase the likelihood of clinically
significant bleeding, while false-positive alerts primarily prompt closer surveillance with
relatively low harm. In the training set, LightGBM (Figure 2E) demonstrated a favorable
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balance between true positives (TP) and true negatives (TN), with minimal false negatives
(FN), highlighting its sensitivity in identifying patients at risk for coagulation abnormalities.
GBM (Figure 2C) and XGBoost (Figure 2J) also showed high TP counts but had slightly
increased false positive (FP) rates compared to LightGBM. Conversely, Random Forest
(Figure 2H) and SVM (Figure 2I) exhibited more conservative behavior with higher TNs
but lower TPs, suggesting reduced sensitivity.

Figure 2. Confusion matrices of ten machine learning models in the training set. (A) AdaBoost;
(B) CatBoost; (C) GBM; (D) KNN; (E) LightGBM; (F) Logistic Regression; (G) Neural Network;
(H) Random Forest; (I) SVM; (J) XGBoost.

Figure 3. Confusion matrices of ten machine learning models in the test set. (A) AdaBoost; (B) Cat-
Boost; (C) GBM; (D) KNN; (E) LightGBM; (F) Logistic Regression; (G) Neural Network; (H) Random
Forest; (I) SVM; (J) XGBoost.

In the test set, LightGBM again demonstrated dominant classification performance
(Figure 3E), with the highest sensitivity as previously supported by Table 3, but at the
expense of increased false positives. This trade-off suggests a prioritization of detecting
abnormal cases over avoiding unnecessary alerts, which may be clinically acceptable in
high-risk settings. Logistic Regression (Figure 3F) and Neural Network (Figure 3G) models
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yielded moderate classification balance, whereas models such as KNN (Figure 3D) and
Random Forest (Figure 3H) underperformed in identifying positive cases. Overall, the
matrix-based evaluations visually confirmed the superior detection capability of LightGBM,
justifying its further exploration for interpretability and deployment.

3.5. Feature Importance and SHAP-Based Model Interpretation

To further elucidate the decision-making mechanisms across different models, fea-
ture importance analyses were conducted for all machine learning algorithms, with
SHAP (SHapley Additive exPlanations) interpretation performed specifically for the best-
performing model, LightGBM. In SHAP plots, positive values indicate that a feature
increases the predicted risk relative to the baseline, whereas negative values indicate a
decrease; larger absolute values reflect a stronger influence on the prediction. As shown in
Figure 4, the top five most influential features included feeding_state, age, hypoproteine-
mia, insomnia, and history_of_oral_antibiotics. This ranking was further supported by the
mean absolute SHAP values (Figure 5A), which quantified each variable’s contribution to
model output.

Figure 4. Comparison of feature importance across ten machine learning models. (A) AdaBoost;
(B) CatBoost; (C) GBM; (D) KNN; (E) LightGBM; (F) Logistic Regression; (G) Neural Network;
(H) Random Forest; (I) SVM; (J) XGBoost.

The SHAP beeswarm plot (Figure 5B) illustrated the direction and magnitude of
individual feature impacts on the predicted risk. Notably, hypoproteinemia and enteral
feeding (tube or parenteral nutrition) consistently contributed to a higher probability of
coagulation abnormalities, while younger age and absence of insomnia were associated
with decreased risk. SHAP dependence plots (Figure 5C) revealed nonlinear interactions,
particularly between feeding_state and hypoproteinemia, further emphasizing the model’s
sensitivity to combinations of nutritional and clinical factors.

At the individual level, SHAP force plots (Figure 5D) and waterfall charts (Figure 5E)
provided transparent visualizations of the prediction for specific patients. These interpre-
tive visualizations delineated how combinations of high-risk features—such as older age,
nutritional compromise, and prior antibiotic use—aggregated to shift the model’s output
toward a positive prediction.

Together, the SHAP-based interpretability framework enhanced the clinical transparency
of the LightGBM model and supported its applicability in individualized risk prediction.
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Figure 5. SHAP-based interpretability of the LightGBM model. (A) Mean absolute SHAP values
showing the global impact of each feature. (B) SHAP beeswarm plot illustrating the direction and
magnitude of individual feature effects. (C) SHAP dependence plots showing nonlinear interactions,
between feeding state and hypoproteinemia. (D) SHAP force plot and (E) waterfall chart explaining
individual patient predictions by visualizing how risk factors contribute to the model’s output.

3.6. Nomogram Construction for Individualized Risk Estimation

To facilitate clinical application, nomograms were constructed based on the final logis-
tic regression model using the top predictors identified through multivariate analysis. As
shown in Figure 6A, the nomogram incorporating the entire dataset provides a quantitative
scoring tool for estimating the probability of cefoperazone–sulbactam-associated coagu-
lation abnormalities in elderly patients. Each predictor—such as age, hypoproteinemia,
insomnia, oral antibiotic use, and nutritional support—was assigned a weighted point scale
reflecting its relative contribution to risk.

Figure 6. Nomograms for individualized risk prediction: (A) Nomogram based on the full dataset for
estimating the risk of cefoperazone–sulbactam-associated coagulation abnormalities. (B) Nomogram
derived from the training set, showing similar predictor structure and stability.
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An additional nomogram was generated using only the training dataset (Figure 6B) to
assess consistency and internal validity. The structure and weighting of predictors in both
nomograms were largely concordant, indicating model stability across sampling subsets.
These nomograms allow clinicians to compute individualized risk scores and visually
interpret how combinations of patient factors translate into predicted risk.

3.7. Web-Based Risk Prediction Tool Deployment

To enhance accessibility and promote clinical translation, a web-based risk prediction
tool was developed using the Shiny platform. As illustrated in Figure 7, the interface
allows users to input patient-specific variables—such as age group, nutritional status,
presence of hypoproteinemia, insomnia, and recent oral antibiotic use—and instantly
receive an individualized risk estimate for developing cefoperazone–sulbactam-associated
coagulation abnormalities. The predictive engine is powered by the optimized LightGBM
model, and the tool provides a user-friendly visualization of both probability output and
contributing factors.

Figure 7. Web-based risk prediction tool interface for clinical use.

The application is publicly accessible at https://cacsriskmodel.shinyapps.io/make_
web-1/ (29 November 2025), supporting shared decision-making and real-time clinical use.
This tool serves as a practical extension of the study’s findings and reinforces the feasibility
of integrating machine learning into bedside risk assessment.

4. Discussion
In this work, a predictive model was established and validated to identify the risk of

coagulation abnormalities in elderly inpatients treated with cefoperazone–sulbactam. We
initially employed multivariable logistic regression to determine potential independent
risk factors based on routinely collected clinical variables. We then trained and tested
ten machine learning models, and LightGBM achieved better discrimination in both the
training and test sets. Additional predictive power beyond the model was provided
by SHapley Additive exPlanations (SHAP) analysis, which provided interpretable and
transparent observations of feature importance at the population and per-individual level.
We further established a nomogram using logistic regression results in order to establish a

https://doi.org/10.3390/diagnostics16010103

https://cacsriskmodel.shinyapps.io/make_web-1/
https://cacsriskmodel.shinyapps.io/make_web-1/
https://doi.org/10.3390/diagnostics16010103


Diagnostics 2026, 16, 103 13 of 17

simple, point-based risk prediction tool. For clinical relevance, a web-based application
was created that enabled real-time personalized risk prediction. These results also imply
that machine learning, especially LightGBM, may serve as a powerful tool for early alerting
of cefoperazone–sulbactam-related coagulation risks in elderly patients.

A number of clinical factors were found to be independent risk factors for cefoperazone–
sulbactam-associated coagulation abnormalities in older people, all appropriate to their
pathophysiological mechanism. Older age (age ≥ 75 years) was also significantly associated
with risk, which is likely to have been mediated by age-related hepatic metabolic dysfunc-
tion, reduced absorption of vitamin K, and the higher prevalence of subclinical nutritional
deficiencies, all common among older adults and leading to coagulopathy [16,17].

Hypoproteinemia was also significantly correlated with abnormal coagulation. Serum
albumin is responsible for the maintenance of oncotic pressure and transport of coagulation
factors, and a decrease in serum albumin levels may be associated with malnutrition and
impaired hepatic synthetic function, which can lead to increased bleeding tendency [18–21].
Additionally, total parenteral nutrition was identified as a risk factor, likely related to low
enteral vitamin K intake and alterations in the gut microbiota, both of which may lead to
derangement in vitamin K-dependent coagulation pathways [22,23].

Insomnia, being less traditionally associated with hemostatic outcomes, might be
a marker of frailty, inflammation, or neuroendocrine dysregulation in older people, all
of which have been previously associated with changes in platelet function and clotting
cascades [24–26]. Insomnia should be interpreted cautiously as a clinical marker rather
than a confirmed causal driver of antibiotic-associated coagulopathy. Sleep disturbance in
older inpatients may reflect frailty, systemic inflammation, neuroendocrine dysregulation,
or higher illness severity, each of which may correlate with hemostatic vulnerability. In
addition, residual confounding is possible because detailed exposure to sedative–hypnotics,
over-the-counter agents, and herbal supplements with potential antiplatelet effects (e.g.,
Ginkgo preparations) was not consistently captured in this retrospective dataset. There-
fore, the observed association may partly represent unmeasured co-medication use or
documentation bias, and future prospective studies should collect structured sleep and
medication/supplement data to clarify directionality and mechanisms. Finally, recent use
of oral antibiotics that potentially influence coagulation by reducing the gut flora respon-
sible for endogenous vitamin K production can be relevant, particularly in the case of
β-lactam antibiotics such as cefoperazone [27,28].

These results emphasize the multifactorial nature of antibiotic-associated coagulation
derangement and the relevance of nutritional, microbiological, hepatotoxic, and geriatric
comorbidities in clinical risk evaluations. Our results are in line with the prior literature,
which recommended cautious use of the cefoperazone–sulbactam combination in patients
with advanced age and poor nutrition due to the higher risk of coagulopathy [2,10,29].
Data from previous pharmacovigilance studies and case series have reported the potential
for cefoperazone to inhibit the synthesis of vitamin K–dependent clotting factors, possibly
associated with inhibition via the N-methylthiotetrazole (NMTT) side chain or inhibition
of intestinal microbiota. However, most previous studies lacked structured modeling or
did not provide quantified risk in different clinical subsets [2,30].

To the best of our knowledge, the present study is the most systematic and extensive
exploration of different ML models for coagulation dysfunction specifically caused by
cefoperazone–sulbactam in the geriatric inpatient population. Although machine learning
has been used to predict surgical or anticoagulant-related bleeding risk in previous studies,
our study examines a more specific, medication-related adverse event in a real-world, non-
interventional setting. Furthermore, the application of SHAP values allows interpretability

https://doi.org/10.3390/diagnostics16010103

https://doi.org/10.3390/diagnostics16010103


Diagnostics 2026, 16, 103 14 of 17

beyond conventional statistical models, thus permitting clinicians to gain insights into the
contribution of each variable to risk profiles on an individual level.

The recognition of insomnia as a possible predictor is also congruent with a growing
body of literature supporting an association between sleep disturbance, systemic inflamma-
tion, and vascular endothelial dysfunction, albeit a bridge still to be strategically crossed
within the backdrop of antibiotic-associated coagulopathy [31,32]. Therefore, our findings
add to the existing knowledge that combines typical clinical judgment with algorithmic ex-
pertise. Our model is of great value in preventing cefoperazone–sulbactam therapy-related
injury in older people. Through the incorporation of readily available clinical variables
into a predictive model, clinicians can identify patients at increased risk of coagulopathy
to intervene before the development of clinically apparent hemorrhage. This is especially
important in geriatric medicine, where minor laboratory alterations may signify early
stages of clinical deterioration and where early intervention could avoid cascades ending
in major morbidity.

Crucially, the LightGBM model was not only more accurate but also remained sen-
sitive for ward-based screening of high-risk inpatients (e.g., geriatric and intensive care
settings). Associated SHAP-based explanations deliver actionable insight by identifying
which patient attributes drive the risk the most so that clinicians can build trust and use it
for shared decision-making [33–35].

While logistic regression supports a simple, transparent nomogram suitable for bed-
side scoring, LightGBM achieved improved discrimination and sensitivity. To preserve
clinical usability, we combined LightGBM with SHAP-based explanations and a web-based
calculator, providing both performance and accessibility. More importantly, the construc-
tion of an easy-to-use nomogram and the establishment of a web-based calculator based on
Shiny directly convert this model to an easily applied clinical reference. They can be used
for bedside risk assessment and to assist in management decisions, including early vitamin
K supplementation, closer monitoring of hemostasis, and the selection of a different antibi-
otic in susceptible patients. As the clinical implementation of machine learning methods
continues to expand, such interpretability and accessibility of models will be important for
their real-world use.

There are several notable strengths to this study. It is one of the first papers to
compare a large number of machine learning algorithms with traditional logistic regression
to predict cefoperazone–sulbactam-associated coagulopathy in elderly inpatients. The
two-center design (Fuxing Hospital and Xuanwu Hospital of Capital Medical University)
increases the heterogeneity and generalizability of the data. The incorporation of real-world
collected variables increases the generalizability of the model, and the SHAP analysis and
nomogram development increase interpretability. Finally, the introduction of a web-based
risk calculator highlights the translation of the study to clinical practice.

Nonetheless, limitations remain. Although this is a multi-institutional study, it was
conducted at one metropolitan area and was performed in a retrospective fashion that can
introduce selection and documentation biases. Some possibly related predictors, such as
serum concentrations of vitamin K, more detailed liver function tests, or the composition of
gut microbiota, were not measured or could not be included in the model. Some laboratory
parameters with high biological relevance—particularly coagulation factor VII (Factor VII)
and other vitamin K–dependent factors—were not routinely available in this retrospective
dataset and therefore could not be incorporated. Given the short half-life of Factor VII,
future prospective work should prioritize serial assessment of Factor VII (and related
factors) to better characterize early functional changes. In contrast, vitamin K concentration
alone may not fully reflect downstream coagulation factor activity and may provide limited
mechanistic resolution without concurrent functional factor measurements. Although

https://doi.org/10.3390/diagnostics16010103

https://doi.org/10.3390/diagnostics16010103


Diagnostics 2026, 16, 103 15 of 17

internal validation was performed, the absence of external validation limits generalizability;
external testing in independent cohorts is a key priority for future work.

Based on the current study, future research should include validation of the proposed
model in a prospective, multicenter design to ensure its applicability across different pa-
tient populations and healthcare systems. The addition of time-dependent data, such as
time-variant coagulation parameters or nutritional markers, might increase predictive gran-
ularity and responsiveness of the model. Moreover, inclusion of laboratory biomarkers not
measured in the present study, such as serum levels of vitamin K, liver function indices (i.e.,
factor V, INR), and inflammation-induced cytokines, would increase biological specificity.

An important direction is to implement the model into an electronic health record
(EHR) system for real-time clinical decision support. This could enable automated risk alerts
at the time of prescription or antibiotic administration for timely preventive interventions
(e.g., coagulation monitoring, vitamin K supplementation, or reconsideration of antibiotic
choice). Lastly, it would be interesting to investigate an adaptive or ensemble modeling
approach with clinician feedback that could support iterative learning and continuous
improvement of the models in practice.

5. Conclusions
This research effectively established and verified a machine learning–powered predic-

tive model for early detection of coagulation disorders among elderly inpatients undergoing
treatment with cefoperazone–sulbactam. Of the ten algorithms compared, the predictive
capability and clinical utility of the LightGBM model were the best. Responsibility of main
risk factors, including older age, hypoalbuminemia, parenteral alimentation, impaired
sleep, and oral antibiotic medication, was determined on the results of logistic regression
analysis and explained using SHAP analysis.

Between the model accuracy, interpretability, and accessibility via the web-based
instrument, this work provides an applicable method for early risk stratification and per-
sonalized clinical decision support. These results emphasize the potential of machine
learning to improve monitoring of antibiotic safety in vulnerable populations, and suggest
that future model refinement and external validation will be required in wider health-
care contexts.

Author Contributions: All authors (Y.L., H.D. and Y.G.) made a significant contribution to the
work reported, whether in the conception, study design, execution, acquisition of data, analysis and
interpretation, or in all these areas; took part in drafting, revising or critically reviewing the article;
All authors have read and agreed to the published version of the manuscript.

Funding: This study was supported by the National Key Research and Development Program of
China [2021YFC2500500].

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and approved by the Institutional Review Board of Fuxing Hospital, Capital Medical
University (protocol code 2025FXHEC-KSP043, approval date 3 September 2024).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The de-identified patient-level data and the codes used in the current
study are available from the corresponding author upon reasonable request. The data are not publicly
available due to privacy and ethical restrictions related to patient clinical information.

Conflicts of Interest: The authors declare no conflicts of interest.

https://doi.org/10.3390/diagnostics16010103

https://doi.org/10.3390/diagnostics16010103


Diagnostics 2026, 16, 103 16 of 17

Abbreviations
The following abbreviations are used in this manuscript:
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and Physical Activity among Polish Adults during the COVID-19 Pandemic. Nutrients 2022, 14, 331. [CrossRef]

28. Roberts, K.; Thakkar, R.; Autor, D.; Bisordi, F.; Fitton, H.; Garner, C.; Garvin, M.; Honig, P.; Hukkelhoven, M.; Kowalski, R.; et al.
Creating E-Labeling Platforms: An Industry Vision. Clin. Pharmacol. Ther. 2020, 108, 716–718. [CrossRef]

29. Min, M.; Zeng, J.; Zou, M.; Peng, Y. Construction and Validation of a Nomogram Prediction Model for the Risk of Cefoperazone
Sodium/Sulbactam Sodium-Related Coagulation Disorders. Infect. Drug Resist. 2025, 18, 3859–3866. [CrossRef] [PubMed]

30. Xu, C.; Zhu, J.; Tu, K.; Tang, H.; Zhou, X.; Li, Q.; Chen, K.; Yang, X.; Huang, Y. The clinical features and risk factors of
coagulopathy associated with cefoperazone/sulbactam: A nomogram prediction model. Front. Pharmacol. 2024, 15, 1505653.
[CrossRef] [PubMed]

31. Feuth, T. Interactions between sleep, inflammation, immunity and infections: A narrative review. Immun. Inflamm. Dis. 2024, 12,
e70046. [CrossRef] [PubMed]

32. Hong, S.; Lee, D.-B.; Yoon, D.-W.; Yoo, S.-L.; Kim, J. The Effect of Sleep Disruption on Cardiometabolic Health. Life 2025, 15, 60.
[CrossRef] [PubMed]

33. Du, Y.; Rafferty, A.R.; McAuliffe, F.M.; Wei, L.; Mooney, C. An explainable machine learning-based clinical decision support
system for prediction of gestational diabetes mellitus. Sci. Rep. 2022, 12, 1170. [CrossRef] [PubMed]

34. Ma, Y.; Zhang, D.; Xu, J.; Pang, H.; Hu, M.; Li, J.; Zhou, S.; Guo, L.; Yi, F. Explainable machine learning model reveals its
decision-making process in identifying patients with paroxysmal atrial fibrillation at high risk for recurrence after catheter
ablation. BMC Cardiovasc. Disord. 2023, 23, 91. [CrossRef]

35. Zihni, E.; Madai, V.I.; Livne, M.; Galinovic, I.; Khalil, A.A.; Fiebach, J.B.; Frey, D. Opening the black box of artificial intelligence for
clinical decision support: A study predicting stroke outcome. PLoS ONE 2020, 15, e0231166. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/diagnostics16010103

https://doi.org/10.2147/IJGM.S102819
https://doi.org/10.1002/jpen.1451
https://www.ncbi.nlm.nih.gov/pubmed/30288759
https://doi.org/10.1155/2022/2245491
https://doi.org/10.3390/jcm10040715
https://www.ncbi.nlm.nih.gov/pubmed/33670220
https://doi.org/10.1097/JS9.0000000000000673
https://doi.org/10.1089/ars.2023.0365
https://doi.org/10.2147/NSS.S524570
https://doi.org/10.1177/1099800418798047
https://doi.org/10.3390/nu14020331
https://doi.org/10.1002/cpt.1865
https://doi.org/10.2147/IDR.S534366
https://www.ncbi.nlm.nih.gov/pubmed/40766047
https://doi.org/10.3389/fphar.2024.1505653
https://www.ncbi.nlm.nih.gov/pubmed/39830359
https://doi.org/10.1002/iid3.70046
https://www.ncbi.nlm.nih.gov/pubmed/39417642
https://doi.org/10.3390/life15010060
https://www.ncbi.nlm.nih.gov/pubmed/39860000
https://doi.org/10.1038/s41598-022-05112-2
https://www.ncbi.nlm.nih.gov/pubmed/35064173
https://doi.org/10.1186/s12872-023-03087-0
https://doi.org/10.1371/journal.pone.0231166
https://doi.org/10.3390/diagnostics16010103

	Introduction 
	Materials and Methods 
	Study Population and Data Collection 
	Data Preprocessing and Cohort Splitting 
	Logistic Regression and Feature Selection 
	Model Training and Validation by Machine Learning Model 
	Model Interpretation, Nomogram, and Web Deployment 

	Results 
	Baseline Characteristics of the Study Population 
	Logistic Regression Analysis of Risk Factors 
	Performance of Machine Learning Models 
	Confusion Matrix Analysis of Classification Performance 
	Feature Importance and SHAP-Based Model Interpretation 
	Nomogram Construction for Individualized Risk Estimation 
	Web-Based Risk Prediction Tool Deployment 

	Discussion 
	Conclusions 
	References

