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Objective: Increased post-stroke sympathetic drive is linked to hospital-acquired pneumonia (HAP). This study investigated the
incidence, prognosis, and risk factors of HAP in elderly critically ill acute ischemic stroke (AIS) patients.

Methods: We analyzed HAP risk factors and prognosis in critically ill AIS patients (aged >50, NIHSS >15) from the First Affiliated
Hospital of Xi’an Medical University (September 2023—February 2024). Nine factors from 19 variables were selected, with 11
machine learning algorithms for HAP risk prediction. Kaplan—Meier survival estimate, Cox proportional hazards model, 10-fold cross-
validation, Friedman and post-hoc Nemenyi tests were used for prognosis analysis and algorithm selection. SHapley Additive
explanation values explained feature weights.

Results: Of 785 patients, 215 (27.39%) developed HAP, 40.38% were >80 years, 67.01% male, with 30.68% overall mortality. Key
predictive variables included respiratory failure, hospital stays, consecutive febrile days, number of bacteria, antibiotics, CRP,
immunopotentiator, blood transfusion, and ICU admission. XGBoost performed best (AUC: 0.995 [0.995-0.996] training sets,
0.898 [0.891-0.905] validation sets). HAP, respiratory failure, number of bacteria and ICU admission deteriorated survival, longer
hospital stays improved prognosis. Top 3 features via SHAP were number of bacteria, ICU admission and consecutive febrile days.
Conclusion: Elderly critically ill AIS patients with HAP are more prone to respiratory failure, prolonged fever, blood transfusion,
ICU admission, or death. The number of bacteria-positive species and elevated CRP levels (>5 mg/L) were identified as among the
most significant predictors associated with the development of HAP in our model. Administration of antibiotics and immunopotentia-
tors was significantly associated with improved prognosis in our cohort. However, further interventional studies are required to confirm
a causal therapeutic benefit.
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Introduction
Infection is a common complication in patients with acute ischemic stroke (AIS) and is an independent risk factor for

early recurrence of stroke during hospitalization. In the CNSR-III (Third China National Stroke Registry) the incidence
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of infection in patients with AIS during hospitalization was 6.5%." Simultaneously, prior research has indicated that on
account of immunosuppression, dysphagia, neural dysfunction, and other factors, the early infection rate of stroke can
reach as high as 10% to 30%.>" In addition, 20.7% of AIS patients were aged 80 years or older in a study in the United
States spanned from 2007 to 2019, the NIHSS (National Institute of Health stroke scale) and the occurrence of
comorbidities increased with age especially after the 50 years old.* Elderly patients are at greater risk of AIS, with
more severe symptoms and a higher number of complications, and the prognosis for the elderly is also not optimistic.
Hospital-acquired pneumonia (HAP) is the main cause of morbidity and mortality in patients with AIS. Recent study has
shown that 14.8% of AIS patients developed HAP, older and more severe stroke on admission (higher NIHSS score)
were primary important risk factors.” However, the epidemiological and clinical characteristics of HAP in elderly AIS
patients remain uncertain.

In order to capture all the characteristics regarding the predisposition of elderly AIS patients to develop HAP,
continuous surveillance, and reliable evaluative or predictive tools are essential. Most researches reveal that traditional
risk factor such as diabetes, hypertension, and invasive medical procedures are still the commonest risk factors.® AIS is
predominantly a disease of the middle age and the elderly, so after adjusting the age and stroke severity, the
characteristics of risk factors differed from previous studies. Other risk factors specific to the elderly include renal
inadequacy, repeated hospitalizations, hypotrophic state, and immunosenescence, may be an unexpected contribution to
HAP in critically ill AIS patients. What’s more, combined with analysis of machine learning (ML) algorithm can
overcome traditional logistic regression limits, and offer accurate and interpretable risk estimates.

Effective prevention strategies of HAP in elderly patients with critically ill AIS require comprehensive information on
possible causes. In this study, various ML algorithms are used to screen typical representative risk factors, and a tool for
predicting HAP occurrence is constructed by the optimal algorithm. Consequently, this study endeavors to ascertain the
prevalence of AIS, prognosis, and risk factors within this particular population.

Methods

Study Population

Patients with AIS who were admitted to the First Affiliated Hospital of Xi’an Medical University from September 2023
to February 2024 were collected non-selectively (n=3147). Subsequently, a highly selective set of criteria was applied to
define a specific, high-risk sub-cohort for analysis. Inclusion criteria are as follows: 1) age>50 years; 2) in accordance
with the diagnostic criteria of the 2023 edition of the Chinese Guidelines for the Diagnosis and Treatment of AIS,” and
the diagnosis was confirmed by head CT or MRI; 3) time from onset to treatment <24 hours and was the first stroke; 4)
NIHSS >15; 5) pneumonia neither present nor in the incubation period at the time of admission, and inflammation of the
lung parenchyma caused by pathogens such as bacteria, fungi, mycoplasma, viruses, or protozoa occurred 48 hours after
admission;® 6) clinical data were complete with no deleted values. Exclusion criteria are as follows: 1) specific time of
onset is unclear; 2) the first admission event was not AIS or multiple recurrent episodes; 3) cerebral hemorrhage,
subarachnoid hemorrhage, and transient ischemic attack, silent cerebral infarction with no symptoms and physical signs,
cerebrovascular events caused by other causes (such as brain trauma, brain tumor, connective tissue disease, artery
dissection, etc). This study has been reviewed by the Biomedical Ethics Committee of Xi’an Medical University, and
enrolled patients have informed consent.

Data Acquisition and Outcomes

Patients were diagnosed with HAP based on criteria for hospital-acquired infection (HAI) according to the discharge
medical records. Baseline information included patient demographics (age, gender), medical histories (renal inade-
quacy, respiratory failure, surgery, blood transfusion, ICU admission, hospital stays, and consecutive febrile days),
laboratory tests (number of positive bacteria, WBC, neutrophils, HB, PCT, and CRP), and therapeutic methods
(antibiotics, NSAID, steroid, immunopotentiator, and ventilator). Immunopotentiator refers to pharmacological agents
that enhance immune function, including thymus preparations, immunoglobulin, and interleukin in this study. These
were administered per institutional protocols for immunocompromised critical patients. The “number of positive
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bacteria” refers to the number of distinct bacterial species identified from clinical cultures (eg, sputum, blood) taken
during the hospitalization period prior to the HAP diagnosis. Primary outcome was whether HAP occurred, defined as
new onset of pneumonia or pulmonary infection caused by pathogens occurred 48 hours after admission and neither
already existed nor in the incubation period at the time of admission. Prognostic outcome was all-cause death. Short-
term and long-term outcomes were defined as during hospitalization and the six-month follow-up period after stroke

onset, respectively.

Statistical Analysis

Baseline Profile

Patients with missing data were removed from the cohort, and nineteen baseline clinical and demographic variables were
initially incorporated. Continuous variables were described by using median and interquartile range (IQR), and percen-
tages were used to describe the category variables. Population was randomly assigned to the training or validation set
using a 7:3 ratio. Chi-square test or Fisher’s exact test was used to observe the distributional difference of each variable
in the training and validation sets.

Variable Selection

Overall, excessive number of variables can readily cause overfitting or variable redundancy and resulting in skewed
prediction performance. First, univariate and multivariate logistic regression analyses were used to identify independent
risk factors of developing HAP in elderly patients with critically ill AIS in overall cohort. Then, combined with other six
variable screening methods, including the least absolute shrinkage and selection operator (Lasso) binary logistic
regression, random forest, support vector machines (SVM), ridge regression, and elastic net regression. Third, the
intersection of the optimal variables selected by above six methods is taken as the interested features and passed to
the ML. EVenn’ was used to visualize the intersection of six algorithms for selected variables.

Machine Learning Modeling and Comparison of Prediction Performance

Eleven ML algorithms were used to incorporate optimal variable set for model construction, including eXtreme Gradient
Boosting (XGboost), Light Gradient Boosting Machine (LightGBM), Multi-layer Perceptron, Gradient Boosting,
k-nearest neighbor (KNN), SVM, Adaptive Boosting (AdaBoost), Logistic Regression, Bernoulli Naive Bayes
(BernoulliNB), Gaussian Naive Bayes (GaussianNB), and Stochastic Gradient Descent. Prediction performance of 11
algorithms was evaluated by calculating the evaluation indexes such as the receiver operating characteristic curves
(ROC) and area under curve (AUC), accuracy, precision, F1-Score, recall, Matthews Correlation Coefficient (MCC),
Brier score, and Kappa value. Resampling technology was used to build ML prediction model, which is the most
common method for selecting the best ML algorithm at present. For performance comparison of different machine
learning classifiers, we implemented a 7:3 random split, allocating 70% of patients to the training set and 30% to the
validation set. The resampling times are 20 times, and the average of these 20 results was used to compare the
performance. AUC was used as an index to comprehensively evaluate sensitivity and specificity of model, so the ML
classifier with the most statistically significant difference and the largest AUC value was selected as the best model by
using Friedman non-parametric repeated measures analysis of variance (Friedman) test and post-hoc Nemenyi test. For
10-fold cross-validation, 40% of participants were randomly allocated as a hold-out testing set for final evaluation
initially, while the remaining 60% constituted the development set. Within this development subset, we implemented
a 10-fold cross-validation procedure wherein each fold further partitioned the data into approximately 70% training
(=42% of total data) and 30% validation (=18% of total data). Ultimately, the final model was retrained on the complete
development set (60% of total data) prior to unbiased evaluation on the untouched test set. The optimal model is trained
and tested repeatedly by 10-fold cross-validation to obtain the optimality of the model. Decision curve analysis (DCA)
and calibration plots were used to verify the performance and practicality of the top 5 model, which can illustrate the
clinical application value of the model. Learning curve indicated the analysis results of how the training and the
validation sets tend to achieve the highest performance in the best predictive model.
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Survival Analysis

All-cause mortality was selected as the survival outcome, and risk factors were the optimal variables screened above.
Univariate survival analysis was performed using Kaplan—Meier survival estimate, and multivariate survival analysis was
performed using Cox proportional hazards regression model by the survival and survminer packages in R software. Log-
rank P value less than 0.05 was considered statistically significant.

Model Interpretation and Predictive Model Construction
SHapley Additive explanation (SHAP) was used to interpret and visualize ML models. SHAP is a framework theory
based on the additive feature attribution method, first proposed by Lloyd Shapley.'® Intuitively speaking, the contribution
of each feature to the outcome can be explained by estimating the SHAP value of each feature, the larger the SHAP value
is, the greater the probability of the outcome occurring. To determine the importance of each feature to the model, we
constructed SHAP force plot, summary plot, and dependent plot based on the XGBoost model, and they can reflect the
importance of the particular feature and the contribution or dependence of each feature to the positive and negative
prediction of the sample.

Bilateral P value less than 0.05 was considered statistically significant. R (Version 4.3.1, http://www.r-project.org/)

and Python (Version 3.8.0, Python Software Foundation, Wilmington, DE, USA, https://www.python.org/) software were

implemented for ML modeling and statistical analysis, using Scikit-learn package as the primary ML package.

Results

Population Characteristics and Risk Factors Analysis

A total of 785 patients over 50 years with critically ill AIS were included in the cohort (Figure 1). The infection rate of
HAP was 27.39% (n=215) and all-cause mortality rate was 30.36% (n=238). Among all participants, 40.38% (n=317)
were over 80 years old and 67.01% (n=526) were male (Table 1). Moreover, 226 (28.79%) patients had renal
insufficiency history, 349 (44.46%) patients developed respiratory failure and 231 (29.43%) patients transferred to the
Intensive Care Unit (ICU) for treatment during hospitalization.

Univariate and multivariate logistic regression analyses suggested that renal inadequacy, respiratory failure, hospital
stays, consecutive febrile days, number of positive bacteria, antibiotics, neutrophils, procalcitonin (PCT), C-reactive
protein (CRP), steroid, immunopotentiator, blood transfusion, and ICU admission were independent risk factors for the
development of HAP (Figure 2). Interestingly, the odds of HAP development increased 2.43-fold when hospital stays over
14 days (P=0.04), and after 28 days it increased up to 5.13-fold (P<0.001), and consecutive febrile days over 7 days
increased the infection risk up to 3.3 times (95% CI 1.56-7.01, P=0.002). If the number of bacteria detected exceeded 1, the
odds of infection risk rapidly increased 8.1 times (95% CI 4.46-14.72, P<0.001), when the number exceeded 2 or 3, the
growth trend was slowed by 3.21 times (95% CI 1.49-6.90, P=0.003) and 2.56 times (95% CI 1.15-5.68, P=0.021),
respectively. In addition, neutrophils <50% (95% CI 1.16-11.55, P=0.027), elevated CRP levels (5-100 mg/L, 95% CI
1.25-8.06, P=0.015 and >100 mg/L, 95% CI 1.02-8.75, P=0.046) were strongly associated with increased odds of HAP,
consistent with its role as a marker of systemic inflammation and infection. Blood transfusion (95% CI 2.10-6.37, P<0.001)
and ICU admission (95% CI 2.55-7.19, P<0.001) also elevated the odds of HAP risk in critically ill AIS population. The
administration of antibiotics was significantly associated with a reduced risk of HAP development (OR=0.27 [0.14-0.52],
P<0.001), steroid (OR=0.49 [0.29-0.81], P=0.006), immunopotentiator (patients who have been treated with one or more of
the following three medications: thymus preparations, immunoglobulin, and interleukin) (OR=0.31 [0.18-0.54], P<0.001),
and PCT among 0.05-2pg/L (0.43 [0.22-0.82], P=0.011) or >2pg/L (0.30 [0.13-0.72], P=0.007).

On the contrary, antibiotics (95% CI 0.14-0.52, P<0.001), steroid (95% CI 0.29-0.81, P=0.006), immunopoten-
tiator (patients who have been treated with one or more of the following three medications: thymus preparations,
immunoglobulin, and interleukin) (95% CI 0.18-0.54, P<0.001), and PCT among 0.05-2pg/L (95% CI 0.22-0.82,
P=0.011) or >2pg/L (95% CI 0.13-0.72, P=0.007) reduced the risk of infection by 0.27, 0.49, 0.31, 0.43, and 0.30
times, respectively.
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3 146 patients over 50 years with
acute ischemic stroke
admitted to the First Affiliated Hospital of
Xi'an Medical University

from September 2023 to February 2024
Exclusion criteria:

1.NIHSS < 15 (n=1865)

2.Time from onset to treatment > 24 hours (n=273)
3.Not the first stroke (n=63)

4. Not hospital-acquired pneumonia (n=132)
5.Incomplete clinical records (n=46)
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Figure | Flowchart of the patient’s enrollment and study design.
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Table | Baseline Information of Hospital-Acquired Pneumonia in Patients Over 50 Years with Critically Ill Acute
Ischemic Stroke in the Training and Validation Sets

Characteristics Overall (N = 785) | Training Set (n, =541) | Validation Set (n, =244) | P value

Age (%) 0.8751
50-80 468 (59.62) 321 (59.33) 147 (60.25)
280 317 (40.38) 220 (40.67) 97 (39.75)

Gender (%) 1.0000
Female 259 (32.99) 179 (33.09) 80 (32.79)
Male 526 (67.01) 362 (66.91) 164 (67.21)

Outcomes

HAP (%) 0.1196
No 570 (72.61) 402 (74.31) 168 (68.85)
Yes 215 (27.39) 139 (25.69) 76 (31.15)

Prognosis (%) 0.5020
Live 546 (69.64) 381 (70.43) 165 (67.90)
Death 238 (30.36) 160 (29.57) 78 (32.10)

Medical histories

Renal inadequacy (%) 0.3491
No 559 (71.21) 391 (72.27) 168 (68.85)
Yes 226 (28.79) 150 (27.73) 76 (31.15)

Respiratory failure (%) 0.2144
No 436 (55.54) 292 (53.97) 144 (59.02)
Yes 349 (44.46) 249 (46.03) 100 (40.98)

Surgery (%) 0.8769
No 733 (93.38) 506 (93.53) 227 (93.03)
Yes 52 (6.62) 35 (6.47) 17 (6.97)

Blood transfusion (%) 0.1329
No 617 (78.60) 417 (77.08) 200 (81.97)
Yes 168 (21.40) 124 (22.92) 44 (18.03)

ICU admission (%) 0.6120
No 554 (70.57) 385 (71.16) 169 (69.26)
Yes 231 (29.43) 156 (28.84) 75 (30.74)

Hospital stays (Days, %) 0.4683
<7 130 (16.56) 94 (17.38) 36 (14.75)
7-14 239 (30.45) 169 (31.24) 70 (28.69)
14-28 285 (36.31) 194 (35.86) 91 (37.30)
228 131 (16.69) 84 (15.53) 47 (19.26)

Consecutive febrile days (%) 0.0774
0 358 (45.61) 259 (47.87) 99 (40.57)
1-3 220 (28.03) 137 (25.32) 83 (34.02)
4-7 103 (13.12) 74 (13.68) 29 (11.89)
=7 104 (13.25) 71 (13.12) 33 (13.52)

Laboratory tests

Number of positive bacteria (%) 0.1655
0 489 (62.29) 344 (63.59) 145 (59.43)
| 134 (17.07) 82 (15.16) 52 (21.31)
2 78 (9.94) 53 (9.80) 25 (10.25)
>3 84 (10.70) 62 (11.46) 22 (9.02)

WBC (10°/L, %) 0.1187
Normal 457 (58.22) 325 (60.07) 132 (54.10)
Abnormal 328 (41.78) 216 (39.93) 112 (45.90)

(Continued)
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Table | (Continued).

Characteristics Overall (N = 785) | Training Set (n;, =541) | Validation Set (n, =244) | P value
Neutrophils (%) 0.0866
50-70 145 (18.47) 106 (19.59) 39 (15.98)
<50 40 (5.10) 21 (3.88) 19 (7.79)
70-90 436 (55.54) 297 (54.90) 139 (56.97)
90-100 164 (20.89) 117 (21.63) 47 (19.26)
HB (g/L, %) 0.0357
110-160 449 (57.20) 326 (60.26) 123 (50.41)
80-110 242 (30.83) 150 (27.73) 92 (37.70)
<80 74 (9.43) 52 (9.61) 22 (9.02)
=160 20 (2.55) 13 (2.40) 7 (2.87)
PCT (ng/L, %) 0.3398
<0.05 153 (19.49) 11 (20.52) 42 (17.21)
0.05-2 511 (65.10) 343 (63.40) 168 (68.85)
2 121 (15.41) 87 (16.08) 34 (13.93)
CRP (mg/L, %) <0.0001
<5 109 (13.89) 90 (16.64) 19 (7.79)
5-100 556 (70.83) 357 (65.99) 199 (81.56)
2100 120 (15.29) 94 (17.38) 26 (10.66)
Therapeutic methods
Antibiotics (%) 0.0479
No 99 (12.61) 77 (14.23) 22 (9.02)
Yes 686 (87.39) 464 (85.77) 222 (90.98)
NSAID (%) 0.3556
No 549 (69.94) 384 (70.98) 165 (67.62)
Yes 236 (30.06) 157 (29.02) 79 (32.38)
Steroid (%) 0.447
No 232 (29.55) 155 (28.65) 77 (31.56)
Yes 553 (70.45) 386 (71.35) 167 (68.44)
Immunopotentiator (%) 0.2189
No 203 (25.86) 147 (27.17) 56 (22.95)
Yes 582 (74.14) 394 (72.83) 188 (77.05)
Ventilator (%) 0.2610
No 650 (82.80) 442 (81.70) 208 (85.25)
Yes 135 (17.20) 99 (18.30) 36 (14.75)

Abbreviations: HAP, Hospital-acquired pneumonia; AlS, acute ischemic stroke; WBC, white blood cell; HB, hemoglobin; PCT, procalcitonin; CRP,
C-reactive protein; NSAID, nonsteroidal anti-inflammatory drug; ICU, intensive care unit.

Optimal Variables Selection

Six algorithms of screening variables were applied to perform the feature filtering. Results suggested that from the total
19 variables, lasso regression screened out 19 variables (Figure 3A), SVM screened out 17 variables (Figure 3B), ridge
regression screened out 19 variables (Figure 3C), random forest (Figure 3D) and elastic net regression all screened out 13
variables (Figure 3E). To avoid bias from over-reliance on a single variable selection method, we used 6 complementary
algorithms covering linear (lasso regression, ridge regression, logistic regression, SVM) and non-linear (random forest,
elastic net regression) frameworks, then applied a strict “intersection criterion” to retain variables identified as important
by all. This filtered 19 initial variables down to 9, ensuring they are not spurious or redundant, reducing overfitting risk
and enhancing model reliability. Furthermore, 13 independent risk factors identified by logistic regression were also
included as valuable features (Figure 2). To identify the most robust and high-confidence predictors for model building,
we took the intersection of features selected by all six algorithms. This stringent criterion ensures that the final nine
variables (respiratory failure, hospital stays, consecutive febrile days, number of positive bacteria, antibiotics, CRP,
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Varible Subgroup OR (95% Cl) Univariate analysis P.value OR (95% CI) Multivariate analysis P.value
Renal inadequacy No 1 . 1 '
| i | i
Yes 2.73[1.96-3.81] | - <0.001 2.71 [1.60-4.60] [ <0.001
1 H 1 H
Respiratory failure No : :
Yes 4.30 [3.07-6.03] : = <0.001 2.11[1.27-3.51] : — 0.004
Hospital stays (days) <7 : . : .
7-14 2.37[1.18-4.78) : —a— 0.015 1.92 [0.81-4.56] : T 0.141
14-28 4.68 [2.40-9.11] | —i— <0.001 2.43[1.04-5.68] N 0.04
>28 14.49 [7.14-29.41] : P <0001 5.13 [2.03-12.96] : - <0.001
| H | H
Surgery No | . | H
1 -— 1 -
Yes 2.88[1.63-5.08] | : <0.001 2.34[0.95-5.80] | . 0.066
| . | .
Consecutive febrile days 0 | J | J
| - ' [ '
1-3 1.79[1.14-2.81] | | 0.011 0.87 [0.47-1.59] | H 0.647
| .' | - H
4-7 5.26 [3.20-8.65] | " <0.001 1.42 [0.70-2.86] (. 5 0.331
| 0 | 0
7 20.35[11.84-34.96] | ' & <0.001 3.30[1.56-7.01] | - 0.002
| . | .
Number of positive bacteria 0 1 . 1 .
| H | H
1 8.34 [5.34-13.02] | v m <0.001 8.10 [4.46-14.72] | i <0.001
| . | .
2 8.59 [5.05-14.59] : 3 U <0.001 3.21[1.49-6.90] : =5 0.003
>3 20.27 [11.69-35.14] : Coom 0001 2.56 [1.15-5.68] : — 0.021
S | H | H
Antibiotics No H '
| ' | '
Yes 0.27 [0.17-0.41] - : B <0.001 0.27 [0.14-0.52] & | H <0.001
Neutrophils (%) 50-70 | : | :
<50 1.87[0.85-4.15] : ™ E 0.122 3.66 [1.16-11.55] : .: 0.027
70-90 1.72[1.08-2.74] : = 0.023 1.50 [0.74-3.06] : ™ 0.263
| P [ .
90-100 2.09 [1.23-3.55] | ! 0.007 1.23[0.54-2.79] | ! 0.622
| . | .
HB (g/L) 110-160 | : | :
| ' | '
80-110 1.10[0.77-1.57] I 0.591 0.89 [0.54-1.48] ) ] : 0.658
| H | H
<80 2.00[1.20-3.34] | 0 0.008 1.03 [0.46-2.32] ] 0 0.938
| v | 0
2160 0.98 [0.35-2.76] T . 0.969 1.57[0.35-7.12] ] = ' 0.56
| . | .
PCT (ug/L) <0.05 | H | 8
| H | H
0.05-2 1.54 [1.00-2.39] : Bl 0.052 0.43 [0.22-0.82] +| : 0.011
22 1.94 [1.12-3.36] : — E 0.017 0.30[0.13-0.72] = : E 0.007
CRP (mg/L) <5 ! : I '
| ' | '
5-100 4.65[2.29-9.42) : — <0.001 3.17 [1.25-8.06] : = 0.015
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Figure 2 Univariate and multivariate analysis of independent risk factors of HAP in elderly critically ill AIS patients. Immunopotentiators: pharmacological agents that
enhance immune function, including thymus preparations, immunoglobulin, and interleukin in this study.
Abbreviations: HB, hemoglobin; PCT, procalcitonin; CRP, C-reactive protein; ICU, intensive care unit.
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Abbreviations: LASSO, least absolute shrinkage and selection operator; SVM, support vector machines.
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immunopotentiator, blood transfusion, and ICU admission) were independently identified as critically important by every
single method, significantly reducing the chance of including redundant or noisy features that could lead to model
overfitting (Figure 3F and G). Each selected variable directly links to the pathophysiology of HAP in critically ill elderly
AIS patients, with clear clinical plausibility. Respiratory failure, caused by AlIS-induced dysphagia, impaired cough
reflex or brain edema that disrupts airway clearance, is a direct driver of HAP. Longer hospital stays increase exposure to
nosocomial pathogens, immobilization-related atelectasis, and cross-contamination risk. Consecutive febrile days often
signal underlying infection, which can progress to HAP if prolonged. More positive bacteria species reflect broader
respiratory colonization, a precursor to HAP. Antibiotics and immunopotentiators are modifiable factors, targeting
infections and improving AIS-induced immunosuppression, respectively. Elevated CRP indicates subclinical infection
or inflammation, an early HAP signal. Blood transfusion is linked to transient immunosuppression and higher infection
risk; ICU admission means more severe illness, more invasive device exposure, and longer immobilization. The 9
variables are routinely collected in clinical practice, documented in standard electronic health records within 48 hours of
AIS admission without extra tests or equipment, enabling easy integration into bedside workflows for early HAP warning
without burdening clinicians. Our variable selection advances prior studies by ensuring robustness via 6-algorithm
intersection, prioritizing modifiable factors for both risk stratification and intervention, and suiting resource-limited

settings by excluding rare or expensive biomarkers.

Machine Learning Modeling and Performance Comparison

Eleven different ML classifiers were utilized to construct a prediction model for the risk of developing HAP in elderly
subjects with critically ill AIS. After hyperparameter optimization, the 11 algorithms were modeled in the training set and
validation set, respectively, and the evaluating indexes including AUC, accuracy, precision, F1-score, recall, MCC, Brier
score, and kappa were calculated. Sorting by AUC value and analysis of differences between groups using Friedman test
and post-hoc Nemenyi test. Friedman test revealed that the differences among AUC values of 11 algorithms was
significant (P<0.0001) both in training and validation sets. By comparing the Average Rank Difference (ARD) and
critical difference (CD) between the two algorithms, if the ARD > CD, a significant performance difference existed
between the two algorithms, as indicated by whether the vertical dotted line intersected ARD. Post-hoc Nemenyi test
suggested that CD was 3.3758, and differences between two algorithms were statistically significant both in training
(Figure 4A) and validation sets (Figure 4B). According to the order of AUC value, the ML classifier with the best
prediction performance was XGBoost model, followed by LightGBM, Multi-layer perceptron, gradient boosting, and
KNN in the training set (Table 2 and Figure 4C). In the validation set, the ML classifier with the best prediction model
performance was also the XGBoost model, followed by gradient boosting, SVM, logistic regression, and LightGBM
(Table 2 and Figure 4D). On the basis of the analysis of training and validation sets, we believed that XGBoost model
had the best prediction performance among all ML classifiers. Moreover, the accuracy, precision, F1-score, recall, MCC,
Brier score, and kappa of XGBoost model also ranked first in the training set, and except for recall which ranked fourth,
the other evaluating indicators also ranked first in the validation set (Table 2).

Predictive model was constructed using the XGBoost algorithm, and the AUC values of the model for XGBoost were
0.995 (95% CI 0.995-0.996) in the training set and 0.898 (95% CI 0.891-0.905) in the validation set, results showed that
the model constructed by 9 selected variables and XGBoost algorithm had good prediction accuracy (Table 2). DCA
results suggested that XGboost model was helpful to predict the risk of HAP in elderly critically ill AIS subjects among
the top 5 algorithms (Figure 4E). Calibration curve showed the model had good discernment (Figure 4F).

Ultimately, the best ML model in predicting HAP risk of elderly critically ill AIS patients was XGBoost. In order to
further improve the predictive performance and accuracy of the model, we used 10-fold cross-validation to train and test
the XGBoost model. After 10-fold cross-validation, the AUC of XGBoost model in the training, validation, and testing
set were 0.906 (95% CI 0.842-0.970), 0.893 (95% CI 0.855-0.930), and 0.848 (95% CI 0.787-0.909), respectively
(Table 3). In the specific optimization process of the model, when the learning results of the training set and validation set
were consistent, the prediction performance of the XGBoost model was the best (Figure 4G).
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Abbreviations: ROC, receiver operating characteristic curves; AUC, area under ROC; XGboost, extreme gradient boosting; LightGBM, light gradient boosting machine; KNN,
k-nearest neighbor; SVM, support vector machines; AdaBoost, adaptive boosting; BernoulliNB, Bernoulli Naive Bayes; GaussianNB, Gaussian Naive Bayes; DCA, decision curve analysis.
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Table 2 Performance Comparison of Different Machine Learning Classifiers in Predicting Hospital-Acquired Pneumonia in Patients Over 50 Years with Acute Ischemic Stroke

Algorithm AUC (95% CI) Accuracy Precision F1-Score Recall MCC Brier score Kappa
(X £ SD) (X £ SD) (X +SD) (X £ SD) (X £ SD) (X £SD) (X £SD)
Training set XGBoost® 0.995 [0.995-0.996] | 0.964+0.007 | 0.942+0.015 0.932+0.013 0.922+0.022 0.908+0.017 0.036+0.007 0.907+0.018
LightGBM 0.985 [0.984-0.986] | 0.938+0.009 | 0.879+0.019 0.886+0.017 0.894+0.027 0.844+0.024 0.062+0.009 0.844+0.023
Multi-layer Perceptron 0.975 [0.971-0.980] | 0.923+0.023 | 0.862+0.046 0.856+0.042 0.850+0.044 0.804+0.057 0.077+0.023 0.804+0.057
Gradient Boosting 0.961 [0.959-0.964] | 0.911+0.010 | 0.854+0.021 0.829+0.020 0.807+0.031 0.770+0.026 0.089+0.010 0.769+0.026
KNN 0.938 [0.936-0.941] | 0.860+0.011 | 0.786+0.021 0.716+0.028 0.658+0.037 0.629+0.033 0.140+0.011 0.625+0.034
SVM 0.935 [0.933-0.938] | 0.866+0.010 | 0.789+0.019 0.732+0.024 0.684+0.038 0.647+0.027 0.134+0.010 0.643+0.029
AdaBoost 0.912 [0.909-0.915] | 0.838+0.009 | 0.732+0.019 0.673+0.019 0.623+0.025 0.569+0.023 0.162+0.009 0.566+0.023
Logistic Regression 0.894 [0.890-0.897] | 0.830+0.009 | 0.731+0.021 0.646+0.024 0.578+0.028 0.542+0.028 0.170+0.009 0.536+0.028
BernoulliNB 0.886 [0.882-0.890] | 0.820+0.010 | 0.658+0.019 0.670+0.016 0.683+0.022 0.547+0.021 0.180+0.010 0.546+0.021
GaussianNB 0.883 [0.880-0.886] | 0.819+0.009 | 0.649+0.022 0.677+0.016 0.707+0.015 0.553+0.022 0.181+0.009 0.551+0.022
Stochastic Gradient Descent | 0.861 [0.835-0.888] | 0.803+0.048 | 0.705%0.121 0.591+0.161 0.587+0.228 0.498+0.118 0.197+0.048 0.474+0.142
Validation set XGBoost” 0.898 [0.891-0.905] | 0.832+0.020 | 0.722+0.058 0.670+0.040 0.630+0.059 0.564+0.050 0.168+0.020 0.559+0.050
Gradient Boosting 0.897 [0.889-0.905] | 0.796%0.023 | 0.635+0.054 0.608+0.051 0.589+0.071 0.473+0.059 0.204+0.023 0.471+0.060
SVM 0.887 [0.878-0.896] | 0.813%0.025 | 0.692+0.064 0.626+0.056 0.583+0.095 0.512+0.062 0.187+0.025 0.505+0.067
Logistic Regression 0.885 [0.878-0.892] | 0.816+0.022 | 0.703+0.061 0.627+0.044 0.573+0.071 0.515+0.05 0.184+0.022 0.508+0.053
LightGBM 0.883 [0.875-0.891] | 0.806+0.015 | 0.651+0.062 0.639+0.035 0.633+0.055 0.510+0.041 0.194+0.015 0.507+0.041
BernoulliNB 0.885 [0.876-0.894] | 0.815+0.020 | 0.659+0.063 0.665+0.04 0.678+0.062 0.541+0.052 0.185+0.020 0.538+0.051
GaussianNB 0.880 [0.873-0.888] | 0.805+0.020 | 0.632+0.054 0.655+0.033 0.684+0.048 0.522+0.044 0.195+0.020 0.519+0.044
AdaBoost 0.873 [0.865-0.882] | 0.804+0.022 | 0.650+0.047 0.630+0.041 0.616+0.067 0.500+0.050 0.196+0.022 0.497+0.052
Stochastic Gradient Descent | 0.864 [0.855-0.873] | 0.777+0.054 | 0.645%0.131 0.570+0.097 0.575+0.203 0.454+0.086 0.223+0.054 0.429+0.097
Multi-layer Perceptron 0.855 [0.841-0.869] | 0.791%0.023 | 0.622+0.064 0.611+0.045 0.608+0.069 0.472+0.057 0.209+0.023 0.469+0.058
KNN 0.849 [0.838-0.861] | 0.799+0.021 | 0.682+0.058 0.573+0.042 0.501+0.068 0.458+0.044 0.201+0.021 0.446+0.049

Note: %indicates that the ML model with the best predictive performance in the training set is XGBoost; "indicates that the ML model with the best predictive performance in the validation set is XGBoost. Immunopotentiators:

pharmacological agents that enhance immune function, including thymus preparations, immunoglobulin, and interleukin in this study.

Abbreviations: ML, machine learning; AlS, acute ischemic stroke; AUC, area under ROC (receiver operating characteristic) curve. Cl, confidence interval; X+SD, meantstandard deviation; XGBoost, eXtreme Gradient Boosting;
LightGBM, light gradient boosting machine; KNN, k-nearest neighbor; SVM, support vector machine; AdaBoost, adaptive boosting; BernoulliNB, Bernoulli Naive Bayes; GaussianNB, Gaussian Naive Bayes; Cl, confidence interval; SD,

standard deviation.
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Table 3 Predictive Performance of the Optimal Machine Learning Model for
Patients Over 50 Years with Acute Ischemic Stroke After 10-Fold Cross-Validation

Performance XGBoost

Training Set Validation Set Testing Set
AUC (95% Cl) 0.906 [0.842-0.970] | 0.893 [0.855-0.930] | 0.848 [0.787-0.909]
Accuracy (X £+ SD) 0.841+0.078 0.812+0.077 0.804+0.071
Precision (X £+ SD) 0.758+0.154 0.715%0.126 0.623+0.124
Fl-Score (X + SD) 0.716+0.092 0.662+0.12 0.580+0.123
Recall (X + SD) 0.725+0.183 0.659+0.181 0.576+0.187

Note: For 0-fold cross-validation (Table 3), 40% of participants were randomly allocated as a hold-out
testing set for final evaluation initially, while the remaining 60% constituted the development set. Within this
development subset, we implemented a |0-fold cross-validation procedure wherein each fold further
partitioned the data into approximately 70% training (=42% of total data) and 30% validation (=18% of
total data). Ultimately, the final model was retrained on the complete development set (60% of total data)
prior to unbiased evaluation on the untouched testing set.

Abbreviations: AlS, acute ischemic stroke; AUC, area under ROC (receiver operating characteristic)
curve; XGBoost, eXtreme Gradient Boosting; Cl, confidence interval; SD, standard deviation.

Survival Analysis

All-cause death was taken as the prognostic outcome, and the influence of the screened variables and HAP on the
prognosis of patients was observed. Kaplan—Meier analyses showed higher survival rate between non-HAP and HAP
groups (P=0.01, Figure 5A). What’s more, patients with respiratory failure (P=0.01, Figure 5B), shorter hospital stays
(P<0.0001, Figure 5C), more positive bacteria were detected (P=0.0013, Figure 5D), higher CRP (P<0.0001, Figure 5E)
and ICU admission (P<0.0001, Figure 5F) had worse survival rate. Cox regression analysis was performed to assess
whether the selected characteristic variables could be used as independent prognostic factors. Cox regression analysis
showed that after adjusting for other confounding factors, HAP (95% CI 1.269-2.350, P<0.001), respiratory failure (95%
CI 3.044-5.910, P<0.001), one (95% CI 1.227-2.600, P=0.002), two (95% CI 1.493-3.570, P<0.001), three (95% CI
2.149 4.980, P<0.001) or more positive bacteria was detected, ICU admission (95% CI 1.734-3.220, P<0.001) and
hospital stays over 7 days (95% CI 0.275-0.580, P<0.001), 14 days (95% CI 0.108-0.240, P<0.001), 28 days (95% CI
0.057-0.160, P<0.001) were independent prognostic factors for elderly patients with critically ill AIS (Figure 5G).

Interpretation of Optimal Machine Learning Model by SHAP

SHAP explains the model’s predictions by calculating the contribution of each feature to the prediction target by utilizing
SHAP value. We provided two typical examples, one predicted no HAP and the other predicted the development of HAP
(Figure 6A), to demonstrate the interpretability of the model. The results of summary plot indicated that the greater the
SHAP value of number of positive bacteria (more), ICU admission (yes), consecutive febrile days (longer), respiratory
failure (yes), hospital stays (longer), blood transfusion (yes) and CRP (higher), the greater the risk of HAP after
hospitalization of elderly patients with critically ill AIS. In contrast, the greater the SHAP value of antibiotics (yes)
and immunopotentiator (yes), the lower the risk of HAP after hospitalization (Figure 6B).

To observe the interaction of selected variables on the risk of HAP, SHAP dependence plot was deployed. It’s
noteworthy that the longer the patient’s hospital stay (Figure 6C) or the continuous fever days (Figure 6D), the higher the
likelihood of multiple bacterial infections, leading to a greater risk of developing HAP. Furthermore, elderly critically ill
AIS patients who developed respiratory failure (Figure 6E) or were transferred to the ICU (Figure 6F) also had a higher
number of positive bacteria, and thus a higher probability of HAP. Namely, whether or not bacteria were detected and the
number of positive bacteria were the primary important risk factors in the diagnosis of HAP among all the screened
optimal variables.
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using survival estimate. (G) Forest plot of univariate and multivariate analyses using Cox proportional hazards model. **P<0.01, ***P<0.001.
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Figure 6 Individual and global interpretation of XGBoost model. (A) Effect of selected nine most significant clinical features on HAP occurrence in a single sample of
population. (B) SHAP summary plot of the selected nine clinical features. (C—F) SHAP dependence plot of interactions between meaningful variables on the infection of HAP.
Immunopotentiators: pharmacological agents that enhance immune function, including thymus preparations, immunoglobulin, and interleukin in this study.
Abbreviations: HAP, hospital-acquired pneumonia; SHAP, SHapley Additive explanation.
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Discussion
According to the published research, this is the first machine learning-based study investigating the associations between
risk factors, incidence of HAP and all-cause mortality in critically ill elderly AIS patients. In this retrospective study, we
compared 11 ML algorithms for comprehensive HAP prediction in elderly adults over 50 years with critically ill AIS,
and identified a clinically feasible HAP risk-prediction model. We selected 11 ML algorithms covering four major classes
to address our dataset’s unique characteristics and ensure robust performance comparison. Tree-based ensemble methods
(XGBoost, LightGBM, Gradient Boosting) excel at capturing non-linear interactions and handling mixed data types.
XGBoost was prioritized for its built-in regularization to mitigate overfitting. The linear models (Logistic Regression,
SVM) served as baseline benchmarks, and their simplicity and interpretability helped validate whether complex
algorithms like XGBoost delivered meaningful performance gains rather than overfitting to noise. Instance-based
methods (KNN) was selected to test performance on “local” data patterns, as its distance-based logic can identify subtle
similarities between high-risk cases. Neural networks (Multi-layer Perceptron, MLP) could capture high-dimensional
feature interactions, though we noted MLP requires more data. This algorithm diversity prevented bias toward a single
class and enabled us to identify the model best suited for clinical use, where both predictive accuracy and stability are
essential. Among tested models, XGBoost exhibited the best performance. To avoid bias from over-reliance on a single
variable selection method, we combined 6 complementary approaches—multivariate logistic regression, LASSO regres-
sion, random forest, SVM, ridge regression and elastic net regression—and retained 9 variables identified by all methods.
This strategy balanced model complexity and generalizability by limiting variables and ensured clinical utility. The 9
features are routinely collected within 48 hours of admission, enabling bedside early warning. SHAP analysis quantified
the impact of key features (respiratory failure, hospital stays, consecutive febrile days, number of positive bacteria,
antibiotics, CRP, immunopotentiator, blood transfusion, and ICU admission). While XGBoost outperformed other
algorithms, its “black box” nature may limit clinical adoption, as clinicians need transparency on why a patient is
flagged as high-risk. SHAP addressed this by providing global feature importance, confirming “number of bacteria”,
“ICU admission”, and “consecutive febrile days” as top predictors, which aligns with clinical intuition that infections and
critical care settings drive HAP, and enabling local interpretability, for individual patients, SHAP values help clinicians
target interventions. This interpretability also validated the model’s biological plausibility, as SHAP’s feature ranking
matches known HAP pathophysiology, reducing the risk of spurious correlations driving performance. We also demon-
strated the effect of screened variables on survival in this population. Current studies have focused on HAP prediction in
AIS patients,'' " but a single analytical algorithm introduces bias in risk prediction for critically ill elderly AIS patients
due to HAP heterogeneity.'* Multiple ML algorithms reduce overfitting risk, adapt to diverse data distributions, and
enhance interpretability (vs single-algorithm limitations). Among 11 algorithms, XGBoost achieved the highest AUC in
both training and validation sets, with superior accuracy, precision, and clinical net benefit. To balance model general-
izability, complexity, and computational cost,'® we selected 9 key variables (from 19 initial variables) via the intersection
of 6 methods. These demographic or clinical features are routinely collected during care, enabling early warning. This
supports the model’s utility for early HAP identification in critically ill elderly AIS patients, even those with mild or
atypical symptoms not meeting pneumonia criteria. SHAP further assisted in quantifying feature contributions in the
optimal model. Healthcare-associated infections (HAI) are major causes of morbidity and mortality in AIS patients.*
Pathogenesis of HAP in AIS patient is complex, such as post-stroke impaired consciousness and dysphagia increases
aspiration risk,'® AIS reduces immune function'” and stroke disrupts cough reflex innervation, impairing respiratory
secretion clearance and facilitating bacterial growth.'® Stroke severity and age are important confounding factors. Age-
related changes in AIS patients such as stroke-induced innate immune responses, immunosenescence, vascular aging,
co-morbidities,'® impair tissue function via microcirculation and immune dysfunction, increasing infection susceptibility.
We thus focused on HAP risk factors in critically ill AIS patients aged over 50 years to mitigate these confounders. In
this study, HAP risk was 0.81-fold lower in patients aged 5080 years vs >80 years (95% CI: 0.59-1.12, P=0.202), with
no statistically significant impact on AIS prognosis.

While AIS is known to increase HAP risk, HAP susceptibility factors/mechanisms in AIS remain inconclusive.
Patient-specific factors such as elderly age,® multiple comorbidities,”® and consciousness disorders®' are linked to
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nosocomial infections, and the most common is HAP. Our research identified renal inadequacy (95% CI 1.60—4.60,
P<0.001) and respiratory failure (95% CI 1.27-3.51, P=0.004) both related to baseline status as HAP risk factors in AIS
patients, which is consistent with prior studies.’”** Kidney disease-associated associated immune weakness impairs
infection resistance. Fluid overload and uremia cause respiratory complications (eg, pulmonary edema, pleural effusion)
predisposing to pneumonia.”* Dialysis patients face higher risk via repeated hospital environment exposure and invasive
procedures.” Stroke-induced dysphagia, immobility, and breathing pattern disruption cause respiratory failure, which is
further exacerbated by pneumonia.”® Additionally, HAP (95% CI: 1.269-2.35, P<0.001) and respiratory failure sig-
nificantly worsened prognosis (95% CI: 3.044-5.91, P<0.001) in AIS patients. Early HAP detection/prevention,
combined with aggressive stroke/complication management, reduces hospital stay duration and improves outcomes.
Notably, hospital stays >2 weeks definitively increased HAP risk in critically ill AIS patients—extending the focus of
intensive care beyond the 1-week window emphasized in prior studies.”” Consecutive febrile days >1 week also strongly
predicted HAP and poor outcomes: fever in AIS patients is often misattributed to stroke/medications, delaying
pneumonia diagnosis; prolonged fever indicates underlying infection, with rising risk of pulmonary spread.”® Early
recognition and management of these factors is critical for HAP prevention and outcome improvement.

Recent studies®”°

explored the practicality and feasibility of laboratory tests, such as WBC, neutrophils, and
complete blood count, in predicting pneumonia, but their association with HAP in critically ill elderly AIS patients is
rarely reported. While PCT and neutrophil levels typically rise in infections, their inverse association with HAP in our
cohort may reflect unique immune dysregulation in elderly stroke patients, comorbidity-related biomarker masking, or
critical illness threshold effects—findings requiring validation in broader populations. Limitations in our study include
our cohort’s unique pathophysiology and require validation in broader populations, incomplete nutritional status assess-
ment (no BMI, serum albumin, dietary intake, or clinical signs) and oversimplified hemoglobin (HB) evaluation. While
positive bacterial culture is the HAI diagnostic gold standard, the link between bacterial species count and HAP in
critically ill elderly AIS patients is unclear. Our data showed HAP risk rose sharply when bacterial count >1, but
plateaued when >3—highlighting the need for close monitoring of patients with 1-3 bacterial species to prevent HAP
progression from HAI and prognosis impairment. These factors collectively suggest underlying inflammation and
immune dysregulation contribute to HAP in this population. AIS treatment impacts HAP risk. For example, excessive
dehydrating agents that used for cerebral edema reduction cause fluid depletion or respiratory mucosal dryness, impairing
respiratory defense and increasing HAP risk.*' Appropriate antibiotic use treated existing infections and prevented HAP;
steroids and immunopotentiators (eg, thymosin, immunoglobulin) also reduced HAP risk—though immunopotentiator
efficacy varied by patient characteristics/product type. Prophylactic antibiotics, steroids, and immunopotentiators should
be cautiously considered in high-risk critically ill elderly AIS patients, weighing benefits against risks. While mechanical
ventilation (often required in severe cases) increases HAP risk via tubing colonization/natural defense bypass,*” it was
not a HAP risk factor in our study—emphasizing strict infection control and ventilation management to minimize
ventilator-associated pneumonia.**

In general, we developed a reliable model for HAP risk factor identification and prognosis prediction in critically ill
elderly AIS patients by comparing 11 classical ML algorithms and selecting 9 representative features—improving model
accuracy, reliability, and medical decision-making quality. We prioritized multi-metric evaluation including AUC,
accuracy, precision, F1-score, recall, MCC, Brier score, kappa, as single metrics mislead HAP prediction. AUC measured
overall discriminative ability to distinguish high- vs low-risk patients. Recall minimized false negatives to avoid delayed
treatment. Brier score assessed probabilistic accuracy for clinical decisions. For validation, 10-fold cross-validation
maximized limited sample size and assessed stability, with consistent fold AUC confirming less overfitting to single data
subsets. Nonetheless, there were several limitations that should not be concealed. First, generalizability restricted to
critically ill elderly AIS patients, not younger AIS patients or other stroke subtypes. Second, single-center design with no
external validation, despite unified diagnosis and treatment protocols minimizing measurement bias, regional differences
in epidemiology and medical resources may limit extrapolation, future multi-center large-cohort studies are planned.
Third, there may be unmeasured factors or complex interactions that influence the development of HAP and prognosis
(eg, stroke-induced immunosuppression mechanisms underlying HAP susceptibility remain unclear). Fourth, no assess-
ment of hospital environmental factors or clinician practices such as ventilation quality, multidrug-resistant bacteria, ward
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crowding, and so no. Importantly, the follow-up period of the study was 6 months. Although it covered the observation
window of the primary outcome, a complete data chain has not yet been formed for the long-term prognosis of chronic
diseases (such as the incidence of pneumonia complications and long-term quality of life, etc). Short-term data may not
fully reflect the sustained effects or delayed adverse reactions of intervention measures, especially when it comes to
diseases with a longer course of illness. This study’s 6-month data collection period may limit generalizability due to
potential seasonal variations in HAP incidence and inability to capture long-term trends, though aligned with similar ML
studies.>**> In addition, the findings of this study is consistent with existing studies.*® It is recommended that the
application of the model be limited to acute phase management, such as decision-making within 3 months after
admission. Lastly, potential overfitting, prediction consistency deviation, and limited calibration curve efficacy cannot
be ignored. The AUC difference between the training set and the testing set in 10-fold cross-validation may be due to the
temporal or spatial sampling bias of the testing set randomly and the generalization limitations of the model. And non-
linear interactions within high-dimensional features may not have been fully captured by calibration curve
(Supplementary Figure 1).

Conclusion

This study is the first machine learning-based study on HAP in elderly patients with AIS, and 11 machine learning
algorithms are compared to construct a HAP prediction model. Results showed that the XGBoost algorithm
performed the best, and 9 key clinical variables such as respiratory failure, length of hospitalization, number of
consecutive fever days, and positive bacteria were identified, and the impact of these variables on patient survival
was clarified. However, this study has some limitations. First, the single-center design lacks external verification,
and the promotion of the results is limited. Second, factors such as the hospital environment and medical staff
operations were not taken into account. Third, 6-month follow-up was relatively short, and long-term prognostic
data was missing. Lastly, the model has calibration deviations, and some high-dimensional feature interactions have
not been fully captured. In conclusion, this study provides a practical tool for the early identification, risk
stratification, and precise intervention of HAP in elderly patients with severe AIS, and helps optimize clinical
management strategies.
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