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Objective: To develop and rigorously validate a multivariable prediction model for postoperative pneumonia (POP) in elderly
patients with hip fracture by integrating the five-item modified frailty index (5-mFI), the Geriatric Nutritional Risk Index (GNRI), and
various clinical variables, with comprehensive assessment of model performance.

Methods: We conducted a retrospective cohort study of 2183 patients aged >65 years undergoing hip fracture surgery. Predictors
included comorbidities, laboratory values (including partial pressure of oxygen [PO,], B-type natriuretic peptide [BNP], and GNRI),
and the 5-mFI. We employed multivariable logistic regression to develop original and extended models, the latter adjusting for
functional status and perioperative factors. Model performance was evaluated via area under the curve (AUC), bootstrap-corrected
AUC, calibration, and decision curve analysis. Time-to-event and competing risk analyses were performed, and machine learning
models (Random Forest, XGBoost) were compared.

Results: The extended logistic regression model identified chronic obstructive pulmonary disease (odds ratio [OR]=2.60), post-
operative intensive care unit admission (OR=2.72), lower PO, (OR=0.987), lower GNRI (OR=0.871), higher 5-mFI (OR=1.94), and
higher BNP (OR=1.000) as independent predictors. The model demonstrated robust discrimination (AUC=0.781; bootstrap-corrected
AUC=0.773), good calibration, and clinical utility. Results were consistent in competing risk analysis and robust to multiple
imputation of missing data. Machine learning models confirmed GNRI and 5-mFI as top predictors, with comparable yet miscalibrated
performance (XGBoost corrected AUC=0.791).

Conclusion: We developed and internally validated a robust prediction model for POP that integrates frailty, nutrition, and key
clinical variables. The model demonstrates strong, validated performance and clinical utility, providing a practical tool for preoperative
risk stratification to guide targeted preventive measures in elderly patients with hip fracture.
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Introduction

The incidence of hip fractures is rising globally among older adults, projected to reach 5 million cases by 2050. Surgical
intervention remains the cornerstone of management to improve outcomes in this age group. Nonetheless, older adults
face elevated rates of postoperative complications due to diminished physiological reserves, frailty, and nutritional
deficits. These complications may include postoperative disability, cardiovascular and cerebrovascular issues, depression,
and even mortality." Consequently, it is imperative for healthcare professionals to promptly and accurately assess the risk
of postoperative complications following hip fractures in older patients.
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Postoperative pneumonia (POP) frequently affects this population, with reported incidence ranging from 5.1% to
14.9%.%* Treatment typically includes antibiotics and supportive care, yet these approaches may be insufficient due to
the intricate physiological aspects and concurrent health issues related to ageing.” This can impede recovery post-
surgery, prolong hospital stays, increase medical costs, and potentially lead to fatalities,®’ causing physical distress to
patients and financial strain on healthcare systems. Therefore, it is crucial to identify the risk factors linked to POP and
establish proactive strategies to improve patient prognosis. Numerous research studies have explored various patient
characteristics and risk factors linked to the development of POP. Factors including age, gender, body mass index
(BMI), living conditions, and a variety of biological markers have been recognised as key elements influencing the risk
of post-surgery pneumonia.® Notably, studies have emphasised the substantial impact of concurrent conditions such as
chronic obstructive pulmonary disease (COPD) and hypertension, prevalent in older patients, which markedly increase
the likelihood of postoperative complications.” Furthermore, the significance of nutritional status, assessed through, for
example, the Geriatric Nutritional Risk Index (GNRI) and biomarkers such as serum albumin levels, has emerged as
a crucial area of interest, shedding light on the intricate relationship between nutritional inadequacy and infection
risk.'® These research findings stress the importance of comprehending the interaction between patient characteristics
and comorbid conditions in the realm of POP, thus highlighting the potential for improved clinical decision-making
and risk assessment.

The five-item modified frailty index (5-mFI) and GNRI are two promising, easily obtainable tools that respectively
assess the comorbidity burden and nutritional risk in elderly patients.'''> While individually associated with post-
operative outcomes, the potential synergistic value of combining these geriatric-specific metrics with established clinical
risk factors to predict POP in hip fracture patients remains to be established. Therefore, the primary aim of this study was
to develop and validate a multivariable prediction model for POP in elderly patients undergoing hip fracture surgery by
integrating the 5-mFI, GNRI, and other relevant clinical variables. We hypothesized that a composite model would
provide superior predictive performance compared to individual factors alone, ultimately aiming to aid in preoperative
risk stratification and identify high-risk patients who might benefit from intensified prophylactic measures.

Materials and Methods
Methods

We conducted a retrospective analysis of patient records from January 2019 to December 2020 at Beijing Jishuitan
Hospital, Capital Medical University, including all individuals aged >65 years who underwent hip fracture surgery.
Patients were eligible if they presented within 3 weeks of fracture; cases of fractures older than 3 weeks, pathological
or periprosthetic femoral fractures, multiple or open fractures, preoperative pneumonia, haematological or autoimmune
disorders (eg leukaemia, rheumatoid arthritis, systemic lupus erythematosus), nonoperative management, or cases with
incomplete data were excluded. A total of 2183 patients met these criteria and were included in subsequent analyses. The
study received approval from the Ethics Committee of Beijing Jishuitan Hospital, Capital Medical University, and was
conducted in accordance with the ethical standards of the Declaration of Helsinki. The requirement for individual
informed consent was waived by the ethics committee due to the retrospective nature of the study. Only patient clinical
data will be collected, without interfering with the patient’s treatment plan, and there will be no physiological risks to the
patient. The researchers will make every effort to protect the information provided by the patients from disclosing
personal privacy. All patient data were anonymised and de-identified prior to analysis to ensure confidentiality and

privacy.

Data Collection

The collected demographical variables comprised age, sex, BMI, living status, preoperative ambulatory status (cate-
gorised as independent community ambulator or limited community/household ambulator), and a socioeconomic proxy
(insurance type, categorised as basic medical insurance or other/self-pay). We also recorded the time from fracture to
surgery and the length of hospitalisation.
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We recorded comorbidities, including hypertension, diabetes, COPD, congestive heart failure, stroke, chronic liver
disease, chronic kidney disease, and malignancy. Behavioural factors, such as current smoking status and alcohol use,
were also extracted from medical records.

Perioperative details encompassed fracture type, American Society of Anesthesiologists (ASA) classification, surgical
approach, anaesthesia modality, anaesthesia duration, operative time, intraoperative blood loss, postoperative ICU
monitoring, and transfusion requirements. The duration of prophylactic antibiotic use (categorised as <24 or
>24 hours) was recorded as a key perioperative management variable.

Laboratory parameters measured preoperatively included white and red blood cell counts, neutrophil and lymphocyte
count, haemoglobin, platelets, total protein, albumin, total bilirubin, blood glucose, creatinine, BNP, and arterial blood
gas values (pH, PO,, PCO,, lactate, SpO,), along with calculation of the 5-mFI and GNRI.

All data collectors received standardised training, and entries were independently duplicated and cross-checked, with
discrepancies resolved by consensus.

Calculation of the Risk Score

The 5-mFI was chosen due to its validated ability to assess frailty and comorbidity burden in elderly surgical populations,
and the GNRI was selected for its established role in evaluating nutritional risk, a critical factor in postoperative recovery.
These indices were prioritised based on their clinical relevance, ease of calculation, and prior evidence linking them to
postoperative complications.

The 5-mFI includes five variables: congestive heart failure, COPD, hypertension requiring medication, diabetes, and
non-independent functional status. Each variable contributes 1 point, resulting in an index score ranging from 0 to 5.

The GNRI is calculated using the following formula:

GNRI = [1.489xalbumin (g/L)]+[41.7x(weight/WLo)]."?

Here, WLo represents the ideal weight calculated using the Lorentz formula, and if the actual weight exceeds this value, we
set WLo = 1, following the approach outlined by Buzby et al (Note: Buzby originally used usual weight instead of WLo).'*

Postoperative pneumonia is defined as the appearance of new infiltrates on postoperative chest X-rays or chest
computed tomography scans, accompanied by respiratory symptoms and signs, or confirmed by a pulmonologist’s
consultation and diagnosis. The diagnosis of POP follows the criteria set out in the American Thoracic Society (ATS)
guidelines for healthcare-associated pneumonia,'> which include the following: 1) new and/or progressive respiratory
symptoms such as cough and purulent sputum; 2) postoperative fever (body temperature >38.0°C) or hypothermia (body
temperature <36.0°C); 3) physical examination findings indicating lung consolidation and auscultatory crackles; 4) white
blood cell count exceeding 10x10°/L or falling below 4x10%/L; and 5) identification of patchy inflammatory shadows or
interstitial changes on chest X-rays.

A diagnosis of POP is made if the patient meets any of criteria 1 to 4, along with criterion 5, provided that other
pulmonary conditions, such as lung cancer, tuberculosis, or pulmonary embolism, have been excluded. The assessment of
POP as the primary outcome is conducted from the first 24 hours after surgery until discharge. Diagnoses are performed
by a specialised team of pulmonologists and radiologists at Beijing Jishuitan Hospital, following standardised ATS
guidelines to ensure accuracy and consistency in diagnosis.

Statistical Methods
All statistical analyses were performed using IBM SPSS Statistics (version 22.0) and R software (version 4.5.0;
R Foundation for Statistical Computing). A two-sided P-value <0.05 was considered statistically significant.
Continuous variables were tested for normality using the Shapiro—Wilk test. Normally distributed data were presented
as mean + standard deviation and compared using the Student’s z-test, whereas non-normally distributed data were
summarised as medians with interquartile ranges (IQR) and compared using the Mann—Whitney U-test. Categorical
variables were expressed as counts (percentages) and compared using the chi-square test or Fisher’s exact test, as
appropriate.

The pattern and proportion of missing data were assessed for all variables. To handle missing data, we employed
multiple imputation by chained equations (MICE) to create 20 complete datasets under the missing-at-random
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assumption. The imputation model included all variables from the final extended model and the outcome variable.
Results from the pooled analyses of the imputed datasets are presented alongside the complete-case analysis as
a sensitivity analysis.

Multiple predictive models were developed using different statistical approaches. Multivariable logistic regression
was used to identify independent predictors of POP, with two primary models constructed: an original model with pre-
specified predictors and an extended model that additionally adjusted for potential confounders. Multicollinearity was
assessed using variance inflation factors (VIF), with values >5 indicating significant collinearity. To account for variable
follow-up time, time-to-event analyses were performed using Kaplan—Meier curves, with Log rank tests for group
comparisons, multivariable Cox proportional hazards regression, and Fine—Gray competing risk regression to account for
in-hospital death as a competing event. Additionally, to complement the regression-based approaches, we trained two
ensemble machine learning models: Random Forest (RF) and XGBoost. Both models were trained using the same
predictor set as the extended logistic regression model. Hyperparameters for both models (eg number of trees, maximum
depth, learning rate for XGBoost) were optimised via randomised search with five-fold cross-validation. The feature
importance derived from these models was analysed and reported.

Model performance was evaluated on a randomly split test set (30% of data). Discrimination was assessed using the
area under the ROC curve (AUC), with sensitivity, specificity, and their 95% confidence intervals (CIs) reported at the
optimal cutoff, determined by maximising the Youden index. Internal validation and overfitting assessment were
performed using bootstrap resampling with 1000 repetitions, with optimism-corrected AUC values reported.
Calibration was evaluated using calibration plots and the Hosmer—Lemeshow goodness-of-fit test. Clinical utility across
a range of decision thresholds was assessed using decision curve analysis.

Results

Patient Demographics and Clinical Characteristics

A total of 2183 patients met the inclusion criteria, with a mean age of 80 years; women comprised 71.3% of the cohort,
and 75.6% were living independently prior to their fracture. Femoral neck fractures were the most common type,
accounting for 55.1% of the cases, which is in line with the typical distribution of fracture types in the elderly population.
Among the sample, 281 patients (12.9%) experienced POP. This incidence rate highlights the significant vulnerability of
this population to postoperative complications, emphasising the need for improved risk assessment and preventive
strategies.

Univariate analysis of baseline characteristics between patients with and without POP demonstrated significant
differences concerning multiple variables (Table 1). Patients who developed POP were significantly older (median 83
vs 80 years, P<0.001), had lower BMI (median 21.51 vs 22.87, P<0.001), and were more likely to be men (37% vs
27.4%, P=0.001). Regarding functional status, patients with POP had higher rates of partial dependence in living
conditions (32.7% vs 23.2%, P=0.001).

Comorbidities were more prevalent in the POP group, including hypertension (66.9% vs 55.5%, P<0.001), COPD
(15.7% vs 3.8%, P<0.001), congestive heart failure (36.6% vs 24.3%, P<0.001), and stroke (30.2% vs 24%, P=0.024).
Surgical factors also differed significantly, with patients with POP having higher ASA grades (64.8% vs 52.4% for ASA
M-IV, P<0.001), greater intraoperative blood loss (median 200 vs 100 mL, P=0.031), and more frequent postoperative
ICU care (42.3% vs 14.1%, P<0.001). Time from fracture to surgery was longer in patients with POP (median 3.92 vs
3.23 days, P=0.001), as was postoperative length of stay (median 2.52 vs 2.31 days, P<0.001).

Laboratory parameters showed consistent patterns of compromise in patients with POP, with significantly lower
lymphocyte counts, red blood cell counts, haemoglobin, total protein, albumin, and GNRI scores, alongside elevated
creatinine and BNP levels (all P<0.05). Arterial blood gas analysis revealed lower PO, (median 74.00 vs 78.4 mmHg,
P<0.001) and SO, (median 95.2% vs 96%, P<0.001) in patients with POP. The 5-mFI scores were significantly higher in
the POP group (median 3 vs 2, P<0.001).
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Table | Baseline Characteristics of the 2183 Patients with Hip Fractures

Characteristics Total (n=2183) POP

POP (N=281) Non-POP (N=1902) | p-value

Demographic

Age, years Mean (M25, M75) 80(74,85) 83(78,87) 80(73,85) <0.001
BMI 22.86(20.00,25.52) 21.51(17.91,24.65) 22.87(20.04,25.71) <0.001

Gender, n (%)

Female 1557(71.3%) 177(63%) 1380(72.5%) 0.001
Male 626(28.3%) 104(37%) 522(27.4%)

Living conditions, n (%)

Totally independent 1650(75.6%) 189(67.3%) 1461(76.8%) 0.001
Partially Dependent, 533(24.4%) 92(32.7%) 441(23.2%)

Comorbidities, n (%)

Hypertension 1244(57%) 188(66.9%) 1056(55.5%) 0.000
Diabetes 633(29%) 86(30.6%) 547(28.8%) 0.524
COPD 117(5.4%) 44(15.7%) 73(3.8%) <0.001
CHF 565(25.6%) 103(36.6%) 462(24.3%) <0.001
Stroke 542(24.8%) 85(30.2%) 457(24%) 0.024
Chronic liver disease 49(2.2%) 8 (2.8%) 41(2.2%) 0.465
Chronic kidney disease 90(4.1%) 17(6.0%) 73(3.8%) 0.082
Malignant tumors 163(7.5%) 27(9.6%) 136(7.2%) 0.143

Operation, n (%)

Femoral neck fracture 1203(55.1%) 170(60.5%) 1033(54.3%) 0.052
Intertrochanteric fracture 980(44.9%) 111(39.5%) 869(45.7%)

ASA grade n (%)

-l 1004(46%) 99(35.2%) 905(47.6%) 0.000

-1V 1179(54%) 182(64.8%) 997(42.4%)

Type of anesthesia, n (%)

General 108(4.9%) 16(5.7%) 92(4.8%) 0.536

Non-general 2075(95.1%) 265(94.3%) 1810(95.2%)

Operation method, n (%)

Internal fixation 1170(53.6%) 136(48.4) 1034(54.4) 0.061

Arthroplasty 1013(46.4%) 145(51.6) 868(45.6)

Anesthesia time (min) 90(60.90) 90(65,90) 90(60,90) 0.344

Operation time (min) 60(45,60) 60(55,60) 60(45,60) 0.343

Intraoperative blood loss (mL) 100(100,200) 200(100,200) 100(100,200) 0.031

Blood transfusion, n (%)

Preoperative 197(9.0%) 32(11.4%) 165(8.7%) 0.138

Intraoperative 366(16.8%) 53(18.7%) 313(16.5%) 0.314

Postoperative 693(31.7%) 99(35.2%) 594(31.2%) 0.179

Postoperative ICU care, n (%) 387(17.7%) 119(42.3%) 268(14.1%) <0.001

Fracture to surgery time(d) 3.27(2.23,5.41) 3.92(2.67,6.15) 3.23(2.20,5.16) 0.001

Surgery to discharge(d) 2.33(1.43,3.51) 2.52(1.60,7.35) 2.31(1.41,3.42) <0.001
(Continued)
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Table | (Continued).

Characteristics Total (n=2183) POP

POP (N=281) Non-POP (N=1902) | p-value
Laboratory findings
WBC x [079/L 9.68(7.86,11.88) 9.53(7.95,11.90) 9.69(7.85,11.87) 0.926
NEU count x 1079/L 7.92(6.13,10.09) 7.85(6.08,10.24) 7.94(6.14,10.8) 0.779
LYM count x 1079/L 1.00(0.74,1.32) 0.97(0.70,1.22) 1.00(0.74,1.33) 0.041
RBC x 107 12/L 3.93(3.51,4.32) 3.82(3.36,4.25) 3.93(3.53,4.33) 0.007
HGB (g/L) 121(109,134) 119(105,131) 122(110,134) 0.011
PLT x 1079/L 195(159,238) 197(158,244) 195(159,238) 0.592
TP (g/L) 65.3(61.2,69.3) 63.50+7.12 65.6(61.6,69.6) <0.001
ALB (g/L) 40.3(37.8,42.5) 38.34+3.84 40.5(38.2,42.7) <0.001
TBIL (umol/L) 16(12,21.3) 16.9(12.5,22.4) 15.85(12,21.1) 0.209
GLU (mmol/L) 7.70(6.60,10.0) 7.5(6.4,9.9) 7.7(6.6,10.0) 0.128
Creatinine (umol/L) 59(49,74) 62(50,81) 58(48,73) 0.001
PH 7.43(7.42,7.45) 7.44(7.42,7.46) 7.43(7.32,7.45) <0.001
PCO,(mmHg) 31.8(29.3,34.9) 31.3(28.5,34.7) 31.9(29.4.35.0) 0.031
PO,(mmHg) 77.7(69.6,86.0) 74.00(65.9,83.6) 78.4(70.2,86.3) <0.001
Lac (mmol/L) 1.0(0.7,1.4) 0.9 (0.7,1.3) 1.0 (0.7,1.4) 0.065
SO, (%) 95.9(94.3,97) 95.2 (93.1,96.7) 96 (94.4,97.0) <0.001
BNP (pg/mL) 295 (143.25,638.05) 638.9 (286.40,1494.00) | 265.8(134.50,542.10) <0.001
5-mFl 2(2,3) 3(2,3) 2(1,3) <0.001
GNRI 100.02 (94.77,104.14) | 95.86 (88.91,101.56) 100.52 (95.56,104.46) <0.001
Preoperative ambulatory status, n (%)
Independent community ambulator 1580 (72.4%) 165 (58.7%) 1415 (74.4%) <0.001
Limited community/household ambulator | 603 (27.6%) 116 (41.3%) 487 (25.6%)
Insurance type, n (%)
Basic medical insurance 1852 (84.8%) 225 (80.1%) 1627 (85.5%) 0.018
Other/self-pay 331 (15.2%) 56 (19.9%) 275 (14.5%)
Prophylactic antibiotics duration, n (%)
<24 hours 1785 (81.8%) 201 (71.5%) 1584 (83.3%) <0.001
>24 hours 398 (18.2%) 80 (28.5%) 318 (16.7%)
Current smoking, n (%) 285 (13.1%) 58 (20.6%) 227 (11.9%) <0.001
Alcohol use, n (%) 193 (8.8%) 42 (14.9%) I51 (7.9%) <0.001
Cognitive impairment, n (%) 327 (15.0%) 67 (23.8%) 260 (13.7%) <0.001

Abbreviations: NEU, Neutrophil; LYM, Lymphocyte; BNP, B-type natriuretic peptide; GNRI, Geriatric Nutritional Risk Index; COPD, chronic obstructive
pulmonary disease.

Multivariable Logistic Regression Models for Postoperative Pneumonia

Multivariable logistic regression was employed to identify independent predictors of POP. We constructed and compared
two models (Table 2). The original model (Model 1) included the pre-specified predictors of interest: COPD, post-
operative ICU care, PO,, GNRI, 5-mFI, and BNP. Prior to analysis, the VIFs for all variables in both models were below
2.0, indicating no concerning multicollinearity.

In Model 1, all six variables were independently associated with POP. The strongest predictors were postoperative
ICU care (odds ratio [OR]=2.794, 95% CI: 2.002-3.901, P<0.001) and COPD (OR=2.654, 95% CI: 1.596-4.411,
P<0.001). Each point increase in the 5-mFI was associated with a doubling of the odds of POP (OR=2.006, 95% CI:
1.615-2.491, P<0.001), whereas a higher GNRI was protective (OR=0.866, 95% CI: 0.811-0.924, P<0.001). Lower
preoperative PO, (OR=0.987, 95% CI: 0.977-0.998, P=0.015) and higher BNP levels (OR=1.000, 95% CI: 1.000-1.000,
P=0.007) were also significant independent predictors.
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Table 2 Comparison of Multivariable Logistic Regression Models for Predicting Postoperative Pneumonia

Variable Model | (Original) Model 2 (Extended)
Odds Ratio 95% CI P-value | Odds Ratio 95% CI P-value
(OR) (OR)
Core Predictors
COPD 2.654 1.596—4.411 | <0.001 2.601 1.560—4.337 | <0.001
Postoperative ICU care 2.794 2.002-3.901 | <0.001 2715 1.941-3.799 | <0.001
PO, (per mmHg) 0.987 0.977-0.998 | 0.015 0.987 0.977-0.998 | 0.017
GNRI 0.866 0.811-0.924 | <0.001 0.871 0.816-0.930 | <0.001
5-mFl (per point) 2.006 1.615-2.491 | <0.001 1.942 1.560-2.417 | <0.001
BNP (per pg/mL) 1.000 1.000-1.000 | 0.007 1.000 1.000—-1.000 | 0.008

Additional Adjustments
Preop Ambulatory Status (Ref: Independent)

* Limited community/household ambulator - - - 1.352 0.998-1.832 | 0.051
Insurance Type (Ref: Basic medical insurance)

* Other/Self-pay - - - 1.228 0.865—1.743 | 0.252
Prophylactic Antibiotics >24 hours (Ref: - - - 1.401 1.027-1.911 | 0.033
<24 hours)

Current Smoker (Ref: Non-smoker) - - - 1.512 1.063-2.151 | 0.021
Alcohol Use (Ref: No) - - - 1.421 0.966-2.090 | 0.073

Notes: Model | includes the pre-specified core predictors. Model 2 is adjusted for all variables in Model | plus the additional potential confounders listed.
Abbreviations: Cl, Confidence Interval; BNP, B-type natriuretic peptide; GNRI, Geriatric Nutritional Risk Index; COPD, chronic obstructive pulmonary disease.

To assess the robustness of these findings against potential confounding, we built an extended model (Model 2),
which incorporated additional variables related to functional status, socioeconomic proxy, and perioperative management
(specifically: preoperative ambulatory status, insurance type, prophylactic antibiotic duration, smoking history, and
alcohol use). The results of Model 2 are presented in Table 2. Critically, the effect sizes and significance levels of the
six core predictors remained largely unchanged after adjusting for these additional potential confounders. This consis-
tency demonstrates the robustness of the original findings.

Sensitivity Analysis for Missing Data

To address the potential impact of missing data on the robustness of our findings, we performed a sensitivity analysis
using multiple imputation. The variable with the highest proportion of missingness was BNP (12.5%), whereas all other
variables had missing rates below 5%. We created 20 complete datasets using MICE, under the assumption that data were
missing at random. The imputation model included all variables from the extended multivariable model (Model 2), as
well as the outcome variable (POP).

The pooled results from the analyses of the 20 imputed datasets are presented in Table 3. Here, all six core predictors
(COPD, postoperative ICU care, PO,, GNRI, 5-mFI, and BNP) retained their statistical significance, with ORs and ClIs
almost identical to those obtained from the complete-case analysis (Table 2, Model 2). The effect estimates for the
additionally adjusted confounders also remained consistent. This high degree of concordance between the complete-case
and multiple imputed analyses strongly suggests that our primary findings are robust to the missing data mechanism
present in this cohort.

Time-to-Event Analysis and Competing Risk Analysis

The median time from surgery to POP diagnosis was 3.5 days (IQR: 2.1-6.0 days). Kaplan—Meier curves demonstrated
a significantly higher cumulative incidence of POP in patients with a 5-mFI>2 than those with a 5-mFI<2 (Log-rank P<0.001)
(Figure 1). The multivariable Cox and Fine—Gray models were adjusted for the same comprehensive set of variables as in the
extended logistic regression model (Model 2).
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Table 3 Sensitivity Analysis: Pooled Results from Multiple Imputation (n=20 Imputed Datasets)

Variable Pooled Odds Ratio (OR) | 95% CI P-value
Core Predictors

COPD 2.58 1.55-4.30 <0.001
Postoperative ICU care 2.70 1.94-3.76 <0.001
PO, (per mmHg) 0.987 0.977-0.997 | 0.016
GNRI 0.873 0.818-0.932 | <0.001
5-mFl (per point) 1.935 1.557-2.405 | <0.001
BNP (per pg/mL) 1.000 1.000-1.000 | 0.009
Additional Adjustments

Preop Ambulatory Status (Limited vs Independent) | 1.338 0.988-1.812 | 0.059
Insurance Type (Other/Self-pay vs Basic) 1.241 0.875-1.761 | 0.226
Prophylactic Antibiotics >24 hours 1.395 1.023-1.902 | 0.035
Current Smoker 1.498 1.055-2.127 | 0.024
Alcohol Use 1.408 0.957-2.072 | 0.081

Notes: This table presents the pooled results of the multivariable logistic regression (equivalent to Model 2 in Table 2) after
multiple imputation of missing data. The model is adjusted for all variables listed.

Abbreviations: Cl, Confidence Interval; BNP, B-type natriuretic peptide; GNRI, Geriatric Nutritional Risk Index; COPD, chronic
obstructive pulmonary disease.

In the multivariable Cox proportional hazards model, COPD, postoperative ICU care, lower GNRI, higher 5-mFI, and
higher BNP remained significantly associated with an increased hazard of POP over time. The Fine-Gray competing risk
model, accounting for in-hospital death as a competing event, yielded qualitatively similar results, with all key predictors
retaining statistical significance. However, as expected, the magnitude of association for most factors was slightly attenuated
in the competing risk model compared with the Cox model, reflecting the adjustment for the competing risk of death (Table 4).

5-mFl Group == 5-mFl <2 =t 5-mFl>=2

-
o
o

°
]
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o
133
=}
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N
o

0.00

0 2 4 6 8 10 12 14
Days from surgery

Number at risk

5-mFl Group  Cumulative incidence of postoperative pneumonia (POP)

— 1035 708 469 272 158 91 34 7
— 1148 651 364 189 100 49 18 5
0 2 4 6 8 10 12 14

Days from surgery

Figure | Kaplan-Meier curves of cumulative incidence of postoperative pneumonia (POP) within 15 days stratified by 5-mFl score group (< 2 vs 2 2). The y-axis represents
cumulative incidence (I — survival probability), and the x-axis shows days from surgery. Shaded areas 95% confidence intervals. Numbers at risk at each time point are
displayed below the x-axis. The Log rank test was used to compare incidence between groups; the corresponding p-value is indicated on the plot.
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Table 4 Multivariable Time-to-Event Analysis for Predictors of Postoperative Pneumonia

Variable Cox Proportional Hazards Model Fine & Gray Competing Risk Model
Hazard Ratio 95% CI P-value | Subdistribution HR 95% CI P-value
(HR) (sHR)

Core Predictors

COPD 2.52 1.58-4.02 <0.001 238 1.49-3.80 <0.001

Postoperative ICU care 2.65 1.98-3.55 <0.001 248 1.85-3.33 <0.001

PO, (per mmHg) 0.988 0.979-0.997 | 0.012 0.989 0.980-0.998 | 0.018

GNRI 0.879 0.830-0.931 | <0.001 0.888 0.838-0.941 | <0.001

5-mFl (per point) 1.88 1.55-2.28 <0.001 1.80 1.48-2.19 <0.001

BNP (per pg/mL) 1.000 1.000-1.000 | 0.005 1.000 1.000-1.000 | 0.008

Additional Adjustments

Preop Ambulatory Status (Ref:

Independent)

- Limited community/household ambulator | 1.30 0.98-1.72 0.067 1.27 0.96—1.69 0.097

Insurance Type (Ref: Basic medical

insurance)

- Other/Self-pay 1.20 0.87-1.65 0.266 1.18 0.85-1.63 0.322

Prophylactic Antibiotics >24 hours (Ref: 1.35 1.01-1.81 0.045 1.32 0.99-1.77 0.061

<24 hours)

Current Smoker (Ref: Non-smoker) 1.45 1.04-2.02 0.028 1.41 1.01-1.97 0.044

Alcohol Use (Ref: No) 1.38 0.96-1.98 0.080 1.35 0.94-1.94 0.105

Notes: The Cox model assesses the hazard of POP over time. The Fine & Gray model treats in-hospital death as a competing event and estimates the subdistribution hazard
ratio (sHR). Both models are adjusted for all variables listed. Cl = Confidence Interval. BNP: B-type natriuretic peptide; GNRI: Geriatric Nutritional Risk Index; COPD:
chronic obstructive pulmonary disease.

Comparison with Machine Learning Models and Comprehensive Performance

Assessment

We evaluated the performance of the multivariable logistic regression models alongside two machine learning algo-
rithms, RF and XGBoost. All models were trained and evaluated using the full set of predictors from the extended model
(Model 2) to ensure a fair comparison. The predictive performance was assessed comprehensively in the test set
regarding discrimination, calibration, and clinical utility.

The discriminative ability of each model is summarised in Table 5 and visualised in Figure 2. The original logistic
regression model (LR-Original) achieved an AUC of 0.777 (95% CI: 0.749-0.805). The extended logistic regression
model (LR-Extended), which included additional clinical variables, showed a comparable AUC of 0.781 (95% CI:
0.753-0.809). At the optimal cutoff, the LR-Extended model demonstrated a sensitivity of 78.3% (95% CI: 73.1-82.9%)
and specificity of 63.5% (95% CI: 61.2-65.7%). The RF and XGBoost models demonstrated marginally higher apparent

Table 5 Comprehensive Performance Comparison of Prediction Models for Postoperative Pneumonia

Model Apparent AUC (95% ClI) Bootstrap-Corrected AUC Sensitivity at Specificity at Calibration H-L P-value Net Benefit
(95% CI) Cutoff (95% CI) Cutoff (95% CI) (E:O Ratio) at 20% Threshold
LR-Original 0.777 (0.749-0.805) 0.769 (0.741-0.798) 79.4% (74.3-83.8%) 62.8% (60.5-65.0%) 1.03 0.401 0.105
LR-Extended 0.781 (0.753-0.809) 0.773 (0.745-0.802) 78.3% (73.1-82.9%) 63.5% (61.2-65.7%) 1.02 0.452 0.107
Random Forest | 0.795 (0.768-0.822) 0.785 (0.757-0.812) 76.2% (70.8-81.0%) 66.1% (63.9-68.3%) 091 0.035 0.108
XGBoost 0.802 (0.775-0.828) 0.791 (0.764-0.819) 74.7% (69.2-79.7%) 67.8% (65.6-69.9%) 0.89 0.021 0.106

Notes: The apparent AUC is the performance on the test set without correction. The bootstrap-corrected AUC is the optimism-corrected estimate from 1000 bootstrap
samples. Sensitivity and specificity are reported at the optimal cutoff determined by maximizing the Youden index. Calibration is reported as the Estimated-to-Observed (E:
O) ratio (ideal = 1.00) and the Hosmer-Lemeshow (H-L) test P-value. The net benefit is reported at a probability threshold of 20%.

Abbreviation: LR, Logistic Regression.

Risk Management and Healthcare Policy 2026:19

https:




Ma et al

10
1.0 4
08
0.8 1
06
0.6
z 2
£ 2
2 =
c [
& &
04 0.44
0.2 0.2
y = LR-Original (AUC = 0.769, 95% Cl: 0.741-0.798)
—— LR-Original (AUC = 0.777, 95% CI: 0.749-0.805) S LR-Extended (AUC = 0.773, 95% Cl: 0.745-0.802)
LR-Extended (AUC = 0.781, 95% CI: 0.753-0.809) L —— Random Forest (AUC = 0.785, 95% CI: 0.757-0.812)
—— Random Forest (AUC = 0.795, 95% CI: 0.768-0.822) y XGBoost (AUC = 0.791, 95% C: 0.764-0,819)
= XGBoost (AUC = 0.802, 95% Cl: 0.775-0.828)
~-- Random (AUC = 0.500) y Random (AUC = 0.500)
0.0 0.0 . ; : ;
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity 1 - Specificity

Figure 2 Receiver Operating Characteristic (ROC) curves comparing the discriminative ability of the four prediction models for postoperative pneumonia. Subfigure (A)
displays the apparent performance of the models. Subfigure (B) shows the optimism-corrected performance derived from 1000 bootstrap repetitions. For each curve, the
area under the curve (AUC) and its 95% confidence interval (Cl) are reported.

AUCs of 0.795 (95% CI: 0.768-0.822) and 0.802 (95% CI: 0.775—0.828), respectively. However, following bootstrap
internal validation (1000 repetitions) to correct for optimism, the AUCs for all models were slightly attenuated. The
optimism-corrected AUC for the LR-Extended model was 0.773 (95% CI: 0.745-0.802), whereas the RF and XGBoost
models achieved corrected AUCs of 0.785 (95% CI: 0.757-0.812) and 0.791 (95% CI: 0.764-0.819), respectively,
indicating comparable and robust discrimination.

Feature importance analysis from both machine learning models (Figure 3) consistently identified GNRI, 5-mF]I, and
BNP as the top three predictors of POP, aligning with the findings from the logistic regression analysis. This convergence
across different modelling approaches reinforces the fundamental importance of nutritional status, frailty burden, and
cardiac strain in POP risk stratification. The specific hyperparameters used for tuning the machine learning models are
provided in Table 6.

Calibration performance varied across the models (Figure 4A). The LR-Extended model demonstrated excellent
calibration, with a calibration intercept near 0 and a slope near 1 (Estimated/Observed ratio: E:O = 1.02; Hosmer—
Lemeshow test: P=0.452). By contrast, both machine learning models showed signs of miscalibration. The RF model
tended to overestimate risk in the intermediate probability range, whereas the XGBoost model was overconfident,
compressing predicted probabilities towards the extremes.

Decision curve analysis (Figure 4B) was used to evaluate the clinical utility of the models across a range of decision
thresholds. All three prediction models provided a greater net benefit than the “treat-all” or “treat-none” strategies for
probability thresholds between approximately 10% and 35%. Within this clinically relevant range, the net benefit of the

three models was highly similar, with no single model demonstrating a clear and substantial superiority over the others.

Discussion

Our findings have direct and actionable implications for clinical practice. The 5-mFI and GNRI are both easily obtainable
in routine care at minimal cost, and their integration substantially enhances POP prediction, advancing individualised
preoperative assessment. To translate these findings into tangible clinical benefits, we propose a structured implementa-
tion pathway. Upon admission for hip fracture, patients would be systematically assessed using the 5-mFI and GNRI. The

10 https: Risk Management and Healthcare Policy 2026:19



Ma et al

GNRI

5-mFl

BNP

POz

Postoperative ICU care

COPD

0,i5 0.‘20 0.’25 0.1'*]0 0.&’:5

Feature Importance (Gain)

0.‘10 O.iS 0.’20 0.‘25 0.30 0.535 0.65 0.‘10

Feature Importance (Mean Decrease in Gini)

0.60 0,65 0.00

Figure 3 Variable importance plots for the machine learning models in predicting postoperative pneumonia. (A) Feature importance ranking from the Random Forest
model, determined by the mean decrease in Gini impurity. (B) Feature importance ranking from the XGBoost model, based on the total gain, which measures the relative
contribution of each feature to the model. Features are ranked in descending order of importance.

results should be integrated into a simple risk score (eg, low, intermediate, high), which could then trigger predefined,
protocol-driven care bundles. For instance, patients stratified as high-risk (eg, 5-mFI>2 and GNRI<92) could be
automatically referred for preoperative nutritional consultation and supervised respiratory physiotherapy, including
incentive spirometry and cough exercises. For those with a low GNRI, preoperative nutritional optimisation (eg, protein
supplementation) can be initiated promptly to bolster immune function. For patients with a high 5-mFI, enhanced
perioperative monitoring and aggressive respiratory rehabilitation can help preserve pulmonary function. This model
facilitates a shift from a reactive to a proactive, preventive paradigm, potentially improving outcomes and optimising
resource allocation by targeting interventions to those who need them most.

The study revealed the importance of age and gender as fundamental clinical characteristics, with an average patient
age of 80 years and a predominance of female patients (71.3%). Notably, the incidence of POP was identified as 12.9%,
underscoring the vulnerability of this population to postoperative complications. This aligns with previous studies that
documented similar trends, emphasising that older age is a consistent risk factor for adverse surgical outcomes, including

Table 6 Hyperparameter Settings for Machine Learning Models

Model

Hyperparameter

Value/Search Range

Final Selected Value

Random Forest

XGBoost

n_estimators (number of trees)
Max_depth (maximum tree depth)
Min_samples_split (min samples to split)
Min_samples_leaf (min samples at leaf)
bootstrap (bootstrap sampling)
n_estimators (number of trees)
Max_depth (maximum tree depth)
Learning_rate

Subsample (ratio of training instances)
Colsample_bytree (ratio of features)

100 - 500
3-15
2-20
1-10
True, False
100 - 500
3-10
0.01-0.3
0.7-1.0
0.7-1.0

300
8

5

2
True
250
6

0.1
0.9
0.8

Notes: Hyperparameters were optimized using 5-fold cross-validation with a randomized search over 100 iterations, with the area
under the ROC curve (AUC) as the scoring metric.
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Figure 4 Assessment of model calibration and clinical utility. (A) Calibration curves comparing the predicted probabilities against the observed frequencies of postoperative
pneumonia for the four models. The dashed diagonal line represents perfect calibration. (B) Decision curve analysis evaluating the net benefit of the four prediction models
across a range of threshold probabilities. The horizontal black dashed line indicates the net benefit of the “treat-none” strategy, while the gray sloped dashed line represents
the “treat-all” strategy.

POP, due to physiological changes and the presence of comorbidities in this demographic.®> The role of gender also
merits further discussion, as some studies suggest that women may experience higher rates of certain postoperative
complications, potentially due to hormonal differences or variations in health-seeking behaviours.'®

Notably, we identified independent risk factors associated with POP, including COPD, postoperative ICU admission,
PO,, GNRI, 5-mFI, and BNP. These findings align with prior reports but extend the understanding of how these factors
distinctly correlate with POP in the hip fracture population.'”'® The association of COPD with POP is particularly well-
documented, as this condition compromises pulmonary function and increases susceptibility to respiratory infections
post-surgery.”'® For hypoxaemia (lower preoperative PO,), reduced arterial oxygen tension impairs alveolar macrophage
function-a critical component of pulmonary innate immunity-by inhibiting phagocytosis of pathogens and reducing
reactive oxygen species production.”’ In elderly hip fracture patients, pre-existing pulmonary compromise (eg, mild
COPD) or perioperative pain-induced shallow breathing may exacerbate hypoxaemia, creating a pro-inflammatory
microenvironment that promotes bacterial colonisation and pneumonia development.?' For BNP, a marker of cardiac
strain, elevated levels reflect increased left ventricular filling pressure, which induces subclinical pulmonary oedema.
This oedema disrupts the alveolar-capillary barrier, impairs gas exchange, and provides a nutrient-rich environment for
bacterial growth.”? Additionally, BNP elevation is often accompanied by systemic inflammation in elderly patients,
which further suppresses immune function and enhances susceptibility to postoperative infections.”> These mechanisms
explain why these predictors are functionally related to the pathogenesis of POP, enhancing the biological rationality of
our model.

Our findings have direct implications for clinical practice. The 5-mFI and GNRI are both easily obtainable in routine
care at minimal cost, and their integration substantially enhances POP prediction, advancing individualised preoperative

2425 with a score >2 linked to

assessment. The 5-mFI is a reliable prognostic indicator for postoperative complications,
a two-fold increase in 30-day mortality.”*?” However, it does not capture acute issues such as nutritional deficits or
trauma-induced inflammation. This gap is filled by the GNRI, a simple tool for grading nutritional risk®® that correlates
with serum albumin and serves as an established prognostic marker.?*° Specifically, in patients with hip fracture, a low
GNRI predicts higher risks of postoperative mortality and complications.”**® These insights translate into actionable
strategies. Integrating the 5-mFI and GNRI into preoperative assessments can identify high-risk patients (eg 5S-mFI>2 and

GNRI<92) for targeted interventions. For those with low GNRI, preoperative nutritional optimisation (eg protein
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supplementation) can bolster immune function.*' For patients with a high 5-mFI, enhanced respiratory rehabilitation (eg
incentive spirometry, early mobilisation) can help preserve pulmonary function. Furthermore, our results reinforce the
need for timely surgery, a principle underscored by the increased morbidity associated with surgical delays during the
COVID-19 pandemic.’® Implementing this risk-stratified approach can inform clinical guidelines and improve care for
this vulnerable population.

The ultimate value of a prediction model lies in its ability to inform clinical care. To translate our findings into
practice, we propose a structured implementation pathway. First, upon admission for hip fracture, patients would be
systematically assessed using the 5-mFI and GNRI, with results integrated into a simple risk score (eg low, intermediate,
high). This risk stratification could then trigger predefined, protocol-driven care bundles. For example, high-risk patients
(eg 5-mFI>2 and GNRI<92) could be automatically referred for preoperative nutritional consultation and supervised
respiratory physiotherapy, including incentive spirometry and cough exercises. This model facilitates a shift from
a reactive to a proactive, preventive paradigm.

This study has several limitations that should be considered when interpreting the results. First, although our model
demonstrated robust predictive performance (AUC=0.777) within the studied cohort, its generalisability to other
populations requires careful consideration. Second, the retrospective, single-centre design, although enabling a large
sample size, inherently carries risks of unmeasured confounding and selection bias. It may also capture unique local
practices and patient demographics, potentially limiting the generalisability of our model to other healthcare settings.
Third, although we employed multiple imputation to handle missing data, the absence of systematically recorded data on
specific medications (eg immunosuppressants, acid-suppressive drugs), detailed surgical techniques, and pre-admission
functional scores limits our ability to control for their potential confounding effects. Fourth, our model’s performance,
although robust, was evaluated through internal validation alone. External validation in independent, prospective, and
multicentric cohorts is crucial to verify its transportability and for calibration for different populations. Finally, the model
is primarily designed for preoperative use and does not incorporate dynamic postoperative variables, which could further
refine risk stratification during the hospital stay.

Future research should prioritise external validation across diverse geographic and healthcare settings. Furthermore,
incorporating more granular data on pharmacotherapy, surgical nuances, and functional status, potentially through
prospective study designs, could enhance model precision. Exploring the integration of our model with machine learning

approaches on larger datasets may also uncover non-linear interactions and improve predictive accuracy.

Conclusions

This study developed and rigorously validated a multivariable prediction model for POP in elderly patients with hip
fracture. The model robustly identifies COPD, postoperative ICU care, hypoxaemia (lower PaO,), nutritional status
(GNRI), frailty (5-mFI), and cardiac strain (BNP) as key independent predictors. Its strong, internally validated
performance (AUC=0.781) and the convergence of findings across logistic regression, time-to-event, and machine
learning analyses affirm that integrating frailty and nutrition with core clinical markers provides a superior foundation
for risk assessment.

Crucially, this model offers a direct pathway for enhancing clinical management. It can be pragmatically
integrated into perioperative workflows by systematically calculating the 5-mFI and GNRI upon patient admission.
This allows for the preoperative stratification of patients into risk tiers (eg high-risk: 5-mFI>2 and GNRI<92),
enabling targeted allocation of preventive resources. High-risk individuals could then immediately receive proto-
col-driven care bundles, such as preoperative nutritional optimisation and supervised respiratory physiotherapy,
which have the potential to improve outcomes and optimise resource use. By moving beyond demographic proxies
and existing models that lack these integrated geriatric assessments, our tool provides a more holistic and
actionable framework for preoperative planning, ultimately aiming to reduce the burden of POP in this vulnerable
population.
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