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Abstract

Objective Currently, there is no effective way to identify older patients with community-acquired pneumonia (CAP)
at high risk of long-term death. We aimed to develop and validate a pneumonia scoring system to predict 180-day
mortality, and compare its performance with the commonly used CURB-65 score.

Methods The prospective cohort study enrolled patients aged 65 years and older with CAP from 10 medical centers
in China between April 2021 and December 2023. The primary outcome was 180-day mortality. A Cox proportional
hazards model was used to develop a new pneumonia scoring system, and the area under the time-dependent
curve (AUC) was used to assess its discriminatory power. Internal validation was performed using both bootstrap
resampling and 10-fold cross-validation. The model was visualized by a nomogram and a questionnaire. The optimal
cutoff value of the nomogram was determined based on the maximum Youden index for the 180-day mortality
prediction, dividing patients into high- and low-risk groups. The performance of model in predicting both short- and
long-term mortality was compared with CURB-65 using AUC, sensitivity, specificity, negative predictive value and
positive predictive value.

Results A total of 619 patients, with a median age of 78 years (IQR: 70.5-85.0), were included in the analysis.

The 180-day mortality was 6.9%. The model was developed using six variables, including age, the ratio of pulse
oximetry saturation (SpO,) to the fraction of inspired oxygen (FiO,), loneliness, Barthel index, Clinical Frailty Scale and
malnutrition. The AUC of the model for predicting 180-day, 90-day and 30-day mortality were 0.829, 0.832 and 0.904,
respectively. The cut-off value for the model was 142, while it was 2 for CURB-65. Using the cut-off values, the AUC of
the model for predicting 180-day mortality was 0.768 (95% confidence interval [CI]: 0.695-0.842), significantly higher
than that of CURB-65(AUC: 0.573, 95%Cl: 0.488-0.659). A similar trend was observed for predictions of 90-day, 30-day
and in-hospital mortality.
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Conclusions This study developed and validated a prediction model for long-term mortality in older patients with
CAP showing better discriminatory power and accuracy over CURB-65.

Keywords Community acquired pneumonia, The older, Prediction model, Long-term prognosis

Introduction

Community-acquired pneumonia (CAP) remains a major
cause of morbidity and mortality worldwide [1, 2], with
a high incidence and mortality rate in the older. Cur-
rently, there is a growing recognition that CAP is not
only an acute illness but also has an impact on long-term
outcomes [1]. Particularly with the global epidemic of
Covid-19 in recent years, the long-term effects of acute
infection have received more attention and research, and
have been termed post-acute infection syndromes (PAIS)
[2]. In addition, CAP is associated with long-term death,
with death at 1 year occurring in approximately 30% of all
hospitalized patients [1]. It is important to identify early
at high risk of long-term death, which is the first step to
reduce the long-term mortality rate.

Several pneumonia severity scoring systems have been
developed, such as CURB-65 [3], CRB-65, Pneumonia
Severity Index (PSI) [4], A-DROP [5], and SMART-COP
[6], but they have been developed to predict adverse out-
comes in the acute phase, including mortality, the need
for intensive care unit or mechanical ventilation. The
performance of current systems in predicting long-term
mortality was unclear. CRB-65 and CURB-65 are easy to
calculate and widely used, but it has been reported that
these two systems may underestimate the risk of mortal-
ity in the older. Other systems, such as the PSI, A-DROP
and SMART-COP scores, require invasive tests and
imaging, making them less practical for routine clinical
use. These limitations have highlighted the need for a
simpler and more effective tool to predict the long-term
mortality in the older with CAP.

To address this research gap, the aim of this study was
to develop and validate a clinically applicable tool for pre-
dicting 180-day mortality in the older patients with CAP.
In addition, the performance of the new tool was com-
pared with the CURB-65 risk score.

Methods

Study design and participants

The study was reported according to the Transparent
Reporting of multivariable prediction model for Individ-
ual Prognosis Or Diagnosis (TRIPOD) guidelines [7]. The
checklist for this article is provided in Supplementary file
1.

Participants

The study was a multi-center prospective study which
was conducted at 10 hospitals in China between April
2021 and December 2023 (Supplementary file 2 Table

S1). Patients aged 65 years and older with CAP were con-
secutively enrolled in the study. The diagnosis of CAP
was established in accordance with the guidelines of
the American Thoracic Society and the Infectious Dis-
eases Society of America (ATS-IDSA) [8]. Patients were
excluded if they had a totally dependent functional status,
deafness, severe cognitive impairment, advanced malig-
nancy or an expected survival of less than 1 year. Written
informed consent was obtained from all participants or
their family members before the survey.

Data collection

At the time of admission, data on demographic charac-
teristics, including age, sex, history of alcohol consump-
tion, and cigarette use, as well as vital signs, such as blood
pressure, heart rate, respiratory rate, peripheral oxygen
saturation (SpO,), and fraction of inspired oxygen (FiO,)
and laboratory tests were collected. Additionally, geriat-
ric assessments were performed.

Geriatric assessments

Before patients were enrolled in the study, two qualified
physicians determined the eligibility according to the
inclusion and exclusion criteria at the time of admission.
A trained nurse then started the geriatric assessment.

Comorbidity was assessed by self-reported and phy-
sician-recorded conditions. The Charlson comorbidity
Index (CCI) was used to quantify the comorbidity burden
[9].

Physical function was reflected by the basic activities of
daily living (BADL), which was assessed using the Barthel
Index (BI) [10]. The BI measured several activities of daily
living, including feeding, bathing, grooming, dressing,
bowel and bladder control, toileting, transferring from
bed to chair and vice versa, walking on level surfaces, and
climbing stairs. Higher scores indicated better functional
status.

Loneliness was defined as self-reported feelings of
loneliness.

Frailty was assessed using the validated Clinical Frailty
Scale (CFS), a 9-point item tool that evaluates specific
domains including comorbidity, functional status, and
cognition, resulting in a frailty score ranging from 1 (very
fit) to 9 (terminally ill), which has been well validated in
previous studies. A score of >5 is considered indicative of
frailty [11, 12].

Malnutrition was defined as a body mass index
(BMI) < 18.5 kg/m? or a weight loss of 5 kg in the previous
three months according to the recommendations of the
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European Society of Clinical Nutrition and Metabolism
(ESPEN) [13].

Follow up

Events during hospitalization were extracted from the
electronic medical records. The medical staff in our study
contacted the patients or their family members by phone
at 30, 90, and 180 days after discharge to collect their sur-
vival status. Patients were considered lost to follow-up if
they had no in-hospital assessments, no medical records
and no response after three consecutive phone call
attempts during the follow-up period.

Outcomes

The primary outcome was the mortality rate within 180
days following disease onset (180-day mortality). Second-
ary outcomes included mortality rates at 90 days, 30 days
and during hospitalization.

Sample size calculation

In our study, the 180-day mortality rate of CAP was
0.069. Assuming 10 candidate predictor parameters and
using a conservative estimate of 15% of the maximum
Cox-Snell R?, we determined that the minimum sample
size required to fit the regression models was 549, with
38 events, resulting in approximately 3.79 events per pre-
dictor parameter.

Statistical analysis

Patients lost to follow-up (11/630, 1.7%) were excluded
from the analysis. Given the low proportion of loss to
follow-up, their exclusion is unlikely to significantly affect
the study results and complete-case analysis was recom-
mended [14].

Continuous variables were presented as median (inter-
quartile range), whereas categorical variables were
expressed as absolute values (percentages), respectively.
For comparisons between survivors and non-survivors,
the Mann-Whitney U test was used for continuous vari-
ables, and the x2 test or Fisher’s exact test was used for
categorical variables, as appropriate.

Through literature review, clinical input and applica-
tion for clinical implementation, potential predictors
were shortlisted in univariable Cox regression excluding
laboratory test results [12, 15-17]. For clinical applica-
bility and interpretability, the optimal SpO2/FiO2 ratio
cut-off was based on the maximum Youden index in pre-
dicting 180-day mortality prediction, which was stratified
into two categories: <450 and =450 (Supplementary file
2, Figure S2). Variables with a P value <0.05 in the univar-
iate analysis were included in the full model and subse-
quently selected using a bidirectional stepwise approach
to derive the model with the lowest Akaike information
criterion. Finally, we assessed the performance of the
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model by examining its discrimination and calibration.
Discrimination was assessed using ROC curves and
quantified by the area under the time-dependent ROC
curve (AUC). An AUC value greater than 0.7 indicates
a reasonable level of predictive accuracy. Internal vali-
dation was conducted using bootstrap resampling with
500 repetitions and ten-fold cross-validation. Calibra-
tion was evaluated using calibration curves. Survival
curves were generated using the Kaplan-Meier method
and compared with the log-rank test. The performance
of the nomogram and CURB-65 was compared in terms
of AUC, sensitivity, specificity, positive predictive value
(PPV) and negative predictive value (NPV). All statistical
analyses were conducted using R software (version 4.2.2),
with a two-tailed P value<0.05 considered statistically
significant.

Result

Characteristics of study population

After excluding 11 patients who were lost to follow-up,
a total of 619 patients were included in the final analy-
sis (Supplementary file 2, Figure S1), and their baseline
demographic and clinical characteristics are shown in
Table 1. The median age was 78.0 years (IQR: 70.5-85.0)
and 65.9% (408/619) were male. The mortality rates at
30 days, 90 days, and 180 days were 0.6%, 4.0% and 6.9%,
respectively (Fig. 1D). Compared to survivors, non-sur-
vivors at 180 days had a higher median age (86.0 vs. 77.0
years, p<0.001), a higher proportion with SpO,/FiO,
ratio below 450 (69.8% vs. 42.9%, p<0.001), and a sig-
nificantly higher prevalence of frailty (69.8% vs. 34.4%,
p<0.001), self-reported loneliness (26.2% vs. 11.8%,
p=0.007), malnutrition (32.6% vs. 12.7%, p<0.001) and
higher CCI scores. Non-survivors also had lower BI
scores compared to survivors. Additionally, survivors had
a higher median albumin level on admission than non-
survivors (34.0 g/L vs. 37.0 g/L, p=0.002). There was no
difference in the distribution of CURB-65 scores between
the two groups.

Development, validation and visualization of the model
Six predictors were identified through stepwise multivar-
iate Cox regression analysis, including age, self-reported
loneliness, BI score, SpO2/FiO2 ratio, CFS and malnutri-
tion. Among these variables, age and BI score were ana-
lyzed as continuous variables. The hazard ratios (HRs) for
the predictors are presented in Table 2.

The nomogram for predicting mortality with the older
patients with CAP was constructed based on the multi-
variate Cox regression analysis (Fig. 1A). Each variable
in the nomogram is assigned a score based on its hazard
ratio, reflecting its contribution to mortality prediction.
The scores for the six variables are summed to calculate
a total score, which is then converted into an estimated
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Table 1 Baseline characteristics of the older with CAP
Variables Total Survivors Non-survivors P value
(n=619) (n=576) (n=43)
Age, years 78.0(70.5,85.0) 77.0(70.0, 85.0) 86.0(79.0,92.5) <0.001
Gender, n(%) 0.059
Male 408 (65.9) 374 (64.9) 34.(79.0)
Female 211 (34.1) 202 (35.1) 9(20.9)
Smoking status 0.258
Non-smoker 351 (56.7) 329 (57.1) 22(51.2)
Current smoker 58(94) 56 (9.7) 2(4.7)
Former smoker 210 (33.9) 191 (33.2) 19 (44.2)
Alcohol status 0.247
Non-drinker 434 (70.1) 396 (69.6) 33(76.7)
Current drinker 98 (15.8) 95 (16.5) 3(7.0)
Former drinker 87 (14.1) 80(13.9) 7(16.3)
BMI, kg/m2 23.7(214,25.7) 23.7(21.5,25.6) 23.7(19.3,26.2) 0.293
CURB65 score 0.065
1 502 (81.1) 473 (82.1) 29 (67.4)
2 100 (16.2) 87 (15.1) 13(30.2)
3 15 (2.4) 14 (2.4) 1(2.3)
4 2(0.3) 2(04) 0(0.0)
Charlson Comorbidity Index 40 (3.0,6.0) 40 (3.0,6.0) 5.0(4.0,6.0) 0.026
Vital signs at admission
Respiratory rate, breaths per minute 20.0 (18.0,20.0) 20.0(18.0, 20.0) 20.0(18.0,20.0) 0.885
Systolic blood pressure, mmHg 131.0(120.0, 145.0) 131.0(120.0, 145.0) 127.0(114.0,145.0) 0317
Diastolic blood pressure, mmHg 75.0 (68.0, 82.0) 75.0 (68.0, 82.0) 74.5 (65.3,78.8) 0.283
Heart rate, beats per minute 80.0 (71.3,88.0) 80.0 (71.0, 88.0) 80.0 (74.3,95.8) 0.189
SpO,/FiO, ratio 4524 (341.4,464.3) 4524 (341.4,466.7) 359.26(332.8,452.4) <0.001
<450 277 (44.7) 247 (42.9) 30 (69.8) <0.001
>450 342 (55.3) 329(57.1) 13(30.2)
Laboratory tests
C-reactive protein, mg/L 6.5(1.5,22.1) 7.1(14,24.2) 3.7(2.1,94) 0.203
White blood count, 10/9/L 7.1(53,9.7) 7.1(53,9.6) 83(55,11.3) 0.081
Hemoglobin, g/L 123.5(109.0, 136.0) 124.0 (109.0, 136.0) 121.0(105.5,131.0) 0427
Neutrophil count, 10A9/L 48(3.3,7.2) 48(3.3,7.1) 5.75(4.0,8.2) 0.077
Lymphocyte count, 10A9/L 1.2(0.8,1.7) 12(09,1.7) 1.0(0.8,1.5) 0.225
Albumin, g/I 36.8(33.0,40.0) 37.0(33.6,40.0) 34.0(29.0,37.3) 0.002
Urea, mmol/I 5.6(4.4,7.6) 56(44,7.5) 74(4.6,103) 0.054
Lactate Dehydrogenase, U/L 183.0 (156.5,223.0) 183.0 (155.8,223.0) 207.0(172.9,232.0) 0.132
Clinical Frailty Scale
Non-frail (level <5) 391 (63.2) 378 (65.6) 13(30.2) <0.001
frailty (level > 5) 228 (36.8) 198 (34.4) 30 (69.8)
Activities of daily living 90.0 (60.0, 100.0) 90.0 (65.0, 100.0) 50.0 (25.0,72.5) <0.001
Feeling Lonely 0.002
No 540 (87.2) 509 (88.4) 31(72.1)
Yes 79(12.8) 67 (11.8) 12(27.9)
Malnutrition <0.001
No 529 (85.9) 500 (87.3) 29 (674)
Yes 87 (14.1) 73(12.7) 14 (32.6)

Data are n (%) or median (IQR); BMI=body mass index, SpO,/FiO, = peripheral oxygen saturation to the FiO, ratio

mortality probability based on the patient’s clinical pro-
file. To improve clinical utility, the model was also trans-
lated into a questionnaire format following the same
principles of the nomogram (Supplementary file 2, Table

S3). Patients were stratified into high-risk and low-risk
groups using an optimal cut-off value of 142, determined
by the maximum Youden index. Kaplan-Meier survival
analysis demonstrated a significantly poorer survival
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Fig. 1 Visualization and validation of the model. (A) The nomogram of the mortality prediction model; (B) The ROC curve of the model; (C) The calibration
plot of the model; (D) The Kaplan—Meier curve for 180-day mortality demonstrating significant differences between the low-risk and high-risk groups

probability in the high-risk group compared to the low-
risk group (Fig. 1D).

The model demonstrated well predictive performance,
with AUC values of 0.829 (95% CI: 0.776—0.882) for 180-
day mortality, 0.832 (95%CI: 0.765-0.899) for 90-day
mortality and 0.904 (95%CI: 0.799-1.008) for 30-day
mortality (Fig. 1B). For internal validation, the model was
assessed using tenfold cross-validation and bootstrap-
ping methods. The tenfold cross-validation yielded an
average AUC of 0.830 in the training set and 0.818 in the
test set for 180-day mortality prediction. Bootstrap resa-
mpling analysis produced an optimism-corrected AUC of
0.807. These results across both validation methods con-
firmed the robust internal validity and reliable predictive
performance of the model. Furthermore, calibration plots
demonstrated that the predicted probabilities aligned

with the actual probabilities (Fig. 1C). However, based on
the characteristics of the data set, the model is applicable
to older patients with CAP aged 65 to 105 years.

The performance comparison between nomogram and
CURB-65

The performance comparison between the nomogram
and CURB-65 in predicting mortality is presented in
Table 3. Based on the Youden index, the optimal cut-off
value of CURB-65 for predicting 180-day mortality was 2.
The AUC of the nomogram for predicting 180-day mor-
tality was 0.768(95%CI: 0.695-0.842), higher than that of
CURB-65(AUC: 0.573, 95% CI: 0.488-0.659). The sen-
sitivity of the nomogram for 180-day mortality was also
higher than that of CURB-65, while both tools showed
good performance in NPV, with scores above 0.9. The
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Table 2 Cox regression analysis for 180-day mortality. Values are hazard ratios and 95% confidence intervals
Univariable analysis Multivariable analysis
Variables HR (95%Cl) P value HR (95%Cl) Pvalue
Age, years 1.074 (1.040-1.108) <0.001 1.033 (0.999-1.070) 0.058
Gender, n(%) 0.068
Male 1.000 (Reference)
Female 0.504 (0.242-1.051)
Smoking status
Non-smoker 1.000 (Reference)
Current smoker 1451 (0.786-2.681) 0.234
Former smoker 0.534(0.126-2.273) 0.396
Alcohol status
Non-drinker 1.000 (Reference)
Current drinker 1.024 (0.453-2.315) 0.954
Former drinker 0.387(0.119-1.261) 0.115
BMI, kg/m2 0.931 (0.855-1.013) 0.098
Charlson Comorbidity Index 1.119(1.003-1.248) 0.044
Vital sign at admission
Respiratory rate, breaths per minute 1.009 (0.920-1.106) 0.850
Systolic blood pressure, mmHg 0.987 (0.970-1.004) 0122
Diastolic blood pressure, mmHg 0.986 (0.961-1.012) 0.292
Heart rate, beats per minute 1.017 (0.994-1.041) 0.155
SpO,/FiO, ratio <0.001 0.047
<450 1.000 (Reference) 1.000 (Reference)
>450 0.335(0.175-0.642) 0.509 (0.261-0.993)
Clinical Frailty Scale <0.001 0.159
Non-frail (level < 5) 1.000 (Reference) 1.000 (Reference)
frailty (level > 5) 4145 (2.162-7.947) 1.740 (0.805-3.764)
Activities of daily living 0.977 (0.970-0.985) <0.001 0.988 (0.977-0.998) 0.021
Feeling Lonely 0.003 0.082
No 1.000 (Reference) 1.000 (Reference)
Yes 2738 (1.406-5.331) 1.827 (0.927-3.600)
Malnutrition <0.001 0.003
No 1.000 (Reference) 1.000 (Reference)
Yes 3.149 (1.664-5.959) 2616 (1.373-4.989)
HR=Hazards Ratio, CI=Confidence Interval
Table 3 Performance comparison between nomogram and CURB-65
cut off AUC (95%ClI) Sensitivity(95%Cl) Specificity(95%Cl) PPV (95%Cl) NPV (95%Cl)

180-day mortality

Nomogram 142
CURB-65 2
90-day mortality
Nomogram 142
CURB-65 2
30-day mortality
Nomogram 142
CURB-65 2
In-hospitalization mortality
Nomogram 142
CURB-65 2

0.768(0.695-0.842)
0.573(0.488-0.659)

0.783(0.700-0.865)
0.547 (0.44-0.651)

0.750(0.583-0.918)
0.573(0.369-0.777)

0.766(0.655-0.876)
0.623(0.478-0.768)

0.837(0.727-0.948)
0.326(0.186-0.466)

0.880(0.753 -1.000)
0.280(0.104-0.456)

0.833(0.535- 1.000)
0.333(-0.044 -0.711)

0.857(0.674-1.000)
0.429(0.169-0.688)

0.700(0.662-0.737)
0.821(0.790-0.852)

0.685(0.648-0.723)
0.815(0.784-0.846)

0.667 (0.630-0.705)
0.812(0.781-0.843)

0.674(0.637-0.712)
0.817(0.786-0.847)

0.172(0.12-0.223)
0.120(0.061-0.178)

0.105(0.064-0.147)
0.060(0.017-0.103)

0.024(0.003-0.045)
0.017(-0.006-0.041)

0.057(0.026-0.089)
0.051(0.011-0.091)

0.983(0.970-0.995)
0.942(0.922-0.963)

0.993(0.984-1.001)
0.964(0.948-0.980)

0.998(0.993-1.002)
0.992(0.984-1.000)

0.995(0.988-1.002)
0.984(0.973-0.995)
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trend was also in 90-day mortality, 30-day mortality and
in-hospital mortality.

In summary, the nomogram demonstrates high sensi-
tivity, making it particularly effective for early screening
of high-risk patients. Additionally, the model’s high NPV
makes it useful for excluding low-risk patients. Com-
pared to CURB-65, it has lower specificity, which may
lead to a higher likelihood of misdiagnosis. Combining
the nomogram with CURB-65 may improve diagnostic
accuracy and optimize clinical decision-making.

Discussion

The study developed a non-invasive model to identify
the older patients with CAP at high risk of long-term
death. The final predictive model incorporated six non-
invasive variables, making it practical for clinical use.
Additionally, the model demonstrated strong discrimina-
tory power, with AUCs for 180-day, 90-day, and 30-day
mortality all exceeding 0.8. Compared to CURB-65, the
model not only showed higher discriminatory power but
also improved sensitivity, NPV and PPV.

The model includes specific predictors of geriatric con-
ditions, such as frailty, loneliness and nutritional status,
alongside common mortality risk factors from previous
pneumonia severity scoring systems, such as age and
oxygenation assessment. Among these, frailty has gained
increasing attention in various geriatric diseases. Previ-
ous studies have identified frailty as a risk factor for hos-
pitalization, rapid disease progression and poor outcomes
in the older patients with respiratory infections [18, 19].
These findings suggested that frailty assessment should
be a routine part of the management of older adults with
CAP, although it has not yet received sufficient attention
in clinical practice in the area of infection. In addition,
the prevalence of loneliness in our study was significantly
higher among non-survivors, highlighting the impor-
tance of psychosocial factors in the prognosis of the older
patients with CAP. Although research on the impact of
loneliness on pneumonia outcomes in the older is lack-
ing, existing evidence consistently links loneliness with
various adverse outcomes [20].A meta-analysis found
that both actual and perceived social isolation (self-
reported loneliness) were associated with an increased
risk of early mortality, with loneliness being linked to a
26% higher risk [15]. Another study found that people
with the highest levels of loneliness were 30% more likely
to be diagnosed with cardiovascular diseases(CVD) and
48% more likely to be hospitalized for CVD than those
with the lowest levels of loneliness [21]. These findings
have emphasized the importance of assessing loneliness
in older patients, a factor that has often been overlooked
in the context of infections.

The prediction model demonstrated good discrimina-
tory ability and calibration for both short- and long-term
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mortality. Compared to CURB-65, the nomogram
achieved higher AUC and sensitivity, as well as a rela-
tively high NPV, making it more accurate in ruling out
mortality in low-risk patients. With both higher PPV and
NPV, the nomogram consistently provided more reliable
mortality predictions than CURB-65. However, in terms
of calibration performance, it slightly underestimated the
risk of 30-day mortality. This underestimation is probably
due to the fact that the model was primarily designed to
predict the risk of long-term mortality risk, coupled with
the fact that there were fewer cases of short-term mor-
tality in the data. However, although outcome definitions
vary, the model still exhibited useful discrimination and
potential clinical utility, especially in predicting the long-
term prognosis.

To ensure the simplicity of clinical assessment, we have
excluded indicators that required invasive testing, allow-
ing for timely risk stratification even before laboratory
results are available. However, even when albumin was
included in the model, the AUC was 0.828(95%CI: 0.774—
0.882) (Supplementary file 2, Figure S3), indicating no
significant improvement in the discriminative ability of
the model. Therefore, this model may also aid in optimiz-
ing resource allocation by identifying which patients may
require urgent laboratory test and imaging studies.

Despite the promising results, our study has several
limitations. First, the lack of external data prevented us
from performing external validation of the established
model. However, we plan to collect sufficient data for
external validation in future research. In addition, the
follow-up period of this study was 180 days andfuture
studies could extend the follow-up duration to assess lon-
ger-term outcomes and apply the prognostic model more
broadly. Finally, although we demonstrated the model’s
superiority over CURB-65, it remains unclear whether it
outperforms other common pneumonia severity scores,
such as PSI, SMART-COP and A-DROP etc. In addition,
in our study, the construction of a random forest model
was hindered by class imbalance and limited sample size,
leading to significant overfitting. Specifically, while the
model achieved an AUC close to 1 on the training set, its
performance on the test set was markedly lower (Supple-
mentary file 3, Figure S1), even after hyperparameter
optimization (Supplementary file 3, Figure S2). Despite
efforts to mitigate class imbalance and fine-tune hyper-
parameters (Supplementary file 3, Figure S3), the learn-
ing curve revealed fluctuations in test set performance as
the sample size increased, with occasional performance
degradation. This instability may stem from distribu-
tional discrepancies between the training and test sets,
where larger sample sizes introduced additional noise
or inconsistencies. Consequently, the model became
overly reliant on training set-specific features, compro-
mising its generalizability and resulting in poor test set
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performance. Although the random forest model dem-
onstrated a higher AUC for predicting 180-day mortality
compared to the Cox regression model, its propensity for
overfitting prompted its exclusion from the main analy-
sis. Nevertheless, machine learning remains a promising
approach, and future studies with larger sample sizes may
allow for the development of a more robust and general-
izable model.

Conclusions

This study developed and internally validated a predic-
tion model for long-term mortality in older adults with
CAP, while also demonstrating significant discriminatory
power for short-term mortality. This model offers a valu-
able tool for early risk assessment, especially in ruling out
mortality in low-risk patients and surpasses CURB-65 in
both discriminatory ability and accuracy.
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