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Abstract 

Background Pneumonia poses a major global health challenge, necessitating accurate severity assessment tools. 
However, conventional scoring systems such as CURB‑65 have inherent limitations. Machine learning (ML) offers 
a promising approach for prediction. We previously introduced the Blood Culture Prediction Index (BCPI) model, lev‑
eraging solely on complete blood count (CBC) and differential leukocyte count (DC), demonstrating its effectiveness 
in predicting bacteremia. Nevertheless, its potential in assessing pneumonia remains unexplored. Therefore, this study 
aims to compare the effectiveness of BCPI and CURB‑65 in assessing pneumonia severity in an emergency depart‑
ment (ED) setting and develop an integrated ML model to enhance efficiency.

Methods This retrospective study was conducted at a 3400‑bed tertiary medical center in Taiwan. Data from 9,352 
patients with pneumonia in the ED between 2019 and 2021 were analyzed in this study. We utilized the BCPI model, 
which was trained on CBC/DC data, and computed CURB‑65 scores for each patient to compare their prognosis 
prediction capabilities. Subsequently, we developed a novel Cox regression model to predict in‑hospital mortal‑
ity, integrating the BCPI model and CURB‑65 scores, aiming to assess whether this integration enhances predictive 
performance.

Results The predictive performance of the BCPI model and CURB‑65 score for the 30‑day mortality rate in ED 
patients and the in‑hospital mortality rate among admitted patients was comparable across all risk categories. 
However, the Cox regression model demonstrated an improved area under the ROC curve (AUC) of 0.713 than that of 
CURB‑65 (0.668) for in‑hospital mortality (p<0.001). In the lowest risk group (CURB‑65=0), the Cox regression model 
outperformed CURB‑65, with a significantly lower mortality rate (2.9% vs. 7.7%, p<0.001).

Conclusions The BCPI model, constructed using CBC/DC data and ML techniques, performs comparably 
to the widely utilized CURB‑65 in predicting outcomes for patients with pneumonia in the ED. Furthermore, by inte‑
grating the CURB‑65 score and BCPI model into a Cox regression model, we demonstrated improved prediction 
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Background
Pneumonia is the leading cause of mortality and hospital-
ization globally [1–3]. Nonetheless, a precise assessment 
of its severity is crucial for effectively managing the con-
dition and informing critical decisions regarding diagno-
sis, treatment, and healthcare intervention [4–6]. Early 
identification of patients at high risk of rapid pneumonia 
progression can facilitate prompt intervention, thereby 
ensuring patient safety and optimizing clinical outcomes 
[7].

To objectively assess the severity of pneumonia, sev-
eral studies have focused on identifying independent 
predictors associated with adverse health outcomes. The 
pneumonia severity index (PSI) and CURB-65 scores 
are the most commonly recognized prediction tools for 
classifying patients with pneumonia in accordance with 
international guidelines [4, 8–10]. The PSI comprises 20 
clinical and laboratory parameters, facilitating the clas-
sification of low-risk community-acquired pneumonia 
(CAP) patients into five distinct risk classes [8]. While 
the PSI exhibits robust discriminatory capacity in clas-
sifying patients into appropriate risk groups, its complex 
calculation poses a challenge for its clinical application, 
especially in the demanding settings of the emergency 
department (ED) [10–12]. In contrast, CURB-65 was 
developed from five readily measurable factors, render-
ing it user-friendly [4]. Several validation studies have 
indicated that its capability to predict mortality associ-
ated with CAP is nearly comparable to that of the PSI 
[6, 13–15]. However, both tools feature several variables 
with dichotomous and arbitrary cutoffs, limiting their 
predictive accuracy [16–19].

Machine learning (ML) is a widely explored domain in 
medicine presently. Innovative methodologies, including 
recursive partitioning, decision tree analysis, and ran-
dom forest, provide a more robust approach to predicting 
clinical outcomes than traditional predictive models [20]. 
Various prediction models for pneumonia have been 
developed by training models with diverse clinical data 
sources, encompassing vital signs, medical history, labo-
ratory tests, and even chest radiographs. Certain studies 
have demonstrated promising findings when comparing 
ML models with traditional prediction models [16, 20–
23]. However, these complex input data mainly originated 
from various sources, necessitating multiple data point 
acquisition processes, additional blood draws, incurring 

costs, and proving challenging to uniformly and promptly 
obtain. Therefore, we developed a blood culture predic-
tion model in our previous study, known as the blood 
culture prediction index (BCPI) model, exclusively lev-
eraging complete blood counts (CBC) and differential 
leukocyte count (DC) data for bacteremia detection [24]. 
The BCPI model has demonstrated superior accuracy in 
predicting bacteremia compared to methods utilizing 
C-reactive protein (CRP) and procalcitonin (PCT) data. 
However, the applicability of the BCPI model in specific 
infections, such as pneumonia, remains unevaluated and 
unconfirmed.

Therefore, this study aimed to compare the perfor-
mance of the BCPI model with the widely employed 
CURB-65 score in assessing pneumonia severity in an 
ED setting and their ability to predict prognosis follow-
ing admission. Furthermore, we aim to construct a novel 
ML-based model by incorporating the CURB-65 score 
into the BCPI model and evaluate whether this approach 
enhances efficiency. Through these methods, we sought 
to extend the previously published BCPI model to pneu-
monia to generate additional value and provide poten-
tially better predictive tools for pneumonia assessment.

Methods
Study setting
This retrospective study was conducted at Linkou Chang 
Gung Memorial Hospital (CGMH)—a 3400-bed tertiary 
medical center in Taiwan. The data utilized in the study 
were sourced from the Chang Gung Research Database 
(CGRD), which constitutes a de-identified duplicate 
of the clinical database at the hospital [25]. The study 
was approved by the Institutional Review Board of the 
hospital, and informed consent was waived (IRB No.: 
202201120B0C101).

Study population
In our previous study, the BCPI model was trained using 
data from the same database from 2014—2018 [24]. In 
this study, data were extracted from patients who vis-
ited the ED between January 1, 2019, and December 31, 
2021, with a primary pneumonia diagnosis. The inclu-
sion comprised the following criteria: availability of CBC/
DC and blood urea nitrogen (BUN) laboratory data on 
the same day of the ED visit, alongside data on age, sex, 
and assessment of respiratory rate, blood pressure, and 

capabilities, particularly for low‑risk patients. Given its simple parameters and easy training process, the Cox regression 
model may be a more effective prediction tool for classifying patients with pneumonia in the emergency room.

Keywords Pneumonia, CURB‑65, Machine learning, Blood count, Differential count, Blood Culture Prediction Index 
(BCPI) model, Cox regression model, Emergency department
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consciousness level (Glasgow Coma Scale), conducted 
during triage on the day of the ED visit. These criteria 
ensure that the CURB-65 score and BCPI can be calcu-
lated and used to predict the prognosis for every included 
patient. Overall, 9,352 patients were enrolled in the anal-
ysis (Fig. 1).

Training data preparation
The parameters used in the BCPI model mentioned 
above encompassed red blood cell count, hemoglobin, 
hematocrit, mean corpuscular volume, mean corpuscu-
lar hemoglobin, mean corpuscular hemoglobin concen-
tration, red cell distribution width, nucleated red blood 
cell, white blood cell count, segmented neutrophil, band 
basophil, eosinophil, lymphocyte, atypical lymphocyte, 
plasma cell, plasmacytoid cell, hypersegmented cell, blast 
cell, myelocyte, meta-myelocyte, monocyte, promono-
cyte, and platelet count. The DC data were expressed as 
percentages.

To convert BUN, confusion, respiratory rate, blood 
pressure, and age into binary variables for model train-
ing and validation, we employed the cutoff values 
defined in the CURB-65 score (BUN level > 7 mmol/L, 
respiratory rate ≥ 30 breaths/min, systolic or diastolic 
pressure of < 90 mmHg and < 60 mmHg, respectively, 
and age ≥ 65 years old) [4]. Based on the original defini-
tion of CURB-65, "confusion" refers to a specific mental 

test or new disorientation of a person, place, or time [4, 
26]. However, owing to retrospective research limita-
tions, we could not confirm from the database whether 
patients were assessed for "confusion" based on the 
specified definition above. Therefore, we employed the 
Glasgow Coma Scale. Subsequently, we established a 
cutoff value of < 15. The limitations stemming from this 
approach are comprehensively discussed in the limita-
tions within the discussion section.

Developing prediction models
In this study, we assessed the effectiveness of risk strati-
fication using the BCPI model compared to that of the 
CURB-65 score. Subsequently, the CURB-65 and BCPI 
models were integrated to create a new Cox regression 
model. Survival analysis was then conducted using in-
hospital mortality as the endpoint. The model under-
went training with data from patients hospitalized in 
2019 and 2020, followed by validation using data from 
2021. The significance of CRP as an important indi-
cator in assessing pneumonia severity and prognosis 
has been highlighted in previous studies [27–29]. As a 
preliminary step, we explored substituting BCPI with 
CRP and integrating it with CURB-65 to develop a new 
model within our study cohort. Subsequently, the per-
formance of this alternative model was assessed.

Fig. 1 Research sample flowchart. The gray‑shaded sections in the flowchart enable the calculation of the CURB‑65 score for patients 
with pneumonia, while the yellow‑shaded sections aid in computing the BCPI. # ICD: J10.0, J11.0, J12, J13, J14, J15, J16, J17, and J18



Page 4 of 12Lin et al. BMC Medical Informatics and Decision Making          (2024) 24:118 

Performance evaluation and statistical methods
To assess the prognostic performance of CURB-65 and 
compare it to that of the BCPI model for patients with 
pneumonia in the ED, we categorized patients into low- 
(CURB-65 score ≤ 1), moderate- (CURB-65 score = 2), 
and high-risk (CURB-65 score ≥ 3) groups based on 
their CURB-65 scores. This classification method aligns 
with the approach outlined in the 2009 British Thoracic 
Society (BTS) guidelines for managing CAP in adults 
[9]. We categorized the same group of patients with 
pneumonia into three risk groups based on the BCPI, 
ensuring that each group contained the same num-
ber of patients as those defined via the CURB-65 risk 
scores. Subsequently, we compared the 30-day all-cause 
mortality, admission, and in-hospital mortality rates for 
each risk group as defined via both assessment tools.

Following that, the Cox regression model was trained. 
It was then validated using data from hospitalized 
patients. We then compared the predictive perfor-
mance of the Cox regression model and that of CURB-
65 for in-hospital mortality, using the area under the 
receiver operating characteristic curve (AUROC) as the 
accuracy metric. The coefficients, p-values, and confi-
dence intervals of each parameter in the Cox regression 
analysis were also provided. Regarding feature selec-
tion, we utilized Recursive Feature Elimination for the 
Cox regression model to iteratively eliminate features 
that exhibit the least effect on the AUC for mortal-
ity prediction [30]. We calculated detailed AUC values 
and corresponding confidence intervals for each model 
within our ablation study using the DeLong test [31]. 
All ML models and calculations, including mortal-
ity rate calculations, AUROC, and other metrics, were 
performed using Python 3.7 (https:// www. python. org/). 
Statistical analyses involving variance and correlation 

coefficients were conducted using SPSS (IBM SPSS Sta-
tistics 19, Chicago, IL).

Results
Patients who had CBC/DC and parameters included in 
the CURB-65 score collected and available during their 
pneumonia diagnosis in our ED were included in this 
study. Overall, 9,352 patients meeting this criterion were 
enrolled, with 6,655 hospitalized.

Patient characteristics
Table  1 presents an overview of the primary informa-
tion regarding the study participants. We classified all 
9,352 patients into low- (CURB-65 score ≤ 1), medium- 
(CURB-65 score = 2), and high-risk (CURB-65 score ≥ 
3) groups based on their CURB-65 scores, with 4,654, 
2,513, and 2,185 patients in each group, respectively. The 
mean and median ages exhibited a gradual increase with 
rising risk levels, with males constituting the majority, 
making up approximately 60% of the patients across all 
risk groups. Positive finding proportions for each factor 
within CURB-65 also increased as the risk levels rose. As 
risk levels escalated, hospitalization rates naturally rose 
as well: 63% (low-risk), 78.7% (medium-risk), and 80.0% 
(high-risk). Similarly, 30-day mortality rates were consist-
ent with this pattern: 5.4% (low-risk), 13.8% (medium-
risk), and 26.8% (high-risk). Subsequently, an analysis 
was conducted on the 6,655 hospitalized patients, who 
were also divided into three risk groups based on their 
CURB-65 scores: low- (n=2,930), medium- (n=1,977), 
and high-risk (n=1,748) groups. The in-hospital mortal-
ity rates were calculated for each group, which were 7.9%, 
15.1%, and 26.0%, respectively. To compare and validate 
the performance of the BCPI model to that of the CURB-
65, patients were grouped into three risk categories, with 

Table 1 Patient characteristics. We categorized the BCPI of the patients into three risk groups, each with an equal number of patients 
based on their CURB‑65 scores, and then analyzed patient characteristics

Methods and risk groups All CURB-65 BCPI model

low medium high low medium high

Number of cases 9352 4654 2513 2185 4654 2513 2185

AGE (mean) 63.0±26.0 47.6±26.6 75.5±15.0 81.3±10.2 54.2±30.0 70.9±18.3 72.6±16.1

Male (%) 62.5 60.0 66.2 63.7 59.3 62.8 69.2

Confusion (%) 28.2 4.5 30.0 76.8 18.9 35.0 40.4

Urea > 7 mmol/L (%) 45.0 12.7 64.4 91.3 29.2 55.4 66.6

RR ≥30 breaths/minute (%) 5.8 1.7 4.1 16.2 4.1 6.4 8.6

SBP < 90 mmHg or DBP < 60mmHg (%) 19.5 7.4 16.1 49.3 13.7 21.0 30.3

Age ≥ 65 years old (%) 58.4 26.1 85.4 95.9 47.0 69.2 70.1

CURB65 score (mean) (%) 1.6 0.5 2.0 3.3 1.1 1.9 2.2

CURB65 score (median) (%) 2 1 2 3 1 2 2

https://www.python.org/
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an equal number of patients in each group based on 
their CURB-65 scores. Furthermore, we analyzed patient 
characteristics and calculated 30-day mortality for all 
emergency patients and in-hospital mortality for admit-
ted patients. In this context, within the BCPI group, the 
proportions of positive findings for each CURB-65 factor 
still increased with increasing risk. However, compared 
to the CURB-65 cohort, distinct variations emerged. For 
instance, among those categorized as low-risk via CURB-
65, only 26.1% were > 65 years of age, whereas the BCPI 
low-risk group exhibited a notably higher proportion 
at 47.0%. This discrepancy underscores how the BCPI 
model categorizes patients with pneumonia into risk tiers 
in a manner distinct from CURB-65. Nevertheless, the 
predictive ability of the two methods for the 30-day mor-
tality rate among emergency patients and the in-hospital 
mortality rate among admitted patients were comparable 
across all risk categories (Table 2).

Cox regression model performance
In this study, a Cox regression model was constructed by 
integrating the BCPI model with the CURB-65 score. The 
training set comprised cases from the admission group 
between 2019 and 2020 (n=4,891), while the testing set 
comprised cases from 2021 (n=1,764). We evaluated the 
performance of the Cox model and compared it with that 
of the CURB-65 score. Table 3 shows the results of multi-
variate logistic regression of variables in the Cox regres-
sion model, including coefficients, p-values, hazard ratio, 
and confidence intervals. Our analysis revealed that all 
attributes significantly influenced the prediction, with 
"urea" making the greatest contribution, except for the 
continuous variable "BCPI."

The prediction performance of in-hospital mortality 
rate among admitted patients was compared between 
the CURB-65 score and the Cox regression model 
(Table  4). As we utilized the Cox regression model to 
stratify patients into low-, medium-, and high-risk cat-
egories, with the same number of patients as in the 
CURB-65 score, no significant difference was observed 
between the two methods in predicting the prognosis 
of each risk group.

The AUC for predicting in-hospital mortality rate was 
0.668 for CURB-65, which increased to 0.713 for the 
Cox regression model, generally indicating acceptable 
discrimination for the Cox regression model (Fig.  2) 
[32]. The Cox regression model exhibited statistically 
significant discrimination in predicting in-hospital 
mortality within the lowest risk group (CURB-65=0) 
compared to the CURB-65 score (Table 5). The CURB-
65 score specifically indicated a high mortality rate of 
7.7%, whereas in the Cox regression model, it was 2.9% 
(p<0.001).

Table 2 Admission rate and mortality analysis: CURB‑65 vs. BCPI

For all patients 
(n= 9,352)

CURB‑65 BCPI model

Number of cases Admission rate 
(%)

30‑day mortality 
(%)

Number of cases Admission rate 
(%)

30‑day mor‑
tality (%)

Low‑risk (CURB 
<= 1)

4654 63.0 5.4 Low‑risk group 4654 64.7 6.2

Medium‑risk 
(CURB = 2)

2513 78.7 13.8 Medium‑risk 
group

2513 75.7 15.0

High‑risk (CURB 
>=3)

2185 80.0 26.8 High‑risk group 2185 79.7 23.6

For hospitalized 
patients (n=6655)

CURB‑65 BCPI model

Number of cases In‑hospital mor‑
tality (%)

30‑day mortality 
(%)

Number of cases In‑hospital 
mortality

30‑day mor‑
tality (%)

Low‑risk (CURB 
<= 1)

2930 7.9 7.1 Low‑risk group 2930 7.4 7.0

Medium‑risk 
(CURB = 2)

1977 15.1 14.0 Medium‑risk 
group

1977 17.3 15.7

High‑risk (CURB 
>=3)

1748 26.0 24.8 High‑risk group 1748 24.5 23.1

Table 3 Multivariate logistic regression of variables in the Cox 
regression model for predicting in‑hospital mortality

Variable Coefficient SE, coef HR (95% CI) p-values

CURB65-C 0.74 0.07 2.1 (1.82–2.43) <0.005

CURB65-U 0.83 0.08 2.29 (1.96–2.68) <0.005

CURB65-R 0.72 0.1 2.04 (1.67–2.51) <0.005

CURB65-B 0.29 0.08 1.33 (1.15–1.54) <0.005

CURB65-65 0.39 0.09 1.48 (1.25–1.76) <0.005

BCPI 3.17 0.28 23.84 (13.71–41.44) <0.005
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Ablation study using recursive feature elimination 
for the cox regression model
Initially, Recursive Feature Elimination was performed 

with all features and iteratively removed the least 
important ones based on a ML algorithm’s ranking. 
We observed that urea, the parameter contributing 
most significantly to the model after BCPI, was the last 
to be removed in the ablation study (Fig.  3). Further-
more, the complete Cox regression model showed a 
significant difference in predictive ability compared to 
CURB-65 (AUC 0.713 vs. 0.668, p<0.001). When only 
the BCPI parameter remained, the model exhibited 
comparable AUC values to CURB-65 (AUC 0.674 vs. 
0.668, p=0.758), consistent with the results presented 
in Table 2. Furthermore, when the model included only 
UR+BCPI, the AUC surpassed 0.7, generally indicat-
ing acceptable discrimination, and demonstrated a 
significant difference in predictive ability compared to 
CURB-65 (AUC 0.707 vs. 0.668, p=0.015). Table 6 pre-
sents the detailed AUC values, confidence intervals, 
and p-values.

Table 4 In‑hospital mortality analysis for the testing set in 2021: CURB‑65 vs. Cox regression model

For hospitalized patients 
(n=1764)

CURB-65 Cox regression model p-value

Number of 
cases

In-hospital 
mortality (%)

Number of 
cases

In-hospital 
mortality (%)

Low risk (CURB <= 1) 645 8.1 Low risk 645 6.7 p=0.40

Medium risk (CURB = 2) 570 15.4 Medium risk 570 15.1 p=0.85

High risk (CURB >=3) 549 27.7 High risk 549 29.7 p=0.77

Fig. 2 AUC for predicting in‑hospital mortality rate (CURB 65 vs. Cox regression model)

Table 5 Comparison of in‑hospital mortality among hospitalized 
patients in 2021: CURB‑65 vs. Cox regression model

CURB-65 
score

Number of 
cases

In-hospital mortality rate (%) p-value

CURB-65 COX regression 
model

0 209 7.7 2.9 <0.001
1 436 8.3 8.7 0.61

2 570 15.4 14.4 0.47

3 423 24.1 25.8 0.44

4 113 37.2 40.7 0.44

5 13 61.5 76.9 0.19
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Discussion
Our study builds upon previous research findings on 
the BCPI model for bacteremia detection and evalu-
ation, which relies solely on CBC/DC data. We found 
that this model also demonstrated promising results in 
predicting the likelihood of admission for ED patients 
with pneumonia, performing comparably to that of the 
widely used CURB-65 model. Furthermore, we con-
structed a new Cox regression model by integrating 
the covariates of the CURB-65 score and BCPI model. 
This model demonstrated superior mortality predic-
tive capabilities than CURB-65 alone, particularly in 
discriminating low-risk patients. These findings sug-
gest that the Cox regression model holds the potential 
as a valuable tool in emergency medicine for assessing 

pneumonia severity. Furthermore, BCPI may emerge as 
a significant component in developing future ML mod-
els for pneumonia.

Patients classified as low risk based on CURB-65 are 
suggested to be potential candidates for outpatient treat-
ment [3, 4, 15, 33]. However, our data analysis revealed 
a relatively high admission rate of 63%, contrasting with 
previous recommendations. In addition, the 30-day mor-
tality rate among the low-risk patients in our study was 
as high as 5.4%, which is concerning, contradicting our 
initial expectations. One possible reason for the high 
admission rate observed in our study could be attrib-
uted to Taiwan’s National Health Insurance program. 
This program provides universal healthcare coverage to 
approximately 99% of the population, boosting one of the 
lowest administrative costs globally [34]. This results in 
greater accessibility to medical resources than in other 
countries. Additionally, we were unable to distinguish 
between community-acquired pneumonia (CAP) and 
hospital-acquired pneumonia (HAP) among patients in 
the ED. While HAP may represent a minority, it could 
still influence hospital admission and mortality rates. 
Furthermore, considering some patients classified as 
low-risk via CURB-65 may not be as safe as expected. 
Prior validation studies on the application of CURB-65 
for CAP conducted by Aujesky et  al. and Barlow et  al. 
have revealed that a low-risk CURB-65 score of 1, con-
ventionally deemed safe, correlates with a mortality rate 
of 3–4% [35, 36]. This finding is notably concerning as it 
indicates a substantially higher mortality rate than pre-
viously thought. Our study findings are consistent with 
these findings, suggesting that even among patients 

Fig. 3 Ablation study using Recursive Feature Elimination for the Cox regression model. *Indicates statistical significance with p<0.05 compared 
to the AUC of CURB‑65

Table 6 AUCs, confidence Intervals, and p‑Values for Recursive 
Feature Elimination ablation Study

a The p-values comparing the AUCs for each model within our ablation study 
with CURB-65
b The inclusion of CURB-65 in the last column of the table is for easy comparison 
and is not a result of the ablation study

Model components AUCs 95% CIs p-valuesa

CURB65+BCPI 0.713 0.682‑0.745 < 0.001

CURB+BCPI 0.715 0.682‑0.747 < 0.001

CUR+BCPI 0.713 0.681‑0.744 < 0.001

UR+BCPI 0.707 0.679‑0.739 0.015

U+BCPI 0.693 0.663‑0.724 0.138

BCPI 0.674 0.642‑0.707 0.758

CURB-65b 0.668 0.635‑0.701 ‑
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with uncomplicated CAP, CURB-65 may not effectively 
identify those at high risk of deterioration within the 
low-risk group, potentially resulting in underestimat-
ing the risk for patients. Additionally, previous studies 
based on CURB-65 consistently demonstrate that most 
low-risk patients presenting to the hospital are admitted, 
as observed in our study. This indicates a discrepancy 
between the recommendations derived from the CURB-
65 score and the actual clinical decisions made [37, 38]. 
For example, Choudhury et  al. found that out of 565 
patients with low-risk CAP, 74.3% were admitted to the 
hospital [37]. Similarly, Aliberti et al. found that approxi-
mately 50% of patients who presented to the ED with a 
CURB-65 score of 0 or 1 were admitted based on clinical 
judgment rather than being treated as outpatients based 
on the score [38]. They identified hypoxemia and decom-
pensated comorbidities as significant factors influenc-
ing this decision. Our study findings are consistent with 
these results, indicating that relying solely on CURB-65 
for risk stratification in pneumonia may lead to an inac-
curate assessment of the low-risk patients, potentially 
subjecting them to additional risk. The diagnostic and 
treatment guidelines for community-acquired pneumo-
nia published by the American Thoracic Society (ATS) 
highlight a shortcoming of the CURB-65 score, particu-
larly its limited ability to classify patients as low risk [10]. 
Thus, for patients with CAP with CURB-65 scores of 0 
or 1, further assessments guided by clinical judgment or 
novel predictive models should be prioritized.

Compared to the CURB-65 score, our findings revealed 
that stratifying patients based on the BCPI did not yield 
a significant difference in the admission or 30-day mor-
tality rates within each risk group. Presently, emergency 
physicians generally utilize the CURB-65 score as the 
primary basis for hospitalization decisions in clinical 
practice [6, 33, 35, 39]. However, the BCPI model, ini-
tially intended to predict bacteremia, exhibited com-
parable effectiveness for pneumonia in this context. 
Therefore, we posit that the efficacy of the BCPI model 
might surpass that of CURB-65. After integrating the 
CURB-65 and BCPI models, our Cox regression model 
demonstrated a higher AUC than that of the CURB-65 
score. This novel assessment tool demonstrates effec-
tive discriminative capability, achieving an AUC of ≥ 
0.7—a threshold generally recognized as indicative of 
"acceptable discrimination." In contrast, the AUC for the 
CURB-65 model alone, typically ranging from 0.5–0.7, is 
considered to reflect “poor discrimination” [32]. Addi-
tionally, the comparative analysis revealed a statistically 
significant improvement in predictive performance com-
pared to the standalone CURB-65 model, with AUC val-
ues of 0.713 vs. 0.668, respectively (p<0.001) (Table  6). 
Upon validating the model using patient data from 2021, 

we discovered that the in-hospital mortality rate among 
inpatients with a CURB-65 score of 0 reached 7.7%. This 
highlights the challenges encountered by CURB-65 in 
accurately distinguishing low-risk patients, as discussed 
earlier. In contrast, the Cox regression model demon-
strated an in-hospital mortality rate of only 2.4% in this 
particular group of patients, and the difference was sta-
tistically significant. While the remaining risk groups did 
not attain statistical significance, potentially owing to the 
limited sample size, the highest-risk group exhibited a 
clear trend toward enhanced discrimination. Therefore, 
the Cox regression model may serve as a more benefi-
cial tool for identifying patients with low-risk pneumo-
nia in future clinical practice. This can facilitate the safe 
discharge of patients who do not require hospitalization, 
thereby conserving medical resources. Additionally, it 
can aid in identifying patients at risk while ensuring they 
receive appropriate treatment.

Table 3 shows that all variables in the Cox regression 
model achieved statistical significance. Among them, 
"urea" emerged as the greatest contributor to the pre-
diction, excluding the continuous variable "BCPI." In 
our previous BCPI model, we identified platelet count, 
monocyte percentage, lymphocyte percentage, seg-
mented neutrophil percentage, and leukocyte count as 
the five significant features based on importance [24]. 
The identified factors align with those of other studies 
that highlight the significance of the neutrophil-to-lym-
phocyte ratio (NLR) in peripheral blood as a prognostic 
biomarker in infectious diseases, including pneumonia. 
NLR can also serve as a bacteremia predictor [40–42]. 
Additionally, the ablation study using Recursive Feature 
Elimination for the Cox regression model, as depicted in 
Fig. 3, revealed that urea was the last parameter elimi-
nated, highlighting its predictive importance within the 
BCPI model. The comprehensive Cox regression model 
demonstrated improved predictive capability than that 
of CURB-65 alone (AUC=0.713 vs. 0.668, p<0.001), 
indicating the benefit of our approach. Furthermore, a 
simplified model comprising only urea, respiratory rate, 
and BCPI achieved an AUC exceeding 0.7, typically 
indicative of "acceptable discrimination," and notably 
outperformed CURB-65. These findings confirm the 
synergistic potential of integrating basic laboratory data 
with respiratory rate assessments and underscore the 
substantial enhancement in predictive accuracy achiev-
able beyond the CURB-65 model. In previous studies on 
ML models for pneumonia, researchers have discussed 
the feature importance of clinical variables. However, 
these studies have lacked ablation studies, which would 
provide valuable insights into model complementarity 
and feature selection for future ML advancements in 
pneumonia [43, 44].
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Furthermore, several studies have employed inflam-
matory markers, including CRP and PCT, to monitor 
patient response during infectious disease treatment or 
predict prognosis [45–50]. In pneumonia cases, CRP and 
PCT are often used alongside prediction tools such as 
the CURB-65 score to assess severity and inform antibi-
otic therapy decisions [27–29]. In our study cohort, CRP 
data were available for 6,086 patients (65.07%). However, 
when we substituted BCPI with CRP and integrated 
it with CURB-65 to create a new model, this modifica-
tion did not enhance predictive performance (Figure S1). 
Furthermore, CRP alone exhibited relatively poor per-
formance, which contradicts findings in previous stud-
ies supporting its utilization in predicting CAP severity 
[49, 51]. This suggests that training the model using 
CBC/DC data can achieve comparable performance to 
models incorporating inflammatory markers. Moreover, 
CRP and PCT require additional blood draws and test-
ing costs. Conversely, CBC/DC is the most commonly 
performed laboratory test for patients with unidentified 
infections. They are cost-effective, requiring only a single 
blood draw, and have a short turnaround time of approx-
imately 22 min in the laboratory with total automation 
[52]. Additionally, the BCPI utilized in constructing the 
Cox regression model is a continuous parameter. It can 
be used to categorize patients into different risk groups 
as needed, unlike the binary parameters of CURB-65. 
The continuous nature of the model enables arbitrary 
cutoffs to be applied based on clinical needs, potentially 
making it applicable to different regions and hospitals at 
varying levels. The parameters used to train the model 
are feasible and readily available in most EDs. Upon 
receiving laboratory data, we can derive risk assessment 
values from the Cox regression model. These values can 
then be employed to inform treatment decisions and 
the healthcare management, particularly those at low 
risk. This is crucial for emergency physicians. Addition-
ally, BCPI holds potential for expansion into other fields, 
such as COVID-19 pneumonia or various infectious dis-
eases. It can also serve as an adaptable component for 
future ML models.

Prominent medical practice guidelines, including those 
provided by respected organizations such as the British 
Thoracic Society (BTS) and National Institute for Health 
and Care Excellence (NICE), recommend using the 
CURB-65 score along with clinical judgment to inform 
treatment decisions for patients with CAP [9, 53]. Our 
study revealed that the Cox regression model outper-
formed CURB-65 and demonstrated a better ability to 
differentiate risk levels among patients, consequently 
ensuring safe and appropriate medical care. Moreover, 
the Cox regression model only relies on five easily obtain-
able parameters from CURB-65, alongside CBC/DC data, 

routinely tested for almost all ED patients. This signifi-
cantly enhances the clinical usability of the Cox regres-
sion model.

In this study, we successfully developed a highly effec-
tive prediction model for pneumonia; however, we 
acknowledge that this study had some crucial limitations. 
First, the retrospective design of our study at a single 
center may introduce bias and confounding factors that 
might influence our results. Additionally, the generaliza-
bility of our findings to other healthcare settings could be 
affected by differences in patient populations across vari-
ous centers. Second, owing to the retrospective research 
constraints, we could not confirm the presence of "con-
fusion" in patients using the specific definition outlined 
in the CURB-65 criteria. Conversely, we used the GCS as 
an alternative for analysis. Although GCS may not per-
fectly align with the original concept of "confusion" in the 
CURB-65 criteria, the GCS variable continued to signifi-
cantly contribute to the Cox regression analysis model. 
Furthermore, compared to clinical evaluations per-
formed by emergency physicians, the GCS may provide 
a simple and more objective measure. This may better 
suit the demands of clinical practice, especially in busy 
emergency department settings. Moreover, although we 
endeavored to exclude cases of HAP or ventilator-asso-
ciated pneumonia (VAP), it is important to acknowledge 
that the emergency department may receive referrals 
of pneumonia patients from other hospitals or nursing 
homes. These cases could potentially diverge from typi-
cal CAP cases. While we anticipate the proportion of 
such cases to be minimal, their inclusion in our study 
could still influence the results and conclusions drawn 
from our research on CAP. Finally, it is important to 
highlight that we only included patients with pneumo-
nia who underwent a BUN test for CURB-65 calculation. 
However, the frequency of BUN testing is not as high as 
that of CBC/DC tests (over 99%). Consequently, exclud-
ing patients who did not undergo this test may introduce 
potential bias into our analysis. Therefore, more stud-
ies may be necessary to validate the performance of this 
ML approach further. Future investigations should pri-
oritize initiating pilot trials to assess the effectiveness of 
the proposed analytical methods in enhancing clinical 
prognostic decision-making. Essential to this effort will 
be establishing partnerships with medical professionals 
to ensure the models are appropriately integrated into 
clinical workflows. These studies will seek to validate 
the effectiveness of these approaches in real-world set-
tings and enrich the discussion on integrating algorith-
mic models into healthcare decision-making, a crucial 
advancement in patient care. However, despite these lim-
itations, it is essential to emphasize the significant sample 
size of our study, comprising 9,352 individuals meeting 
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the inclusion criteria. This sample size is significantly 
larger than those of previous studies, whether for validat-
ing prediction models or developing new machine-learn-
ing-based models. It provides robustness and statistical 
power, enhancing the reliability and generalizability of 
our study results.

Conclusions
This study demonstrated that the BCPI model, con-
structed using CBC/DC data and ML techniques, per-
forms comparably to the widely used CURB-65 in 
predicting outcomes for patients with pneumonia in the 
emergency department. Furthermore, by incorporat-
ing the CURB-65 score with the BCPI model into a Cox 
regression model, we have demonstrated enhanced pre-
diction capabilities, particularly for low-risk patients. 
Given its simple parameters and straightforward train-
ing process, the Cox regression model holds promise as 
a more effective prediction tool for categorizing patients 
with pneumonia in the emergency room.
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