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A B S T R A C T

Severe pneumonia (SP) is a prevalent respiratory ailment characterized by high mortality and 
poor prognosis. Current scoring systems for pneumonia are not only time-consuming but also 
exhibit limitations in early SP prediction. To address this gap, this study aimed to develop a 
machine-learning model using inflammatory markers from peripheral blood for early prediction 
of SP. A total of 204 pneumonia patients from seven medical centers were studied, with 143 (68 
SP cases) in the training cohort and 61 (32 SP cases) in the test cohort. Clinical characteristics and 
laboratory test results were collected at diagnosis. Various models including Logistic Regression, 
Random Forest, Naïve Bayes, XGBoost, Support Vector Machine, and Decision Tree were built and 
evaluated. Seven predictors—age, sex, WBC count, T-lymphocyte count, NLR, CRP, TNF-α, IL-4/ 
IFN-γ ratio, IL-6/IL-10 ratio—were selected through LASSO regression and clinical insight. The 
XGBoost model, exhibiting best performance, achieved an AUC of 0.901 (95 % CI: 0.827 to 0.985) 
in the test cohort, with an accuracy of 0.803, sensitivity of 0.844, specificity of 0.759, and 
F1_score of 0.818. Indeed, SHAP analysis emphasized the significance of elevated WBC counts, 
older age, and elevated CRP as the top predictors. The use of inflammatory biomarkers in this 
concise predictive model shows significant potential for the rapid assessment of SP risk, thereby 
facilitating timely preventive interventions.
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1. Introduction

Pneumonia stands as a prevalent acute respiratory ailment, particularly afflicting children and older adults owing to their weaker 
immune functions [1]. Severe pneumonia (SP) is the most critical manifestation of this condition and presents with life-threatening 
complications including respiratory failure, systemic inflammatory response, septic shock, or multiple organ dysfunction [2]. The 
majority of SP patients are diagnosed at a moderate or severe stage, with survival rates ranging from 24 % to 50 %, highlighting the 
urgency of early prediction and prompt medical intervention to reduce mortality [3]. Moreover, a potential global outbreak of 
pneumonia similar to COVID-19 could lead to a dramatic rise in pneumonia cases, overwhelming healthcare systems and amplifying 
the demand for effective pneumonia prediction tools. Currently, the CURB-65 and Pneumonia Severity Index (PSI) are widely used 
tools for assessing pneumonia severity. However, these scores require time-consuming evaluations and have limitations in the early 
prediction of SP due to the evaluating criteria being mainly dependent on clinical features [4,5]. Recent evidence suggests that patients 
with severe or critically ill pneumonia typically exhibit extreme systemic inflammation and poorer prognosis [6].

Importantly, blood-related laboratory tests for inflammation have been developed as significant complementary methods for 
evaluating severity. Among the routine inflammatory biomarkers used in clinical practice, such as C-reactive protein (CRP), pro-
calcitonin, white blood cell (WBC) count, and neutrophil-to-lymphocyte ratio (NLR), there is growing interest in their potential as 
prognostic indicators [7]. In addition, novel inflammatory biomarkers, particularly cytokine profiles, have garnered attention for their 
ability to reflect the balance between proinflammatory and anti-inflammatory factors [8,9]. Multiple studies have highlighted the 
detrimental role of elevated inflammatory cytokines in disease progression and their direct link to pulmonary damage in patients with 
SP [10,11]. Cytokines are widespread in diverse body fluids, notably peripheral blood serum, bronchoalveolar lavage fluid, and ce-
rebrospinal fluid [12]. Previous findings have highlighted interleukin-6 (IL-6), IL-10, IL-17, and tumor necrosis factor α (TNF-α) as 
potential biomarkers for early diagnosis and indicators of disease severity in various contexts [10,13,14]. Furthermore, other in-
flammatory markers like T lymphocyte subsets count, CD14+HLA-DR- monocyte , and neutrophil CD64 (nCD64) index, have been 
implicated in conditions ranging from COVID-19 [7] to Tuberculosis [15] and Chagas Disease [16]. Nevertheless, the definitive early 
predictive capacity of those biomarkers specifically for SP remains elusive.

In this study, we developed a model to investigate the clinical value of combined inflammation-associated biomarkers for the rapid 
prediction of SP in patients with community-acquired pneumonia (CAP). By harnessing the power of machine learning (ML), a branch 
of artificial intelligence, we integrated multiple clinical and laboratory datasets to enhance prediction accuracy using a promising 
approach [17]. We systematically screened potential inflammatory biomarkers predictive of SP and constructed a predictive model by 
analyzing data from both SP and non-severe pneumonia (nSP) groups. Furthermore, we rigorously evaluated the performance of our 
models using key metrics, including the receiver operating characteristic (ROC) curve, accuracy, sensitivity, specificity, and F1-score. 
To assess the clinical feasibility of our model, we performed decision curve analysis (DCA) and calibration curve analysis. This 
comprehensive strategy endeavors to deepen our comprehension of biomarkers linked to disease severity, thereby enabling earlier 
diagnosis and guiding targeted treatment strategies.

2. Materials and methods

2.1. Study patients

All patients were enrolled during the period between April 2021 and August 2022 from seven medical centers in Chongqing. The 
seven centers are (1) Chongqing People’s Hospital; (2) The First People’s Hospital of Chongqing Liang Jiang New Area; (3) Rong Chang 
District People’s Hospital of Chongqing; (4) Kai Zhou District People’s Hospital of Chongqing; (5) Three Gorges Central Hospital 
Affiliated to Chongqing University; (6) The Third Affiliated Hospital of Chongqing Medical University; (7) Chongqing university cancer 
hospital. The included patients were classified as newly diagnosed SP and nSP by the 2019 American Thoracic Society and Infectious 
Disease Society of America (ATS/IDSA) guidelines [18]. This study was conducted with the approval of the Ethics Committee of 
Chongqing University Cancer Hospital and met the Helsinki Declaration.

2.2. Inclusion and exclusion criteria

Patients who met the following criteria were enrolled: (1) patients with age ≥18 years; (2) diagnosis of SP and nSP according to the 
2019 ATS/IDSA guidelines [18]. The exclusion criteria included: (1) recent medication use including hormones, granulocyte 
colony-stimulating factor, cyclophosphamide, cyclosporin, interferon, and tumor necrosis factor-alpha antagonists within the past 28 
days; (2) human immunodeficiency virus infection, hematologic tumor, organ transplantation; (3) recent partial lung resection or 
major surgical interventions; (4) severe neuropsychiatric disorders; (5) death within 24 h of admission; (6) missing data.

2.3. Diagnostic criteria

The diagnostic criteria of the guidelines for nSP include (1) community-onset illness; (2) Clinical manifestations related to 
pneumonia: (a). New onset of cough, sputum production, or worsening of preexisting respiratory disease symptoms, with or without 
purulent sputum, chest pain, dyspnea, and hemoptysis; (b). Fever; (c). Signs of lung consolidation and/or moist rales on auscultation; 
(d). Peripheral white blood cell count >10 × 10⁹/L or <4 × 10⁹/L, with or without a left shift in the nuclear segmentation; and (3) 
Chest imaging shows new patchy infiltrates, lobar or segmental consolidation, ground-glass opacities, or interstitial changes, with or 
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without pleural effusion. A diagnosis of nSP is established if the patient meets (1) and satisfies any of the symptoms in (2) and (3).
The patient was diagnosed with SP, which includes the major diagnostic criteria: (1) Respiratory failure requiring mechanical 

ventilation; (2) Septic shock with need for vasopressors; Additionally, six minor criteria also contribute to the diagnostic framework: 
(1) Respiratory rate ≥30 breaths per minute; (2) PaO2/FiO2 ratio ≤250 mm Hg; (3) Multilobar infiltrates in the lungs; (4) Confusion or 
disorientation; (5) Blood urea nitrogen ≥20 mg/dL; (6) Hypotension requiring aggressive fluid resuscitation. A diagnosis of SP is 
established if the patient meets one major criterion or three or more minor criteria.

2.4. Data collection and definition of variables

Initially, a total of 221 pneumonia patients were included in the study. However, 17 samples were excluded due to hemolysis, 
lipemia, or spillage. Ultimately, 204 patients were included in model construction, comprising 100 SP patients and 104 nSP patients. 
Fig. 1 illustrates the screening process. Patient-related demographic information such as sex and age were recorded. The following 
biomarker was collected: (1) immune cells: counts of WBC, lymphocyte, T-lymphocyte, B-lymphocyte, and NK-lymphocyte; percentage 
of monocyte, CD14+HLA-DR- monocyte, CD4+ T-lymphocyte, CD8+ T-lymphocyte, neutrophil, and lymphocyte. (2) inflammatory 
indicators: CRP and nCD64 index. (3) Cytokines: IL-1β, IL-2, IL-4, IL-5, IL-6, IL-8, IL-10, IL-12p70, IL-17, IFN-γ, IFN-α. Additionally, we 
defined several variables, such as the CD4+/CD8+ ratio, NLR, nCD64 index, IL-6/IL-10 ratio, and IL-4/IFN-γ ratio, which were 
calculated by the following formulas: 

CD4+/CD8+ ratio=
percentage of CD4+ T-lymphocyte
percentage of CD8+ T-lymphocyte 

NLR=
percentage of neutrophil
percentage of lymphocyte 

nCD64 index=
CD64MFI of neutrophil ÷ CD64 MFI of lymphocyte
CD64 MFI of monocyte ÷ CD64 MFI of neutrophil 

IL-4
/

IFN-γ ratio =
concentration of IL-4

concentration of IFN-γ 

IL-6
/

1L-10 ratio =
concentration of IL-6
concentration of IL-10 

2.5. Predictors screening

To efficiently select the relevant predictors, we optimized the data and selected the most appropriate variables as predictors. First, 
all variables were divided into two groups according to whether the patient had SP, followed by a comparison of demographic and 
laboratory characteristics between these groups (Table 1). Variables demonstrating a statistically significant difference, denoted by a 
P-value of <0.05, were chosen for incorporation into the least absolute shrinkage and selection operator (LASSO) algorithm. This 

Fig. 1. Flowchart of the study. The work can be divided into two parts: Patient collection and Model development.
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algorithm, utilizing an optimal lambda parameter, effectively screened the predictors. Finally, we established the predictive model 
using the final predictors selected by LASSO regression in conjunction with clinical expertise. In this study, we ensured that the 
variables used in the models adhered to the assumption of independence by evaluating multicollinearity among predictors. Multi-
collinearity was assessed using the variance inflation factor (VIF) method. A VIF value greater than 5 indicates significant multi-
collinearity, which can violate the independence assumption.

2.6. Model development and evaluation

All enrolled patients were randomly divided into two cohorts, 70 % of patients constituted the training cohort (N = 143) for 
hyperparameter optimization, while the remaining 30 % formed the test cohort (N = 61) for model validation. Six machine learning 
algorithms, including Logistic Regression (LR), Random Forest (RF), Naïve Bayes (NB), eXtreme Gradient Boosting (XGBoost), Support 
Vector Machine (SVM), and Decision Tree (DT), were employed to develop the prediction model. Each model underwent optimization 
through ten-fold cross-validation, tuning to the optimal parameters for final model training. The model development process is 
depicted in Fig. 1. During model training, the cut-off value for predicting the occurrence of SP was identified according to the You-
den’s-index maximum principle. A confusion matrix is a cross-table that describes the prediction results of each model by the cut-off 
value. Based on the metrics of the confusion matrix, parameters such as accuracy, sensitivity, and specificity were calculated to assess 
model performance using the following calculation formula [19]. Model evaluation in both the training and test cohorts was conducted 
using the area under the curve (AUC) of the ROC curve, accuracy, sensitivity, specificity, and F1_score (higher is better). Besides, the 
calibration curve and DCA were used to evaluate the fit and applicability of the optimal model. In addition to the model evaluation, the 
importance of selected predictors was ranked using SHapley Additive exPlanation (SHAP) values within the optimal prediction model. 

Accuracy=
TP + TN

TP + TN + FN + FP 

Sensitivity=
TP

TP + FN 

Specificity=
TN

TN + FP 

Table 1 
Patient demographics and clinical laboratory examination characteristics of all patients.

Variables Overall n = 204 Severe pneumonia n = 100 Non-severe pneumonia n = 104 P value

Age (year) 69 (53, 82) 79 (64, 84) 59 (50, 75) <0.001
Male (n, %) 106 (51.96) 64 (64.00) 42 (40.38) 0.001
Immune cells
WBC ( × 109/L) 7.85 (5.54, 10.54) 9.92 (7.18, 12.72) 6.21 (5.01, 8.05) <0.001
Lymphocyte (cells/μL) 1130 (813, 1600) 950 (745, 1450) 1285 (925, 1675) 0.001
T-lymphocyte (cells/μL) 796 (572, 1104) 721 (510, 1064) 894 (666, 1129) 0.006
B-lymphocyte (cells/μL) 85 (44, 147) 73 (36, 128) 103 (65, 173) 0.001
NK-lymphocyte (cells/μL) 175 (96, 278) 155 (96, 268) 185 (97, 303) 0.336
Monocyte (%) 11.4 (8.34, 15.42) 10.74 (7.92, 14.75) 11.71 (8.39, 15.52) 0.369
CD14+HLA-DR- monocyte (%) 0.19 (0.10, 0.49) 0.21 (0.11, 0.51) 0.18 (0.09, 0.44) 0.229
CD4+/CD8+ ratio 1.48 (1.02, 2.15) 1.30 (0.89, 1.95) 1.58 (1.15, 2.28) 0.025
NLR 5.04 (2.69, 7.85) 6.94 (4.55, 11.46) 3.35 (2.26, 5.18) <0.001
Inflammatory indicators
nCD64 index 0.79 (0.43, 174) 1.00 (0.54, 2.13) 0.68 (0.36, 1.58) 0.004
CRP (mg/L) 36.76 (7.08, 86.86) 66.33 (33.28, 125.10) 11.10 (2.27, 48.52) <0.001
Serum cytokines
IL-1β (pg/mL) 6.56 (3.79, 12.44) 7.55 (4.12, 15.09) 6.20 (3.45, 9.89) 0.019
IL-2 (pg/mL) 4.77 (2.60, 8.89) 5.06 (3.05, 10.53) 4.73 (2.36, 7.81) 0.155
IL-4 (pg/mL) 6.12 (3.48, 9.59) 6.31 (3.51, 10.29) 5.85 (3.51, 9.24) 0.377
IL-5 (pg/mL) 7.11 (4.33, 12.11) 7.77 (5.08, 12.23) 6.15 (3.89, 11.96) 0.083
IL-6 (pg/mL) 34.79 (15.66, 127.75) 110.68 (34.79, 265.28) 18.12 (11.05, 38.79) <0.001
IL-8 (pg/mL) 78.17(40.90, 174.59) 100.31(54.05, 224.41) 63.91(37.88, 117.87) 0.001
IL-10 (pg/mL) 13.49 (7.90, 26.85) 15.59 (11.10, 30.43) 9.89 (6.46, 20.69) 0.001
IL-12p70 (pg/mL) 5.32 (3.29, 5.32) 6.43 (3.85, 9.42) 4.58 (2.92, 7.66) 0.026
IL-17 (pg/mL) 8.16(5.27, 13.07) 8.34(5.94, 13.63) 7.52(4.26, 13.07) 0.123
IFN-γ (pg/mL) 5.89 (3.74, 12.97) 7.05 (4.51, 15.46) 5.43 (3.05, 10.40) 0.012
IFN-α(pg/mL) 2.36 (1.30, 3.75) 2.62 (1.49, 4.08) 2.12 (1.03, 3.44) 0.042
TNF-α (pg/mL) 5.32 (3.33, 9.89) 6.90 (3.66, 10.72) 4.61 (2.93, 7.77) 0.002
IL-4/IFN-γ ratio 1.01 (0.46, 1.50) 0.99 (0.39, 1.38) 1.12 (0.53, 1.61) 0.153
IL-6/IL-10 ratio 2.98(1.43, 8.12) 6.06(2.59, 15.03) 1.67(0.90, 3.19) <0.001

Abbreviation: WBC, white blood cell; NLR, neutrophile-to-lymphocyte ratio; CD4+/CD8+, CD4+ T-lymphocyte percentage to CD8+ T-lymphocyte 
percentage ratio; CRP, C-reaction protein; nCD64, neutrophile CD64; IL, interleukin; IL-4/IFN-γ, interleukin 4 to interferon γ ratio; IL-6/IL-10, 
interleukin 6 to interleukin 10 ratio.
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Precision=
TP

TP + FP 

F1 score=
2 × precision × sensitivity

precision + sensitivity 

2.7. Statistical analysis

Categorical variables were presented as numbers and percentages and analyzed using the Chi-square test or Fisher’s exact test. 
Continuous variables with a normal distribution were expressed as mean ± standard deviation, and differences between them were 
analyzed using the two-tailed Student’s t-tests, while the non-normally distributed variables were expressed as median with inter-
quartile range (IQR) and analyzed using the Mann-Whitney U test. Statistical significance was defined as P values < 0.05 for all an-
alyses. Statistical analysis of this study was conducted using R software (version 3.6.1).

3. Results

3.1. Patient characteristics and variables

A total of 204 patients were enrolled in this study, of whom 100 were diagnosed as SP. As shown in Table 1, SP patients exhibited a 
higher prevalence of elderly individuals and males. Most variables of immune cells, inflammatory indicators, and serum cytokines 
were also significantly elevated in SP patients compared to nSP. These included WBC count, NLR, nCD64 index, CRP, IL-1β, IL-6, IL-8, 
IL-10, IL-12p7, IFN-γ, IFN-α, TNF-α, IL-6/IL-10 ratio, while lymphocyte count, T-lymphocyte count, B-lymphocyte count, and CD4+/ 
CD8+ ratio were lower. Nevertheless, variables such as NK-lymphocyte count, monocyte percentage, CD14+HLA-DR- monocyte 
percentage, IL-2, IL-4, IL-5, IL-17, and IL-4/IFN-γ ratio did not show significant differences between the two groups (P > 0.05). Ul-
timately, variables including age, sex, WBC count, T-lymphocyte count, NLR, CRP, TNF-α, IL-4/IFN-γ ratio, and IL-6/IL-10 ratio were 
selected as potential predictors using LASSO regression and clinical experience. A heatmap of correlations revealed no significant 
correlations among the nine variables (Fig. 2). Multicollinearity was tested among the final set of predictors using the VIF method. The 
VIF values for the selected variables were all below 5, indicating the absence of multicollinearity (Table S1). The experimental 
detection time for these variables is 2–3 h, which is sufficient to meet the clinical monitoring needs for severe pneumonia (Table S2). 
Subsequently, all patients were randomly divided into a training cohort and a test cohort at a 7:3 ratio. Statistical analysis indicated 

Fig. 2. Heatmap of correlations among the selected variables.
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that most factors were similar between the two cohorts (P > 0.05), ensuring comparability for further analysis (Table S3).

3.2. Parameter optimization and model development

We established the predictive models using the nine potential variables with six machine learning algorithms as mentioned earlier. 
The specific parameters optimization for all models are detailed in Table S4. In the training cohort, the confusion matrix and ROC curve 
for each model were shown in Fig. S1 and Fig. S2, respectively. The model performance metrics, as shown in Table 2, including ac-
curacy (ranging from 0.776 to 0.979), sensitivity (ranging from 0.765 to 0.985), specificity (ranging from 0.707 to 0.973), F1_Score 
(ranging from 0.784 to 0.978), and AUC (ranging from 0.862 to 0.996) with 95 % confidence intervals (CI). These results indicate 
excellent performance across all models. However, model performance evaluation was focused on comparing those metrics in the test 
cohort. Confusion matrices for the test cohort are shown in Fig. 3. The XGBoost model achieved the best diagnostic performance, with 
an AUC of 0.901 (95 % CI: 0.827–0.985), outperformed LR, RF, SVM, NB, and DT models with AUCs of 0.808 (95 % CI: 0.701–0.916), 
0.891 (95 % CI: 0.810–0.972), 0.786 (95 % CI: 0.663–0.908), 0.763 (95 % CI: 0.644–0.882) and 0.659 (95 % CI: 0.527–0.792), 
respectively (Fig. 4). Detailed metrics of all models were summarized in Table 3. Among them, the XGBoost model also exhibited the 
highest accuracy (0.803), sensitivity (0.844), and F1_score (0.818), albeit with lower specificity (0.759) compared to the DT model 
(0.862) and the RF model (0.862). The basic structure and algorithm steps of XGBoost are shown in Fig. S3 and Table S5, respectively.

Based on the aforementioned results, we selected the XGBoost model as the final model due to its superior overall performance in 
the test cohort. In Fig. 5A, the calibration curve of the XGBoost model is closely aligned with the reference line, indicating good 
predictive consistency between predicted probability and actual probability. Subsequently, DCA was used to assess the clinical net 
benefit of the XGBoost model in the context of decision-making. As shown in Fig. 5B, the result shows higher overall net benefits within 
a range of threshold probabilities between 14 % and 100 %, suggesting that the XGBoost model might offer greater utility in guiding 
clinical decisions across a wide range of scenarios.

3.3. Individual variable importance

To explain the importance of each selected predictor in the optimal model, the SHAP algorithm was performed to rank the pre-
dictors based on their influence on the model outcome (Fig. 6). Therefore, we can observe that the feature importance ranking in the 
XGBoost model is as follows: WBC, Age, CRP, IL-6-IL-10 ratio, T-lymphocyte count, sex, IL-4/IFN-γ ratio, TNF-α, and NLR. Notably, 
elevated levels of WBC count, age, CRP, NLR, and the IL-6/IL-10 ratio, along with decreased levels of T-lymphocyte count and the IL-4/ 
IFN-γ ratio, were associated with a higher risk of SP. Additionally, being male was also found to be a factor in increasing the risk of SP.

4. Discussion

Accumulating evidence underscores a strong association between inflammation and the risk of respiratory diseases [20]. 
Inflammation-associated factors have emerged as promising biomarkers for predicting the development of pneumonia, based on both 
quantitative and qualitative evaluations [21]. Recently, novel inflammation biomarkers, such as cytokines and various cell subsets in 
peripheral blood, have garnered attention for their potential predictive capability in infectious diseases [22]. However, the predictive 
value of these variables for SP patients remains to be fully elucidated. In our study, we developed six ML prediction models for SP, 
using the variables related to immune cells, inflammatory indicators, serum cytokines, and clinical characteristics. Following the 
predictors screening, age, sex, WBC count, T-lymphocyte count, NLR, CRP, TNF-α, IL-4/IFN-γ ratio, and IL-6/IL-10 ratio were included. 
Importantly, the XGBoost model emerges as the superior choice, outperforming LR, RF, SVM, NB, and DT models. As a result, the 
XGBoost model holds significant potential to aid clinical decision-making for pneumonia patients and improve SP prediction in clinical 
practice.

Among the predictors screened in this study, we initially analyzed all variables between the SP and nSP groups. Our findings 
revealed that advanced age was associated with a higher susceptibility to developing SP, which is consistent with previous studies 
[23–25]. This association may be attributed to age-related immune weakening in elderly patients, where declining immune function 
can increase their vulnerability to infections. Furthermore, we observed a higher proportion of male patients in the SP group, which we 
speculate may be linked to smoking habits among males. Regarding laboratory-associated, the increased levels of WBC count, NLR, and 
CRP were common features among severe pneumonia patients compared to those with milder pneumonia [5,7]. Our findings were 

Table 2 
Summary of specific metrics of the six machine algorithm models in the training cohort.

Model Accuracy Sensitivity Specificity F1_Score AUC (95%CI)

LR 0.860 0.838 0.880 0.851 0.920 (0.877–0.962)
RF 0.902 0.882 0.920 0.896 0.952 (0.920–0.984)
SVM 0.846 0.765 0.920 0.825 0.896 (0.843–0.950)
XGBoost 0.979 0.985 0.973 0.978 0.996 (0.992–1.000)
NB 0.776 0.853 0.707 0.784 0.862 (0.804–0.920)
DT 0.888 0.838 0.933 0.877 0.936 (0.896–0.976)

Abbreviation: LR, Logistic Regression; RF, Random Forest; NB, Naïve Bayes; XGBoost, eXtreme Gradient Boosting; SVM, Support Vector Machine; DT, 
Decision Tree; AUC, area under the receiver operating characteristic curve; 95 % CI, 95 % confidence interval.
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Fig. 3. Confusion matrix of all predictive models in the test cohort. The test sample was oversampled from the original cohort dataset (30% of the 
cohort). The horizontal axis indicated the true label of positive and negative for severe pneumonia (TN and TP mapped classes where each model 
predicted the class correctly as negative and positive severe pneumonia, respectively). The vertical axis indicated the predictive label for each 
algorithm (FN and FP mapped classes where each model predicted the class incorrectly as negative and positive severe pneumonia, respectively).

Fig. 4. Test cohort ROC curve for each model.

Table 3 
Summary of specific metrics of the six machine algorithm models in the test cohort.

Model Accuracy Sensitivity Specificity F1 Score AUC (95%CI)

LR 0.705 0.594 0.828 0.679 0.808 (0.701–0.916)
RF 0.754 0.656 0.862 0.737 0.891 (0.810–0.972)
SVM 0.754 0.688 0.828 0.746 0.786 (0.663–0.908)
XGBoost 0.803 0.844 0.759 0.818 0.901 (0.827–0.975)
NB 0.672 0.719 0.621 0.697 0.763 (0.644–0.882)
DT 0.656 0.469 0.862 0.588 0.659 (0.527–0.792)

Abbreviation: LR, Logistic Regression; RF, Random Forest; NB, Naïve Bayes; XGBoost, eXtreme Gradient Boosting; SVM, Support Vector Machine; DT, 
Decision Tree; AUC, area under the receiver operating characteristic curve; 95 % CI, 95 % confidence interval.
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consistent with the above-reported results. Notably, our findings showed a significant elevation of the nCD64 index in the severe 
pneumonia group. Burgo et al. also found that the increased nCD64 was a risk factor for ICU admission and clinical deterioration in 
CAP patients, although its accuracy in predicting poor prognosis was not high [26]. Thus, we suggest that the nCD64 index may serve 
as a valuable supplementary detection marker in suspected pneumonia cases, despite it being considered as one of the specific in-
dicators for sepsis [27]. Besides, our data also revealed lymphopenia as an important clinical feature in SP patients, characterized by 
the low-count level of total lymphocyte, T-lymphocyte, and B-lymphocyte, among which the T-lymphocyte count was identified as a 
predictor included in the final model. In contrast, the NK-lymphocyte count did not yield similar results, suggesting a potentially more 
nuanced role for different lymphocyte subsets in the pathogenesis of SP. Torres et al. [28,29] have identified lymphopenia (total 
lymphocyte count <724 cells/μL) in community-acquired pneumonia (CAP) patients as a significant risk factor for mortality. Their 
study highlights a strong correlation between decreased total lymphocyte counts and specifically reduced T-lymphocyte populations, 
while associations with NK-lymphocytes and B-lymphocytes were more modest. Therefore, we hypothesize that T-lymphocytopenia is 
the primary driver of lymphocytopenia observed in severe CAP cases. Moreover, our findings reveal a marked decrease in 
T-lymphocyte count, coupled with a substantial decline in the CD4+/CD8+ ratio among SP patients. These observations underscore the 
crucial significance of detecting immune cell subsets in individuals predisposed to developing SP, highlighting the necessity of such 
assessments for a better understanding of disease progression and risk assessment.

Serum cytokines, significant soluble proteins secreted by immune cells and nonimmune cells, play a crucial role in regulating cell 
growth, differentiation, and effects through receptor binding, thereby modulating immune responses. In the context of inflammation, 
cytokines function as regulators, maintaining a delicate balance between pro-inflammatory and anti-inflammatory processes. Our 

Fig. 5. Calibration curves and DCA of XGBoost model in the testing cohort. A calibration curve, B DCA, decision curve analysis.

Fig. 6. SHAP summary plot of the nine variables in the XGBoost model. SHAP, Shapley additive explanation.
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findings revealed that SP patients exhibited elevated levels of IL-1β, IL-6, IL-8, IL-10, IL-12p70, IFN-γ, and IFN-α, indicating a 
heightened inflammatory status compared to nSP patients. Recent studies on COVID-19 have highlighted IL-6 as a core pro- 
inflammatory cytokine contributing to the phenomenon of “cytokine storm” [10,30]. Conversely, IL-10, an anti-inflammatory fac-
tor, tends to increase significantly in the later stages of the disease, inhibiting the over-secretion of pro-inflammatory factors [31,32]. 
Furthermore, we observed a significant increase in the IL-6/IL-10 ratio among SP patients, suggesting that this ratio may serve as an 
indicator of the progression from common pneumonia to SP. This underscores the significance of assessing inflammation status as an 
early biomarker for pneumonia severity. The IL-4/IFN-γ ratio is recognized as an expression product of CD4+ T helper (Th) cells, 
reflecting the balanced immune response between Th1 and Th2 subsets [33]. While neither the IL-6/IL-10 nor the IL-4/IFN-γ ratio was 
directly selected by LASSO regression for model construction, evaluating inflammatory profiles remains vital. Consequently, our 
predictive models were established using a comprehensive set of predictors, including age, sex, WBC count, T-lymphocyte count, NLR, 
CRP, TNF-α, the IL-6/IL-10 ratio, and the IL-4/IFN-γ ratio.

In recent years, ML algorithms have been widely used in developing disease prediction models due to their ability to handle 
complex and high-dimensional data, thereby improving the accuracy of these models [34,35]. We performed six ML algorithms to 
build prediction models, which included a linear model (LR), non-linear models (RF, XGBoost, and SVM), Naïve Bayes, and Decision 
Tree. Our study suggested that the XGBoost model demonstrated the best diagnostic performance for SP, with an AUC of 0.901 (95 % 
CI: 0.827–0.985), outperformed LR, RF, SVM, NB, and DT models. Additionally, the XGBoost model also exhibited the highest accuracy 
(0.803), sensitivity (0.844), and F1_score (0.818), although it had lower specificity (0.759) compared to the DT model (0.862) and the 
RF model (0.862). XGBoost, a supervised machine learning algorithm known for enhancing prediction accuracy and efficiency by 
amalgamating diverse tree learners, has been a robust method with good performance when dealing with complex relationships and 
nonlinear data [36,37]. Due to its resistance to overfitting, XGBoost is particularly effective for datasets with imbalanced featur-
e/outcome ratios and offers more flexibility in tuning hyperparameters compared to other algorithms [38]. Hong et al. used two ML 
algorithms, XGBoost and RF, to develop a prediction model for severe COVID-19 pneumonia based on cytokines and immune cell 
profile, and recommended XGBoost as the best model due to its highest discriminatory performance [39]. An XGBoost-based model 
that incorporates key hematological indicators like CRP, PCT, albumin, hemoglobin, and progressive dyspnea, which outperforms RF, 
LR, and SVM models in predicting severe pneumocystis carinii pneumonia by demonstrating higher specificity [40]. To elucidate the 
impact value of all selected predictors in the XGBoost model, we performed a SHAP analysis. The SHAP plot revealed the top three 
predictors in the XGboost mode were WBC count, age, and CRP. These top predictive features all have clinically plausible explanations.

Nevertheless, this study has several limitations. Firstly, the sample size was relatively limited, and it is necessary to validate the SP 
prediction model in a larger population. Secondly, the diagnostic performance of the prediction model for severe pneumonia needs to 
be assessed by comparing it with established evaluation systems such as CURB and PSI scores. Finally, certain clinical features and 
laboratory-associated indicators, such as respiratory symptoms, and pathogen type of infection, were not included in this study, 
potentially limiting the validation of our model. Based on the aforementioned results, this study constructs an ML-based prediction 
model for anticipating severe progression in pneumonia patients using a more comprehensive array of inflammatory biomarkers 
collected from multiple centers.

5. Conclusions

In summary, based on XGBoost, we constructed a practical prediction model for severe pneumonia based on inflammatory bio-
markers and demonstrated its good effectiveness through ROC analysis, calibration curve analysis, and DCA. Furthermore, this SP 
prediction model has an important clinical potential for assessing the risk of SP in patients with pneumonia, thereby facilitating the 
implementation of early prevention strategies. In the future, we will design a prospective study to validate the proposed model on a 
larger dataset while simultaneously collecting and organizing more comprehensive patient information to establish multiple models.
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