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Background: Non-neutropenic invasive pulmonary fungal disease (IPFD) is increasingly recognized but remains challenging to 
diagnose due to nonspecific clinical and radiological features. This retrospective, single-center study was conducted at the First 
Affiliated Hospital of Guangzhou University of Chinese Medicine and aimed to develop and evaluate a diagnostic model based on 
immuno-Serologic biomarkers for distinguishing non-neutropenic IPFD from bacterial pneumonia.
Methods: A total of 157 pneumonia patients (65 non-neutropenic IPFD cases and 92 bacterial pneumonia cases) admitted to the First 
Affiliated Hospital of Guangzhou University of Chinese Medicine between April 2018 and December 2022 were enrolled. Least 
Absolute Shrinkage and Selection Operator (LASSO) regression and collinearity analysis were applied to screen key variables, 
followed by the development of diagnostic models using nine machine learning algorithms. Model performance was comprehensively 
evaluated, and temporal validation in an independent later cohort from the same center was conducted using data from 102 pneumonia 
patients (33 non-neutropenic IPFD and 69 bacterial pneumonia cases) admitted between January 2023 and March 2025.
Results: Five biomarkers were identified as predictors: galactomannan (GM), monocyte human leukocyte antigen-DR expression 
(mHLA-DR), monocyte count, interleukin-6 (IL-6), and 1,3-β-D-glucan (BDG). The Light Gradient Boosting Machine (LightGBM) 
model demonstrated optimal performance in the validation set, with an area under the receiver operating characteristic curve (AUC) of 
0.865 (95% CI: 0.728–0.999) and accuracy of 0.781. In the test set, the model achieved an AUC of 0.810 and accuracy of 0.750. 
Decision curve analysis (DCA) indicated favorable net benefits across probability thresholds of 0–1. Temporal validation yielded an 
AUC of 0.821 and accuracy of 0.794.
Conclusion: The immuno-serologic diagnostic model exhibits strong discriminatory performance in differentiating bacterial pneu
monia from non-neutropenic IPFD, highlighting its potential for clinical application.
Keywords: non-neutropenic invasive pulmonary fungal disease, serological biomarkers, diagnostic model, machine learning

Introduction
In recent years, the incidence of IPFD has been rising annually, posing serious threats to patient health. While it 
predominantly occurs in neutropenic populations, its incidence has also increased among non-neutropenic individuals.1,2 

The most common fungal pathogens responsible for IPFD include Aspergillus species, Candida species, and less 
frequently, Mucorales, Cryptococcus, and Fusarium.1,3 Non-neutropenic IPFD presents complex immune status, atypical 
clinical manifestations, and nonspecific imaging findings, often leading to misdiagnosis as bacterial pneumonia. 

Infection and Drug Resistance 2025:18 4941–4952                                                         4941
© 2025 Huang et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms. 
php and incorporate the Creative Commons Attribution – Non Commercial (unported, v4.0) License (http://creativecommons.org/licenses/by-nc/4.0/). By accessing the 

work you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For 
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).

Infection and Drug Resistance                                                          

Open Access Full Text Article

Received: 3 June 2025
Accepted: 11 September 2025
Published: 15 September 2025

In
fe

ct
io

n 
an

d 
D

ru
g 

R
es

is
ta

nc
e 

do
w

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.d
ov

ep
re

ss
.c

om
/

F
or

 p
er

so
na

l u
se

 o
nl

y.

http://orcid.org/0000-0003-3324-7520
http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com


Critically ill patients with delayed treatment frequently experience poor prognosis, making early identification of this 
population a key challenge in clinical management.4 Although predictive models have been applied for clinical prediction 
and prognosis assessment of invasive fungal infections, such as early diagnostic models for invasive pulmonary 
aspergillosis based on chest computed tomography (CT) images and risk prediction models using the Medical 
Information Mart for Intensive Care IV (MIMIC-IV) database,5–7 few studies have focused on diagnostic models for non- 
neutropenic IPFD, particularly those based on immune cell detection.

The “gold standard” for diagnosing non-neutropenic IPFD requires histopathological confirmation of hyphae presence 
or positive cultures. However, invasive procedures are often contraindicated in many patients due to high bleeding risks 
or compromised respiratory status, preventing acquisition of biopsy specimens.8 Furthermore, bronchoalveolar lavage 
fluid fungal cultures demonstrate sensitivity of only 30%-60%, coupled with issues including prolonged culture periods 
and susceptibility to contamination.9 Fungal antigen detection methods (eg, BDG, GM, and cryptococcal capsular 
polysaccharide antigen) show limited sensitivity for diagnosing non-neutropenic IPFD and are susceptible to interference 
from bacterial infections and mucosal colonization.10 There is therefore a need for a diagnostic model that provides 
precise decision support to reduce diagnostic delays in non-neutropenic IPFD and to quantify immune–infection 
interactions.

This study aims to construct and validate a machine learning-based diagnostic model utilizing readily available 
serological and immune cell parameters to facilitate the early and accurate distinction of non-neutropenic IPFD from 
bacterial pneumonia.

Material and Methods
Cohort Selection and Data Collection
This retrospective cohort study consecutively enrolled 157 pneumonia patients admitted to the First Affiliated 
Hospital of Guangzhou University of Chinese Medicine between April 2018 and December 2022. Participants 
were divided into a study group (65 non-neutropenic IPFD cases) and a control group (92 bacterial pneumonia 
cases). An additional temporal validation set comprising an independent later cohort from the same center set of 102 
pneumonia patients (33 non-neutropenic IPFD and 69 bacterial pneumonia cases) admitted from January 2023 to 
March 2025.

All enrolled patients had complete clinical documentation and met the inclusion criteria defined by the Expert 
Consensus on Diagnosis and Treatment of Pulmonary Fungal Diseases.11 The host risk factors for IPFD considered in 
this study included: chronic obstructive pulmonary disease (COPD), diabetes mellitus, prolonged antibiotic use, recent 
major surgery, renal insufficiency, and prolonged intensive care unit (ICU) stay. IPFD cases were categorized into proven 
IPFD, clinically diagnosed IPFD, and suspected IPFD based on clinical manifestations, microbiological evidence, and 
pathological findings. This study included proven IPFD and clinically diagnosed IPFD cases in the IPFD group, defined 
as follows:

(1) Proven IPFD required ≥1 host risk factor, clinical features of invasive fungal disease, and histopathological 
confirmation of fungal tissue invasion and/or positive fungal culture from sterile specimens (eg, lung tissue obtained via 
sterile procedure, pleural fluid, or blood);

(2) Clinically diagnosed IPFD required ≥1 host risk factor, one major or two minor clinical features of invasive fungal 
disease, direct microscopic identification of fungal hyphae in endotracheal aspirates or qualified sputum samples with ≥2 
consecutive cultures isolating the same fungal species, or detection of hyphae in bronchoalveolar lavage fluid (BALF) via 
direct microscopy combined with positive fungal culture.

Among the 65 non-neutropenic IPFD patients, 10 were classified as proven IPFD and 55 as clinically diagnosed 
IPFD. The control group consisted of 92 patients with bacterial pneumonia, confirmed by positive bacterial culture or 
molecular testing. In the temporal validation set, among the 33 non-neutropenic IPFD patients, 5 were classified as 
proven IPFD and 28 as clinically diagnosed IPFD. The control group in the temporal validation set consisted of 69 
patients with bacterial pneumonia, confirmed by positive bacterial culture or molecular testing.
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Exclusion criteria included: (a) neutropenia (absolute neutrophil count <0.5×109/L); (b) long-term corticosteroid 
(equivalent to prednisone ≥20 mg/day for ≥2 weeks) or immunosuppressive therapy; (c) malignancies or autoimmune 
diseases; (d) severe concurrent viral infections; and (e) prior antibiotic treatment within 72 hours before admission.

Data Collection
Demographic characteristics (including sex and age), laboratory test results, and supplementary clinical data were retro
spectively acquired from the participants’ medical records. The immunocyte subset analysis, Cluster of Differentiation 64 
(CD64) index, and mHLA-DR detection were performed using flow cytometry (DxFLEX flow cytometer, Beckman Coulter, 
Inc, USA). BDG was measured through a chromogenic assay (Dynamiker Fungus (1–3)-β-D-Glucan Assay, Dynamiker 
Biotechnology (Tianjin) Co., Ltd., China), while GM was analyzed via enzyme-linked immunosorbent assay (ELISA) 
(Dynamiker Aspergillus Galactomannan Assay, Dynamiker Biotechnology (Tianjin) Co., Ltd., China). IL-6 levels were 
quantified using electrochemiluminescence immunoassay (ECLIA) (Cobas e601, Roche Diagnostics, Germany), and 
C-reactive protein (CRP) concentrations were determined by nephelometry (Immage 800, Beckman Coulter, Inc, USA).

Feature Selection
Twelve laboratory parameters were analyzed, categorized into fungal antigens (BDG, GM), immune cell subsets (CD3+ 
T cells, CD4+ T cells, CD8+ T cells, NK cells, B cells, monocytes), inflammatory markers (IL-6, CRP, neutrophil CD64 
index), and mHLA-DR. Variable selection was conducted through LASSO regression,12 with the optimal regularization 
parameter λ determined via 10-fold cross-validation. The L1-penalty mechanism effectively compressed coefficients of 
non-significant variables to zero. Subsequent collinearity analysis was performed to assess multicollinearity among the 
variables selected by LASSO. Multicollinearity, which occurs when predictor variables are highly correlated, can inflate 
the variance of coefficient estimates and destabilize the model. This was quantified using the Variance Inflation Factor 
(VIF). Variables with a VIF > 10, indicating severe multicollinearity, were excluded to further refine the model.13 This 
dual-stage optimization ultimately identified five key predictors: BDG, GM, IL-6, mHLA-DR, and Monocytes count.

Model Development and Validation
Nine machine learning algorithms: Logistic Regression (Logistic), Extreme Gradient Boosting (XGBoost), Light 
Gradient Boosting Machine (LightGBM), Random Forest (RF), Adaptive Boosting (AdaBoost), Decision Tree (DT), 
Gradient Boosting Decision Tree (GBDT), Gaussian Naive Bayes (GNB), and Complement Naive Bayes (CNB) were 
employed to construct predictive models. Model performance was compared through receiver operating characteristic 
(ROC) curves and decision curve analysis (DCA) to identify the model with optimal diagnostic performance.14,15 

Shapley Additive exPlanations (SHAP) plots were used to elucidate variable importance.16 Temporal validation was 
performed using the independent validation cohort,17 ultimately generating an online prediction tool. The overall study 
design is illustrated in Figure 1.

Statistical Analysis
Statistical analyses were conducted utilizing SPSS 24.0 (IBM Corp) and the Beckman Coulter DxAI 800 analytical system. 
The normality of continuous variables was assessed using the Shapiro–Wilk test, supplemented by visual inspection of 
Q-Q plots and histograms. Continuous variables demonstrating normal distribution were analyzed using Student’s t-test with 
least significant difference (LSD) post-hoc analysis. For non-normally distributed continuous variables, the Mann–Whitney 
U-test was applied. Categorical variables were assessed through χ²-tests or Fisher’s exact probability tests as appropriate. 
Statistical significance was defined as a two-tailed P-value <0.05 across all analyses.

Results
Baseline Characteristics of the Study Participants
Comparative analysis revealed significant between-group differences in laboratory parameters, including BDG, GM, IL- 
6, CRP, CD64 index, CD4+ T cells, and monocytes (P<0.05). In contrast, no statistically significant differences were 
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observed in demographic variables (gender, age) or other immunological markers, specifically CD3+ T cells, CD8+ 
T cells, NK cells, B cells, and mHLA-DR (P>0.05). Detailed comparisons are summarized in Table 1.

Dual Variable Selection in Fungal Diagnostic Modeling
To mitigate collinearity effects, variable selection was performed using LASSO regression with the “lambda.1se” 
regularization coefficient (λ-1 standard error). The optimal λ value of 0.068 at 1 standard error from the minimum cross- 
validated error identified six initial predictors: BDG, GM, IL-6, mHLA-DR, monocyte count, and CD4+ T cells 
(Figure 2). Subsequent collinearity analysis using VIF was then applied to the six LASSO-selected predictors to ensure 
model stability. A VIF value quantifies how much the variance of a regression coefficient is inflated due to multi
collinearity. A common rule of thumb is that a VIF > 10 indicates harmful multicollinearity that requires attention.13 This 

Figure 1 Flowchart of patient enrollment and study design. A total of 157 patients admitted between April 2018 and December 2022 were included in the primary cohort. 
An independent temporal validation cohort of 102 patients admitted between January 2023 and March 2025 was used to assess model generalizability. IPFD, invasive 
pulmonary fungal disease.
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analysis excluded CD4+ T cells (VIF = 16.447), ultimately retaining five key predictors with acceptable multicollinearity 
levels (all VIF < 10): BDG, GM, IL-6, mHLA-DR, and monocyte count (Table 2).

Predictive Model Architecture Delineation
ROC curves were generated for each of the five selected predictors to evaluate their individual diagnostic performance. 
Among these variables, GM demonstrated the highest discriminative capacity with AUC of 0.730 (95% CI: 
0.661–0.787), as illustrated in Figure 3A.

The dataset was partitioned into a training cohort (n=126) and validation cohort (n=31). These five optimized 
predictors were subsequently incorporated into nine machine learning algorithms for classification tasks. Through 
5-fold cross-validation with AUC prioritization, the LightGBM model emerged as the optimal classifier in the validation 
set, achieving an AUC of 0.865 (95% CI: 0.728–0.999) and accuracy of 0.781 - surpassing individual biomarker 
performance. Model calibration analysis revealed strong agreement between predicted probabilities and observed out
comes (Figure 3B–D and Table 3). Decision curve analysis demonstrated clinical utility across the 0–1 probability 
threshold range, with sustained net benefit values (Figure 3E).

An independent test set (n=31) was randomly selected from the overall cohort, while the remaining 126 samples 
constituted the training set. The finalized LightGBM model maintained robust performance in the test set, yielding an 
AUC of 0.810 and accuracy of 0.750 (Figure 3F and G).

Finally, SHAP analysis was employed to interpret variable importance in the LightGBM model. The feature 
contribution plot demonstrated the following descending order of predictive impact: GM, mHLA-DR, monocyte 
count, IL-6, and BDG, as illustrated in Figure 3H.

Temporal Validation and Clinical Deployment of LightGBM Model
Temporal validation demonstrated robust diagnostic performance with an AUC of 0.821 (95% CI: 0.712–0.930), 
accuracy of 0.794, sensitivity of 0.667, specificity of 0.855, positive predictive value (PPV) of 0.688, negative predictive 
value (NPV) of 0.843, and F1-score of 0.677 (Figure 4). To enhance clinical applicability, we developed a user-friendly, 

Table 1 Baseline Demographic and Laboratory Characteristics of Patients with Bacterial Pneumonia and 
Non-Neutropenic Invasive Pulmonary Fungal Disease (IPFD)

Characteristic Bacterial Group (n=92) IPFD (n=65) Statistic P-Value

General information
Male gender 60 (65.2) 39 (60.0) χ² = 0.445 0.505

Age (years) 68.000±15.820 66.769±14.704 t = 0.745 0.457
Laboratory tests
BDG (pg/mL) a 60.183±52.197 106.483±118.717 Z = −2.589 0.007

GM (S/CO) a 0.240±0.502 0.724±1.068 Z = −6.379 <0.001
IL6 (pg/mL) a 156.391±290.846 429.449±822.942 Z = −2.901 0.004

CRP (mg/L) a 91.665±189.440 132.788±125.190 Z = −3.852 <0.001
CD3+T cells (%) 62.518±14.974 57.783±16.199 t = 1.940 0.053

CD4+T cells (%) 38.382±13.548 33.678±12.737 t = 2.182 0.031

CD8+T cells (%) 22.047±11.178 21.125±12.760 t = 0.821 0.412
NK cells (%) 20.041±12.874 22.695±14.783 t = −1.025 0.306

B cells (%) 17.586±12.948 18.118±13.659 t = −0.184 0.856

CD64 (%) a 2.034±3.974 6.220±22.188 Z = −2.864 0.004
mHLA-DR (%) 67.289±23.272 58.549±30.664 t = 1.431 0.153

Monocytes count (%) 3.670±3.066 2.600±1.942 t = 2.639 0.008

Notes: Data are presented as mean ± standard deviation or number (%). a Mann–Whitney U-test was used for analysis; all other continuous 
variables were analyzed using Student’s t-test. Categorical data (Gender) were analyzed using the Chi-squared test. 
Abbreviations: BDG, 1,3-β-D-glucan; GM, galactomannan; IL-6, interleukin-6; CRP, C-reactive protein; mHLA-DR, monocyte human 
leukocyte antigen-DR expression.
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web-based prediction platform (https://www.xsmartanalysis.com/model/list/predict/model/html?mid=27307andsymbol= 
117wD559BMzu531373vX) that implements the optimized LightGBM algorithm. This tool allows clinicians to input 
routinely available biomarker values (GM, mHLA-DR, monocyte count, IL-6, BDG) and obtain real-time probability 
estimates for non-neutropenic IPFD, enabling rapid risk stratification and supporting clinical decision-making at the point 
of care. The use of commonly measured parameters ensures that the model can be integrated into existing clinical 
workflows without requiring additional specialized testing.

Discussion
The increasing incidence of non-neutropenic IPFD is closely linked to the widespread use of broad-spectrum antibiotics, 
corticosteroids, and immunosuppressants.18 Early diagnosis remains challenging due to nonspecific clinical manifesta
tions and the invasiveness of histopathological confirmation, while conventional laboratory methods suffer from limited 
sensitivity and prolonged turnaround times.19,20 This underscores the clinical urgency to develop diagnostic models for 
timely intervention.

Several previous studies have attempted to develop diagnostic models for invasive fungal infections using various 
biomarkers and methodologies. For instance, Wang et al5 developed a deep learning model based on chest CT images for 
invasive pulmonary aspergillosis, while Cao et al7 created a risk prediction model using the MIMIC-IV database. Other 
studies have focused on single biomarkers or limited combinations, such as serum GM and BDG testing.21,22 However, 
few studies have specifically addressed the diagnostic challenges in non-neutropenic patients using a multimodal 
biomarker approach combined with machine learning algorithms.

Compared to these previous models, our LightGBM-based approach offers several distinct advantages: First, our 
model integrates both fungal antigens (GM, BDG) and host immune parameters (mHLA-DR, monocyte count, IL-6), 
providing a more comprehensive assessment of both pathogen presence and host response. Second, while many existing 
models require specialized imaging or complex laboratory tests, our model utilizes routinely available serological and 
immunological markers, making it more accessible for widespread clinical implementation. Third, our model 

Figure 2 Feature selection using Least Absolute Shrinkage and Selection Operator (LASSO) regression. (A) LASSO coefficient profiles of the 12 candidate predictors. The 
vertical dashed line indicates the optimal value of the penalty parameter (λ) chosen by 10-fold cross-validation. (B) Plot of the cross-validation error (binomial deviance) 
versus log(λ). The left vertical dashed line indicates the λ value at which the model achieves minimum cross-validation error (lambda.min), and the right vertical dashed line 
indicates the largest λ value within one standard error of the minimum error (lambda.1se), which was used for feature selection.
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demonstrates superior performance (AUC: 0.865 in validation set) compared to single biomarkers or simpler models, 
with particularly improved sensitivity in non-neutropenic patients where traditional biomarkers often underperform.21 

Finally, we have developed and deployed a user-friendly web-based prediction tool that facilitates real-time clinical 
decision support, enhancing practical utility beyond theoretical model development.

In this retrospective study involving 157 pneumonia patients (65 non-neutropenic IPFD cases vs 92 bacterial 
pneumonia controls), we identified five key predictors: GM, mHLA-DR, monocyte count, IL-6, and BDG, to construct 
nine machine learning models. Through 5-fold cross-validation, the LightGBM model demonstrated superior perfor
mance in the validation set (AUC: 0.865, 95% CI: 0.728–0.999; accuracy: 0.781) and test set (AUC: 0.810; accuracy: 
0.750), outperforming individual biomarkers. Leveraging decision tree-based boosting, LightGBM efficiently integrates 
multimodal data while mitigating single-marker limitations.23 Decision curve analysis revealed sustained net benefit 
across probability thresholds (0–1), with temporal validation further confirming generalizability (AUC: 0.821; accuracy: 
0.794).

The selected biomarkers are clinically accessible: BDG and GM serve as cornerstone fungal diagnostics. However, 
serum GM exhibits variable sensitivity in non-neutropenic patients due to antigen clearance by intact immunity.24 While 
Zhu et al25 reported superior performance of metagenomic next-generation sequencing (mNGS) in bronchoalveolar 
lavage fluid compared to traditional GM testing, and Dai et al21 observed low GM/BDG sensitivity (22.2% and 9.4%, 
respectively) in non-neutropenic invasive pulmonary aspergillosis (IPA), our LightGBM model achieved markedly 
higher sensitivity (90.9% in training, 64.6% in validation) by synergizing fungal antigens with immune parameters. 
Notably, the model’s specificity (90.8%) and positive predictive value (87.7%) surpassed those of serum GM alone 
(85.27% and 35.7%, respectively) in prior studies, underscoring the value of multimodal biomarker integration.26

GM, released from fungal hyphae during invasion, aids early diagnosis but requires contextual interpretation.27,28 

Host immunity critically shapes fungal infection dynamics,29–31 with monocyte-mediated fungal recognition via pattern 
recognition receptors (PRRs) driving antigen presentation and immune recruitment.32–34 Monocyte count and mHLA-DR 
levels thus complement fungal antigen detection by reflecting immune competence. IL-6 further enhances fungal 
clearance through immunocyte activation and antimicrobial peptide induction.35,36 BDG, a pan-fungal cell wall compo
nent, improves diagnostic sensitivity and enables therapeutic monitoring, particularly when serially assessed in ICU 
settings.22,37,38

Table 2 Collinearity Analysis Using Variance 
Inflation Factor (VIF) for Variables Selected by 
LASSO Regression

Variable VIF

CD3+T cells 52.720

NK cells 26.035
B cells 23.399

CD4+T cells 16.447

CD8+T cells 15.247
CD64 1.785

GM 1.721
Monocytes 1.318

IL-6 1.237

CRP 1.200
mHLADR 1.157

BDG 1.150

Age 1.095

Notes: VIF measures the severity of multicollinearity among 
the predictor variables. A VIF value > 10 is generally consid
ered indicative of significant multicollinearity, warranting the 
exclusion of the variable from the model.
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Regarding the practical applicability of the model, all five biomarkers (GM, BDG, mHLA-DR, monocyte count, 
and IL-6) are routinely measured in most clinical laboratories using standardized assays (eg, ELISA for GM and BDG, 
flow cytometry for mHLA-DR and monocyte count, and immunoassays for IL-6). The implementation cost is 
relatively low, as these tests are already widely available and reimbursed in many healthcare systems. The integration 
of these parameters into a single predictive model does not require additional specialized equipment or training, 
making it feasible for adoption in diverse clinical settings, including resource-limited hospitals. The web-based 
prediction tool further reduces operational barriers by providing an intuitive, freely accessible platform for real-time 
risk calculation.

Figure 3 Performance evaluation of individual biomarkers and machine learning models. (A) Receiver operating characteristic (ROC) curves of the five selected biomarkers 
for discriminating non-neutropenic IPFD from bacterial pneumonia. (B) ROC curves of the nine machine learning models on the training set. (C) ROC curves of the models 
on the validation set. (D) Calibration curve for the LightGBM model on the validation set, showing the agreement between predicted probabilities and observed outcomes. 
The dashed line represents perfect calibration. (E) Decision curve analysis (DCA) for the LightGBM model in the validation cohort. The net benefit of using the model (solid 
black line) is compared against the strategies of treating all patients (solid grey line) and treating none patients (dashed black line). (F) ROC curve of the finalized LightGBM 
model on the independent test set. (G) Calibration curve of the LightGBM model on the test set. (H) Summary plot of Shapley Additive exPlanations (SHAP) values for the 
LightGBM model, illustrating the mean impact of each feature on the model output. The features are ordered by their mean absolute SHAP value, representing overall 
importance.
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Moreover, the model’s ability to provide rapid, non-invasive diagnostic support may help reduce the need for costly 
and invasive procedures (eg, bronchoscopy or lung biopsy), shorten time to appropriate antifungal therapy, and 
potentially improve patient outcomes. Future cost-effectiveness analyses are warranted to further validate the economic 
benefits of model implementation.

Our web-based prediction tool (http://www.xsmartanalysis.com/) leverages these five routine biomarkers to enable 
real-time, cost-effective risk stratification for non-neutropenic IPFD, reducing diagnostic barriers in primary care.

Table 3 Comparative Performance Metrics of Nine Machine Learning Algorithms for 
Discriminating Non-Neutropenic IPFD From Bacterial Pneumonia in the Training and 
Validation Sets

Models AUC Accuracy Sensitivity Specificity PPV NPV F1 Score

Training set

XGBoost 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Logistic 0.777 0.708 0.742 0.682 0.656 0.790 0.684

LightGBM 0.982 0.952 0.909 0.980 0.968 0.943 0.937

RandomForest 1.000 1.000 1.000 1.000 1.000 1.000 1.000

AdaBoost 1.000 0.996 1.000 0.993 0.991 1.000 0.996

DecisionTree 1.000 1.000 1.000 1.000 1.000 1.000 1.000

GBDT 1.000 1.000 1.000 1.000 1.000 1.000 1.000

GNB 0.747 0.700 0.796 0.632 0.603 0.815 0.686

CNB 0.616 0.680 0.431 0.851 0.669 0.685 0.524

Training set

XGBoost 0.738 0.688 0.350 0.950 0.875 0.668 0.467

Logistic 0.764 0.688 0.647 0.721 0.611 0.776 0.606

LightGBM 0.865 0.781 0.646 0.908 0.871 0.731 0.742

RandomForest 0.702 0.625 0.583 0.693 0.625 0.650 0.586

AdaBoost 0.673 0.672 0.528 0.748 0.508 0.764 0.511

DecisionTree 0.564 0.562 0.429 0.699 0.545 0.624 0.440

GBDT 0.671 0.672 0.429 0.821 0.590 0.700 0.495

GNB 0.831 0.688 0.847 0.597 0.616 0.833 0.697

CNB 0.577 0.547 0.393 0.667 0.477 0.586 0.431

Figure 4 Temporal validation Performance of the LightGBM Diagnostic Model. (A) Receiver operating characteristic (ROC) curve of the model applied to the independent 
temporal validation cohort (January 2023 - March 2025). (B) Calibration curve showing the relationship between predicted probability of non-neutropenic IPFD and the 
actual observed frequency in the temporal validation set.
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Limitations include the single-center retrospective design and modest sample size, which may affect the general
izability of our findings. Furthermore, the intentional exclusion of patients with certain comorbidities (recent steroid use, 
malignancies, and severe viral infections) was necessary to establish a foundational model in a less confounded 
population but limits immediate applicability to these important patient subgroups where non-neutropenic IPFD 
frequently occurs. Additionally, while the selected biomarkers are clinically available, the requirement for specialized 
immunologic testing (particularly mHLA-DR quantification) may present implementation challenges in resource-limited 
settings. Multicenter validation with expanded cohorts that include patients with these comorbidities is warranted to 
refine model robustness and enhance its generalizability.

Conclusions
We developed a LightGBM-based diagnostic model integrating GM, BDG, mHLA-DR, monocyte count, and IL-6, 
achieving AUC of 0.865 (validation) and 0.821 (external testing). The accompanying web calculator facilitates rapid 
differentiation of non-neutropenic IPFD from bacterial pneumonia, offering a practical solution for early diagnosis. 
Future multicenter studies will further validate its clinical utility.
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