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 11 

Abstract 12 

Background: Refractory Mycoplasma pneumoniae pneumonia (RMPP) has a protracted 13 
course and frequent complications, and its diagnosis is often delayed; early identification of 14 
children at high risk is therefore crucial. This study aimed to develop and internally 15 
validate a combined machine-learning model integrating CT radiomics features and early 16 
clinical indicators to predict progression from Mycoplasma pneumoniae pneumonia (MPP) 17 
to RMPP in children. 18 

Methods: This single-center retrospective study enrolled 527 children with MPP (204 19 
RMPP, 323 non-refractory MPP [NRMPP]) between January 2022 and December 2024, 20 
randomly split into training (n = 368) and internal test (n = 159) cohorts at a ratio of 21 
approximately 7:3. From 1834 CT radiomics features, 25 selected by stability (intraclass 22 correlation coefficient ≥ 0.85), Mann–Whitney U screening, correlation-based redundancy 23 
removal and LASSO dimensionality reduction formed a radiomics score (Rad-score); seven 24 
machine-learning classifiers were compared. A clinical model was built by multivariate 25 
logistic regression with backward stepwise selection of variables with P < 0.1 on univariate 26 
analysis, and a combined model integrating the clinical prediction and Rad-score was 27 
visualized as a nomogram. Performance was evaluated using the area under the receiver 28 
operating characteristic curve (AUC), calibration curves, the Hosmer–Lemeshow test and 29 
decision curve analysis (DCA). 30 

Results: The combined model achieved AUCs of 0.876 (95% CI: 0.839–0.913) and 0.869 31 
(95% CI: 0.815–0.923) in the training and test cohorts, respectively, significantly 32 outperforming the clinical model (0.704 and 0.638; P = 1.42 × 10⁻⁸ and P = 1.59 × 10⁻⁶); in 33 



the test cohort, its AUC was also higher than that of the radiomics model (0.851), although 34 
not significantly (P = 0.060). The final clinical model included LDH, peak body temperature 35 
and ALT. DCA demonstrated a higher net benefit of the combined model across a wide 36 
range of threshold probabilities. The Hosmer–Lemeshow test indicated some degree of 37 
miscalibration of the combined model in the test cohort (P = 0.032). 38 

Conclusions: The combined machine-learning model showed good discrimination for 39 
predicting progression from MPP to RMPP (internal test AUC 0.869) and significantly 40 
outperformed the clinical model; however, its calibration was suboptimal in the test cohort 41 
(Hosmer–Lemeshow P = 0.032), and external validation and recalibration are required 42 
before clinical deployment. 43 

Keywords: Mycoplasma pneumoniae pneumonia; Refractory; Children; Radiomics; 44 
Machine learning; Nomogram; Computed tomography 45 

 46 

Background 47 

Mycoplasma pneumoniae is one of the most common pathogens of community-acquired 48 
pneumonia (CAP) in children and the leading cause of pneumonia in Chinese children aged 49 
6 years and above [1]. Macrolides remain the first-line treatment for M. pneumoniae 50 
pneumonia (MPP); however, the resistance rate of M. pneumoniae to macrolides in China 51 
has remained persistently high (approximately 81%) over the past two decades [1]. Owing 52 
to the spread of resistant strains and heterogeneous host immune responses, a subset of 53 
children continues to experience persistent fever and progressive clinical or radiological 54 
deterioration despite standardized macrolide therapy, thereby developing refractory M. 55 
pneumoniae pneumonia (RMPP) [1]. RMPP is characterized by a protracted disease course 56 
and is frequently complicated by plastic bronchitis [2], bronchiolitis obliterans [3], 57 
necrotizing pneumonia [4] and thromboembolism [5], and may result in permanent 58 
pulmonary sequelae. Recent meta-analyses have reported an overall prevalence of 59 
pediatric RMPP of approximately 37.8%, rising to 86.5% after the COVID-19 pandemic [6], 60 
underscoring a substantial disease burden. 61 

According to the Evidence-Based Guideline for the Diagnosis and Treatment of Mycoplasma 62 
pneumoniae Pneumonia in Children (2023), the diagnosis of RMPP cannot be established 63 
until persistent fever and worsening pulmonary imaging findings are present for at least 7 64 
days despite standardized macrolide treatment [1], by which time lung injury may have 65 
already progressed, leaving a narrow window for early intervention. Early identification of 66 
children at high risk of RMPP is therefore critical for the timely escalation of antimicrobial 67 
therapy, adjunctive corticosteroids or bronchoscopic intervention, and improved outcomes 68 
[7]. Previous studies have identified clinical and laboratory risk factors associated with 69 
RMPP, including prolonged fever, C-reactive protein (CRP), lactate dehydrogenase (LDH) 70 
and D-dimer [8–11], and have developed various predictive nomograms and scales based 71 
on these indicators [12–16]. However, such models rely largely on threshold-based 72 
laboratory parameters, show variable performance across populations, and rarely 73 



incorporate imaging information, thus failing to capture the subtle heterogeneity of 74 
pulmonary lesions. 75 

Chest CT is an essential tool for assessing the extent and severity of pulmonary 76 
involvement in pediatric MPP, and the 2023 guideline recommends lobar or segmental 77 
consolidation and pleural effusion as imaging features supporting the diagnosis [1]. 78 
Nevertheless, conventional imaging signs are mainly qualitative and frequently do not 79 
differ significantly between general MPP and RMPP, limiting their discriminative ability. 80 
Radiomics enables high-throughput extraction of quantitative gray-level, texture and shape 81 
features that are invisible to the human eye, and has demonstrated value in the diagnosis 82 
and prognostication of various diseases. Recent studies have applied CT-based radiomics 83 
and deep learning to the early prediction of RMPP, including multicenter radiomics models 84 
[17], transformer-based deep learning frameworks [18], AI-driven CT lesion quantification 85 
[19] and pulmonary vascular quantification [20]. However, most of these studies relied on 86 
a single imaging modality or employed end-to-end “black-box” models with limited 87 
interpretability; studies integrating CT radiomics with early clinical features and 88 
comparing multiple machine-learning algorithms for pediatric RMPP prediction remain 89 
scarce [21–23]. 90 

Accordingly, this study aimed to develop and internally validate a combined machine-91 
learning model integrating CT radiomics features and early clinical indicators, visualized as 92 
a nomogram, to predict the risk of progression from MPP to RMPP in children, thereby 93 
providing an interpretable decision-support tool for risk stratification and timely clinical 94 
intervention. Given the homogeneity of the single-center population, health inequalities 95 
between sociodemographic groups were not specifically assessed. 96 

Methods 97 

Study design and participants 98 

This single-center retrospective cohort study consecutively enrolled children with MPP at 99 Quanzhou Women’s and Children’s Hospital between January 2022 and December 2024. 100 
The study was conducted in accordance with the Declaration of Helsinki and was approved 101 
by the Ethics Committee of the hospital (approval No.: (2025) Ethics Review No. (39)). 102 
Owing to the retrospective design, the requirement for informed consent from the children 103 
and their guardians was waived by the ethics committee. All clinical data and medical 104 
images were de-identified prior to analysis. 105 The inclusion criteria were: (1) age > 28 days and ≤ 18 years; (2) a diagnosis of MPP 106 
meeting the criteria of the Evidence-Based Guideline for the Diagnosis and Treatment of 107 
Mycoplasma pneumoniae Pneumonia in Children (2023), with corresponding etiological 108 
evidence; (3) non-contrast chest CT performed within 48 h of the first visit or admission 109 
and before determination of the RMPP outcome; (4) thin-slice CT images with a 110 
reconstruction thickness < 1.5 mm and complete DICOM data; and (5) baseline clinical and 111 
laboratory data sufficient for the planned analyses and hospitalization or follow-up records 112 
sufficient to determine the clinical outcome. Missing values of PCT (198 cases) and D-dimer 113 



(88 cases) were not a reason for exclusion and were handled by multiple imputation (see 114 
Statistical analysis). 115 

The exclusion criteria were: (1) CT images with severe motion artifacts, reconstruction 116 
abnormalities or data corruption that precluded lesion segmentation; (2) congenital 117 
cardiopulmonary disease, immunodeficiency, malignancy, severe metabolic disease or 118 
other underlying conditions that could significantly affect pulmonary imaging or the 119 
disease course; (3) long-term immunosuppressive therapy before the index CT; and (4) 120 
previous lung surgery or thoracic/parenchymal structural abnormalities that significantly 121 
affected imaging analysis. Co-infection with bacteria, viruses or other pathogens was not an 122 
exclusion criterion and was not included as a predictive variable. 123 

The first chest CT examination meeting the requirements was defined as the index CT. All 124 
predictive variables were collected before determination of the RMPP outcome. According 125 
to the 2023 guideline, RMPP was defined as persistent fever, worsening clinical symptoms 126 
or progressive pulmonary imaging findings after at least 7 days of standardized macrolide 127 
treatment [1]; the remaining children were assigned to the non-refractory MPP (NRMPP) 128 
group. All children received standardized treatment in accordance with the 2023 guideline; 129 
treatment details were not included as predictive variables. The outcome was determined 130 
from medical records by clinicians who were blinded to the model predictions. 131 

A total of 527 children were ultimately enrolled, including 204 with RMPP and 323 with 132 
NRMPP. The cohort was randomly split into a training cohort and an internal test cohort at 133 
a ratio of approximately 7:3. The data split was performed before feature selection and 134 
model training. The patient enrollment flow is shown in Fig. 1. No formal sample size 135 
calculation was performed; all eligible consecutive children were enrolled. The final sample 136 
of 527 children (204 RMPP events) met conventional event-per-variable requirements for 137 
the clinical model, and the event-to-parameter ratio in the training cohort is discussed in 138 
the Limitations. 139 



 140 

Fig. 1 Flowchart of patient enrollment. 141 

Clinical and conventional imaging data collection 142 

The following data were extracted from the electronic medical record system: age, sex, 143 
fever duration, peak body temperature, white blood cell (WBC) count, neutrophil 144 
percentage, lymphocyte percentage, C-reactive protein (CRP), procalcitonin (PCT), lactate 145 
dehydrogenase (LDH), alanine aminotransferase (ALT), aspartate aminotransferase (AST) 146 
and D-dimer. 147 

Conventional imaging signs on the index CT were also recorded, including pulmonary 148 
consolidation or atelectasis, multilobar involvement, pleural effusion, and bronchial 149 
stenosis or obstruction. When a laboratory indicator had multiple measurements, the 150 
result closest to the index CT and obtained within 48 h before or after the CT examination 151 was selected. Fever duration was defined as the time from the first body temperature ≥ 152 



37.5 °C to the index CT; peak body temperature was defined as the highest temperature 153 
recorded from disease onset to the index CT. 154 

Missing values of PCT and D-dimer were handled by multivariate imputation by chained 155 
equations (MICE); the imputation model was fitted in the training cohort, and the same 156 
imputation parameters were applied to the test cohort. 157 

CT image acquisition and preprocessing 158 

All children underwent non-contrast chest CT on an Optima CT660 helical scanner (GE 159 
Healthcare). The scan parameters were as follows: tube voltage 100 kV, adaptive tube 160 
current 20–400 mA, acquisition slice thickness and interval 5 mm, thin-slice lung-window 161 
images reconstructed with the LUNG kernel, and thin-slice reconstruction thickness and 162 
interval 0.625 mm. 163 

Children were scanned in the supine position, head-first, with both arms raised as far as 164 
possible. Those who could cooperate received breathing training before scanning; those 165 
who could not were scanned during natural sleep or under sedation with free breathing. 166 
The scan range extended from approximately 2 cm above the thoracic inlet to 167 
approximately 2 cm below the posterior costophrenic angle. 168 

All images underwent uniform preprocessing, including resampling to isotropic voxels of 1 169 
× 1 × 1 mm³ and gray-level normalization, to reduce the influence of differences in 170 
scanning parameters. 171 

Lesion segmentation and reproducibility assessment 172 

DICOM images were imported into ITK-SNAP software (version 4.2.2). Two radiologists 173 
with 14 and 15 years of experience in pediatric chest imaging, respectively, manually 174 
performed three-dimensional segmentation along the boundaries of pulmonary lesions 175 
slice by slice. For multiple or multilobar lesions, all visible pulmonary parenchymal lesions 176 
were included. 177 

To evaluate segmentation reproducibility, the two radiologists independently segmented a 178 
random sample of 30 children, and the intraclass correlation coefficient (ICC) of the 179 radiomics features was calculated. Features with an ICC ≥ 0.85 were considered stable and 180 
were retained for subsequent analysis. 181 

Radiomics feature extraction and selection 182 

Radiomics features were extracted using the PyRadiomics software package (version 183 
3.0.1), including shape features, first-order gray-level features and texture features. 184 
Texture features comprised gray-level co-occurrence matrix (GLCM), gray-level run-length 185 
matrix (GLRLM), gray-level size zone matrix (GLSZM), gray-level dependence matrix 186 
(GLDM) and neighboring gray-tone difference matrix (NGTDM) features. In addition, 187 
features were extracted from the original images and from exponential, logarithm, 188 
Laplacian of Gaussian, square, square root and wavelet transformed images. 189 



All feature selection was performed exclusively in the training cohort. First, stable features 190 with an ICC ≥ 0.85 were retained and radiomics features were Z-score standardized; the 191 
test cohort was transformed using the mean and standard deviation of the training cohort. 192 
Features were then screened by the Mann–Whitney U test, retaining features with P < 0.05. 193 
For any pair of features with an absolute Spearman correlation coefficient > 0.90, a greedy 194 
recursive strategy was used to remove the more redundant feature. Finally, the least 195 
absolute shrinkage and selection operator (LASSO) logistic regression was used for 196 
dimensionality reduction (implemented using scikit-learn), and the optimal regularization 197 parameter λ was determined by 10-fold cross-validation using the minimum-error 198 
criterion. The features with non-zero coefficients were linearly weighted by their 199 
regression coefficients to calculate the radiomics score (Rad-score). 200 

Model construction 201 

Clinical model. Candidate clinical variables were first analyzed by univariate logistic 202 
regression in the training cohort; variables with P < 0.10 were entered into a multivariate 203 
logistic regression model to evaluate the independent associations of each candidate 204 
variable (Table 2). Backward stepwise selection was then applied to build the clinical 205 
model (clinical signature), which finally included LDH, peak body temperature and ALT. 206 
Although age reached statistical significance in the full multivariate model (P = 0.031), its 207 
aOR was close to 1 (1.095 per year) with limited marginal contribution, and it was not 208 
retained in the interest of model parsimony and clinical practicality; PCT (P = 0.077) was 209 
also not retained. 210 

Radiomics model. The selected radiomics features were separately input into seven 211 
classifiers: logistic regression (LR), support vector machine (SVM), k-nearest neighbors 212 
(KNN), random forest (RF), extremely randomized trees (ExtraTrees), XGBoost and 213 
LightGBM (LR, SVM, KNN, RF and ExtraTrees were implemented using scikit-learn; 214 
XGBoost using the xgboost library; and LightGBM using the lightgbm library). 215 
Hyperparameters were determined by 10-fold stratified cross-validation within the 216 
training cohort. The final classifier was selected based on cross-validation performance and 217 
model stability, and was evaluated once on the internal test cohort. 218 

Combined model and nomogram. The clinical model prediction and the Rad-score were 219 
integrated using logistic regression to establish the combined model, which was visualized 220 
as a nomogram. Model discrimination was evaluated by the ROC curve and AUC, calibration 221 
by the calibration curve and the Hosmer–Lemeshow test, and clinical utility by decision 222 
curve analysis (DCA). The workflow of model construction and evaluation is shown in Fig. 223 
2. 224 



 225 

Fig. 2 Workflow of model construction and evaluation. 226 

Statistical analysis 227 

All statistical analyses and plotting were performed using Python 3.13, with the following 228 
key libraries: statsmodels (logistic regression and MICE multiple imputation), SciPy (t test, 229 
Mann–Whitney U test, chi-square test and Fisher’s exact test), pandas (data management) 230 
and matplotlib (plotting). Continuous variables with a normal distribution were expressed 231 
as mean ± standard deviation and compared using the independent-samples t test 232 
(scipy.stats.ttest_ind); non-normally distributed variables were expressed as median 233 
(interquartile range) and compared using the Mann–Whitney U test 234 
(scipy.stats.mannwhitneyu); categorical variables were expressed as counts and 235 
percentages and compared using the chi-square test or Fisher’s exact test. Univariate and 236 
multivariate logistic regression and the combined model were fitted using statsmodels, 237 
with results expressed as odds ratios (ORs), adjusted odds ratios (aORs) and 95% 238 
confidence intervals (CIs); missing values of PCT and D-dimer were imputed using the 239 
MICE algorithm implemented in statsmodels. The DeLong test was used to compare the 240 
AUCs of the ROC curves, implemented following the method of DeLong et al. ROC curves, 241 
calibration curves and decision curve analysis plots were generated using matplotlib. 242 
Accuracy, sensitivity, specificity, positive predictive value, negative predictive value and F1 243 
score were reported. All tests were two-sided, and P < 0.05 was considered statistically 244 
significant. This study is reported in accordance with the TRIPOD+AI statement, and the 245 
completed 27-item checklist is provided as Additional file 1. 246 

Results 247 

Patient characteristics 248 

During the study period, 691 children with MPP were screened, of whom 164 were 249 
excluded for not meeting the inclusion criteria or meeting the exclusion criteria, leaving 250 
527 children for analysis. There were 204 (38.7%) children with RMPP and 323 (61.3%) 251 
with NRMPP. According to the actual model output, the training cohort comprised 368 252 
children (129 RMPP, 35.1%; 239 NRMPP) and the test cohort comprised 159 children (75 253 
RMPP, 47.2%; 84 NRMPP). Baseline characteristics were broadly comparable between the 254 



training and test cohorts; the proportion of RMPP was higher in the test cohort than in the 255 
training cohort (47.2% vs. 35.1%). 256 

In the full cohort, compared with the NRMPP group, the RMPP group was older (P = 0.045) 257 
and had a longer fever duration, higher peak body temperature, and higher CRP, neutrophil 258 
percentage, PCT, LDH, ALT, AST and D-dimer levels, and a lower lymphocyte percentage 259 
(all P < 0.05). Sex, WBC count, pleural effusion, bronchial stenosis or obstruction, 260 
multilobar distribution and consolidation/atelectasis did not differ significantly between 261 
the two groups (Table 1). 262 

Table 1 Baseline clinical characteristics of the full cohort 263 

Variable Type 
NRMPP 
group 

RMPP 
group Test 

P 
value 

Age (years) Continuous 5.00 [3.00, 
7.00] 

5.00 [3.00, 
8.00] 

Mann-
Whitney 
U 

0.045 

Fever duration (days) Continuous 5.00 [2.00, 
6.00] 

5.00 [4.00, 
7.00] 

Mann-
Whitney 
U 

0.001 

Peak body temperature (°C) Continuous 39.00 
[38.50, 
39.50] 

39.50 
[39.00, 
40.00] 

Mann-
Whitney 
U 

<0.001 

C-reactive protein (CRP, 
mg/L) 

Continuous 11.78 
[5.39, 
24.46] 

16.29 
[6.48, 
28.45] 

Mann-
Whitney 
U 

0.009 

White blood cell count (WBC, ×10⁹/L) 
Continuous 9.07 [7.30, 

11.40] 
8.60 [6.78, 
11.12] 

Mann-
Whitney 
U 

0.202 

Neutrophil percentage (%) Continuous 62.60 
[53.60, 
71.00] 

64.85 
[56.25, 
73.12] 

Mann-
Whitney 
U 

0.013 

Lymphocyte percentage (%) Continuous 27.65 
[19.55, 
35.77] 

25.20 
[18.05, 
32.35] 

Mann-
Whitney 
U 

0.009 

Procalcitonin (PCT, ng/mL) Continuous 0.28 [0.18, 
0.45] 

0.39 [0.24, 
0.69] 

Mann-
Whitney 
U 

<0.001 

Lactate dehydrogenase 
(LDH, U/L) 

Continuous 295.00 
[257.50, 
347.00] 

375.00 
[295.00, 
487.50] 

Mann-
Whitney 
U 

<0.001 

Alanine aminotransferase 
(ALT, U/L) 

Continuous 19.00 
[13.00, 
25.00] 

21.00 
[15.00, 
31.00] 

Mann-
Whitney 
U 

<0.001 



Variable Type 
NRMPP 
group 

RMPP 
group Test 

P 
value 

Aspartate aminotransferase 
(AST, U/L) 

Continuous 37.00 
[30.00, 
45.00] 

40.00 
[32.00, 
51.00] 

Mann-
Whitney 
U 

<0.001 

D-dimer (mg/L) Continuous 0.46 [0.32, 
0.65] 

0.70 [0.43, 
1.42] 

Mann-
Whitney 
U 

<0.001 

Sex (male = 1) Binary 184/323 
(57.0%) 

102/204 
(50.0%) 

Chi-
square 

0.141 

Pleural effusion (imaging) Binary 64/323 
(19.8%) 

41/204 
(20.1%) 

Chi-
square 

1.000 

Bronchial 
stenosis/obstruction 
(imaging) 

Binary 179/323 
(55.4%) 

123/204 
(60.3%) 

Chi-
square 

0.312 

Multilobar distribution 
(imaging) 

Binary 289/323 
(89.5%) 

181/204 
(88.7%) 

Chi-
square 

0.900 

Consolidation/atelectasis 
(imaging) 

Binary 300/323 
(92.9%) 

195/204 
(95.6%) 

Chi-
square 

0.280 

Continuous variables are presented as median [interquartile range] (Mann–Whitney U 264 
test); categorical variables as n (%) (chi-square or Fisher’s exact test). 265 

Clinical factors associated with RMPP 266 

Univariate logistic regression showed that LDH, peak body temperature, AST, ALT, D-267 
dimer, fever duration, neutrophil percentage, lymphocyte percentage, CRP, PCT and age 268 
were associated with the RMPP outcome (all P < 0.1). 269 

In the multivariate analysis, LDH (aOR = 1.005, 95% CI: 1.003–1.007, P < 0.001), peak body 270 
temperature (aOR = 1.727, 95% CI: 1.318–2.263, P < 0.001), ALT (aOR = 1.015, 95% CI: 271 
1.001–1.029, P = 0.035) and age (aOR = 1.095, 95% CI: 1.008–1.190, P = 0.031) were 272 
independently associated with a higher risk of RMPP; PCT showed borderline significance 273 
(aOR = 1.240, 95% CI: 0.977–1.573, P = 0.077). D-dimer, fever duration, neutrophil 274 
percentage and CRP were not statistically significant in the multivariate model (Table 2). 275 
On this basis, after backward stepwise selection, the final clinical model included LDH, peak 276 
body temperature and ALT; age (aOR close to 1) and PCT (borderline significance) were 277 
not retained. 278 

Table 2 Univariate and multivariate logistic regression analysis 279 

Variable 
Univariabl
e B (SE) 

Univariabl
e OR (95% 
CI) P 

Multivariabl
e B (SE) 

aOR 
(95% 
CI) P 

Lactate dehydrogenase 0.0055 1.005 <0.00 0.0050 1.005 <0.00



Variable 
Univariabl
e B (SE) 

Univariabl
e OR (95% 
CI) P 

Multivariabl
e B (SE) 

aOR 
(95% 
CI) P 

(LDH) (0.0008) (1.004–
1.007) 

1 (0.0009) (1.003–
1.007) 

1 

Peak body temperature 0.7630 
(0.1193) 

2.145 
(1.697–
2.710) 

<0.00
1 

0.5462 
(0.1379) 

1.727 
(1.318–
2.263) 

<0.00
1 

Aspartate 
aminotransferase 
(AST) 

0.0245 
(0.0063) 

1.025 
(1.012–
1.037) 

<0.00
1 

— — — 

Alanine 
aminotransferase 
(ALT) 

0.0235 
(0.0068) 

1.024 
(1.010–
1.037) 

<0.00
1 

0.0151 
(0.0071) 

1.015 
(1.001–
1.029) 

0.035 

D-dimer 0.3230 
(0.0970) 

1.381 
(1.142–
1.670) 

<0.00
1 

0.0869 
(0.0820) 

1.091 
(0.929–
1.281) 

0.29 

Fever duration 0.1057 
(0.0327) 

1.111 
(1.042–
1.185) 

0.001 −0.0129 
(0.0444) 

0.987 
(0.905–
1.077) 

0.772 

Neutrophil percentage 0.0190 
(0.0070) 

1.019 
(1.005–
1.033) 

0.006 0.0086 
(0.0088) 

1.009 
(0.991–
1.026) 

0.33 

Lymphocyte 
percentage 

−0.0217 
(0.0079) 

0.979 
(0.963–
0.994) 

0.006 — — — 

C-reactive protein 
(CRP) 

0.0086 
(0.0032) 

1.009 
(1.002–
1.015) 

0.008 −0.0038 
(0.0041) 

0.996 
(0.988–
1.004) 

0.36 

Procalcitonin (PCT) 0.2519 
(0.0985) 

1.287 
(1.061–
1.560) 

0.011 0.2149 
(0.1216) 

1.240 
(0.977–
1.573) 

0.077 

Age 0.0605 
(0.0331) 

1.062 
(0.996–
1.134) 

0.067 0.0910 
(0.0422) 

1.095 
(1.008– 0.031 



Variable 
Univariabl
e B (SE) 

Univariabl
e OR (95% 
CI) P 

Multivariabl
e B (SE) 

aOR 
(95% 
CI) P 

1.190) 

Sex (male = 1) −0.2805 
(0.1795) 

0.755 
(0.531–
1.074) 

0.118 — — — 

Consolidation/atelectas
is (imaging) 

0.5075 
(0.4038) 

1.661 
(0.753–
3.665) 

0.209 — — — 

Bronchial 
stenosis/obstruction 
(imaging) 

0.2002 
(0.1817) 

1.222 
(0.856–
1.744) 

0.271 — — — 

White blood cell count 
(WBC) 

−0.0121 
(0.0198) 

0.988 
(0.950–
1.027) 

0.541 — — — 

Multilobar distribution 
(imaging, validated) 

−0.0771 
(0.2861) 

0.926 
(0.528–
1.622) 

0.788 — — — 

Pleural effusion 
(imaging) 

0.0178 
(0.2236) 

1.018 
(0.657–
1.578) 

0.937 — — — 

The multivariate analysis included variables with P < 0.1 on univariate analysis; collinear 280 
variables (AST and lymphocyte percentage) were excluded. PCT and D-dimer had 198 and 281 
88 missing values, respectively, which were imputed using MICE multiple imputation. * P < 282 0.05, † P < 0.1. 283 

Radiomics feature selection and model comparison 284 

A total of 1834 radiomics features were extracted from the original and transformed CT 285 
images; Fig. 3 shows all features and their corresponding P values. For features with high 286 
reproducibility, Spearman rank correlation coefficients were calculated, and when the 287 
correlation coefficient between any two features exceeded 0.9, one of the two was retained. 288 
To preserve the descriptive capability of the features as much as possible, a greedy 289 
recursive deletion strategy was adopted, in which the most redundant feature in the 290 
current set was removed at each step. Non-zero coefficients were selected to build the Rad-291 
score based on the LASSO logistic regression model. The coefficients and mean squared 292 
error (MSE) of the 10-fold cross-validation are shown in Figs. 4 and 5. Ultimately, 25 293 
radiomics features with the greatest discriminative value were selected from the high-294 
dimensional features to construct the prediction model (Fig. 6). 295 



 296 

Fig. 3 Univariate analysis results of radiomics features and distribution of feature classes. 297 



 298 

Fig. 4 LASSO logistic regression coefficient path plot. 299 



 300 

Fig. 5 Cross-validation error curve of the LASSO logistic regression. 301 

 302 

Fig. 6 Radiomics features included in the final radiomics model and their corresponding 303 
regression coefficients. 304 



Based on the 10-fold cross-validated performance and model stability in the training 305 
cohort (i.e., the smallest gap between training and test performance and the lowest 306 
overfitting risk), LR was selected as the final radiomics model. In the internal test cohort, 307 
LR achieved the highest AUC of 0.851 (95% CI: 0.793–0.909) among the seven classifiers 308 
(SVM 0.827 [95% CI: 0.763–0.891], KNN 0.786 [95% CI: 0.717–0.855], RF 0.794 [95% CI: 309 
0.725–0.864], ExtraTrees 0.806 [95% CI: 0.740–0.871], XGBoost 0.814 [95% CI: 0.748–310 
0.881] and LightGBM 0.786 [95% CI: 0.715–0.856]), corroborating the robustness of the 311 
model selection. The detailed model performance is shown in Fig. 7 and Table 3. 312 

 313 

Fig. 7 ROC curves of the different radiomics models in the training (left) and internal test 314 
(right) cohorts. 315 

Table 3 Predictive performance of the radiomics models 316 
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Performance of the clinical, radiomics and combined models 317 

The clinical model achieved AUCs of 0.704 (95% CI: 0.645–0.762) and 0.638 (95% CI: 318 
0.552–0.725) in the training and test cohorts, respectively. The corresponding AUCs of the 319 
radiomics model were 0.849 (95% CI: 0.809–0.890) and 0.851 (95% CI: 0.793–0.909). 320 

The combined model performed best, with a training-cohort AUC of 0.876 (95% CI: 0.839–321 
0.913) and accuracy, sensitivity and specificity of 0.818, 0.767 and 0.845, respectively; in 322 
the test cohort, the AUC was 0.869 (95% CI: 0.815–0.923) with an accuracy, sensitivity and 323 
specificity of 0.774, 0.773 and 0.774, respectively. Details are shown in Fig. 8 and Table 4. 324 

 325 

Fig. 8 ROC curves of the clinical, radiomics and combined models in the training (left) and 326 
internal test (right) cohorts. 327 

Table 4 Evaluation metrics of the clinical, radiomics and combined models 328 
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The DeLong test showed that the AUC of the combined model was significantly higher than 329 that of the clinical model in both the training and test cohorts (P = 1.42 × 10⁻⁸ and P = 1.59 330 × 10⁻⁶, respectively). The AUC of the combined model was also higher than that of the 331 
radiomics model in the training cohort (P = 0.002), but the difference did not reach 332 
statistical significance in the test cohort (P = 0.060). Details are shown in Table 5. 333 

Table 5 DeLong test results 334 

Cohort Nomogram vs. clinical model Nomogram vs. radiomics model 

Training 1.42E-08 0.002 

Test 1.59E-06 0.06 

The calibration curves are shown in Fig. 9. The Hosmer–Lemeshow test results are shown 335 
in Table 6. In the training cohort, the P values of the clinical, radiomics and combined 336 
models were 0.215, 0.998 and 0.249, respectively. In the test cohort, the corresponding P 337 
values were 0.003, 0.148 and 0.032. Thus, the radiomics model did not show significant 338 
miscalibration in the test cohort, whereas the clinical and combined models showed a 339 
certain degree of miscalibration, suggesting that the probability predictions of these 340 
models may be biased in independent samples; recalibration and external validation are 341 
required before clinical deployment of the combined model (see Discussion). 342 



 343 

Fig. 9 Calibration curves of the clinical, radiomics and combined models in the training 344 
(left) and internal test (right) cohorts. 345 

Table 6 Hosmer–Lemeshow goodness-of-fit test results 346 

Cohort Clinical model Radiomics model Nomogram 

Training 0.215 0.998 0.249 

Test 0.003 0.148 0.032 

DCA is shown in Fig. 10. Within a certain range of threshold probabilities, the combined 347 model provided a higher net benefit than the “treat-all”, “treat-none” strategies and the 348 
clinical model; its incremental clinical benefit over the radiomics model alone should be 349 
interpreted cautiously in relation to the specific threshold range. 350 

 351 

Fig. 10 Decision curve analysis of the clinical, radiomics and combined models in the 352 
training (left) and internal test (right) cohorts. 353 

On the basis of the clinical model and the radiomics model, the clinical model prediction 354 
(clinical signature) and the Rad-score were integrated using logistic regression to construct 355 



the combined clinical–radiomics prediction model, which was visualized as a nomogram 356 
(Fig. 11). 357 

 358 

Fig. 11 Nomogram of the combined model based on the clinical model prediction (clinical 359 
signature) and the radiomics score (Rad-score). 360 

Discussion 361 

In this study, we developed and internally validated a combined machine-learning model 362 
integrating CT radiomics features and clinical indicators in a cohort of 527 children with 363 
MPP. The combined model achieved an AUC of 0.869 (95% CI: 0.815–0.923) in the internal 364 
test cohort, significantly outperforming the clinical model alone (AUC 0.638, P = 1.59 × 365 10⁻⁶), and provided a higher net benefit than the “treat-all”, “treat-none” strategies and the 366 
clinical model in decision curve analysis. RMPP is a severe form of pediatric MPP; according 367 
to the Evidence-Based Guideline for the Diagnosis and Treatment of Mycoplasma 368 
pneumoniae Pneumonia in Children (2023), RMPP is diagnosed when persistent fever and 369 
progressive clinical or radiological findings persist for at least 7 days despite standardized 370 
macrolide therapy [1]. The disease burden of RMPP has been increasing: a meta-analysis of 371 
53 studies including 35,275 children reported an overall prevalence of pediatric RMPP of 372 
37.8%, rising to 86.5% after the COVID-19 pandemic [6]. The proportion of RMPP in our 373 
cohort (38.7%) was highly consistent with these epidemiological data. Because the 374 
diagnosis of RMPP is often delayed beyond 7 days of illness, by which time pulmonary 375 
injury may have already progressed, risk stratification using information available early 376 
after admission is of considerable clinical importance [7]. 377 

Multiple clinical and laboratory risk factors for RMPP have been established. Meta-analyses 378 
have shown that fever lasting more than 10 days (OR 3.965), pleural effusion (OR 6.922), 379 extrapulmonary complications (OR 17.762), pulmonary consolidation ≥ 2/3 of a lobe (OR 380 
8.245) and CRP > 40 mg/L (OR 4.975) are significantly associated with RMPP [8]; another 381 
meta-analysis of 28 studies including 6374 Chinese children further confirmed that 382 
elevated CRP, LDH, neutrophil percentage, IL-6, ESR, WBC, ALT and AST are risk factors for 383 
RMPP [9]. On the basis of these indicators, various clinical prediction tools have been 384 
developed, including a nomogram incorporating age, fever duration, lymphocyte count, D-385 
dimer and pulmonary imaging score (development-cohort AUC 0.907) [12], a simple 386 
nomogram based on LDH, albumin, neutrophil ratio and high fever (AUC 0.884) [13], a 387 
prospectively validated early predictive scale (sensitivity 78.3%, specificity 86.2%) [14], 388 
and combined D-dimer/CRP/LDH models (AUC 0.841–0.893) [15–16]. However, such 389 



models rely largely on threshold-based laboratory parameters and show variable 390 
performance across populations. The clinical model in our study achieved a test-cohort 391 
AUC of only 0.638, lower than previous reports, suggesting that clinical and laboratory 392 
indicators alone have limited capacity for early discrimination of RMPP. Notably, 393 
conventional CT signs (consolidation/atelectasis, pleural effusion, bronchial stenosis or 394 
obstruction, and multilobar distribution) did not differ significantly between the RMPP and 395 
NRMPP groups in our study, which is not entirely consistent with previous findings that 396 
pleural effusion and consolidation are risk factors [8]; this may be related to the high 397 
proportion of severe cases in our cohort and to the binary qualitative nature of 398 
conventional signs, which cannot reflect subtle intralesional heterogeneity. This 399 
observation provided a direct rationale for introducing quantitative radiomics. 400 

Radiomics allows high-throughput extraction of gray-level, texture and shape features that 401 
are imperceptible to the human eye and has demonstrated unique value in disease 402 
prediction. In this study, 1834 radiomics features were extracted from CT images; after 403 stability screening (ICC ≥ 0.85), correlation-based redundancy removal and LASSO 404 
dimensionality reduction, 25 features were retained to construct the Rad-score, which 405 
achieved a test-cohort AUC of 0.851, markedly better than the clinical model. Recent CT-406 
based radiomics and deep-learning approaches have also been applied to early RMPP 407 
prediction: a multicenter study constructed a clinical–imaging–radiomics integrated model 408 
with an AUC of 0.811 [17]; a transformer-based deep-learning framework achieved 409 
automated risk stratification (external test AUC 0.89) [18]; an AI-driven CT lesion 410 
quantification model reached an AUC of 0.897 [19]; and a model based on pulmonary 411 
vascular quantification parameters (BV5%, BV10%) achieved an AUC of 0.91 [20]. In 412 
addition, a lung ultrasound nomogram (AUC 0.955) [21] and bronchoscopy combined with 413 
CT scoring (AUC 0.82) [22] have been reported for RMPP prediction. Compared with end-414 
to-end deep learning, the “manual segmentation + interpretable features + multi-classifier 415 comparison” workflow used in our study is easier to reproduce and interpret in routine 416 
clinical settings. We selected LR from seven machine-learning classifiers (LR, SVM, KNN, 417 
RF, ExtraTrees, XGBoost and LightGBM) on the basis of cross-validated performance and 418 
model stability; it achieved a test-cohort AUC of 0.851, comparable to that of more complex 419 
models such as XGBoost reported previously [23], suggesting that after sufficient 420 
dimensionality reduction of radiomics features, a linear model can achieve robust 421 
performance while effectively avoiding the overfitting risk of complex models in small 422 
samples. 423 

The combined model significantly outperformed the radiomics model alone in the training 424 
cohort (AUC 0.876 vs. 0.849, P = 0.002), but the difference was not statistically significant 425 
in the test cohort (0.869 vs. 0.851, P = 0.060), suggesting that the Rad-score already carries 426 
most of the predictive information and that the incremental contribution of clinical 427 
indicators was mainly observed in the training cohort, warranting confirmation in larger 428 
samples. After backward stepwise selection, the final clinical model included LDH, peak 429 
body temperature and ALT. Although age was statistically significant in the full 430 
multivariate model (P = 0.031), its aOR was close to 1 (1.095 per year) with limited 431 
incremental contribution, and it was not retained to preserve clinical practicality and 432 
model parsimony; although previous nomogram [12] and meta-analytic [6, 9] studies have 433 



suggested older age as a risk factor for RMPP, its incremental predictive value has been 434 
inconsistent across populations, and its effect may be partly captured by severity indicators 435 
such as LDH. PCT showed borderline significance (P = 0.077) and was also not retained. 436 
The retained predictors are consistent with previous studies: LDH is the most widely 437 
recognized predictive biomarker of RMPP, and its diagnostic value has been supported by a 438 
systematic review (pooled sensitivity 0.75, specificity 0.73, AUC 0.85) [10] with a non-439 
linear dose–response relationship with RMPP risk [24]; peak body temperature, as a 440 
clinical indicator of systemic inflammatory burden, has been incorporated into several 441 
prediction models [25–26]; and PCT and ALT have been confirmed as independent risk 442 
factors in meta-analyses of Chinese children [9]. D-dimer was significant on univariate 443 
analysis (OR 1.381) but lost statistical significance after multivariable adjustment, possibly 444 
related to collinearity with LDH and PCT and to missing-data handling; previous studies 445 
have confirmed that elevated D-dimer is closely associated with RMPP and its thrombotic 446 
complications [11, 27], and its weight in prediction models warrants further investigation. 447 

From a translational perspective, our model may serve as a risk-stratification tool: early 448 
identification of children at high risk of RMPP after admission (when the index CT and 449 
routine laboratory tests are completed) could facilitate closer clinical monitoring and 450 
timely evaluation for treatment escalation. It should be emphasized, however, that a 451 
prediction model provides risk estimates rather than direct treatment recommendations; 452 
decisions on escalating therapy (e.g., second-line anti-Mycoplasma agents [28], 453 
corticosteroids [29–30], bronchoscopic alveolar lavage [31] or prophylactic 454 
anticoagulation when D-dimer is markedly elevated [1, 11]) should be made by clinicians in 455 
accordance with current guidelines and the individual patient's condition. Whether model-456 
guided risk stratification can ultimately reduce the risk of severe complications such as 457 
plastic bronchitis [2], bronchiolitis obliterans [3], necrotizing pneumonia [4] and 458 
thromboembolism [5] warrants prospective interventional studies. Furthermore, the 459 
macrolide resistance rate of M. pneumoniae in China has remained high (approximately 460 
81% over the past two decades) [1], and resistant strains are closely associated with the 461 
development of RMPP [32–33]; whether radiomics features can indirectly reflect 462 
resistance-related inflammatory–pathological phenotypes is a promising direction for 463 
future investigation. 464 

This study has several limitations. First, the single-center retrospective design, with the 465 
training and test cohorts derived from the same center and the same CT scanner, lacks 466 
external validation, and the generalizability of the model requires confirmation in 467 
multicenter prospective studies. Second, the number of RMPP events in the training cohort 468 
(129) was relatively low relative to model complexity (event-to-parameter ratio 469 
approximately 5:1); although LASSO regularization partially mitigates overfitting, 470 
bootstrap resampling to report optimism-corrected performance is recommended. Third, 471 
the Hosmer–Lemeshow test indicated suboptimal calibration of the combined model in the 472 
test cohort (P = 0.032); recalibration or internal-validation correction is required before 473 
clinical use. Fourth, lesion segmentation is manual, time-consuming and subject to inter-474 
observer variability, limiting large-scale application. Fifth, co-infection status was not 475 
incorporated as a predictive variable in this cohort; previous studies have shown that co-476 
infections such as adenovirus are not uncommon in children with RMPP and are associated 477 



with refractoriness [32], and the impact of co-infection on model performance and clinical 478 
interpretation warrants further evaluation. Sixth, the definition of RMPP varies across 479 
studies and guidelines (e.g., duration of macrolide therapy, fever thresholds), which may 480 
affect outcome ascertainment and cross-study comparisons [6]. Seventh, chest CT involves 481 
ionizing radiation; the indications for CT in children should be strictly controlled, and the 482 
combination of radiation-free ultrasound imaging [21] with radiomics deserves 483 
exploration. Eighth, because the cohort was split randomly rather than stratified by 484 
outcome, the proportion of RMPP differed between the training and test cohorts (35.1% vs. 485 
47.2%); this imbalance may influence the optimal classification threshold and calibration 486 
estimates, and recalibration in the target population is recommended. In addition, model 487 
fairness across sociodemographic subgroups was not evaluated. When implementing the 488 
model, missing or poor-quality input data should be handled following the MICE 489 
framework described in the Methods, and use of the model requires a radiologist for lesion 490 
segmentation and clinicians for data entry. 491 

Future studies should focus on multicenter external validation, deep-learning-based 492 
automated segmentation, integration of resistance genes and etiological information [34–493 
35], and prospective interventional studies to determine whether model-guided stratified 494 
management can truly improve outcomes in children with RMPP. 495 

Conclusions 496 

A combined machine-learning model integrating CT radiomics features and early clinical 497 
indicators, visualized as a nomogram, showed good discrimination for predicting 498 
progression from MPP to RMPP in children (internal test AUC 0.869) and significantly 499 
outperformed the clinical model, providing an interpretable tool for early risk 500 
stratification. However, its calibration was suboptimal in the test cohort (Hosmer–501 
Lemeshow P = 0.032), and external validation and model recalibration are required before 502 
clinical deployment. 503 
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