
Heliyon 10 (2024) e35571

Available online 31 July 2024
2405-8440/© 2024 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Research article 

Development and validation of a nomogram for predicting 
occurrence of severe case in children hospitalized with influenza A 
(H1N1) infection during the post-COVID-19 era 

Hai-Feng Liu a, Xiao-Zhong Hu b, Cong-Yun Liu c, Zheng-Hong Guo d, Rui Lu e, 
Mei Xiang f, Ya-Yu Wang g, Zhao-Qing Yin h, Min Wang i, Ming-Ze Sui a, 
Jia-Wu Yang a, Hong-Min Fu a,* 

a Department of Pulmonary and Critical Care Medicine, Yunnan Key Laboratory of Children’s Major Disease Research, Yunnan Medical Center for 
Pediatric Diseases, Kunming Children’s Hospital, Kunming Medical University, Kunming, 650034, China 
b Department of Pediatrics, The People’s Hospital of Lincang, Lincang, 677000, China 
c Department of Pediatrics, The People’s Hospital of Baoshan, Baoshan, 678000, China 
d Department of Pediatrics, Zhaotong Hospital Affiliated to Kunming Medical University, Zhaotong, 657000, China 
e Department of Pediatrics, The People’s Hospital of Wenshan, Wenshan, 663000, China 
f Department of Pediatrics, The People’s Hospital of Honghe, Honghe, 651400, China 
g Department of Pediatrics, The Third Affiliated Hospital of Dali University, Dali, 671000, China 
h Department of Pediatrics, Dehong Hospital Affiliated to Kunming Medical University, Dehong, 678400, China 
i Department of Pediatrics, Yunnan Provincial Maternal and Child Health Hospital, Kunming, 650021, China   

A R T I C L E  I N F O   

Keywords: 
Influenza A (H1N1) virus 
Children 
Nomogram 
Post-COVID-19 era 
Machine learning 

A B S T R A C T   

Background: The significant rebound of influenza A (H1N1) virus activity, particularly among 
children, with rapidly growing number of hospitalized cases is of major concern in the post- 
COVID-19 era. The present study was performed to establish a prediction model of severe case 
in pediatric patients hospitalized with H1N1 infection during the post-COVID-19 era. 
Methods: This is a multicenter retrospective study across nine public tertiary hospitals in Yunnan, 
China, recruiting pediatric H1N1 inpatients hospitalized at five of these centers between February 
1 and July 1, 2023, into the development dataset. Screening of 40 variables including de
mographic information, clinical features, and laboratory parameters were performed utilizing 
Least Absolute Shrinkage and Selection Operator (LASSO) regression and logistic regression to 
determine independent risk factors of severe H1N1 infection, thus constructing a prediction 
nomogram. Receiver operating characteristic (ROC) curve, calibration curve, as well as decision 
curve analysis (DCA) were employed to evaluate the model’s performance. Data from four in
dependent cohorts comprised of pediatric H1N1 inpatients from another four hospitals between 
July 25 and October 31, 2023, were utilized to externally validate this nomogram. 
Results: The development dataset included 527 subjects, 122 (23.1 %) of whom developed severe 
H1N1 infection. The external validation dataset included 352 subjects, 72 (20.5 %) of whom were 
eventually confirmed as severe H1N1 infection. The LASSO regression identified 19 candidate 
predictors, with logistic regression further narrowing down to 11 independent risk factors, 
including underlying conditions, prematurity, fever duration, wheezing, poor appetite, leukocyte 
count, neutrophil-lymphocyte ratio (NLR), erythrocyte sedimentation rate (ESR), lactate 
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dehydrogenase (LDH), interleukin-10 (IL-10), and tumor necrosis factor-α (TNF-α). By integrating 
these 11 factors, a predictive nomogram was established. In terms of prediction of severe H1N1 
infection, excellent discriminative capacity, favorable accuracy, and satisfactory clinical useful
ness of this model were internally and externally validated via ROC curve, calibration curve, and 
DCA, respectively. 
Conclusion: Our study successfully established and validated a novel nomogram model integrating 
underlying conditions, prematurity, fever duration, wheezing, poor appetite, leukocyte count, 
NLR, ESR, LDH, IL-10, and TNF-α. This nomogram can effectively predict the occurrence of 
serious case in pediatric H1N1 inpatients during the post-COVID-19 era, facilitating the early 
recognition and more efficient clinical management of such patients.   

1. Introduction 

Influenza is a highly infectious virus that was responsible for 3 to 5 million cases of severe illness and 290,000–650,000 respiratory 
deaths globally every year [1]. Despite the population-wide susceptibility to the virus, children suffer from a disproportionate burden 
of influenza infection, which is well known to be a common cause of acute lower respiratory infection (ALRI) during childhood [2]. It 
was estimated that 109.5 million influenza virus episodes occurred among children under 5 years in 2018 resulting in 34,800 
influenza-associated ALRI deaths, accounting for 4 % of ALRI-associated deaths among this age group [3]. Since early 2020, incidence 
of influenza infection has been significantly low globally and this reduction has been attributed mainly to the strict 
non-pharmaceutical interventions (NPIs) against the spread of SARS-CoV-2. However, concerns are increasing regarding the potential 
for more serious influenza epidemics during the post-COVID-19 era because of the so-called immune debt, a term proposed to char
acterize the decrease of protective immunity caused by prolonged low exposure to a given pathogen, generating a larger proportion of 
susceptible population and posing great hidden dangers to the whole population [4]. In fact, a recent study documented a more 
dramatic influenza pandemic with an elevated number of severe influenza infections and influenza-related hospitalizations among 
children in the post-COVID-19 era compared to the influenza seasons before and during the COVID-19 pandemic in Nicaragua [5]. 
More worryingly, as one of the countries experiencing the longest duration of COVID-19-associated restrictions, China may suffer from 
a stronger impact of immunity debt. 

In addition, prior infection of SARS-CoV-2 may introduce a negative clinical impact for the severity of influenza infection during the 
post-pandemic period. A previous report indicated that over 82 % of the Chinese populace contracted SARS-CoV-2 in the most recent 
surge of the SARS-CoV-2 Omicron variant in China (December 2022–February 2023) [6]. After recovery from COVID-19, a consid
erable number of individuals have experienced SARS-CoV-2-associated enduring symptoms, which are theorized to stem from the 
presence of residual virus in diverse tissues, dysregulation of immune system, and autoimmune reactions triggered by the 
cross-reactivity of SARS-CoV-2-specific antibodies with the host’s own proteins [7–10]. According to Peluso et al. [11], a reduction in 
frequency of degranulating virus-specific CD8+ T cells was demonstrated in a certain proportion of individuals who had recovered 
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from the acute phase of SARS-CoV-2 infection for over eight months, suggesting either a decline in the functionality of these cells or an 
issue with the immune system’s response to viral infection. Consequently, a history of SARS-CoV-2 infection might be a significant 
consideration that could potentially worsen the clinical outcomes for children afflicted with influenza during the period after the end 
of COVID-19 pandemic. 

Besides, despite the surge of COVID-19 cases at the initial stage after lifting NPIs, COVID-19 pandemic in China tended to stabilize 
and maintained at an extremely low level since the end of January 2023 (https://www.chinacdc.cn/). Subsequently, however, a swift 
resurgence of influenza A (H1N1) activity was noted, with a sharp increase in the hospitalization of children due to H1N1 infection 
from February 2023 onwards. Up to July 2023, daily reports of new infections continue to emerge. 

Considering the soaring hospitalizations of children infected by H1N1 and the increased clinical severity of H1N1 cases, early 
recognition of severe pediatric H1N1 infection in the post-COVID-19 period is essential for clinical management of such patients, 
which may aid in delivering proper medical care and optimizing use of medical resources. Although characteristics of H1N1 infection 
among children during the pre-COVID-19 period were clearly elucidated and analyzed [12–14], whereas those in the post-COVID-19 
era have changed significantly compared to traditional H1N1 infection in the pre-pandemic period [5,15–17]. Limited data are 
available regarding the risk prediction of severe pediatric H1N1 infection in the post-COVID-19 era. Hence, in this study, we aimed to 
develop and validate a fast, simple, accurate, and generalizable nomogram based on pediatric H1N1 inpatients from multiple centers to 
help predict risk of severe H1N1 infection at the time of hospital admission. 

2. Materials and methods 

2.1. Study population 

This was a multicenter retrospective study conducted in Yunnan, China. Medical records from hospitalized cases with laboratory- 
confirmed H1N1 infection in five public tertiary hospitals in Yunnan between February 1, 2023, and July 1, 2023, were retrospectively 
collected as development dataset in this study. The inclusion criteria were clearly defined as follows: 1) children who fulfilled the 
diagnostic standards of influenza A (H1N1) infection [18,19]; 2) patients who were ≤14 years old at the time of their initial diagnosis 
(almost all children’s hospitals or pediatric departments in general hospitals in China receive patients aged ≤14 years, while all age 
groups among these children are susceptible to influenza infections); and 3) the duration from onset of symptom to hospital admission 
did not exceed 48 h. Patients with incomplete information were excluded. 

Ethical clearance of this study was received from the Ethics Committee of Kunming Children’s Hospital Affiliated to Kunming 
Medical University (approval number: 2023-05-121-K11). This study was performed strictly adhering to the 1964 Declaration of 
Helsinki and local regulations. Given the retrospective design of the present study, the requirement for written informed consent was 
waived. 

2.2. Specimen collection and processing 

Collection of venous blood samples of patients was performed within 24h after admission and these sample were delivered 
immediately to the clinical laboratory department. Etiological examination was performed using the multiple pathogens IgM-capture 
ELISA kit (Antu Biotechnology, Zhengzhou, China; or Zhuochenghuisheng, Beijing, China), which included influenza virus A (H1N1 
and H3N2), influenza virus B, respiratory syncytial virus (RSV), adenovirus (ADV), parainfluenza virus (PIV), Bordetella pertussis (BP), 
Mycoplasma pneumoniae (MP), and Chlamydia pneumoniae (CP). Blood routine examination was performed using the automated he
matology analyzer (Mindray, Shenzhen, China; or Beckman Coulter, Fullerton, USA); lymphocyte subpopulation analysis was con
ducted on automated flow cytometer (Beckman Coulter, Fullerton, USA; or NanoFCM, Xiamen, China); liver and renal function was 
assessed using the automated biochemical analyzer (Mindray, Shenzhen, China; or Roche Cobas, Basel, Switzerland); cytokines, c- 
reactive protein (CRP) and procalcitonin (PCT) were measured using automated chemiluminescence immunoassay analyzer (Antu 
Biotechnology, Zhengzhou, China; or Roche Cobas, Basel, Switzerland); fibrinogen and D-dimer levels were measured using the 
automatic coagulation analyzer (Sysmex Corporation, Kobe, Japan). All equipment and reagents required for the above examinations 
were used in accordance with the manufacturers’ instructions. 

2.3. Potential predictive variables 

Potential predictive variables included the following 40 characteristics at patient admission, including demographic characteris
tics, medical history, clinical symptoms, and laboratory findings. Specifically, demographic variables included age, gender, body mass 
index (BMI), ethnicity, as well as history of parental consanguinity. The vaccination data encompassed records of both H1N1 and 
COVID-19 immunization, where individuals who had received a minimum of one vaccination dose were classified as having been 
vaccinated. Medical history included underlying conditions and prematurity. Clinical symptoms included fever, fever duration, fever 
peak, cough, rhinorrhea, wheezing, sore throat, headache, myalgia, seizure, poor appetite, and abdominal pain. Laboratory findings 
included leukocyte count, neutrophil-lymphocyte ratio (NLR), CD4+/CD8+ T cell ratio, hemoglobin, erythrocyte sedimentation rate 
(ESR), CRP, PCT, alanine transaminase (ALT), aspartate transaminase (AST), lactate dehydrogenase (LDH), creatinine (Cr), high- 
sensitivity troponin T (hs-TnT), D-dimer, interleukin 6 (IL-6), IL-10, tumor necrosis factor-α (TNF-α), interferon-γ (IFN-γ), fibrin
ogen and the presence or absence of co-infection, which was defined as the confirmation of one or more other pathogens concurrently 
with H1N1 infection. All data underwent a thorough review and cross-check conducted by two experienced clinicians (Cong-Yun Liu, 
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Min Wang) and two trained Ph.D. students (Ming-Ze Sui, Jia-Wu Yang). 

2.4. Outcomes 

The severity of H1N1 infection (severe and general) was classified according to the WHO guidelines for influenza A (H1N1) given 
the wide acceptance of this guideline [20], which has already been described in detail and is easily available online at https://www. 
ncbi.nlm.nih.gov/books/NBK138515. Based on this guideline, our subjects were eventually assigned to the severe and general groups, 
respectively. 

2.5. Statistical analysis 

Statistical analyses were conducted using R software version 3.5.1 (R Foundation, Vienna, Austria). Statistical significance was 
inferred from a two-sided P value < 0.05. 

2.5.1. Descriptive statistics of all subjects 
Continuous variables were presented utilizing medians with interquartile range (IQR), while categorical variables were summa

rized using frequencies and percentages. Comparison between severe and general groups was calculated by Pearson’s chi-square or 
Fisher’s exact test for categorical variables, and Mann-Whitney U test for continuous variables due to their skewed distribution which 
had been checked by Shapiro-Wilk test. It should be pointed out that the aim of the above univariate analyses was to show the 
characteristics of patients and their differences between severe and general groups, rather than to screen candidate predictors. 

2.5.2. Selection of candidate predictor variables 
Least Absolute Shrinkage and Selection Operator (LASSO) regression, a machine learning variable selection algorithm, was adopted 

to minimize potential multicollinearity and overfitting as well as capture interaction effects between variables, thus selecting 
candidate predictor variables more effectively. This is a penalized regression model with L1-penalized regression method, which 
controls the model’s complexity by shrinking the value of regression coefficients based on the value of lambda. Before the LASSO 
regression, the continuous variables were standardized using Z-score by subtracting the mean and dividing by the standard deviation 
of each continuous variable. To avoid omission of potentially vital predictors, all 40 variables were included into the LASSO model. The 
function “cv.glmnet” from the R package “glmnet” was applied to tune lambda by a ten-fold cross-validation, which was utilized to 
reduce the error generated by the randomization of the samples, ensuring the stability of variable selection and the generalization 
ability of the final model. To maintain both precision and parsimoniousness of this model, a lambda within one standard error of the 
minimum criterion (lambda.1se) was selected as the optimal value of lambda for preliminary determining the candidate predictor 
variables. 

2.5.3. Establishment and internal validation of the prediction model 
The covariates acquired from LASSO regression were added into logistic regression, identifying the independent influencing factors 

of severe H1N1 infection as well as obtaining regression coefficients (βi) and intercept. The predicted risk probability was calculated 
according to the logistic regression defined by the following equations: 

probability = exp

(
∑p

i=o
βiXi

)/[

1 + exp

(
∑p

i=o
βiXi

)]

exp

(
∑p

i=o
βiXi

)

= logit(P) = intercept + βiXi 

The R package “rms” was utilized to plot the nomogram based on the results of logistic regression analysis. We randomly split the 
subjects in the development dataset into a training set and an internal validation set with a 7:3 ratio employing the R package “caret”, 
then receiver operating characteristic curve (ROC), calibration curve, and decision curve analysis (DCA) were subsequently performed 
utilizing the R packages “pROC”, “rms”, and “rmda”, respectively, to assess the discriminative capability, accuracy, and clinical benefit 
of the model in both training and internal validation sets. 

2.5.4. External validation 
To validate the generalizability of the prediction model, we retrospectively constructed an external validation dataset, which was 

comprised of pediatric H1N1 inpatients from four other public tertiary hospitals between July 25, 2023, and October 31, 2023, that 
were not included in the development dataset. These four hospitals were located in Wenshan, Baoshan, Lincang, and Dali, respectively, 
with different characteristics of ethnic composition and varied levels of healthcare resources. The data required for risk prediction from 
the validation dataset were still reviewed and cross-checked by the four investigators mentioned earlier. The final external validation 
was performed based on the area under the ROC curve (AUC), calibration curve, and DCA. 
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3. Results 

3.1. Characteristics of subjects in the development dataset 

In the development dataset (Fig. 1 and Table 1), we included 527 pediatric H1N1 inpatients with a median age of 5.2 (3.5–6.4) 
years and a median BMI of 17.3 (16.1–19.2) kg/m2. Of these, 300 (56.9 %) were males and 227 (43.1 %) were females. The majority of 
subjects were Han Chinese (507 [96.2 %]), with a minority belonging to Chinese ethnic minorities (20 [3.8 %]). Out of the total 
subjects, 6 (1.1 %) had parents who were consanguineous, 15 (2.8 %) received the H1N1 vaccine, 499 (94.7 %) received the COVID-19 
vaccine, 29 (5.5 %) had underlying diseases, and 50 (9.5 %) had a history of prematurity. Overall, 122 (23.1 %) patients eventually 
developed severe H1N1 infection (severe group), while the remaining 405 (76.9 %) were considered to be general (general group). 

Comparison between the two groups was performed based on demographic, clinical, and laboratory characteristics. Compared to 
the general group, the severe group had a younger median age (4.2 vs. 5.3 years, P < 0.001), and showed greater proportions of 
underlying conditions (15.6 % vs. 2.5 %, P < 0.001) as well as prematurity history (24.6 % vs. 4.9 %, P < 0.001). In terms of clinical 

Fig. 1. Flow chart of the study design.  
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symptoms, significantly longer fever duration (5.0 vs. 3.0 days, P < 0.001), greater fever peak (39.1 vs. 39.0 ◦C, P = 0.003), and higher 
incidences of wheezing (51.6 % vs 22.7 %, P < 0.001), sore throat (26.2 % vs. 16.5 %, P = 0.016), poor appetite (62.3 % vs. 27.9 %, P <
0.001), abdominal pain (16.4 % vs. 4.9 %, P < 0.001) were observed in the severe group than the general group. Besides, marked 
differences regarding laboratory parameters were also identified among the two groups, including elevated leukocyte count, NLR, ESR, 
CRP, PCT, LDH, hs-TnT, D-dimer, IL-6, IL-10, TNF-α, fibrinogen, and declined CD4+/CD8+ T cell ratio as well as hemoglobin in the 
severe group (all P < 0.05, Table 1). 

3.2. Identification of candidate variables 

Forty variables (Table 1) were entered into the LASSO regression. After LASSO regression based on lambda.1se, 19 variables with 
non-zero coefficients were chosen, including age, BMI, underlying conditions, prematurity, duration of fever, wheezing, poor appetite, 
abdominal pain, leukocyte count, NLR, hemoglobin, ESR, CRP, PCT, AST, LDH, hs-TnT, IL-10, and TNF-α (Fig. 2A and B). 

Table 1 
Characteristics of subjects in the development dataset.  

Characteristics Total (n = 527) Severe cases (n = 122) General cases (n = 405) P value 

Age, y, median (IQR) 5.2 (3.5–6.4) 4.2 (2.4–5.9) 5.3 (4.0–6.6) <0.001 
Gender, n (%)    0.247 

Male 300 (56.9) 75 (61.5) 225 (55.6)  
Female 227 (43.1) 47 (38.5) 180 (44.4)  

BMI, kg/m2, median (IQR) 17.3 (16.1–19.2) 17.5 (16.3–19.5) 17.3 (16.0–19.0) 0.284 
Ethnicity, n (%)    0.841 

Chinese Han 507 (96.2) 117 (95.9) 390 (96.3)  
Chinese ethnic minorities 20 (3.8) 5 (4.1) 15 (3.7)  

Consanguineous family, n (%) 6 (1.1) 2 (1.6) 4 (1.0) 0.626 
Vaccination status, n (%) 
H1N1 vaccination 15 (2.8) 3 (2.5) 12 (3.0) 0.769 
COVID-19 vaccination 499 (94.7) 112 (91.8) 387 (95.6) 0.105 
Underlying disease, n (%) 29 (5.5) 19 (15.6) 10 (2.5) <0.001 
Prematurity, n (%) 50 (9.5) 30 (24.6) 20 (4.9) <0.001 
Symptoms, n (%) 

Fever 516 (97.9) 122 (100.0) 394 (97.3) 0.066 
Duration of fever, d, median (IQR) 3.0 (2.0–5.0) 5.0 (4.0–7.0) 3.0 (2.0–4.0) <0.001 
Fever peak, ◦C, median (IQR) 39.0 (38.7–39.4) 39.1 (38.8–39.5) 39.0 (38.7–39.4) 0.003 

Cough 479 (90.9) 113 (92.6) 366 (90.4) 0.448 
Rhinorrhea 188 (35.7) 43 (35.2) 145 (35.8) 0.910 
Wheezing 155 (29.4) 63 (51.6) 92 (22.7) <0.001 
Sore throat 99 (18.8) 32 (26.2) 67 (16.5) 0.016 
Headache 66 (12.5) 17 (13.9) 49 (12.1) 0.591 
Myalgia 148 (28.1) 32 (26.2) 116 (28.6) 0.603 
Seizure 119 (22.6) 34 (27.9) 85 (21.0) 0.111 
Poor appetite 189 (35.9) 76 (62.3) 113 (27.9) <0.001 
Abdominal pain 40 (7.6) 20 (16.4) 20 (4.9) <0.001 

Laboratory findings, median (IQR) 
Leukocyte count, × 109/L 11.8 (9.8–14.4) 14.8 (11.8–17.9) 11.1 (9.6–12.9) <0.001 
NLR 4.2 (3.6–5.8) 9.1 (5.7–11.0) 3.9 (3.5–4.8) <0.001 
CD4+/CD8+ T cell ratio 1.3 (1.0–1.8) 1.1 (0.8–1.5) 1.4 (1.0–1.9) <0.001 
Hemoglobin, g/L 124.0 (114.0–133.0) 119.0 (109.0–129.0) 125.0 (116.0–134.0) <0.001 
ESR, mm/H 21.0 (17.0–33.0) 38.0 (31.0–49.0) 19.0 (16.0–25.0) <0.001 
CRP, mg/L 9.8 (6.5–17.1) 17.5 (16.9–19.1) 8.7 (4.2–11.3) <0.001 
PCT, ng/mL 0.3 (0.2–0.6) 0.5 (0.3–1.3) 0.3 (0.2–0.5) <0.001 
ALT, U/L 24.0 (20.0–31.0) 23.0 (19.0–32.0) 23.0 (21.0–30.0) 0.146 
AST, U/L 26.0 (19.0–37.0) 27.0 (19.0–37.0) 26.0 (19.0–36.0) 0.406 
LDH, U/L 392.5 (342.7–483.4) 451.8 (385.4–655.1) 381.9 (339.2–451.5) <0.001 
Cr, umol/L 29.5 (23.9–37.6) 30.2 (24.5–37.8) 29.3 (23.8–37.5) 0.213 
hs-TnT, pg/mL 15.6 (13.9–17.8) 18.2 (15.1–24.1) 15.1 (13.5–16.6) <0.001 
D-dimer, ug/mL 0.6 (0.4–0.8) 0.6 (0.4–0.9) 0.5 (0.4–0.8) 0.006 
IL-6, pg/mL 14.2 (9.9–24.1) 20.4 (12.7–42.9) 12.4 (9.4–21.3) <0.001 
IL-10, pg/mL 15.4 (11.6–21.3) 21.6 (15.8–27.1) 13.8 (10.9–18.6) <0.001 
TNF-α, pg/mL 20.1 (15.8–25.0) 24.2 (20.7–29.7) 18.3 (15.3–23.6) <0.001 
IFN-γ, pg/mL 11.1 (9.0–12.5) 11.3 (8.9–12.8) 11.0 (9.1–12.4) 0.617 
Fibrinogen, g/L 6.8 (6.4–7.6) 7.1 (6.7–8.0) 6.8 (6.3–7.5) <0.001 

Co-infection, n (%) 97 (18.4) 25 (20.5) 72 (17.8) 0.498 

ALT, alanine aminotransferase; AST, aspartate aminotransferase; BMI, body mass index; Cr, creatinine; CRP, C-reactive protein; ESR, erythrocyte 
sedimentation rate; hs-TnT, high-sensitivity troponin-T; IFN-γ, interferon-γ; IL-6, interleukin 6; IL-10, interleukin 10; IQR, interquartile ranges; LDH, 
lactate dehydrogenase; NLR, neutrophil-lymphocyte ratio; PCT, procalcitonin; TNF-α, tumor necrosis factor-α. 
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3.3. Development of the prediction nomogram 

The inclusion of these above 19 candidate variables into a logistic regression model outputted 11 variables which were inde
pendently associated with severe H1N1 infection. Specifically, these 11 risk factors were underlying conditions (OR = 5.231, 95%CI: 
1.443–18.965), prematurity (OR = 4.087, 95%CI: 1.199–13.936), fever duration (OR = 1.786, 95%CI: 1.358–2.348), wheezing (OR =
7.157, 95%CI: 2.512–20.393), poor appetite (OR = 14.517, 95%CI: 4.808–43.831), leukocyte count (OR = 1.310, 95%CI: 
1.148–1.496), NLR (OR = 1.588, 95%CI:1.361–1.853), ESR (OR = 1.072, 95%CI: 1.042–1.103), LDH (OR = 1.005, 95%CI: 
1.003–1.006), IL-10 (OR = 1.056, 95%CI: 1.031–1.081), and TNF-α (OR = 1.069, 95%CI: 1.036–1.104), respectively (Fig. 3A). A 
prediction model was established by integrating the above 11 independent predictors and visualized as a nomogram (Fig. 3B). The 
equation of this model was generated as follows: 

Logit (P) = − 15.625 + 1.655 × Underlying conditions (yes) + 1.408 × Prematurity (yes) + 0.58 × Fever duration (d) + 1.968 ×
Wheezing (yes) + 2.675 × Poor appetite (yes) + 0.27 × Leukocyte count ( × 109/L) + 0.463 × NLR + 0.069 × ESR (mm/H) + 0.005 ×
LDH (U/L) + 0.054 × IL-10 (pg/mL) + 0.067 × TNF-α (pg/mL). 

3.4. Evaluation of the nomogram 

The ROC curves demonstrated that this nomogram achieved an AUC of 0.965 (specificity: 93.8 %; sensitivity: 91.4 %) in the 
training set (Fig. 4A) as well as an AUC of 0.981 (specificity: 93.1 %; sensitivity: 96.6 %) in the internal validation set (Fig. 4B), 
indicating an excellent discrimination ability. Meanwhile, in the calibration curves of the nomogram in both training (Fig. 4C) and 
internal validation sets (Fig. 4D), the bias-corrected curves were found to be quite close to the 45◦ diagonal (Hosmer-Lemeshow test P 
= 0.731 for training set and P = 0.545 for validation set), indicating satisfactory consistency between the model-predicted probability 
and observed probability of severe H1N1 infection. Besides, DCA was performed to evaluate the clinical usefulness of this nomogram. 
As shown in the decision curves, threshold probability was denoted by the abscissa, with the net benefit as the ordinate. When the 
threshold probability was above 0.07 in the training set (Fig. 4E) and above 0.03 in the internal validation set (Fig. 4F), the nomogram 
provided a higher net benefit than the “all” and “none” schemes, demonstrating that the nomogram was clinically useful. 

3.5. External validation of the nomogram 

The overall external validation dataset (Table 2), including four subsets (Wenshan, Baoshan, Lincang, Dali), consisted of 352 
patients, 29 (8.2 %) of whom were accompanied by at least one underlying condition, 36 (10.2 %) had history of prematurity, 104 
(29.5 %) had wheezing, and 122 (34.7 %) had poor appetite. The median (IQR) fever duration, leukocyte count, NLR, ESR, LDH, IL-10, 
as well as TNF-α of the external validation dataset were 3.0 (2.0–4.0) days, 11.2 (9.5–14.2) × 109/L, 4.2 (3.0–7.3), 19.0 (15.0–25.8) 
mm/H, 399.4 (363.8–448.8) U/L, 16.4 (11.6–21.7) pg/mL, and 19.5 (15.6–25.2) pg/mL, respectively. Severe H1N1 infection was 
eventually confirmed in 72 (20.5 %) of these patients. The nomogram was assessed externally based on the external validation dataset 
and its subsets. The AUC values of the nomogram were 0.976 in Wenshan subset, 0.870 in Baoshan subset, 0.929 in Lincang subset, 

Fig. 2. Selection of candidate predictors by LASSO regression. (A) LASSO coefficient profiles of these 40 potential predictive variables. (B) Tuning 
parameter (lambda) selection in the LASSO model using ten-fold cross-validation via one standard error of the minimum criteria (lambda.1se). 
Nineteen candidate variables with non-zero coefficients were finally outputted. LASSO, Least Absolute Shrinkage and Selection Operator. 
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Fig. 3. Construction and visualization of prediction model. (A) Eleven independent risk factors for severe H1N1 infection were identified by the 
logistic regression. (B) A prediction model integrating these 11 independent predictors was constructed and visualized as a nomogram. 
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Fig. 4. Performance evaluation of the prediction nomogram. (A) and (B) ROC curves of the nomogram in training set and internal validation set, 
respectively. (C) and (D) Calibration curves of the nomogram in training and internal validation sets, respectively. (E) and (F) DCA of the nomogram 
in training and internal validation sets, respectively. ROC, receiver operating characteristic; DCA, decision curve analysis. 
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0.979 in Dali subset, and 0.936 in the overall validation dataset (Fig. 5A), respectively, revealing excellent discrimination. The 
calibration curves of the nomogram for the overall validation dataset and its four subsets showed favorable consistency between the 
predicted and observed outcomes (all Hosmer-Lemeshow P > 0.05) (Fig. 5B). Furthermore, based on the DCA conducted in the 
validation dataset and its subsets, the net benefits acquired from the use of this model across a broad range of threshold probabilities 
were found to be superior to those derived from “all” and “none” schemes (Fig. 5C), suggesting that the nomogram could offer 
important clinical value in the prediction of severe H1N1 infection. 

Table 2 
Characteristics of subjects in the external validation dataset.  

Characteristics Total (Overall dataset) (n 
= 352) 

Wenshan subset (n =
82) 

Baoshan subset (n =
150) 

Lincang subset (n =
61) 

Dali subset (n =
59) 

Severe case, n (%) 72 (20.5) 21 (25.6) 26 (17.3) 13 (21.3) 12 (20.3) 
Underlying disease, n (%) 29 (8.2) 9 (11.0) 8 (5.3) 5 (8.2) 7 (11.9) 
Prematurity, n (%) 36 (10.2) 9 (11.0) 15 (10.0) 6 (9.8) 6 (10.2) 
Duration of fever, d, median 

(IQR) 
3.0 (2.0–4.0) 3.0 (2.0–5.0) 3.0 (2.0–3.0) 3.0 (2.0–4.0) 2.0 (2.0–4.0) 

Wheezing, n (%) 104 (29.5) 24 (29.3) 52 (34.7) 15 (24.6) 13 (22.0) 
Poor appetite, n (%) 122 (34.7) 21 (25.6) 57 (38.0) 23 (37.7) 21 (35.6) 
Leukocyte count, × 109/L, 

median (IQR) 
11.2 (9.5–14.2) 12.5 (9.8–17.1) 10.9 (8.8–13.3) 11.7 (10.1–14.1) 10.6 (9.5–14.2) 

NLR, median (IQR) 4.2 (3.0–7.3) 4.2 (2.9–7.6) 4.4 (3.3–7.5) 3.8 (2.8–6.2) 4.0 (2.9–7.0) 
ESR, mm/H, median (IQR) 19.0 (15.0–25.8) 21.0 (17.0–29.5) 17.0 (13.0–25.0) 18.0 (16.0–24.0) 19.0 (15.0–27.0) 
LDH, U/L, median (IQR) 399.4 (363.8–448.8) 400.3 (372.0–429.6) 410.8 (366.2–479.2) 395.3 (366.7–414.7) 395.0 

(331.6–419.5) 
IL-10, pg/mL, median (IQR) 16.4 (11.6–21.7) 15.8 (10.3–21.5) 16.9 (10.4–24.3) 14.5 (10.4–17.9) 17.0 (14.1–21.5) 
TNF-α, pg/mL, median (IQR) 19.5 (15.6–25.2) 20.4 (15.0–26.6) 20.1 (16.4–25.4) 16.7 (12.5–20.3) 19.5 (15.6–23.4) 

ESR, erythrocyte sedimentation rate; IL-10, interleukin 10; IQR, interquartile ranges; LDH, lactate dehydrogenase; NLR, neutrophil-lymphocyte ratio; 
TNF-α, tumor necrosis factor-α. 

Fig. 5. External validation of the nomogram. ROC curves (A), calibration curves (B), and DCA (C) of the nomogram in the Wenshan subset, Baoshan 
subset, Lincang subset, Dali subset, as well as the overall external validation dataset, respectively. ROC, receiver operating characteristic; DCA, 
decision curve analysis. 
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4. Discussion 

This research established and validated a straightforward yet potent nomogram (including 11 common variables) for predicting the 
risk of occurrence of severe pediatric H1N1 infection during the post-COVID-19 period. This model showed great potentials for clinical 
application due to its satisfactory performance confirmed by comprehensive assessments. 

As described earlier, underlying conditions, history of prematurity, fever duration, wheezing, poor appetite, leukocyte count, NLR, 
ESR, LDH, IL-10, and TNF-α were integrated into our prediction nomogram. Several of these variables have been previously reported to 
be the risk factors for severe cases linked with classical influenza infection in the past. It is widely acknowledged that children with a 
prior history of preterm birth and/or certain underlying diseases are deemed to be at an increased risk for severe progression of 
influenza infection, irrespective of additional physiological and pathophysiological conditions [14,21–24]. Meanwhile, there is 
already evidence that poor appetite can further aggravate clinical outcomes by weakening the body’s immune system, and persistent 
high fever are closely associated to neurological damage as well as worse outcomes in individuals with severe viral infection [25–27]. 
Raised leukocyte count, LDH, and inflammatory markers (ESR, IL-10, TNF-α, etc.) were also commonly used as the outcome measures 
representing the severity of infectious disorders, including influenza infection [28–30]. 

Noteworthy, differed from other common indicators in some previous prediction models for classical influenza infection in the pre- 
COVID-19 era, wheezing and NLR were identified as valuable predictors and were introduced into our risk model. As we described 
earlier, the latest wave of Omicron variant in China, spanning from December 2022 to February 2023, resulted in a huge proportion of 
the Chinese population (approximately 82 %) having a history of SARS-CoV-2 infection [6]. Substantial evidence has suggested a 
higher risk of long-term abnormalities in the respiratory tract in patients who recovered from acute SARS-CoV-2 infection compared to 
the general population [9,31,32]. The ultra-high rate of prior SARS-CoV-2 infection in the population and its persistent pathophysi
ological impact on the respiratory tract perhaps partially explain why wheezing has become a more prominent clinical feature in the 
progression of H1N1 infection during the post-pandemic era of COVID-19 than the classical seasonal H1N1 infection in the past [33]. 
As for NLR, it is a relatively emerging hematological biomarker of systemic inflammation and stress with a short history of invention. 
Unlike the total white blood cell count or the counts of its various subsets, all of which presented limited specificity and sensitivity in 
assessing inflammation and the severity of disease, NLR is gaining increasing recognition as a simple, potent, and dependable indicator 
of immune-inflammatory response’s intensity [34]. It is progressively being incorporated as a key metric for gauging the severity of 
infections. In the present study, NLR was also identified as one of the most vital components of our nomogram and played an important 
role in predicting serious pediatric H1N1 infection during the post-COVID-19 era. 

Additionally, age had been consistently acknowledged as a pivotal factor influencing the progress of influenza infection. For 
traditional influenza in the pre-COVID-19 period, pediatric cases within the first two years of life are more prone to progress to severe 
illnesses, while the hospitalization rate due to influenza infection for children aged ≥5 years does not exceed 50 per 100,000 and 
gradually decreases with advancing age [35,36]. However, according to our calculation, age did not appear to be an independent risk 
factor for severe H1N1 infection in this study. The median age of severe and general groups as well as the total population in our 
development dataset was 4.2, 5.3, and 5.2 years, respectively, all of which were around 5 years, suggesting a trend of increasing age 
among the pediatric H1N1 patients in the post-COVID-19 era compared to the pre-COVID-19 era [28]. In the post-COVID-19 era, the 
age structure of various respiratory tract infections in children seems to be undergoing changes. For instance, the median age of 
children hospitalized with RSV infection in Western Australia increased from 8.1 months in the pre-COVID-19 era to 16.4 months in the 
post-pandemic period [37]. This phenomenon may be partially attributed to the different extent of impact of immune debt on children 
in different age groups, with older children appearing to be more profoundly affected. For example, a recent study confirmed that 
influenced by immune debt, the levels of RSV antibodies in children in post-COVID-19 period have prominently decreased compared to 
that in pre-pandemic period, especially for older children (>3 years old), where the decline was most significant [38]. A similar 
mechanism may also exist in the pediatric H1N1 infection. This suggests that previous feature of age and its relationship with disease 
severity in children with classical H1N1 infection in the past might be not fully applicable to the pediatric H1N1 cases during the 
post-COVID-19 era. Clinicians should pay heightened attention to this significant change, avoiding missed diagnosis and misdiagnosis. 

In this study, 11 variables, including underlying conditions, prematurity, fever duration, wheezing, poor appetite, leukocyte count, 
NLR, ESR, LDH, IL-10, and TNF-α were identified as the influencing factors independently associated with the occurrence of severe 
H1N1 infection in post-COVID-19 era, and we further integrated these 11 factors into a nomogram, where each independent risk factor 
was transformed into a scoring system, thus providing an intuitive way to interpret our prediction model. An important and attractive 
feature of the nomogram is that this model was composed of highly common clinical and laboratory characteristics, and all 11 var
iables are relatively easy to obtain in many healthcare institutions. Meanwhile, we conducted internal and external validations to 
verify the performance and clinical value of this prediction nomogram. Encouragingly, the eventual results suggested great 
discrimination, accuracy, and clinical usefulness of the model. In the post-COVID-19 era, this innovative predictive model may offer 
substantial benefits for the clinical handling of pediatric patients with H1N1 infection, particularly considering the heightened severity 
and a surge in the incidence of such patients compared to classical influenza infection prior to the COVID-19 pandemic [5]. The threat 
of H1N1 infection to children’s health during the post-COVID-19 period deserves special clinical attention, and the early identification 
and prevention of severe cases are crucial for improving prognosis of such patients. As the first department of Pediatric Pulmonary and 
Critical Care Medicine (PCCM) in China, our team has been committed to combination of pediatric respiratory medicine and critical 
care medicine, both in aspects of clinical management and scientific research, working for the best interests of patients and their 
family. Based on our nomogram, early identification of potential severe cases among children hospitalized for H1N1 infection is 
achievable, aiding clinicians in decision-making. For patients estimated to be at high risk, clinicians may choose aggressive therapy or 
transfer them to intensive care unit (ICU), while others with non-high risk might be administered with conventionally supportive 
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treatment and monitoring. This can facilitate the efficient allocation of medical resources based on local or regional conditions during 
the H1N1 surge, particularly in areas with limited resources and/or a high prevalence of H1N1, where clinicians can allocate limited 
resources to severe patients with more emergent needs, maximizing the availability and value of ICU beds and ventilators. 

Several potential limitations of this study warrant consideration. With the retrospective design of the study, there is likely 
recording, and selection bias associated with data collection. Meanwhile, two of predictors (IL-10 and TNF-α) in our nomogram might 
not be routinely determined in some primary hospitals. Besides, despite the multicenter nature, the sample size was relatively small, 
and subjects were entirely from Yunnan, which might limit the generalizability of the prediction model in other parts of China. Future 
studies with greater closeness to clinical practice in hospitals of all levels should include larger cohorts from areas outside Yunnan 
using a prospective multicenter design. 

5. Conclusions 

A novel nomogram integrating underlying conditions, prematurity, fever duration, wheezing, poor appetite, leukocyte count, NLR, 
ESR, LDH, IL-10, and TNF-α was developed to predict the occurrence of severe case among children hospitalized with H1N1 infection 
in the post-COVID-19 era. The internal and external validations demonstrated the good predictive performance of this nomogram, 
which may have great potential for application in clinical work in the future. 
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