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Highlights

What are the main findings?

• Five variables, including Hgb, PLT, UREA, ALB, and confusion, were identified as
key predictors of mortality in critically ill children with influenza.

• A mortality risk nomogram integrating these five predictors showed good discrimina-
tion and calibration after internal validation.

What are the implications of the main findings?

• The nomogram provides an individualized estimate of mortality risk using readily
available clinical and laboratory variables.

• The model may support early identification of critically ill children at high risk of
death and assist clinical risk stratification and decision-making.

Abstract

Background: Influenza virus commonly infects children. Children with critical infection
may develop influenza-associated encephalopathy or encephalitis, conditions rarely seen
in adults and associated with high mortality. This results in growing healthcare resource
consumption and family burden. Objective: This study aimed to identify the predictors
for death in critically ill children with influenza, so as to facilitate early recognition of
high-risk patients, guide clinical interventions, and reduce mortality. Methods: We retro-
spectively analyzed the clinical data of critically ill children with influenza admitted to
the Children’s Hospital of Soochow University between January 2018 and January 2026.
L1-penalized binomial logistic regression (LASSO) was used for variable selection. Vari-
ables selected by LASSO were entered into a Firth penalized logistic regression model to
identify independent predictors of mortality, based on which a nomogram was constructed
to estimate mortality risk. Model discrimination was assessed using the receiver operating
characteristic (ROC) curve and area under the curve (AUC). Bootstrap resampling was
performed for internal validation and optimism correction. Model calibration was assessed
using calibration curves, and decision curve analysis (DCA) was performed to evaluate the
clinical net benefit of the model. Results: A total of 113 critically ill children with influenza
were included, of whom 34 died, corresponding to a mortality rate of 30.1%. LASSO
regression was used for variable selection, followed by Firth penalized logistic regression
to develop a mortality risk prediction model. The final model included five variables:
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Hgb, PLT, UREA, ALB, and confusion. A mortality risk nomogram was developed based
on these five predictors and internally validated using bootstrap resampling. The ROC
curve showed good discrimination of the nomogram in internal validation. The calibration
curve demonstrated good agreement between the predicted probabilities and observed
outcomes. DCA showed that the nomogram provided a higher net benefit across a certain
range of threshold probabilities, indicating its potential clinical utility. Conclusions: Hgb,
PLT, UREA, ALB, and confusion are important predictors of mortality in critically ill chil-
dren with influenza. The nomogram developed based on these predictors showed good
discrimination and calibration, as well as potential clinical net benefit, and may serve as
an adjunctive tool for early identification of mortality risk and clinical decision-making in
critically ill children with influenza.

Keywords: critically ill children; influenza; mortality; nomogram; predictors

1. Introduction
Influenza virus infection is a leading cause of respiratory disease in children and

imposes a substantial global burden [1]. During seasonal epidemics, approximately 20% to
30% of children are infected each year. Among them, 3 to 5 million develop severe illness,
resulting in 290,000 to 650,000 deaths [2,3]. Although most infections are self-limiting,
some cases may rapidly progress to multiple organ failure and even death. Their poor
prognosis is often closely associated with underlying conditions including asthma, congen-
ital heart disease, and immunodeficiency, as well as various complications [4,5]. Notably,
some children may develop acute necrotizing encephalopathy (ANE), a severe form of
influenza-associated encephalopathy characterized by rapid neurological deterioration and
potentially resulting in permanent neurological sequelae or death [6–8].

Influenza vaccination remains an important public health strategy for preventing
infection, reducing disease severity, and lowering influenza-related mortality [9]. The
World Health Organization (WHO) and current clinical guidelines recommend annual
influenza vaccination for children, particularly those at increased risk of severe disease [10].
However, antigenic variation of influenza viruses, insufficient vaccine coverage, and indi-
vidual differences in immune responses may contribute to severe infection or even death in
some children despite preventive measures [11–13]. Therefore, in addition to strengthening
influenza vaccination strategies, early identification of predictors of mortality in critically
ill children with influenza and timely intervention are essential for improving disease man-
agement and reducing mortality. In this study, we retrospectively investigated predictors
of mortality among critically ill children with influenza and developed a nomogram to
estimate mortality risk, providing a basis for early risk stratification and individualized
intervention in clinical practice.

2. Materials and Methods
2.1. Study Population

Children who were hospitalized in the intensive care unit of the Children’s Hospital
of Soochow University for critical influenza from January 2018 to January 2026 were
enrolled. All included children met the following criteria [14]: (1) Influenza A and/or
B virus infection was confirmed by viral isolation, antigen detection, and/or reverse
transcription polymerase chain reaction using specimens collected from nasopharyngeal
swabs, throat swabs, sputum, pleural effusion, or bronchoalveolar lavage fluid within
7 days before admission to 3 days after admission. (2) Patients had at least one of the
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following conditions: respiratory failure, ANE, shock, multiple organ dysfunction, or
other severe clinical conditions requiring intensive care. (3) Patients were younger than
18 years. (4) Patients with incomplete clinical data or those discharged against medical
advice without a clinical outcome available within 28 days after discharge were excluded.
A small number of laboratory variables were missing in four patients, mainly involving
blood routine indicators, because some of these tests were performed at outpatient clinics
of other hospitals and the corresponding results were unavailable in our medical records.

The primary outcome was death. Patients who died during hospitalization were
classified as having experienced the outcome event. For patients discharged against medical
advice, follow-up was conducted until 28 days after discharge to determine their vital
status. Death occurring within 28 days after discharge was considered an outcome event,
whereas patients who remained alive at the end of the 28-day follow-up were classified as
survivors. Based on clinical outcomes during hospitalization, children were classified into
the survival and death groups (Figure 1).

Figure 1. Flow chart of patient recruitment.

2.2. Data Collection

Clinical information was collected from patient records in the electronic medical
record system, including general characteristics, clinical features, laboratory parameters,
and outcome measures. All laboratory variables used in the analysis were obtained from
the first blood samples collected within 24 h of admission to capture the early clinical
status of critically ill children with influenza. In addition, commonly used hematological
inflammatory markers were calculated from baseline complete blood counts [15]. These
included NLR (neutrophil-to-lymphocyte ratio), MLR (monocyte-to-lymphocyte ratio),
PLR (platelet-to-lymphocyte ratio), SII (systemic immune inflammation index, defined as
platelet count × neutrophil count/lymphocyte count), and SIRI (systemic inflammatory
response index, defined as neutrophil count × monocyte count/lymphocyte count).

2.3. Statistical Analysis

This study used SPSS 27 and R 4.4.1 for data analysis. The included characteristics
comprised both numerical and categorical variables. For data following a normal or ap-
proximately normal distribution, results were expressed as mean ± standard deviation
(x ± s) and compared between groups using the independent samples t test. For continuous
variables with non-normal distributions, data were presented as the median and interquar-
tile range, M (P25, P75), and compared between groups using the Mann–Whitney U test.
Categorical variables were presented as counts and percentages [n (%)] and compared
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using the Pearson chi-square test or Fisher’s exact test when the expected frequencies
were small.

Candidate variables were selected based on clinical relevance and evidence from
previous studies rather than prescreened according to statistical significance in univariable
analyses. L1-penalized LASSO regression was then performed using the glmnet package in
R to select variables, with five-fold cross-validation used to determine the optimal regular-
ization parameter (λ). Before LASSO analysis, the predictors were internally standardized
using the default standardization procedure of glmnet. Variables with non-zero regres-
sion coefficients were retained and subsequently entered into a Firth penalized logistic
regression model to develop the final prediction model, based on which a nomogram
was constructed.

Model discrimination was assessed using the ROC curve and the AUC. Internal
validation was performed using 1000 bootstrap resamples to estimate and correct optimism.
For each bootstrap replicate, a sample of the same size as the original dataset was drawn
with replacement, and the prediction model was refitted using the bootstrap sample. The
fitted model was evaluated on both the bootstrap sample and the original dataset. The
difference between the two AUC estimates was defined as the optimism for that bootstrap
replicate. The mean optimism across all 1000 bootstrap replicates was then subtracted from
the apparent AUC obtained from the original dataset to derive the optimism-corrected AUC.
Model calibration was assessed using calibration curves to compare predicted probabilities
with observed probabilities. DCA was performed to evaluate the clinical net benefit across
a range of threshold probabilities. All statistical results were considered significant at
p < 0.05.

3. Results
3.1. Baseline Characteristics of the Study Children

A total of 113 children with critical influenza were included. The median (interquartile
range) age was 4.63 (2.42, 7.19) years, with 53.1% (60/113) male and 46.9% (53/113) female.
Among them, 79 (69.9%) critically ill patients survived and were assigned to the survival
group, while 34 (30.1%) died and were assigned to the non-survival group. There were no
statistically significant differences in sex or age between the two groups (p > 0.05). Likewise,
no significant differences were observed in underlying diseases or preterm birth rates
(p > 0.05). The results are shown in Table 1.

Table 1. Baseline characteristics between survivors and non-survivors.

Variables Survival Group
(n = 79)

Non-Survival Group
(n = 34) p Value

sex, n (%) 0.697
Male 41 (51.9) 19 (55.9)

Female 38 (48.1) 15 (44.1)
Age, years 5.50 (1.83, 7.25) 3.83 (2.50, 7.50) 0.873

Underlying disease, n (%) 26 (32.9) 10 (29.4) 0.714
Preterm birth, n (%) 6 (7.6) 1 (3.0) 0.347

Note: Values are n (%), median (interquartile range), unless otherwise noted. Statistical significance
was defined as p < 0.05.

3.2. Clinical and Laboratory Characteristics

Significant differences in clinical and laboratory characteristics were observed between
the non-survival and survival groups. Compared with the survival group, the non-survival
group had a higher proportion of patients presenting with confusion upon admission
(p < 0.05). Additionally, the days of fever and length of hospital stay were shorter in the
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non-survival group than in the survival group (p < 0.05), as shown in Table S1. Regarding
laboratory findings, except for white blood cells (WBC), neutrophil (NE), c-reactive protein
(CRP), triglycerides (TG), total cholesterol (TC), and globulin, most laboratory parameters
differed significantly between the two groups (p < 0.05), as presented in Table S2. The
distributions of selected continuous laboratory variables are further shown as histograms
in Figure S1. In terms of complications, the non-survival group showed significantly higher
proportions of influenza-associated encephalopathy or encephalitis, respiratory failure,
sepsis, coagulation dysfunction, heart failure, kidney injury or renal insufficiency, shock,
multiple organ failure, and gastrointestinal bleeding compared with the survival group
(p < 0.001), as detailed in Table S3.

3.3. Feature Selection

To identify potential predictors of mortality in critically ill children with influenza,
candidate variables were selected based on clinical relevance and evidence from previous
studies rather than prescreened according to statistical significance in univariable analyses.
A total of 38 candidate variables were included in the LASSO regression analysis. LASSO
logistic regression with an L1 penalty was performed for variable selection, with five-
fold cross-validation used to determine the optimal regularization parameter. The cross-
validation results showed that the minimum binomial deviance was achieved at an optimal
λ of 0.042945 (Figure 2a,b). At this λ value, five variables, namely Hgb, PLT, UREA,
ALB, and confusion, had non-zero regression coefficients and were therefore retained for
subsequent Firth penalized logistic regression analysis.

Figure 2. LASSO Logistic regression for variable selection. (a). LASSO coefficient path plot;
(b). five-fold cross-validation for determining the optimal regularization parameter λ. The red
dashed line indicates the optimal λ (λ = 0.042945).

3.4. Nomogram Construction and Bootstrap Internal Validation

The five candidate predictors selected by LASSO regression were entered into a Firth
penalized logistic regression model (Table 2). The final model included Hgb, PLT, UREA,
albumin, and confusion. The logit equation was as follows: Logit(P) = −1.994227 + 0.045652
× Hgb − 0.007668 × PLT + 0.344343 × UREA − 0.142271 × albumin + 0.986438 × confusion.
A nomogram integrating these five predictors was constructed based on the Firth penalized
logistic regression model to provide an intuitive estimate of mortality risk in critically ill
children with influenza (Figure 3). For example, a critically ill child with influenza had
no confusion at admission, a PLT count of 80 × 109/L, a UREA level of 4.5 mmol/L, an
Hgb level of 139 g/L, and an ALB level of 40.2 g/L. The corresponding total score was
214 points, yielding an estimated mortality risk of 0.393.
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Table 2. Variable analysis using Firth penalized logistic regression.

Variables β OR 95% CI p Value

PLT, 109/L −0.007668 0.992 0.984–1.000 0.0557
UREA, mmol/L 0.344343 1.411 1.131–1.872 0.0018

ALB, g/L −0.142271 0.867 0.785–0.938 0.0004
Hgb, g/L 0.045652 1.047 1.010–1.093 0.0119
confusion 0.986438 2.682 0.746–9.787 0.1292

Note: Statistical significance was defined as p < 0.05. Abbreviations: PLT, platelets; ALB, albumin;
Hgb, hemoglobin.

Figure 3. Nomogram for Predicting Mortality Risk in Critically Ill Children with Influenza. Note:
* p < 0.05, ** p < 0.01, and *** p < 0.001. Abbreviations: ALB, albumin; PIL, platelet count; Hgb,
hemoglobin.

ROC curve analysis showed that the model achieved an AUC of 0.9356 (95% CI:
0.8941–0.9771). The optimal cutoff value was 0.2184, with a Youden index of 0.7219. At this
cutoff, the model achieved a sensitivity of 91.18% (95% CI: 76.32–98.14%) and a specificity
of 81.01% (95% CI: 70.62–88.97%) (Figure 4). Internal validation was performed using
1000 bootstrap resamples, all of which yielded valid model estimates. The mean bootstrap
optimism was 0.0225 (standard deviation, 0.0244), resulting in an optimism-corrected AUC
of 0.9131. The calibration curve remained generally close to the ideal calibration line, with a
mean absolute error of 0.058 and a mean squared error of 0.00585. The calibration intercept
was 0.003 (95% CI: −0.877–0.858), and the calibration slope was 0.776 (95% CI: 0.408–1.088),
indicating good model calibration (Figure 5).

Furthermore, we performed DCA on the nomogram model to compare the net benefit
of different clinical decision-making approaches. Figure 6 shows the net benefit across
different threshold probabilities. The nomogram showed a positive net benefit across a
range of threshold probabilities, suggesting potential clinical utility.
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Figure 4. ROC Curve and Bootstrap Internal Validation of the Nomogram Model. Abbreviations:
ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval.

Figure 5. Calibration Curve of the Nomogram Model. Note: The calibration curve evaluates the
agreement between the predicted and observed probabilities of mortality. The x-axis represents the
predicted probability, and the y-axis represents the observed probability. The dashed line represents
the ideal calibration line, the dotted line represents the apparent calibration curve, the solid line
represents the bootstrap-corrected calibration curve, and the light gray curves represent the confidence
limits of the calibration curve. The bootstrap-corrected calibration curve remained generally close to
the ideal calibration line, indicating good calibration of the model.
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Figure 6. Decision Curve Analysis of the Nomogram Model. Note: Decision curve analysis was
performed to evaluate the clinical net benefit of the nomogram model across different high-risk
threshold probabilities. The x-axis represents the high-risk threshold probability, and the y-axis
represents the net benefit. The red curve represents the nomogram model, the black solid line labeled
“All” represents the strategy of intervening in all patients, and the black horizontal line labeled
“None” represents the strategy of intervening in no patients. The model curve remained above the
“All” and “None” strategies across a broad range of threshold probabilities, suggesting a potential
clinical net benefit of the nomogram model. Abbreviation: DCA, decision curve analysis.

4. Discussion
Highly contagious, influenza virus commonly infects children and causes high mortal-

ity due to their immature immune systems [16]. Previous studies have linked age under five
years and underlying diseases to severe illness or death in children with influenza [17,18].
This study, however, did not identify age or underlying diseases as independent predic-
tors for mortality among critically ill children with influenza. Receiving more attention
from parents and clinicians, young children and those with underlying diseases tend to
obtain earlier and more aggressive medical interventions, potentially altering the natural
disease course and lowering mortality risk. Moreover, studies have revealed an increasing
age trend among children developing severe illness from influenza virus infection in the
post-pandemic era [19,20]. Clinicians should recognize this potential epidemiological shift,
maintaining high vigilance when assessing school-age children.

Confusion showed the most significant difference between the two groups among
clinical manifestations (55.9% vs. 10.1%, p < 0.001). Altered consciousness status, a core
indicator of critical illness, may result either from direct pathogen invasion of the cen-
tral nervous system or from cerebral perfusion disorders secondary to severe infection or
shock [21]. Consistent with previous findings on severe influenza, this observation further
confirms the clinical importance of consciousness assessment [22]. Previous studies have
reported bacterial pneumonia in over 20% of influenza patients [23,24], with those having
bacterial co-infection facing higher risks of severe illness and death [25]. In this study,
the non-survivor group showed higher complication rates across neurological, circulatory,
respiratory, urinary, and digestive systems than the survivor group, suggesting a higher
mortality risk for critically ill children with influenza complicated by multisystem dam-
age [26]. Influenza-associated encephalopathy or encephalitis is a serious complication that
may occur in children with influenza infection and may be associated with adverse clinical
outcomes. The development and progression of severe influenza may involve multiple
pathological processes, including excessive systemic inflammation, immune dysregulation,
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organ dysfunction, and neurological injury [6]. The findings of this study cannot be used to
determine the risk of developing influenza-associated encephalopathy or encephalitis or to
establish its specific prognostic value. Further studies are needed to clarify the relationship
between influenza-associated neurological complications and mortality risk.

High serum urea, low albumin, and low platelet levels correlated significantly with
mortality risk in critically ill children with influenza. UREA is a nitrogen-containing
waste product of protein metabolism, primarily generated from ammonia through the
hepatic urea cycle and subsequently excreted by the kidneys. Elevated serum UREA levels
may indicate impaired renal excretion and can also be influenced by fluid status, protein
catabolism, and disease severity. Therefore, UREA may reflect not only renal dysfunction
but also the overall severity of illness in critically ill children [27]. Previous studies have
shown that elevated UREA levels are associated with systemic inflammation and disease
severity and may independently predict adverse clinical outcomes in patients with various
infectious diseases, including infective endocarditis, Escherichia coli infection, and neonatal
sepsis [28–30]. Serving as an important nutritional status marker, albumin also closely
correlates with inflammatory response intensity. Lazar M et al. reported low albumin as
an early prognostic factor for severe SARS-CoV-2 pneumonia outcomes, with mortality
doubling for each 1.06 g/L decrease in serum albumin [31].

PLT, serving as a core mediator of hemostasis and thrombosis, also plays an important
regulatory role in inflammation [32]. This study found that the platelet counts in children
with influenza in the mortality group were significantly lower than those in the survival
group; this may reflect severe pathological processes such as bone marrow suppression,
immune exhaustion, or disseminated intravascular coagulation, consistent with previous
studies [3,33]. In addition, some coagulation-related variables had a relatively high pro-
portion of missing data in this study, with missing rates exceeding 10% for some variables.
This was mainly because some coagulation tests were performed outside the hospital, and
the original results could not be completely retrieved from the electronic medical records.
Therefore, to reduce the potential impact of missing data on the stability of the analysis,
coagulation-related variables were not included in the prediction model. This may limit
the model’s ability to assess the risk of mortality associated with coagulation abnormalities.
Future prospective multicenter studies should systematically collect coagulation-related
variables and further evaluate their incremental predictive value.

This study has several limitations. First, based on a single center retrospective design
with a relatively small sample size, the data may be subject to selection bias. Second,
although internal validation used the Bootstrap method, it relied on the same dataset and
could not fully avoid the risk of overfitting. In addition, as the model has only undergone
development and internal validation, its stability and generalizability remain untested in
prospective or external independent cohorts. Future multicenter prospective studies are
needed to confirm whether the model can accurately predict mortality risk in children with
severe influenza and to allow calibration or updating based on validation results.

In addition, the DCA results only reflect the potential net benefit of the model across
different risk thresholds and should therefore be considered exploratory evidence. The
nomogram may assist PICU clinicians with early mortality risk stratification after admission.
All children in this study received antiviral treatment, which was generally initiated within
3 days of disease onset. However, this study did not systematically collect information on
PICU severity scores, clinician risk assessment, or specific treatment decisions, precluding
further evaluation of the incremental predictive value of the model compared with existing
scoring systems, models based on baseline clinical variables, or clinical judgment. Prospec-
tive studies are needed to further validate its clinical utility. Finally, some treatment- and
disease management-related information was incompletely collected, including influenza
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virus type, influenza vaccination history, bacterial coinfection, mechanical ventilation,
and specific treatment measures. Changes in treatment strategies during the COVID-19
pandemic were also not systematically recorded. These factors may have affected the
study findings to some extent, and future studies should incorporate relevant clinical and
treatment information for further validation.

5. Conclusions
This study developed a nomogram model based on PLT, UREA, ALB, Hgb, and

confusion to predict mortality risk in critically ill children with influenza. The model
showed good discrimination and calibration in internal validation and demonstrated
potential clinical net benefit. However, as this was a single-center retrospective study
with internal validation only, the model should currently be considered an exploratory
prediction tool. Its clinical utility and generalizability require further confirmation through
large-scale multicenter studies and independent external validation.
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C-index Concordance index
DCA Decision curve analysis
PLT Platelet
SIRI Systemic inflammatory response index
ANE Acute necrotizing encephalopathy
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NLR Neutrophil-to-lymphocyte ratio
PLR Platelet-to-lymphocyte ratio
MLR Monocyte-to-lymphocyte ratio
SII Systemic immune inflammation index
WBC White blood cells
NE Neutrophil
CRP C-reactive protein
TG Triglycerides
TC Total cholesterol
AKI Acute kidney injury
CKD Chronic kidney disease
Hgb Hemoglobin
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