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Abstract 
Background: At present, nucleic acid testing is the gold standard for diagnosing influenza A, however, this method is expensive, 
time-consuming, and unsuitable for promotion and use in grassroots hospitals. This study aimed to establish a diagnostic model 
that could accurately, quickly, and simply distinguish between influenza A and influenza like diseases.

Methods: Patients with influenza-like symptoms were recruited between December 2019 and August 2023 at the Children’s 
Hospital Affiliated to Shandong University and basic information, nasopharyngeal swab and blood routine test data were included. 
Computer algorithms including random forest, GBDT, XGBoost and logistic regression (LR) were used to create the diagnostic 
model, and their performance was evaluated using the validation data sets.

Results: A total of 4188 children with influenza-like symptoms were enrolled, of which 1992 were nucleic acid test positive 
and 2196 were matched negative. The diagnostic models based on the random forest, GBDT, XGBoost and logistic regression 
algorithms had AUC values of 0.835,0.872,0.867 and 0.784, respectively. The top 5 important features were lymphocyte (LYM) 
count, age, serum amyloid A (SAA), white blood cells (WBC) count and platelet-to-lymphocyte ratio (PLR). GBDT model had the 
best performance, the sensitivity and specificity were 77.23% and 80.29%, respectively.

Conclusions: A computer algorithm diagnosis model of influenza A in children based on blood routine test data was established, 
which could identify children with influenza A more accurately in the early stage, and was easy to popularize.

Abbreviations: AUC = area under the curve, CRP = C-reactive protein, LC = product of lymphocytes and C-reactive protein, 
LCR = lymphocyte-to-C-reactive protein ratio, LMR = lymphocyte-to-monocyte ratio, LR = logistic regression, LYM = lymphocyte, 
MON = Monocyte count, MPV = mean platelet volume, NEU = neutrophil count, NLR = neutrophil-to-lymphocyte ratio, PLR = 
platelet-to-lymphocyte ratio, PLT = platelet, ROC = receiver operator characteristic, RT-PCR = reverse transcriptase-polymerase 
chain reaction, SAA = serum amyloid A, WBC = white blood cells.
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1. Introduction
Influenza is an acute respiratory infectious disease caused by 
influenza viruses belonging to the Orthomyxoviridae family of 
single-stranded RNA viruses. It is the most common cause of 
respiratory infections in children annually with significant dis-
ease burden, high proportion of hospitalization and substantial 
morbidity and mortality worldwide.[1–4] The clinical presen-
tation of influenza in children shares many nonspecific upper 
respiratory features including cough, fever, headache, general 
malaise, and myalgia, making it difficult to distinguish influenza 
from other respiratory viral pathogens.[5–7] Therefore, early diag-
nosis is essential to reduce children suffering, treatment costs 
and the incidence of complications.

Nowadays the most ideal, sensitive and specific diagnostic 
detection method of influenza is reverse transcriptase-polymerase 

chain reaction (RT-PCR) of nasopharyngeal swab specimens in 
tertiary hospital.[8] Although it is fast and sensitive, it is rela-
tively expensive and not suitable for large-scale promotion in 
community hospitals. In summary, we urgently need a com-
mon, cheap, and versatile test indicator to screen for influenza 
viruses.

In the era of big data, medical database and computer algo-
rithm can be applied to influenza epidemic trend prediction, 
disease outcome, prognosis judgment and other aspects. In the 
field of assisted diagnosis of diseases, the algorithm can com-
plete complex analysis tasks in a very short time after learn-
ing electronic medical records and other relevant information, 
and feedback the best classification pattern results according 
to the input information, helping physicians to improve the 
accuracy and efficiency of patient diagnosis. This method has 
been widely used in medical research of various diseases.[9,10] 
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However, computer algorithm technology is rarely used in the 
research of auxiliary diagnosis of influenza in children at pres-
ent. In this paper, appropriate clinical information and labora-
tory indicators will be selected in combination with computer 
algorithm to establish a diagnostic model for influenza A in 
children.

Complete blood count is the first choice in children with influ-
enza symptoms, which can be carried out in hospitals of differ-
ent grade and easy to perform. Moreover, recent studies have 
also shown that hematological indexes based on the analysis of 
blood routine and classification are of great clinical significance 
as screening markers for the diagnosis of influenza, such as neu-
trophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio 
(PLR), lymphocyte-to-monocyte ratio (LMR) and mean plate-
let volume-to-platelet ratio (MPV/PLT).[11–14] In addition, many 
studies have confirmed that C-reactive protein (CRP) and Serum 
amyloid A (SAA) changes when influenza invades the human 
body, especially in severely ill patients.[15–17] They are acute-
phase proteins downstream of the pro-inflammatory cytokines 
released during infection progress, which play an intermediate 
role in the relationship between serum cytokine oversynthesis 
and influenza.[18,19]

Therefore, this study introduced machine algorithm for the 
first time, applied common clinical influenza screening indi-
cators to establish a comprehensive, accurate and rapid child-
hood influenza A diagnosis model, and verified its diagnostic 
efficiency.

2. Materials and Methods

2.1. Study population

This retrospective study was conducted in clinical labora-
tory department of Children Hospital Affiliated to Shandong 
University from December 2019 to August 2023.The study 
was approved by the Ethical Board of Children’s Hospital 
Affiliated to Shandong University. Children with influen-
za-like symptoms who underwent routine blood tests and the 
RT-PCR for influenza virus at the first visit were enrolled in 
this study. Influenza-like symptoms were defined according to 
the National Health Commission “Influenza Diagnosis and 
Treatment Plan (2020 Edition)” guidelines as follows: fever, 
headache, myalgia, chills, cough, respiratory tractinfection, 
sore throat and other systemic symptoms. Exclusion criteria 
were: 1, history of systemic chronic diseases, autoimmune dis-
ease, malignancy; 2, concurrent bacterial illness (bacteremia, 
bacterial pneumonia) or other viral infections; 3, long-term use 
of immunosuppressive medications. Finally, a total of 4188 eli-
gible children were enrolled, of which 1992 were positive for 
influenza A. To match the positive group, 2196 negative chil-
dren were randomly enrolled, and their basic information was 
shown in Table 1.

2.2. Research feature selection

According to clinical experience and hospital database data 
records, this study recruited a total of 16 features in 3 cate-
gories: General data indicators: gender and age. Blood cell test 
results: white blood cell count (WBC), platelet count (PLT), 
neutrophil count (NEU), lymphocyte count (LYM), Monocyte 
count (MON), Mean Platelet Volume (MPV), CRP, SAA. 
Calculation results: NEU/LYM, PLT/LYM, LYM/MON, LYM/
CRP, LYM*CRP, CRP/SAA.

2.3. Data preprocessing

The collection and processing of the results was carried out 
by different people, and the grouped information was blind to 
them. Data processing involved 3 steps: Fill in missing value, 

process data beyond the linear range and numeralize categorical 
variables. Missing values. The missing values were confirmed by 
medical experts and supplemented by the average value. Data 
outside the linear range. All data outside the linear range was 
represented as the lowest or highest measured value, which was 
only seen in CRP and SAA. Categorical variables. Categorical 
variables such as gender, negative or positive are converted to 
numbers 1 or 0; The age of the children was converted into 
numbers in months.

2.4. Model construction

The data set was randomly divided into training data set 
and validation data set according to the ratio of 6:4, and 
10-fold cross-validation was used to test the accuracy of the 
algorithm. In the training data set, random forest, GBDT, 
XGBoost and logistic regression algorithms were used to 
construct children influenza A diagnosis models respectively 
using SPSSPRO software. The selection of model parameters 
and hyperparameters (n_estimators, max_depth, max_fea-
tures, min_samples_leaf, min_samples_split, learning_rate, 
loss and so on) was set using SPSSPRO software according to 
the number and type of data.

2.5. Model algorithm

2.5.1. Random Forest.  Random forest is a classifier containing 
many decision trees, which can be used for both classification 
and regression problems and dimension reduction problems. It 
also has good tolerance for outliers and noise, and has better 
prediction and classification performance than decision trees.

2.5.2. GBDT model.  GBDT is one of the best algorithms to 
fit the real distribution in machine learning algorithms. By 
setting a threshold, greater than the threshold is a positive 
example, and vice versa is a negative example. It is suitable for 
classification and regression problems, and can screen features, 
and is one of the most commonly used models in medical 
diagnosis research.

2.5.3. XGBoost model.  XGBoost is a scalable tree boosting 
algorithm that is widely used in data science. XGBoost can 
be said to be an improved version of GBDT, which can train 
models faster and more efficiently.

Table 1

Statistical results of measurement data of 2 groups. (Median 
(interquartile range)).

 FluA positive (1992) FluA negative (2196) P value 

Gender 1152/840 (Boys/Girls) 1270/926 (Boys/Girls) .999
Age 60 (42–79) 38 (16–61) <.000
WBC 6.15 (4.67–8.08) 7.75 (5.51–10.72) <.000
LYM 1.42 (0.92–2.23) 2.51 (1.69–3.65) <.000
NEU 3.86 (2.56–5.48) 3.92 (2.32–6.51) .082
MON 0.54 (0.39–0.72) 0.61 (0.42–0.88) <.000
MPV 8.9 (8.4–9.5) 8.9 (8.3–9.5) <.000
PLT 229 (192–270) 263 (211–325) <.000
SAA 26.98 (10.61–56.89) 21.93 (6.11–65.78) .001#
CRP 3.56 (0.87–8.36) 3.86 (0.50–11.07) .055
NLR 2.73 (1.42–4.93) 1.53 (0.83–2.96) <.000
PLR 158.69 (103.90–250.00) 101.42 (73.61–148.68) <.000
LMR 2.59 (1.74–4.17) 4.06 (2.57–6.46) <.000
LCR 0.41 (0.16–1.48) 0.64 (0.20–3.60) <.000
LC 4.37 (1.39–12.51) 8.1 (2.01–27.23) <.000
CRP/SAA 0.13 (0.07–0.23) 0.12 (0.07–0.28) .067#

LC = LYM*CRP, LCR = LYM/CRP, LMR = LYM/MON, NLR = NEU/LYM, PLR = PLT/LYM.
# Comparison results before missing values are filled.
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2.5.4. LR model.  LR is a generalized linear regression 
classification model commonly used in disease prediction 
research. By inputting the characteristic properties of unknown 
samples, the probability that the samples belong to a certain 
class can be calculated.

2.6. Model evaluation

The validation data set was used for the validation and evalua-
tion of the model. Receiver operator characteristic curve (ROC 
curves), area under the curve (AUC), sensitivity, specificity, neg-
ative predictive value and positive predictive value were used 
to evaluate the diagnostic efficacy of each model. The specific 
research flow diagram was shown in Figure 1.

2.7. Statistical analysis

All statistical analyses were evaluated by using SPSS 17.0 soft-
ware. Quantitative data consistent with normal distribution 
were expressed as mean ± standard, and inter-group compar-
ison was performed by Student t test. Quantitative data that 
did not conform to the normal distribution were expressed as 
the median (interquartile range) and compared between groups 
using the Wilcoxon rank sum test. Qualitative data were pre-
sented in example (n/n), and Chi-square test was used for inter-
group comparison. Significant differences were accepted at 
P < .05.

3. Results

3.1. Patient characteristics and hematological parameters 
in 2 groups

This study recruited 4188 influenza-like children eventually 
and divided them into Flu A + group and Flu- group based 
on the results of RT-PCR. There was no significant difference 
in gender composition between the 2 groups. However, there 
were significant differences in age distribution, as shown in 
Table  1. The results of complete blood count and related 
hematological parameters in Flu A + and Flu- groups were 
presented in Table  1. There were significantly different in 
all other indicators between the 2 groups, except for NEU 
count, CRP and CRP/SAA. Compared with the Flu- group, the 
A + group had lower WBC count, LYM count, MON count, 
PLT count, LMR, LCR and LC values, and higher SAA, NLR, 
and PLR values.

3.2. Diagnostic performance of the model

In this study, evaluation indexes such as AUC, sensitivity, spec-
ificity, negative predictive value and positive predictive value 
were selected to evaluate the results of the validation data set 
of 4 machine learning modeling algorithms. Specific experimen-
tal results were shown in Table 2, heatmap and ROC curves of 
each algorithm were shown in Figures 2 and 3. As can be seen 
from the results in Table 2, for the experimental data set of this 
study, the GBDT algorithm had the best prediction results, with 
an AUC value of 0.872, sensitivity and specificity of 77.23%, 
80.29%, respectively. The AUC values of random forest, 
XGBoost and logistic regression algorithms were 0.835, 0.867 
and 0.784, respectively. The specificity was 75.13%, 79.66% 
and 74.53%, respectively.

3.3. Model feature importance

Random forest, GBDT, XGBoost and logistic regression machine 
learning algorithms were used to model. Figure  4 showed 
the feature variable importance results of various algorithms. 
Combined with the feature importance of the 4 modeling algo-
rithms, it could be concluded that variables such as LYM count, 
age, SAA, WBC and PLR might play an important role in pre-
dicting influenza A.

4. Discussions
The influenza viruses cause epidemics in humans. It is estimated 
that 5% to 10% of adults and 20% to 30% of children are 
infected and causing 3 to 5 million severe cases besides 250,000 
to 500,000 deaths annually.[20,21] In the seasonal influenza epi-
demics children have the highest attack rates and be more 
vulnerable with severe complications.[22,23] In summary, early 
diagnosis and treatment of influenza is the main point to reduc-
ing severe illness and complications.[18]

In the era of big data, machine algorithm model as an analyt-
ical tool, cannot be ignored in the analysis of precise diagnostic 
models for influenza A. This article uses 4 machine algorithms 
models for auxiliary diagnosis of influenza and compares the 
results of them. Among them, the GBDT model has the best per-
formance in distinguishing between influenza A and influenza 
like diseases, with an AUC value of up to 0.872, followed by 
XGBoost and random forest model, and the model has good sen-
sitivity and specificity (sensitivity: 77.23%; specificity: 80.29%). 
In terms of the diagnostic performance of influenza A and influ-
enza like illness, our model is significantly outperformed than 

Figure 1.  Flow diagram.
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others. Zimmerman et al found a sensitivity of 84%, specific-
ity of 49%, and AUROC of 0.69 in their prediction model.[24] 
Anderson et al achieve a sensitivity of 52.1%, specificity of 
82.9%, and AUROC of 0.689.[25] Therefore, our model can 
effectively distinguish between children with influenza A and 

influenza like symptoms, and the diagnostic level is close to a 
clinical physician. LR as a traditional machine learning algo-
rithm, its diagnostic ability is slightly worse than the other 3 
models, AUC is 0.784. From the perspective of diagnostic accu-
racy, building diagnostic models on existing data is feasible and 
has high accuracy and performance.

Combined with the 4 modeling algorithms, it can be con-
cluded that variables such as LYM count, age, SAA, WBC 
count and PLR may play an important role in predicting 
influenza A. They showed significant differences (p<0.001) in 
distinguishing between influenza A and influenza-like illness, 
which was similar to previous studies.[26,27] LYM and WBC 
counts were significantly reduced in children with influenza 
A, while age, SAA, and PLR were significantly increased com-
pared to children with influenza-like diseases. This provides 
a preliminary diagnosis and treatment direction for clinical 
doctors. When influenza virus invades the body lymphocytes 
specifically bind to influenza virus and transfer to inflamma-
tory sites, resulting in apoptosis of peripheral blood lympho-
cytes and a decrease in the total number. Due to the effect of 
influenza virus in human body, lymphocytopenia, as well as 
the complex interaction between platelets and immune cells 
in vivo, their extensive involvement in inflammatory reac-
tions and the adhesion and aggregation of neutrophil and 
pulmonary microvascular endothelial cells lead to the reduc-
tion of WBC count.[28–30]

Table 2

Evaluation indexes of various algorithms.

 AUC (95%CI) Sensitivity (%) Specificity (%) NPV (%) PPV (%) 

Random forest algorithm 0.835 (0.815–0.854) 75.10 75.13 79.12 70.63
GBDT 0.872 (0.856–0.888) 77.23 80.29 80.47 77.03
XGBoost 0.867 (0.850–0.884) 76.28 79.66 78.58 77.44
Logistic regression 0.784 (0.762–0.805) 67.28 74.53 70.59 71.48

AUC = area under the curve, CI = confidence interval, NPV = negative predictive value, PPV = positive predictive value.

Figure 2.  Heatmap of test data.

Figure 3.  ROC curves of algorithm.
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This model only requires basic information of the patient 
and blood routine results, which can be quickly obtained at 
all levels of hospitals. Compared to RT-PCR, it is simpler and 
faster, which is beneficial for all medical institutions to obtain 
accurate influenza A diagnosis information with the simplest 

results, especially suitable for grassroots medical units. The 
effective utilization of the model can help doctors determine 
whether patients should have nasopharyngeal swab test, help to 
carry out pre-diagnosis of infectious diseases, shortens the treat-
ment process, and reduces economic burden. Given the good 

Figure 4.  Feature importance of the algorithm.
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diagnostic ability of the model, we will launch a mini program 
on the hospital system for trial, collect clinical trial results and 
feedback information, and conduct external validation.

However, there are some limitations in our research: There 
are missing values in the case data, although we have supple-
mented the data with an average, it is still possible to lead to 
the result bias. Due to the limited amount of data included, 
more data should be collected to further optimize the diagnostic 
model for influenza A in children.

In conclusion, we relied on computer algorithms to establish 
a model that can quickly, accurately, and economically diagnose 
influenza A in children. This model has good transferability and 
wide applicability, making it very suitable for promotion in 
grassroots hospitals. The successful establishment of the model 
can early diagnose children with influenza, shorten diagnosis 
and treatment time, reduce the incidence of complications and 
severe cases, and reduce the economic burden for billions of 
families.
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