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Background: Early aetiological diagnosis is critical for the management of febrile

children with infectious illness, as it strongly influences the choice of appropriate

medication and can affect a child’s complications and outcome. New diagnostic

strategies based on host genes have recently been developed and have achieved

high accuracy and clinical practicability. In this study, through integrative

bioinformatics analysis, we aimed to construct artificial neural network (ANN,

multilayer perceptron) and random forest (RF) models based on host gene

signatures to diagnose bacterial or viral (B/V) infection in febrile children.

Results: Transcriptome data from the whole blood of children were collected

from a public database. Of these, 384 febrile young children (definite bacterial:

n= 135, definite viral: n= 249) were involved in the construction of the RF

model. For the generalized RF model, 1,042 patients were included with

various aetiological infections, such as Staphylococcus aureus, pathogenic

Escherichia coli, Salmonella, Shigella, adenovirus, HHV6, enterovirus,

rhinovirus, human rotavirus, human norovirus, and influenza A pneumonia.

The overlap of 57 candidate genes between the 117 differentially expressed

genes (DEGs) and the 264 module member genes was identified through

DEGs analysis and weighted gene co-expression network analysis (WGCNA).

Subsequently, L1 regularization algorithms and variable significance analysis

(multilayer perceptron) were used to simplify and rank the predictive features,

and LCN2 (100.0%), IFI27 (84.4%), SLPI (63.2%), IFIT2 (44.6%) and PI3 (44.5%)

were identified as the top predictors. By utilizing the transformed value

RefValue (i) of these five genes, the RF model achieved an AUC of 0.9917 in

training and 0.9517 in testing for diagnosing B/V infection in children. The

ANN model achieved an AUC of 0.9540 in testing. Furthermore, a generalized

RF model involving 1,042 patients was developed to predict different

aetiological types of samples, achieving an AUC of 0.9421 in training and

0.8968 in testing.
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Conclusions: A five-gene host signature (IFIT2, SLPI, IFI27, LCN2, and PI3) was

identified and successfully used to construct an RF model that distinguishes B/V

infection in febrile children, achieving 85.3% accuracy, 95.1% sensitivity, and

80.0% specificity, and to construct an ANN model that achieves 92.4% accuracy,

86.8% sensitivity, and 95% specificity.
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1 Introduction

The severity of febrile illnesses is commonly underestimated

because of their diverse aetiologies, which include infectious

diseases, autoimmune responses, and other causes (1–3).

Annually, millions of people around the world, particularly

children, are affected by infectious diseases, which may result in

permanent disabilities or fatal outcomes (4). Empirical drug

therapy can increase the occurrence of drug resistance and the

risk of adverse side effects (5, 6). Hence, early aetiological

diagnosis for bacterial or viral (B/V) infection is critical for the

management of febrile children with infectious illness, as it

greatly influences the selection of appropriate medication (7).

Intrinsically, infectious disease diagnosis relies on the strategy of

aetiological hypotheses followed by corresponding validation. The

traditional pathogen culture method is time-consuming, has low

sensitivity and requires significant experience in microbiology

(8, 9). On the other hand, nucleic acid and serological testing

require accurate aetiological hypotheses to guide the direction

of testing.

Conventional biomarkers for the initial assessment of bacterial

or viral (B/V) infections include white blood cells (WBCs),

lymphocytes (LYMs), C-reactive protein (CRP) and procalcitonin

(PCT) (10–12). Nevertheless, methods to detect these infection-

related markers face challenges in meeting clinical requirements

because of their limited sensitivity and specificity (13). Recently,

host gene signatures have been developed for rapid B/V

diagnostics by detecting several host genes in whole blood

samples, which may provide initial identification quickly (13–16).

Host gene signatures detection is a novel diagnostic approach

that focuses on changes in the host gene expression profile

and differs from traditional pathogen-based detection methods

(17). Currently, the exploration of host gene signatures for

the diagnostic identification of febrile children with B/V

infections is still in the early and imperfect stages. With

the development of integrated bioinformatics analysis and

machine learning algorithms, there is considerable potential for

improving host gene signatures detection in terms of practicality

and generalizability.

With the ability to manage multiple datasets and analyse

nonlinear relationships among a large number of features

(18, 19), the random forest (RF) model has an advantage in

handling the binary classification challenge of distinguishing

between B/V infections in febrile children. In this study, a

regularization algorithm (LASSO), artificial neural network

(ANN), variable significance analysis (multilayer perceptron,

MLP) and RF construction were integrated to improve the

prediction of B/V infection. Moreover, intersection analysis was

conducted on differentially expressed genes and co-expressed

module genes through differentially expressed genes (DEGs)

analysis and weighted gene co-expression network analysis

(WGCNA) to obtain representative candidate biomarkers. The

aim of our study is to identify host gene signatures and develop

a practical machine learning model for diagnosing B/V infection

in febrile children, which will guide decision-making regarding

antibiotics or antiviral treatments in febrile children with an

unknown infection type.

2 Methods

2.1 Data collection and preprocessing

Expression datasets of whole blood from febrile children with

B/V infection were downloaded from the Gene Expression

Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/gds/?

term=). The database was screened using the following terms:

(“childhood” OR “children”) AND (“bacterial” AND “viral”).

Each dataset underwent individual assessment on the basis of the

following criteria to determine inclusion in our analysis: data

completeness (data completeness and availability), information

concordance and whole-blood samples, etc. In this study,

datasets GSE40396, GSE72809, GSE72810, and GSE73464

(comprising 384 samples) were ultimately selected for

constructing the child RF prediction model. Datasets GSE40396,

GSE72809, GSE72810, GSE73464, GSE40012, GSE69529,

GSE63990, GSE42026, and GSE60244 (comprising 1,042 samples)

Abbreviations

RF, random forest; B/V, bacterial or viral; GEO, gene expression omnibus; EPEC,

enteropathogenic Escherichia coli; EAEC, enteroaggregative Escherichia coli;

DAEC, diffusely adherent Escherichia coli; HHV6, human Herpesvirus 6;

DEGs, differentially expressed genes; WGCNA, weighted gene co-expression

network analysis; ANN, artificial neural network; LASSO, least absolute

shrinkage and selection operator; MLP, multilayer perceptron; STRING,

search tool for the retrieval of interacting genes/proteins; PPI, protein-protein

interaction; SHAP, SHapley additive explanation; SD, standard deviation; CI,

confidence interval; MD, mean difference; NK, natural killer; CD4, cluster of

differentiation 4; ROC, receiver operating characteristic; ROCAUC, receiver

operating characteristic area under the curve; PRAUC, precision-recall area

under the curve; FBC, full blood count; CRP, C-reactive protein; WBC, white

blood cell; LYM, lymphocyte; PCT, procalcitonin; FIND, foundation for

innovative new diagnostics; KEGG, Kyoto encyclopedia of genes and genomes;

GO, gene ontology; NLR, NOD-like receptor signaling pathway; RLR, RIG-I-

like receptor signaling pathway; TLR, toll-like receptor signaling pathway.
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were selected for building the generalized RF model (encompassing

both children and adults). Basic information for the B/V infection

datasets is shown in Table 1; Supplementary File 1.

The diagnostic criteria for the bacterial group and viral

group in the involved datasets were as follows: (1)

GSE72809-GSE72810: Bacterial group: confirmed by positive

bacterial culture from a sterile site (e.g., blood, CSF), regardless

of viral codetection. Viral group: confirmed by positive viral

culture by molecular (PCR) or immunofluorescence testing, with

no clinical/microbiological evidence of bacterial coinfection. (2)

GSE40396: Bacterial Group: patients who had a definite bacterial

infection (bacteremia, urinary tract infection, etc.) on the basis of

positive bacterial culture. Viral Group: patients were considered

positive if the indicated virus was detected in either the blood or

the nasopharyngeal sample via virus-specific PCR. (3) GSE73464:

Bacterial group: Bacterial cultures included blood, CSF, urine,

and tissue. Pneumococcal antigen was tested in blood and urine;

meningococcal and pneumococcal DNA were detected by PCR.

Viral group: viral diagnostics of nasopharyngeal aspirates were

performed by immunofluorescence (RSV, adenovirus,

parainfluenza, influenza A/B) and nested PCR (expanded

respiratory virus panel). Patients were categorized into disease

groups after evaluation by 2 independent clinicians. The

remaining datasets (GSE40012, GSE69529, GSE63990, GSE42026,

and GSE60244) are described in detail in Table 1.

2.2 Intersecting DEGs analysis of multi-
dataset

For analyzing and visualizing the transcriptomic data from

public database, necessary R (version 4.4.1), Bioconductor

packages limma, DESeq2 and ggplot were applied in the

environment. TBtools-II v2.119 software was applied to

generate heatmap. Bioinformatics & Evolutionary Genomics

online software (http://bioinformatics.psb.ugent.be/webtools/

Venn/) was used for Venn diagram analysis. Intersecting

DEGs are those that exhibit statistically significant differences

when identified in more than three microarrays (see

Supplementary Files 2, 3 for details).

2.3 WGCNA analysis

Following by data preparation, sample clustering, soft threshold

selection, co-expression network construction and module

membership analysis, the positively or negatively related modules

and the related genes could be obtained for the subsequent

analysis (see Supplementary File 3 for details).

2.4 Obtaining the candidate genes

Bioinformatics & Evolutionary Genomics was employed to

generate the intersecting genes of DEGs and WGCNA output

results. LASSO was conducted to reduce the variables by

penalizing the regression coefficients with L1 penalty. Kyoto

Encyclopedia of Genes and Genomes (KEGG) and Gene

ontology (GO) were conducted by using R. Protein-protein

interaction (PPI) network was constructed through the

STRING database online tool (see Supplementary File 3

for details).

TABLE 1 Overview of basic information for B/V infection datasets.

Accession

number

Beadchip Hospital Febrile

condition

Sample size Reference

Bacterial

group

Viral

group
GSE72809 Illumina HumanHT-12

V4.0 expression beadchip

UK hospitals; GENDRES network,

Santiago de Compostela); Rady Children’s

Hospital, San Diego

Axillary temperature

≥38°C

n = 52 n = 92 (15)

GSE72810 Illumina HumanHT-12

V3.0 expression beadchip

UK hospitals; GENDRES network,

Santiago de Compostela); Rady Children’s

Hospital, San Diego

Axillary temperature

≥38°C

n = 23 n = 28 (15)

GSE40396 Illumina HumanHT-12

V4.0 expression beadchip

St. Louis Children’s Hospital, USA Temperature of 38°C or

greater

n = 8 n = 35 (20, 21)

GSE73464 Illumina HumanHT-12

V4.0 expression beadchip

No mentioning directly Febrile condition (not

specified)

n = 52 n = 94 (22)

GSE40012 Illumina HumanHT-12

V3.0 expression beadchip

No mentioning directly Temperature > 100.4°F

(38°C)

n = 61 n = 39 (23)

GSE69529 Illumina HiSeq 2500

(Homo sapiens)

Hospital General O’Horan, Mexico No mentioning n = 123 n = 56 (24)

GSE63990 Affymetrix Human

Genome U133A 2.0 Array

Emergency Departments of Duke

University Medical Center, USA

Temperature <36°C or

>38°C

n = 67 n = 41 (25)

GSE42026 Illumina HumanHT-12

V3.0 expression beadchip

Medical Center (DVAMC; Durham, NC),

Henry Ford Hospital, USA

Febrile condition (not

specified)

n = 18 n = 56 (14)

GSE60244 Illumina HumanHT-12

V3.0 expression beadchip

St Mary’s Hospital, UK Axillary temperature

≥38°C

n = 22 n = 71 (26)
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2.5 Immune infiltration analysis

CIBERSORTx provides 22 human immune cell types proportions

through the input of gene expression profiling (https://cibersortx.

stanford.edu/) (27, 28). Analysis Module: Input Cell Fractions,

Signature matrix file: LM22 (22 immune cell type), Disable quantile

normalization, Permutations for significance analysis: 100

permutations (see Supplementary File 3 for details).

2.6 ANN construction

Reference gene selection: Genes geomean of ranking

values were calculated among candidate gene through

RefFinder, which summarized the comprehensive stability of

housekeeping gene among Delta CT, BestKeeper, Normfinder and

Genorm (29). Data preprocessing: To enhance the predictive

model extrapolation capability, mathematical preprocessing

formula was utilized to decreasing data variability from various

matrixes: RefValue(i) ¼ Sigmoid [expr:value (i) =] expr:value

(housekeeping gene). ANN (Multilayer perceptron) was analyzed

and constructed by SPSS Statistics 20.0: diagnosis status (B/V

infections) labels as dependent variable, RefValue (i) labels as

covariate or factor. artificial neural networks (Multilayer perceptron)

were analyzed and constructed by SPSS Statistics 20.0 (Training case/

testing case = 7:3). According to IBM SPSS Statistics Algorithms

Manual, cases are assigned to training or testing sets by generating a

uniform random number for each case, training case/testing

case = 7:3; number of units in hidden layer (2 layers), activation

function in hidden layers: Hyperbolic tangent; Activation function in

output layer: Softmax; Error function in output layer: Cross-entropy.

2.7 RF-based machine learning
classification

Our study employs tidymodels, rmda, fastshap, ggplot2,

ggbeeswarm, and ggExtra packages among others, for random

forest-based machine learning classification. R was used for

splitting the input data (traindata: testdata = 7:3). This step

involves randomly shuffling the data and splitting it into test and

validation sets to ensure there are no overlapping samples

between them. As the sample size increases in RF generalized

model, appropriately raising the proportion of training data can

enhance the model’s predictive performance. Therefore, we

adjusted the input data split ratio to training data: test data = 7.5:

2.5. Data preprocessing, hyperparameter tuning with grid search

or Bayesian optimization, model training, evaluation and SHapley

additive explanation (SHAP) analysis were performed during the

model building process. Number of variables (outcome: 1,

predictor: 5 numeric variables); Parameter setting range: mtry

[range = c (2, 10)], trees [range = c (100, 1,000)], min_n

[range = c (7, 55)]. Prediction probability plot, receiver operating

characteristic (ROC) plot, precision-recall plot, calibration plot,

confusion matrix, Kolmogorov–Smirnov (KS) Plot and among

others were generated by R tools.

2.8 Statistical analysis

Data processing and statistical evaluations were carried out

utilizing R software (version 4.4.1), R studio (version

2024.4.2.764) and IBM SPSS Statistics (version 20.0). Partial

graphs were conducted using GraphPad Prism 9, version

9.5.0 (730). The quantitative data are expressed as

mean ± standard deviation (SD). Two-group significances were

analyzed by unpaired Student’s t test. P < 0.05 was defined as

statistically significant, *p < 0.05, **p < 0.01, ***p < 0.001, ns,

no significant.

3 Results

3.1 Identification of candidate DEGs with
predictive value for B/V infection

As depicted in the flowchart in Figure 1, the transcriptome data

of 384 febrile children (definite bacterial: n = 135, definite viral:

n = 249) were included in the first stage of the analysis. Volcano

plots revealed 127, 202, 185 and 680 DEGs in the GSE72810,

GSE72809, GSE40396 and GSE73464 datasets, respectively

(Supplementary File 4). Heatmaps revealed the top 20 DEGs

between children with B/V infection (Supplementary

Figure File 4). To analyse the intersecting DEGs in the gene

expression profiles between B/V patients, a total of 117 DEGs

were displayed in a Venn diagram, with each gene being

identified in a minimum of three datasets (Figure 2A). These 117

genes serve as potential host genes obtained from the DEGs

analysis for subsequent research.

Subsequently, WGCNA was applied to construct scale-free co-

expression networks for each dataset. The clustered modules across

multiple datasets are displayed in Supplementary File 5. Module

member genes in each dataset were identified via WGCNA. In

total, 264 genes were represented in a Venn diagram, with each

gene identified in at least three datasets (Figure 2B). An overlap

of 57 candidate genes between the 117 DEGs and the 264

module member genes was subsequently identified (Figure 2C).

To reduce overfitting risk in the diagnostic model, LASSO

regression and variable significance analysis (MLP) were used to

screen these 57 candidate genes. Concurrently, a PPI network

was visualized via Cytoscape (Figure 2F). MLP ranked the input

variables by normalized importance: LCN2 (100.0%), IFI27

(84.4%), SLPI (63.2%), IFIT2 (44.6%) and PI3 (44.5%)

(Figures 2G,H). Forest plots for the candidate genes were

constructed via comprehensive meta-analysis, providing an

overview of the confidence intervals for each signature across

multiple datasets (Supplementary File 4).

In addition, KEGG analysis revealed that 57 input genes are

strongly associated with host immune responses to major viral

infections (especially influenza A, COVID-19, and measles) and

innate immunity pathways (NLR, RLR and TLR signalling). The

GO results revealed that the DEGs were enriched in host

responses to viruses, particularly in defence mechanisms, the
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regulation of viral replication and chemokine signalling, etc.

(Figures 2D,E).

3.2 Evaluation of the five-gene host
signature in the diagnosis of febrile children
with B/V infection

A five-gene host signature (IFIT2, SLPI, IFI27, LCN2 and PI3)

was identified through DEGs analysis, WGCNA, LASSO regression

and MLP. Therefore, the combined utility of these genes for

predicting bacterial/viral (B/V) infections requires further evaluation.

The boxplots display the expression levels of the five diagnostic host

genes in defined bacterial and viral infections (Figure 3A). The vast

majority of signatures in the datasets were significantly different

between the two groups (p < 0.05), except for LCN2 and IFIT2 in

GSE40396 (p > 0.05). To determine the diagnostic value of host gene

signatures in distinguishing viral from bacterial infections, ROC

curves for each gene were plotted with R (Figure 3B). These results

consistently indicate that the genes IFIT2, SLPI, IFI27, LCN2, and

PI3 have significant predictive value for differentiating between B/V

infections in febrile children.

FIGURE 1

The systematic methodology of the study.
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FIGURE 2

Identifying the candidate DEGs with B/V infection through DEGs analysis, WGCNA, lasso analysis and MLP. (A) Venn diagram of intersection differential

expression genes between bacterial and viral infections. A checklist of 117 DEGs was presented, with each gene being identified in a minimum of three

datasets. (B) Venn diagram of intersection module member genes across the multi-datasets for bacterial and viral infections, with each gene being

identified in a minimum of three datasets. (C) An overlap of candidate genes between the DEGs and the module member genes. (D–E) KEGG and

GO annotation (biological process, cellular component and molecular function) of 57 overlapped DEGs. (F) PPI network of overlapping genes

analyzed using the STRING online database and visualized by CytoScape 3.9.0. (G) Venn diagram of intersection genes across the multi-datasets

for bacterial and viral infections after Lasso analysis, with each gene being identified in a minimum of two datasets. (H) Variables’ significant

analysis was conducted to screen the overlap of 57 candidate genes by Multilayer Perceptron (SPSS Statistics 20.0).
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3.3 Development of ANN and RF models for
diagnosing bacterial/viral (B/V) infections in
febrile children

To mitigate the high variability inherent in sample data

originating from diverse chip sources and to improve the

generalization performance of the predictive model, we employed

a series of specific mathematical transformations for the

preprocessing of data before their incorporation into the model

(Figures 4A,B). In addition, the housekeeping gene RPLP0 was

identified among the six candidate reference genes (B2M, TBP,

ACTB, UBC, RPLP0 and RPL13A) using Delta CT, BestKeeper,

NormFinder and Genorm (Figure 4A). Following the completion

of the aforementioned preparatory work, an ANN was

constructed for binary classification of bacterial and viral

infections using SPSS Statistics. This study included 384 cases,

with a split of 266 for training and 118 for testing, and a

multilayer perceptron neural network with two hidden layers was

employed. The hidden layer adopts: the activation function in

hidden layers (Hyperbolic tangent); Activation function in output

layer (Softmax); Error function in output layer (Cross-entropy)

(Figures 4C–G). The ANN model demonstrated high predictive

performance, with correct classification rates of 92.4% accuracy,

86.8% sensitivity, and 95.0% specificity in the testing set. The

ROC curve analysis further confirmed its diagnostic ability

(AUC = 0.954; Figures 4F,G) (the ANN framework is provided in

Supplementary File 11).

Additionally, a diagnostic prediction model for febrile children

with B/V infections was constructed using the RF method

(R version 4.4.1). The model consists of 694 trees in the random

forest and requires at least 8 random features for each branch

split (Figure 4H), with ROCAUC = 0.9917 (0.9852–0.9982) in the

training data and ROCAUC = 0.9517 (0.9174–0.986) in

the testing data (Figure 4I). Compound bar charts display the

predicted probabilities of bacterial or viral status (Figure 4J). The

accuracy rates of the RF in the confusion matrix reach 85.3% in

the testing cases (n = 116) (Figure 4K). SHapley Additive

exPlanations (SHAP) force and dependency plots of the host

signatures of the five genes illustrate how each feature contributes

to the final prediction of the outcome (Figures 4l–N).

Specifically, IFI27 contributed the most significantly to the

prediction of outcomes, followed by IFIT2 and LCN2

(Figures 4M,N).

The designed testing procedure is depicted in the figure below

(Figure 5). To increase the utility and practicality of the RF model

for febrile children, we exported metadata (model_metadata.

RData, predtrain_rf_results.rds and final_rf_model.rds) and

persisted the constructed RF model object to enable reproducible

deployments. These files have been transformed into RF_app.R,

which enables the input of the five genes as RefValue (i) data

FIGURE 3

The expression levels and ROC curves of host genes signature between bacterial and viral infections across multiple datasets for diagnosis.

(A) Expression of five diagnostic genes in B/V infections. Two-group differences were analyzed by unpaired Student’s t-test (two-tailed). (B) ROC

curves for each host gene in distinguishing between viral and bacterial infections. *p < 0.05, **p < 0.01, ***p < 0.001 and ns: p > 0.05.
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FIGURE 4

Constructions of ANN and RF models on five-gene host signature for the diagnosis of febrile children with B/V. (A) Genes geomean of ranking values

for six candidate reference genes (B2M, TBP, ACTB, UBC, RPLP0, and RPL13A) was calculated using RefFinder. (B) The mathematical preprocessing

formula was utilized to convert the originate data to RefValue (i). (C) The box plot displays the predicted pseudo-probability of B/V. (D) The

framework of a multilayer perceptron neural network with two hidden layers: the activation function in hidden layers (Hyperbolic tangent);

Activation function in output layer (Softmax); Error function in output layer (Cross-entropy). (E) Case processing summary for the input samples

(5 variables and 1 outcomes). (F) Classification outcomes of the ANN model for predicting B/V infection. (G) ROC curves of the ANN model for

five-gene host signature in differentiating between children B/V infections. (H) Random Forest hyperparameter optimization (mtry = 8, min_n = 14,

number of trees = 694). (I) ROC curves of the RF model for five genes in distinguishing between B/V infections. (J) Compound bar charts

displaying the predicted probabilities of B/V status using the ggplot2 package. (K) Confusion matrices for five genes on GSE40396, GSE72810,

GSE72809, and GSE73464 using the RF model (n= 116 testing data). (L) A SHAP force plot for a RF model. The base value represents the average

prediction of the model without considering any signature features. E[f(x)] is the probability forecast value of each host gene, yellow indicates it

increases the likelihood of the predicted outcome and red indicates it decreases the likelihood of the predicted outcome. (M,N) SHAP summary

plot of the 5 genes of the RF model. A higher SHAP value for the host gene leads to an increased probability of viral infection.
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types to make online predictions for febrile children with

B/V infections: (https://gzai92shenzhen.shinyapps.io/RF_app_1/).

With the increase in subsequent training data and refinement of

the program, we believe that the app will achieve better

predictive performance in the future.

3.4 Generalizing the random forest model
for predicting and diagnosing different
aetiological types of B/V infections

Next, we generalized the RF model to enhance its predictive

ability for samples with intricate background complexities in

clinical practice. In addition to the previously used datasets

(GSE40396, GSE72810, GSE72809, and GSE73464) involving

febrile illness in children, the random forest training set included

more complex datasets (n = 1,042: bacterial = 468 patients,

viral = 574 patients) related to B/V infections. These datasets

included infections caused by Staphylococcus aureus, Escherichia

coli (EPEC, EAEC, and DAEC), Salmonella, Shigella unknown

bacterial pneumonia, adenovirus, HHV6, enterovirus, rhinovirus,

human rotavirus, human norovirus, and influenza A pneumonia,

among others. The RF model (Figure 6A) was constructed, with

ROCAUC = 0.9421 (0.9278–0.9564) for the training data and

ROCAUC = 0.8968 (0.8599–0.9336) for the testing data

(Figure 6B). SHAP force and dependency plots of the host

signatures of the five genes illustrate how each feature contributes

to the final prediction of the outcome (Figures 6C–E).

Specifically, IFI27 contributed the most significantly to the

prediction of outcomes, followed by LCN2 and IFIT2

(Figure 6D). The generalized RF model, as indicated in the

confusion matrices, achieves 79.3% accuracy in predicting diverse

aetiological types of B/V infections (Figure 6F). Compound bar

charts display the predicted probabilities of bacterial or viral

status (Figure 6G). These results consistently suggest that the

constructed RF model has an acceptable ability to predict

patients with complex aetiologies in the diagnosis of

B/V infections.

4 Discussion

Nowadays, the early diagnosis of B/V infections among febrile

children remains a formidable challenge in clinical practice. Due to

the immature development of the immune system in children and

the challenges in communication during medical consultation, the

onset of fever in this population often proceeds rapidly and is

frequently results in severe complications, such as sepsis and

meningitis (30, 31). Even with the rapid development of high-

throughput technologies today, most physicians still rely solely

on clinical symptoms, full blood count (FBC), CRP, and PCT for

diagnosing the type of infection in febrile children (11, 12).

Constrained by their limited sensitivity and specificity, these

diagnostic markers cannot replace the “gold standard diagnostic

test” to meet clinical requirements. On the other hand, the

traditional pathogen culturing method is time-consuming, while

nucleic acid or serological testing requires accurate etiological

hypotheses. Hence, a new diagnostic strategy based on host gene

FIGURE 5

The designed testing procedure of RF prediction model for febrile children with B/V infections.
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signatures has emerged: In 2021, Ravichandran et al. published a

study in EBioMedicine introducing a 10-gene blood-based

biomarker panel (Panel-VB) that demonstrated high accuracy in

distinguishing disease states (32). Rao et al. presented an eight-

gene signature in Cell Report Medicine in 2022 that can

differentiate between intra- and extracellular bacterial infections

and viral infections, with an AUROC > 0.91 (16). Xie et al.

reported in BMC Pediatrics in 2023 on a five-gene signature for

the early diagnosis of Kawasaki disease, with an AUROC

exceeding 0.9 (33). In the same year, Habgood-Coote utilized 161

transcripts to distinguish eighteen specific diseases or causative

pathogens in children, with AUROC >0.9 in the validation set

(34). These studies collectively highlight the potential application

of the host gene signatures in the early diagnosis of diseases. In

our study, by collecting multiple datasets from febrile children,

we identified intersecting genes between DEGs and WGCNA.

Through PPI analysis, immune infiltration analysis, Lasso

regression, mathematical transformations, and housekeeping gene

calibration, high-accuracy models for ANN and RF were

successfully constructed, achieving the AUROC of 0.954,

0.9917(RF training) and 0.9517(RF testing), respectively. Our models

achieve acceptable accuracy and are suitable for predicting the

infection type in febrile children.

The number of host gene signatures used to construct

predictive models is not necessarily fewer for better performance,

as human physiological regulation involves complex mechanisms.

FIGURE 6

Constructions of generalized RF models on five-gene host signature for the diagnosis of patient with B/V. (A) RF hyperparameter optimization

(mtry = 2, min_n = 40, number of trees = 729). (B) ROC curves of the RF model for five-gene host signature in differentiating between viral and

bacterial infections. (C) A SHAP force plot for a RF model. The base value represents the average prediction of the model without considering any

signature features. E[f(x)] is the probability forecast value of each host gene, yellow indicates it increases the likelihood of the predicted outcome

and red indicates it decreases the likelihood of the predicted outcome. (D) SHAP summary plot of the 5 features of the RF model. A higher SHAP

value for the host gene leads to an increased probability of viral infection. (E) SHAP dependency plots of the 5 features of the RF model. Each

subfigure shows the relationship between feature and its SHAP values, along with the distribution of the SHAP value for different classification

(viral vs. bacterial). (F) Confusion matrices for the generalized RF model using five-gene host signature on testing samples (n= 261, testing data).

(G) Compound bar charts displaying the predicted probabilities of B/V status using the ggplot2 package.
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Non-specific genes identified from host immune may lack the

specificity required for accurate prediction of infection types.

Conversely, too many features involved in the model will cause

overfitting, which may lead to higher detection costs and reduce

the model’s generalization ability. Therefore, one of the

innovations in this study is the use of a concatenated approach

that combines WGCNA, Lasso, and MLP variable significance

analysis to refine the predictive features. Eventually five-gene host

signature were identified for the diagnosis of febrile children with

B/V infections. Our five genes included three genes overexpressed

in bacterial infections (LCN2, PI3, and SLPI) and two overexpressed

in viral infections (IFI27 and IFIT2). More information on these

five genes were provided in Supplementary File 9. LCN2 and SLPI

have been previously published in Clinical Infectious Diseases for

distinguishing bacterial from viral pediatric clinical pneumonia in a

malaria-endemic setting (achieved >90% sensitivity and >80%

specificity) (35). IFI27 has been mentioned as a potential diagnostic

marker for respiratory syncytial virus infection in preterm infants;

however, its predictive efficacy was not evaluated in the study (36,

37). Other host genes involved in children B/V prediction include:

ADM, ALPL, HK3, MMP9, S100A12, HP, LTF, MPO, MMP8,

PGLYRP1, RETN, SERPINA1, S100A9, IFI44l, FAM89A, etc. In

this study, we innovatively trained artificial neural network (ANN)

and random forest (RF) models using a novel five-gene host

signature to diagnose bacterial/viral (B/V) infections in children.

The RF model achieved an AUC of 0.9917 in training and 0.9517

in testing, while the ANN model achieved an AUC of 0.954 in testing.

Previous studies have mentioned a problem that the high cost

and the need for dedicated skills greatly hinder the development of

host-RNA signature diagnostics in clinical application (30). In our

study, the RefValue (i), serving as the core feature values of the RF

model, is derived through lasso regression, housekeeping gene

calibration, and mathematical transformations. By utilizing the

RefValue (i), the operation of the RF model requires the input of

only five relative quantification ratios, which can be completed

using PCR within 2 h. This design confers an advantage in

handling complex background samples and enhancing the model

generalizability and clinical application.

As known, batch effect removal is beneficial for multi-dataset

analysis because it enhances inter-groups comparability and

eliminates technical variations. However, these methods (such as

COMBAT and COCONUT) may remove some biological

variations between the different groups and do not always

provide better results for the prediction (16). One of the

interesting aspects of our study design is that we did not involve

conventional batch effect removal at the beginning of the DEGs

and WGCNA analyses. As shown in the flowchart, the data from

GSE40396, GSE72809, GSE72810 and GSE7346 are analysed

independently for differential expression, and an intersection

analysis is subsequently conducted to integrate these individual

differences into a set of candidate features. Such approach is

advantage because more potentially predictive features have been

retained throughout the analysis. On another hand, it is worth

saying that an immune infiltration analysis has been conducted

to examine the differences in 22 types of immune cells between

febrile children with bacterial and viral infections. In this study,

macrophages M0, resting NK cells, neutrophils and naive CD4T

cells were consistently identified as positive in the forest plots

(Supplementary Files 7, 8). Among these, macrophages M0 and

NK cells resting are mentioned for the first time as predictors of

the infection type in febrile children, that providing a new

direction for exploring the underlying mechanisms.

Based on a five-gene RF model, we developed a new diagnostic

classifier that can correctly determine the infection type of febrile

children in 384 cases, achieving 85.3% in testing cases (n = 116)

with AUCtesting = 0.9517. In terms of children B/V infection, there

were relatively obvious improvements when compared to the FBC,

CRP and procalcitonin methods, as well as similar published

models [Herberg DRS: AUC of 0.825 (0.691–0.959); Channon’s

multiclass diagnosis model: AUC of 0.825–0.867; Jackson’s multi-

platform approach: AUROC between 89·4% and 93·6%] (6, 38–40).

In this study, we present the diagnostic RF models based on five-

gene host signature with RefValue (LCN2, PI3, SLPI, IFI27

and IFIT2) in whole blood samples that could correctly distinguish

B/V infections in febrile children (85.3% accuracy, 95.1%

sensitivity, 80.0% specificity), meeting/exceeding the Foundation

for Innovative New Diagnostics (FIND)-sponsored expert

guidelines for diagnostic sensitivity/specificity to differentiate

between bacterial and non-bacterial infections (35). In addition,

we provided a RF model for justifying a given sample with

complex etiologies in more than 1,084 cases in all. Applicable to

diagnosis bacterial infection including: Staphylococcus aureus,

Escherichia coli (EPEC, EAEC, DAEC), Salmonella, Shigella

unknown bacterial pneumonia; and applicable to diagnosis viral

infection including: Adenovirus, HHV6, Enterovirus, Rhinovirus,

human Rotavirus, human Norovirus, influenza A pneumonia,

among others, achieving ROCAUCtraining= 0.9421 (0.9278–0.9564)

and ROCAUCtesting = 0.8968 (0.8599–0.9336). Our study assesses

the clinical effectiveness of the RF model for guiding decision-

making regarding the infection type in febrile children, in terms of

whether or not to prescribe antibiotics or antiviral treatments.

Limitations of the study: (1) After the five-gene host signature

RF models were finished being trained, we did not collect whole

blood samples from febrile children in representative districts to

determine their clinical practicality. However, in the testing

phase, we utilized 30% of randomly generated cases for

validation, which achieved a ROCAUC of 0.9517, indicating the

acceptable diagnosis value for children B/V infection of the

model. (2) Limited by the insufficient number of representative

samples, co-infections cases were not involved in the RF model

in the study. Actually, we identified that LCN2, PI3, and SLPI

were up-regulated in bacterial infections, and IFI27 and IFIT2

were up-regulated in viral infections in the study, which may be

helpful in assisting with the diagnosis of B/V co-infection in

children. In the future, more complex etiologies and noise

handling will be considered for the improvement of the RF model.

5 Conclusions

In this study, a five-gene host signature (IFIT2, SLPI, IFI27,

LCN2, and PI3) was identified through DEGs analysis, WGCNA,
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LASSO regression, and variable significance analysis. An RF model

constructed using this signature achieved 85.3% accuracy, 95.1%

sensitivity, and 80.0% specificity in diagnosing B/V infections in

febrile children. The constructed ANN model achieved 92.4%

accuracy, 86.8% sensitivity, and 95.0% specificity. These results

provide guidance for antibiotic/antiviral treatment decisions in

children with unknown infection types.
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