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Abstract

Background Pertussis is a highly contagious respiratory disease. Even though vaccination has reduced the incidence,
cases have resurfaced in certain regions due to immune escape and waning vaccine efficacy. Identifying high-risk
patients to mitigate transmission and avert complications promptly is imperative. Nevertheless, the current diagnos-
tic methods, including PCR and bacterial culture, are time-consuming and expensive. Some studies have attempted
to develop risk prediction models based on multivariate data, but their performance can be improved. Therefore, this
study aims to further optimize and expand the risk assessment tool to more efficiently identify high-risk individuals
and compensate for the shortcomings of existing diagnostic methods.

Objective The aim of this study was to develop a pertussis risk prediction model that is both efficient and has good
generalization ability, applicable to different datasets. The model was constructed using machine learning techniques
based on multicenter data and screened for key features. The performance and generalization ability of the model
were evaluated by deploying it on an online platform. At the same time, this study aims to provide a rapid and accu-
rate auxiliary diagnostic tool for clinical practice to help identify high-risk patients in a timely manner, optimize early
intervention strategies, reduce the risk of complications and reduce transmission, thereby improving the efficiency

of public health management.

Methods First, data from 1085 suspected pertussis patients from 7 centers were collected, and ten key features were
analyzed using the lasso regression and Boruta algorithm: PDW-MPV-RATIO, SlI, white blood cells, platelet distribution
width, mean platelet volume, lymphocytes, cough duration, vaccination, fever, and lytic lymphocytes.Eight models
were then trained and validated to assess their performance and to confirm their generalization ability with external
datasets based on these features. Finally, an online platform was constructed for clinicians to use the models in real
time.

Results The random forest model demonstrated excellent discrimination ability in the validation set, with an AUC
of 0.98, and an AUC of 0.97 in the external validation set. Calibration curve and decision curve analysis showed
that the model had high accuracy in predicting low-to-medium risk patients, which could help clinicians avoid
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deployment, Pertussis

unnecessary interventions, especially in resource-limited settings. The application of this model can help optimize
the early identification and management of high-risk patients and improve clinical decision-making.

Conclusion The pertussis prediction model devised in this study was validated using multicenter data, exhibited
high prediction performance, and was successfully implemented online. Future research should broaden the data
sources and incorporate dynamic data to enhance the model's accuracy and applicability.

Keywords Public health, PDW-MPV-RATIO, SlI, Calibration curves, Lasso regression, Random forest, Online

Introduction

Pertussis, caused by Bordetella pertussis, is a highly con-
tagious respiratory disease and predominantly affects
children, particularly infants and young children who
have not received their vaccinations. Although global
vaccination has significantly reduced the incidence of
pertussis, the resurgence of pertussis in some areas in
recent years is of great concern. The resurgence of per-
tussis may be linked to various factors, including the
pathogen’s genetic variation, the progressive decline in
vaccine efficacy, and insufficient vaccination coverage
[1-3]. The timely and accurate diagnosis of pertussis
is of the utmost importance, particularly in infants and
young children, as the symptoms of the disease initially
resemble those of typical respiratory infections. A delay
in diagnosis may result in severe complications or even
mortality [4, 5].

The primary diagnostic methods for pertussis are clini-
cal manifestations and laboratory tests, such as bacterial
culture, PCR, and serologic assays. Despite their signifi-
cant role in diagnosis confirmation, these methods have
clear limitations: bacterial culture is time-consuming
and has low sensitivity. At the same time, PCR testing is
expensive and requires sophisticated technical facilities,
which restricts its use in specific clinical circumstances
[6, 7]. Consequently, creating an early risk prediction
tool based on clinical and laboratory data is essential.
This tool will enable the earlier identification of at-risk
patients, thereby enhancing the timeliness of clinical
interventions and reducing misdiagnosis [8, 9].

The application of machine learning techniques in the
medical field has progressively expanded in recent years,
particularly in predicting disease risk, demonstrating
significant potential [10-12]. Machine learning mod-
els can capture the nonlinear relationship between vari-
ables and provide more precise disease risk prediction
by integrating and analyzing complex multidimensional
data [13, 14]. Machine learning models have been dem-
onstrated to substantially enhance the early identification
of respiratory diseases in the context of risk prediction
[15, 16]. At present, although progress has been made in
pertussis prediction research, there are still limitations.
The machine learning algorithm developed by Daluwatte

et al. can effectively identify undiagnosed or misdiag-
nosed cases in electronic health records, but its recog-
nition rate and accuracy are affected by the quality and
diversity of the data set, limiting its generalizability in dif-
ferent populations and healthcare systems [17]. Similarly,
Tozzi et al’s data-driven algorithm improves the accuracy
of early diagnosis of whooping cough, but the algorithm
depends on the availability and completeness of the data
and may not perform well in different environments [18].
Therefore, this field needs multi-center data and more
complex feature selection models to improve the univer-
sality and robustness of the prediction. [19, 20]

This study addresses the current deficiency in pertussis
risk prediction by developing and validating a machine-
learning model based on multicenter data. This model
will offer clinicians a precise and efficient instrument
for the early detection of pertussis. This tool not only
enhances clinical decision-making and minimizes mis-
diagnosis and omission, but it also establishes a scien-
tific foundation for public health prevention and control
strategies, particularly in managing the pertussis recur-
rence trend [21, 22].

Methods

Data sources and study design

Data for the study came from seven medical centers in
Yunnan Province: Kunming Children’s Hospital, Wen-
shan Maternal and Child Health Hospital, Chuxiong
People’s Hospital, Qujing Maternal and Child Health
Hospital, Yuxi Children Hospital, Kaiyuan Children Hos-
pital and Baoshan People’s Hospital.

Between October 2023 and September 2024, we col-
lected data on 1085 hospitalized patients with sus-
pected whooping cough from 7 hospitals. This study
encompassed all patients with suspected pertussis,
who were subsequently validated or excluded by clini-
cal presentation and laboratory testing.An Electronic
Medical Record (EMR) is a digital tool used by hos-
pitals to manage patient medical information. It con-
verts traditional paper medical records into electronic
form, recording information such as the patient’s medi-
cal history, diagnosis, treatment, medication and test
results. The same Electronic Medical Record (EMR) is
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used in our seven centers. By using the same platform,
the centers can more efficiently share patients’ medi-
cal information, achieve cross-center collaboration
and data analysis, improve the overall quality of medi-
cal services and the accuracy of decision-making. The
hospital’s electronic medical record (EMR) system is
used to extract data on all patients in the study, includ-
ing comprehensive clinical and laboratory examina-
tion information. The study was approved by the Ethics
Committee, and all patients signed informed consent
forms.

Control of bias

Several measures were implemented in this investiga-
tion to mitigate bias in multicenter studies. First, all
data were extracted from the electronic medical record
systems of each hospital through a standardized pro-
cess to ensure data consistency. Specifically, each center
used the same format and methods for data collection
to ensure the uniformity and integrity of patient infor-
mation. In addition, all data underwent a consistent
quality control process to ensure data accuracy and
consistency. These measures effectively reduced the
bias that may be caused by different data collection
methods. Secondly, the sample size of each center was
balanced to prevent the model from being overly influ-
enced by any one center.

Study population
Criteria for inclusion
1. Patients under the age of 18 who are admitted;

2. Possess comprehensive clinical and laboratory exam-
ination data;

3. Patients who satisfy the diagnostic criteria for per-
tussis are diagnosed by the requirements established by
the National Health and Wellness Commission of China.
Typical symptoms and the disease duration are included
in the clinical criteria. Typical symptoms include fre-
quent coughing, rales, vomiting, and, in some cases, cya-
nosis or apnea, particularly in neonates. The disease is
divided into three phases: the kata phase (characterized
by mild cough, fever, and other symptoms), the erratic
cough phase (characterized by severe cough, rales, and
vomiting), and the recovery phase (characterized by a
progressive reduction in cough). Blood tests and patho-
genetic testing comprise laboratory criteria. PCR test-
ing, serologic antibody testing, or nasopharyngeal probe
bacterial culture comprise pathogenetic testing. As blood
tests indicate, an elevated lymphocyte ratio is typically
observed in conjunction with leukocytosis, typically over
15,000-30,000/mm?>.
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Criteria for exclusion

1. Patients who present with paroxysmal cough, dysp-
nea, or other symptoms similar to those of whooping
cough. Examples include other Bacterial pneumonia,
Mpycoplasma infections, and viral respiratory infec-
tions (e.g.,adenovirus and respiratory syncytial virus
infections).Bronchial asthma and allergic wheezing.

2. Patients with incomplete data: Since incomplete
data may affect the accuracy of model construction,
all patients with incomplete data in this study were
excluded. This processing is intended to ensure the
integrity and reliability of the data during model
training and analysis.

Variable definition and data acquisition

The electronic medical record system of the hospital is
utilized to extract clinical data for all patients. The vari-
ables that were collected are as follows:

Demographic information, including age, sex, height,
weight, BMI, place of residence (urban/rural), and
pregnancy status;

Clinical symptoms include paroxysmal cough, rales,
regurgitation, cyanosis, apnea, fever, dyspnea, heart
rate, temperature, and a prolonged cough.

Laboratory indices include the following: white blood
cell count (WBC), lymphocytosis, neutrophil count,
platelet count, lymphocyte count, monocyte count,
erythrocyte hematocrit, lymphocyte percentage, plate-
let distribution width (PDW), mean platelet volume
(MPV), serum albumin (Serum Albumin), C-reactive
protein (CRP), PDW to MPV ratio (PDW-MPV-Ratio),
neutrophil to lymphocyte ratio (NLR), systemic inflam-
mation index (SII), lymphocyte to monocyte ratio
(LMR), platelet-to-lymphocyte ratio (PLR), nutritional
index (PNI), inflammation score (AISI), and inflamma-
tion-to-trophic ratio (CAR); and cleaved lymphocytes.

The Systemic Inflammation Index (SII) formula is as
follows: SII = platelet count X neutrophil count/lympho-
cyte count, where platelet count, lymphocyte count,
and neutrophil count are the three metrics of periph-
eral blood. These parameters were determined using a
fully automated hematology analyzer on blood samples.

The proportion of lymphocytes with cleaved or lob-
ulated nuclei was determined by counting the cleaved
lymphocytes (lymphocytes) identified through a
peripheral blood smear and Wright-Giemsa staining.
The lymphocytes were then observed under a micro-
scope by an experienced pathologist.
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Imaging and vaccination data: history of vaccina-
tion, radiographic findings, and contact with pertussis
patients;

The severity of illness and treatment includes SpO2
level, antibiotic treatment, and disease severity at
admission.

Standardized procedures were implemented to quan-
tify all laboratory data. Categorical variables are repre-
sented as frequency and percentage, while continuous
variables are defined as mean * standard deviation.

Feature selection

The following methodologies were employed to identify
critical predictive features that are associated with the
risk of contracting pertussis:

1. Lasso regression: covariance is handled and the
model is simplified by L1 regularization, and the opti-
mal A value is determined by tenfold cross-validation.

2. Boruta algorithm: a feature selection method that
utilizes random forests to ascertain the relative sig-
nificance of each feature. The intersection features
Lasso and Boruta screened are ultimately employed
in the subsequent model construction.

Model development and assessment

The following eight machine learning models were
employed in this study to predict the risk of pertus-
sis: logistic regression, Random Forest, Support Vec-
tor Machine (SVM), Gradient Boosting Decision Tree
(GBM), XGBoost algorithm, Multi-Layer Perceptron
(MLP), Naive Bayes, and Decision Tree. The model is
trained using the training set, and the model’s generaliza-
tion ability is assessed using the validation set. The data-
set was randomly divided into training and validation
sets at an 8:2 ratio.

This study presents the results of the evaluation of the
validation set, including the AUC (area under the subject
operating characteristic curve), sensitivity, specificity,
and other relevant performance indicators, to highlight
the actual performance of the model in a simplified man-
ner. These evaluation metrics comprehensively reflect the
prediction ability and generalization performance of the
model. In order to simplify the presentation of results in
the main text, only the key evaluation results of the vali-
dation set are reported, and the data from the training set
and external validation are listed in the appendix.

Assessment of the model
Evaluation of classification performance: AUC and ROC
curves assess the model’s classification performance.
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Calibration curve: evaluates the degree to which the
model’s anticipated probabilities correspond to the actual
outcomes;

Decision curve analysis (DCA) is employed to evaluate
the clinical advantages of the model.

Grid search and tenfold cross-validation are employed
to optimize the model’s hyperparameters.

External validation

External validation was conducted to assess the model’s
generalizability using data from 85 patients from Kai-
yuan Children’s Hospital. The external dataset comprised
41 confirmed pertussis patients and 44 non-pertussis
patients. Due to the limited sample size, SMOTE (Syn-
thetic Minority Over-sampling Technique) was applied
to augment the dataset. By generating synthetic samples
of the minority class, SMOTE effectively balances the
ratio of diseased and non-diseased people in the dataset
while increasing the overall sample size. This method not
only alleviates the problem of data imbalance, but also
provides more training data for the model, which helps
the model learn features more fully, thereby improving
the accuracy and generalization ability of the prediction.

Model interpretation and online deployment

The SHAP (Shapley Additive Explanations) analysis was
employed in this study to enhance the model’s interpret-
ability by revealing each feature’s contribution to the
model’s prediction results. The SHAP scatterplot and
dependency plot illustrate the significance of each fea-
ture. Ultimately, the study’s findings were implemented
via an online platform that enables physicians to acquire
real-time pertussis risk prediction results by inputting
the key characteristics of their patients.

Statistical analysis

R software (version 4.2.0) was employed to conduct all
statistical analyses. The "glmnet" and "Boruta" pack-
ages were used to perform feature selection, the "caret"
package was used to construct and evaluate the model,
and Python was used to conduct SHAP analyses. The
"DCA" package was used to conduct the decision curve
analysis, while the "rms" package was utilized to gener-
ate calibration curves. The statistical significance of AUC
differences among models was assessed using DeLong’s
test. Statistical significance was defined as p <0.05, and all
tests were two-sided.

Results

The flowchart illustrates the selection and data seg-
mentation of suspected pertussis cases employed for
developing and validating the model. After excluding
incomplete data, 1,032 of the 1,085 suspected cases from
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seven hospitals were eligible. Of these, 947 cases from six
hospitals were utilized for model development, while 85
cases from one hospital were used for external validation.
652 of the 947 cases were identified as pertussis, while
295 were classified as nonpertussis. (S1).

Baseline characteristics of the survey population

The baseline characteristics of the study population are
summarized in Table 1. In the research population, the
mean age was 6.53+2.95 years, with most participants
being children. The mean height was 1.09+0.26 m, the
mean weight was 20.10+ 10.75 kg, and the mean BMI was
16.11+3.98. The mean value of PDWMPVRATIO was
1.21 +£0.38, the mean value of PDW was 11.60% + 3.00%,
and the mean value of MPV was 9.59+1.15 fL. among
the blood and inflammation indices. The mean SII was
1,065.71 +3,143.27, indicating substantial variability in
individual inflammatory responses. The mean value of
NLR was 1.67 +2.81, reflecting the diversity of inflamma-
tory responses.

Regarding vaccination, 44.14% of the research sub-
jects received four doses of the pertussis vaccine, which
may impact the spread of the disease. The study subjects’
mean duration of cough was 10.61+7.39 days and the
incidence of fever was 74.55%. The incidence of pertussis
was not significantly influenced by gender, and the gen-
der distribution was nearly equalized, with 55.12% males
and 44.88% females.

Selection of features

This study employed Lasso regression and Boruta feature
selection algorithms to identify critical predictive fea-
tures for pertussis risk. Lasso regression reduces model
complexity by regularizing the parameter A. Character-
istics such as PDW-MPV-RATIO and SII maintain high
coefficients at large A, indicating their significance, while
the coefficients of certain features taper off or go to zero
(Fig. 1A). Lasso’s deviation plot (Fig. 1B) showed that the
binomial deviation of the model decreased significantly
as A increased, indicating that the model fitting effect
was improved. Boruta’s algorithm further confirmed
the importance of characteristics such as PDW-MPV-
RATIO, SII, and WBC by comparing the random forest
with shadow features, which demonstrated a strong pre-
dictive ability in pertussis risk prediction (Fig. 1C).

We chose variables with importance values of 10 or
more for the results, enhancing the model’s simplicity
and usefulness, as Boruta’s algorithm integrates many
variables.The Euler diagram (Fig. 2A) demonstrates that
the Lasso and Boruta algorithms prioritize features such
as PDW-MPV-RATIO and SII. The regression coeffi-
cients (Odds Ratio, OR) and their 95% confidence inter-
vals for each feature were illustrated in logistic regression
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Table 1 Baseline characteristics of the study population

Characteristics

n (%), mean+SD
(range), or med
[IQR]

Age (year) 6.53+2.95
Height (m) 1.09+0.26
Weight (kg) 20.10+£10.75
BMI 16.11+3.98
PDWMPVRATIO 121+£0.38

SI 1065.71+3143.27
NLR 1.67+2.81

LMR 8.06+7.59

PLR 99.12+£58.38
PNI 74.71+£143.82
AlSI 367.98+£610.70
CAR 0.15+0.29
WBC 10A9/L 1148+575
Neutrophil1079/L 4.68+4.79
Platelet10/9/L 357.92+119.74
Lymphocyte10A9/L 847+5.01
Monocyte10A9/L 0.71+£0.60
Hematocrit % 38.50+9.18
Lymphocyte Percentage % 4557+18.15
Platelet Distribution Width % 11.60+3.00
Mean Platelet Volume 10A—-15L 9.59+1.15
Serum Albumin g/dL 48.63+142.66
CRP 415+£571
Season 6.71£2.11
Cough days 10.61+7.39
Heart rate bpm 114.58+18.07
Temperature C 36.98+9.82
Sp0O2 94.39+2.70
Gender Male 522 (55.12%)

Vaccination dose

Cleaved lymphoctes

Fever

Paroxysmal cough

Female 425 (44.88%)
1:57 (6.02%)
2:179 (18.9%),
3:73(7.71%),
4:418 (44.14%),
5:220 (23.23%)
Yes 599 (63.25%)
No 348 (36.75%)
Yes 706 (74.55%)
No 241 (25.45%)
Yes 946 (99.89%)
No 1 (0.11%)

Whooping cough Yes 437 (46.15%)
No 510 (53.85%)

Vomiting Yes 404 (42.66%)
No 543 (57.34%)

Cyanosis Yes 22 (2.32%)

No 925 (97.68%)
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Table 1 (continued)

n (%), mean+SD
(range), or med

Characteristics

[IQR]
Apnea Yes 3 (0.32%)
No 944 (99.68%),
Dyspnea Yes 25 (2.85%),
No 920 (97.15%),
Pertusiss Yes 652 (68.85%)
No 295 (31.15%),
X-ray Yes 655 (69.17%)

No 292 (30.83%),
Yes 695 (73.39%)
No 252 (26.61%)
Yes 931 (98.31%)
No 16 (1.69%),

Yes 48 (5.07%)

No 899 (94.93%),

Contact with Pertussis Patient

AntibioticTreatment

Severity at Admission

forest plots (Fig. 2B) to investigate further the direction
and extent of the influence of these features. The findings
indicated that the risk of whooping cough was signifi-
cantly and positively correlated with SII (OR: 1.03, 95%
CI: 1.01-1.05) and WBC (OR:1.06, 95% CI: 1.01-1.11).
This implies that elevated levels of inflammation and
white blood cell counts were associated with a higher
disease risk. Conversely, the risk of PDW-MPV-RATIO
(OR: 0.52, 95% CI: 0.43-0.79) and mean platelet volume
(MPV, OR: 0.42, 95% CI: 0.30-0.59) was significantly
inversely correlated.

Model performance evaluation and ROC curve analysis

We plotted the ROC curve for the training set and the
validation set separately. The random forest performed
best in the training set (see S2). Figure 3 depicts the ROC
curves of the eight models on the validation set. The
ROC curve of the random forest (AUC=0.98) is close
to the upper left corner, indicating high sensitivity and
specificity. XGBoost algorithm and GBM have stable
classification performance with AUC of 0.97 and 0.95.
SVM (AUC=0.94) performs well but is slightly inferior
to the previous models. Logistic regression (AUC=0.89)
has high classification performance and good interpret-
ability. On the other hand, Naive Bayes (AUC=0.93) and
decision trees (AUC=0.82) performed poorly, with deci-
sion trees showing more obvious limitations in challeng-
ing tasks. MLP (AUC=0.50) performed poorly.

Table 2 summarizes the performance of these eight
models. In this study, the evaluation results of various
models show that random forest and XGBoost algo-
rithm performed best on all key indicators, especially in
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terms of AUC, accuracy, sensitivity, and F1 score. Spe-
cifically, the AUC of random forest was 0.98 and the AUC
of XGBoost algorithm was 0.97, both of which showed
their extremely high discriminative ability in distinguish-
ing between whooping cough patients and non-whoop-
ing cough patients. In addition, the random forest had
an accuracy of 0.90 and an F1 score of 0.86, while the
XGBoost algorithm had an accuracy of 0.91 and an F1
score of 0.86, indicating that these two models performed
well in balancing correct classification and recall.

Among the other models, GBM had an AUC of 0.95,
an accuracy of 0.89, and an F1 score of 0.84, which was
slightly inferior although close to the performance of ran-
dom forest and XGBoost algorithm. SVM had AUC of
0.94, an accuracy of 0.89, and an F1 score of 0.85, show-
ing better performance, but overall still lower than ran-
dom forest and XGBoost algorithm. In contrast, logistic
regression and decision trees performed more generally.
The AUC of logistic regression was 0.89 and that of deci-
sion trees was 0.82, and the F1 scores of the two were
0.78 and 0.54, respectively, indicating that they were infe-
rior to the other more complex models in terms of their
ability to distinguish and overall performance.

Overall, random forest and XGBoost algorithm per-
formed better on key indicators such as AUC, accuracy,
sensitivity and F1 score, especially when dealing with
imbalanced data. These two models excel at balancing
classification accuracy and recall rates, and have higher
robustness and generalization capabilities. Based on the
advantages of random forest in dealing with imbalanced
data, low parameter sensitivity and ease of implementa-
tion, this study ultimately selected random forest as the
main model.

Analyzing calibration curves and decision curves using
random forests in the validation set

The calibration curves evaluate the degree to which the
model-predicted probability of an event occurring corre-
sponds to the actual likelihood of occurrence. The mod-
els performed optimally in the low predictive probability
(0-0.2) region, as illustrated in Fig. 4A, with the calibra-
tion nearly aligning with the ideal line. The models had
adequate calibration at low to moderate risk levels but
slightly underestimated the risk of high-risk patients in
the region of high predictive probability (>0.7). In order
to ascertain the optimal clinical decision threshold, deci-
sion curves evaluated the net benefit at various thresh-
olds. This is particularly relevant to the decision-making
process for low and medium-risk patients, as illustrated
in Fig. 4B, where the net benefit of the model is consider-
ably more significant than the baseline when the thresh-
old is between 0 and 0.5. The net gain decreases when the
threshold surpasses 0.5 but remains above the baseline,
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A Lasso coefficient path
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B  Lasso Deviance Plot

51 50 49 47 47 43 43 40 35 27 19 11 6 4

o I - -
] : :
- : : 1
~ : o i
™~ : =] s
:\ : (]
o | ' N : .
® ! N\ :
\ ® .
\ g 24 i
@2 B o
5 g A H i
° N H a .
8 =
g g
(]
2 @ ¢
& © o
o _| )
e 3
...
+ o
© H :
(=] | |
o 1
T T T T T T T T T T
-10 -8 -6 -4 -2 -10 -8 -6 -4 -2
Log Lambda Log(%)
C Boruta feature selection results
o
& 9
& 0+
T
T
o e.s
QT sls
I
Q "%6
g w© . o7H
c . .
s T L e 0
= e
S 0Q ++TT 5+
g o B S )
E 24 0. +.009 I IEEIIT
T06QT 1T 1T demmEHE 50
[ EeEEsT - L
”EEﬂiE,céu 5
0 . TrrTIoEmER 080 -
. P el
QEHEE.(}O‘
D e
L FE
O. +
o 4 =-=8 3
.
-
1
uI)_ (e}
L O O O O R A
A E XTS5 EREE U DES RELES PATH B0 B G IEALTEEESZOPEOREND
SEESREC s EcE e538 02200 Fo e oL IL55528¢E72858¢%
S 28535805 BESEE IR B ETLEXZE 2850080055 52 £884 8
22508 > SES898>5% a 2 3 8 L EE k3 53 2 S8n &
B89 X 235225 4 2 © 5 ° L8 3 &
s38 & gUisy G =2 s5F 8 38 3 2: 5
T o > < B =
g 527 g @ 3 g Bz

Fig. 1 Lasso regression and Boruta feature selection

suggesting that the model continues to have some clinical
value in high-risk patients.

External validation results

ROC curves for the eight models were plotted using
external validation data, and the results showed that
the AUC of the random forest was 0.97 (S3), which was
slightly lower than the AUC of 0.98 on the validation
set, but still demonstrated high classification ability.
The external validation results further proved that the
random forest model also had good generalization per-
formance and was robust on the external validation set.
The consistency and robustness of the model on the new
dataset was verified, with an accuracy of 89.0%, an F1

score of 0.84, and sensitivities and specificities of 96% and
85%, respectively. Although the performance decreased
slightly, the model still showed strong generalization abil-
ity (see Table 2).

We performed decision curve and calibration curve
analysis on the validation set. The results were similar to
those of the validation set. The decision curve showed
that the net benefit of the model was better than other
strategies at lower thresholds, indicating that it has
high clinical value in this range. The calibration curve is
close to the ideal line in the medium and low probabil-
ity ranges, indicating that the model predictions are rel-
atively accurate, but there is some deviation in the high
probability region (54-5).
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A Euler Diagram for Lasso and Boruta Features
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Fig. 2 The Euler diagram and logistic regression

SHAP Scatterplot and online deployment modeling
interface using random forests

Figure 5A illustrates the SHAP scatterplot of the model,
which illustrates the extent to which each feature contrib-
utes to the prediction of pertussis risk. The SHAP value
is on the x-axis, while the feature name is on the y-axis.
The color of the feature value indicates its magnitude,
with blue representing a lesser value and red represent-
ing a higher value. SII and WBC SHAP values are widely
distributed, suggesting they play a substantial role in pre-
dicting a high risk. The SHAP values for Vaccination and

Odds Ratio (95% Cl)

PDW-MPV-RATIO are negative, indicating that their
high values are associated with a lower risk. SHAP val-
ues for Cough and Fever were positive, suggesting that
their elevated values were linked to an increased risk. The
SHAP plot offers a visual representation of the predictive
logic of the model, with ruptured lymphocytes and plate-
let distribution width having a lesser impact.

We have created an online interface that enables
users to input critical clinical characteristics (e.g., SII,
PDWMPVRATIO, WBC, number of vaccinations)
in order to predict the risk of pertussis in real-time.
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Fig. 3 ROC curve of the eight models and external data

The interface is straightforward and appropriate for
researchers and physicians. For instance, the system
generates a 94% predicted probability of pertussis and
displays the results in a pie chart by inputting four vac-
cinations, an SII of 816, and a PDW-MPV-RATIO of
1.09. The interface enhances the efficiency of clinical
decision-making and offers physicians and research-
ers convenient instruments for data analysis and
diagnosis.
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Discussion

This study employed an online platform to clinically
implement an efficient pertussis risk prediction model
developed using multicenter clinical data [23, 24]. The
model exhibited exceptional classification performance
in the training set, validation set, and external valida-
tion set, thereby illustrating the significant potential of
machine learning in predicting respiratory disease risk
[25, 26].

Beyond clinical and laboratory indicators, early-life
exposures and environmental factors may influence
pertussis susceptibility. Prenatal and infant antibi-
otic exposure can alter immune system development,
potentially increasing vulnerability to infections [27].
Likewise, prolonged exposure to air pollution and
atmospheric toxins has been linked to respiratory con-
ditions, which may contribute to pertussis risk [28].
While our model currently focuses on clinical and lab-
oratory markers, integrating these broader risk deter-
minants in future iterations may enhance its predictive
performance and applicability.

Biological interpretation and feature selection

The Lasso regression and Boruta algorithm were
employed to screen critical features, including features
like PDW-MPV-RATIO > SII » and WBC, which dem-
onstrated significant roles in predicting pertussis risk
[29, 30]. PDW-MPV-RATIO indicates changes in plate-
let morphology, which implies that platelet activation
or vascular pathology changes may be closely associ-
ated with the inflammatory response in pertussis [31].
SII, a systemic inflammation indicator, has been exten-
sively employed in the prediction of other infectious
diseases, and its validity in pertussis was confirmed in
this study [32]. WBC, a traditional marker of inflamma-
tion, further supports the significance of inflammation
in predicting pertussis risk [33].

The prospective application of cleaved lymphocytes
in the early diagnosis of pertussis is attracting atten-
tion. Research has demonstrated that children with
pertussis have a substantially higher proportion of
cleaved lymphocytes and common leukocytes in their
peripheral blood. These lymphocytes’ lacunar or lobu-
lated nuclear structure is closely linked to the immune
responses induced by pertussis toxin [34]. Further-
more, studies have demonstrated that the proportion
of slit lymphocytes is higher in neonates under the age
of four months, and this cell proportion can serve as a
sensitive indicator in the clinical diagnosis of pertussis
[35]. In early cases with atypical clinical symptoms, this
alteration in cell morphology offers a novel diagnostic
approach for pertussis. Additionally, detecting lacunar
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Table 2 Performance of the validation set on eight models and external validation

Model AUC Accuracy Sensitivity Specificity PPV NPV F1_score Kappa
Logistic Regression 0.89 0.85 0.87 0.84 0.71 093 0.78 0.67
Random Forest 0.98 0.90 097 0.86 0.76 0.98 0.86 0.78
SVM 0.94 0.89 093 0.88 0.78 0.96 0.85 0.77
GBM 0.95 0.89 0.89 0.89 0.79 0.95 0.84 0.76
XGBoost algorithm 0.97 091 0.93 0.90 0.81 0.96 0.86 0.80
Naive Bayes 093 0.85 0383 0387 0.74 091 0.78 0.68
MLP 05 0.86 0.90 0.84 0.72 0.95 0.80 0.7
Decision Tree 0.82 0.80 0.71 0.84 0.67 0.86 0.69 0.54
External data 097 0.89 0.96 0.85 0.75 0.97 0.84 0.76

lymphocytes can enhance the accuracy of the diagnosis
[36].

These biomarkers improve the predictive potential of
the model; however, additional validation is necessary to
guarantee their performance in a broader clinical context
and to ensure their applicability in various age groups or
immune statuses [37, 38].

Influence of vaccine efficacy and immune evasion

Pertussis recurrence has become a concern in certain
regions in recent years due to vaccine efficacy’s potential
immune escape and attenuation [39, 40]. The results of
this study indicate that vaccination remains an effective
method of prevention, as there is a substantial negative
correlation between vaccination and the risk of pertus-
sis [41, 42]. Nevertheless, the protective effect of vaccines
may diminish over time, and immune escape may impact
risk prediction [43]. Consequently, in the future, a time-
after-vaccination variable could be implemented to eval-
uate fluctuations in vaccine efficacy dynamically, and the
predicted outcomes could be further examined about the
effects of various vaccine types [44].

Clinical and explanatory acceptance of machine learning
models

This study improved the interpretability of the model
through SHAP analysis, which allowed clinicians to gain
a more comprehensive understanding of the prediction
results [45, 46]. By incorporating the SHAP results into
an online tool and utilizing a graphical representation
of each feature’s contribution to the prediction results,
physicians’ confidence in the model is increased [29].
This explanatory enhancement facilitates physicians’
comprehension of intricate machine-learning models
and encourages their pervasive implementation in clini-
cal practice [47]. Simplified user interfaces and intuitive
explanations are critical in the community of clinicians
from non-technical backgrounds [48].

The clinical importance of calibration and decision curves
The calibration curve demonstrated that the model was
more accurate in predicting low-risk patients, which
could assist physicians in avoiding superfluous inter-
ventions and reducing the waste of clinical resources
[49]. The decision curve demonstrated that the model’s
net benefit was enhanced under various thresholds for
high-risk patients despite a modest calibration bias. This
was particularly advantageous for screening low and
medium-risk patients [50]. This implies that the model
can be employed to enhance the accuracy of clinical
decision-making, optimize the management of low- and
medium-risk patients, and identify high-risk patients
[51].

Public health consequences and application perspectives
The online model studied in this study provides a pertus-
sis surveillance and control instrument that is effective
for public health departments [37]. The model can iden-
tify high-risk populations in real time and provide data
support for public health interventions, particularly in
under-vaccinated or outbreak areas, by integrating into
regional or national infectious disease prevention and
control platforms [52]. The study could expand the mod-
el’'s implementation by combining the risk assessment of
other contagious diseases to create a future comprehen-
sive public health defense and control platform [32].

Limitations
Although the results of this investigation are encourag-
ing, there are still some constraints:

1. Data source constraints: the model’s global generali-
zation is restricted because the training and valida-
tion data are primarily sourced from specific regions,
which may have distinct demographic and geo-
graphic characteristics [53]. Further validation with
datasets from the additional areas is required to guar-
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Fig. 4 Calibration curve and decision curve

antee the model’s general applicability, as epidemio-
logical traits may differ from region to region [54].

. Model interpretability and clinical acceptance:
Despite SHAP analysis enhancing model interpret-
ability, clinicians may continue to harbor reservations
regarding the "black box" nature of machine learning
models [55]. The issue of improving models’ trans-
parency without compromising efficacy still needs to
be solved [56].

. The model’s performance should be further validated
in the future by a more diverse dataset, as the scale

and diversity of external validation were relatively
limited, even though the model was validated for sta-
bility by external data [57].

. The study could not capture patient changes during

the disease due to the absence of dynamic data sup-
port based on a static dataset. In the future, the mod-
el’s predictive capabilities can be enhanced by incor-
porating dynamic data or time series analysis to more
effectively adapt to real-time data in the clinic [58].
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Future studies

To verify the model’s global applicability, future
research should broaden the data sources to encom-
pass patient data from various regions, ethnicities, and
age groups [33]. Furthermore, the model’s real-time
prediction capability will be enhanced by incorporat-
ing dynamic features or time-series data to better its
ability to capture disease progression [59]. The model’s
efficacy in real-world clinical settings will be further
validated through prospective clinical studies, ensur-
ing seamless integration into clinical workflows and

Based on feature values, predicted
possibility of Pertusiss: 94.00%

additional support to physicians and public health poli-
cymakers [60, 61].

Conclusion

This study employed multicenter data to develop a
machine-learning model to facilitate early pertussis
detection. The model demonstrated strong generalizabil-
ity and predictive performance, with successful online
deployment for clinical use. The model offers robust sup-
port for the early prediction and public health prevention
and control of pertussis despite the scope of validation
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and the limitations of data sources. Integrating dynamic
data and broadening the scope of data sources is advis-
able to enhance the model’s accuracy and applicability.
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