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Abstract: Background and Objectives: This study aimed to investigate the diagnostic value of im-
munological biomarkers in children with asthmatic bronchitis and asthma and to develop a machine
learning (ML) model for rapid differential diagnosis of these two diseases. Materials and Methods:
Immunological biomarkers in peripheral blood were detected using flow cytometry and immunotur-
bidimetry. The importance of characteristic variables was ranked and screened using random forest
and extra trees algorithms. Models were constructed and tested using the Scikit-learn ML library.
K-fold cross-validation and Brier scores were used to evaluate and screen models. Results: Children
with asthmatic bronchitis and asthma exhibit distinct degrees of immune dysregulation characterized
by divergent patterns of humoral and cellular immune responses. CD8* T cells and B cells were more
dominant in differentiating the two diseases among many immunological biomarkers. Random forest
showed a comprehensive high performance compared with other models in learning and training
the dataset of immunological biomarkers. Conclusions: This study developed a prediction model
for early differential diagnosis of asthmatic bronchitis and asthma using immunological biomarkers.
Evaluation of the immune status of patients may provide additional clinical information for those
children transforming from asthmatic bronchitis to asthma under recurrent attacks.

Keywords: immunological biomarkers; machine learning; random forest; asthma; asthmatic bronchitis

1. Introduction

Bronchitis is a prevalent respiratory disease in children that can be categorized into
several types, such as plastic bronchitis, asthmatic bronchitis, obliterans bronchitis, and
bronchiolitis. Asthmatic bronchitis is the most common type of bronchitis in children and
shares some clinical symptoms with asthma [1]. These symptoms include coughing, wheez-
ing with expiratory dyspnea, and night-time exacerbations [2]. Children with bronchial
stenosis have weakened defense functions and immune systems, making them more suscep-
tible to recurrent attacks of asthmatic bronchitis that can potentially progress to asthma [3].
Such progression increases the difficulty of treatment and poses a serious threat to the lives
and health of affected children. Additionally, this process is typically irreversible.

An increasing number of innate and adaptive immune cell types and cytokines have
been identified as critical drivers of asthmatic diseases, particularly asthma. The inter-
action between these factors is also a fundamental cause of disease development [4,5].
Understanding the immune status of children by detecting immunological biomarkers in
peripheral blood has significant guiding implications for the differential diagnosis and
treatment of asthma.

As a field of artificial intelligence (AI), the development of machine learning (ML)
has brought dramatic changes to the medical field, including exponential increases in
computing power, big data processing and mining technologies, and access to large clinical
data sets using electronic health records [6]. ML focuses on developing algorithms to best
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represent a set of data. It involves probability theory, statistics, approximation theory,
and complex algorithms. The core of ML is to learn from existing data sets, study the
connections between data, and generate a new algorithm and train it to classify or predict
related events [7].

In this study, we chose to focus on several key immunological biomarkers for as-
sessment, including lymphocyte subsets, immunoglobulins, and complements. These
biomarkers were selected based on their established association with immune responses
and their potential role in the pathogenesis of asthmatic diseases. Variations in lymphocyte
subsets can indicate alterations in immune responses, while changes in immunoglobulin
levels can reflect the body’s ability to respond to allergens. The levels of complements
are often associated with the overall state of the immune system, playing a crucial role in
immune defense mechanisms. By analyzing these immunological biomarkers, this study
aims to provide a more nuanced understanding of the immune statuses of children with
asthmatic bronchitis and asthma. Furthermore, we endeavored to establish an immune pre-
diction model to identify these two diseases, thereby assisting doctors in making accurate
diagnoses and offering more clinical information to prevent the further development of
asthmatic bronchitis into asthma.

2. Materials and Methods
2.1. Patients and Specimens

Children with asthmatic bronchitis and asthma diagnosed at the Children’s Hospital
of Fudan University from June 2021 to June 2022 were enrolled as research subjects. A total
of 61 children with asthmatic bronchitis and 72 children with asthma were enrolled in this
study (Table 1). The following are the inclusion and exclusion criteria:

Table 1. Characteristic features of children with asthmatic bronchitis and asthma (n, %).

Variables Asthmatic Bronchitis (1 = 61) Asthma (n = 72)
Gender
Male 49 (80.3) 47 (65.3)
Female 12 (19.7) 25 (34.7)
Age (year)
<1 11 (18) 6(8.3)
l<and <2 22 (36.1) 13 (18.1)
>2 28 (45.9) 53 (73.6)
History of allerqy
Yes 27 (44.3) 52 (72.2)
No 34 (55.7) 20 (27.7)
Lung compliance
Yes 9(14.8) 17 (23.6)
No 52 (85.2) 55 (76.4)

Patients with asthmatic bronchitis were diagnosed according to the criteria outlined in
Zhu Futang’s Practical Pediatrics (8th Edition) [8]. These criteria include an acute onset
characterized by a short disease course and rapid progression, often accompanied by
symptoms of upper respiratory infection such as sore throat and nasal congestion. Patients
frequently exhibit an irritative dry cough or expectorate a small amount of mucous sputum
and may experience a sensation of chest tightness. When not coughing, sounds of phlegm
and wheezing can often be heard in the throat, although there is no obvious difficulty in
breathing. Cough and wheeze exacerbate during the night or early morning, resembling
asthma, and severe wheezing can lead to cyanosis. Complete blood count tests often
indicate abnormalities in white blood cells or neutrophils.

Patients with asthma met the diagnostic criteria of the Global Initiative for Asthma
(GINA) guidelines [9-11], which encompass episodes of wheezing, breathlessness, chest
tightness, or coughing, positive bronchial provocation test or exercise provocation test,
positive bronchial dilation test with an increase in forced expiratory volume in one second
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(FEV1) of >12% and an absolute increase in FEV1 of >200 mL, and a variability rate of
>20% in the peak expiratory flow (PEF) within a day (or within 2 weeks).

Exclusion criteria include patients with other respiratory diseases, autoimmune dis-
eases, malignant tumors, severe heart, liver, or kidney function impairment, or those who
have used systemic or inhaled corticosteroids or bronchodilators within two weeks before
admission. A total of 4-5 mL of fasting venous blood was extracted into a sterile heparin
sodium anticoagulant tube and serum separation gel-procoagulant tube.

2.2. Detection of Lymphocyte Subsets

Approximately 10 pL of fluorescent antibody was aspirated into a Trucount tube (FITC-
CD3, clone SK7; PE-CD16 and CD56, clone B73.1 and NCAM16.2; PerCP-Cy 5.5-CD45,
clone 2D1 (HLe-1); 21 PE-Cy7-CD4, clone SK3; APC-CD19, clone SJ25C1; APC-Cy7-CDS,
clone SK1), then 50 uL of whole blood was subsequently added and incubated for 15 min.
450 uL of hemolysin were added in the dark at room temperature and allowed to remain
at room temperature for 5 min to completely lysate erythrocytes. Fluorescence data were
collected on BD FACS Calibur flow cytometry (BD Biosciences, San Jose, CA, USA) and
analyzed with Flow]o software v10 (Tree Star, Ashland, OR, USA).

2.3. Detection of Immunoglobulin and Complement

The standard curve was drawn with the absorbance as the y-axis and the concentration
of the calibration solution as the x-axis. Thereafter, 10 uL serum was added to 250 pL
phosphate buffer and incubated at 37 °C for 3-5 min, and absorbance A1l at 600 nm
was detected. Then 50 uL latex particles coated with rabbit anti-human antibody were
added and incubated at 37 °C for 5 min, and absorbance A2 at 600 nm was detected.
The corresponding concentration value was calculated according to AA (A2—A1) and the
standard curve.

2.4. ML Tools and Process

The ML system developed for this study was written in Python programming lan-
guage version 3.9.13 using the Scikit-learn ML library, and the code was drafted using
Jupyter Notebook running the IPython kernel by visual studio code software (Microsoft
Corporation, Redmond, WA, USA). The ML process in this research consisted of five steps:
data preprocessing, feature ranking and screening, model building, testing, and visual-
ization. The data preprocessing step included data missing filling, variable coding, and
normalization. Seven algorithms were utilized in this study, namely support vector ma-
chine (SVM), logistic regression (LR), random forest (RF), extra trees (ET), decision tree
(DT), Gaussian NB, and k-nearest neighbor (KNN). Models were constructed and tested
using the Scikit-learn ML library. K-fold cross-validation and Brier scores were used to
evaluate and screen models.

2.5. Statistical Analysis

SPSS 25.0 statistical software (IBM Corp., Armonk, NY, USA) was used for data
analysis. The measurement data conforming to normal distribution were expressed as
mean = standard deviation (X & S), and non-normally distributed measurement data were
expressed as median (Interquartile range) (M (Q25, Q75), %). The differences between the
two groups were compared using an independent samples t-test or the non-parametric
Mann-Whitney U test. p < 0.05 was considered statistically significant.

3. Results

3.1. Comparison of Immunological Biomarkers in Children with Asthmatic Bronchitis and Asthma
We first used flow cytometry to investigate the expression of lymphocyte subsets

and a gating strategy to sort lymphocyte subsets according to different fluorescent dyes

(Figure 1A). As depicted in Figure 1B, levels of CD3, CD4, and CD45 absolute count,

CD4/CD8, and B cell (CD19 percentage and absolute count) were higher in the asthmatic
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bronchitis group than in the asthma groups, while levels of CD3, CD8, and CD16CD56
percentage were lower (p < 0.05). Furthermore, we detected serum immunoglobulin
and complement levels in children with asthmatic bronchitis and asthma. As shown in
Figure 1C, IgG, IgA, tIgE, and C3 levels were lower in the asthmatic bronchitis group than
in the asthma children (p < 0.05).

Asthmatic Bronchitis Asthma
250k 1Q1 Q2 250K1Q1 Q2
o o ] ]
200k 3 200
g 75
150 1s0x4 < 1
- 1000 3 8 | BicD3”
g - g CcD4
] CD8™
soc 4 5 50 ' CcD19
Qs [ @ £1CD16CD56™
032 76.8 9; & £31CD4/CD8™
T T o
108 108 s
2 e
cp3 £ = o
. Jao Q10 . Jao Q1o 3 =
10" 9107 0.040 1079524 0.089 %
s
0-
10% 10 4 "y e .
Asthmatic Bronchitis Asthma
10* 10?
s 12,000
o 4 AR W o
Q12 Q11 Q12 Q11
10° 4688 30.1 10° 447.3 473
T v T v T
108 o 10 10* 10° 10 10* 10 10°
CD16CD56 and CD4 £ 8000-
EICD3/VA
s | Qe s Qs E3CD4/VA™
1079174 168 1073218 0.49 E3ICD8/VA
k| EICD19/VA™
E3CD16CD56/VA
4000- £3CD45/VA™
5 1 é
=
3 o ) P ;.
Asthmatic Bronchitis Asthma
CD19 and CD8
Asthmatic Bronchitis I Asthma
e * ns e * ns ns
5004 — i - - - - -
250 i
I -
B 10
=
L}
[
>
Q
-
c
o
"
]
S 57
>
w
(| ..

%,

T T T

T
& e &

LA

&
&

Figure 1. Lymphocyte subsets, immunoglobulin and complement levels in children with asthmatic
bronchitis and asthma. (A) The representative flow cytometry analysis plots of lymphocyte sub-
sets in children with asthmatic bronchitis and asthma (CD3*, CD4*, CD8"*, CD16*CD56", CD19%).
(B) Percentage of lymphocyte subsets in children with asthmatic bronchitis and asthma. (C) Absolute
count of lymphocyte subsets in children with asthmatic bronchitis and asthma. (D) Immunoglobulin
and complement levels in children with asthmatic bronchitis and asthma. ™ p > 0.05, * p < 0.05,
**p <0.01, *** p <0.001, *** p < 0.0001.
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3.2. Importance Ranking and Selection of Immunological Biomarkers

Due to the large variety of immunological biomarkers, we used RF and ET to rank
and screen the importance of features (immunological biomarkers and demographic char-
acteristics). As shown in Figure 2A,B, the importance of each feature in discriminating
between asthma and asthmatic bronchitis is presented in descending order. Lymphocyte
subsets, compared with immunoglobulins and complement, were more important for
differentiating asthmatic bronchitis from asthma, especially CD19 percentage and absolute
count, which rank high.
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Figure 2. Importance ranking and selection of immunological biomarkers for differentiating asthmatic
bronchitis from asthma. (A,B) Histogram of importance ranking results of immunological biomarkers
by RF and ET classifier. (C) ROC curve of immunological biomarkers after screening to differentiate
asthmatic bronchitis from asthma, * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001.
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In addition, the characteristics obtained by RF and ET screening are as follows accord-
ing to different integrated learning thought. RF: Age, CD3 percentage, CDS8 percentage,
CD19 percentage, CD16CD56 percentage, CD4 ratio CD8, CD4 absolute count, CD8 ab-
solute count, CD19 absolute count, CD45 absolute count, IGG, IGA, C3; ET: Age, CD3
percentage, CD8 percentage, CD19 percentage, CD16CD56 percentage, CD4 absolute count,
CD19 absolute count, CD45 absolute count, IGG, C3, CH50. The intersection of features
screened by the two classifiers was selected for receiver operating characteristic (ROC)
analysis (Figure 2C). Combined with the results of difference analysis, features without
statistical difference were excluded, and a total of 10 features were finally obtained which
were age, CD3 percentage, CD8 percentage, CD19 percentage, CD16CD56 percentage, CD4
absolute count, CD19 absolute count, CD45 absolute count, IGG, C3.

3.3. Model Building and Testing

To optimize the utilization of the data, the raw data was divided into two parts: the
training dataset which accounted for approximately 70% of the original data, and the test
dataset which accounted for the remaining 30%. The test set was not involved in any
model building or preparation, ensuring that it truly represented new and unknown data.
After importing the estimator from the Scikit-learn library, a new model was created and
assigned to a variable named “model”. The fit() function was then utilized to train the
model with the training dataset, enabling it to possess discriminative classification abilities.
The predict function was subsequently employed to input the test dataset and evaluate the
model’s credibility based on its training.

Confusion matrix and ROC were used to analyze the ability of the model to identify
these two diseases (Figure 3A-H) and results are presented in Table 2, with SVM achieving
an area under the curve (AUC) of 0.79 and accuracy of 0.675, LR achieving an AUC of 0.76
and accuracy of 0.675, RF achieving an AUC of 0.88 and accuracy of 0.725, ET achieving
an AUC of 0.87 and accuracy of 0.725, DT achieving an AUC of 0.74 and accuracy of 0.75,
Gaussian NB achieving an AUC of 0.78 and accuracy of 0.7, and KNN achieving an AUC of
0.74 and accuracy of 0.7. Among the seven models analyzed, all demonstrated a substantial
ability to differentiate between asthmatic bronchitis and asthma. Specifically, the DT model
exhibited the highest accuracy, while the RF model achieved the highest AUC.

Table 2. Performance of the models.

Asthmatic Bronchitis Asthma
Models Accuracy
Precision Recall F1-Score Precision Recall F1-Score

SVM 0.39 0.78 0.52 0.91 0.65 0.75 0.675

LR 0.39 0.78 0.52 0.91 0.65 0.75 0.675

RF 0.5 0.82 0.62 0.91 0.69 0.78 0.725

ET 0.5 0.82 0.62 0.91 0.69 0.78 0.725

DT 0.61 0.79 0.69 0.86 0.73 0.79 0.75
Gaussian NB 0.5 0.75 0.6 0.86 0.68 0.76 0.7
KNN 0.5 0.75 0.6 0.86 0.68 0.76 0.7

Accuracy = (TP + TN)/(TP + TN + FP + FN), Precision = TP/(TP + FP), Recall = TP/(TP + EN),
Fl-score = 2TP/(2TP + FP + EN). TP: True Positive, FP: False Positive, TN: True Negative, FN: False Negative.
SVM = Support Vector Machine, LR = Logistic Regression, RF = Random Forest, ET = Extra Trees; DT = Decision
Tree; KNN = K-Nearest Neighbor.

3.4. Model Building and Testing

The seven above-shown models demonstrated strong prediction performance, how-
ever, due to our small and limited dataset, overfitting is a concern. To further build a
reliable and stable model, we evaluated above models using Brier Score and K-fold cross-
validation. The Brier Score measures prediction and calibration quality on a scale of 0 to
1, with lower scores indicating better performance [12]. K-fold cross-validation evaluates
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model performance by calculating the average test error, reducing model variance with
O(1/k) efficiency, and improving generalization ability [13,14].
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Figure 3. Model Testing. (A) ROC curve of seven models to differentiate asthmatic bronchitis from
asthma. (B-H) Confusion matrix of seven models to differentiate asthmatic bronchitis from asthma.
SVM = Support Vector Machine, LR = Logistic Regression, RF = Random Forest, ET = Extra Trees;
DT = Decision Tree; KNN = K-Nearest Neighbor.
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Figure 4A,B shows that Brier Score of 0.217, 0.206, 0.160, 0.166, 0.225, 0.262, and
0.220 for SVM, LR, RE, ET, DT, Gaussian NB, and KNN models in the reliability curve,
respectively. K-fold cross-validation yielded accuracy scores of 0.538889, 0.748889, 0.804444,
0.804444, 0.678889, 0.782222, and 0.731111, respectively. With the lowest Brier Score and
highest accuracy obtained by RF, it was chosen for differentiating asthmatic bronchitis and
asthma, which was also supported by the ROC analysis results.
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0.70

Accuracy

0.65

0.60

True probability for class 1

0.55

0.50
0.0 0.2 04 06 08 1.0 LR KNN DT Gaussian RF  ET SVM
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aini =032

Figure 4. Model screening and visualization. (A) Reliability curve of seven models for differentiat-
ing asthmatic bronchitis from asthma. Brier Score = ) (pi—oi)/N, pi = probability, oi = true results of
samples (0 or 1). (B) K-fold cross-validation results of seven models. (C) Visualization of one of the
decision trees in the RF model. Each leaf node has a different class (asthmatic bronchitis or asthma),
which indicates which category will be divided according to the above rules. At the same time, each
leaf node also has a value that indicates how many samples of each category are in this node.

RF is composed of multiple decision trees which is meaningful only to vote out the
final output based on the results of all trees. There is no direct way to display RF when
using Scikit-learn, which can only be ed into a single tree. Figure 4C visualizes one of the
decision trees in RF; it started from the top of the tree, going down in turn according to
whether the conditions were established or not, until the terminal node was reached, and
the classification ended.

4. Discussion

Asthmatic bronchitis and asthma are heterogeneous diseases that require individ-
ualized and specific treatment [15,16]. Studying the mechanism of disease can provide
effective information for clinical doctors to improve treatment. The change in lymphocyte
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subsets, immunoglobulin and complement levels in peripheral blood can reflect the status
of the immune function of the body under different conditions [17,18]. In peripheral blood,
it was found that B cells and CD4/CD8 were higher in the asthmatic bronchitis group
than that in the asthma children, while levels of CD8* T cells, and NK cells were lower.
Furthermore, IgG, IgA, tIgE, and C3 levels in serum were lower than those in the asthma
group. These results indicate that children with asthmatic bronchitis and asthma exhibit
distinct degrees of immune dysregulation, characterized by divergent patterns of humoral
and cellular immune responses.

Based on significance testing of difference, we also have performed an importance
ranking of immunological biomarkers, and CD8" T cells and B cells have shown high
rankings in this assessment. CD8* T lymphocytes belong to suppressor/killer T lympho-
cytes, and their main function is to kill target cells directly [19]. Compared to CD4" T cells,
there has been less research on CD8* T cells in children with asthma. Both CD4" T cells
and CD8* T cells can mediate hypersensitivity, but CD4" (class Il MHC molecules) and
CD8" T cells (class I MHC molecules) pertain to the recognition of antigens presented by
different MHC molecules [20]. Some scholars have pointed out that compared to CD4* T
cells, CD8* T cells have a stronger association with the severity of asthma [21]. CD8" T
cells that produce high levels of IFN-gamma (TC1 cells) have been shown to be associated
with an attenuation of pulmonary allergic inflammation in rodent models [22]. In addition,
levels of mononuclear cells, CD8" T cells, and macrophages in bronchoalveolar lavage fluid
of asthma patients are significantly elevated [23]. B cells can differentiate into plasma cells
under antigen stimulation, then synthesize, store, and secrete antibodies (immunoglobu-
lins) to participate in humoral immunity responses. B cells also have been recognized as
important mediators in allergy and tolerance [24]. IgE secreted by B cells is a central player
in childhood allergic reactions and one of the causes of wheezing [25]. The binding of IgE
to its receptor on the surface of mast cells activates IgE-sensitized antigen-presenting cells
(APCs) and Th2 cells, thereby promoting the production of IgE by B cells to supplement
the IgE consumed in allergic reactions, and maintaining mast cells and APCs sensitization,
causing bronchospasm or wheezing [26-28]. These studies suggest that both CD8" T cells
and B cells play important roles in the development and progression of both asthmatic
bronchitis and asthma, which were consistent with our results.

Significance testing of difference is a type of hypothesis testing used to detect differ-
ences between experimental and control groups and determine their significance. Although
the purpose is to discover more valuable information, it cannot achieve disease classification
and assist in diagnosis [29,30]. ML can improve the accuracy and predictive ability of mod-
els by utilizing large amounts of data and fast-computing power, thereby helping doctors
diagnose diseases and develop personalized treatment plans more accurately [31,32].

We established 7 ML models by using selected immunological biomarkers to distin-
guish between two types of diseases to help rapid diagnosis. However, different ML models
have their own advantages and disadvantages, leading to varying results in model testing.
Compared to other models, RF and ET performed better, with consistent accuracy in K-fold
cross-validation and ML testing. RF and ET are similar in structure consisting of numerous
decision trees, but they differ in the training set for each decision tree. RF uses the Bagging
model (Bootstrap Aggregating) to randomly extract training samples for the training set,
while ET uses all training samples [33]. After selecting the partition feature, the decision
tree of RF will choose an optimal feature value partition point based on principles such
as entropy, Gini index, and standard deviation, which is the same as traditional decision
trees [34]. However, ET is more aggressive and randomly selects a feature value to partition
the decision tree. Because the partition point of the feature value is randomly selected
instead of the optimal point, this will generally result in a larger decision tree size than the
decision tree generated by RF [35]. In other words, the variance of ET is further reduced
relative to RE, but the bias is further increased. Considering the higher Brier score of ET in
comparison to the RF model, the RF model was ultimately selected as the preferred choice.
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Looking ahead, we envisage the integration of our model into telemedicine platforms,
allowing for the remote monitoring and assessment of patients, thereby broadening the
reach of healthcare services, especially in regions with limited access to healthcare facilities.
This model could also foster advancements in research, aiding in the deeper exploration
of the underlying mechanisms of these diseases, and potentially spearheading the devel-
opment of novel therapeutic approaches. Moreover, it could serve as an educational tool,
assisting in the training of healthcare professionals to recognize and comprehend the com-
plex immunological patterns associated with these conditions. In the broader context, the
insights garnered from the utilization of this model could influence policy and healthcare
planning, shaping strategies aimed at alleviating the burden these diseases impose on the
healthcare system.

However, our research also has several limitations that need to be addressed. The ML
dataset was relatively small and lacked supplementary data such as radiological images,
which might introduce bias into the results. Despite these current limitations, we plan to
augment our dataset with a larger patient pool and incorporate multi-center studies to
enhance the model’s accuracy in the future. This expansion would potentially allow for a
more comprehensive diagnostic platform that integrates various diagnostic tools, offering
a holistic view of the patient’s health status and fostering a more nuanced understanding
of these diseases.

5. Conclusions

In conclusion, results of immunological biomarker detection suggest that children
with asthma bronchitis and asthma exhibit varying degrees of immune dysfunction or
disorder, which is linked to the type of disease. The detection of immunological biomarkers,
particularly CD8* T cells and B cells, followed by analysis using our model, can provide
valuable assistance to clinicians in rapidly diagnosing the disease and obtaining a compre-
hensive understanding of the child’s immune status and disease progression. Ultimately,
this approach may play an important role in preventing recurrent episodes of asthmatic
bronchitis from progressing into asthma.

Author Contributions: M.W. and D.L. contributed equally to this work. M.W. and D.L. performed
the experiments, analyzed data, and wrote the manuscript. FZ. edited the manuscript and provided
essential materials. Y.Y. and Z.Y. collected data. ].X. designed and supervised the study. All authors
have read and agreed to the published version of the manuscript.

Funding: This study was supported by grants from the Key Development Program of the Children’s
Hospital at Fudan University (EK2022ZX05).

Institutional Review Board Statement: The studies involving human participants were reviewed
and approved by the Ethical Committee of the Children’s Hospital of Fudan University (No: {2022}
241) on August 16, 2022. Written informed consent to participate in this study was provided by the
family or legal guardian.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.
Data Availability Statement: Not applicable.

Conflicts of Interest: Authors have no conflict of Interest.

1.  Eg,K.P; Thomas, R.J.; Masters, L.B.; McElrea, M.S.; Marchant, ] M.; Chang, A.B. Development and validation of a bronchoscopically
defined bronchitis scoring tool in children. Pediatr. Pulmonol. 2020, 55, 2444-2451. [CrossRef] [PubMed]

2. Morice, A.H.; Millqvist, E.; Bieksiene, K.; Birring, S.S.; Dicpinigaitis, P.; Ribas, C.D.; Boon, M.H.; Kantar, A ; Lai, K.; McGarvey, L.;
et al. ERS guidelines on the diagnosis and treatment of chronic cough in adults and children. Eur. Respir. ]. 2020, 55, 1901136.

[CrossRef]

3. Bian, F; Wu, Y.-E.; Zhang, C.-L. Use of aerosol inhalation treatment with budesonide and terbutaline sulfate on acute pediatric
asthmatic bronchitis. Exp. Ther. Med. 2017, 14, 1621-1625. [CrossRef] [PubMed]


https://doi.org/10.1002/ppul.24924
https://www.ncbi.nlm.nih.gov/pubmed/32584469
https://doi.org/10.1183/13993003.01136-2019
https://doi.org/10.3892/etm.2017.4676
https://www.ncbi.nlm.nih.gov/pubmed/28810628

Medicina 2023, 59, 1765 11 of 12

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.
31.

32.

Breiteneder, H.; Peng, Y.; Agache, I.; Diamant, Z.; Eiwegger, T.; Fokkens, W.].; Traidl-Hoffmann, C.; Nadeau, K.; O’'Hehir, RE,;
O’Mahony, L.; et al. Biomarkers for diagnosis and prediction of therapy responses in allergic diseases and asthma. Allergy 2020,
75,3039-3068. [CrossRef] [PubMed]

Hammad, H.; Lambrecht, B.N. The basic immunology of asthma. Cell 2021, 184, 2521-2522. [CrossRef]

Handelman, G.S.; Kok, HK,; Chandra, R.V.; Razavi, A.H.; Lee, M.]J.; Asadi, H. eDoctor: Machine learning and the future of
medicine. J. Intern. Med. 2018, 284, 603-619. [CrossRef]

Choi, R.Y,; Coyner, A.S.; Kalpathy-Cramer, J.; Chiang, M.F.; Campbell, J.P. Introduction to Machine Learning, Neural Networks,
and Deep Learning. Transl. Vis. Sci. Technol. 2020, 9, 14. [CrossRef]

Jiang, Z.F; Shen, K.L.; Zhu, E. Practice of Pediatrics, 8th ed.; People’s Medical Publishing House: Beijing, China, 2015.

Reddel, HK.; Bacharier, L.B.; Bateman, E.D.; Brightling, C.E.; Brusselle, G.G.; Buhl, R.; Cruz, A.A ; Duijts, L.; Drazen, ].M,;
FitzGerald, ].M.; et al. Global Initiative for Asthma Strategy 2021: Executive Summary and Rationale for Key Changes. Am. J.
Respir. Crit. Care Med. 2021, 205, 17-35. [CrossRef]

Global Initiative for Asthma. Global Initiative for Asthma—GINA. Available online: https://ginasthma.org/ (accessed on 18
September 2023).

American Thoracic Society (ATS). ATS 2024 International Conference, New York, NY, USA. Available online: https://conference.
thoracic.org/ (accessed on 18 September 2023).

Angraal, S.; Mortazavi, B.J.; Gupta, A.; Khera, R.; Ahmad, T.; Desai, N.R.; Jacoby, D.L.; Masoudi, F.A.; Spertus, J.A.; Krumholz,
H.M. Machine Learning Prediction of Mortality and Hospitalization in Heart Failure with Preserved Ejection Fraction. JACC Hear.
Fail. 2020, 8, 12-21. [CrossRef]

Poldrack, R.A.; Huckins, G.; Varoquaux, G. Establishment of Best Practices for Evidence for Prediction: A Review. JAMA
Psychiatry 2020, 77, 534-540. [CrossRef]

Vu, HL.; Ng, KT.W.; Richter, A.; An, C. Analysis of input set characteristics and variances on k-fold cross validation for a
Recurrent Neural Network model on waste disposal rate estimation. J. Environ. Manag. 2022, 311, 114869. [CrossRef]

Gans, M.D,; Gavrilova, T. Understanding the immunology of asthma: Pathophysiology, biomarkers, and treatments for asthma
endotypes. Paediatr. Respir. Rev. 2020, 36, 118-127. [CrossRef]

Kuruvilla, M.E.; Lee, EE.-H.; Lee, G.B. Understanding Asthma Phenotypes, Endotypes, and Mechanisms of Disease. Clin. Rev.
Allergy Immunol. 2019, 56, 219-233. [CrossRef] [PubMed]

Su, Q.; Jiang, L.; Chai, J.; Dou, Z.; Rong, Z.; Zhao, X.; Yu, B.; Wang, Y.; Wang, X. Changes of Peripheral Blood Lymphocyte Subsets
and Immune Function in Children with Henoch-Schonlein Purpura Nephritis. Iran. J. Immunol. IJI 2021, 18, 259-267. [CrossRef]
Du, H.; Dong, X.; Zhang, J.; Cao, Y.; Akdis, M.; Huang, P; Chen, H.; Li, Y,; Liu, G.; Akdis, C.A,; et al. Clinical characteristics of 182
pediatric COVID-19 patients with different severities and allergic status. Allergy 2021, 76, 510-532. [CrossRef] [PubMed]
Kurachi, M. CD8+ T cell exhaustion. Semin. Immunopathol. 2019, 41, 327-337. [CrossRef] [PubMed]

Kalish, R.S.; Askenase, PW. Molecular mechanisms of CD8+ T cell-mediated delayed hypersensitivity: Implications for allergies,
asthma, and autoimmunity. J. Allergy Clin. Immunol. 1999, 103, 192-199. [CrossRef]

Bryant, N.; Muehling, L.M. T-cell responses in asthma exacerbations. Ann. Allergy, Asthma Immunol. 2022, 129, 709-718. [CrossRef]
[PubMed]

Lourenco, O.; Fonseca, A.M.; Taborda-Barata, L. Human CD8+ T Cells in Asthma: Possible Pathways and Roles for NK-Like
Subtypes. Front. Immunol. 2016, 7, 638. [CrossRef] [PubMed]

Li, H.; Wang, H.; Sokulsky, L.; Liu, S.; Yang, R.; Liu, X.; Zhou, L.; Li, J.; Huang, C.; Li, F; et al. Single-cell transcriptomic analysis
reveals key immune cell phenotypes in the lungs of patients with asthma exacerbation. J. Allergy Clin. Immunol. 2021, 147,
941-954. [CrossRef]

Habener, A.; Happle, C.; Grychtol, R.; Skuljec, J.; Busse, M.; Daltige, K.; Obernolte, H.; Sewald, K.; Braun, A.; Meyer-Bahlburg, A.;
et al. Regulatory B cells control airway hyperreactivity and lung remodeling in a murine asthma model. J. Allergy Clin. Immunol.
2021, 147, 2281-2294.e7. [CrossRef] [PubMed]

Fang, L.; Sun, Q.; Roth, M. Immunologic and Non-Immunologic Mechanisms Leading to Airway Remodeling in Asthma. Int. J.
Mol. Sci. 2020, 21, 757. [CrossRef] [PubMed]

Boonpiyathad, T.; Sozener, Z.C.; Satitsuksanoa, P.; Akdis, C.A. Immunologic mechanisms in asthma. Semin. Immunol. 2019,
46, 101333. [CrossRef]

Newman, R.; Tolar, P. Chronic calcium signaling in IgE+ B cells limits plasma cell differentiation and survival. Immunity 2021, 54,
2756-2771.e10. [CrossRef] [PubMed]

Gould, H.J.; Sutton, B.J.; Beavil, A.J.; Beavil, R.L.; McCloskey, N.; Coker, H.A; Fear, D.; Smurthwaite, L. The biology of IGE and
the basis of allergic disease. Annu. Rev. Immunol. 2003, 21, 579-628. [CrossRef]

Turner, D.P; Deng, H.; Houle, T.T. Statistical Hypothesis Testing: Overview and Application. Headache: ]. Head Face Pain 2020, 60,
302-308. [CrossRef] [PubMed]

Farell, B. Hypothesis testing, attention, and ‘Same’-'Different” judgments. Cogn. Psychol. 2022, 132, 101443. [CrossRef]

Haug, C.J.; Drazen, ].M. Artificial Intelligence and Machine Learning in Clinical Medicine, 2023. New Engl. J. Med. 2023, 388,
1201-1208. [CrossRef]

Gottesman, O.; Johansson, F.; Komorowski, M.; Faisal, A.; Sontag, D.; Doshi-Velez, F.; Celi, L.A. Guidelines for reinforcement
learning in healthcare. Nat. Med. 2019, 25, 16-18. [CrossRef]


https://doi.org/10.1111/all.14582
https://www.ncbi.nlm.nih.gov/pubmed/32893900
https://doi.org/10.1016/j.cell.2021.04.019
https://doi.org/10.1111/joim.12822
https://doi.org/10.1167/tvst.9.2.14
https://doi.org/10.1164/rccm.202109-2205PP
https://ginasthma.org/
https://conference.thoracic.org/
https://conference.thoracic.org/
https://doi.org/10.1016/j.jchf.2019.06.013
https://doi.org/10.1001/jamapsychiatry.2019.3671
https://doi.org/10.1016/j.jenvman.2022.114869
https://doi.org/10.1016/j.prrv.2019.08.002
https://doi.org/10.1007/s12016-018-8712-1
https://www.ncbi.nlm.nih.gov/pubmed/30206782
https://doi.org/10.22034/iji.2021.89742.1964
https://doi.org/10.1111/all.14452
https://www.ncbi.nlm.nih.gov/pubmed/32524611
https://doi.org/10.1007/s00281-019-00744-5
https://www.ncbi.nlm.nih.gov/pubmed/30989321
https://doi.org/10.1016/S0091-6749(99)70489-6
https://doi.org/10.1016/j.anai.2022.07.027
https://www.ncbi.nlm.nih.gov/pubmed/35918022
https://doi.org/10.3389/fimmu.2016.00638
https://www.ncbi.nlm.nih.gov/pubmed/28066445
https://doi.org/10.1016/j.jaci.2020.09.032
https://doi.org/10.1016/j.jaci.2020.09.041
https://www.ncbi.nlm.nih.gov/pubmed/33249168
https://doi.org/10.3390/ijms21030757
https://www.ncbi.nlm.nih.gov/pubmed/31979396
https://doi.org/10.1016/j.smim.2019.101333
https://doi.org/10.1016/j.immuni.2021.11.006
https://www.ncbi.nlm.nih.gov/pubmed/34879220
https://doi.org/10.1146/annurev.immunol.21.120601.141103
https://doi.org/10.1111/head.13706
https://www.ncbi.nlm.nih.gov/pubmed/32011739
https://doi.org/10.1016/j.cogpsych.2021.101443
https://doi.org/10.1056/NEJMra2302038
https://doi.org/10.1038/s41591-018-0310-5

Medicina 2023, 59, 1765 12 0of 12

33. Li, D, Liu, Z,; Armaghani, D.J.; Xiao, P.; Zhou, J. Novel ensemble intelligence methodologies for rockburst assessment in complex
and variable environments. Sci. Rep. 2022, 12, 1844. [CrossRef]

34. Srivastava, R.; Kumar, S.; Kumar, B. Classification model of machine learning for medical data analysis. In Statistical Modeling in
Machine Learning; Goswami, T., Sinha, G.R., Eds.; Academic Press: Cambridge, MA, USA, 2023; pp. 111-132. [CrossRef]

35. Czarnecki, W.M.; Podlewska, S.; Bojarski, A.J. Extremely Randomized Machine Learning Methods for Compound Activity
Prediction. Molecules 2015, 20, 20107-20117. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1038/s41598-022-05594-0
https://doi.org/10.1016/b978-0-323-91776-6.00017-8
https://doi.org/10.3390/molecules201119679
https://www.ncbi.nlm.nih.gov/pubmed/26569196

	Introduction 
	Materials and Methods 
	Patients and Specimens 
	Detection of Lymphocyte Subsets 
	Detection of Immunoglobulin and Complement 
	ML Tools and Process 
	Statistical Analysis 

	Results 
	Comparison of Immunological Biomarkers in Children with Asthmatic Bronchitis and Asthma 
	Importance Ranking and Selection of Immunological Biomarkers 
	Model Building and Testing 
	Model Building and Testing 

	Discussion 
	Conclusions 
	References

