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Abstract

Background: Attention Deficit/Hyperactivity Disorder (ADHD) is a common neurode-
velopmental disorder in children. Pediatric tuina, a traditional Chinese medicine (TCM)
intervention, has shown potential in managing ADHD symptoms. Integrating machine
learning (ML) into pediatric tuina could refine treatment personalization, allowing for a
more feasible and better parent-administered use. Methods: We employed an ML-based
model to analyze parent-reported constitutional features from 1005 children diagnosed
with ADHD to predict individualized pediatric tuina treatments. This study focused on
feature selection and the application of several ML models, including Support Vector
Machines (SVM), Logistic Regression (LR), Multilayer Perceptron (MLP), and Random
Forest (RF). The key task involved identifying the most relevant features for effective
TCM pattern identification and diagnosis, which would guide personalized treatment
strategies. Results: The ML models displayed strong predictive performance, with the
MLP model achieving the highest Area Under the Curve (AUC) of 0.90 and an accuracy
(ACC) of 0.74. Seven features were selected five times in cross-validation. This facilitated a
more targeted and effective pediatric tuina application tailored to individual constitution.
Conclusion: This study developed an ML-based approach to enhance ADHD management
in children using pediatric tuina, informed by a parent-reported questionnaire. It identified
seven key features for TCM pattern identification and personalized treatment strategies.
MLP achieved the highest AUC and ACC.
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1. Introduction
1.1. Attention Deficit/Hyperactivity Disorder in Children

Attention Deficit/Hyperactivity Disorder (ADHD) is a neurodevelopmental disorder
characterized by pervasive patterns of inattention, hyperactivity, and impulsivity that
significantly interfere with daily functioning and development [1]. ADHD affects approx-
imately 5–10% of children worldwide, making it one of the most common psychiatric
disorders in pediatric populations [2]. The disorder typically manifests in early childhood
and can persist into adolescence and adulthood [3]. Children with ADHD often struggle
with maintaining attention, following instructions, and controlling impulses [4], which can
lead to academic difficulties [5], strained peer relationships [6], and low self-esteem [7].
Conventional interventions for ADHD primarily include pharmacotherapy [8], such as
stimulant medications (e.g., methylphenidate and amphetamines), and behavioral therapies
that aim to modify disruptive behaviors and improve organizational skills [9]. However,
these treatments may not be effective for all children and can be associated with undesirable
side effects or requiring high parental involvement [10]. As a result, there is a growing
interest in complementary and alternative interventions, such as dietary modifications [11],
neurofeedback [12], mindfulness training [13], acupuncture [14], or massage [15]. Com-
plementary interventions are important as they offer holistic approaches that can address
multiple dimensions of ADHD, potentially enhancing symptom management and overall
quality of life for children and their families [16]. By integrating these approaches with
conventional treatments, healthcare providers can offer more personalized and effective
care strategies, aligning with the principles of predictive, preventive, and personalized
medicine [17].

1.2. Pediatric Tuina for ADHD Management

Pediatric tuina, also known as pediatric anmo or Traditional Chinese Medicine (TCM)
pediatric massage, is a specialized modality of therapeutic massage rooted in TCM, de-
signed specifically for children [18]. Unlike adult tuina, pediatric tuina has its unique
manipulation techniques and specific acupoints. The shape of acupoints (e.g., line, circle,
and area) and techniques are closely related to the meridian pathways and body’s anatomi-
cal structures. The techniques involve a series of manipulations, including linear rubbing,
circular rubbing, pushing along specific lines, and point pressing, which are performed
with different frequencies, directions, and intensities on specific acupoints or meridians
to stimulate physiological functions and promote health [19]. Pediatric tuina is commonly
employed to address a range of childhood ailments, including digestive disorders, respi-
ratory conditions, musculoskeletal problems, and so forth [20]. In the context of ADHD
management, pediatric tuina aims to harmonize the body’s energy flow, enhance mental
focus, and reduce hyperactivity by stimulating acupoints related to the nervous system
and brain function [15,21]. The underlying mechanism might be related to the modulation
of neurotransmitters and improvement of cerebral blood flow, thereby exerting a calming
effect and enhancing cognitive functions [22,23]. In TCM theory, a pattern represents a
set of characteristic features or symptoms that reflect a patient’s overall health condition.
For ADHD management, TCM practitioners commonly differentiate children into several
patterns, including dual deficiency of the lung–spleen pattern, liver depression and spleen
deficiency pattern, liver ascendant hyperactivity and spleen deficiency pattern, effulgent
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heart–liver fire pattern, phlegm-fire harassing the heart pattern, and liver–kidney yin defi-
ciency pattern. Each pattern corresponds to specific therapeutic approaches. Findings from
previous studies on pediatric tuina for ADHD suggest that pediatric tuina has beneficial
effects on improving ADHD symptoms on children and could serve as a valuable comple-
mentary therapy. For instance, a pilot randomized controlled trial (RCT) demonstrated the
feasibility and beneficial effects of parent-administered pediatric tuina on reducing core
symptoms in preschool children with ADHD [24]. Furthermore, the qualitative findings
from focus group interviews highlighted the perceived benefits of pediatric tuina on chil-
dren’s sleep quality, appetite, and parent–child relationships, although some parents noted
limited improvements in inattention symptoms [25].

1.3. The Potential of Machine Learning in Pediatric Tuina for ADHD

Machine learning (ML) is a branch of artificial intelligence that focuses on developing
algorithms capable of learning from and making predictions based on data. In TCM, ML
shows promise in improving personalized treatment strategies. By developing robust
prediction models, ML can optimize treatment protocols tailored to individual patient
characteristics, thereby enhancing therapeutic outcomes and patient care. Several previous
studies have successfully applied ML to similar tasks in the TCM area, demonstrating its
potential to improve diagnostic accuracy (ACC) and treatment outcomes [26–31]. A study
demonstrated that a multi-feature TCM constitution identification model integrating facial
complexion, body shape features, and deep features could achieve an accuracy of 0.842,
providing strong evidence for the effectiveness of comprehensive feature fusion approaches
in TCM constitution classification [30]. A study developed an ML-assisted rapid determi-
nation methodology for TCM constitution based on the Constitution in Chinese Medicine
Questionnaire, achieving classification accuracies of 0.819–0.936, demonstrating that a
subset of core items can effectively predict body constitution [31]. Our team previously
conducted two pilot RCTs focused on parent-administered pediatric tuina for ADHD in
children (NCT04237259/NCT06007742). In these studies, TCM practitioners provided
individualized pediatric tuina prescriptions based on pattern identification and diagnosis
for each child. Pattern differentiation serves as the cornerstone of TCM treatment plan-
ning. In pediatric tuina for ADHD, different patterns guide practitioners to select specific
acupoints and manipulation techniques. This individualization is crucial as it directly
affects treatment outcomes—appropriate pattern-based treatment typically leads to better
therapeutic effects and fewer adverse events compared to standardized approaches. Using
inappropriate treatments not matching the pattern may result in reduced effectiveness or
even adverse reactions. Parents were trained by TCM practitioners on the required manip-
ulations and performed these at home over an 8-week period. The diagnoses were based
on parent-reported children’s constitutional questionnaires. These studies confirmed the
feasibility, acceptability, and preliminary efficacy of this approach. Conducted in mainland
China and Hong Kong, the studies included both preschool and school-aged children,
demonstrating wide applicability. Given the high prevalence of ADHD, refining and ex-
panding these methods using ML could make this intervention accessible to more people,
assist novice TCM practitioners in pattern identification and diagnosis, and help parents
better understand their children’s constitution. Therefore, we conducted this study.

1.4. Objectives of This Study

The primary objective of this study was to develop an ML-based approach for feature
analysis and pediatric tuina prescriptions prediction in the management of ADHD based on
parent-reported child constitutional information. Specifically, this study aimed to (1) select
the most relevant features for effective TCM pattern identification and diagnosis; (2) predict
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the TCM pattern type for each child with ADHD to recommend individualized parent-
administered pediatric tuina prescriptions; and (3) identify the most suitable ML model for
the task.

2. Methods
This study was an extension of a pilot RCT focused on parent-administered pediatric

tuina for managing ADHD in school-aged children in Hong Kong (ClinicalTrials.gov:
NCT06007742). The pilot RCT, which involved 61 parent–child pairs, used parent-reported
questionnaires to collect information about the children’s constitution for TCM pattern
identification. TCM practitioners performed TCM pattern identification for the children
based on their constitutional information collected and formulated individualized pediatric
tuina prescriptions for the parents to deliver on their children at home. Figure 1 shows the
TCM patterns of ADHD and several prescription samples for each ADHD TCM pattern.
The diagnosis and treatment framework were refined by our research team based on the
pediatric clinical practice guideline of TCM for children with ADHD [29]. Findings of
the study demonstrated that this method for children’s TCM pattern identification and
parent-administered pediatric tuina prescription formulation were feasible. The current
work is an application of the parent-reported questionnaire of children’s constitutional
characteristics to develop an ML-based approach for selecting features and predicting
pediatric tuina prescriptions for ADHD management.

Figure 1. TCM pattern identification and prescription formulation of parent-administered pediatric
tuina for children with ADHD.

2.1. Data Source

Data were collected from November 2023 to June 2024. The data utilized in this study
were derived from a cross-sectional study in China using Qualtrics (Provo, UT, USA) and
Wenjuanxing (Changsha, China), both of which are widely used online survey platforms.
The participants in this study were parents of children diagnosed with ADHD. A total
of 1005 parents filled in the questionnaire of children’s constitutional characteristics. All
participants met the following inclusion criteria: (1) were parents of children aged between
4 and 15 years, (2) their children had a clinical diagnosis of ADHD based on DSM-5

ClinicalTrials.gov
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criteria [1], and (3) their children had no significant neurological, psychiatric, or medical
conditions other than ADHD. Informed consent was obtained from the parents.

2.2. Data Processing

The dataset included 1005 questionnaires, each with 71 questions and corresponding
labels. We labeled each child’s constitution as a TCM pattern based on the 71 features, which
include 70 items derived from the parent-reported Child’s Constitutional Questionnaire
and the child’s age as a demographic feature. This questionnaire, detailed in the document
“Classification and Determination of Children’s Constitution in TCM,” was specifically
designed to assess various aspects of children’s physical and psychological health according
to TCM principles. The parent-reported section encompasses a range of items such as energy
levels, appetite, sleep quality, bowel movements, spontaneous sweating, frequent colds,
digestive issues, and emotional stability. Supplementary S1 lists these features in detail.
Different options within the questionnaire were numerically coded; for example, Likert
scale responses were assigned different numerical values, while “yes” or “no” options were
represented by 0 or 1.

Four experienced TCM practitioners collaborated to diagnose and identify TCM
patterns for each child. The lead TCM practitioner, KCL, who possesses over a decade of
clinical experience in pediatric tuina, developed guidelines for identifying ADHD-related
TCM patterns. Additionally, she supervised and verified the diagnostic outcomes provided
by the other three practitioners. All children were assigned individualized TCM patterns for
ADHD, including dual deficiency of the lung–spleen pattern, liver depression and spleen
deficiency pattern, liver ascendant hyperactivity and spleen deficiency pattern, effulgent
heart–liver fire pattern, phlegm-fire harassing the heart pattern, and liver–kidney yin
deficiency pattern. The TCM patterns for ADHD referred to the TCM guidance for pediatric
ADHD [32,33] and were adjusted by the TCM practitioners based on their clinical and
research experience. Supplementary S2 presents the TCM pattern identification approaches
and corresponding pediatric tuina prescriptions for ADHD in children. For the purposes of
our ML model, we encoded the patterns as follows: dual deficiency of the lung–spleen was
labeled as 0, liver depression and spleen deficiency as 1, and liver ascendant hyperactivity
and spleen deficiency as 2. Due to the low prevalence of the remaining three patterns
in clinical practice, we combined them into a single category labeled as 3. The three less
common TCM patterns were combined due to their low frequencies in our dataset, as
separate analysis could potentially compromise model reliability due to data sparsity.

2.3. Machine Learning Workflow

The task was implemented in two phases: the feature selection phase and the TCM
pattern identification phase. During the feature selection phase, critical features were
differentiated within the entire dataset. In the TCM pattern identification phase, four ML
models were applied. All algorithms were implemented in Python 3.12 (Python Software
Foundation, Wilmington, DE, USA).

2.3.1. Feature Selection Phase

We initially conducted a feature correlation analysis employing correlation coefficient
methodology to assess the redundancy among the features. Then the feature selection
phase was implemented using a robust approach that involved a linear regression classifier
with five-fold cross-validation. The dataset was divided into five subsets. In each fold, one
subset was used for validation while the remaining four subsets were used for training.
This process was repeated five times, ensuring that each subset was used for validation
exactly once. This method helps in providing reliable performance estimates and reducing
overfitting risk. In each fold, the Logistic Regression classifier using the log loss (For-
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mula (1)) penalizes incorrect predictions with greater severity as the predicted probability
diverges from the actual label. It ranked the features based on their contribution to the
Area Under the Curve (AUC) values. This ranking process allowed us to identify which
features had the most significant impact on the model’s predictive ability. The number
of features considered ranged from 1 to 71. After identifying the critical features, these
selected features were used to train and test the ML models in the subsequent TCM pattern
identification phase.

Log Loss = − 1
N

N

∑
i=1

K

∑
k=1

yiklog(pik) (1)

where K is the number of classes, yik is a binary indicator (0 or 1) that signifies whether
class label k is the correct classification for sample i, and pik is the predicted probability that
sample i belongs to class k. A lower log loss value indicates better model performance, as it
reflects more accurate predictions.

2.3.2. TCM Pattern Identification Phase

In the TCM pattern identification phase, multiple ML models were constructed and
evaluated to identify the most effective model for TCM pattern classification in children
with ADHD. The models applied included Support Vector Machines (SVM), Logistic
Regression (LR), Multilayer Perceptron (MLP), and Random Forest (RF). SVM is particu-
larly effective for high-dimensional spaces and is commonly used for classification tasks,
constructing a hyperplane that best separates the classes in the feature space [34]. LR
is a widely used statistical model for binary classification tasks, providing interpretable
feature importance, making it easier to understand the influence of each feature on the
prediction [35]. MLP, a type of artificial neural network, is capable of capturing complex,
non-linear patterns in the data through multiple layers of nodes, each using a non-linear
activation function [36]. RF, an ensemble learning method, combines multiple decision
trees to improve predictive accuracy (ACC) by averaging the predictions from various trees,
which reduces overfitting and enhances generalization [37].

The dataset was divided into 80% for training and cross-validation and 20% for
testing. The training subset was used to train the models, while the validation subset was
employed for hyperparameter tuning to avoid overfitting. The final model evaluation
was performed on the test subset to assess its predictive performance. Evaluation metrics
included the AUC and ACC for both the training and testing datasets. These metrics
provided a comprehensive assessment of each model’s performance, ensuring that the
selected model not only had high AUC scores but also balanced ACC between the training
and testing datasets. The model demonstrating the best overall performance across these
metrics was selected for TCM pattern identification.

In our study, the classifiers were standard ML models that required only limited
hyperparameter tuning, with typically one or two key parameters set for each. Specifi-
cally, the MLP was configured with a hidden layer size of three layers containing 64 units
each, together with an adaptive learning rate. The support vector machine (SVM) was
parameterized by the kernel width (γ), which was set to auto under the RBF kernel. The
Random Forest (RF) was constructed with 70 trees (n_estimators = 70) without a prede-
fined maximum depth (max_depth = None). For LR, the main hyperparameter was the
regularization strength, optimized under the L-BFGS solver with a maximum of 1000 itera-
tions (max_iter = 1000). These parameter values were first adopted based on established
practices and prior experience and then further refined through empirical evaluation on
our discovery cohort. To ensure robustness, we conducted sensitivity analyses of the key
hyperparameters (e.g., hidden layer size for MLP, number of trees for RF, regularization
strength for LR, and kernel width for SVM). The reported settings consistently yielded the



Bioengineering 2025, 12, 1012 7 of 20

best performance for each classifier on our discovery dataset and were therefore used for
subsequent comparative analyses.

2.4. Statistical Analysis

To ensure the robustness and reliability of the ML models, statistical analysis focused
on evaluating the performance metrics through cross-validation. The primary evaluation
metrics included the AUC (Formula (2)) and ACC for both the training and testing datasets.
ACC measures the proportion of correctly predicted samples out of all examined cases.
Mathematically, it is defined as:

ACC =
PC + NC

PC + NC + PE + NE
(2)

where PC is the number of samples correctly predicted as a specific TCM pattern, NC is the
number of samples correctly predicted as not belonging to that TCM pattern, PE represents
the number of samples incorrectly predicted as that TCM pattern, and NE represents the
number of samples incorrectly predicted as not belonging to that TCM pattern. Confidence
intervals for these metrics were calculated to assess the precision of the performance esti-
mates. Hyperparameter tuning was validated using the validation subset, ensuring that
the tuning process effectively mitigated overfitting and enhanced the models’ generaliza-
tion capabilities. This rigorous statistical analysis framework provided a reliable basis
for identifying TCM patterns in children with ADHD, ensuring that the selected model
demonstrated statistically sound performance.

3. Results
3.1. Patient Characteristics

A detailed flowchart of the study is shown in Figure 2. A total of 1536 parents of
children with ADHD completed and submitted the questionnaire. The questionnaires were
collected from 32 multiple provincial administrative regions in China. According to the
inclusion criteria, 531 questionnaires were excluded as follows: 226 questionnaires with
children of ineligible age (<4 years or >15 years), 279 questionnaires with children not
diagnosed with ADHD, and 26 questionnaires with children from other countries. Finally,
1005 eligible patients were included in the subsequent analysis. The selected participants
had a median age of 10.0 [interquartile range (IQR) 9.0–11.0] years, with a female proportion
of 17.3%. The number of participants diagnosed with a pattern of dual deficiency of the
lung–spleen (labeled as 0), liver depression and spleen deficiency (labeled as 1), liver
ascendant hyperactivity and spleen deficiency (labeled as 2), and others (labeled as 3) were
471, 212, 239, and 83, respectively. Table 1 shows the socio-demographic characteristics of
parents and children labeled as different TCM patterns (n = 1005).

3.2. Feature Correlation Analysis

To assess the redundancy of the questionnaire, we undertook an initial screening of
the 71 features. The heatmap depicted in Figure 3a reveals a prevalent pattern of positive
correlations among the features, with a notable minority exhibiting negative correlations
(see Supplementary S3a and S3b). Specifically, several features demonstrate high correlation
coefficients, with an absolute value above 0.5. For example, feature 10 (“The child falls
asleep quickly and sleeps soundly”) and feature 44 (“The child takes a long time to fall
asleep”) have a strong negative correlation of 0.72, whereas feature 50 (“The child feels
like there’s something stuck in their throat”) and feature 60 (“The child easily has a lot of
phlegm when coughing”) are positively correlated at 0.58. The strong correlation (where
the absolute correlation exceeded 0.5) features are listed in Figure 3b. This process led
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to the elimination of 32 features, narrowing down the list from 71 to 39 features (see
Supplementary S3c and S3d). These remaining features showed low intercorrelations,
primarily weak positive and negative correlations.

 

Figure 2. The flowchart of this study.

Table 1. Characteristics of children labeled as different TCM patterns.

Participants
Labeled as 0 d

(N = 471)

Participants
Labeled as 1 e

(N = 212)

Participants
Labeled as 2 f

(N = 239)

Participants
Labeled as 3 g

(N = 83)
p-Value

Children
Age, median (IQR) 10.0 (3.0) 10.0 (2.0) 10.0 (2.0) 10.0 (2.0) 0.087

Gender, n (%) 0.366
Male 392 (83.2) 169 (79.7) 204 (85.4) 66 (79.5)

Female 79 (16.8) 43 (20.3) 35 (14.6) 17 (20.5)
BMI, median (IQR) 16.0 (4.7) 16.0 (4.2) 16.7 (4.7) 16.3 (4.0) 0.234

Family history of allergy, n (%) 0.000
Yes 245 (52.0) 67 (31.6) 50 (20.9) 21 (25.3)
No 226 (48.0) 145 (68.4) 189 (79.1) 62 (74.7)

Frequency of respiratory
infections per year, n (%) 0.000

Always a 82 (17.4) 23 (10.8) 22 (9.2) 12 (14.5)
Sometime b 262 (55.6) 115 (54.2) 115 (48.1) 52 (62.7)

Rarely c 127 (27.0) 74 (34.9) 102 (42.7) 19 (22.9)
Parents

Education level, n (%) 0.178
Primary school or below 0 (0) 1 (0.5) 0 (0) 0 (0)

Middle school 19 (4.0) 13 (6.1) 15 (6.3) 5 (6.0)
Junior college 82 (17.4) 45 (21.2) 52 (21.8) 23 (27.7)

College or above 370 (78.6) 153 (72.2) 172 (72.0) 55 (66.3)
Family income, n (%) 1.000
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Table 1. Cont.

Participants
Labeled as 0 d

(N = 471)

Participants
Labeled as 1 e

(N = 212)

Participants
Labeled as 2 f

(N = 239)

Participants
Labeled as 3 g

(N = 83)
p-Value

Below CNY 4999 4 (0.8) 5 (2.4) 10 (4.2) 3 (3.6)
CNY 5000–9999 78 (16.6) 42 (19.8) 39 (16.3) 15 (18.1)

CNY 10,000–29,999 227 (48.2) 104 (49.1) 122 (51.0) 47 (56.6)
CNY 30,000–49,999 103 (21.9) 33 (15.6) 43 (18.0) 14 (16.9)

CNY 50,000 or above 59 (12.5) 28 (13.2) 25 (10.5) 4 (4.8)
Remarks: a: frequency of respiratory infections in children per year (always): ages 1–3: ≥7 times/year, ages
4–6: ≥6 times/year, ages 7–12: ≥5 times/year; b: frequency of respiratory infections in children per year
(sometime): ages 1–3: 2–6 times/year, ages 4–6: 2–5 times/year, ages 7–12: 2–4 times/year; c: frequency of
respiratory infections in children per year (rarely): <2 times/year; d: pattern of dual deficiency of the lung–
spleen; e: pattern of liver depression and spleen deficiency; f: pattern of liver ascendant hyperactivity and spleen
deficiency; g: other patterns; CNY: Chinese Yuan.

3.3. Selection of the Features

To select the most informative questions, we conducted a series of five-fold CV ex-
periments using different numbers of input features, ranging from 1 to 30. As shown in
Figure 4, when the model was provided with 10 input features, it achieved the highest
average performance on the validation sets in terms of both AUC and ACC. Specifically,
the key performance metrics are as follows: training AUC of 0.913; average validation AUC
of 0.886; training ACC of 0.731; and average validation ACC of 0.702. Figure 5 presents
the importance of each selected feature, arranged based on their selection frequency and
importance values in the five-fold cross-validation. Among the five-fold CV, seven features
were selected for five times as follows: feature 15, 14, 19, 37, 35, 47, and 45. Here, feature 15,
14, 37, and 19 have an importance value over 0.4.

The items from the questionnaire corresponding with the selected seven features are
outlined as follows: (1) feature 15—“The child is prone to allergic diseases, such as allergic
rhinitis or cough-variant asthma, or tends to sneeze, have a runny nose, nasal congestion, or
cough in situations like seasonal changes, temperature fluctuations, or exposure to pollen
or furry animals, or in environments with potential allergens like renovations”; (2) feature
14—“The child experiences itching after contact with or consuming allergens (such as
certain foods, pollen, dust, pets, etc.)”; (3) feature 19—“The child had chronic diarrhea or
eczema when they were younger”; (4) feature 37—“The child easily develops mouth ulcers
or sore throats”; (5) feature 35—“The child has a quick temper”; (6) feature 47—“The child
easily feels anxious and overthinks things”; and (7) feature 45—“The child is sensitive and
thoughtful, caring a lot about others’ opinions”.
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Figure 3. The correlation analysis between all features (a) and high correlation features (b). Remarks: The color scale ranges from −1.0 (dark blue, strong negative
correlation) to +1.0 (dark red, strong positive correlation). Features with absolute correlation coefficients |r| > 0.5 are considered highly correlated. For detailed
descriptions of all features (1–71), please refer to Supplementary S1.
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Figure 4. The training and validation performance as the number of features varies.

Figure 5. Importance maps of five-fold cross-validation. Remarks: [Allergic symptoms] feature
14: The child experiences itching after contact with or consuming allergens (such as certain foods,
pollen, dust, pets, etc.); feature 15: The child is prone to allergic diseases, such as allergic rhinitis
or cough-variant asthma, or tends to sneeze, have a runny nose, nasal congestion, or cough in
situations like seasonal changes, temperature fluctuations, or exposure to pollen or furry animals, or
in environments with potential allergens like renovations; feature 19: The child had chronic diarrhea
or eczema when they were younger. [Emotional/Psychological symptoms] Feature 47: The child
easily feels anxious and overthinks things; feature 48: The child remains in a low mood for a long time
after setbacks; feature 45: The child is sensitive and thoughtful, caring a lot about others’ opinions;
feature 35: The child has a quick temper; feature 38: The child is highly energetic and very active.
[Digestive symptoms] Feature 69: The child tends to overeat and has indigestion; feature 32: The
child has dry stool. [Physical symptoms] Feature 29: The child is afraid of the cold; feature 30: The
child has cold hands and feet; feature 37: The child easily develops mouth ulcers or sore throats;
feature 43: The child has a lot of eye discharge upon waking.
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3.4. Predictive Performance of ML Models

In the testing cohort, the results showed that the MLP algorithm achieved the highest
AUC of 0.90 (Figure 6) and the highest ACC of 0.74. All the four ML algorithms achieved
AUC > 0.88 and ACC > 0.70, suggesting that they all have considerable ability to predict
the TCM pattern type. As shown in Figure 6, using the selected features, the SVM, RF,
and LR classifier achieved AUCs of 0.897, 0.880, and 0.899, respectively, indicating that the
MLP model outperformed the other classifiers. As shown in Figure 7, the ACC of TCM
pattern type-0, type-1, type-2, type-3, RF algorithm, MLP algorithm, SVM algorithm, and
LR algorithm achieved the highest ACC of 0.85, 0.81, 0.75, and 0.71, respectively. This
suggests that the performance on frequent patterns is higher than the performance on rare
patterns. Notably, the ML classifiers demonstrated strong predictive power for predicting
the TCM pattern type, with the MLP algorithm displaying the highest average performance.
Figure 8 displays the SHAP bar plot, in which features are ranked in descending order of
their contribution to model predictions (mean absolute SHAP value).

Figure 6. ROC curves for training, validation, and testing datasets (features = 10).
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Figure 7. Confusion metrics for the testing dataset. Remarks: type 0: pattern of dual deficiency of
the lung–spleen; type 1: pattern of liver depression and spleen deficiency; type 2: pattern of liver
ascendant hyperactivity and spleen deficiency; type 3: other patterns.

Figure 8. SHAP bar plot for the final MLP classifier.
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4. Discussion
4.1. Main Findings

This study investigated the use of ML to enhance ADHD management in children
through parent-administered pediatric tuina. It involved 1005 eligible participants, selected
from a large pool, based on specific criteria. The research focused on identifying key
features using five-fold cross-validation, ultimately identifying seven crucial features. ML
models, including MLP, SVM, LR, and RF, were employed to predict TCM patterns. The
MLP model emerged as the top performer with the highest AUC and ACC. This suggests
that these models are effective in capturing the complex patterns in the data, allowing
for accurate classification of TCM patterns. The consistent performance across models
indicates a robust framework for integrating ML with TCM, offering a promising direction
for personalized ADHD treatments. By employing modern computational techniques
alongside traditional TCM knowledge, this study demonstrates a practical approach to
integrating ML with TCM diagnostic methods for ADHD management. The study iden-
tified several key features crucial for predicting TCM patterns in ADHD management.
Features such as feature 15 (“The child is prone to allergic diseases, such as allergic rhinitis
or cough variant asthma, or tends to sneeze, have a runny nose, nasal congestion, or cough
under certain conditions”), 14 (“The child experiences skin itching after contact with or
consumption of certain allergens”), 19 (“The child had chronic diarrhoea or eczema in
early childhood”), and 37 (“The child is prone to mouth ulcers and sore throat”) showed
high importance values, indicating their significant role in distinguishing different TCM
patterns. These findings reflect the complexity of TCM pattern identification in ADHD
management. These TCM patterns can be broadly categorized into several common basic
patterns, as guided by clinical practice guidelines and expert consensus. However, within
these basic patterns, each child presents with unique individual variations in terms of
the specific combination of symptoms, the severity of different manifestations, and the
potential presence of additional pattern features. A child’s constitution and corresponding
TCM pattern may change over time due to various factors such as dietary habits, seasonal
changes, geographic location, growth and development, and environmental influences.
Based on our clinical research experience and practice, we have found that TCM patterns
in ADHD children require monthly reassessment and pattern identification. This frequent
monitoring is crucial because children’s conditions can change rapidly due to physical
growth and development, changes in living environment and daily routines, seasonal
transitions, dietary modifications, and response to ongoing treatment. Therefore, timely
and regular pattern identification and prescription adjustments (typically monthly based
on our previous clinical research) are essential to optimize treatment effectiveness, address
emerging symptoms promptly, maintain therapeutic momentum, and prevent potential
pattern transitions from being missed. Our ML model is designed to support this dynamic
clinical process by enabling efficient and consistent pattern identification during regular
follow-ups. While our framework addresses this complexity, these identified features
likely correspond to physical and behavioral symptoms that align closely with ADHD
characteristics, providing insights into how these traditional indicators can be used to
tailor interventions. Moreover, in the analysis of feature clusters, features 7–13 exhibit a
negative correlation with other features, suggesting their unique contribution to the diag-
nostic framework. This negative correlation indicates that, when these features are present,
they may inversely affect the manifestation of other feature groups, potentially serving as
distinct indicators within the diagnostic process. Further research is needed to explore the
specific contexts in which these features provide significant diagnostic insights. If their
relevance is confirmed, these features could be clustered together and utilized collectively
in diagnostic evaluations, enhancing the precision of identifying TCM patterns in ADHD
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management. This approach would refine diagnostic ACC and contribute to more targeted
and individualized treatment strategies.

The analysis identified strong correlations among certain questionnaire features, likely
due to overlapping item content. For example, features 17 and 63 (both skin-related) show
a strong positive correlation, while symptom 10 (good sleep behavior) and feature 44 (time
to fall asleep) exhibit a strong negative correlation. Such correlations suggest information
redundancy, indicating that not all highly correlated features are necessary for analysis. To
streamline the feature set and improve model generalization, we propose consolidating
feature pairs with high correlations (Pearson’s r > 0.7): 10 and 44, 17 and 63, 40 and 65, and
49 and 58. After assessing each feature’s relevance, we recommend retaining features 10, 17,
65, and 58 and removing 44, 63, 40, and 49. This refinement may enhance model accuracy
and efficiency. Future studies should validate the clinical effectiveness of this streamlined
questionnaire and assess its impact on diagnostic accuracy.

The research on predicting TCM patterns for ADHD management utilizing four ML
models—MLP, SVM, LR, and RF—revealed challenges due to TCM pattern distribution
imbalance and limited sample sizes for specific patterns. These challenges, primarily stem-
ming from an underrepresentation of certain TCM patterns, significantly influenced model
performance, as biases toward majority patterns led to skewed predictions [38,39]. Various
optimization techniques tailored to each model significantly impacted their performance,
with differences in strategy affecting their ability to handle the dataset’s unique challenges
effectively [40,41]. To mitigate bias and improve model robustness, cross-validation tech-
niques were employed to enhance ACC across diverse data subsets [42,43]. Despite these
efforts, the scarcity of data for rarer TCM patterns remained a critical issue. Future research
should expand the dataset for a more balanced representation of TCM patterns, poten-
tially through enhanced data collection for underrepresented categories or advanced data
augmentation methods [44,45]. Furthermore, refining feature selection and optimization
strategies, particularly through more rigorous cross-validation methods, is recommended
to boost the models’ predictive ACC and support more personalized ADHD management
strategies using TCM, thereby advancing the development of equitable machine learning
applications in clinical settings [46,47].

4.2. Implications for TCM Practitioners and ADHD Families

The model output serves as a decision support tool to assist TCM practitioners in two
ways: (1) it provides an initial TCM pattern differentiation before clinical visits, helping
practitioners prepare targeted treatment plans; (2) it offers quantitative evidence to sup-
port or validate practitioners’ clinical judgment during face-to-face consultations. This
complements, rather than replaces, TCM practitioners’ expertise in the clinical setting.
The ML model developed in this research transcends its initial application in pediatric
tuina, demonstrating extensive applicability across a broad spectrum of TCM treatments
for ADHD. This model’s robust capability to accurately identify TCM patterns significantly
could enhance various modalities such as acupuncture, moxibustion, cupping, Chinese
herbal prescription formulation, and tailored dietary interventions. Its advanced ability to
analyze and interpret complex feature data is critical for precise TCM pattern identification,
which is feasible for customizing treatment strategies like acupuncture and cupping therapy
to address the unique imbalances associated with ADHD. Furthermore, this study pioneers
the application of ML in pediatric tuina for ADHD treatment. Given the significant shortage
of qualified pediatric tuina practitioners and ADHD’s high prevalence, this integration of
ML with standardized TCM diagnostic tools ensures safer, more effective, and accessible
interventions through daily home-based treatment, potentially benefiting numerous fam-
ilies affected by ADHD. Beyond ADHD management, the ML model shows promising



Bioengineering 2025, 12, 1012 16 of 20

potential for addressing a range of other pediatric medical conditions. Its adaptability
allows for the development of targeted treatment strategies informed by deep insights
derived from TCM principles. Additionally, this model serves as a helpful tool for junior
TCM practitioners, offering detailed, data-driven insights that aid in disease diagnosis and
treatment plan formulation.

4.3. Novelty and Social Impact

Our study makes significant contributions to TCM diagnosis and healthcare delivery in
three key aspects: First, we innovatively integrated machine learning with the standardized
TCM pattern identification questionnaire for children (released in 2023). This addresses a
critical gap in pediatric TCM diagnosis, where previous pattern identification largely relied
on adult questionnaires or non-standardized clinical observations. Second, our approach
transforms traditional experience-based TCM pattern identification into a standardized,
data-driven methodology. With the growing global demand for complementary treatments,
this standardization ensures more reliable and consistent diagnosis, making TCM more
accessible and applicable in modern healthcare settings. Third, by successfully integrating
computational methods with standardized diagnostic tools, our work demonstrates the
feasibility of combining traditional medicine with modern technology. This has substantial
clinical and social impact, particularly in healthcare systems seeking to integrate traditional
and modern medical approaches. Our achieved accuracy levels (>70%) are particularly
meaningful given the inherent subjectivity in TCM pattern identification. This performance
aligns with recent findings from similar studies in TCM constitution classification, where
machine learning applications typically achieve AUC values between 0.82 and 0.95 [31].
Future research with larger datasets would be valuable for further improving identification
accuracy, especially for less common patterns.

4.4. Strengths and Limitations

This study presents multiple strengths that significantly enhance its impact and ro-
bustness in the field of ADHD management using TCM interventions. First, five-fold
cross-validation was applied in both feature extraction and model training, which helps
ensure the stability and reliability of the analytical results. Second, integrating traditional
Chinese medical principles with contemporary ML methods provides a practical frame-
work for developing personalized approaches to pediatric care for children with ADHD
symptoms. Third, recruiting participants from 32 provincial administrative regions across
China increases the dataset’s diversity and enhances the generalizability of the findings.
Fourth, the prospective design with standardized assessment and consensus-based pattern
differentiation by experienced practitioners helps minimize potential biases inherent in
TCM diagnosis. Finally, the use of a structured and culturally adapted parent questionnaire
ensures that the clinical data collected are both comprehensive and relevant, supporting
the practical translation of predictive models into clinical settings.

Despite its notable strengths, this study has several limitations that should be ac-
knowledged. First, the data were collected exclusively from Chinese participants using
a parent-reported questionnaire designed for local TCM constitution assessment, which
may limit the generalizability of the findings to other populations or cultural settings. To
apply this approach in different cultural contexts, the questionnaire would require cultural
adaptation, including language translation and modification of TCM concepts to align
with local healthcare practices. The validity of TCM pattern differentiation criteria may
vary across cultures due to differences in lifestyle, diet, and environmental factors. Sec-
ond, the reliance on parent-reported data introduces inherent subjectivity and variability,
potentially affecting data quality and, consequently, the accuracy and robustness of the
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ML models in identifying TCM patterns and assessing ADHD symptoms. Parent reports
may be influenced by recall bias, varying levels of observation, and different interpretation
standards of children’s behaviors. Third, the uneven distribution of TCM patterns and
the relatively small sample size for certain subgroups may may limit detection of rare
but clinically meaningful effects. Finally, although the models demonstrated promising
predictive performance, their accuracy may not yet meet the high standards required for
clinical application. Future research with larger, more diverse, and multi-center cohorts,
as well as external validation in different populations, will be essential to enhance the
robustness and applicability of our approach. While our current study utilized a rigorous
three-way data split approach, future research should focus on validating the model using
independent datasets from different hospitals and regions. This external validation would
help establish model generalizability across different clinical settings and patient popula-
tions. Furthermore, we plan to conduct RCTs to compare the clinical efficacy and feasibility
between prescriptions generated by our model and those prescribed by TCM practitioners
through traditional pattern differentiation. Such clinical trials will provide crucial evidence
for the practical application value of our ML-assisted TCM diagnostic model.

In the past few years, the COVID-19 pandemic saw the widespread use of TCM as a
supportive treatment modality, particularly in regions like China, where TCM was inte-
grated into national COVID-19 treatment guidelines. Real-world evidence from electronic
health records and patient registries could provide valuable insights into the efficacy and
safety of TCM interventions [48]. However, analyzing such data presents unique challenges
due to the complexity of TCM formulations, individualized treatment principles, and the
need for advanced natural language processing techniques to extract meaningful patterns
from unstructured clinical notes. Machine learning methods could be adapted to identify
TCM treatment patterns, predict patient responses, and integrate multi-omics data to un-
derstand mechanistic pathways. Future research should explore how big data analytics
can bridge traditional medicine with modern healthcare systems, especially in pandemic
preparedness and response.

5. Conclusions
This study developed an ML-based approach for enhancing the management of ADHD

in children using pediatric tuina, as informed by a parent-reported questionnaire. Seven key
features (relating to allergic conditions, emotional characteristics, and gastrointestinal symp-
toms) were selected for conducting TCM pattern identification, developing personalized
treatment strategies, and identifying the most suitable ML models for these tasks. The
use of multiple ML models, including MLP, SVM, LR, and RF, demonstrated strong pre-
dictive capabilities, with the MLP model achieving the highest AUC and ACC. Future
research should focus on expanding data collection for underrepresented TCM patterns,
validating the model across diverse populations, and evaluating the clinical effectiveness
of ML-guided treatment strategies.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/bioengineering12101012/s1, S1: Traditional Chinese Medicine
Child Constitution Assessment (For Parents); S2: TCM Pattern Identification Approaches and Corre-
sponding Pediatric Tuina Prescriptions for ADHD (based on our previous research experience. The
symptoms are according to the Traditional Chinese Medicine Children’s Constitution Scale); S3a:
All features’ correlation; S3b: All features’ correlation pval; S3c: Selected features’ correlation; S3d:
Selected features’ correlation pval.

Author Contributions: Conceptualization, S.-C.C., W.-F.Y. and G.R.; Software, Z.-H.L. and G.R.;
Validation, H.L. and P.-M.W.; Formal analysis, S.-C.C. and X.Z.; Investigation, G.-T.W., H.L., L.-F.H.

https://www.mdpi.com/article/10.3390/bioengineering12101012/s1
https://www.mdpi.com/article/10.3390/bioengineering12101012/s1


Bioengineering 2025, 12, 1012 18 of 20

and K.-C.L.; Resources, G.-T.W.; Data curation, S.-C.C., Z.-H.L., L.-F.H. and K.-C.L.; Writing—original
draft, S.-C.C.; Writing—review & editing, K.-C.L. and G.R.; Visualization, J.Q. and G.R.; Supervision,
W.-F.Y. and J.Q.; Project administration, G.R. All authors have read and agreed to the published
version of the manuscript.

Funding: This research was funded by the Health and Medical Research Fund (11222456) of the
Health Bureau, the Pneumoconiosis Compensation Fund Board in HKSAR, and Shenzhen Science
and Technology Program (JCYJ20230807140403007), Guangdong Basic and Applied Basic Research
Foundation (2025A1515012926).

Institutional Review Board Statement: The study was conducted in accordance with the Decla-
ration of Helsinki, and approved by the Ethical Committees of the Hong Kong Polytechnic Uni-
versity (HSEARS20230810005, 13 September 2023) and the Southwest University (IRB No. H24068,
19 April 2024).

Informed Consent Statement: Informed consent was obtained from all parents involved in the study.

Data Availability Statement: The correlation analysis data supporting this study are provided in
Supplementary Materials. The original de-identified clinical data is available on request from the
corresponding author with appropriate justification.

Acknowledgments: We thank the reviewers for their valuable comments and suggestions that helped
improve this manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. American Psychiatric Association. Diagnostic and Statistical Manual of Mental Disorders: (DSM-5), 5th ed.; American Psychiatric

Association: Arlington, VA, USA, 2013; p. 947.
2. Polanczyk, G.; de Lima, M.S.; Horta, B.L.; Biederman, J.; Rohde, L.A. The worldwide prevalence of ADHD: A systematic review

and metaregression analysis. Am. J. Psychiatry 2007, 164, 942–948. [CrossRef]
3. Faraone, S.V.; Biederman, J.; Mick, E. The age-dependent decline of attention deficit hyperactivity disorder: A meta-analysis of

follow-up studies. Psychol. Med. 2006, 36, 159–165. [CrossRef] [PubMed]
4. Barkley, R.A. Attention-Deficit Hyperactivity Disorder: A Handbook for Diagnosis and Treatment, 4th ed.; Guilford Publications: New

York, NY, USA, 2014.
5. DuPaul, G.J.; Stoner, G. ADHD in the Schools: Assessment and Intervention Strategies, 3rd ed.; Guilford Publications: New York, NY,

USA, 2014.
6. Hoza, B. Peer functioning in children with ADHD. J. Pediatr. Psychol. 2007, 32, 655–663. [CrossRef] [PubMed]
7. Edbom, T.; Granlund, M.; Lichtenstein, P.; Larsson, J.O. ADHD Symptoms Related to Profiles of Self-Esteem in a Longitudinal

Study of Twins A person-oriented approach. J. Child. Adolesc. Psychiatr. Nurs. 2008, 21, 228–237. [CrossRef]
8. Greenhill, L.L.; Pliszka, S.; Dulcan, M.K.; Bernet, W.; Arnold, V.; Beitchman, J.; Benson, R.S.; Bukstein, O.; Kinlan, J.; McClellan, J.;

et al. Practice parameter for the use of stimulant medications in the treatment of children, adolescents, and adults. J. Am. Acad.
Child Adolesc. Psychiatry 2002, 41 (Suppl. S2), 26s–49s. [CrossRef]

9. Chronis, A.M.; Jones, H.A.; Raggi, V.L. Evidence-based psychosocial treatments for children and adolescents with attention-
deficit/hyperactivity disorder. Clin. Psychol. Rev. 2006, 26, 486–502. [CrossRef] [PubMed]

10. Wolraich, M.L.; Hagan, J.F.; Allan, C., Jr.; Chan, E.; Davison, D.; Earls, M.; Evans, S.W.; Flinn, S.K.; Froehlich, T.; Frost, J.; et al.
Clinical Practice Guideline for the Diagnosis, Evaluation, and Treatment of Attention-Deficit/Hyperactivity Disorder in Children
and Adolescents. Paediatr 2019, 144, e20192528. [CrossRef]

11. Pelsser, L.M.; Frankena, K.; Toorman, J.; Savelkoul, H.F.; Dubois, A.E.; Pereira, R.R.; Haagen, T.A.; Rommelse, N.N.; Buitelaar, J.K.
Effects of a restricted elimination diet on the behaviour of children with attention-deficit hyperactivity disorder (INCA study): A
randomised controlled trial. Lancet 2011, 377, 494–503. [CrossRef]

12. Arns, M.; de Ridder, S.; Strehl, U.; Breteler, M.; Coenen, A. Efficacy of neurofeedback treatment in ADHD: The effects on
inattention, impulsivity and hyperactivity: A meta-analysis. Clin. EEG Neurosci. 2009, 40, 180–189. [CrossRef]

13. Zylowska, L.; Ackerman, D.L.; Yang, M.H.; Futrell, J.L.; Horton, N.L.; Hale, T.S.; Pataki, C.; Smalley, S.L. Mindfulness meditation
training in adults and adolescents with ADHD: A feasibility study. J. Atten. Disord. 2008, 11, 737–746. [CrossRef]

https://doi.org/10.1176/ajp.2007.164.6.942
https://doi.org/10.1017/S003329170500471X
https://www.ncbi.nlm.nih.gov/pubmed/16420712
https://doi.org/10.1093/jpepsy/jsm024
https://www.ncbi.nlm.nih.gov/pubmed/17556400
https://doi.org/10.1111/j.1744-6171.2008.00157.x
https://doi.org/10.1097/00004583-200202001-00003
https://doi.org/10.1016/j.cpr.2006.01.002
https://www.ncbi.nlm.nih.gov/pubmed/16483703
https://doi.org/10.1542/peds.2019-2528
https://doi.org/10.1016/S0140-6736(10)62227-1
https://doi.org/10.1177/155005940904000311
https://doi.org/10.1177/1087054707308502


Bioengineering 2025, 12, 1012 19 of 20

14. Sonuga-Barke, E.J.; Brandeis, D.; Cortese, S.; Daley, D.; Ferrin, M.; Holtmann, M.; Stevenson, J.; Danckaerts, M.; van der Oord, S.;
Döpfner, M.; et al. Nonpharmacological interventions for ADHD: Systematic review and meta-analyses of randomized controlled
trials of dietary and psychological treatments. Am. J. Psychiatry 2013, 170, 275–289. [CrossRef]

15. Chen, S.C.; Yu, B.Y.; Suen, L.K.; Yu, J.; Ho, F.Y.; Yang, J.J.; Yeung, W.F. Massage therapy for the treatment of attention
deficit/hyperactivity disorder (ADHD) in children and adolescents: A systematic review and meta-analysis. Complement.
Ther. Med. 2019, 42, 389–399. [CrossRef]

16. Chan, E.; Rappaport, L.A.; Kemper, K.J. Complementary and alternative therapies in childhood attention and hyperactivity
problems. J. Dev. Behav. Pediatr. 2003, 24, 4–8. [CrossRef]

17. Hood, L.; Friend, S.H. Predictive, personalized, preventive, participatory (P4) cancer medicine. Nat. Rev. Clin. Oncol. 2011, 8,
184–187. [CrossRef]

18. Ya-Li, F. Chinese Pediatric Massage Therapy: A Parent’s and Practitioner’s Guide to the Treatment and Prevention of Childhood Disease;
Blue Poppy Enterprises, Inc.: Portland, OR, USA, 1994.

19. Jin, Y.C. Pediatric Massage; Shanghai Scientific and Technical Literature Publishing House: Shanghai, China, 1981. (In Chinese)
20. Yao, Y.; Zhao, Y.; Han, C.P. Diseases spectrum study on pediatric tuina in recent 10 years. J. Acup Tuina Sci. 2012, 10, 181–184.

[CrossRef]
21. Ni, X.; Zhang-James, Y.; Han, X.; Lei, S.; Sun, J.; Zhou, R. Traditional Chinese medicine in the treatment of ADHD: A review. Child.

Adolesc. Psychiatr. Clin. N. Am. 2014, 23, 853–881. [CrossRef] [PubMed]
22. Eckstein, M.; Mamaev, I.; Ditzen, B.; Sailer, U. Calming Effects of Touch in Human, Animal, and Robotic Interaction-Scientific

State-of-the-Art and Technical Advances. Front. Psychiatry 2020, 11, 555058.
23. Boshoff, N. The Role of Massage in Stress, Bonding and Development of Babies; North-West University: Potchefstroom, South

Africa, 2008.
24. Chen, S.C.; Yu, J.; Wang, H.S.; Wang, D.D.; Sun, Y.; Cheng, H.L.; Suen, L.K.; Yeung, W.F. Parent-administered pediatric Tuina for

attention deficit/hyperactivity disorder symptoms in preschool children: A pilot randomized controlled trial embedded with a
process evaluation. Phytomedicine 2022, 102, 154191. [CrossRef] [PubMed]

25. Chen, S.C.; Cheng, H.L.; Wang, D.D.; Wang, S.; Yin, Y.H.; Suen, L.K.; Yeung, W.F. Experience of parents in delivering pediatric
tuina to children with symptoms of attention deficit hyperactivity disorder during the COVID-19 pandemic: Qualitative findings
from focus group interviews. BMC Complement. Med. Ther. 2023, 23, 53. [CrossRef]

26. Yin, T.; Zheng, H.; Ma, T.; Tian, X.; Xu, J.; Li, Y.; Lan, L.; Liu, M.; Sun, R.; Tang, Y.; et al. Predicting acupuncture efficacy for
functional dyspepsia based on routine clinical features: A machine learning study in the framework of predictive, preventive,
and personalized medicine. EPMA J. 2022, 13, 137–147. [CrossRef]

27. Wang, Y.; Ma, L.; Liu, P. Feature selection and syndrome prediction for liver cirrhosis in traditional Chinese medicine. Comput.
Methods Programs Biomed. 2009, 95, 249–257. [CrossRef]

28. Xie, J.; Li, Y.; Wang, N.; Xin, L.; Fang, Y.; Liu, J. Feature selection and syndrome classification for rheumatoid arthritis patients
with Traditional Chinese Medicine treatment. Eur. J. Integr. Med. 2020, 34, 101059. [CrossRef]

29. Gu, T.Y.; Yan, Z.Z.; Jiang, J.H. Classifying Chinese Medicine Constitution Using Multimodal Deep-Learning Model. Chin. J. Integr.
Med. 2024, 30, 163–170. [CrossRef]

30. Xu, A.Y.; Wang, T.S.; Yang, T.; Han, X.; Zhang, X.Y.; Wang, Z.Y.; Zhang, Q.; Li, X.; Shang, H.C.; Hu, K.F. Constitution identification
model in traditional Chinese medicine based on multiple features. Digit. Chin. Med. 2024, 7, 108–119. [CrossRef]

31. Sun, W.; Bai, M.H.; Wang, J.; Wang, B.; Liu, Y.X.; Wang, Q.; Han, D.R. Machine learning-assisted rapid determination for
traditional Chinese Medicine Constitution. Chin. Med. 2024, 19, 127. [CrossRef]

32. Han, X.M.; Ma, R.; Lei, S.; Qian, Z.Y. Pediatric clinical practice Guideline of traditional Chinese Medicine · ADHD in children
(Revised). Chin. J. Pediatr. 2017, 13, 1–6. (In Chinese)

33. Medicine CAoTC: Guidelines for Clinical Diagnosis and Treatment of Pediatrics in Traditional Chinese Medicine, 1st ed.; China Traditional
Chinese Medicine Press: China, Beijing, 2020; p. 478. (In Chinese)

34. Cortes, C.; Vapnik, V. Support-vector networks. Mach. Learn. 1995, 20, 273–297. [CrossRef]
35. Menard, S. Applied Logistic Regression Analysis, 2nd ed.; SAGE Publications: Thousand Oaks, CA, USA, 2002.
36. Bishop, C.M. Neural Networks for Pattern Recognition; Oxford University Press: Oxford, UK, 1995.
37. Breiman, L. Random Forests. Mach. Learn. 2001, 45, 5–32. [CrossRef]
38. He, H.; Garcia, E.A. Learning from Imbalanced Data. IEEE Trans. Knowl. Data Eng. 2009, 21, 1263–1284. [CrossRef]
39. Buda, M.; Maki, A.; Mazurowski, M.A. A systematic study of the class imbalance problem in convolutional neural networks.

Neural Netw. 2018, 106, 249–259. [CrossRef] [PubMed]
40. Sutskever, I.; Martens, J.; Dahl, G.; Hinton, G. On the importance of initialization and momentum in deep learning. In Proceedings

of the 30th International Conference on Machine Learning, Atlanta, GA, USA, 16–21 June 2013; Volume 28, pp. 1139–1147.
41. Kingma, D.P. Adam: A method for stochastic optimization. arXiv 2014, arXiv:1412.6980.

https://doi.org/10.1176/appi.ajp.2012.12070991
https://doi.org/10.1016/j.ctim.2018.12.011
https://doi.org/10.1097/00004703-200302000-00003
https://doi.org/10.1038/nrclinonc.2010.227
https://doi.org/10.1007/s11726-012-0599-4
https://doi.org/10.1016/j.chc.2014.05.011
https://www.ncbi.nlm.nih.gov/pubmed/25220091
https://doi.org/10.1016/j.phymed.2022.154191
https://www.ncbi.nlm.nih.gov/pubmed/35636174
https://doi.org/10.1186/s12906-023-03891-3
https://doi.org/10.1007/s13167-022-00271-8
https://doi.org/10.1016/j.cmpb.2009.03.004
https://doi.org/10.1016/j.eujim.2020.101059
https://doi.org/10.1007/s11655-022-3541-8
https://doi.org/10.1016/j.dcmed.2024.09.002
https://doi.org/10.1186/s13020-024-00992-0
https://doi.org/10.1023/A:1022627411411
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1109/tkde.2008.239
https://doi.org/10.1016/j.neunet.2018.07.011
https://www.ncbi.nlm.nih.gov/pubmed/30092410


Bioengineering 2025, 12, 1012 20 of 20

42. Kohavi, R. A study of cross-validation and bootstrap for accuracy estimation and model selection. In Proceedings of the IJCAI’95:
14th International Joint Conference on Artificial Intelligence, Montreal, QC, Canada, 20–25 August 1995; Morgan Kaufmann
Publishers Inc.: San Francisco, CA, USA, 1995; pp. 1137–1145.

43. Arlot, S.; Celisse, A. A survey of cross-validation procedures for model selection. Statist. Surv. 2010, 4, 40–79. [CrossRef]
44. Chawla, N.V.; Bowyer, K.W.; Hall, L.O.; Kegelmeyer, W.P. SMOTE: Synthetic minority over-sampling technique. J. Artif. Intell.

Res. 2002, 16, 321–357. [CrossRef]
45. Perez, L.; Wang, J. The effectiveness of data augmentation in image classification using deep learning. arXiv 2017, arXiv:1712.04621.

[CrossRef]
46. Guyon, I.; Elisseeff, A. An introduction to variable and feature selection. J. Mach. Learn. Res. 2003, 3, 1157–1182.
47. Saeys, Y.; Inza, I.; Larrañaga, P. A review of feature selection techniques in bioinformatics. Bioinformatics 2007, 23, 2507–2517.

[CrossRef]
48. Fei, Z.; Ryeznik, Y.; Sverdlov, O.; Tan, C.W.; Wong, W.K. An Overview of Healthcare Data Analytics with Applications to the

COVID-19 Pandemic. IEEE Trans. Big Data 2022, 8, 1463–1480. [CrossRef]

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/10.1214/09-SS054
https://doi.org/10.1613/jair.953
https://doi.org/10.48550/arXiv.1712.04621
https://doi.org/10.1093/bioinformatics/btm344
https://doi.org/10.1109/TBDATA.2021.3103458

	Introduction 
	Attention Deficit/Hyperactivity Disorder in Children 
	Pediatric Tuina for ADHD Management 
	The Potential of Machine Learning in Pediatric Tuina for ADHD 
	Objectives of This Study 

	Methods 
	Data Source 
	Data Processing 
	Machine Learning Workflow 
	Feature Selection Phase 
	TCM Pattern Identification Phase 

	Statistical Analysis 

	Results 
	Patient Characteristics 
	Feature Correlation Analysis 
	Selection of the Features 
	Predictive Performance of ML Models 

	Discussion 
	Main Findings 
	Implications for TCM Practitioners and ADHD Families 
	Novelty and Social Impact 
	Strengths and Limitations 

	Conclusions 
	References

