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Abstract: In recent years evidence has emerged suggesting that Mini-basketball training program (MBTP) can be an effective intervention method to improve social communication (SC) impairments and restricted and repetitive behaviors (RRBs) in preschool children suffering from autism spectrum disorder (ASD). However, there is a considerable degree if interindividual variability concerning these social outcomes and thus not all preschool children with ASD profit from a MBTP intervention to the same extent. In order to make more accurate predictions which preschool children with ASD can benefit from an MBTP intervention or which preschool children with ASD need additional interventions to achieve behavioral improvements, further research is required. This study aimed to investigate which individual factors of preschool children with ASD can predict MBTP intervention outcomes concerning SC impairments and RRBs. Then, test the performance of machine learning models in predicting intervention outcomes based on these factors. Participants were 26 preschool children with ASD who enrolled in a quasi-experiment and received MBTP intervention. Baseline demographic variables (e.g., age, body, mass index [BMI]), indicators of physical fitness (e.g., handgrip strength, balance performance), performance in executive function, severity of ASD symptoms, level of SC impairments, and severity of RRBs were obtained to predict treatment outcomes after MBTP intervention. Machine learning models were established based on support vector machine algorithm were implemented. For comparison, we also employed multiple linear regression models in statistics. Our findings suggest that in preschool children with ASD symptomatic severity (r = 0.712, p < 0.001) and baseline SC impairments (r = 0.713, p < 0.001) are predictors for intervention outcomes of SC impairments. Furthermore, BMI (r = −0.430, p = 0.028), symptomatic severity (r = 0.656, p < 0.001), baseline SC impairments (r = 0.504, p = 0.009) and baseline RRBs (r = 0.647, p < 0.001) can predict intervention outcomes of RRBs. Statistical models predicted 59.6% of variance in post-treatment SC impairments (MSE = 0.455, RMSE = 0.675, R2 = 0.596) and 58.9% of variance in post-treatment RRBs (MSE = 0.464, RMSE = 0.681, R2 = 0.589). Machine learning models predicted 83% of variance in post-treatment SC impairments (MSE = 0.188, RMSE = 0.434, R2 = 0.83) and 85.9% of variance in post-treatment RRBs (MSE = 0.051, RMSE = 0.226, R2 = 0.859), which were better than statistical models. Our findings suggest that baseline characteristics such as symptomatic severity of ASD symptoms and SC impairments are important predictors determining MBTP intervention-induced improvements concerning SC impairments and RBBs. Furthermore, the current study revealed that machine learning models can successfully be applied to predict the MBTP intervention-related outcomes in preschool children with ASD, and performed better than statistical models. Our findings can help to inform which preschool children with ASD are most likely to benefit from an MBTP intervention, and they might provide a reference for the development of personalized intervention programs for preschool children with ASD.
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1  Introduction

Autism spectrum disorder (ASD) is a life-long neurodevelopmental disability that develops during early childhood [1]. There are two core symptoms of ASD namely (i) social communication impairments, and (ii) restricted and repetitive behaviors. Social communication (SC) impairments are typically manifested by the inability to communicate and interact with people through facial expressions and other social skills including difficulties in establishing a normal social relationship with family members and in developing friendships [2]. Restricted and repetitive behaviors (RBBs) in individuals suffering from ASD refer to repetitive and monotonous behaviors of craving for the environment at a high frequency and in a fixed way [3], which, in turn, negatively affects the acquisition of functional behaviors and other social skills, thereby causing negative health effects such as self-harm emotions [4,5]. Based on data from the Centers for Disease Control and Prevention in 2020, the prevalence of ASD in children has increased to 1/54 [6], and a meta-analysis in 2018 found that the prevalence of ASD in Chinese children was 2.6% [7]. Thus, this is a major public health problem that seriously influence survival outcomes and the development of a children.

Physical exercise is an effective intervention strategy to treat ASD in preschool children [8,9]. In this context, game-based physical exercises such as basketball, moved in the focus of ASD researcher since this type of physical exercise has several advantages (e.g., easy to learn, facilitate social skills due to the team play). Indeed, Mini-basketball training program (MBTP) has been shown to improve SC impairments and RRBs in preschool children with ASD and positively influence the brain (e.g., white matter) [10–12]. It is worth noting that there is a considerable degree of interindividual variability in response to physical interventions. For instance, a study investigating the effect yoga in ASD children aged 5 to 12 years, reported that not all participants benefitted equally from the intervention [13]. In particular, 19% of the participants did not satisfactorily benefit from the intervention in terms of relaxation response–based yoga [13]. Therefore, it seems reasonable to hypothesize that in preschool children with ASD a considerable amount of interindividual variability concerning intervention-induced changes in specific outcomes can be observed (e.g., in response to MBTP concerning SC impairments and RBBs). In order to better individualized physical interventions (such as MBTP) in preschool children with ASD, predicting the outcomes after the intervention is required.

In this regard, two basic questions should be kept in mind: (i) What factors should be used to predict the intervention outcomes? and (ii) What methods should be used to predict the intervention outcomes?

Currently, only a few studies have evaluated the efficacy of MBTP intervention in preschool children with ASD to influence SC impairments and RRBs and observed positive effects of MBTP on these outcome parameters [10–12]. However, factors that can predict the intervention outcomes of MBTP and thus the success of this intervention method has, so far, not been extensively studied. Although there is currently a paucity of research in this direction, other studies in ASD children have yielded some meaningful insights. Concerning demographic information, Bishop et al. [14] found that stereotyped behaviors exist in children over 5 years of age with non-verbal IQ below 70, however, the frequency of stereotyped behaviors decreased with age in normally developing children. Hiller et al. [15] reported that compared with boys, girls have the ability to integrate non-verbal and verbal acts, maintain their ability to talk to each other, and show less and less typical narrow interests. Furthermore, ASD children were more likely to be overweight and obese than normal children [16]. Regarding executive functions, ASD children are significantly different from those of normal children, and it has been observed that deficits in executive functioning contribute, at least partly, to SC impairments and RRBs [17]. In addition, the higher the severity of symptoms for ASD children, the more severe the core symptoms tend to be, and their physical health levels being significantly lower than those of normal children [18,19]. Collectively, the above-mentioned evidence suggests that in preschool children with ASD, demographic variables, performance of executive functioning, physical health and symptomatic severity might influence the response to a physical intervention (i.e., MBTP) and thus being important predictor variables that need to be considered.

With increasing data availability and complexity, the predictive performance of traditional statistical methods is limited. Therefore, machine learning methods have been proposed. Machine learning, a branch of artificial intelligence, enables computers to learn from data and have better fitting ability to the data [20]. Machine learning has been widely used in various fields, for example, to prevent sports injuries [21] and to predict stock prices [22]. Moreover, machine learning has shown to perform well in predicting psychiatric intervention outcomes [23,24], and has already contribute to achievements in areas such as depression and obsessive-compulsive disorder research [25,26]. Compared to traditional statistical methods, although machine learning is difficult to make causal inferences, it is superior when it comes to predict complex data [27], as its “algorithm” does not rely on data assumptions of linear, normal distribution and homogeneity of variance [28]. Usually, machine learning models divide the original data set into two subsets, training and test sets, based on a certain proportion, establishes a prediction model in the training set, and performs multiple data fitting and optimization tests, to determine if the model best reflects data characteristics. Finally, samples from the test set are input into the model obtained from the training set to evaluate and verify the performance of the model. In short, machine learning methods maybe helpful in predicting intervention outcomes (e.g., of MBTP in preschool children with ASD), and are perhaps more accurate and reliable than conventional statistical methods.

As mentioned, not all preschool children with ASD benefit equally from physical interventions (e.g., MBTP) and in order to maximize the intervention related benefits it is of great importance to better predict the intervention response concerning specific outcome parameters (e.g., SC impairments and RBBs in preschool children with ASD). Such a deeper understanding of prediction of intervention outcomes, in turn, allow to better personalize the interventions. Thus, this study aims to investigate which factors in preschool children with ASD are associated with the treatment outcomes in SC impairments and RBBs in response to a MBTP intervention. And then through these factors, statistical models and machine learning models were implemented to predict the intervention outcomes in SC impairments and RRBs in preschool children with ASD in response to a MBTP. Furthermore, we compared the performance of the two models. Presumably, our findings will aid the identification of preschool children with ASD that are most likely to benefit from MBTP and provide reference for the development of personalized intervention programs for preschool children with ASD.

2  Methods

2.1 Participants

Ninety-four preschool children with DSM-5-diagnosed ASD from two education centers (Yangzhou, China) participated in a quasi-experiment [10]. Children were eligible if they met all of the following inclusion criteria: (i) Han nationality, (ii) age 3–6 years old, (iii) all participants need the consent of their guardians to participate in this experiment. Afterwards, these individuals were further screened and excluded if they: (i) received a basketball training or regular physical training in the past 6 months, (ii) have additional psychiatric and/or neurological diseases (e.g., epilepsy, phenylketonuria), (iii) suffer from visual and hearing impairments, (iv) have had a history of head trauma, or (v) suffer from health condition that does them not allow to perform physical exercise (e.g., heart insufficiency). According to the above-mentioned exclusion criteria, a total of 59 participants were included in the study and geographically assigned to the experimental (n = 30) or control (n = 29) group. As some participants failed to complete behavioral tests in later study phases, completed data sets of 41 participants (experimental group (n = 26) and control group (n = 15) (see Fig. A1)) were available. In the current study, the data of the 26 preschool children with ASD who were allocated to the experimental group receiving the MBTP intervention were used for further data analysis, and the data of the 15 preschool children with ASD in the control group were excluded because these children did not receive the MBTP intervention.

2.2 Mini-Basketball Training Program

The MBTP intervention was conducted by two certified physical education educators and more details of the operation could be found in already published articles [10,11]. In brief, the MBTP intervention can be divided into three phases: (i) improving interest and standardizing classroom routines, (ii) improving MBTP skills and social communication abilities, and (iii) improving cooperative abilities and, social skills to achieve a better integration in social groups (see Fig. 1). A single exercise session was structured as follows: (i) an introduction part, (ii) part in which warm-up exercise was performed, (iii) a part in which MBTP was conducted, and (iv) a relaxation part. The MBTP was performed 5 times a week for a total of 12 weeks. Each sessions lasted 40 min, and the exercise intensity can be rated as moderate, which average heart rate is controlled at 128~148 beats/min.
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Figure 1: Mini-basketball training program [11]

2.3 Measures

Baseline demographic information, including sex, age and body mass index (BMI) for preschool children with ASD were obtained. The Childhood Autism Rating Scale (CARS) [29] and clinical assessment reports were used to assess symptomatic severity. The total score of the scale was 60, and the scoring criteria were: no autism (total score < 30), mild to moderate autism (30–37), severe autism (37–60, and at least 5 items had a score above 3).

The National Standard Manual of Physical Fitness Measurement (Early Childhood Part) was used to evaluate physical health development of preschool children with ASD [12]. Tests included dexterity, muscle strength, flexibility and balance. Dexterity test involved 10 m shuttle run (s), muscle strength test involved standing long jump (cm), flexibility test involved sit and reach (cm), while balance test involved balance beam test (s).

The Childhood Executive Functioning Inventory (CHEXI) [30] was used to assess executive functions in preschool children with ASD. This scale has good reliability and validity and can be used as an assessment tool for Chinese children’s executive function [31]. There were 24 items on the scale, and each item had a score of 1 to 5. It was divided into four sub-scales of working memory planning ability, regulation ability and inhibition ability.

The Social Responsiveness Scale Second Edition (SRS-2) [32] was used to assess SC impairments of preschool children with ASD. This scale is reliable and valid [32]. The 65-item scale has 5 sub-scales (social awareness, social cognition, social communication, social motivation, restrictive interests and repetitive behaviors). The scale calculated the total score and the higher the score, the serious social ability impairments was.

The Repetitive Behavior Scale-Revised (RBS-R) [33] was used to assess RRBs of preschool children with ASD. This scale has good internal consistency and test-retest reliability [34] and was completed by parents/guardians of preschool children with ASD. The scale consisted of 43 items and was divided into 6 sub-dimensions (stereotypic behavior, self-injury, compulsive behavior, ritual behavior, monotonous behavior, and restrictive behavior). Total score was recorded and the higher the score, the serious the repeated and stereotyped behavior.

2.4 Predictors

At baseline, demographic information (i.e., sex, age, BMI), symptomatic severity, SC impairments, RRBs, physical fitness (i.e., dexterity, muscle strength, flexibility and balance), and executive functions (i.e., working memory, planning ability, regulation ability and inhibition ability) of preschool children with ASD were assessed. These factors were taken as candidate factors, and normalized via the Z-score standardization method [35] to solve the problem of dimensionless difference between variables.

Python 3.7.4 was used for the further analysis. The predictor is extracted by the Pearson correlation coefficient and T test in the filtering method [36]. Candidate factors with p < 0.05 were selected as factors which can predict MBTP intervention-related outcomes in SC impairments and RRBs in our cohort of preschool children with ASD.

2.5 Intervention Outcomes

The Social Responsiveness Scale Second Edition (SRS-2) and Repetitive Behavior Scale-Revised (RBS-R) were used to evaluate SC impairments and RRBs for preschool children with ASD after receiving MBTP intervention, and scale score (total score) was used to reflect intervention outcomes of MBTP on SC impairments and RRBs of preschool children with ASD.

2.6 Data Analysis

In this study, we used two different methods to predict the MBTP-related intervention outcomes in SC impairment and RRBs. As first method, multiple linear regression models were calculated using SPSS 23.0. As second method, machine learning models were determined using Python 3.7.4 (see Sections 2.6.1 and 2.6.2 for more details).

2.6.1 Algorithm Selection for Machine Learning Models

In this study, we used support vector machine (SVM) algorithm given that they performed well in the prediction of psychiatric treatment outcomes [23]. SVM algorithm used the principle of structural risk minimization, which could still have good fitting and generalization abilities under small samples [37]. The final prediction result of the SVM model was determined by a few support vectors and has a good robustness as it is relatively insensitive to outliers [38]. Moreover, SVM obtained the global minimum of the objective function through reliable known algorithms and expressed the learning problem as a convex optimization problem.

2.6.2 Establishment Process of the Machine Learning Models

The Sklearn package in Python 3.7.4 was used to implement machine learning models to predict the MBTP intervention-related outcomes in SC impairment and RRBs.

In this context, the following specific modeling processes were used:

(1) Division of sample sets into training and test set

The train test split method in Sklearn packages was used to randomly divide all sample sets into training set and test set, where the training set was 75% of the total sample (n = 19) and the test set was 25% of the total sample (n = 7).

(2) Based on the training set, SVM models were established and evaluation indices selected

The Gaussian radial basis function [39] was selected as the kernel function to establish SVM models.

Mean square error (MSE), root mean square error (RMSE) and coefficient of determination (R2) [40–42] were used to evaluate the performance of the models.

MSE was expressed as:


MSE=1m∑i=1m(y−y′)2
(1)

RMSE was expressed as:


RMSE=1m∑i=1m(y−y′)2
(2)

where m is the total number of samples, y is the actual value, and y′ is the predicted value. The closer MSE and RMSE are to 0, the higher the models’ performance.

R2 was expressed as:


R2=1−∑(y−y′)2∑(y−y¯)2
(3)

where y is the actual value, y′ is the predicted value, and y¯
is the average value of the actual value. The closer R2 is to 1, the higher the models’ performance.

(3) Grid search and cross validation

Grid search was used to generate a list of all possible values of each parameter in the estimation function, after which the values in each list were combined to generate a grid. Each grid was used as a training model, and performance was evaluated by 10-fold cross validation method to optimize the learning algorithm. After the fitting function had tried all combination results, it returned the most suitable learner and automatically adjusted to the best parameter combination.

(4) Inputting the test set to obtain the prediction results of the models, after which the performance of the models was evaluated

3  Results

3.1 Predictors of Intervention-Related Outcomes for Two Core Symptoms in Preschool Children with ASD

3.1.1 Predictors of Intervention-Related Outcomes for SC Impairments in Preschool Children with ASD

With respect to demographic information, we did not observe significant sex-related difference concerning SC impairments (t(24) = −0.796, p > 0.05). Moreover, Pearson’s product difference correlation coefficient between age, BMI and SC impairments did not reach statistical significance. Regarding physical fitness and executive functions, we did not identify candidate factors given that these variables are not significantly correlated with SC impairments in this study. Symptomatic severity (r = 0.712, p < 0.001) and baseline SC impairments (r = 0.713, p < 0.001) are positively correlated with treatment outcomes for SC impairments (see Table 1). Based on the above-mentioned results, symptomatic severity and baseline SC impairments were selected as predictors concerning treatment outcomes of SC impairments in response to MBTP intervention in preschool children with ASD.
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3.1.2 Predictors of Intervention-Related Outcomes for RRBs in Preschool Children with ASD

We did not observe significant difference in SC impairments between female and male participants (t(24) = −1.416, p > 0.05). With regard to the correlation analysis, we noticed that there is no significant correlation between age and RRBs, but between BMI and RRBs (r = −0.430, p = 0.028). Regarding physical fitness and executive functions, there were no candidate factors that were found to be significantly correlated with treatment outcomes of RRBs. In addition, symptomatic severity (r = 0.656, p < 0.001), baseline SC impairments (r = 0.504, p = 0.009), and baseline RRBs (r = 0.647, p < 0.001) has been observed to be positively correlated with treatment outcomes for RRBs (see Table 2). Based on the above-presented results, BMI, symptomatic severity, baseline SC impairments, and baseline RRBs were selected as predictors concerning outcomes of RRBs in response to MBTP in preschool children with ASD.
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3.2 Prediction Results of Statistical Models Concerning Intervention-Related Outcomes of Two Core Symptoms in Preschool Children with ASD

Symptomatic severity and baseline SC impairments were included in the multiple linear step-by-step regression model of treatment outcomes for SC impairments. Symptomatic severity (β = 0.416, p = 0.035) and baseline SC impairments (β = 0.422, p = 0.033) can predicted the treatment outcomes for SC impairments. The model (MSE = 0.455, RMSE = 0.675, R2 = 0.596) predicted 59.6% of the variance in post-treatment SC impairments.

Symptomatic severity, BMI, baseline SC impairments, and baseline RRBs were included in the multiple linear step-by-step regression model of treatment outcomes for RRBs. Baseline SC impairments (p = 0.408), BMI (p = 0.112) were no statistically significant predictors, while symptomatic severity (β = 0.461, p = 0.005) and baseline RRBs (β = 0.444, p = 0.007) can predicted the treatment outcomes for RRBs. The model (MSE = 0.464, RMSE = 0.681, R2 = 0.589) predicted 58.9% of the variance in post-treatment RRBs.

3.3 Prediction Results of Machine Learning Models Concerning Intervention-Related Outcomes of Two Core Symptoms in Preschool Children with ASD

3.3.1 Prediction Results of Machine Learning Models Concerning Intervention-Related Outcomes of SC Impairments in Preschool Children with ASD

Fig. 2 shows the results of the prediction analysis concerning SC impairments using machine learning models that are based on SVM algorithm. As shown in Fig. 2, the actual and predicted values of MBTP intervention-related outcomes of SC impairments almost coincided at some points. The machine learning model achieved a relatively high prediction effect given the fact that the model (MSE = 0.188, RMSE = 0.434, R2 = 0.83) predicted 83% of the variance in post-treatment SC impairments.
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Figure 2: Prediction results of machine learning models for intervention-related outcomes of SC impairments in preschool children with ASD
Notes: SC impairments refers to social communication impairments, test sets are numbered from 1 to 7. Drawn using the Matplotlib package in Python.

3.3.2 Prediction Results of Machine Learning Models for Intervention-Related Outcomes of RRBs in Preschool Children with ASD

Fig. 3 illustrate the results of the prediction analysis using a machine learning model that is based on SVM algorithm. As shown in Fig. 3, there were slight variations in actual values of RRBs when compared to predicted values. Our model (MSE = 0.051, RMSE = 0.226, R2 = 0.859) predicted 85.9% of the variance in post-treatment RRBs.
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Figure 3: Prediction results of machine learning models for intervention-related outcomes of RRBs in preschool children with ASD
Notes: RRBs refers to restricted and repetitive behaviors, test sets are numbered from 1 to 7. Drawn using the Matplotlib package in Python.

3.4 Comparisons of the Performance of Two Models

We compared the performance of machine learning models and conventional statistical models in predicting the MBTP intervention-related outcomes of two core symptoms in preschool children with ASD (i.e., SC impairments and RBBs). In terms of predicting intervention-related outcomes of SC impairments in preschool children with ASD in response to MBTP, MSE and RMSE of the machine learning model were lower than those of the conventional statistical model, and the determination coefficient was increased by 0.234. Hence, all three performance indicators of the machine learning model were better than those of the conventional statistical model (see Table 3). In terms of predicting intervention-related outcomes in RRBs in preschool children with ASD in response to MBTP, MSE and RMSE of the machine learning model were lower than those of the statistical model, while the determination coefficient was increased by 0.27. The three performance indicators of the machine learning model were also superior to those of the statistical model (see Table 4).
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4  Discussion

4.1 Predictors of Intervention-Related Outcomes for Two Core Symptoms in Preschool Children with ASD

There is mounting evidence that physical interventions in general, and Mini-basketball training program (MBTP) in particular, can improve the core symptoms of ASD in preschool children (e.g., social communication (SC) impairments and restricted and repetitive behaviors (RBBs)). However, there is also growing evidence that not all preschool children benefit equally from such interventions as there is a considerable interindividual response variability in specific outcomes. However, currently there is a paucity of research which factors can predict such an interindividual response variability in response to physical interventions in preschool children with ASD. A better understanding of these predictive factors seems urgently needed to better personalize physical interventions which, in turn, is likely to maximize their effectiveness. Thus, this study investigate which factors in preschool children with ASD can predict MBTP intervention-related outcomes of SC impairment and RRBs. In this context, we observed that BMI is negatively correlated with intervention-related outcomes of RRBs. It has been previously reported that overweight and obesity rates are higher in preschool children with ASD than in healthy developing children [16]. Thus preschool ASD children with higher BMI might benefit to a lesser extent from MBTP intervention in terms of improvements of RRBs. The biological and psychological mechanisms driving this relationship are currently relatively unclear and require further investigations. Whether more personalized interventions (e.g., combining MBTP with nutritional intervention) being helpful to address this issue remains an interesting area for further investigations. We also observed that symptomatic severity is positively correlated with MBTP intervention-related outcomes of SC impairments and RRBs. This finding is consistent with previous reports suggesting that symptomatic severity considerably affects the core symptoms of preschool children with ASD [12,18]. Furthermore, this finding implies that MBTP had a greater effect on preschool ASD children with relatively severe symptoms which is perhaps driven by the fact there is larger room for improvements as compared to preschool ASD children with relative mild symptoms. Finally, there are positive correlation between baseline SC impairments, RRBS and their corresponding outcomes to the MBTP intervention. This finding is not surprising as it suggests that preschool children with higher SC impairments and RRBS at baseline benefit more than preschool children with already low baseline values.

4.2 Prediction Results of the Statistical Models for Intervention-Related Outcomes of Two Core Symptoms in Preschool Children with ASD

In this study, multiple linear regression models and machine learning based models were calculated and their performance was compared.

Multiple linear regression models were calculated to which extend in preschool children with ASD specific individual factors can predict the MBTP intervention outcomes on SC impairments and RRBs. The multiple linear regression models predicted 59.6% of the variance in post-treatment SC impairments and 58.9% of the variance in post-treatment RRBs. Although it is difficult to compare our findings to other studies given the fact that we are among the first applying such an approach to predict MBTP intervention-related outcomes in specific outcome parameters, the model performance in the current study differed from those of previous studies dealing with psychiatric disorders. Brousse et al. [43] predicted the treatment outcomes of antipsychotics on schizophrenia, however, the desired effect was not achieved, and the statistical model could only account for 28.1% of the variance in treatment outcomes. In another study [44], which predicted the outcomes of three drug treatments on depression, statistical models accounted for 25%, 43% and 71% of variances in treatment outcomes, respectively. Prediction performance of the statistical models were low, which might be because the traditional statistical models tend to rely on the existence of linear relationships, normal distribution and homogeneity of variance between data, which do not apply to the complex nature of data found in psychiatric research [28,45,46].

4.3 Prediction Results of Machine Learning Models for Intervention-Related Outcomes of Two Core Symptoms in Preschool Children with ASD

We used machine learning models based on support vector machine algorithm to predict MBTP intervention-related outcomes of SC impairments and RRBs in preschool children with ASD. Machine learning models predicted 83% of the variance in post-treatment SC impairments and 85.9% of the variance in post-treatment RRBs, consistent with findings of studies on predicted treatment outcomes for children with obsessive compulsive disorders and depression. In the study of Lenhard et al. [46] comparable machine learning models was used to predict the treatment outcomes for Internet-delivered cognitive behaviour therapy in a cohort of children with obsessive compulsive disorder. Lenhard and colleagues found that their machine learning models could account for 75%~83% of treatment outcomes in test set samples. Kim et al. [47] used machine learning models to predict the treatment outcomes of methylphenidate in ADHD children, and the accuracy of their machine learning model, which was based on support vector machine algorithm, reached 84.6%. Collectively these findings suggest that machine learning models as emerging technology can yield to accurate and reliable predictions of intervention-related outcomes in psychiatric disorders.

4.4 Comparisons of the Performance of Two Models in Predicting Intervention-Related Outcomes for Two Core Symptoms in Preschool Children with ASD

The performance of the machine learning models was superior to statistical models in terms of MSE, RMSE and R2. The better performance of machine learning based algorithms is probably driven by the following facts. To begin with, The SVM algorithm in machine learning can map input data to a high-dimensional feature space through nonlinear transformation to solved regression problems [48]. The Gaussian kernel function also could account for nonlinear relationships between variables. In contrast, statistical models require that data that need to satisfy some specific assumptions, otherwise resulting in poor model performance. Besides, machine learning models adopted the cross-validation method during training and obtained the best-performing model through multiple trainings, while the statistical models are not including such steps. Finally, machine learning and statistics had different focuses. The former focuses on data prediction, while the latter focuses on data interpretation and statistical inference [27]. In summary, machine learning is an effective way to predict treatment outcomes and can be used to guide decisions on preschool children with ASD that should be underwent a MBTP intervention. In this context, machine learning based algorithms might help to inform decisions making concerning personalized intervention options as they can account for important individual factors that can, to a certain extent, predict the intervention success.

4.5 Limitations

There were some limitations in this study that needs to be acknowledged. Firstly, the sample size was relatively small. However, previous studies achieved reliable results in prediction of intervention effects in obsessive-compulsive disorder [46] (n = 61) and social anxiety disorder [49] (n = 26) by comparable machine learning models. Furthermore, the SVM algorithm also has good fitting and generalization ability even for small samples sizes. Nevertheless, studies with large sample sizes are needed to substantiate our findings. Secondly, this study was based on data emerging from a single MBTP intervention with specific exercise and training variables. Thus, we are not able to rule out possible dose-response relationships between exercise and training variables with respect to changes of SC impairments and RRBs in preschool children with ASD. Such dose-response investigations are undoubtedly the basis for the development of more individualized intervention programs [50,51] (e.g., for preschool children with ASD). In future, high-quality studies with larger sample sizes are needed in children with ASD to investigate possible dose-response relationships regarding physical intervention characteristics and intervention outcomes of SC impairments and RRBs. Undoubtedly, data and knowledge obtained from such large-scale interventions would be helpful to further improve and better personalize the rehabilitation system for preschool children with ASD.

5  Conclusions

In summary, the findings of the current study suggest that symptomatic severity and baseline SC impairments are important factors that can predict, to a certain extent, the MBTP intervention-related outcomes of SC impairments in preschool children with ASD. In a comparable manner BMI, symptomatic severity, baseline SC impairments and baseline RRBs can predict, to a certain extent, the MBTP intervention-related outcomes of RRBs in preschool children with ASD. Machine learning models can successfully be applied to predict the MBTP intervention-related outcomes in preschool children with ASD, and peformed better than statistical models. Our findings inform on the selection of preschool children with ASD that are most likely to benefit from MBTP, and it provides a basis for the development of personalized intervention programs for preschool children with ASD.
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Figure A1: Participant flow chart
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Table 1: Correlation between candidate factors and intervention-related outcomes ot SC 1impairments

Candidate factors r p

Age 0.107 0.323
Body Mass Index -0.371 0.062
Dexterity —0.248 0.222
Muscle strength —-0.123 0.550
Flexibility -0.114 0.580
Balance —0.067 0.744
Working memory 0.200 0.328
Planning ability 0.380 0.056
Regulation ability 0.387 0.051
Inhibition ability —0.073 0.721
Severity of symptoms 0.712 <0.001
Baseline SC impairment 0.713 <0.001
Baseline RRBs 0.301 0.135

Note: p < 0.05 was considered significant.
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Table 3: Comparison of the performance of two models 1n predicting intervention-related outcomes ot
MBTP on SC impairments in preschool children with ASD

Models MSE RMSE R?
Statistical model 0.455 0.675 0.596
Machine learning model 0.188 0.434 0.83

Note: MSE is the mean square error, RMSE is the root mean square error, and R? is the coefficient of determination. When MSE and RMSE are closer
to 0, the model’s performance is better. When closer R is closer to 1, the model’s performance is better.
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Table 4: Comparison of the performance of the two models 1n predicting intervention-related outcomes
of MBTP on RRBs in preschool children with ASD

Models MSE RMSE R?
Statistical model 0.464 0.681 0.589
Machine learning model 0.051 0.226 0.859

Note: MSE is the mean square error, RMSE is the root mean square error and R? is the coefficient of determination. When MSE and RMSE are closer
to 0, the model’s performance is better. When closer R is closer to 1, the model’s performance is better.
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Table 2: Correlations between candidate factors and intervention-related outcomes of RRBs

Candidate factors r p

Age 0.238 0.242
Body mass index —0.430 0.028
Dexterity —0.282 0.164
Muscle strength 0.055 0.791
Flexibility 0.308 0.126
Balance —0.085 0.681
Working memory 0.247 0.224
Planning ability 0.211 0.300
Regulation ability 0.302 0.133
Inhibition ability 0.181 0.377
Severity of symptoms 0.656 <0.001
Baseline SC impairment 0.504 0.009
Baseline RRBs 0.647 <0.001

Note: p < 0.05 was considered significant.
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