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Abstract
Aims
Non-suicidal self-injury (NSSI) is a serious issue that is increasingly prevalent among children and adolescents, especially in rural areas. Developing a suitable predictive model for NSSI is crucial for early identification and intervention.

Methods
This study included 2090 Chinese rural children and adolescents. Participants’ sociodemographic information, symptoms of anxiety as well as depression, personality traits, family environment and NSSI behaviors were collected through a questionnaire survey. Gender, age, grade, and all survey results except sociodemographic information were used as relevant factors for prediction. Support vector machines, decision tree and random forest models were trained and validated by the train set and valid set, respectively. The metrics of each model were tested and compared to select the most suitable one. Furthermore, the mean decrease Gini index was calculated to measure the importance of relevant factors.

Results
The prevalence of NSSI was 38.3%. Out of the 6 models assessed, the random forest model demonstrated the highest suitability in predicting the prevalence of NSSI. It achieved sensitivity, specificity, AUC, accuracy, precision, and F1 scores of 0.65, 0.72, 0.76, 0.70, 0.57, and 0.61, respectively. Anxiety and depression were the top two contributing factors in the prediction model. Neuroticism and conflict were the factors that contributed the most to personality traits and family environment, respectively, in terms of prediction. In addition, demographic factors contributed little to the prediction in this study.

Conclusion
This study focused on Chinese children and adolescents in rural areas and demonstrated the potential of using machine learning approaches in predicting NSSI. Our research complements the application of machine learning methods to psychiatric and psychological problems.
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The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s12991-024-00534-w.
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Introduction
Non-suicidal self-injury (NSSI) refers to the deliberate and repetitive act of harming one’s body without the intention of committing suicide [1]. While the prevalence of NSSI varies across different countries [2, 3], it is a significant global public health issue [4]. It is particularly common for individuals to start engaging in NSSI behaviors during childhood and adolescence [5]. Previous studies have found that the average lifetime prevalence of NSSI in global school samples is 17.2% [6], whereas this rate significantly decreases in adults and older individuals, with rates of 13.4% and 5.5%, respectively [7]. The prevalence of NSSI varies between countries, ranging from 13.0 to 46.5% [8, 9].
There are several theories that explain the factors contributing to the occurrence of NSSI. According to the developmental pathology model [10], individuals may face challenging situations during their development, such as identity and role confusion [11] and changes in individual hormone levels [12], which can hinder the development of a strong sense of self. As a result, they may resort to self-injury as a way to regulate or cope with problems. The “four-function model” proposed by Nock et al. [13] suggests that NSSI serves four main functions: positive and negative reinforcement from both oneself and society. Individuals may engage in NSSI to release emotions, gain attention, experience pain, or escape from reality. Due to various external factors and motivations behind self-injury, some adolescents may not actively seek help when they engage in NSSI [12]. They may even hide or conceal their self-injurious behavior, making it challenging for parents or teachers to identify emotional or behavioral issues. NSSI can lead to a range of negative consequences, including, in severe cases, an increased risk of suicidal behavior [14]. In the interpersonal theory of suicide [15], it is mentioned that suicide behavior consists of suicidal desire and capability for suicide. When individuals experience thwarted belongingness and perceived burdensomeness simultaneously, suicidal desire may arise. Increasing physical pain tolerance or experiencing repeated physical pain can gradually develop the capability for suicide. The coexistence of suicidal desire and capability for suicide may lead to the occurrence of suicidal behavior. NSSI have similar pathways with suicide, such as feelings of thwarted belongingness, perceived burdensomeness, or experiencing physical pain repeatedly. This might explain why NSSI can lead to suicide. These factors highlight the importance of timely detection and sensitive prediction of NSSI as crucial factors for effective intervention.
Previous studies have identified two main categories of risk factors for NSSI: individual factors and environmental factors [16]. Individual factors encompass biological factors, personality traits, and emotional symptoms. Currently identified biological factors possibly associated with NSSI mainly include dysregulation of the hypothalamic-pituitary adrenocortical (HPA) axis [17], functional changes in the prefrontal cortex of the brain [18], and decreased levels of β-endorphin and met-enkephalin [19]. Among personality traits, neuroticism is currently the most widely recognized, characterized by emotional instability, and has been identified as an independent predictor of NSSI occurrence [20]. In a meta-analysis conducted by Wang et al., anxiety and depression were found to be the most common emotional symptoms that may affect the occurrence of NSSI. In addition to these, the impact of personality disorders and adjustment disorders on NSSI has also been reported [21]. When it comes to children and adolescents, environmental factors such as the school and family environment also play a role in influencing NSSI. The family environment, in particular, serves as a crucial external context for individual growth and development, with a significant impact on the formation of an individual’s judgment and behavioral patterns [22]. A healthy family environment acts as a protective factor against NSSI occurrence. Research by Brasfield [23] indicated that an unhealthy family environment inhibits an individual’s ability to regulate emotions, increasing the likelihood of NSSI when faced with difficulties or frustrations. On the other hand, a healthy family environment serves as a protective factor against NSSI [24]. In addition, interpersonal relationship problems, financial pressures, educational stress, as well as experiences of discrimination and rejection from the outside world, are all environmental factors that may influence the occurrence of NSSI [25].
Traditional data processing methods often face challenges in handling high-dimensional data and exploring complex nonlinear relationships in data [26], such as the Cox proportional hazards model [27], while machine learning methods can address complex data structures by combining numerous variables with high-dimensional data [28]. Machine learning models are extensively used in various fields such as medicine, chemistry, and industry due to their intelligence, scalability, and ability to handle large datasets, yielding reliable results [29]. Machine learning consists of unsupervised machine learning and supervised machine learning [30]. Unsupervised machine learning refers to finding relationships within data structures in the absence of measured outcomes or labels; thus, it is mainly used for descriptive tasks and identifying data structures [31]. Supervised machine learning identifies patterns in multidimensional data based on labeled data and is mainly used for prediction, identification, classification, and so on [32]. In the medical field, machine learning models have shown unique advantages in classifying disease levels and predicting disease prognosis [33–35]. Within the realm of psychiatric disorders, machine learning models have also been applied. For instance, Mansson et al. [36] utilized support vector machines (SVM) models to predict the outcomes of cognitive behavioral therapy for patients with social anxiety disorder (SAD), while Schmitgen et al. [37] employed random forest models to predict treatment outcomes for patients with borderline personality disorder. In addition, the random forest model has also shown good performance in predicting suicidal behavior among adolescents and college students [38, 39]. The advantage of machine learning models lies in their ability to more accurately explore both linear and nonlinear relationships in medical issues. Therefore, in this study, we employed several machine learning models that have previously been applied in psychiatry and neurology, including SVM [40], Decision Tree [41], and Random Forest [42].
While previous studies have explored the factors influencing NSSI, it is crucial to examine these factors in contexts that have not been extensively studied, such as rural areas in mainland China. The reason why previous studies could not be well generalized in rural China mainly lies in the national conditions of it. In China, the college entrance exam is perceived by many low-income families as an opportunity to change their fate due to its perceived fairness. This puts immense pressure on students to perform well. Consequently, parents often place significant emphasis on their children’s academic performance, potentially creating a high-pressure family environment that contributes to emotional problems [43]. Another important factor to consider is the prevalent issue of left-behind children in China [44]. The high prevalence of left-behind children may result in a lack of social support, which can also contribute to the occurrence of NSSI [45]. Hence, it is meaningful to examine the relationship between NSSI and factors such as the family environment within the context of Chinese cultural characteristics.
Past studies have revealed that the higher prevalence of NSSI in Chinese rural samples may be attributed to cultural and sociodemographic factors in China [46]. With economic development, China’s urban areas have been rapidly growing, attracting a large number of rural workers to migrate to cities for work [47]. This has resulted in a further decrease in the rural labor force. The reduction in rural labor force has widened the economic and resource disparities between rural and urban areas. For example, in terms of education, although China has implemented nine-year compulsory education in rural areas, the disparity between urban and rural areas is not only in terms of enrollment. The gap in teaching quality between urban and rural areas remains a challenge [48]. This disparity in educational and economic resources may contribute to a poorer family environment, increasing the prevalence of emotional problems among rural youth who may resort to NSSI as a coping mechanism [49]. Additionally, it has been noted that the physical health of rural children in China is generally poorer than that of their urban counterparts, which could also influence the occurrence of NSSI [50]. Due to the high prevalence of NSSI and its significant impact on the physical and mental health of children and adolescents, establishing an appropriate prediction model for NSSI is crucial.
This study collected multiple factors influencing NSSI in children and adolescents, including general demographic data, anxiety, depression, personality traits, and family environment. Several machine learning models, including support vector machines (SVM), decision tree, and random forest models, were then constructed to predict NSSI. The predictive performance of different models was compared to select the most suitable prediction model for this study. Finally, the importance of factors related to NSSI prediction was output.

Methods
Participants and procedure
This cross-sectional study was conducted in December 2021 using a convenience sampling method in three county-level junior high schools in Shandong Province, China.
In this study, a questionnaire was administered to all students in the selected schools. Prior to the survey, written informed consent was obtained from the respondents and their guardians. The staff involved in the survey received uniform training, which included instructions on survey procedures and privacy protection. The questionnaires were distributed and completed in class, with each class teacher responsible for maintaining order and ensuring that students answered the questions in order. To ensure the accuracy of the data, the completed questionnaires were collected immediately after completion. Following the survey, professional staff reviewed the questionnaires to identify and eliminate any omissions or unreasonable responses. We distributed a total of 2900 questionnaires. After excluding participants who withdrew from the study, blank questionnaires, and invalid responses, we received a total of 2376 valid questionnaires, with a response rate of 81.9%. In the questionnaire, we included a question (Please select whether you come from a rural or urban family) to differentiate between rural and urban students. Out of the 2376 questionnaires, there were 2090 respondents from rural areas. The study’s framework is illustrated in Fig. 1, and further demographic details of the participants can be found in Table 1.
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Fig. 1Flowchart showing the research process


Table 1Demographic characteristics


	 	N (%)
	Mean age (SD)
	NSSI prevalence (n)

	Total rural sample
	2090 (100)
	13.68 (0.991)
	38.3% (800)

	 Male
	1007 (48.2)
	13.72 (0.986)
	34.8% (350)

	 Female
	1083 (51.8)
	13.64 (0.995)
	41.6% (450)

	 Junior high grade 1
	676 (32.3)
	12.73 (0.634)
	43.5% (294)

	 Junior high grade 2
	766 (36.7)
	13.69 (0.597)
	35.9% (275)

	 Junior high grade 3
	648 (31.0)
	14.65 (0.666)
	35.6% (231)


Legend The content of this table is a description of the basic information about the participant



This research received approval by the Ethics Committee of Shandong Mental Health Center, China.

Measures
Firstly, the data collection process involved using a self-administered questionnaire to gather basic information about the junior high school students. The questionnaire included items pertaining to gender (1 = male, 2 = female), age, grade, region, among others.
Secondly, the outcome of this research is NSSI, assessed using the Adolescents Self-Harm Scale. The questionnaire used in this study was originally developed by Chinese scholars Zheng Ying et al. [51]. Previous research has demonstrated its good reliability and validity, making it a widely employed tool in Chinese studies on NSSI [52]. The questionnaire comprises 15 NSSI modalities, with an additional open-ended fill-in-the-blank question to assess the respondent’s NSSI status within the past year. Each modality is assessed based on the frequency and severity of self-injury. The frequency item has four response options (0–3), including 0, 1, 2–4 and ≥ 5 times, respectively. The severity item included 5 possible responses (0–4), representing “none,” “mild,” “moderate,” “severe” and “very severe,” respectively. The criteria defining the severity levels are detailed in the questionnaire’s introduction. The questionnaire demonstrated a Cronbach coefficient of 0.88, indicating good internal consistency.
Thirdly, there are 17 factors used for prediction: anxiety score, depression score, five dimensions of personality traits, and ten dimensions of family environment.
Anxiety was measured by the Self-Rating Anxiety Scale (SAS). This scale is a self-rated scale used to assess anxiety severity [53]. The scale consists of 20 items scored on a 4-point scale, with the participant choosing the appropriate option based on their symptoms. Five of the items are reverse scored. The scores for each question are summed and multiplied by 1.25 and rounded to obtain a standard score, and higher standardized scores indicate more severe anxiety. The Cronbach’s alpha for this questionnaire was 0.83 [54].
Depression was measured by the Self-Rating Depression Scale (SDS). This scale is a self-rated scale used to assess depression severity [55]. Similar to the SAS, the scale consists of 20 questions scored on a 4-point scale. Ten of the items are reverse scored. Also similar to the SAS, the scores of each question are summed and multiplied by 1.25 and rounded to the standard score, and the higher the standard score, the more severe the depression. The scale has a Cronbach’s alpha of 0.80 [54].
Personality traits was measured by the Neuroticism Extraversion Openness Five-Factor Inventory (NEO-FFI). The questionnaire was first developed in 1978 (NEO-PI) and was subsequently revised several times, resulting in a revised version called the NEO-FFI in 1992 that has been widely used in various countries today to measure personality traits [56]. The NEO-FFI questionnaire consists of five dimensions: neuroticism, extraversion, openness, agreeableness, and conscientiousness. It comprises a total of 60 items, all of which are scored on a 5-point scale (0–4), with 27 of the items reverse scored. The sum of the scores for each item represents the score for the corresponding dimension, with higher scores indicating more prominent characteristics in that particular dimension. Previous studies investigating Chinese high school student samples have reported internal consistency coefficients of 0.85, 0.80, 0.68, 0.75, and 0.83 for the neuroticism, extraversion, openness, agreeableness, and conscientiousness dimensions, respectively [57].
Family environment was measured by the Family Environment Scale-Chinese Version (FES-CV). The scale was originally developed by American psychologists Moos R. and Moos B [58]. After being revised by Chinese scholars, it has been widely used in China to assess the conditions and characteristics of different types of family environments. The scale consists of 90 questions, reflecting 10 dimensions of family cohesion, intellectual-culture, achievement, conflict, etc. Respondents choose “yes” or “no” to assess their own family situation, and the final analysis is based on the scores of the ten dimensions. The higher the score of each dimension, the more prominent the characteristics of the family. The Cronbach’s alpha for this questionnaire is 0.61.

Data analyses
As our research aim is to predict NSSI, we have employed the method of supervised machine learning.
Firstly, after setting a random seed using R, random allocation was performed using the “createDataPartition” function in the caret package [59]. The rural sample was randomly divided into three sets: the train set (for establishing models), the valid set (for validing models), and the test set (for the final testing models). a training set comprising 70% of the data, a validation set consisting of 15%, and a testing set al.so comprising 15%.
Secondly, to standardize the data in the training set, a z-score transformation (subtracting the mean µ from the original value and then dividing the result by the standard deviation δ) was employed. The µ and δ from the training set were saved for standardizing the validation and testing sets, ensuring that all the sets are standardized using the same mean and standard deviation [60].
Thirdly, the prediction models were constructed using R (Version 4.2.2). The construction of the SVM model utilized the e1071 package [61], which is a supervised machine learning tool primarily used for classification prediction [62] and includes four kernel functions (linear, radial, polynomial, sigmoid); the choice of kernel function directly impacts the classification performance of SVM [63]. The decision tree model was built using the rpart package [64], which constructs a tree-like tool consisting of decision nodes, branches, and leaf nodes to make predictions or classifications [65]. The random forest model was constructed using the randomForest package [66], which is a non-parametric ensemble machine learning method suitable for classification and regression prediction [67]. It is a collection of decision trees [67] known for its good performance and robustness [38]. The ggplot2 package [68] was utilized for visualizing the mean decrease Gini index. The models were established using the default hyperparameters provided by each package. Various metrics, such as sensitivity, specificity, AUC (area under the curve), accuracy, precision, and F1 score, were calculated to evaluate the performance of the models (refer to Fig. 2) [69, 70]. The process of training, validating, and testing the model is shown in Fig. 1.
[image: ]
Fig. 2Assessment indicators calculation


Finally, using the mean decrease Gini index [71, 72] to measure the mean decrease in node impurity to estimate the importance for NSSI relevant factors.


Results
Demographic characteristics
In this study, a total of 2090 rural students participated, with an average age (SD) of 13.68 (0.991) and an NSSI prevalence of 38.3%. Among them, there were 1007 males (48.2%) with an average age (SD) of 13.72 (0.986) and 1083 females (51.8%) with an average age (SD) of 13.64 (0.995). The proportion of students in the first, second, and third grades of junior high school was 32.3%, 36.7%, and 31.0%, respectively.

Building the prediction models based on machine learning
We used gender, age, grade, and the relevant factors to establish a prediction model. The scores of factors across students with and without NSSI were shown in Table 2.
Table 2Factor scores used to predict non-suicidal self-injury (NSSI)


	Factors ([image: $$\overline{x}$$] ± SD)
	With NSSI
	Without NSSI
	t/p-value

	Anxiety
	46.55 ± 9.36
	39.36 ± 7.40
	-18.44/0.000

	Depression
	53.01 ± 10.55
	43.70 ± 9.77
	-20.53/0.000

	Neuroticism
	36.09 ± 4.04
	33.93 ± 4.15
	-11.68/0.000

	Extraversion
	37.22 ± 4.33
	37.86 ± 4.10
	3.39/0.001

	Openness
	34.43 ± 4.86
	32.88 ± 4.81
	-7.12/0.000

	Agreeableness
	33.85 ± 4.07
	34.80 ± 3.88
	5.33/0.000

	Conscientiousness
	36.60 ± 4.09
	37.97 ± 4.29
	7.22/0.000

	Family Cohesion
	6.60 ± 2.43
	7.79 ± 1.69
	12.16/0.000

	Family Expressiveness
	4.57 ± 1.73
	5.14 ± 1.55
	7.69/0.000

	Family Conflict
	3.52 ± 2.29
	2.27 ± 1.87
	-12.99/0.000

	Family Independence
	4.80 ± 1.56
	5.03 ± 1.45
	3.35/0.001

	Family Achievement
	4.40 ± 1.47
	4.61 ± 1.40
	3.27/0.001

	Family Intellectual Culture
	3.47 ± 1.91
	4.26 ± 2.10
	8.79/0.000

	Family Active Recreational
	3.98 ± 2.44
	4.97 ± 2.43
	9.04/0.000

	Family Moral Religious
	5.49 ± 1.54
	5.74 ± 1.36
	3.77/0.000

	Family Organization
	5.50 ± 2.09
	6.48 ± 1.82
	11.01/0.000

	Family Control
	3.47 ± 1.99
	3.60 ± 1.99
	1.50/0.133


Legend The content of this table is a description of the score of each questionnaire for the group with and without NSSI



We had established and validated each model by the train set and the validation set, metric shown in Table s1. Subsequently, we had tested each model by the test data, calculated the metrics (Table 3) and plotted ROC curves (Fig. 3). Upon examining the models, it was found that the models generated by the four kernel functions of SVM all showed noticeably poor metrics. While decision tree and random forest performed similarly in terms of sensitivity, specificity, accuracy, precision, and F1 score, the AUC of random forest was significantly better than decision tree, both in the valid and test set. Based on these results, it was determined that the random forest model was the most suitable model for this study.
Table 3Metrics for each non-suicidal self-injury (NSSI) predictive model in the test set


	Value
	Support vector machine
	Decision tree
	Random forest

	Linear
	Radial
	Polynomial
	Sigmoid

	Sensitivity
	0.32
	0.26
	0.34
	0.54
	0.59
	0.65

	Specificity
	0.33
	0.45
	0.44
	0.23
	0.76
	0.72

	AUC
	0.76
	0.73
	0.67
	0.64
	0.69
	0.76

	Accuracy
	0.33
	0.38
	0.40
	0.34
	0.70
	0.70

	Precision
	0.22
	0.22
	0.26
	0.29
	0.58
	0.57

	F1 Score
	0.26
	0.24
	0.29
	0.37
	0.59
	0.61


Legend The contents of this table are metrics for model testing (using the test set)



[image: ]
Fig. 3ROC of each model in the test set



Calculation of the mean decrease Gini index for each factor
After identifying random forest as the suitable model for predicting the prevalence of NSSI, we calculated the mean decrease Gini index (for measuring the mean decrease in node impurity) to estimate the importance of NSSI-relevant factors. In the results, we found that the main factors involved in the prediction were depression and anxiety. Neuroticism was the most significant predictive factor among personality traits, and conflict was the most significant predictive factor in the family environment. However, considering the ranking of these variables and Mean Decrease Gini, neuroticism and conflict may play a relatively minor role in the prediction. In addition, demographic factors contributed little to the prediction in this study (refer to Fig. 4).
[image: ]
Fig. 4Mean decrease Gini index for each factor




Discussion
This research study offers a suitable model for predicting NSSI in Chinese rural children and adolescents. It also validates the importance of NSSI-relevant factors. Among all models that were compared, the random forest model proved to be the most appropriate in this research. The random forest model is an ensemble of decision trees, using multiple decision trees for training and validation of data, which helps to avoid overfitting issues commonly associated with individual decision trees and improve predictive performance [71]. Current medical data processing often involves large datasets, and random forest is a combination of bagging algorithm and random subspace [73], making it one of the most successful machine learning techniques for large data classification and handling skewed problems [74]. In our study, this model allows for the identification of a greater number of individuals who may be at risk for NSSI, which can aid in subsequent targeted screening conducted by professionals.
The prevalence of NSSI among rural junior high school students in this study was found to be 38.3%, which is higher than what has been reported in previous studies conducted in China [75]. There is considerable variation in the prevalence of NSSI reported across different studies in the international literature. This variation can be attributed to differences in sample characteristics, such as studies conducted among clinically depressed patients or in the general population. Furthermore, different criteria and rating instruments for assessing NSSI may contribute to the discrepancies. A meta-analysis, encompassing 680,000 young individuals from various parts of the world revealed that the incidence of NSSI in their lifetime was found to be 22.1%. Specifically, the prevalence in Western countries was 19.4%, whereas non-Western countries reported a higher prevalence of 32.6%. Further subgroup analysis, differentiating between developed and developing countries, indicated a lifetime prevalence of 20.0% in developed countries and 33.7% in developing countries [76]. By considering the syntheses of prior studies, the observed NSSI prevalence in our research aligns with the documented rates in non-Western and developing countries, leading us to regard the results of this study as more dependable.
Upon conducting the prediction model estimation and relevant factor importance analysis, it was observed that depression and anxiety persist as the most impactful factors contributing to the incidence of NSSI. Fliege et al. [77] noted in their study that individuals who engage in NSSI tend to experience more negative emotions, such as anxiety and depression, compared to those who do not engage in NSSI. These negative emotions, identified as the primary personal factors with the strongest evidence of influencing NSSI, can potentially influence an individual’s behavioral responses [78] and potentially lead to increased NSSI. Furthermore, it has been suggested that individuals with depression and anxiety are more inclined to engage in NSSI as a means of alleviating these negative emotions [79], aligning with the concept of negative self-reinforcement (self-injury as a method to alleviate negative emotions) in the four-function model discussed earlier. Our study compared the degree of influence of depression and anxiety with personality traits and family environment on NSSI and found that among these types of factors, timely interventions for individuals with existing emotional and psychological problems may have better results in reducing the occurrence of NSSI.
In terms of the contribution to the predictive model, among the five dimensions of personality traits, particularly neuroticism, it ranked second only to depression and anxiety, which aligns with the findings of previous studies [80]. Grandclerc et al. [14] mentioned in their study that individuals who exhibit characteristics such as impulsivity and aggression during early developmental stages are more prone to developing NSSI. Behaviors such as impulsivity are manifestations of neuroticism. Previous studies have found that a typical characteristic of neuroticism is negative emotions [81], which is not only reflected in higher levels of negative emotions but also in greater emotional variability [82, 83]. Some researchers even use the term emotional stability as the opposite of neuroticism [84]. Individuals with high levels of neuroticism may exhibit characteristics such as emotional instability, anxiety, and irritability [85] as well as an increased likelihood of experiencing negative life events [86]. These individuals are more likely to experience greater negative impacts when faced with adversities in life [87] and are more susceptible to experiencing depressive symptoms or psychological distress [88, 89]. This may exacerbate the distress caused by negative events and lead to more issues for them. Previous studies have also highlighted the phenomenon of social transmission [90], indicating that groups characterized by openness to external influences are more likely to engage in socially transmitted behaviors. This may explain why openness is ranked fourth in terms of contribution. However, considering the rankings of neuroticism and openness and their Mean Decrease Gini values, these two dimensions have a relatively minor role in predicting NSSI.
The influence of family environment on NSSI is mainly in conflict. Shao et al. found in their study that individuals engaging in NSSI experience a decrease in interpersonal functioning and impaired family cohesion [91], which may lead to more family conflicts. The increase in family conflicts inevitably brings negative emotional experiences to individuals. According to the experiential avoidance model of self-harm proposed by Chapman et al. [92], when individuals face these negative emotional experiences, they may resort to NSSI as a way of escape. Research has also shown that adolescents from discordant families are more likely to exhibit higher levels of aggression and engage in NSSI [93]. Furthermore, families with more conflicts may struggle to provide children with an adequate sense of safety and trust, and a lack of security and trust may also be one of the reasons influencing the development of mental health and behavioral problems in youth [93]. The above study also echoes the main problem between rural families in China today: Due to the economic disparity between urban and rural areas, a significant number of rural laborers migrate to cities for work, often leaving their children in rural areas to reduce the financial burden in urban settings [48]. This results in unstable family structures for these children and adolescents, potentially leading to more behavioral issues [94]. However, it is essential to note that considering the ranking of conflict in terms of contribution, its role in predicting NSSI may have been overestimated.
This study possesses several strengths. Firstly, it surveyed a large sample of Chinese rural junior high school students, which enhances the generalizability of the findings. Secondly, an appropriate model was selected and the importance of relevant factors was calculated, ensuring a robust analysis. Additionally, there is a scarcity of previous studies utilizing machine learning models to predict NSSI in Chinese rural children and adolescents, making this study a valuable addition to the existing literature in this field.
This study has several limitations. In terms of research methods, firstly, it is a cross-sectional self-assessment questionnaire survey, which may be subjective and biased. Secondly, the sample was selected using convenience sampling, which may introduce bias in the selection process. Thirdly, the predictive factors included in this study are relatively limited, considering only the family environment as an external factor. Fourthly, both the predictive and outcome indicators were measured by questionnaires, which introduces certain limitations to the predictions. The selection of the sample and research methods significantly affect the generalizability of the findings. Therefore, future studies should aim to collect more longitudinal data to supplement the research content and analyze causal relationships. Additionally, a more representative random sampling method should be employed to enhance the generalizability of the conclusions. Moreover, incorporating more comprehensive predictive factors can help avoid exaggerating non-specific associations due to loose factors. Lastly, outcome indicators should, whenever possible, be clarified using structured or semi-structured interviews to prevent outcomes from being obscured or exaggerated due to personal factors.
In terms of research content, all factors used for prediction were collected simultaneously, which may lead to potential interrelationships between variables, such as anxiety and depression. Currently, mental disorders remain complex conditions with unclear etiology and pathology. Although many studies have attempted to elucidate the risk and protective factors of these disorders, the contribution of any single factor is often minimal [95]. Thus, mental disorders may result from the combined influence of multiple factors. In this study, NSSI often does not occur in isolation; emotional issues such as anxiety and depression may coexist with and exacerbate the development of NSSI. This indicates that we need to identify causal relationships through longitudinal studies between different disorders and between disorders and influencing factors. Additionally, we should broaden the scope of included factors to provide a more comprehensive and accurate description of the impact network of mental disorders through multimodal measurements of risk factors (such as incorporating blood indicators, neuroelectrophysiological indicators, and brain imaging indicators). Reliable and stable conclusions can provide theoretical guidance for clinical interventions in mental health issues. For disorders where a single factor contributes significantly, we can focus our interventions to quickly improve outcomes while reducing treatment costs. Conversely, for disorders where multiple factors contribute minimally, a comprehensive intervention from multiple perspectives is needed to ensure effective treatment while preventing relapse.

Conclusion
This study focused on Chinese children and adolescents in rural areas and demonstrated the potential of using the machine learning approach in predicting NSSI. Our research complements the application of machine learning methods to psychiatric and psychological problems.

Acknowledgements
No artificial intelligence techniques were used in the writing of this study.

Author contributions
Zhongliang Jiang and Yonghua Cui was responsible for data collection, data analysis, data interpretation, conceptualisation, visualisation, writing - original draft and writing - editing. Hui Xu, Cody Abbey, Wenjian Xu, Weitong Guo, Dongdong Zhang, Jintong Liu was responsible for conceptualisation, validation and writing - review. Jingwen Jin and Ying Li was responsible for project administration, supervision, validation, writing - review & editing.

Funding
This work was supported by the National Natural Science Foundation of China (NSFC) under Grant No. 82171538, 82001445 and the Natural Science Foundation of Beijing Municipality under Grant No. 7212035, 7232057, Beijing Hospitals Authority Youth Programme Grant No. QML20211203.

Data availability
The data that support the findings of this study are openly available on request from the corresponding author.

Declarations
Ethical approval
This research received approval by the Ethics Committee of Shandong Mental Health Center, China.

Consent for publication
All authors have seen the manuscript and approved its submission to Annals of General Psychiatry.

Competing interests
The authors declare no competing interests.


[image: Creative Commons]Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://​creativecommons.​org/​licenses/​by-nc-nd/​4.​0/​.

References
	1.
Lloyd-Richardson EE, Perrine N, Dierker L, Kelley ML. Characteristics and functions of non-suicidal self-injury in a community sample of adolescents. Psychol Med. 2007;37(8):1183–92. Epub 2007/03/14. https://​doi.​org/​10.​1017/​S003329170700027​X. PubMed PMID: 17349105; PubMed Central PMCID: PMC2538378.CrossrefPubMedPubMedCentral


	2.
Plener PL, Allroggen M, Kapusta ND, Brahler E, Fegert JM, Groschwitz RC. The prevalence of Nonsuicidal Self-Injury (NSSI) in a representative sample of the German population. BMC Psychiatry. 2016;16(1):353. https://​doi.​org/​10.​1186/​s12888-016-1060-x. Epub 20161019.CrossrefPubMedPubMedCentral


	3.
Plener PL, Libal G, Keller F, Fegert JM, Muehlenkamp JJ. An international comparison of adolescent non-suicidal self-injury (NSSI) and suicide attempts: Germany and the USA. Psychol Med. 2009;39(9):1549–58. Epub 20090127. https://​doi.​org/​10.​1017/​S003329170800511​4. PubMed PMID: 19171079.CrossrefPubMed


	4.
Taylor PJ, Jomar K, Dhingra K, Forrester R, Shahmalak U, Dickson JM. A meta-analysis of the prevalence of different functions of non-suicidal self-injury. J Affect Disord. 2018;227:759–69. PubMed PMID: 29689691.CrossrefPubMed


	5.
Nixon MK, Cloutier P, Jansson SM. Nonsuicidal self-harm in youth: a population-based survey. CMAJ. 2008;178(3):306–12. https://​doi.​org/​10.​1503/​cmaj.​061693. Epub 2008/01/30.CrossrefPubMedPubMedCentral


	6.
Plener PL, Kaess M, Schmahl C, Pollak S, Fegert JM, Brown RC. Nonsuicidal Self-Injury in adolescents. Dtsch Arztebl Int. 2018;115(3):23–30. https://​doi.​org/​10.​3238/​arztebl.​2018.​0023. PubMed PMID: 29366448; PubMed Central PMCID: PMC5787659.CrossrefPubMed


	7.
Swannell SV, Martin GE, Page A, Hasking P, St John NJ. Prevalence of nonsuicidal self-injury in nonclinical samples: systematic review, meta-analysis and meta-regression. Suicide Life Threat Behav. 2014;44(3):273–303. https://​doi.​org/​10.​1111/​sltb.​12070. Epub 20140115.CrossrefPubMed


	8.
Castellvi P, Lucas-Romero E, Miranda-Mendizabal A, Pares-Badell O, Almenara J, Alonso I, et al. Longitudinal association between self-injurious thoughts and behaviors and suicidal behavior in adolescents and young adults: a systematic review with meta-analysis. J Affect Disord. 2017;215:37–48. https://​doi.​org/​10.​1016/​j.​jad.​2017.​03.​035. Epub 2017/03/21.CrossrefPubMed


	9.
Lang J, Yao Y. Prevalence of nonsuicidal self-injury in Chinese middle school and high school students: a meta-analysis. Med (Baltim). 2018;97(42):e12916. Epub 2018/10/20. doi: 10.1097/MD.0000000000012916. PubMed PMID: 30335024; PubMed Central PMCID: PMC6211880.Crossref


	10.
Yates TM. The developmental psychopathology of self-injurious behavior: compensatory regulation in posttraumatic adaptation. Clin Psychol Rev. 2004;24(1):35–74. https://​doi.​org/​10.​1016/​j.​cpr.​2003.​10.​001. Epub 2004/03/03.CrossrefPubMed


	11.
Erikson EH. Identity and the life cycle. WW Norton & company; 1994.


	12.
Waals L, Baetens I, Rober P, Lewis S, Van Parys H, Goethals ER, et al. The NSSI Family Distress Cascade Theory. Child Adolesc Psychiatry Ment Health. 2018;12:52. https://​doi.​org/​10.​1186/​s13034-018-0259-7. Epub 20181218.CrossrefPubMedPubMedCentral


	13.
Nock MK, Prinstein MJ. A functional approach to the assessment of self-mutilative behavior. J Consult Clin Psychol. 2004;72(5):885–90. https://​doi.​org/​10.​1037/​0022-006X.​72.​5.​885. Epub 2004/10/16.CrossrefPubMed


	14.
Grandclerc S, De Labrouhe D, Spodenkiewicz M, Lachal J, Moro MR. Relations between Nonsuicidal Self-Injury and suicidal behavior in adolescence: a systematic review. PLoS ONE. 2016;11(4):e0153760. https://​doi.​org/​10.​1371/​journal.​pone.​0153760. Epub 2016/04/19.CrossrefPubMedPubMedCentral


	15.
Van Orden KA, Witte TK, Cukrowicz KC, Braithwaite SR, Selby EA, Joiner TE Jr. The interpersonal theory of suicide. Psychol Rev. 2010;117(2):575–600. https://​doi.​org/​10.​1037/​a0018697. PubMed PMID: 20438238; PubMed Central PMCID: PMC3130348.CrossrefPubMedPubMedCentral


	16.
Skegg K, Self-harm. Lancet. 2005;366(9495):1471–83. https://​doi.​org/​10.​1016/​S0140-6736(05)67600-3. Epub 2005/10/26.CrossrefPubMed


	17.
Nater UM, Bohus M, Abbruzzese E, Ditzen B, Gaab J, Kleindienst N, et al. Increased psychological and attenuated cortisol and alpha-amylase responses to acute psychosocial stress in female patients with borderline personality disorder. Psychoneuroendocrinology. 2010;35(10):1565–72. PubMed PMID: 20630661.CrossrefPubMed


	18.
Groschwitz RC, Plener PL, Groen G, Bonenberger M, Abler B. Differential neural processing of social exclusion in adolescents with non-suicidal self-injury: an fMRI study. Psychiatry Res Neuroimaging. 2016;255:43–9. https://​doi.​org/​10.​1016/​j.​pscychresns.​2016.​08.​001. Epub 20160805.CrossrefPubMed


	19.
Stanley B, Sher L, Wilson S, Ekman R, Huang YY, Mann JJ. Non-suicidal self-injurious behavior, endogenous opioids and monoamine neurotransmitters. J Affect Disord. 2010;124(1–2):134–40. https://​doi.​org/​10.​1016/​j.​jad.​2009.​10.​028. Epub 20091125.CrossrefPubMed


	20.
Hafferty JD, Navrady LB, Adams MJ, Howard DM, Campbell AI, Whalley HC, et al. The role of neuroticism in self-harm and suicidal ideation: results from two UK population-based cohorts. Soc Psychiatry Psychiatr Epidemiol. 2019;54(12):1505–18. https://​doi.​org/​10.​1007/​s00127-019-01725-7. Epub 2019/05/28.CrossrefPubMedPubMedCentral


	21.
Wang YJ, Li X, Ng CH, Xu DW, Hu S, Yuan TF. Risk factors for non-suicidal self-injury (NSSI) in adolescents: a meta-analysis. EClinicalMedicine. 2022;46:101350. https://​doi.​org/​10.​1016/​j.​eclinm.​2022.​101350. Epub 20220321.CrossrefPubMedPubMedCentral


	22.
Rajhvajn Bulat L, Susac N, Ajdukovic M. Predicting prolonged non-suicidal self-injury behaviour and suicidal ideations in adolescence - the role of personal and environmental factors. Curr Psychol. 2023;1–12. https://​doi.​org/​10.​1007/​s12144-023-04404-8. Epub 2023/03/02.


	23.
Brasfield CR. Cognitive-behavioral treatment of borderline personality disorder. Behav Res Ther. 1994;32:899.Crossref


	24.
Jiang Y, You J, Hou Y, Du C, Lin MP, Zheng X, et al. Buffering the effects of peer victimization on adolescent non-suicidal self-injury: The role of self-compassion and family cohesion. J Adolesc. 2016;53. https://​doi.​org/​10.​1016/​j.​adolescence.​2016.​09.​005. Epub 2016/10/07. 107 – 15.


	25.
Qu D, Wen X, Liu B, Zhang X, He Y, Chen D, et al. Non-suicidal self-injury in Chinese population: a scoping review of prevalence, method, risk factors and preventive interventions. Lancet Reg Health West Pac. 2023;37:100794. https://​doi.​org/​10.​1016/​j.​lanwpc.​2023.​100794. Epub 20230526.CrossrefPubMedPubMedCentral


	26.
Wu Y, Fang Y. Stroke Prediction with Machine Learning Methods among Older Chinese. Int J Environ Res Public Health. 2020;17(6). Epub 2020/03/18. https://​doi.​org/​10.​3390/​ijerph17061828. PubMed PMID: 32178250; PubMed Central PMCID: PMC7142983.


	27.
Xing X, Yang X, Liu F, Li J, Chen J, Liu X, et al. Predicting 10-Year and lifetime stroke risk in Chinese Population. Stroke. 2019;50(9):2371–8. Epub 20190808. doi: 10.1161/STROKEAHA.119.025553. PubMed PMID: 31390964.CrossrefPubMed


	28.
Abedi V, Goyal N, Tsivgoulis G, Hosseinichimeh N, Hontecillas R, Bassaganya-Riera J, et al. Novel Screening Tool for Stroke using Artificial neural network. Stroke. 2017;48(6):1678–81. https://​doi.​org/​10.​1161/​STROKEAHA.​117.​017033. Epub 20170424.CrossrefPubMed


	29.
Magherini R, Mussi E, Volpe Y, Furferi R, Buonamici F, Servi M. Machine learning for renal pathologies: an updated survey. Sens (Basel). 2022;22(13). https://​doi.​org/​10.​3390/​s22134989. PubMed PMID: 35808481; PubMed Central PMCID: PMC9269842. Epub 2022/07/10.


	30.
Jiang T, Gradus JL, Rosellini AJ. Supervised machine learning: a brief primer. Behav Ther. 2020;51(5):675–87. https://​doi.​org/​10.​1016/​j.​beth.​2020.​05.​002. Epub 20200516.CrossrefPubMedPubMedCentral


	31.
James G, Witten D, Hastie T, Tibshirani R. An introduction to statistical learning: Springer; 2013.


	32.
MacEachern SJ, Forkert ND. Machine learning for precision medicine. Genome. 2021;64(4):416–25. Epub 20201022. doi: 10.1139/gen-2020-0131. PubMed PMID: 33091314.CrossrefPubMed


	33.
Hardy M, Harvey H. Artificial intelligence in diagnostic imaging: impact on the radiography profession. Br J Radiol. 2020;93(1108):20190840. https://​doi.​org/​10.​1259/​bjr.​20190840. Epub 2019/12/11.CrossrefPubMedPubMedCentral


	34.
Anh DT, Takakura H, Asai M, Ueda N, Shojaku H. Application of machine learning in the diagnosis of vestibular disease. Sci Rep. 2022;12(1):20805. https://​doi.​org/​10.​1038/​s41598-022-24979-9. Epub 2022/12/03.CrossrefPubMedPubMedCentral


	35.
Dritsas E, Trigka M. Machine Learning Methods for Hypercholesterolemia Long-Term Risk Prediction. Sens (Basel). 2022;22(14). Epub 2022/07/28. doi: 10.3390/s22145365. PubMed PMID: 35891045; PubMed Central PMCID: PMC9322993.


	36.
Mansson KN, Frick A, Boraxbekk CJ, Marquand AF, Williams SC, Carlbring P, et al. Predicting long-term outcome of internet-delivered cognitive behavior therapy for social anxiety disorder using fMRI and support vector machine learning. Transl Psychiatry. 2015;5(3):e530. https://​doi.​org/​10.​1038/​tp.​2015.​22. Epub 2015/03/18.CrossrefPubMedPubMedCentral


	37.
Schmitgen MM, Niedtfeld I, Schmitt R, Mancke F, Winter D, Schmahl C, et al. Individualized treatment response prediction of dialectical behavior therapy for borderline personality disorder using multimodal magnetic resonance imaging. Brain Behav. 2019;9(9):e01384. https://​doi.​org/​10.​1002/​brb3.​1384. Epub 2019/08/16.CrossrefPubMedPubMedCentral


	38.
Macalli M, Navarro M, Orri M, Tournier M, Thiebaut R, Cote SM, et al. A machine learning approach for predicting suicidal thoughts and behaviours among college students. Sci Rep. 2021;11(1):11363. https://​doi.​org/​10.​1038/​s41598-021-90728-z. Epub 20210615.CrossrefPubMedPubMedCentral


	39.
van Vuuren CL, van Mens K, de Beurs D, Lokkerbol J, van der Wal MF, Cuijpers P, et al. Comparing machine learning to a rule-based approach for predicting suicidal behavior among adolescents: results from a longitudinal population-based survey. J Affect Disord. 2021;295:1415–20. https://​doi.​org/​10.​1016/​j.​jad.​2021.​09.​018. Epub 20210917.CrossrefPubMed


	40.
Huang FF, Yang XY, Luo J, Yang XJ, Meng FQ, Wang PC, et al. Functional and structural MRI based obsessive-compulsive disorder diagnosis using machine learning methods. BMC Psychiatry. 2023;23(1):792. https://​doi.​org/​10.​1186/​s12888-023-05299-2. Epub 20231030.CrossrefPubMedPubMedCentral


	41.
Garriga R, Mas J, Abraha S, Nolan J, Harrison O, Tadros G et al. Machine learning model to predict mental health crises from electronic health records. Nat Med. 2022;28(6):1240-8. Epub 2022/05/17. doi: 10.1038/s41591-022-01811-5. PubMed PMID: 35577964; PubMed Central PMCID: PMC9205775 Telefonica Innovation Alpha) provided financial resources to support this project’s realization. O.H., J.M., R.G. and A.M. were employees of Telefonica Innovation Alpha (O.H., R.G. and A.M. are now employees of Koa Health) and received salary support. The investigators from Koa Health and the NHS collaborated on the analysis and writing of this manuscript. This NHS project, which G.T., S.A. and J.N. were part of, received funding from the Health Foundation (UK). The funders of the study had no role in the design, data analysis, model development, interpretation of the results or the writing and revision of the manuscript.


	42.
Xia F, Li Q, Luo X, Wu J. Machine learning model for depression based on heavy metals among aging people: a study with National Health and Nutrition Examination Survey 2017–2018. Front Public Health. 2022;10:939758. https://​doi.​org/​10.​3389/​fpubh.​2022.​939758. Epub 2022/08/23.CrossrefPubMedPubMedCentral


	43.
Yang W, Sun R, Wang C, Chen J, Zhang C, Yu J, et al. Epidemiology of depressive disorders among youth during Gaokao to college in China: results from Hunan Normal University mental health survey. BMC Psychiatry. 2023;23(1):481. https://​doi.​org/​10.​1186/​s12888-023-04972-w. Epub 2023/06/30.CrossrefPubMedPubMedCentral


	44.
Li M, Pu Y, Xu B, Wu S. How do the identities of ethnic and left-behind children influence their depression? Evidence from ethnic minority areas of Sichuan Province, China. Heliyon. 2023;9(9):e20169. https://​doi.​org/​10.​1016/​j.​heliyon.​2023.​e20169. Epub 2023/10/09.CrossrefPubMedPubMedCentral


	45.
Yong N, Luo J, Luo JM, Yao YS, Wu J, Yang H, et al. Non-suicidal self-injury and professional psychological help-seeking among Chinese left-behind children: prevalence and influencing factors. BMC Psychiatry. 2023;23(1):291. https://​doi.​org/​10.​1186/​s12888-023-04801-0. Epub 2023/04/27.CrossrefPubMedPubMedCentral


	46.
Tang J, Li G, Chen B, Huang Z, Zhang Y, Chang H, et al. Prevalence of and risk factors for non-suicidal self-injury in rural China: Results from a nationwide survey in China. J Affect Disord. 2018;226. https://​doi.​org/​10.​1016/​j.​jad.​2017.​09.​051. Epub 2017/10/11. 188 – 95.


	47.
Qu X, Wang X, Huang X, Ashish KC, Yang Y, Huang Y, et al. Socio-emotional challenges and development of children left behind by migrant mothers. J Glob Health. 2020;10(1):010806. https://​doi.​org/​10.​7189/​jogh.​10.​010806. PubMed PMID: 32373338; PubMed Central PMCID: PMC7182358.CrossrefPubMedPubMedCentral


	48.
Lu Y. Education of children left behind in Rural China. J Marriage Fam. 2012;74(2):328–41. https://​doi.​org/​10.​1111/​j.​1741-3737.​2011.​00951. x. PubMed PMID: 24163479; PubMed Central PMCID: PMC3806142.CrossrefPubMedPubMedCentral


	49.
Li X, Zheng H, Tucker W, Xu W, Wen X, Lin Y, et al. Research on relationships between sexual identity, adverse childhood experiences and Non-suicidal Self-Injury among Rural High School Students in Less developed areas of China. Int J Environ Res Public Health. 2019;16(17). https://​doi.​org/​10.​3390/​ijerph16173158. Epub 2019/09/01.


	50.
Zhang SC, Tao FB, Wu XY, Tao SM, Fang J. Low health literacy and psychological symptoms potentially increase the risks of non-suicidal self-injury in Chinese middle school students. BMC Psychiatry. 2016;16(1):327. https://​doi.​org/​10.​1186/​s12888-016-1035-y. Epub 2016/09/22.CrossrefPubMedPubMedCentral


	51.
Zheng Y. Epidemiologic investigation of self-mutilation behavior among adolescents in Wuhan and its functional model. Central China Normal University, Hubei, China; 2006.


	52.
Zhang JJ, Liu YD, Zhang H, Huang ZH, Wang F, Yang JJ, et al. Correlates of non-suicidal Self-Injury in Adolescent Psychiatric patients in China. Front Psychiatry. 2022;13:864150. https://​doi.​org/​10.​3389/​fpsyt.​2022.​864150. Epub 2022/07/15.CrossrefPubMedPubMedCentral


	53.
Zung WW. A rating instrument for anxiety disorders. Psychosomatics. 1971;12(6):371–9. Epub 1971/11/01. doi: 10.1016/S0033-3182(71)71479-0. PubMed PMID: 5172928.CrossrefPubMed


	54.
Zhang Y, Hou Z, Wu S, Li X, Hao M, Wu X. The relationship between internet addiction and aggressive behavior among adolescents during the COVID-19 pandemic: anxiety as a mediator. Acta Psychol (Amst). 2022. https://​doi.​org/​10.​1016/​j.​actpsy.​2022.​103612. 227:103612. Epub 2022/05/23.CrossrefPubMed


	55.
Zung WW. A self-rating Depression Scale. Arch Gen Psychiatry. 1965;12:63–70. https://​doi.​org/​10.​1001/​archpsyc.​1965.​01720310065008. Epub 1965/01/01. PubMed PMID: 14221692.CrossrefPubMed


	56.
Soto CJ, John OP. Using the California Psychological Inventory to assess the big five personality domains: a hierarchical approach. J Res Pers. 2009;43(1):25–38.Crossref


	57.
An X. Relationship between Self-esteem, personality, life events and School Adjustment in Senior High School Students. Shandong University, Shandong, China; 2017.


	58.
Moos RH, Moos BS. The Family Environment Scale Manual. Revista Galega De Filoloxía; 1986.


	59.
Kuhn M. Building predictive models in R using the caret package. J Stat Softw. 2008;28:1–26.Crossref


	60.
Xu W, Liu X, Leng F, Li W. Blood-based multi-tissue gene expression inference with bayesian ridge regression. Bioinformatics. 2020;36(12):3788–94. https://​doi.​org/​10.​1093/​bioinformatics/​btaa239. Epub 2020/04/12.CrossrefPubMed


	61.
Meyer D, Wien F. Support vector machines. R News. 2001;1(3):23–6.


	62.
Rau A, Kim S, Yang S, Reisert M, Kellner E, Duman IE, et al. SVM-Based normal pressure Hydrocephalus Detection. Clin Neuroradiol. 2021;31(4):1029–35. https://​doi.​org/​10.​1007/​s00062-020-00993-0. Epub 20210126.CrossrefPubMedPubMedCentral


	63.
Liu W, Liang S, Qin X. Weighted p-norm distance t kernel SVM classification algorithm based on improved polarization. Sci Rep. 2022;12(1):6197. https://​doi.​org/​10.​1038/​s41598-022-09766-w. Epub 20220413.CrossrefPubMedPubMedCentral


	64.
Therneau TM, Atkinson EJ. An introduction to recursive partitioning using the RPART routines. Technical report Mayo Foundation, 1997.


	65.
Zhang Z. Decision tree modeling using R. Ann Transl Med. 2016;4(15):275. https://​doi.​org/​10.​21037/​atm.​2016.​05.​14. PubMed PMID: 27570769; PubMed Central PMCID: PMC4980381.CrossrefPubMedPubMedCentral


	66.
Alderden J, Pepper GA, Wilson A, Whitney JD, Richardson S, Butcher R, et al. Predicting pressure Injury in critical care patients: a machine-learning model. Am J Crit Care. 2018;27(6):461–8. https://​doi.​org/​10.​4037/​ajcc2018525. PubMed PMID: 30385537; PubMed Central PMCID: PMC6247790.CrossrefPubMedPubMedCentral


	67.
Shatte ABR, Hutchinson DM, Teague SJ. Machine learning in mental health: a scoping review of methods and applications. Psychol Med. 2019;49(9):1426–48. Epub 20190212. doi: 10.1017/S0033291719000151. PubMed PMID: 30744717.CrossrefPubMed


	68.
Wickham H, Wickham H. Data analysis: Springer; 2016.


	69.
Kalafi EY, Nor NAM, Taib NA, Ganggayah MD, Town C, Dhillon SK. Machine learning and deep learning approaches in breast Cancer survival prediction using Clinical Data. Folia Biol (Praha). 2019;65(5–6):212–20. Epub 2019/01/01. PubMed PMID: 32362304.CrossrefPubMed


	70.
Uddin S, Khan A, Hossain ME, Moni MA. Comparing different supervised machine learning algorithms for disease prediction. BMC Med Inf Decis Mak. 2019;19(1):281. https://​doi.​org/​10.​1186/​s12911-019-1004-8. Epub 2019/12/23.Crossref


	71.
Song Y, Yin Z, Zhang C, Hao S, Li H, Wang S, et al. Random forest classifier improving phenylketonuria screening performance in two Chinese populations. Front Mol Biosci. 2022;9:986556. https://​doi.​org/​10.​3389/​fmolb.​2022.​986556. Epub 20221011.CrossrefPubMedPubMedCentral


	72.
Calle ML, Urrea V. Letter to the editor: Stability of Random Forest importance measures. Brief Bioinform. 2011;12(1):86–9. https://​doi.​org/​10.​1093/​bib/​bbq011. Epub 20100331.CrossrefPubMed


	73.
Asadi S, Roshan S, Kattan MW. Random forest swarm optimization-based for heart diseases diagnosis. J Biomed Inf. 2021;115:103690. https://​doi.​org/​10.​1016/​j.​jbi.​2021.​103690. Epub 20210201.Crossref


	74.
Breiman L. Random forests. Mach Learn. 2001;45:5–32.Crossref


	75.
Zhou J, Zhang J, Huang Y, Zhao J, Xiao Y, Zhang S, et al. Associations between coping styles, gender, their interaction and non-suicidal self-injury among middle school students in rural west China: a multicentre cross-sectional study. Front Psychiatry. 2022;13:861917. https://​doi.​org/​10.​3389/​fpsyt.​2022.​861917. Epub 2022/08/27.CrossrefPubMedPubMedCentral


	76.
Lim KS, Wong CH, McIntyre RS, Wang J, Zhang Z, Tran BX, et al. Global lifetime and 12-Month prevalence of suicidal behavior, Deliberate Self-Harm and Non-suicidal Self-Injury in Children and adolescents between 1989 and 2018: a Meta-analysis. Int J Environ Res Public Health. 2019;16(22). https://​doi.​org/​10.​3390/​ijerph16224581. PubMed PMID: 31752375; PubMed Central PMCID: PMC6888476. Epub 2019/11/23.


	77.
Fliege H, Lee JR, Grimm A, Klapp BF. Risk factors and correlates of deliberate self-harm behavior: a systematic review. J Psychosom Res. 2009;66(6):477–93. https://​doi.​org/​10.​1016/​j.​jpsychores.​2008.​10.​013. Epub 2009/05/19.CrossrefPubMed


	78.
Gross JJ, Jazaieri H, Emotion. Emotion regulation, and psychopathology: an Affective Science Perspective. Clin Psychol Sci. 2014;2(4):387–401. https://​doi.​org/​10.​1177/​2167702614536164​.Crossref


	79.
Kular S, Ram R, Balian V, Tse G, Coley S, Jivraj S, et al. Mechanical thrombectomy for acute stroke in pregnancy. Neuroradiol J. 2020;33(2):134–9. Epub 2020/01/28. doi: 10.1177/1971400919900635. PubMed PMID: 31984865; PubMed Central PMCID: PMC7140301.CrossrefPubMedPubMedCentral


	80.
Keenan K, Hipwell AE, Stepp SD, Wroblewski K. Testing an equifinality model of nonsuicidal self-injury among early adolescent girls. Dev Psychopathol. 2014;26(3):851–62. https://​doi.​org/​10.​1017/​S095457941400043​1. Epub 2014/07/23.CrossrefPubMedPubMedCentral


	81.
John OP, Robins RW, Pervin LA. Handbook of personality: theory and research. Guilford Press; 2010.


	82.
Eid M, Diener E. Intraindividual variability in affect: reliability, validity, and personality correlates. J Personal Soc Psychol. 1999;76(4):662.Crossref


	83.
Eysenck HJ. A model for personality. Springer Science & Business Media; 2012.


	84.
Kalokerinos EK, Murphy SC, Koval P, Bailen NH, Crombez G, Hollenstein T, et al. Neuroticism may not reflect emotional variability. Proc Natl Acad Sci U S A. 2020;117(17):9270–6. https://​doi.​org/​10.​1073/​pnas.​1919934117. Epub 20200415.CrossrefPubMedPubMedCentral


	85.
Mahmood A, Simon J, Cooper J, Murphy T, McCracken C, Quiroz J, et al. Neuroticism personality traits are linked to adverse cardiovascular phenotypes in the UK Biobank. Eur Heart J Cardiovasc Imaging. 2023;24(11):1460–7. https://​doi.​org/​10.​1093/​ehjci/​jead166. PubMed PMID: 37440761; PubMed Central PMCID: PMC10610755.CrossrefPubMedPubMedCentral


	86.
Lahey BB. Public health significance of neuroticism. Am Psychol. 2009;64(4):241–56. https://​doi.​org/​10.​1037/​a0015309. PubMed PMID: 19449983; PubMed Central PMCID: PMC2792076.CrossrefPubMedPubMedCentral


	87.
Larsen RJ, Ketelaar T. Personality and susceptibility to positive and negative emotional states. J Pers Soc Psychol. 1991;61(1):132–40. https://​doi.​org/​10.​1037/​/​0022-3514.​61.​1.​132. PubMed PMID: 1890584.


	88.
Fanous A, Gardner CO, Prescott CA, Cancro R, Kendler KS. Neuroticism, major depression and gender: a population-based twin study. Psychol Med. 2002;32(4):719 – 28. https://​doi.​org/​10.​1017/​s003329170200541​x. PubMed PMID: 12102386.


	89.
Ormel J, Wohlfarth T. How neuroticism, long-term difficulties, and life situation change influence psychological distress: a longitudinal model. J Pers Soc Psychol. 1991;60(5):744–55. https://​doi.​org/​10.​1037/​/​0022-3514.​60.​5.​744. PubMed PMID: 2072254.


	90.
Jarvi S, Jackson B, Swenson L, Crawford H. The impact of social contagion on non-suicidal self-injury: a review of the literature. Arch Suicide Res. 2013;17(1):1–19. PubMed PMID: 23387399.CrossrefPubMed


	91.
Shao C, Wang X, Ma Q, Zhao Y, Yun X. Analysis of risk factors of non-suicidal self-harm behavior in adolescents with depression. Ann Palliat Med. 2021;10(9):9607–13. https://​doi.​org/​10.​21037/​apm-21-1951. PubMed PMID: 34628886.CrossrefPubMed


	92.
Chapman AL, Gratz KL, Brown MZ. Solving the puzzle of deliberate self-harm: the experiential avoidance model. Behav Res Ther. 2006;44(3):371–94. https://​doi.​org/​10.​1016/​j.​brat.​2005.​03.​005. PubMed PMID: 16446150.CrossrefPubMed


	93.
Zhang Y, Zhang L. Relationship among Aggression, Non-suicidal Self-Injury, and Depression in youths. Iran J Public Health. 2023;52(8):1711–9. https://​doi.​org/​10.​18502/​ijph.​v52i8.​13410. PubMed PMID: 37744528; PubMed Central PMCID: PMC10512140.CrossrefPubMedPubMedCentral


	94.
Fu W, Xue R, Chai H, Sun W, Jiang F. What Matters on Rural Left-Behind Children’s Problem Behavior: Family Socioeconomic Status or Perceived Discrimination. Int J Environ Res Public Health. 2023;20(2). Epub 20230111. https://​doi.​org/​10.​3390/​ijerph20021334. PubMed PMID: 36674091; PubMed Central PMCID: PMC9859111.


	95.
Arango C, Dragioti E, Solmi M, Cortese S, Domschke K, Murray RM, et al. Risk and protective factors for mental disorders beyond genetics: an evidence-based atlas. World Psychiatry. 2021;20(3):417–36. https://​doi.​org/​10.​1002/​wps.​20894. PubMed PMID: 34505386; PubMed Central PMCID: PMC8429329.CrossrefPubMedPubMedCentral




Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/12991_2024_534_Fig4_HTML.png
Depression 1

Anxiety 1
Neuroticism 1
Openness 1

Conflict+
Conscientiousness 1
Agreeableness 1
Extraversion -
Organization -
Cohesion 1
Active_Recreational 1
Intellectual Cultural -
Control
Independence
Expressiveness 1
Achievement

Moral Religious -
Age-

Grade -

Gender

(el
[
O
~ |
D

MeanDecreaseGini





OEBPS/navigation.xhtml

    
      Contents


      
        		Prediction of non-suicidal self-injury (NSSI) among rural Chinese junior high school students: a machine learning approach


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/12991_2024_534_Fig1_HTML.png
Sample Selection

Urban students

Convenience sampling method was used to
investigate samples

(n=2376)
|

(n=1286)

Rural students
(n=2090)

Train set
(n=1463)

[

Valid set
(n=314)

A

v

Establishing
machine learning models for SVM
(Linear, Radial, Sigmoid,
Polynomial kernels),
Decision tree, Random forest.

Machine learning

Validating model

Calculating mean decrease Gini

Testing and getting the suitable
model

index of each predictor






OEBPS/css/envelope.png





OEBPS/images/12991_2024_534_Fig2_HTML.png
Predicted class

~

=

True class
P N

True False
Positives Positives

(TP) (FP)

False True
Negatives Negatives

(FN) (TN)

Sensitivity:

Specificity:

Accuracy:

Precision:

F1 score:

TP

TP +FN

TN

TN + FP

TP+TN
TP+TN+ FP+FN

TP
TP+ FP

2XTP
2XTP+FN+FP






OEBPS/images/12991_2024_534_Fig3_HTML.png
Sensitivity

0.4

1.0

0.8

0.6

0.2

0.0

AUC: 0.729
AUC: 0.762
AUC: 0.642
AUC: 0.668
AUC: 0.690
AUC: 0.762
—— SVM-Radial
—— SVM-Linear
—— SVM-Sigmoid
—— SVM-Polynomial
—— Decision Tree
: —— Random Forest
[ [
1.0 0.5 0.0

Specificity






OEBPS/images/12991_2024_534_Article_TeX_IEq111.png





OEBPS/css/sidebar.gif





OEBPS/css/cc-by-nc-nd.png
(OO





