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Recent research in the underlying structure of pathological Internet use (PIU) has produced considerable debate among academics, in which a new “person-centered” approach of studying PIU has recently gathered support but produced mixed results. This study used the latent profile analysis (LPA) to estimate the types of PIU in a large sample of college students (n = 1,400, aged 17–25 years). Participants provided information on demographics, PIU, and Internet behavior preferences. The adolescent pathological Internet use (APIU), which served as the basis of LPA, was used for searching subgroups that represent participants with PIU. LPA identified the PIU classes, and regressions identified the psychological predictors of class membership. Participants were classified into pathological users, pathological-tendency users, preferential users, and ordinary Internet users. In comparison with pathological Internet users, lower Internet gaming and communication preference were associated with pathological-tendency users, preferential users, and ordinary Internet users. The distinct types of college students belong to each PIU class, suggesting that individual differences may be incorporated into the prevention efforts.
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INTRODUCTION

According to the survey report, as of 2019, there were nearly 4.39 billion Internet users worldwide (Kemp, 2019). Moreover, a survey reported that young people were more likely to be online than elders [International Telecommunication Union (ITU), 2018]. In addition, the number of Chinese Internet users had reached 940 million until June 2020, and 18.8% of them were college students [China Internet Network Information Center (CNNIC), 2020]. Earlier studies showed that the prevalence of pathological Internet use (PIU) in China was around 7% (Cheng and Li, 2014), while the prevalence of PIU in Chinese college students was about 11.0% (95% CI: 9.0–13.0%), which is 1.6 times higher than that of the general population. In China, Internet addiction is becoming a significantly growing health problem in college students, which is harmful to their mental health (Shao et al., 2018). Therefore, it is essential to understand what specific patterns of PIU are in college students.

Pathological Internet use, also known as Internet addiction, is a typical excessive Internet use (Caplan, 2002; Meerkerk et al., 2009; Young and Abreu, 2011), including addiction and less severe conditions in which some problems emerge but are still not to the level of full-blown addiction (Lei and Yang, 2007). Currently, there are two main approaches for measuring PIU. One of them is to compel the participant to make a compulsory judgment (i.e., yes or no) on the item, such as pathological use scale (PUS) (Morahan-Martin and Schumacher, 2000). The other one is the Likert scale that allows the participant to make grade judgments, such as the Internet addiction test (IAT) (Young, 1998) and the Chinese Internet addiction scale (CIAS) (Chen et al., 2003). In fact, a compulsive judgment (0–1 score) is more difficult to describe the level of PIU than the Likert scale. IAT is based on the American setting and it focuses on clinical behavior symptoms; however, the degree of fitness of the IAT psychometric properties for the Chinese college students is still unknown. CIAS was designed in the context of Chinese culture. However, it does not include the standards of PIU, such as salience and mood alteration which have attracted more attention in recent studies. Therefore, the content validity of CIAS should be improved. The APIU scale, including cognition and behavior, was developed in Chinese settings (Lei and Yang, 2007) and could measure the level of PIU more comprehensively than CIAS, and it has also been demonstrated to be excellent in validity and reliability for studying the Chinese college students (Li and Zheng, 2010; Sun et al., 2015). Moreover, APIU measured the level of PIU from the perspective of cognition and behavior, which was consistent with the cognitive behavior theory that emphasized the role of cognitions and behavior in PIU of the individual (Davis, 2001).

A large number of previous studies on PIU takes a “variable-centered” approach that focuses on the relationship of PIU with specific outcomes, such as cognitive flexibility, attention set-shifting and bias, impulsivity, and internalizing problems (De Leo and Wulfert, 2013; Forrest et al., 2016; Dieter et al., 2017; Wang et al., 2017). In general, the PIU study about “variable-centered” approach aimed either to describe the characteristics or to determine the impact factors in the entire group. However, few studies focused on evaluating how individuals vary across PIU subgroups, which is important for clinical intervention and individual differences in Internet use. The person-centered approach called latent profile analysis (LPA) for continuous variables instead seeks to identify the homogeneous subtypes of individuals who differ along with their profiles of response on variegated Internet use models (Nylund et al., 2007; Morin et al., 2011).

Numerous recent studies have identified the PIU homogeneous subtypes from “person-centered” perspective. Van Rooij et al. (2011) have promulgated a six-cluster profile model for online gaming addiction and heavy Internet use in a large sample of Dutch school children aged 13–16 years. The findings verified the fitness of the six-class model, in which two of the classes were represented by children who experienced heavy Internet use including excessive online gaming. Similarly, in a study, LPA was applied to explore the subgroups of problematic online social networking use among adolescents and the appropriateness of the three-class model was also demonstrated (Li et al., 2020). However, the above-mentioned studies were restricted to one of the subtypes of PIU so that it was not conducive to our clear understanding. Fortunately, some researchers have paid attention to the class of general Internet use. For example, Mok et al. (2014) applied the latent class analysis (LCA) to classify a total of 463 Korean college students based on the levels of addiction severity and they found that the three-class model was opted to distinguish populations by male or female, which aligned with the findings obtained by the study conducted in 480 Pakistani university students by Hussain et al. (2020). Lee et al. (2018) found that the four-class model was the best fit model among 555 Korean middle-school students. In addition, Rumpf et al. (2014) applied LCA to explore subgroups of Internet-addicted Germans aged 14–64 years, and they found that the six-class model was appropriate. Taken together all the above findings, the classification of PIU was inconsistent in different cultures, in individuals of different ages, or even in small sample sizes.

The antecedents or potential adverse consequences of PIU have been explored from two main perspectives in earlier studies. One of the perspectives is to focus on finding how mental behavior variables play a role in PIU from the perspective of the user, such as self-esteem, personality traits, and loneliness (Tian et al., 2018; Arafa et al., 2019; Koronczai et al., 2019). The other perspective is to explore the causes of PIU from the Internet perspective, such as online activities and Internet anonymity (Leung, 2004; Schehl et al., 2019). However, to our knowledge, few studies examined PIU from the perspective of both the users and the Internet. Therefore, in this study, we applied Internet behavior preference (IBP) to comprehensively investigate PIU from the integrated perspectives. IBP refers to individuals in cyberspace, driven by a certain motivation, who show relatively stable attitudes and behavioral tendencies which reflected the online activities from the perspective of the Internet and personal choice from the perspective of the users (Zhou and Gu, 2008). Many studies indicated that IBPs, such as online gaming (Van Rooij et al., 2010; Rehbein and Mößle, 2013) and social networking preferences (Kuss and Griffiths, 2011), were significantly related to PIU. Some studies showed that PIU could be positively predicted cross-sectionally by gaming preference (Meerkerk et al., 2006; Siomos et al., 2008), directly through Internet social contact preference (Luo et al., 2010), or excessive entertainment and social functions (Li and Chung, 2006). However, earlier studies examined only the relationship between one of the IBPs and PIU, which did not fully reveal the relationship between them. In addition, there is a rapid increasing growth of applications and options for social engagement, and there may exist individual differences among IBP which should be considered in PIU. Therefore, this study hypothesized that various types of IBPs may play a unique role in predicting PIU.

The associations between IBPs and PIU, mainly using variable-centered approaches, described in earlier studies, were quantified by separate models. On the other hand, the person-centered approaches have the advantage of assessing how the PIU behaviors interact with each other and may therefore more comprehensively reflect the complexity of such behavior. On the identification of PIU classes, various individual difference factors can then be used to predict group membership. Understanding how these factors predict classes of PIU may aid in identifying the profiles of PIU of those who are most likely to be engaged and thus provide insight into which factors should be potentially targeted during prevention efforts. Thus, the present data analysis was designed to identify the PIU classes of college students using exploratory LPA and to determine whether gender and IBP characteristics could predict the class membership identified through exploratory LPA.



METHODS


Participants and Procedure

A total of 1,400 college students (33.71% males, 66.29% females; mean age = 20.24 years, SD = 1.52) from different schools across 5 Chinese provinces (i.e., Liaoning, Anhui, Hubei, Henan, and Shandong) participated in this study. The percentage values of freshmen, sophomores, juniors, and seniors were 18.64, 23.43, 24.14, and 33.89%, respectively.

The questionnaires were administrated by distributing the corresponding link to the college students via social networking sites (including WeChat and QQ). Informed consent was obtained from all participants. The Institutional Review Boards of relevant universities approved all the study procedures. The participants were informed that the survey was anonymous and voluntary, and the collected data would only be accessible to researchers to maintain confidentiality. The total duration of the online survey was 15 min.



Measures


Adolescent Pathological Internet Use

The APIU, which was developed by Lei and Yang (2007), was used to measure the levels of PIU. APIU comprised 38 items with six dimensions, namely, salience (e.g., “I forget nearly everything else when I am online”), tolerance (e.g., “I find that I increasingly spend time online”), withdrawal symptoms (e.g., “I feel upset when I cannot access the Internet”), mood alteration (e.g., “Going online makes me feel better when I am depressed”), social comfort (e.g., “I feel safer while communicating with others through the Internet”), and negative outcomes (e.g., “I have some difficulty with school performance because I spend too much time on the Internet”). The extent of agreement to each item was evaluated using a 5-point scale (1 = never true to 5 = always true). The Cronbach's alpha coefficients of APIU were reported to be >0.955 among college students in the earlier studies (Li and Zheng, 2010; Sun et al., 2015). In this study, the Cronbach's alpha coefficients were 0.955 for full scale, 0.756 for salience, 0.740 for tolerance, 0.923 for withdrawal symptoms, 0.896 for mood alteration, 0.885 for social comfort, and 0.797 for negative outcomes. In this study, the goodness-of-fit indexes from the confirmatory factor analysis were χ2/df = 3,048.686/650, Root-mean-square error of approximation (RMSEA) = 0.051, 90% CI [0.050, 0.053], Comparative fit index (CFI) = 0.900, and Standardized root mean square residual (SRMR) = 0.043. Therefore, the APIU is suitable for college students in this study.



Internet Behavior Preference

The IBP, which was developed by Zhou and Gu (2008), was used to measure the levels of the preferences of Internet behavior. The IBP contains 18 items with 3 dimensions, namely, information gaining (e.g., “I spend a large amount of time searching or downloading some materials on learning”), Internet gaming (e.g., “I often play online games; they are thrilling and real-time strategic”), and communication preferences (e.g., “I often use MSN, QQ, WeChat, or other apps to communicate with others”). The respondents were asked to rate whether the content was true for them using a 5-point scale (1 = never true to 5 = always true). The Cronbach's alpha coefficients of IBP were reported to be >0.70 in the earlier study (Zheng and Gu, 2013). In this study, the Cronbach's alpha coefficients were 0.718 for full scale, 0.685 for information gaining, 0.896 for Internet gaming, and 0.610 for communication preferences.



Statistical Analysis

The LPA parameters were computed using Mplus 7.1 software (Muthén and Muthén, 1998–2015) and were later used as a base to explain and determine the subgroups that represented APIU. The model that was finally selected by LPA is not only determined by a single indicator, but also based on multiple indicators, such as Akaike information criteria (AIC), Bayesian information criterion (BIC), entropy, Lo–Mendell–Rubin likelihood ratio test (LMRT), bootstrapped likelihood ratio test (BLRT), and the number of parameters (Burnham and Anderson, 2004; Nylund et al., 2007). There are four main criteria to decide on the number of classes. (1) Burnham and Anderson (2004) pointed out that BIC value is better than AIC value. This is a relative measure where a lower BIC value is better. (2) The entropy is the second criterion where high values are preferred (Rumpf et al., 2014; Shin et al., 2018) and the maximum value is 1. This measure is a combination of the posterior probabilities. The posterior probabilities denote how well the respondents are classified into their classes. (3) The LMRT and BLRT are used for determining whether the present solution is significantly better than the previous one, as indicated by p < 0.05, e.g., the k model is better than the k−1 model (Akaike, 1974; Schwarz, 1978; Lo et al., 2001). (4) The simplicity of the model is the final one where the smaller the number of parameters indicated the better the model.

After the identification of the latent classes, the separate multinomial logistic regressions were examined to determine whether IBP predicted the class membership after accounting for demographics. The multinomial logistic regression compares multiple groups through a combination of binary logistic regressions in a model. The data encountered the assumptions for use of multinomial logistic regression, including the use of categorical dependent variables and continuous independent variables, independence of observations, and linear associations among predictors and Internet use variables at the bivariate level (Table 1). The models were built in a step-by-step process. To ensure that the findings from our final model were not due to suppression, we first examined a model (i.e., Model 1) that included only demographics and then examined Model 2 that added each of the IBP dimensions. The predictors of class membership were considered statistically significant when p < 0.05.


Table 1. Correlation, descriptive statistics, and Variance inflation factor (VIF) for key study variables.
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RESULTS


Latent Profile Analysis of Pathological Internet Use

As shown in Table 2, LPA was identified well with the four-class model of APIU given the significant LMR (p < 0.001) and BLR (p < 0.001) test results. The reasons for the choice of four-class model were as follows: first, this is a relative measure where a lower BIC value is better. In this study, the lower BIC value of the four-class model suggested that it was appropriate. Second, the entropy of the four-class model was the highest among the models in this study, indicating that the four-class model was the best model. Third, the four-class model was better than the three-class model according to the LMR and BLR. Finally, the fewer parameters of the four-class model denote the simpler structure than that of the five-class and six-class models. For the above-mentioned reasons, the four-class model was finally chosen in this study.


Table 2. Model fit information for competing latent class models (N = 1,400).
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The four classes were represented by the following subgroups: pathological Internet users (class 1: 8.64%, n = 121, APIU: M = 144.05, SD = 10.95), pathological-tendency Internet users (class 2: 36.43%, n = 510, M = 114.29, SD = 7.33), preferential Internet users (class 3: 35.93%, n = 503, M = 92.34, SD = 6.08), and ordinary Internet users (class 4: 19.00%, n = 266, M = 69.83, SD = 9.55), respectively. Figure 1 displays the four classes scored in all the items. One-way ANOVA was performed for all four classes. There was a significant difference among the four classes. The post-hoc tests revealed that college students in one class significantly differed from those in another class in APIU scores (mean difference > 21.95, p < 0.001). In the post-hoc analyses, the class 1 subgroup scored significantly higher than classes 2, 3, and 4 subgroups on tolerance, mood alteration, social comfort, and negative outcomes (mean difference > 1.13, p < 0.001), respectively, while the class 2 subgroup scored significantly higher than classes 3 and 4 on tolerance, withdrawal symptoms, and social comfort (mean difference > 0.33, p < 0.05), respectively. There were no significant differences in the six dimensions of APIU between preferential and ordinary Internet users. However, preferential Internet users scored higher in terms of total APIU compared with ordinary Internet users (p < 0.001).


[image: Figure 1]
FIGURE 1. Score plot for the four-class model of college students.




Associations With Latent Classes

The statistical analyses of outcomes for the differences in class membership based on demographics, information gaining, Internet gaming, and communication preferences are shown in Table 3. Gender was not associated with the four classes of PIU. After accounting for gender, individuals with higher levels of Internet gaming and communication preferences were associated with increased odds of being in the pathological Internet users than that of the pathological-tendency Internet users, preferential Internet users, and ordinary Internet users. Individuals with higher levels of Internet gaming and communication preferences were associated with increased possibilities of being in the pathological-tendency Internet users than that of the preferential Internet users and ordinary Internet users. In addition, individuals with higher level of communication preferences were associated with increased possibilities of being in the preferential Internet users than that of ordinary Internet users.


Table 3. Multinomial logistic regressions predicting the Internet use classes from demographic characteristics, information gaining, Internet gaming, and communication variables with classes 1, 2, and 3 as reference groups.
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DISCUSSION

The aim of this study was to comprehensively investigate whether IBPs (i.e., information gaining, Internet gaming, and communication preferences) are associated with the class membership which was obtained from the PIU sample of college students from a typological, person-centered perspective. These findings suggest that individuals can be classified into four Internet user profiles, namely, pathological Internet users (8.64%), pathological-tendency Internet users (36.43%), preferential Internet users (35.93%), and ordinary Internet users (19.00%), respectively. In comparison with pathological Internet users, lower Internet gaming and communication preference were associated with pathological-tendency users, preferential users, and ordinary Internet users.

In contrast with the earlier studies in which participants were categorized into Internet addictions and normal people (Morahan-Martin and Schumacher, 2000; Dong et al., 2014), this study further identified more specific classes according to the different tendencies of the PIU. Although the class of Internet users has become a debate topic in recent studies, a consistent conclusion has yet to be reached. For instance, Mok et al. (2014) reported that the three-class model is the best model, whereas Rumpf et al. (2014) opted for the six-class model. In this study, we considered the four-class model owing to the following reasons: first, individuals at a different range of development stages may fit different class models. Specifically, this study focused on the individuals aged 17–25 years old; however, earlier studies chose the individuals aged 13–16 years (Van Rooij et al., 2011) or 14–46 years (Rumpf et al., 2014) as the targeted populations. Second, different measurement tools were used in different studies. Earlier studies measured Internet addiction by using the compulsive Internet use scale or IAT (Mok et al., 2014; Rumpf et al., 2014; Hussain et al., 2020) while the APIU was utilized in this study. Finally, different cultures may have a different impact on the model classification. A meta-analysis study revealed that cultural characteristics play a different role in the mechanisms of Internet addiction (Cheng et al., 2018). Earlier studies had been demonstrated the results obtained from various studies conducted in Germany (Rumpf et al., 2014), Korea (Mok et al., 2014), and Pakistan (Hussain et al., 2020), whereas this study was conducted in China. Similarly, concerning the uniqueness of the Chinese culture, the classes of Internet use may differ from those mentioned in earlier studies. Therefore, future studies should adopt the cross-cultural paradigm design to get more generalized and specific results of PIU.

The proportion of PIU was the smallest among all the classes, which conformed to earlier studies (Mok et al., 2014; Rumpf et al., 2014). Moreover, 8.64% of the pathological Internet users who participated in this study are similar to those who participated in a meta-analysis study, which involved 31 nations across seven world regions and find that there was 6% of Internet addiction in all the participants (Cheng and Li, 2014). Based on the users and gratification theory (Palmgreen et al., 1985), pathological-tendency Internet users may employ the Internet to avoid reality, obtain information, or entertain themselves (Raacke and Bonds-Raacke, 2008; Smock et al., 2011). Moreover, people are susceptible to the availability of the Internet. Earlier studies revealed that individuals who had a high frequency of using smartphones were more addicted to these devices (Salehan and Negahban, 2013; Van Deursen et al., 2015). For the PIU, there is a highly similar developmental pattern between Internet addiction and smartphone addiction. Therefore, it is crucial to develop a series of initiatives to curb and alleviate the problem in pathological-tendency Internet users, such as reducing the time spent on the Internet and the intensity of Internet use. In addition, there existed a higher score in terms of total APIU in the preferential Internet users compared with ordinary Internet users, suggesting a quantitative difference in processing time and intensity of Internet use between them. The relationship between the two types of Internet users needs further clarification in similarities and differences.

The four classes identified by LPA were not diverse with regard to gender, suggesting that males were not at increased possibilities of being pathological Internet users as compared with female users. After controlling for gender, different IBP dimensions were associated significantly with class membership. Information gaining, Internet gaming, and communication preferences are different across the classes, indicating that these individual difference factors may play a role in initiation and continuation of pathological Internet users. Information gaining preference was not associated with all the four classes. Internet gaming and communication preferences in this study could predict PIU, which was consistent with the earlier studies. PIU can be positively predicted cross-sectionally by gaming preference (Meerkerk et al., 2006; Van Rooij et al., 2010; Rehbein and Mößle, 2013) and Internet social contacts (Luo et al., 2010). On the one hand, the Internet has a characteristic of anonymity, convenience, and evasion, which allows college students to escape from real-life stress and gain a sense of accomplishment, belongingness, or gratification (Luo et al., 2010). On the other hand, the more time college students spend on the Internet, the more self-efficacy they derive from it, which eventually leads to PIU (Tella, 2011). Therefore, surfing online for a long time may account for the high levels of addiction in college students.

However, this study showed that information gaining preference was not associated with PIU, which is consistent with the earlier studies (Leung, 2004; Lei et al., 2006). The reason could be that gaining information, including browsing the web and downloading information, has become a normal Internet use behavior [China Internet Network Information Center (CNNIC), 2020]. These online activities may provide only a limited feeling of pleasure and hence hardly drive college students to invest considerable time in Internet usage. Besides, accessing to information mainly aims to attain a realistic purpose, which may explain why information gaining preference alone unlikely leads to Internet addiction among college students (Lei et al., 2006). Assuming that changes in IBP translate to a decrease in Internet addictions, grouping individuals together into classes of PIU patterns may hold promise for tailoring interventions to PIU prevention. Thus, it may be important for colleges to take different measures of prevention and intervention programs in place to tailor treatment to specific types of emerging adults. There may also be utilized in pretesting college students and using this information to appropriately target Internet use prevention and intervention programs.

Although this study provides valuable insight into the complexity of Internet use behaviors among a sample of emerging college students, the results must be interpreted in light of some important considerations. First, the small pathological Internet user group (8.64%) is compatible with the psychological and criminological research that recurrently finds evidence of a small pathological Internet user group that engages in many problem behaviors (Vaughn et al., 2011, 2014). However, there are no additional data to examine the association between PIU and problem behaviors in this study. It would be of added value if future studies observe the association between PIU and problem behaviors. Second, as this study focused on college students, future research would examine predictors of PIU in different samples. For example, given that the PIU of those who attend college may differ from those who do not, a broad range of ages in university-attending and non-university-attending emerging adults should be included. In addition, considering the different severity of PIU, clinical samples with Internet addiction should also be explored. Third, in addition to the method of self-report, our findings should be corroborated by other methods, such as event-related potential to extend our understanding of the mechanism of PIU. Finally, although our research was performed by using the one-way ANOVA to distinguish the four groups by the total score of APIU, additional covariates are also needed to collect in order to further verify the profile we classified.

The present results highlight an important role of IBP in PIU among college students. The focus has recently been toward preventing the uptake of PIU among adolescents; however, given the high prevalence of Internet initiation among college students, more potential prevention and intervention techniques are needed to be developed specifically for college students. Since IBP are amenable to change, it is possible to tailor prevention to those who are most at risk for PIU.
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