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Abstract

:

In the context of the United Nations’ Sustainable Development Goal for education, this study examines the potential of information, communication, and technology (ICT) as a way to provide quality education for all, with a focus on immigrant youth in the United States. The study uses structural equation models (SEM) to analyze data from a nationally representative data set, Trends in International Mathematics and Science Study (TIMSS)-USA. Focusing on mathematics achievement among immigrant youth (with non-immigrant youth as a reference group), this study explores the effects of ICT access and two types of ICT use for educational purposes: generic and specific. The results indicate that ICT access and specific ICT use both have positive direct, indirect, and total effects on math performance for immigrant youths, while generic ICT use has only a nonsignificant negative effect. In nonimmigrant youths, these ICT variables showed a different pattern, with the effects of ICT access and specific ICT use being less pronounced, but generic ICT use exhibiting a significant negative effect. These findings show the potential role of ICT-mediated education in narrowing the achievement gap between immigrant and nonimmigrant students, thereby helping immigrants better integrate into their destination countries.
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1. Introduction


Globally, the number of international migrants has increased dramatically in recent years, rising from 173 million in 2000 to 258 million in 2017; this increase in international migration has accounted for approximately 40 percent of the population increase in North America over the past 10 years [1]. International migration is not expected to decline from the current levels anytime soon [2] and it is estimated that by 2050 there could be as many as 405 million international migrants [3]. In our increasingly interconnected world, international migration is a critical factor in sustainable development [4], and it is crucial that efforts should be made to help migrants integrate into their destination nations [5]. The United Nations’ (UN) Sustainable Development Goal for education promotes the provision of quality education for all as an important way to facilitate the integration of migrants [1]. In pursuit of the UN’s Sustainable Development Goal for education, this study therefore examined the impact of providing quality education via information, communication, and technology (ICT) for recent immigrants who have settled in the United States), which is home to more international migrants than any other country (50 million) [1].



This study focuses on immigrant youths who are not free from immigrant risks and who are suffering from lower academic achievement than their nonimmigrant peers and students in high-poverty, K-12 schools throughout the U.S. [6,7]. The study explores ICT’s potential to promote the performance of immigrant youth in mathematics, which fosters 21st century skills, such as problem solving and critical thinking [8,9]. Specifically, this study explores the potential of ICT to promote quality education by providing extensive access to educational resources for immigrant youth, who often lack educational resources at home or in their communities, in accordance with international and U.S. initiatives to provide equal access to ICT resources [5] and the Digital Equity Act of 2015 [10]. In addition to ICT access, given the mixed results on ICT use, in order to develop a set of clear guidelines for educators, this study investigates two types of ICT, namely specific and generic ICT. When used for specific educational purposes, ICT can promote meaningful learning in the context of formal learning and improve immigrant students’ mathematics performance. Conversely, generic ICT use without a specific educational purpose can have an adverse influence [11,12].



This study is guided by the following objectives:




	
Examine whether immigrant students exhibit lower mathematics performance than their nonimmigrant peers;



	
Investigate whether/how ICT access promotes mathematics performance for immigrant students;



	
Examine whether/how different types of ICT use enhance/constrain learning for immigrant students;



	
Identify whether the association between ICT access/use and mathematic performance differs across immigrant status, thus exploring ICT as a potential way to narrow the achievement gap between immigrant and nonimmigrant students.








The study adopts a comprehensive approach by exploring the effects of ICT on not only mathematical performance but also self-efficacy, which plays a critical role in mathematics achievement [13] but is lower among immigrant students than their non-immigrant peers [14]. Using nationally representative data from the Trends in International Mathematics and Science Study (TIMSS)-USA, a series of full structural equation models (Full SEM) that include math self-efficacy as a mediator are conducted, controlling for student gender, parents’ educational level, and home resources [15,16].




2. Literature Review


2.1. ICT Use among Youth


Educators and policy-makers have high expectations that ICT will produce helpful innovations in teaching and learning practices, although they also have some concerns about the potential negative effects of ICT use on students, including poorer physical health, increased vulnerability to cyberbullying, suicide, and binge drinking [17,18,19,20]. For educators seeking to prepare their students for tomorrow’s knowledge society, ICT is a critical resource. It is also thought to promote deep learning among present-day students, who have adopted and engaged in ICT at unprecedented levels [21]. Students in today’s digitally rich environment have been diversely labeled as “the net generation” [22], “digital natives” [23], “digital learners” [24], “the iKid generation” [25], and “the wired generation” [26]. ICT competency is essential for these students, if they are to develop the skills needed to thrive in the era of the knowledge society, in which employees must adapt to rapid global innovations in ICT in order to engage in continuous learning and solve increasingly complex tasks [27].




2.2. ICT and Immigrants


To further examine the expectation that ICT can expand opportunities for disadvantaged students and thus improve their academic performance [28], this study focuses on immigrant students in U.S. public schools, a population currently estimated at around 4.6 million [29]. According to the U.S. Department of Education’s national report [30], as long as national assessments have been conducted, immigrant students have had lower academic performance than their non-immigrant peers, even in subjects such as mathematics that would appear to require less linguistic ability. Further, this achievement gap is larger in the higher grades. While there is some initial evidence of ICT’s potential to improve academic achievement among immigrant youth [31], more studies are required to identify policy-relevant findings based on empirical investigations of the effect of ICT-mediated education on immigrant youth.




2.3. ICT Access


Access to ICT is important because it provides a way to obtain educational/practical information as well as enabling users to engage in a variety of social interactions, including collaboration and communication, that are not limited by either geography or time [32]. Existing studies on the potential benefits of ICT access have focused on computers and the Internet. Researchers have found significant positive relationships between computer access and academic achievement in many subjects, including reading, mathematics, and science [33,34]. Similarly, Internet access has been found to be a significant predictor of students’ academic success [35]. These positive relationships may emerge, in part, because high-SES parents are not only more likely to provide access to multiple ICTs in the home as educational resources for their children, but are also more likely to confer other educational and economic benefits on their children [36].



Worldwide, there are approximately 2.9 billion internet users, the majority of whom are school-aged young people, and students’ access to computers and the internet at home and at school has increased greatly in recent years [37]. Moreover, citing the importance of recent digital innovations, the 2017 OECD Digital Economy Outlook [5] stressed the need for more investment funding to expand access to recently developed ICTs, beyond computers and the internet. Thus, while the extant findings on the positive relationship between academic achievement and students’ access to ICT such as computers and the Internet [38] are valuable, more studies are needed to explore the effects of access to ICT resources, especially the most recent innovations.



In response, the current study examines the effects of access to existing/new ICT resources among immigrant students and explores whether access to these ICT resources has a positive influence on students’ performance.




2.4. Types of ICT Use: Generic and Specific


Although researchers have made great efforts to investigate the relationship between ICT use and academic achievement, the results have been mixed, with some prior studies finding a positive effect e.g., [33], while others find no effect or even a negative effect, e.g., [39]. To attempt to make sense of these results, some researchers have focused on whether the setting influences the relationship between ICT use and academic achievement. Their findings suggest that home ICT use is associated with higher academic performance, but more frequent ICT use at school is associated with lower academic achievement [40,41,42]. This difference in the results across settings might be explained by the specific purposes for which the students use ICT. The negative relationship between school-based ICT use and academic achievement might be due to the fact that low-performing students are being asked to use ICT at school more frequently in order to boost their performance, thus tending to spend most of this time using ICT to improve their low performance instead of engaging in more enriching class activities [43].



In addition to this focus on exploring the effects of different settings, there has been a call for researchers to investigate the specific purposes of ICT, which could also be moderating the impact of ICT use on student achievement [44]. Studies have found that while ICT use for general educational purposes is negatively associated with academic performance, ICT use for specific purposes is positively associated with academic performance [45,46]. Some researchers have therefore recommended that ICT should be used in the context of the curriculum, for example, to complete homework assignments [47,48,49]. Using ICT for generic educational purposes that are not directly related to the curriculum has a negative impact on students’ academic performance, but ICT use for assignments can produce improvements in academic performance given the well-researched connections between assignments in traditional settings and educational attainment [45,46,50]. Other studies have identified the benefits of ICT use for purposes such as collaboration and communication in the framework suggested by Jonassen [11,51], who recommends using ICT as a set of cognitive tools to aid students’ constructivist activities such as problem-solving. For example, using ICT for collaboration has the potential to promote deeper learning via social interaction and negotiation skills, both of which are positively related to problem-solving [52,53]. In addition, in line with the general concept of problem-solving as a constructive activity [54], students are frequently asked to apply problem-solving skills to complete tasks such as ICT-based communication. Researchers have found that students’ communication patterns when using ICT are very similar to communication during problem-solving activities; both include problem definition and solution creation, for example [55].



As part of our search for a type of ICT use that will promote academic achievement among immigrant students, in this study we moved beyond these prior studies’ exploration of how settings influence the impact of ICT use by differentiating between ICT use for general schoolwork and ICT use for specific educational purposes.




2.5. Self-Efficacy


Referring to an individual’s perception of his or her own competency in achieving goals [56], self-efficacy has long been deemed a critical determinant of academic success [57,58,59]. ICT researchers have examined the potential of ICT use on improving self-efficacy, emphasizing the importance of identifying specific types of ICT uses for self-efficacy [60]. Several studies have examined whether self-efficacy mediates the relationship between ICT use and academic achievement. For example, Zhu, Chen, Chen, and Chern [61] found that ICT use for a specific purpose such as information seeking positively influenced students’ self-efficacy, which in turn improved the students’ academic achievement. Similarly, Chen, Hsiao, Chern, and Chen [62] found self-efficacy mediated the effect of ICT use for specific educational purposes on academic performance, with these effects also being influenced by the students’ characteristics. Corresponding to potential differences in the effects of ICT across different student characteristics, some studies have paid particular attention to status, revealing different patterns in the relationships between ICT use, self-efficacy, and academic achievement depending on the students’ immigration status [14].




2.6. Gender


Studies on gender differences in academic performance have shown mixed results. While some studies employing meta-analyses or nationally representative data have found gender similarities [63,64,65,66]; other studies using similar approaches have detected gender differences [31,67,68]. A similar pattern was identified for self-efficacy. Some scholars have reported that boys revealed higher self-efficacy [69], but others found no evidence to support self-efficacy differences across genders [60]. In the case of ICT, although no gender differences have been reported related to obtaining learning gains from ICT-mediated learning [70,71], there have been gender differences identified in the preferences for activities. While female students were more likely to use ICT for educational purposes [72], male students tended to spend more time on noneducational ICT activities, such as digital games [73,74].





3. Materials and Methods


3.1. Data and Variables


The Trends in International Mathematics and Science Study (TIMSS), which is sponsored by the International Association for the Evaluation of Educational Achievement, assesses the mathematics and science performance of fourth- and eighth-grade students in OECD countries [15]. The current study uses eighth graders’ mathematics assessment data from the TIMSS 2015 International U.S. database, which was managed by the National Center for Education Statistics (NCES) in the U.S. Participants were nationally representative samples of U.S. eighth graders who were selected using a two-stage stratified cluster sampling design. In the first stage, the participating schools were sampled from among all the public and private schools in the U.S. using a systematic probability-proportional-to-size (PPS) technique, and during the second stage, mathematics classes were randomly selected and all students in the selected classes were chosen for the TIMSS assessments. The weighted number of sampled students for TIMSS in the USA were 3,627,353 eighth graders, of whom 1,814,932 were male and 1,812,421 female.



The primary endogenous variable in the study is math performance, measured by five plausible values (math). Plausible values allowed the estimation of a probability distribution of each student’s ability, which is beneficial in test conditions where there are too few items to assess students’ ability accurately. A second endogenous variable is mathematics self-efficacy (efficacy), which was measured by four items (effi1, effi2, effi3, and effi4) by asking students about their degree of agreement with the following statements: “[I] Usually do well in math; [I] learn quickly in mathematics; [I am] good at working out math problems; and I am good at mathematics.” Responses ranged from 1 (agree a lot) to 4 (disagree a lot). These self-efficacy variables were reverse-coded for clearer interpretation.



The predictors of chief interest are three ICT variables: ICT access, generic ICT use, and specific ICT use. Students’ access to ICT resources (ICT access) is measured by the number of digital information devices in a student’s homes. Students reported the number of devices in their homes, including computers, tablets, smartphones, smart TVs, and e-readers. ICT use for general schoolwork (generic ICT) was measured by three items (generic1, generic 2, and generic 3), which asked respondents how frequently they used a computer or a tablet for schoolwork at home, at school, and in other places, with answers ranging from 1 (every day or almost every day) to 4 (never or almost never). The variables related to ICT use for specific purposes (specific ICT) assessed whether students used the Internet to access assignments posted online by their teachers, to collaborate with classmates on assignments or projects, and to communicate with teachers; each item was coded 1 for yes and 0 for no. The three ICT use variables (specific1, specific 2, and specific 3) were reverse-coded for clear interpretation.



To examine the effects of these ICT variables, the study compared the main group of interest, immigrant students (immigrant), to a reference group of non-immigrant students (non-immigrant). TIMSS asked students, “Were you born in the US?”, “Was your mother (or stepmother or female guardian) born in the US?”, “Was your father (or stepfather or male guardian) born in the US?”, and “How often do you speak English at home?”. The current study uses these variables to identify immigrant students: foreign-born students (first-generation); and students with at least one foreign-born parent who often speak languages other than English at home (second-generation) [75]. As this study focused on immigrant students who are exposed to immigrant risks, this study included both first- and second- generation immigrant students. While second-generation students are generally known to gain some immigrant advantages, second-generation students whose primary language at home is not English are as vulnerable to immigrant risks such as low academic achievement as first-generation students [76,77]. In addition, the study included three control variables: gender (gender: 1 = female; 0 = male); parents’ highest education level (parents), ranging from 1 (some primary, lower secondary, or no school) to 5 (university or higher); and home education resources (resources), a TIMSS scale with a higher value representing more resources.




3.2. Analysis


The study conducted preliminary analyses, including t-tests, using the IEA International Database (IDB) Analyzer software, which employs sampling weights and jackknife repeated replication to account for the complex sampling procedure of TIMSS [17]. Further, reliability tests were conducted to explore the internal consistency of items for the constructs of self-efficacy, generic ICT, and specific ICT. Exploratory factor analysis (EFA) was performed to explore the factorial structure of the ICT use construct, with one factor being for ICT use, while two separate factors were utilized to represent generic ICT and specific ICT. Using Mplus 8.1 with the oblique rotation of GEOMIN as the default rotation method [78], EFA was conducted in the context of Exploratory SEM (ESEM), integrating EFA and confirmatory factor analysis (CFA) to take advantage of both the free estimation of factor loadings in EFA and the fit statistics provided by CFA [79]. As a part of ESEM, a scree plot was developed as a convenient way to represent the number of factors (constructs) visually. After the EFA was completed, CFA was carried out to estimate the relationship between the latent variables (factors) and the observed variables (the respective items) through the various factor loadings.



The main statistical analysis consisted of a series of full SEM models, by integrating a CFA (measurement model) and a structural model using Mplus 8.1 [78]. The structural model used structure coefficients (direct, indirect, and total effects) to explore the relationship between the latent variables from the measurement model and other study variables. The study included gender, parents’ education, and home education resources as covariates in the structural model and investigated the extent to which the ICT variables of interest (e.g., ICT access, generic ICT use, and specific ICT use) predicted math achievement via direct paths (direct effects). The structural model also included math self-efficacy as a mediator, to assess the indirect effects of the three ICT variables on math achievement via self-efficacy. Finally, the total effects were estimated by combining both the direct and indirect paths. Figure 1 is a graphic representation of the relationships between the variables in the full SEM model.



This study utilized two SEM models, one for immigrant students and one for non-immigrant students. Considering the possible non-normality issues, this study adopted the robust maximum likelihood estimator (MLR), which is known for its robustness and ability to cope with violations of normality in the data [78,80]. Five fit indices were used to evaluate the overall model fit [78,81,82]: chi-square (X2), the root-mean square error of approximation (RMSEA), the comparative fit index (CFI), the Tucker Lewis Index (TLI), and the standardized root mean square residual (SRMR). Though insignificant results for the chi-square statistics revealed a good fit, significant results with a sample size greater than 200 are also acceptable with other fit indexes that show good fits [83]. The following a priori criteria were set for acceptable fit for the following indices [84,85,86]: RMSEA values less than 0.08, CFI and TLI values greater than 0.90, and SRMR values less than 0.08.





4. Results


4.1. Preliminary Data Analysis


As shown in Table 1, immigrant students comprised 10.29% (weighted N = 373,179) of the total student population (weighted N = 3,627,655), while non-immigrant students comprised 89.71% (weighted N = 3,254,655) of all students. The correlation results show that all variables were significantly associated with math achievement. With respect to the ICT variables, all ICT access and use variables were positively correlated with mathematics achievement. In addition, all ICT variables, had significant positive correlations with self-efficacy, except non-significant correlation between ICT access and Effi4, showing that, on average, students with greater ICT access or use reported a higher degree of math self-efficacy.



The t-test results showed significantly lower mathematics performance among immigrant students (mean = 512.91) than nonimmigrant students (mean = 519.08) with a t-value of 1.99 (p < 0.05), as shown in Table 1. Results also revealed a lower level of ICT access among immigrants than among their peers (t = 5.98, p < 0.01). Similarly, compared with their nonimmigrant peers, parents of immigrant students had lower educational levels (t = 13.39, p < 0.01) and immigrant students come from families with fewer home resources (t = 14.91, p < 0.01).



To explore the internal consistency among items for the constructs, this study obtained reliabilities for specific ICT, generic ICT, and self-efficacy. The reliability of self-efficacy was good with 0.897 but, reliabilities of specific ICT and generic ICT were lower with 0.527 and 0.615, respectively. To further explore the factor structure for ICT variables (one ICT construct vs. two separate constructs), ESEM were performed. A two-factor ESEM model showed better factor structure and model fits compared with a one-factor ESEM model, thus supporting two separate constructs of specific and generic ICT. As shown in a spree plot (Figure 2), two factors emerged with its eigenvalue greater than one, instead of one factor. While a one-factor ESEM model did not have acceptable fit statistics with RMSEA > 0.08, and CFI and TLI < 0.90, a two-factor ESEM model showed acceptable fit statistics with RMSEA < 0.08, and CFI and TLI > 0.90 (Table 2).



As shown in the below Table 3, a two-factor CFA model for ICT (ICT CFA) and a one-factor CFA model for self-efficacy (Efficacy CFA) showed good factor loadings and acceptable fit statistics. In the ICT CFA model, the relationship between the latent factor and respective variables were significant with factor loadings ranging from 0.415 and to 0.682, greater than the cut-off value of 0.3 [87]. In the Efficacy CFA model, the relationship between the latent factor and respective variables were significant with factor loadings greater than 0.60.




4.2. Full SEM Model for Immigrant Students (Immigrant Model)


Table 4 indicates that the full SEM model for immigrant students revealed acceptable fit statistics: X2 = 216.470, p < 0.05; RMSEA = 0.045 < 0.08; CFI = 0.944 > 0.90; TLI = 0.915 > 0.90; SRMR = 0.038 < 0.08.



Figure 3 shows the parameter estimates from both the measurement and the structural models. With the factor loading of ICT Generic1 fixed to 1, the factor loadings of the two other ICT Generic variables, ICT Generic 2 (λ = 0.453, p < 0.01) and ICT Generic 3 (λ = 1.010, p < 0.01), were significant. With the factor loading of ICT Specific1 set to 1, two observed variables, ICT Specific2 (λ = 0.604, p < 0.01) and ICT Specific3 (λ = 0.875, p < 0.01), were significant. With the factor loading of Eff1 set to 1, three observed variables, Eff2 (λ = 1.153, p < 0.01), Eff3 (λ = 1.089, p < 0.01), and Eff4 (λ = 0.936, p < 0.01), were significant. The factor loading results showed that the observed variables loaded onto their respective factors as shown by the measurement model.



Figure 3 displays the direct effects in the structural model while Table 5 presents indirect and total effects. ICT access had significant positive direct and total effects on math (βdirect = 10.431, p < 0.01; βtotal = 52.769, p < 0.05), but, did not have significant association with math self-efficacy. Among immigrant students, those with more ICT access had higher levels of mathematics.



Generic ICT use had negative insignificant direct and total effects on math (βdirect = −9.758, p > 0.05; βtotal = −6.56, p > 0.05), but a significant positive total effect on self-efficacy (βtotal = 0.06, p < 0.01). In contrast with insignificant negative effect of generic ICT use, specific ICT use had significant positive direct, indirect, and total effects on math (βdirect = 5.158, p < 0.05; βindirect = 2.753, p < 0.05; βtotal = 7.910, p < 0.01), and significant positive direct and total effects on math self-efficacy (βdirect/total = 0.050, p < 0.05). Thus, among immigrant students, a higher frequency of specific ICT use was associated with a higher level of math achievement, differing from no significant association between generic ICT use and math achievement.



In addition to ICT variables, the structural models included gender, parents’ education, and home education resources. Overall, the gender variable had significant negative direct and total effects on self-efficacy (βdirect = −0.169, p < 0.05; βtotal = −0.141, p < 0.01), but significant positive direct and total effects on ICT use for specific purposes (βdirect/total = 0.571, p < 0.01). Thus, female immigrant students displayed lower self-efficacy, but a higher frequency of specific ICT use, compared with their male counterparts.



Parents’ education had a significant effect on math as well as on the ICT variables. Immigrant students whose parents had a higher educational level tended to demonstrate higher math achievement (βdirect = 6.902, p < 0.01), lower ICT access (βdirect/total = −0.108, p < 0.05), more frequent generic ICT use (βdirect/total = 0.081, p < 0.05), and more frequent specific ICT use (βdirect/total = 0.406, p < 0.01). Similarly, home education resources had significant positive effects on both ICT access and self-efficacy. On average, immigrant students with more home resources had higher ICT access (βdirect/total = 0.160, p < 0.01) and higher self-efficacy (βindirect = 0.122, p < 0.05; βtotal = 0.127, p < 0.01).




4.3. Full SEM Model for Nonimmigrant Students (Non-Immigrant Model)


As shown in Table 4, the non-immigrant model also revealed acceptable fit statistics: X2 = 1276.541, p < 0.05; RMSEA = 0.045; CFI = 0.946; TLI = 0.915; and SRMR = 0.041.



Figure 4 reveals the factor loadings and direct effects in the non-immigrant model. The measurement model showed factor loadings for the latent factor of generic ICT use similar to those in the immigrant model. With the factor loading of ICT Generic1 fixed to 1, the factor loadings of the other two ICT Generic variables, ICT Generic 2 (λ = 0.437, p < 0.01) and ICT Generic 3 (λ = 1.073, p < 0.01), were significant. For the latent factor variable of specific ICT use, the factor loading of ICT Specific 3 (λ = 1.650, p < 0.01) was more prominent than the loadings for both ICT Specific 1 (λ = 1) and ICT Specific 2 (λ = 1.080, p < 0.01). With the factor loading of Eff1 set to 1, three Efficacy variables, Eff2 (λ = 1.204, p < 0.01), Eff3 (λ = 1.188, p < 0.01), and Eff4 (λ = 0.942, p < 0.01), were significant.



As shown in the results for the ICT variables in the non-immigrant model (see Figure 4 and Table 5 for details), ICT access had significant positive direct effect on math (βdirect = 8.890, p < 0.01), but no significant effect on self-efficacy. Generic ICT use had a significant negative direct effect on math (βdirect = −10.574, p < 0.01), but a significant positive indirect effect on math (βindirect = 2.400, p < 0.01) through self-efficacy, but, in total, it has a significant negative effect on math (βtotal = −8.174, p < 0.01). On the other hand, specific ICT use had no significant direct effect on math, but significant positive effect on math through self-efficacy (βindirect = 3.101, p < 0.01; βtotal = 4.852, p < 0.01) and significant direct/total effect on self-efficacy (βdirect/total = 0.062, p < 0.01).



Notably, differing from non-significant effect of generic ICT use among immigrant students, non-immigrant students with higher frequency of generic ICT use tended to show lower mathematics performance. Differing from more pronounced effect of specific ICT use on math among immigrant students including significant direct effect with greater magnitudes of total effect, there was no significant direct effect of specific ICT Use on math, and significant total effect on math can be caused mainly by its significant association with self-efficacy.



The results for gender among non-immigrant students were similar in the case of self-efficacy and specific ICT use. Similar to immigrant students, non-immigrant female students demonstrated lower self-efficacy (βtotal = −0.093, p < 0.01) but, higher frequency of specific ICT use (βdirect/total = 0.089, p < 0.01). However, differing from no-significant gender differences among immigrant students, non-immigrant female students tended to have higher access to ICT (βdirect/total = 0.053, p < 0.05) and higher frequency of generic ICT use (βdirect/total = 0.089, p < 0.01) than non-immigrant male students.



The results on parents’ education and home resources among non-immigrant students were similar to the parallel results for immigrant students with the exception of the effect of parents’ education on ICT access. Non-immigrant students whose parents had higher educational levels had higher math achievement (βdirect = 15.701, p < 0.01; βtotal = 15.258, p < 0.01), and more frequent use of both generic ICT (βdirect/total = 0.134, p < 0.01) and specific ICT (βdirect/total = 0.307, p < 0.01). Finally, non-immigrant students with more home education resources had more ICT access (βdirect/total = 0.114, p < 0.01) and self-efficacy (βtotal = 0.084, p < 0.01).





5. Discussion


The current study contributes to the Sustainable Development Goal of making quality education accessible to all [1], specifically in the context of international migration as a significant global force [88]. The study explored the potential of ICT as a way to provide meaningful learning experiences for immigrant students in the United States, which hosts more international immigrants than any other country and has experienced a 47% increase in its immigrant workforce in the past 10 years [1,89]. The short-term goal of the research is to promote mathematics performance among immigrant students via ICT access and use, and the long-term goal of the research is to facilitate the integration of these immigrant students into their destination country by providing quality education in a way that will make international immigration beneficial for both immigrants and the native population in destination countries.



Using nationally representative data, the study explored the potential of ICT as a meaningful educational intervention for immigrant students. First, this study provides empirical evidence on immigrant risks [6], particularly among first and second-generation immigrant students coming from homes where English is not the dominant language. At home, these immigrant students suffered from immigrant risk factors, including fewer home resources and lower parental educational attainment, compared with their nonimmigrant peers. At school, these immigrant students revealed lower mathematics performance in the TIMSS international assessment, which aligns with national assessment results [9]. Coming from less-English speaking homes might put immigrant students at a disadvantage for acquiring academic English in school [75], thus resulting in poorer achievement in reading/English [90] as well as in mathematics; note that mathematics also requires some linguistic capability if students are to do well (e.g., solve word problems) [91].



The results reveal that ICT access has significant positive direct and total effects on immigrants’ math performance and this effect is more pronounced for immigrant students than for non-immigrant students. Unfortunately, despite the disproportionate benefits of ICT access for immigrant students our findings add further empirical evidence for the ICT access divide between immigrant and nonimmigrant students. These results therefore provide empirical support for international and national initiatives to promote ICT access for all [5,10], especially immigrant youths who tend to have less access to ICT than their non-immigrant peers [31]. Despite some doubts about the value of investment in ICT for general student populations [92], these results provide support for continued investment in equalizing ICT access, particularly for schools with a higher proportion of immigrant students who have fewer resources such as ICT at home and in their communities than their nonimmigrant peers [93,94]. Furthermore, in order to prioritize investment in ICT, future studies need to explore the separate effects of the various ICT devices (e.g., computers, tablets, and e-readers) included in the present study, whose combined effect was found to be positive.



In addition to examining ICT access, the study investigated the effects of ICT use for educational purposes. The results showed that specific ICT use had significant positive direct, indirect, and total effects for immigrant students, but for nonimmigrant students, its effect was significant only via self-efficacy. These findings provide empirical evidence that can guide decisions about ICT uses for immigrant students in the face of mixed results on the effects of ICT use in prior studies. Specifically, these results underscore the importance of guiding students to use ICT for specific purposes such as connecting ICT use to the curriculum, for example by encouraging students to complete class assignments using ICT. The analytical results supporting specific ICT use in the completion of assignments aligns with the findings of previous studies [48,50]. The results also showed that using ICT for specific purposes such as collaboration and communication had positive effects, possibly because using ICT for collaboration and communication supports a range of constructive practices and skills, particularly problem-solving strategies [53,55]. To solve mathematical tasks successfully, students need to adopt appropriate problem-solving strategies to help them comprehend unfamiliar problems; they also need to be persistent, continuing to engage with the problem-solving process even when solutions do not immediately emerge e.g., [38,95]. Thus, students who often utilize ICT for communication and collaboration can benefit from the problem-solving strategies they master when working with ICT, and these strategies are likely to improve their mathematics achievement. In contrast with the significant positive effect of specific ICT use, although the effect of generic ICT use was negative for immigrant students, this was not significant. For nonimmigrant students, however, generic ICT use had significantly negative direct/total effects on math achievement despite its significant positive indirect effect through self-efficacy. While generic ICT uses did not cause as much harm for immigrant students as for nonimmigrant students, the negative effects of generic ICT use were identified in prior studies of general student populations [11,12].



By incorporating the study’s findings on two different types of ICT uses, future studies could explore the potential of developing personal learning Environments (PLEs) for immigrant students. The study’s findings on specific ICT uses for school assignments, communication with teachers, and collaborations with peers show the potential of PLEs as effective pedagogical approaches for immigrant students, emphasizing the incorporation of formal learning into the learning process and connections to other learners and teachers [96,97]. Future studies need to address how to motivate and empower immigrant students to build effective and sustainable PLEs for their own learning goals that integrate formal and informal learning (e.g., the adoption of social media to extend school learning in informal settings) and promote participation in collective knowledge construction (e.g., the development/maintenance of informal learning communities where immigrant students receive feedback from their peers and teachers) [98].



In the context of these findings, this study recommends that policymakers and administrators provide professional development opportunities for teachers to learn how to promote meaningful ICT use for specific purposes among immigrant students. While teachers are aware of ICT’s potential to facilitate teaching in interesting and varied ways, they have a low level of self-efficacy with regard to effectively incorporating ICT into their teaching practices and insufficient ICT competency to use ICT to promote meaningful learning [99]. Given these limitations, an important first step is to promote teachers’ self-efficacy in ICT uses [100]. In addition, policymakers and education administrators should implement a long-term plan to develop teachers’ ICT competency over time [101]. One possibility administrators and policymakers should consider is focusing on the development of technical pedagogical content knowledge, which has been found to have a positive influence on both teachers’ adoption of ICT during class and students’ academic achievement [102].



Considering the significant positive effects of ICT access and specific ICT uses for immigrant students, and in contrast with the less pronounced effect on their nonimmigrant peers, the results of this study support ICT access and ICT uses for specific purposes such as assignment completion, collaboration, and communication as a way to narrow the achievement gap between immigrant and nonimmigrant students, thus advancing successful integration into mainstream populations. Also, based on the current results showing that ICT access and ICT use for specific educational purposes has immediate positive effects on immigrant students’ academic achievement, future research should include longitudinal studies examining the effects of ICT access and use for specific purposes on immigrant students’ participation in the workforce, especially in STEM fields, and more generally, its effects on the fiscal impact of international migrants on destination countries.



Although there have been some concerns expressed over the potentially negative effect of international migration on the destination countries, recent research has instead revealed the benefits of immigration. For example, in the United States, highly educated immigrants make a net positive fiscal contribution, paying more in taxes than they receive in public benefits [103]. Immigration has also been shown to have a positive effect on both economic development and innovation, with almost no negative effect on native-born residents’ employment or average salary in the long term [104]. In view of the potential benefits of immigration, the findings of the current study support the UN’s sustainable development goal for education in the US by providing empirical evidence to demonstrate the potential of ICT as a useful tool for educators seeking to provide a quality education for all, focusing on immigrants. Because immigrants are more likely than their non-immigrant counterparts to take risks, which can lead to innovation and entrepreneurship, this population of young immigrant students has the potential to contribute innovative solutions in fields such as science and technology that will improve living conditions and national income in their host countries, while simultaneously mitigating the burden on the pension systems of affluent destination countries with rapidly aging populations [105]. The findings of the current study will thus hopefully inspire future studies that will help us identify ICT interventions that could ameliorate the risks that immigrant students face and capitalize on their unique characteristics and contributions.
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Figure 1. Hypothesized model. 
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Figure 2. Spree plot. 
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Figure 3. Full SEM Results for Immigrant Model. 
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Figure 4. Full SEM Results for Non-immigrant Model. 
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Table 1. Descriptive Statistics, Correlation and t-Test Results.
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Correlation

	

	




	
Variable

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
10

	
11

	
12

	
13

	
14

	
15

	
Mean

	
SD




	
1. Effi1

	
1.000

	

	

	

	

	

	

	

	

	

	

	

	

	
3.205

	
0.865




	
2. Effi2

	
0.668 **

	
1.000

	

	

	

	

	

	

	

	

	

	

	

	
2.859

	
0.962




	
3. Effi3

	
0.615 **

	
0.696 **

	
1.000

	

	

	

	

	

	

	

	

	

	

	
2.618

	
0.993




	
4. Effi4

	
0.500 **

	
0.502 **

	
0.510 **

	
1.000

	

	

	

	

	

	

	

	

	

	
2.613

	
1.029




	
5. ICT AC

	
0.074 **

	
0.046 **

	
0.053 **

	
0.025

	
1.000

	

	

	

	

	

	

	

	

	
4.111

	
0.913




	
6. ICT G1

	
0.099 **

	
0.077 **

	
0.097 **

	
0.059 **

	
0.160 **

	
1.000

	

	

	

	

	

	

	

	
3.218

	
0.984




	
7. ICT G2

	
0.079 **

	
0.055 **

	
0.071 **

	
0.061 **

	
0.072 **

	
0.226 **

	
1.000

	

	

	

	

	

	

	
2.790

	
1.028




	
8. ICT G3

	
0.031 **

	
0.027 **

	
0.048 **

	
0.038 **

	
0.123 **

	
0.502 **

	
0.222 **

	

	

	

	

	

	

	
2.236

	
1.202




	
9. ICT S1

	
0.088 **

	
0.066 **

	
0.076 **

	
0.068 **

	
0.078 **

	
0.264 **

	
0.219 **

	

	

	

	

	

	

	
0.659

	
0.474




	
10. ICT S2

	
0.084 **

	
0.060 **

	
0.072 **

	
0.073 **

	
0.078 **

	
0.227 **

	
0.139 **

	
1.000

	

	

	

	

	

	
0.616

	
0.486




	
11. ICT S3

	
0.070 **

	
0.071 **

	
0.068 **

	
0.081 **

	
0.085 **

	
0.199 **

	
0.153 **

	
0.295 **

	
1.000

	

	

	

	

	
0.420

	
0.494




	
12. Gender

	
−0.019 *

	
−0.084 **

	
−0.132 **

	
−0.056 **

	
0.029 *

	
0.067 **

	
−0.021

	
0.115 **

	
0.070 **

	
1.000

	

	

	

	
0.514

	
0.500




	
13. Parents

	
0.145 **

	
0.099 **

	
0.136 **

	
0.065 **

	
0.162 **

	
0.162 **

	
0.089 **

	
0.090 **

	
0.163 **

	
−0.032 **

	
1.000

	

	

	
4.072

	
1.115




	
14. Resource

	
0.181 **

	
0.140 **

	
0.174 **

	
0.084 **

	
0.212 **

	
0.211 **

	
0.096 **

	
0.110 **

	
0.213 **

	
0.017 **

	
0.761 **

	
1.000

	

	
10.991

	
1.638




	
15. Math

	
0.420 **

	
0.369 **

	
0.376 **

	
0.207 **

	
0.147 **

	
0.070 **

	
0.082 **

	
0.040 **

	
0.071 **

	
−0.024

	
0.268 **

	
0.397 **

	
1.000

	
525.871

	
81.287




	

	
Percentage

	
Weighted Frequency

	

	
Percentage

	
Weighted Frequency




	
Groups

	

	

	
Gender

	

	




	
Immigrant

	
10.29%

	
373,179

	
Male

	
50.03%

	
1,814,932




	
Non-immigrant

	
89.71%

	
3,254,475

	
Female

	
49.97%

	
1,812,421




	
Total

	
100%

	
3,627,655

	
Total

	
100%

	
3,627,353




	

	
Means (SD)

	
t-Test for Equality Means




	

	
Math

	
ICT Access

	
Parents

	
Resource

	
Math

	
ICT Access

	
Parents

	
Resource




	
Immigrant

	
512.91 (87.73)

	
3.90 (1.00)

	
3.37 (1.44)

	
10.02 (1.81)

	
1.99 *

	
5.98 **

	
13.39 **

	
14.91 **




	
Non-Immigrant

	
519.08 (81.71)

	
4.11(0.92)

	
4.14 (1.05)

	
10.97 (1.63)








* Denotes a significance level at 0.05, ** denotes a significance level at 0.01.
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Table 2. Exploratory SEM (ESEM) Model Fit Statistics.
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	Chi-Square
	RMSEA
	CFI
	TLI
	SRMR





	One-Factor ESEM
	1363.442, p < 0.05
	0.122
	0.803
	0.671
	0.061



	Two-Factor ESEM
	119.651, p < 0.05
	0.053
	0.983
	0.937
	0.016
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Table 3. Confirmatory Factor Analysis (CFA) Results.
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	Chi-Square
	RMSEA
	CFI
	TLI
	SRMR



	ICT CFA
	165.891, p < 0.05
	0.051
	0.977
	0.942
	0.020



	Efficacy CFA
	96.021, p < 0.05
	0.068
	0.995
	0.984
	0.011



	Generic ICT
	Factor Loading (λ)
	Specific ICT
	Factor Loading (λ)
	Self-Efficacy
	Factor Loading (λ)



	Generic 1
	0.515 **
	Specific 1
	0.531 **
	Effi1
	0.782 **



	Generic 2
	0.415 **
	Specific 2
	0.483 **
	Effi2
	0.852 **



	Generic 2
	0.682 **
	Specific 2
	0.527 **
	Effi3
	0.812 **



	
	
	
	
	Effi4
	0.614 **







** Denotes a significance level at 0.01.
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Table 4. Model Fit Statistics.






Table 4. Model Fit Statistics.













	
	Chi-Square
	RMSEA
	CFI
	TLI
	SRMR





	Immigrant
	216.470, p < 0.05
	0.045
	0.944
	0.915
	0.038



	Non-immigrant
	1276.541, p < 0.05
	0.045
	0.946
	0.915
	0.041
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Table 5. Direct, Indirect and Total Effects of Models.
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Effect

	
Direct Effect

	
Indirect Effect

	
Total Effect




	
Immigrant

	
Nonimmigrant

	
Immigrant

	
Nonimmigrant

	
Immigrant

	
Nonimmigrant






	
ICT Access → Math

	
10.431 **

	
8.890 **

	
42.31

	
−51.978

	
52.769 *

	
−43.088




	
ICT Access → Self-Efficacy

	
0.761

	
−1.042

	

	

	
0.761

	
−1.042




	
Generic ICT Use → Math

	
−9.758

	
−10.574 **

	
3.198

	
2.400 **

	
−6.56

	
−8.174 **




	
Generic ICT Use → Self-Efficacy

	
0.058

	
0.048 **

	

	

	
0.06 **

	
0.048 **




	
Specific ICT Use → Math

	
5.158 *

	
1.751

	
2.753 *

	
3.101 **

	
7.910 **

	
4.852 **




	
Specific ICT Use → Self-Efficacy

	
0.050 *

	
0.062 **

	

	

	
0.050 *

	
0.062 **




	
Self-Efficacy → Math

	
55.573 **

	
49.901 **

	

	

	
55.573 **

	
49.901 **




	
Gender → Math

	
6.3

	
2.064

	
−5.152

	
−4.485 **

	
1.148

	
−2.421




	
Gender → Self-Efficacy

	
−0.169 *

	
−0.063

	
0.028

	
−0.029

	
−0.141 **

	
−0.093 **




	
Gender → ICT Access

	
−0.002

	
0.053 *

	

	

	
−0.002

	
0.053 *




	
Gender → Generic ICT Use

	
0.023

	
0.089 **

	

	

	
0.023

	
0.089 **




	
Gender → Specific ICT Use

	
0.571 **

	
0.344 **

	

	

	
0.571 **

	
0.344 **




	
Parent Education → Math

	
6.902 **

	
15.701 **

	
−3.011

	
−0.443

	
3.891

	
15.258 **




	
Parent Education → ICT Access

	
−0.108 *

	
0.019

	

	

	
−0.108 *

	
0.019




	
Parent Education → Generic ICT Use

	
0.081 *

	
0.134 **

	

	

	
0.081 *

	
0.134 **




	
Parent Education → Specific ICT Use

	
0.406 **

	
0.307 **

	

	

	
0.406 **

	
0.307 **




	
Home Resources → ICT Access

	
0.160 **

	
0.114 **

	

	

	
0.160 **

	
0.114 **




	
Home Resources → Self-Efficacy

	
0.005

	
0.202

	
0.122 *

	
−0.119

	
0.127 **

	
0.084 **








* Denotes a significance level at 0.05, ** denotes a significance level at 0.01.
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