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This study used latent profile analysis to cluster students into three groups with homogenous motivational profiles based 

on self-reported self-efficacy, task value and task anxiety measures obtained from 263 middle school students. The results 

demonstrated that there were distinct motivation profiles among students while engaging in a one-to-one computing 

environment for English learning, which resulted in differences on their performance. In general, this eLearning 

environment had a significant positive effect on students’ learning achievements regardless of various motivation profiles. 

But students with high self-efficacy, task value while low task anxiety performed better than those in other profiles. This 

study also suggested that task anxiety impeded students from benefiting from the one-to-one computing environment, but 

it could not significantly affect students’ learning outcomes. The profiling of student motivation orientations enhanced our 

understanding of the complex interactions of various motivational components and extended our existing knowledge in 

this emerging area of student learning. Besides, the findings inform future interventions in curriculum design and effective 

scaffoldings. 
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1. Introduction 

Educational institutions and researchers nowadays have 

witnessed the extensive, dramatic use of various educational 

technologies in schools for promoting students’ learning 

performance, such as online communities, intelligent 

tutoring systems and individualized learning space. 

Specifically, the one-to-one computing environment gained 

great popularity in classroom settings due to the decreasing 

costs of laptops and the increasing availability of wireless 

connectivity [1]. The one-to-one computing environment, 

also known as one-to-one initiatives, was originally raised 

by Norris and his colleagues [2], for the purpose of 

descripting the phenomenon occurred in US education 

 
systems that each individual student in the classroom is 

equipped with a portable digital device whereby they access 

electronic learning resources and participate in online 

activities. According to Penue [1], the one-to-one computing 

environment is more than physical school-issued device, but 

also an integrated teaching and learning system featured 

with technology-rich interactions, automatic tracking of 

students’ learning trajectories and smart classroom 

management. However, mixed results existed in current 

literature regarding to the effectiveness of the one-to-one 

computing environment in promoting students’ academic 

performance. For example, some studies claimed that this 

environment provided no help on students’ learning since it 

impeded students from concentrating attentions [3]. 

Moreover, to the best of our knowledge, few research 

http://creativecommons.org/licenses/by/3.0/)
mailto:shan.li2@mail.mcgill.ca


EAI Endorsed Transactions on 

e-Learning 

12 2017 - 10 2018 | Volume 5 | Issue 17 | e4 
2 

 

S. Li, J. Zheng  

 
 

attempts to examine the interactions between one-to-one 

computing environment, students’ motivation profiles, and 

their English-learning achievement. Thus, the purpose of 

this study is two-fold: (1) to verify the usefulness of one-to- 

one computing environment, and (2) to identify distinctive 

motivational profiles of students, as well as to examine how 

these different motivation profiles relate to their English 

learning achievement. 

 

2. Theoretical Framework 

 
2.1. One-to-one computing environment 

While researchers claim that emerging and mature 

technologies are rapidly transforming our educational 

landscape in profound ways, educators and instructors 

ironically report only a small amount of time allocated for 

using computers in classrooms [4]. Some research pointed 

out that the disjunction between the dramatic advances in 

educational technology and the relatively inert amount of 

computer use results was partially due to low student-to- 

computer ratios [5][6]. Under this circumstance, the one-to- 
one computing environment, or one-to-one initiative, 

received much attention worldwide, and has long been a key 

area of concern among technology-based school 

innovations. Eminent examples include the programs of 

‘One Laptop Per Child’ [7], ‘Up-Scaling  creative 

classrooms in Europe’ [8] and ‘Bring You Own Device’ [9]. 

In the one-to-one computing environment, each student has 

a digital device (e.g. laptop, Tablet or smartphone) which 

allows them to participate in various online activities in a 

self-directed approach. Though the breadth and depth of 

technologies available today affords one-to-one computing 

environments much diversity for redesigning teaching and 

learning, these kinds of environments basically share two 

essential characteristics: (1) the 1:1 ratio of students to 

digital devices, and (2) digital devices should serve for 

instructional purposes [1][10]. The one-to-one computing 

environments have great potential in maximizing students’ 

learning performance, as the environments inspire new ways 

for students to engage with various kinds of content and 

activities in their own self-regulated learning experiences. 

But the one-to-one computing environment could also be 

disorienting, even disturbing for students if they have no 

confidence or feel pressure to deal with it for learning. 

 
2.2. Students’ motivational profiles 

Prior research has extensively examined the nature of 

students’ profiles of motivation orientations based on self- 

determination theory (SDT) [11] [12][13][14]. For example, 

Gillet and his colleagues identified six distinct motivation 

profiles based on the SDT [11], which  included 

autonomous, moderately autonomous, strongly motivated, 

moderately unmotivated, poorly motivated, and controlled 

profiles. The study conducted by Wang, however, revealed 

four distinct motivational profiles based upon the 

organismic integration theory, one of the sub-theories of 

SDT [13]. Considering the mixed results in profiling 

students using SDT and the diversity of students’ 

motivations, other profiling research that focused on 

students’ motivation orientations tried to recover hidden 

groups out from students’ intrinsic and extrinsic motivation 

[15][16], instrumental motivation [17], and academic self- 

concept [18]. For instance, Marcoulides et al. found that 

students could be clustered into three differential groups 

based on their academic intrinsic motivation: motivationally 

gifted, intermediate and at-risk [15]. However, few attempts 

have been made to profile students with multiple 

motivational components. 

According to Printrich, multiple goal pursuit is important 

for students as various motivational components jointly 

affect their learning and performance [19]. Thus, Printrich 

and his colleagues developed a self-report instrument of the 

Motivated Strategies for Learning Questionnaire (MSLQ) to 

assess different aspects of students’ motivational 

orientations and learning strategies [20]. The MSLQ has 

been used in literally hundreds of educational research 

projects, and has recently gained renewed attention in 

measurement literature [21]. Specifically, the motivational 

section of the MSLQ assesses three different motivational 

components which consist of six subscales: expectancy 

(control beliefs, self-efficacy), value (intrinsic and extrinsic 

goal orientation, task value) and affect (test anxiety). For 

this study, the motivational subscale of self-efficacy in the 

expectancy category was chosen for profiling students. The 

term of self-efficacy describes students’ perceived beliefs 

about their abilities or competences to successfully 

accomplish a task [22]. It is a core motivational construct in 

social cognitive theory. It has also been unanimously 

verified that having significant effects on students’ learning 

achievements across various disciplines [23]. In addition,  

the construct of task value was also included in profiling 

students. According to Eccles [24], task value refers to an 

individual’s perceived importance or value of a  specific 

task, which plays a crucial role in shaping his/her 

achievement-related decisions, actions and outcomes. At 

last, this study added affect states (i.e. task anxiety) in the 

motivation profiling. In one-to-one computing environment, 

previous studies have demonstrated the importance of taking 

task anxiety into account when explaining the variations of 

students’ learning achievements [10]. 

The present research extends the literature on students’ 

motivation profiles by (1) simultaneously considering 

different types of motivational components, i.e. self- 

efficacy, task value and task anxiety, rather than relying on a 

specific motivation theory; (2) linking students’ motivation 

profiles with a concrete learning environment, as well as 

with an observable outcome (i.e. students’ English-learning 

achievement). Specifically, three research questions were 

formulated for this study: 
 

(i) Whether various motivational components can be used 

to organize students into groups with homogenous 

profiles using latent profile analysis 
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(ii) Did the one-to-one computing environment enhance the 

English-learning performance of students with different 

motivation profiles? 

(iii) Were there any group differences on students’ English 

achievement among the profile types? 

 

3. Method 

 
3.1. Participants and procedure 

The sample was comprised of 263 eighth grade students 

from a middle school of Shenzhen in southwest China. 

There were 155 female students (58.9%) and 108 male 

students (41.1%), with an average age of 15 (SD = .81). 

They volunteered to participate in this study. A one-to-one 

computing environment for English learning was first 

introduced to the participants. Then students were asked to 

accomplish a questionnaire pertaining to their perceived 

self-efficacy, task value and task anxiety towards this 

environment for supporting their English learning. The 

measures were conducted during regular school classes 

coordinated with help from the English teachers. 

Measurement of students’ prior level of English-learning 

performance was based on the score they got from an 

English test just before the initiation of this study. After that, 

the one-to-one computing environment was deployed in the 

English classes for approximate three months, during which 

no students dropped out. During the experiment, the English 

classes were given every weekday to the participants. Each 

English class lasted for an approximate duration of 40 

minutes. Students spent relatively equivalent time on the 

app. Students’ English-learning performance was measured 

again through an English test at the end of the experiment. 

To minimize the influence of test difficulty on students’ 

performance, the pre-post English tests were designed by the 

school English-teaching committee as standardized tests, 

whose validity can be guaranteed to some extent. 

3.2. The one-to-one computing environment 

The main interface of the one-to-one computing 

environment was shown in Figure 1. This environment was 

also referred to as the electronic schoolbag (eSchoolbag) 

environment since it was originally proposed to lighten 

students’ heavy schoolbags. Specifically, the eSchoolbag is 

an individualized learning environment for students to 

regulate and manage their learning processes in classroom 

settings, which is usually equipped with learning resources 

and various cognitive/metacognitive tools [10] [25]. It also 

supports teachers’ real-time monitoring and control of 

students’ learning activities by logging on as an 

administrator. Teachers can upload and manage learning 

resource that later appears in the sections of My textbook and 

Class Resource of students’ interface. By using the 

Previewing function, students can obtain information 

pertaining to teaching/learning goals, unfamiliar vocabulary 

words, and potential learning difficulties. Thus, they can 

orientate their learning accordingly, e.g. making practical 

plans and managing their efforts on different learning 

contents. The one-to-one environment of the eSchoolbag 

also provides a cognitive-apprenticeship like environment, 

i.e. the function of Learn & Help. As students explore the 

learning contents in a self-regulated approach, they can get 

assistances from teachers along a learning trajectory towards 

performance excellence. The eSchoolbag also affords 

students a collaborative learning environment as it integrates 

the online Group Discussion whereby students can work 

collaboratively to solve complex tasks. The functions of 

Practice and Quiz enable students to assess their learning 

progresses at the time they need or want. They can also 

collect their mistakes that made in practices or quizzes into 

Flaw Sweeper, where they can review certain knowledge 

consciously. Moreover, the eSchoolbag provides various 

cognitive tools, such as Mind map and Calendar, to promote 

students’ cognitive monitoring and control of their learning 

activities. 
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Figure 1 The interface of the one-to-one computing environment 
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3.3. Instruments 

Students’ self-efficacy, task value and task anxiety were 

measured by the means of a questionnaire whose items 

were adapted from the Motivated Strategies for Learning 

Questionnaire (MSLQ). The MSLQ was originally 

developed by Pintrich and his colleagues to assess 

students’ motivational orientations and their use of self- 

regulated learning strategies [20]. Based on a general 

social-cognitive model of motivation, the motivational 

scales in MSLQ consisted of three general motivational 

constructs [26]: expectancy-related motivational 

components (e.g. self-efficacy), value and affect (i.e. test 

anxiety), which were quite appropriate to this study. To be 

specific, self-efficacy scale involved five items regarding 

students’ perceived confidence about their ability to 

utilize the one-to-one computing environment for English 

learning. A sample item was “I am sure I can do well on 

the tasks in the one-to-one environment”. Task value was 

captured by six items, including “The one-to-one 

environment is very helpful for me to learn new 
knowledge” and “The one-to-one environment can 

improve my learning efficiency”. In terms of task anxiety, 

five items were used to measure this construct and a 

sample item was “I feel a lot of pressure when engaging in 

the one-to-one environment for English learning”. The 

items were presented using a 5-point Likert scale where 1 

means ‘strongly disagree’ and 5 stands for ‘strongly 

agree’. The Cronbach’s coefficients of the subscales of 

self-efficacy, task value and task anxiety were analyzed to 

test their internal consistency. The reliability of the 

subscales of the questionnaire were .84, .88 and .87 

respectively. 

 
3.4. Data analysis 

Latent profile analysis (LPA) is a statistic modeling 

technique that identifies taxonomies or classes of 

individuals based  on  their  common  characteristics [27], 

e.g. motivation orientations. LPA is similar to clustering 

techniques but more flexible as it aims to recover hidden 

groups from observed data based on explicit models [28]. 

Specifically, models are estimated for a successively 

increasing number of classes to find which model is the 

best fit to the data, while the probability of an individual 

that being categorized into best-fitting group is estimated 

simultaneously within each of the models [29]. In this 

study, Akaike’s information criteria (AIC) [30], Bayesian 

information criteria (BIC), sample size-adjusted Bayesian 

information criteria (Adjusted BIC), the Bootstrapped 

Likelihood Ratio Test (BLR) [31], and the Lo-Mendell- 

Rubin Adjusted Likelihood Ratio Test (LMR) [32] were 

used to determine the optimal number of classes. The 

AIC, BIC and adjusted BIC are descriptive goodness-of- 

fit indices wherein smaller values suggest better model fit. 

The p values generated for BLR and LMR indicate 

whether a k class solution (e.g. 4-class) fits better than a k- 

1 class solution (e.g. 3-class). A significant p value 

indicates that the k-cluster model fits better than the k-1 

clusters. In addition, the number of cases in each profile 

was also considered when estimating the fit of model to 

sample data, since the usefulness of the profiles could not 

be guaranteed if any profiles contain less than 5% of the 

respondents [33]. Moreover, we also examined the 

entropy value, an indication of clear delineation of 

clusters, for the purpose of evaluating the accuracy of 

classifications. Specifically, entropy values should be 

larger than 0.7 to suggest acceptable classification 

accuracy [34]. To estimate the aforementioned model 

parameters, LPA was conducted in Mplus 7.4 using the 

ML (maximum likelihood) estimation, since ML  was 

most commonly used in previous studies [35]. Moreover, 

the profiling of samples should be theoretically sound. 

Therefore, the mean scores of each of the variables 

between profiles were inspected to assess the 

distinctiveness of the classes. 

In the second phase of the analyses, we first examined 

the effect of the one-to-one computing environment (i.e. 

the eSchoolbag) on students’ performance regardless 

different motivation profiles. Then we tested for 

performance differences between profiles using a one- 

way analysis of covariance (ANCOVA). The independent 

variable was profile membership. The dependent variable 

was the students’ English achievement scores and the 

covariate was the students’ prior performance on the 

English pre-test. 

 

4. Results 

 
(1) Whether various motivational components can be 

used to organize students into groups with 

homogenous profiles using latent profile analysis 

 

The model fit indices for latent profile models that contain 

from 2 to 6 classes were shown in Table 1. In general, the 

AIC, BIC and adjusted BIC decreased as the number of 

classes increased, indicating a constant improvement of 

model fit to samples. To be specific, a 2-cluster solution 

was deemed superior to a 1-cluster solution due to a 

significant  BLR  value  (p  <.001)  and  LMR  value  (p = 

.005). A 3-cluster solution fit better than a 2-cluster 

solution, considering that the p values for both BLR and 

LMR were significant (p < .001, p = .006 respectively). 

However, the LMR indicated that a 4-cluster solution did 

not significantly better than a 3-cluster solution (p = .687). 

In terms of a 5-cluster solution, the LMR revealed that it 

did not fit better than a 4-cluster solution (p = .841). Since 

the value of LMR was also not significant (p =.225), a 6- 

cluster solution did not fit better than a 5-cluster solution. 

Moreover, the smallest class size for the 5-cluster and 6- 

cluster solutions were too small to be considered valuable, 

i.e. 9 individuals for 3.4% of the sample for the 5-cluster 

solution and 1 individual for only 0.4% of the sample for 

the 6-cluster solution. Therefore, we deemed that 3-cluster 
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solution was optimal. The entropy value of the 3-cluster 

solution was .938, indicating that 93.8% of subjects were 

correctly classified, which was considered high. 

As shown in Figure 2, the three clusters represent 

distinct patterns of motivational orientations. The first 

cluster comprised of 25 students (9.5%) who reported low 

self-efficacy (M = 3.09), task value (M = 2.99), as well as 

low task anxiety (M = 2.19). We tentatively labelled this 

class the ‘low-low’ group as they were low on all three 

motivation subscales. Cluster 2 comprised 82.1% of the 

sample (N = 216) and we labelled this class the ‘high-low’ 

group as they were relatively high on self-efficacy (M = 

4.57) and task value (M = 4.34) while were low on task 

anxiety (M = 1.64). Cluster 3 comprised 8.4% of the 

sample (N = 22). Contrary with the first cluster, this class 

reported relatively high self-efficacy (M = 4.54), task 

value (M = 4.41) and high task anxiety (M = 4.54). 

Accordingly, this cluster profile was labelled the ‘high- 

high’ group. 

 
(2) Did the one-to-one computing environment 

enhance the English-learning performance of students 

with different motivation profiles? 

 

To examine the effect of the eSchoolbag environment on 

students’ performance, several paired T-tests were 

conducted to identify, for each of the three groups, if there 

were any significant differences before and after students 

engaging in this environment to support their English 

learning. The results indicated that the one-to-one 

computing environment significantly enhanced students’ 

performance for all three groups (see Table 2). 

 

Table 1 Fit indices for different models with number of clusters ranging from 2 to 6. 
 

Model AIC BIC Adjusted No. of free p p
 

Entropy Smallest cluster freq. 
   BIC parameters BLR LMR   

2 clusters 1771 1807 1775 10 .000 .005 .965 25(.095) 

3 clusters 1657 1707 1663 14 .000 .006 .938 22(.084) 

4 clusters 1635 1700 1643 18 .000 .687 .884 14(.053) 

5 clusters 1623 1702 1632 22 .000 .841 .884 9(.034) 

6 clusters 1586 1679 1597 26 .000 .225 .935 1(.004) 

Note: p BLR = p values for the Bootstrapped Likelihood Ratio test, p LMR = p values for the Lo-Mendell-Rubin adjusted 

likelihood ratio test. 

 
 

Figure 2 The three clusters of motivation profiles identified by latent profile analysis 
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Table 2 Performance differences before and after engaging in one-to-one environment 
 

Group df M SD t p 

low-low 
Pre-test 

24  
65.40 

 
13.44 

3.64 .001** 

Post-test  75.32 9.69   

high-low 215   14.30 .000** 

Pre-test  80.94 14.14   

Post-test  68.84 9.12   

high-high 
Pre-test 

21  
70.02 

 
15.35 

2.45 .023* 

Post-test  77.93 7.94   

Note: **p < .01, *p< .05 

 

 
(3) Were there any group differences on students’ 

English achievement among the profile types? 

 

To answer the third research question, ANCOVA and post 

hoc follow-up tests were performed to examine how the 

various profile types differ in students’ English 

achievement while taking their prior level of English 

performance into consideration. A preliminary analysis 

evaluating the homogeneity-of-regression (slopes) 

assumption showed that the relationship between the 

covariate and the dependent variable did not differ 

significantly as a function of the independent variable, F 

(2, 260) = .124, p = .884, indicating the assumption of 

homogeneity of variance was not violated. The ANCOVA 

was significant, F (2, 259) = 4.92, p = .008 (See Table 3). 

Post hoc tests were conducted to evaluate pairwise 

differences among the adjusted means of students’ 
English scores. The Bonferroni correction was conducted 

to control Type I error across the three pairwise 

comparisons. In general, the high-low group (i.e. 

participants with high self-efficacy and task value while 

with low task anxiety) obtained the highest English scores 

(M = 80.87) among the three groups. The high-high group 

(i.e. students with high self-efficacy and task value, but 

with high task anxiety) ranked the second (M = 77.51), 

performing better than the low-low group (M = 76.28). 

The results in Table 4 showed that students in the high- 

low group demonstrated significantly higher English 

 

scores, controlling for the effect of their prior English 

performances, than those in the low-low group. However, 

there were no significant differences between high-low 

and high-high groups, as well as between low-low and 

high-high groups. 

 

5. Discussion 

The aim of this study was to identify distinctive 

motivational profiles of students and how these different 

motivation profiles related to students’ English-learning 

achievement. In general, this study identified three distinct 

types of students with differential motivation orientations 

using latent profile analysis. The students in the low-low 

profile reported low level of self-efficacy and task value, 

as well as low task anxiety (the means of these three 

variables ranged from 2.19 to 3.09). The largest profiles 

(n = 216, 82.1%), labelled high-low group, reported high 

self-efficacy and task value (average scores were 4.57, 

4.34 respectively). Students in this group also had the 

lowest task anxiety (the mean was 1.64). The last profile, 

termed high-high profile, consisted of students who had 

high self-efficacy and task value, but had also high task 

anxiety (average scores ranged from 4.41 to 4.54). 

Table 3 Analysis of Co-Variance for English Performance by Groups 
 

Source SS df MS F Sig. 

Pre-test 4654.10 1 4654.10 71.66 .000 

Group 639.52 2 319.76 4.92 .008 

Error 16822.21 259 64.95   

Total 1711988.75 263    
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Table 4 Pairwise Comparisons of English Achievement by Motivation Types 

Class Mean 
Adjusted

 
Adjusted Mean Differences 

 

 

 

 

 

* p < .05 

The profiling results were generally in line with previous 

research regarding the relations between different 

motivational components. Self-efficacy was usually 

positively associated with task value [36][37]. Students 

who valued the task tended to perceive higher self- 

efficacy. According to Lee, students try to avoid such a 

situation that they value a task high but with low self- 

efficacy on a specific task which may hurt their self- 

esteem [38]. One of our novel findings was the discovery 

of a low-low profile. Interestingly, this motivation profile 

appeared to represent those students who were indifferent 

to the one-to-one computing environment. 

In terms of the effectiveness of the one-to-one 

computing environment on students’ English learning 

performance, this study found that the one-to-one 

computing environment had a significantly positive effect 

on students outcomes regardless of various motivation 

profiles, which was in accordance with previous findings 

[39][40][41]. Possible reasons may be included: first, the 

one-to-one computing environment enhanced class 

interactions between students and teachers; Second, this 

environment provided students an intelligent medium to 

manage their own self-regulated learning [10]; Third, 

students’ motivation gradually changed through this 

study. For example, it’s quite possible that students with 

low self-efficacy increasingly gained confidence as they 

engaged in this environment for English learning. More 

studies are needed to pinpoint how different internal and 

external factors lead to the improvement of students’ 

performance. But this study provides educational 

authorities and policy makers solid evidences that the one-

to-one computing environment is beneficial for students 

learning, which also resonates with those reported in 

previous studies [25][42]. 

This study also found that motivation profiles leaded to 

variations of students’ English learning performance. In 

general, the high-low group (i.e. participants with high 

self-efficacy and task value while with low task anxiety) 

performed better than the other two groups. Specifically, 

the high-low group obtained significantly higher English- 

test scores than the students who reported low self- 

efficacy, task value and task anxiety, controlling for the 

effect of their prior English performance. However, no 

significant difference was found on students’ English 

performance between the high-low group and the high- 

high group (i.e. students with high self-efficacy and task 

value, but also with high task anxiety), suggesting that 

task anxiety did have a negative effect on students 

 

learning outcomes but could not significantly influence 

their performance. These results also revealed that self- 

efficacy and task value were more powerful motivational 

components than the construct of task anxiety to predict 

students English learning achievements, which was in line 

with Zimmerman’s research who claimed that self- 

efficacy played a major role in students’ learning [43]. In 

a word, this study provides implications that educational 

institutions and parents should create conditions to 

improve students’ self-efficacy and task value, and to ease 

their task anxiety for maximizing students’ performance. 

 

6. Conclusion 

This study contributed to the body of eLearning-related 

studies by adopting a person-centered approach (i.e. latent 

profile analysis) to explore differences in students’ 

motivation orientations while they engaged in the one-to- 

one computing environment for English learning. The 

findings from this research demonstrated that there were 

distinct motivation profiles among students, which 

resulted in differences on their performance. In general, 

the one-to-one computing environment had a significant 

positive effect on students’ English learning outcomes 

regardless of various motivation profiles. But students 

with high self-efficacy, task value while low task anxiety 

performed better than those in other profiles. This study 

also suggested that task anxiety impeded students from 

benefiting from the one-to-one computing environment, 

but it could not significantly affect students’ learning 

outcomes. 

There are some limitations to this study that should be 

noted. First of all, since the current study collected 

students’ self-report motivation orientations, future 

research should take multiple approaches of data 

collection into consideration, such as log files, interviews 

and peer evaluations; Second, as the profiling was based 

on students’ motivation that reported at the beginning of 

this study, it may not be optimal as how students’ 

motivations vary along with the time may reveal more 
interesting findings. Correspondingly, one possible 

extension to our analysis is to examine the variation of 

motivations using latent transition analysis; Third, though 

this study had demonstrated the usefulness of the one-to- 

one computing environment, more observations and 

explanations of which aspects of this environment 

promote students’ English learning are required. 

 Mean 1 2 3 

1.low-low 75.32 76.28 --   

2.high-low 80.94 80.87 -4.59* --  

3.high-high 77.93 77.51 -1.23 3.36 -- 
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