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Abstract—The importance of using Google Translate (GT) has become
dominantly more effective. Most researchers, professors, and students rely on
its translation as an immediate source of getting information in different coun-
tries all over the world. However, previous studies failed to cover these influen-
tial factors that pinpoint the relation between GT and user's intention, and con-
sequently fail to discover the effects of using GT. The purpose of this study is to
explore GT acceptance in United Arab Emirates (UAE). It is assumed that us-
ers' attitude towards GT may vary based on the language used. The variations in
languages are unidirectional where at least two languages are involved in this
process. The suggested analytical framework is based on an extended TAM
model. A quantitative methodology approach was adopted in this study. The
hypothesized model is validated empirically using the responses received from
a survey of 368 respondents, which were analyzed using structural equation
modeling (SEM-PLS). Results indicated that Perceived Ease of Use, Perceived
Usefulness, and Motivation have a significant impact on Behavioral Intention to
use GT. In addition, Perceived Usefulness and Motivation significantly influ-
enced Perceived Ease of Use. Furthermore, Perceived Usefulness is in turn in-
fluenced by Experience. The findings provide significant theoretical and practi-
cal implications for translation researchers, teachers, and machine translation
system developers.

Keywords—Google Translate©, Acceptance Model, Source and Target Lan-
guages, Cultural Differences, UAE.
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1 Introduction

The study of technology acceptance is one of the widely-spread issues that has
been the concern of many researchers recently. Machine translation (henceforth MT)
and, in particular, Google translate (henceforth GT) is one of the widely-used transla-
tion technology. Thus, the acceptance of such technology is a critical issue that needs
further investigation. MT is an influential instrument that affects users who are in-
tended to translate a particular text from one language to another. It facilitates the
speaking and written mode of communication in multi-lingual groups and helps in
liberating members from the language barrier. However, such technology will be
unable to motivate and satisfy its users when it fails to send the message from a
speaker to an addressee conveying the same intended meaning. This is due to the
variations between the source language (SL) to target language (TL) that do not yield
the original expression. In such a context, the addressee cannot echo the speaker's
expression as a way of accepting it, illustrating that they are referring to the same
thing [1].

Within these variations among speakers and addressee, a study that shows the ac-
ceptance of GT is required. To be able to measure the acceptance of GT, TAM ac-
ceptance model is used. TAM is a widely spread model that intends to investigate user
acceptance. The model has key variable including perceived usefulness, perceived
ease of use, and behavioural intention. These variables can explain the users’ behav-
iour intention to use technology [2]. It is considered the key factor that helps technol-
ogy developer to be acquainted with the different environment to evaluate and inves-
tigate an information system [3]. TAM was proposed on the basis of cognitive beliefs
of perceived usefulness and perceived ease of use [4]. Other variables that are related
to TAM are the belief, attitude, and intention to use. TAM has influenced the user’s
behavioural intentions and attitude either directly or indirectly in order to assess the
user’s actual use of the technology [4]-[6]. The relevance of TAM to measure the
acceptance of using GT and its strong impact on the users’ acceptance is evident. The
variable ease of use and perceived usefulness can influence users’ acceptance of the
technology.

Despite the fact that TAM has a strong impact on technology acceptance, there are
certain factors that should be added to make the model of the study more comprehen-
sive, namely: experience and motivation. Some researchers believe that experience is
connected with TAM variable perceived ease of use. Experience impacts positively
the readiness to accept technology along with cultural values, personality and techno-
logical background [7]. Experience has been connected with utility. These two terms
have two different implications within technology acceptance/adoption. Experience
refers to the early-period of usage, whereas utility refers to long term utility. Both of
them are crucial in developing users’ acceptance of technology [8]. Similarly, motiva-
tion especially hedonic motivation is meant to have an influence on the behavioural
intention to use a product [9]. Hedonic motivation usually refers to the notion of fun
or pleasure that is created because of using technology. Thus, it is considered a domi-
nant element that increases behavioural intention to use it [10], [11]. Furthermore,
variations in culture may have its own impact in this study. The acceptance of GT
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may vary from one group to another in UAE. Variations in nationality entail differ-
ences in the SL and TL; thus, it paves the way to a crucial issue which is language and
structural variations across different languages. The difference in the grammatical and
semantic structures from the SL to TL may result in different levels of clarity in the
translated texts; thus, affecting the intention to use the technology and the perceived
usefulness. The cultural aspect determines how people use technology since they
might have different perceptions about it and use it in different cultural circumstances
[1]. Therefore, it is essential to conduct a cross-cultural study of GT acceptance.

This study has two gaps that are uncovered in previous studies. The first gap is to
build a comprehensive model that is able to measure the main variables that affect
users’ acceptance of GT. These variables are related to the social, cultural and psy-
chological factors, and they have direct connection with the technology itself and
encourages users to intentionally use it. Thus, this study is an attempt to provide an-
swer to the gap found in the literature by incorporating experience and motivation into
the original TAM to develop an extended quasi-circular model. The second gap is
related to the variations in culture. Variations in structures of SL and TL is highly
effective in measuring users’ intention or behaviour towards the usage of GT as well
as the cultural differences which may affect the user's acceptance of the technology.
To the best of our knowledge, no such research has been conducted in the context of
GT acceptance in different countries. Most studies, as explained in the previous para-
graphs, have examined the acceptance of MT in a single country's acceptance. The
objective of this study is to define what drives the acceptance of GT by Omani, Paki-
stani, and the UAE citizens. This approach of research enables to pinpoint the variable
that has a strong impact on using technology. Cultural variations give us the oppor-
tunity to measure and compare the user's behavioural intention in different countries.

2 Literature Review

2.1 TAM & user acceptance of machine translation quality of the system

The related literature has focused on the possibilities of applying MT in general
such as [12], who propose an extended TAM model to measure users’ acceptance of
MT. The study has analyzed the extended model associated with the behavioral use of
MT on the basis of TAM. [13] carries out a similar study where the focus is on the
Neural Machine Translation. The main results indicate that the majority of students
use NMT to support their language studies for a variety of purposes. Generally, the
results have shown disparities among students in terms of their dependency upon and
perceived value of such tools. Another study is conducted by [14] shows how the
priorities and aspirations articulated. Thus, the source can be operationalised using
translation technology classroom and lab. They planned to create an SMT syllabus for
a group of postgraduate translation students to figure out how data are derived from a
mixed-methods approach. The results have shown that there is noteworthy interest on
the part of students to improve their knowledge of and confidence in using machine
translation in general and SMT in particular. This is conditioned with the completion
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of teaching units in SMT. The last study [15] highlights the aspects of MT in a sys-
tematic review. It comes up with a quantitative and qualitative description of MT
research in its systematic review.

2.2 Experience and motivation and acceptance of technology

Previous studies on experience and motivation in measuring acceptance of tech-
nology are varied. [7] state that there is a direct relation between the successfulness in
using technology and experience. Users will be able to give response better when their
experience is higher. Therefore, experience is considered as a determinant factor in
getting feedback from users and it seems to be related to a time period. A similar
attitude is given by [16] who highly evaluate experience in environment where Moo-
dle is used. They stated that the higher the experience in using Moodle is, the more
effective the results will be. Some researchers suggest that investigating experience
within longitudinal studies have a strong impact on users intention to accept the tech-
nology because the investigation of the effectiveness of experience, utility, hedonic
qualities and usability may vary over a period of time. A study by [17] suggests a
distinction between users experience (UX) and experience (E). User experience is
more important than job experience because it is connected with user cognition, ac-
tions and product. Therefore, a connection can be made between poor usability expe-
rience and rejection of technology. Users who do not have the required usability expe-
rience tend to reject using the technology.

Literature review seems to be in favor of connecting experience with other im-
portant variables that make the measurement of experience more practical and effi-
cient. Thus, a connection can be drawn between experience and anxiety on one hand
and experience and self-efficiency on the other hand. According to [18], users, who
have high level of experience, will have less degree of anxiety in using the technolo-
gy. Similarly, self-efficiency has a direct relation with attitude, ease of use and use-
fulness. The higher the efficiency is, the higher the experience and the acceptance will
be [19]-[22]. A similar conception is made between motivation which is considered
as an external factor and other TAM variables. Studies on motivation seems to inte-
grate motivation with TAM variables. A study by [23] proposes a connection between
motivation and perceived playfulness. Motivation can be created when the level of
playfulness is high. This encourages users to accept and use the technology. Another
study tackles the concept of motivation from different perspective where motivation is
connected with cultural and competence aspects [24]. In this study, the users’ motiva-
tion is higher under two conditions. The first one is: when his feeling of belonging is
high and the second one is: when the users autonomous and competence is high. In
agreement with the previous studies, some studies have considered the lack of experi-
ence and motivation as a crucial factors in rejecting the technology [8].

2.3 Cultural variations and technology acceptance

Users from different backgrounds with different diverse value orientations may not
have similar reaction to technology acceptance. This is due to the fact that they have
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different attitudes towards cultural differences and individual thinking [25]. Taking
into consideration this fact, culture has an impact on the acceptance/rejection of tech-
nology. Recent studies by [26] and [27], have shown that people from different back-
ground may act differently to technology acceptance and that TAM is irrelevant to
studies of culture for different reasons. For [26], differences are found between Leba-
nese and British university students. They found that the relationship between Per-
ceived Usefulness (PU) and that Perceived Ease of Use (PEU) was positively evaluat-
ed by the British sample only. They concluded that TAM is biased in cross-cultural
contexts. A similar conclusion is given by [27] as they state that PEU, which is an
influential factor in TAM, has no significant role in users’ acceptance of technology.

On the other hand, other studies seem to evaluate culture aspect rather differently.
A study by [28] confirms the role of culture and its impact on attitude and individual
thinking. Culture seems to be an influential factor because it has impact on innovation
and willingness which implies that culture can be considered as a factor in technology
acceptance. Finally, it seems that there are two different perspectives towards the
effectiveness of culture in technology acceptance. One perspective seems to lessen the
role of culture and the other puts more emphasis on it due to the fact that it affects
other factors.

3 Research Model and Hypotheses

Google translation facility is a web-based technology that is accessible by a vast
number of users worldwide. This study focuses on the acceptance of usage of GT by
teachers, students, scholars and researchers in three different countries. GT is one tool
under MT. They can produce a text within a short period as they can depend on a
simple process of cut and paste. Accordingly, it is assumed that this technology is
affected by the PEU and PU. Consequently, it is assumed that PEU may have a 12
great impact on the intention to use MT [12].

Motivation and Experience are two variables that have a close relation with tech-
nology acceptance. According to [12], motivation has a close relation with PEU.
Based on that, they state that the higher level of PEU is, the stronger the motivation
will be. Whenever there is a high tendency to learn more about translation studies and
process, the higher to explore in MT. However, this study does not focus on students'
motivation in learning translation, but rather on the user's motivation in using the GT
translation technology as a tool more heavily and frequently. That is, whenever the
translated texts are clearly translated and the intended meaning is given obviously, the
higher the motivation will be in using GT rather than any other MT tools. According
to [29], experience affects students' eagerness to use technology. The higher the expe-
rience is the greater the perceived usefulness towards technology. In this respect, [12]
proposes that when the student are well-acquainted with MT, they can appreciate the
pros of using MT and they gradually become more professional in using MT for aca-
demic purposes. Based on that, the following hypotheses are formed:

o Hypothesis 1: Perceived Ease of Use has a positive effect and great impact on the
Behavioral Intention to use GT.
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e Hypothesis 2: Perceived Usefulness has a positive effect and great impact on the
Behavioral Intention to use GT.

e Hypothesis 3: Perceived Ease of Use has a positive effect and substantial impact
on the Perceived Usefulness.

e Hypothesis 4: Experience has a positive effect and substantial impact on the Per-
ceived Usefulness.

e Hypothesis 5: Perceived Ease of Use has a positive effect and great impact on
Motivation when MT is used as a tool.

e Hypothesis 6: Motivation can positively and significantly affect Experience in
using GT.

It is worth to mention that this model eliminates attitude as many researchers pro-
posed that establishing a direct relation between Perceived Essay of Use and Per-
ceived Usefulness may bring better results on Behavioral Intention (cf. [30] and [31].

Motivation

HS

Perceived Ease of Use

— |

H3 Behavioral Intention

/
Perceived Usefulness

\
Experience

Fig. 1. The study model

4 Research Methodology

4.1 Measurement of constructs

To be able to test the proposed hypotheses, a survey was conducted that incorpo-
rates all the constructs involved in the proposed model. All items were formed based
on the main critical points in the hypotheses. The details of the items are listed in
Appendix (A).
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4.2  Research method

To explore the acceptance of GT as a technology, we followed specific guidelines
that help in practically measuring the acceptance or rejection. The main steps can be
summarized as follows:

e Proposing a model that incorporates TAM and other variables to investigate the
acceptance of GT.

e Distributing hard copies of questionnaire with set of questions that are related to
the proposed hypotheses.

o The results are analyzed and synthesized, reported in the result section.

4.3  Sample and data collection

The hard-copy surveys were distributed amongst the students in the United Arab
Emirates (UAE), data was gathered between 07-April-2019 and 24-April-2019 during
the winter semester of the academic year 2018/2019. The number of randomly dis-
tributed questionnaires was 400, against which the respondents had reacted to 368
questionnaires that made up a total response rate of 92 %. In addition, certain missing
values led to the rejection of 32 of these filled questionnaires. Hence, the team con-
sidered 368 as properly filled and effective questionnaires. According to [32], overall
368 valid responses were collected with appropriate sample size level, i.e., the pro-
jected sampling size for a population of 1500 in 306 respondents. Compared to insig-
nificant requirements, a sample size of 368 is way higher. Therefore, the assessment
with structural equation modeling is acceptable as a sample size [33], which was sub-
sequently employed for confirming the hypotheses. Most importantly, hypotheses
were established on the basis of existing theories, but they were also accommodated
to the Mobile-learning context. The team of researchers’ utilized structural equation
modeling (SEM) (with SmartPLS Version 3.2.7 tool) to evaluate the measurement
model. The final path model was used for the advanced treatment.

4.4  Pilot study of the questionnaire

The reliability of the questionnaire items was evaluated through a pilot study. Al-
most 40 students randomly selected from the decided population constituted this pilot
study. Based on 10% of the total sample size of this analysis, the sample size was
decided with (400 students) and the research standards were carefully followed in this
regard. To evaluate the findings of the pilot study, Cronbach’s alpha test was used for
internal reliability with the help of SmartPLS, as a result of which acceptable conclu-
sions were illustrated for the measurement items. A reliability coefficient of 0.70 is
assumed to be acceptable, if we emphasize on the mentioned pattern of social science
research studies [34]. The Cronbach alpha values for the following 7 measurement
scales are given in Table 1.
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Table 1. Cronbach’s Alpha values for the pilot study (Cronbach’s Alpha > 0.70).

Construct Cronbach’s Alpha
Behavioral intention 0.889
Experience 0.827
Motivation 0.832
Perceived ease of use 0.922
Perceived Usefulness 0.798

45  Survey structure

The paper is based on using three different instruments to implement the data em-
pirically. In other words, the three parts embrace the following factors which are:
Demographic information, Technology Acceptance Questionnaire, and Motivation in
using Google Translation Questionnaire. Demographic information is devoted to
information about participants’ age, gender and experience in using GT. Technology
Acceptance Questionnaire is adopted from the extended model of TAM that is pro-
posed by [12]. It aims at evaluating users’ intention to use GT. It includes (3) items
measuring users’ Perceived Ease of Use and (3) items for Perceived Usefulness and
(3) items for measuring the Behavioral Intention. The items are measured based on
five-point Likert-type from “strongly disagree=1" to “strongly agree=5". Most of the
items are modified to suit our aims concerning GT use in different countries.

For the sake of clarity, the questionnaire has been translated into Arabic in Oman
to guarantee that users evaluate the intended questions clearly and the meaning is
widely comprehended.

4.6  Students’ personal information/demographic data

Students ration is varied based on the male and female distinction with percentage
of 63% for male and 37% for female. For 72% of the respondents, student’s age was
found between 18 and 29 years while the respondents who were above 29 were 28%.
As far as the academic background is concerned, the students belonging to Business
Administration were 35%, while students in Information Technology, Engineering,
Arts, Social Sciences & Humanities and Mass Communication and Public Relations
were 23%, 21%, 11% and 10% respectively. Foregoing in view, the bachelor degree
was owned by 53% individuals while 30% possessed a master degree, 17% of the
respondents were having a doctoral degree while rest of the respondents were diploma
holders. According to [35], the “purposive sampling approach” was employed when
access to the respondents is easy and they are willing to volunteer. The students from
different colleges made up this study sample; these students were having different
ages; they were part of different programs at different levels. In addition, the demo-
graphic data was measured with the help of IBM SPSS Statistics ver. 23.
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5 Findings and Discussion

The partial least squares-structural equation modeling (PLS-SEM) was used to car-
ry out the data analysis in this study [36]. A two-step assessment approach including
the structural model and measurement model was employed to analyze the collected
data [37]. There are several reasons for the selection of PLS-SEM in this study. First,
PLS-SEM is believed to be an ideal choice when the research scholars are going to
establish an existing theory [38]. Secondly, exploratory studies containing complex
models can ideally be served by the PLS-SEM [39]. Thirdly, instead of splitting it into
pieces, the complete model is analyzed as one unit in PLS-SEM [40]. Fourthly, for
both structural model and measurement, concurrent analysis is provided by PLS-
SEM, which subsequently results in clear-cut and precise estimations [41].

5.1  Assessment of the measurement model (Outer model)

Convergent validity: According to [37], to assess the measurement model, estima-
tion of the construct reliability (composite reliability and Cronbach’s alpha) and valid-
ity (discriminant and convergent validity) was proposed. To determine the construct
reliability, the values of Cronbach’s alpha in Table 2 are illustrated between 0.729 and
0.834 and the threshold value of 0.7 falls underneath these values [42]. As per the
findings of Table 2, the composite reliability (CR) yields in the values between 0.723
and 0.898, which were found above the suggested value of 0.7 [43]. Consistent with
these findings, all the constructs were considered to be error-free and the construct
reliability is established. The average variance extracted (AVE) and factor loading
need to be tested for the measurement of convergent validity [37]. As per Table 1, all
factor loadings were having the values above the suggested value of 0.7. Moreover,
Table 2 is also indicative of the fact that the AVE vyields in the values between 0.539
and 0.712, which were found above the threshold value of 0.5. Subject to these re-
sults, the researchers have adequately satisfied the convergent validity for all con-
structs.

Discriminant validity: Three criteria, namely: the cross-loadings, Fornell-Larker
criterion, and the Heterotrait-Monotrait ratio (HTMT) were suggested to be measured
for the measurement of discriminant validity [37]. As per the findings of Table 3, the
requirements are confirmed by the Fornell-Larker condition, since all AVEs along
with their square roots are greater than its correlation with other constructs [44]. Table
5 and its results also fulfill the cross-loadings standard, since the indicator loadings on
each construct are higher than the loadings of its corresponding constructs. The
HTMT ratio results are given in Table 4, which is representative of the fact that the
threshold value of 0.85 remains ahead of the value of each construct [45]. Hence, the
HTMT ratio is established. The discriminant validity is determined according to these
findings. In line with the analysis results, no issues were emerged regarding the as-
sessment of the measurement model with respect to its validity and reliability. There-
fore, the structural model can be evaluated with the further utilization of the collected
data.
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Table 2. Convergent validity results which assures acceptable values (Factor loading,
Cronbach’s Alpha, composite reliability > 0.70 & AVE > 0.5).

Constructs Items Factor Loading | Cronbach's Alpha CR AVE

Behavioral intention BI1 0.836
BI2 0.856 0.834 0.723 | 0.539

BI3 0.936

Experience EXP1 0.806
EXP2 0.812 0.799 0.765 0.619

EXP3 0.839

Motivation MOT1 0.772
MOT2 0.789 0.729 0.883 0.551

MOT3 0.855

Perceived ease of use PEOU1 0.896
PEOU2 0.848 0.830 0.898 | 0.666

PEOU3 0.776

Perceived Usefulness PU1 0.890
PU2 0.759 0.829 0.756 | 0.712

PU3 0.837

Table 3. Fornell-Larcker Scale

Bl EXP MOT PEOU PU
Bl 0.881
EXP 0.369 0.804
MOT 0.434 0.312 0.915
PEOU 0.581 0.405 0.339 0.857
PU 0.448 0.389 0.528 0.447 0.889

Table 4. . Heterotrait-Monotrait Ratio (HTMT)

Bl EXP MOT PEOU PU
Bl
EXP 0.551
MOT 0.671 0.567
PEOU 0.634 0.510 0.358
PU 0.489 0.564 0.256 0.257

Table 5. Cross-loading results

Bl EXP MOT PEOU PU
BIl 0.836 0.305 0.278 0.483 0.469
BI2 0.856 0.358 0.322 0.298 0.207
BI3 0.936 0.521 0.557 0.299 0.310
EXP1 0.398 0.806 0.287 0.291 0.239
EXP2 0.444 0.812 0.309 0.327 0.589
EXP3 0.456 0.839 0.236 0.365 0.673
MOT1 0.401 0.673 0.772 0.398 0.364
MOT2 0.488 0.506 0.789 0.277 0.335
MOT3 0.538 0.535 0.855 0.178 0.233
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PEOU1 0.558 0.436 0.288 0.896 0.390
PEOU2 0.432 0.324 0.286 0.848 0.576
PEOU3 0.436 0.382 0.694 0.776 0.550
PU1 0.492 0.233 0.456 0.369 0.890
PU2 0.585 0.221 0.502 0.394 0.759
PU3 0.586 0.477 0.367 0.446 0.837

5.2  Assessment of structural model (inner model)

Coefficient of determination - R2 By utilizing the coefficient of determination
(R? value) measure, the research team usually inspect the structural model, see [46]
and [47]. This coefficient is processed as the squared correlation between a specific
endogenous construct’s actual and predicted values and we can measure the predictive
accuracy of the model through this coefficient, see [48] and [49]. The coefficient is
indicative of the exogenous latent variables’ joined effect on an endogenous latent
variable. As discussed earlier that the coefficient is the squared correlation. Hereafter,
it supplements the implication of variance degree in the endogenous constructs. Each
exogenous construct secures this point and it also assists in finding it. As declared by
[50], once the value is above 0.67, it is seen as high. This is suggestive of the fact that
the qualities in the scope of 0.19 to 0.33 are weak values and those in the scope of
0.33 to 0.67 are direct. Additionally, estimation is inadmissible when it is below 0.19.
As depicted in Table 6 and Figure 2, the R? values for experience, motivation and
perceived usefulness were found to be between 0.33 and 0.67; and hence, the predic-
tive power of these constructs is considered as moderate. Besides, the R? value of the
behavioral intention use is found to explain 70.7% of the variance, and, therefore; the
predictive power of this construct is considered as high.

Table 6. R2 of the endogenous latent variables

Constructs R? Results
Behavioral Intention 0.707 High
Experience 0.684 Moderate
Motivation 0.567 Moderate
Perceived Usefulness 0.523 Moderate

Goodness of fit of the model: The study model is basically measured on two
scales using the Goodness of fit of the model (GoF), the structural model and the
measurement, and can be determined as follows to ensure the reliability of the model
in the whole GoF. GoF referred to the Global fit measure, according to [51], which
means the geometric mean of average variance extracted (AVE) and the endogenous
factors of the R? average [48].

GoF = [(R? x AVE)
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GoF's parameters have been proposed [52] in order to determine one of the three
categories based o: small, medium or large, which can be interpreted as a legitimate
globally accepted PLS model. Those parameters are mentioned in Table 7.

Table 7. The criteria of Gof

GoF Result
Greater than 0.36 Large
Between 0.25 to 0.36 Medium
Less than 0.1 to 0.25 Small
Less than 0.1 No fit

Table 8. .Goodness of Fit of the model (GoF)

Constructs AVE

Perceived ease of use 0.666

Perceived Usefulness 0.712

Average 0.689
Constructs R?

Behavioral Intention 0.707

Experience 0.684

Motivation 0.567

Perceived Usefulness 0.523

/Average 0.620

Goodness of fit GoF and Predictive 0.654

The Gof model in the analysis is, therefore, very broad and demonstrates ample
global PLS model validity. Table 8 above reveals that the Gof price is 0.654.

Hypotheses testing: Once the measurement model is confirmed, the next step is
the structural model. With the help of a bootstrapping procedure containing 5,000 re-
samples, this involves determining the path coefficients and the coefficient of deter-
mination (R2) [53]-[62]. With respect to path analysis, the path coefficients, t-values,
and p-values for each hypothesis are shown in Table 5. Generally, all the hypotheses
were supported. In that, the hypotheses H1, H2, H3, H4, H5, and H6 were supported
by the empirical data. The results showed that Behavioral Intention to use GT (BI)
significantly influenced Perceived Ease of Use (PEOU) (B= 0.716, P<0.001), Per-
ceived Usefulness (PU) (B= 0.637, P<0.001), and Motivation (MOT) (B= 0.284,
P<0.001) supporting hypothesis H1, H2, and H6 respectively. Furthermore, the effect
of Perceived ease of use (PEOU) and Experience (EXP) have a positive impact on
Perceived Usefulness (PU) (B= 0.249; P<0.05), (B= 0.350; P<0.05), respectively, were
found to be not significant; hence, H3 and H4 is supported. The relationships between
Perceived Ease of Use (PEOU) and Motivation (MOT) (B= 0.548, P<0.05) was found
to be statistically significant, and thus, the hypotheses H5 is generally supported. A
summary of the hypotheses testing results is shown in Table 7.
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Table 9. Results of structural Model - Research Hypotheses Significant at p**=<0.01 , p*
<0.05 Significant at p**=<0.01 , p* <0.05).

H Relationship Path | t-value | p-value |Direction| Decision
i o 1 it Kk
H1 Percel_ved Ease of Use -> Behavioral 0716 23.315 | 0.000 Positive |Supported
Intention to use GT

i o 1 - it *k
H2 Eercelved Usefulness -> Behavioral Inten 0637 | 20159 | 0.000 Positive |Supported
tion to use GT

H3 Perceived Ease of Use -> Perceived Use- 0.249 6.736 0015 Positive  |Supported*

fulness
H4 Experience -> Perceived Usefulness 0.350 4.368 0.023 |Positive |Supported™
H5 Perceived Ease of Use -> Motivation 0.548 2.106 0.013 |Positive |Supported™
1 1 - 1 H it ka3
H6 g/l_l(_)tlvatlon > Behavioral Intention to use 0.284 7655 0,001 Positive  |Supported

Motivation

0.548%,
R=0.567

Perceived Ease of Use

0.716%*

0.249= 0.284%* Behavioral Intention

0.637%%
R=0.707
Perceived Usefulness

RI=0.523

0.350%

Experience

R'=0.684

Fig. 2. Path coefficient results (significant at p** < = 0.01, p* < 0.05).

6 Discussion and Implication

6.1 Discussion of results

This study adds to the existing literature on machine translation as educational
technology. Although there have been a great number of studies on the TAM, few
have focused on machine translation, especially Google Translate that facilitates both
the spoken and written multi-lingual communication. The current study includes new
external factors that seem to affect the acceptance or rejection of technology, namely:
experience and motivation in addition to the aspects of usefulness and ease of use.
Our outcomes can be stated as follows. First, TAM has proven to be an effective
model on theoretical background. Second, ease of use, perceived usefulness and per-
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ceived ease of use have a positive impact on the acceptance of the technology. Conse-
quently, educators and professors should urge their students to use technology. This
implies that GT technology may work as a facilitator in implementing students’ as-
signments and tasks. Likewise, technology developer should work hard to upgrade
students’ need in the future. These outcomes seem to go in line with the previous
studies where they presumed that machine translation affects both the Perceived Ease
of Use and Perceived Usefulness. Accordingly, the general belief is that Perceived
Ease of Use may have a major impact on the intention to use MT [12].

Overall, the results show that motivation and experience are positively related to Bl
and PEOU and that PEOU and PU influence the intention to use GT (confirming our
adapted TAM as a relevant theory). Three influential findings rise up as part of the
results. First, the usage of GT has been increased recently and this builds up a high
level of awareness among students and researchers to use it. These assumptions have
been supported by previous research, such as [59] and [60]. The results indicate that
Perceived Ease of Use and Perceived Usefulness are significant predictors of Behav-
ioral Intention. These findings are in line with the previous studies, such as [1] and
[61]. Furthermore, Perceived Usefulness is proved to be a stronger predictor as Per-
ceived Ease of Use for Behavioral Intention. However, some studies on machine
translation seem to reject using showing preferences in favor of prohibiting the use of
MT in the classroom because it is ineffective [8]. A similar attitude is given by [9],
who finds that there is a tendency to use online MT than using other free online re-
sources.

The relation between the variable of usefulness in the TAM model and experience
sheds the light on another important outcome. Experience can be measured more
successfully when it is connected with usefulness. Increased usefulness encourages
users to get more experience. Thus, they accept the technology and reach the satisfac-
tion level. The result seems to agree with the previous study where they argue that the
perceived usefulness is considered a concrete concept that can be measured in re-
search, whereas experience tends to be more abstract and difficult to be interpreted
[8]. Therefore, usefulness utility and functionality are important factors that support
experience (See also [66]).

The conclusion that we can draw is that both usability and user experience affect
tremendously users’ judgments in accepting technology. We can argue that the focus
on the factor of experience individually without taking into consideration the im-
portance of usability, usefulness and functionality will lack crucial elements in meas-
uring users’ acceptance. The current study has also considered the relation between
motivation and TAM. The outcomes of this study seem to be in line with previous
studies by [63] and [64]. Similarly, the positive results that have been obtained con-
cerning the positive role of motivation seem to agree with the previous studies, [65]
and [66].

The final factor is culture where BI affects the three EXPs significantly. As it is
shown, the results confirm that three groups of EXPs have almost the same percep-
tions in terms of GT acceptance. Furthermore, the results show two important similar-
ities between the three RXP groups: (1) the strongest path of influence is BI which
includes both PEOU and PU (See also [71]), and (2) PEOU are affected significantly
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by motivation. These results usually support the final assumption that users tend to
share the same attitudes, regardless of their own native language and the intended
target language. Accordingly, we can sum-up that culture has a strong impact on us-
ers’ perceptions of GT. This seems to agree with the existing literature. One study
suggests that culture should be taken into consideration in measuring technology
acceptance [27]. Consequently, culture is not an independent factor but rather it
should be connected to other variables, such as willingness, attitude, readiness and
perceptions. That is why it is a crucial factor [72].

6.2  Implications

From a theoretical perspective, the present study focused on the importance of pro-
posing a technology acceptance model to measure Google Translate acceptance in the
UAE. It is considered a fundamental model to examine the acceptance of technology
from the user perspective. This study also integrates two important aspects of tech-
nology which are experience and motivation in the technology acceptance model to
have an inclusive awareness of technology acceptance. The impact of different cultur-
al background in technology has been tackled previously by other researchers, such as
[8], [67], [69], and [70]. However, the impacts of native language difference among a
group of users, who share the same native language and the target language variations
as far as Google Translate usage, have not been considered. Thus, the present study
extends the technology acceptance model by including influential dimensions of tech-
nology acceptance by involving three different groups. They have different native
languages; thus, their translation needs are different within the source and target lan-
guage. The variations of language background among users, who live the UAE, have
been ignored by other studies. In summary, the present study contributes to the litera-
ture by developing an extended technology acceptance model considering the impacts
of variations in native languages at the individual level.

6.3  Practical implications

Based on the findings of the present study, it seems that users’ perceived usefulness
on their intention to use GT is extremely important to develop the GT software to
meet the needs of users from different background cultures, as far as Experience and
Motivation is concerned. To start with the former, Experience is intended to be a
strong factor in the current study. Besides, Experience is considered an influential
predictor of Perceived Usefulness. The great the experience is, the higher the percep-
tion. As for the latter, students’ motivation towards using technology is affected by
the Perceived Ease of Use. At the same time, it seems that motivation has affected the
experience in a reciprocal manner where motivation could assist experience and vice
versa. This type of circular relationship helps all educators and students to focus on
the pedagogical aspects of motivation in creating a better learning environment. Fo-
cusing on the immediate accessibility of GT anywhere and anytime could provide
good opportunities for learning and assist students’ motivation.
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6.4  Limitation and future research

This study is limited to the application of model acceptance to a short snapshot to a
group of individual in the UAE. Future studies can focus on longitudinal studies
where usability, utility and ease of use can be assessed differently over a long period
of time. Furthermore, this study focuses on UAE minority group, thus, future study
should be applicable to similar Gulf area, such as Saudi Arabia, or even in Europe
where there are more variations among group of users. Furthermore, this study has
been implemented at two universities in the UAE. The applicability and pertinence of
this study would have enhanced, whenever more institutes and universities in the
UAE are considered.
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