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Abstract:This study applied partial least squares (PLS) path modeling for quantifying and
identifying the determinants of job seekers’ acceptance and use of employment websites
(EWs) by using an aggregate model that applied task-technology fit (TTF), consumer
acceptance and use of information technology (UTAUT2). We propose that the most
crucial constructs explaining EW adoption are habit, behavioral intention, performance
expectancy, and facilitating conditions. This study verified that a job seeker’s habits were
a major predictor of intention and usage of EWs involving web-based technology and
occasional usage. Thus, when job seekers perceive that their task is to fit the technology,
they recognize the value of using the technology and use it habitually.
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1. Introduction
Employment websites (EWs) are considered the most popular websites for online
recruitment (Nikolaou, 2014). The extensiveness, efficacy, and employment rates (Kim,
Chun, Kwak, & Nam, 2014) of EWs are substantially higher than the other e-recruiting
websites. Prior studies that have identified a common key determinant: performance
expectancy (PE) that influence the use of EWs are limited (Laumer, Eckhardt, & Trunk, 2010;
Lin, 2010; Tong, 2009).
The aim of the present study was to provide a comprehensive insight into the decision
factors affecting the adoption of EWs. We established the direct effects of beliefs, affects,
and technology characteristics (TECs) on EW adoption behavior by developing a research
model that integrates the task-technology fit (TTF) model (Goodhue & Thompson, 1995),
consumer acceptance and use of information technology (UTAUT2) (Venkatesh, Thong, &
Xu, 2012). We propose the latest acceptance and use of technology model, the UTAUT2, to
examine EWs in the consumer technology acceptance context.

2. Research questions and hypotheses
2.1 TTF
The TTF model was developed by Goodhue and Thompson (1995) and is a reduced
model that is based on the technology-to-performance chain (TPC), which Goodhue and
Thompson (1995) derived from the theory of cognitive fit. They defined TTF as “the degree
to which a technology assists an individual in her or his portfolio of tasks” (p. 216).
Job searching is not a routine daily task, and a job offer or receipt requires that the
conditions of both the recruiter and candidate match, rather than a unilateral decision to
engage in an employment relationship. These aspects meet the nonroutineness and
interdependence requirements of the task characteristics (TASs) of TTF. Job searching was
measured using Blau’s 12 behavioral items scale (Blau, 1994).
The information systems (ISs) used by each respondent and the respective departments
of the respondents were the two dimensions of TECs (Goodhue and Thompson, 1995). The
main technical features leading to useful EWs that have been proposed by different
researchers include the number of vacancies, matching productivity, search ability, resume
production, and resume remanufacturing (Brenčič, 2014; Brenčič & Norris, 2009; Jansen,
Jansen, & Spink, 2005; Selden & Orenstein, 2011). Therefore, the hypotheses are as follows:
H1: TASs positively affect the perceived TTF in EWs.
H2: TECs positively affect the perceived TTF in EWs.
Dishaw and Strong (1999) integrated TTF with the technology acceptance model (TAM),
and because TTF assesses functionality and the TAM assesses attitude, the two can be
merged to provide a more comprehensive understanding. The UTAUT2 model is the
extension of the TAM and incorporates the consumer’s personal traits (Venkatesh et al.,
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2012); through a combination of TTF and the UTAUT2, the cognitive factors reported from
investigations involving EWs can provide new information.
TTF is a streamlined model derived from the TPC model (Goodhue & Thompson, 1995,
p. 217). Except for the direct impact of TTF on performance, the impact of TTF on use in
the TPC is indicated through the link between TTF and beliefs concerning the consequences
of using a system. The antecedents of use are derived from other theories relating to attitudes
(beliefs or affects) and behavior. The precursors of use (e.g., the consequences of use, affect
toward use, social norms, habits (HBs), and FCs) lead to a person’s decision whether to use
ISs in the TPC model. In the present study, the PE, effort expectancy (EE), SI, FCs, hedonic
motivation (HM), HB, and all the precursors of behavioral intention (BI) and use behavior
(UB) in the UTAUT2 model were therefore hypothesized to be the precursors of use in our
proposed research model (the Figure 1). Accordingly, the hypotheses are as follows:
H3: Perceived TTF positively affects the PE in EWs.
H4a: Perceived TTF positively affects the EE in EWs.
H4b: Perceived TTF positively affects the SI in EWs.
H4c: Perceived TTF positively affects the FCs in EWs.
H4d: Perceived TTF positively affects the HM in EWs.
H4e: Perceived TTF positively affects the HB in EWs.
Additionally, EWs are consumer-oriented ISs (Maurer & Liu, 2007), and most job
seekers are registered as members in EWs free of charge (Lin, 2010); therefore, the present
study omitted the antecedent of BI and “price value” in the UTAUT2 model.
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2.2 UTAUT2
Venkatesh et al. (2003) proposed a UTAUT model that was compiled from eight models and
theories that presents a more comprehensive understanding of the acceptance process compared
with any previous individual models. These eight models and theories are the theory of reasoned
action, TAM, motivation model, theory of planned behavior (TPB), combined-TAM–TPB, model
of personal computer utilization, innovation diffusion theory, and social cognitive theory. The
UTAUT states that there are three direct determinants of intention to use (PE, EE, and SI) and
two direct determinants of UB (intention and FCs). Although the UTAUT provides an excellent
and detailed model for acceptance and use of technology, it has some limitations (Negahban &
Chung, 2014, p.76). Venkatesh et al. (2012) therefore developed the UTAUT2 and added HM,
price value, and HB to explain the model of acceptance and use of consumer technology and
adjust it to the consumer technology acceptance context. The UTAUT2 incorporates three
additional key constructs, positing that HM, price value, and HB also affect BI and UB directly
or indirectly.
PE is the degree to which a person believes that using a system will help him or her to improve
their job performance (Venkatesh et al., 2003). E-recruiting can help job seekers to shorten job
search durations, reduce waiting time costs, and achieve transfers more quickly (Maurer & Liu,
2007). Therefore, the present paper posits the following:
H5: The impact of PE on BI is positive in EWs.
EE is defined as the degree of ease associated with the use of a system (Venkatesh et al.,
2003), which involves the “perceived ease of use,” “complexity,” and “simplicity” concepts. EWs
in which the postings are presented in the form of a list, and in which access to the postings is
easy and cheap, improve users’ perception of usefulness (Brenčič, 2014). Therefore, we
hypothesize the following:
H6: The impact of EE on BI is positive in EWs.
The SI of this study is defined as the degree to which a person perceives that crucial people
believe that he or she should use EWs (Venkatesh et al., 2003). The effects of SI on usage
intentions have significantly influenced studies in past decades (Venkatesh & Davis, 2000).
Therefore, job seekers who wish to conform to the expectations of crucial people anticipate
receiving and using EWs. Therefore, we hypothesize the following:
H7: The impact of SI on BI is positive in EWs.
The FCs in the present paper are defined as the degree to which a person believes that an
organizational and technological infrastructure exists to support the use of EWs (Venkatesh et al.,
2003). A previous study indicated that FCs relating to the intention of younger students to use
EWs exert a significant, positive impact on intention to use EWs (Laumer et al., 2010). Therefore,
we hypothesize the following:
H8a: The impact of FCs on BI is positive in EWs.
H8b: The impact of FCs on UB is positive in EWs.
HM is defined as the fun or pleasure derived from using technology, and it has been shown
to play a critical role in determining consumer technology acceptance and use (Brown &
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Venkatesh, 2005). Empirical studies on HM have indicated that it is a particularly critical
motivator for current consumers regarding technology acceptance and use (Brown, Venkatesh, &
Hoehle, 2015; Venkatesh et al., 2012). Therefore, we hypothesize the following:
H9: The impact of HM on BI is positive in EWs.
HB is defined as the extent to which people tend to perform behavior automatically because
of learning (Limayem, Hirt, & Cheung, 2007), whereas Kim and Malhotra (2005) equate HB with
automaticity. In IS studies, such HB (conceptualized as sticky) has been found to directly
influence technology acceptance and use (e.g., Baptista & Oliveira, 2015; Venkatesh & Agarwal,
2006; Venkatesh et al., 2012). Therefore, we hypothesize the following:
H10a: The impact of HB on BI is positive in EWs.
H10b: The impact of HB on UB is positive in EWs.
This is consistent with all the models that draw on psychological theories, which argue that
individual behavior is predictable and influenced by individual intention (Yu, 2012). UTAUT and
UTAUT2 empirical findings support that BI substantially influences technology use (e.g.,
Baptista & Oliveira, 2015; Venkatesh et al., 2003; Venkatesh et al., 2012). Therefore, we
hypothesize the following:
H11: The impact of BI on UB is positive in EWs.

Figure 1. Proposed research model.

2 of 25

192 Aggregated model of ttf with utaut2 in an employment website context

3. METHODS
3.1 Study content and sample
A survey method was constructed and validated before use to test the research model and its
hypotheses. Initially, a questionnaire pretest was conducted using 50 volunteers who had
experience using EWs. Respondents were asked to assess logical consistencies, the sequence of
items, and the questionnaire format. The participants in the survey were job seekers with EW
experience in employment services who were offered by five public employment centers located
in Taiwan. The data were collected over a 3-month period in 2015, during which 1,250 job seekers
were randomly assigned to complete a paper-and-pencil questionnaire. Of the 962 questionnaires
eventually collected, 77 were incomplete. Therefore, only 885 questionnaires were analyzed.
Participation in the survey was anonymous and voluntary. Anonymity and confidentiality ensured
that participants’ responses to a paper-based survey would not affect the selection decisions. The
survey questionnaire was translated from English to Chinese and was checked by a second author
who is fluent in both English and Chinese; back translation was also employed. The questionnaire
covered demographics and general information, resulting in a total of 40 items. Demographic
information on the respondents is provided in Table 1.
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Table 1. Demographic characteristics of respondents (n = 885)

Demographic characteristics

Frequency

%

Gender
Female

447

51

Male

438

49

Employed

457

52

Unemployed

428

48

15~20

48

5

21~30

324

37

31~40

269

30

41~45

112

13

46~55

121

14

56~65

11

1

Junior high school or below

23

3

High school

181

20

Junior college

153

17

University

427

48

Graduate school or above

101

11

1~N / day

391

44

1~5 / week

289

32

1~3 / 1-month

80

9

1 / 2-month

15

2

1 / 3-month

51

6

1 / over 3-month

59

7

Only 1 private EW

163

18

2~N private EWs

328

37

Only 1~N public EWs

17

2

2~N private or public EWs

377

43

Whether the employment

Age

Education

Search intensity

Number of Employment Websites used
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3.2 Measures of Research Variables
The questionnaire consisted of 34 Likert-type items (ranging from 1 = strongly disagree to 7
= strongly agree) to measure the constructs in the research model, as derived from the literature.
TASs were measured according to four items, which were originally adopted by Blau (1994).
TECs were measured according to four items (number of vacancies, matching productivity, search
ability, resume production, and resume remanufacturing), which were adopted from the main
technical features of EWs proposed by prior studies (Brenčič, 2014; Brenčič & Norris, 2009;
Jansen et al., 2005; Selden & Orenstein, 2011). We categorized TASs and TECs as formative
constructs because they were described and defined according to four items to avoid committing
a type I measurement perspective error (Diamantopoulos & Siguaw, 2006). TTF was evaluated
using a three-item scale taken from Lu and Yang (2014).
The measurement items for PE, EE, SI, FCs, HM, HB, BI, and UB were adopted from
Venkatesh et al., (2012). PE was assessed using the same three-item scale used by Venkatesh et
al. (2012). Likewise, EE was measured according to four items, SI was measured according to
three items, HM was measured according to three items, HB was measured according to three
items, BI was measured according to three items, and FCs were measured according to three items.
Minor wording modifications were made according to e-recruitment service content. UB was
measured according to a single item aggregated from a previous study’s questionnaire item,
“Choose your usage frequency for using the employment websites.” The UB construct
measurement was sufficiently narrow or unambiguous to the respondent and a single item being
"unambiguous" and "concrete" (Bergkvist, 2015). Therefore, a single-item questionnaire can be
as effective as a multi-item scale, and the reliability of Cronbach’s α of UB is both unknown and
unknowable.

4. RESULTS
Partial least squares (PLS) regression may overcome the collinearity problem, it requires less
computation and reaches its minimal mean square error with a smaller number of factors (Polat
& Gunay, 2015). Meanwhile PLS path modeling was applied for confirmatory factor analysis
because it is sufficient for a model with both reflective and formative constructs (Lu & Yang,
2014, p. 328).
We first analyzed the measurement model to evaluate its reliability and validity; we then used
SmartPLS 2.0 to perform path analysis and test the research hypotheses. The means, standard
deviation, and correlations among constructs are displayed in Table 2.
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Table 2. Means, standard deviation, correlations, and AVE of constructs

Construct

1.TASs 2.TECs 3.TTF 4.PE 5.EE 6.SI 7.FCs 8.HM 9.HB 10.BI

Mean

5.85

4.96

4.87

4.90

5.30

4.75

5.43

4.67

5.26

5.43

SD

1.48

1.51

1.50

1.49

1.33

1.53

1.41

1.58

1.56

1.53

AVE

--- a

---

0.82

0.89

0.8

0.9

0.72

0.85

0.84

0.83

1.TASs

N/A

2.TECs

0.52

N/A

3.TTF

0.53

0.77

0.91 b

4.PE

0.50

0.74

0.78

0.94

5.EE

0.57

0.62

0.63

0.61

0.89

6.SI

0.46

0.58

0.57

0.60

0.58

0.95

7.FCs

0.45

0.55

0.52

0.51

0.65

0.56

0.85

8.HM

0.39

0.57

0.62

0.60

0.61

0.65

0.60

0.92

9.HB

0.55

0.59

0.63

0.71

0.64

0.66

0.61

0.62

0.92

10.BI

0.55

0.61

0.66

0.73

0.65

0.62

0.66

0.61

0.78

0.91

a

Notes: Assessing construct validity in terms of convergent and discriminant validity is not meaningful for
formative constructs (Hair, Hult, Ringle, & Sarstedt, 2013).
b
Diagonals (bold) represent the square root of the AVE between the constructs. Other entries
represent the correlation among constructs.

4.1 Assessing Validity and Reliability
Table 3 provides the results of factor loading, Cronbach’s α, composite reliability, and
average variance extracted (AVE) from the constructs. The internal reliability of the measurement
model was tested using Cronbach’s α. As shown in Table 3, all of the Cronbach’s α values ranged
from 0.80 to 0.94, which were higher than the minimum cutoff score of 0.70 (Nunnally, 1978).
The convergent validity of constructs was assessed by examining the factor loadings of each item
as well as the composite reliabilities and variances extracted from latent constructs. First, the
standardized factor loadings were significant (p < .001) and exceeded the recommended level of
0.70 (Chin, 1998). Second, the composite reliabilities, which indicate the internal consistency of
the measurement model, ranged from 0.88 to 0.96, exceeding the recommended cutoff level of
0.80 (Fornell & Larcker, 1981). Third, the AVE ranged from 0.72 to 0.90, exceeding the threshold
value of 0.50 (Fornell & Larcker, 1981).
The discriminant validity of the measurement model was examined by comparing the
correlation between constructs and square root of AVE for each construct (Fornell & Larcker,
1981). Table 2 indicates that the correlation of each construct was lower than the square root of
AVE, confirming that the constructs exhibited discriminant validity. In summary, the
measurement model exhibited adequate reliability as well as both convergent and discriminant
validity.
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Table 3. Results of confirmatory factor analysis for the measurement model

Constructs

Items

Factor

Cronbach’s

Composite

Variance

loading

alpha

reliability

extracted

N/A

N/A

N/A

N/A

N/A

N/A

0.89

0.93

0.82

0.94

0.96

0.89

0.92

0.94

0.80

0.94

0.96

0.90

0.80

0.88

0.72

0.92

0.95

0.85

tas1

0.81

Task

tas2

0.79

Characteristics(TASs)

tas3

0.79

tas4

0.89

tec1

0.86

Technology

tec2

0.73

Characteristics(TECs)

tec3

0.85

tec4

0.81

ttf1

0.91

ttf2

0.93

ttf3

0.88

pe1

0.93

pe2

0.95

pe3

0.94

ee1

0.90

Effort

ee2

0.91

Expectancy(EE)

ee3

0.92

ee4

0.86

si1

0.93

si2

0.96

si3

0.95

fc1

0.86

fc2

0.89

fc3

0.78

hm1

0.94

hm2

0.92

hm3

0.91

Task-Technology
Fit(TTF)
Performance
Expectancy(PE)

Social Influence(SI)

Facilitating
Conditions(FCs)
Hedonic
Motivation(HM)
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Habit(HB)

Behavioral
Intention(BI)

hb1

0.93

hb2

0.89

hb3

0.93

bi1

0.92

bi2

0.95

bi3

0.86

0.90

0.94

0.84

0.90

0.94

0.83

Note: TASs and TECs are formative constructs; thus, their values are not available (N/A).

4.2 Structural Model and Hypothesis Testing
The SmartPLS 2.0 analysis of hypothesis and construct relationships was based on the
examination of standardized paths. The path significance levels were estimated through the
bootstrap resampling method with 500 iterations suggested by Goodhue, Lewis, and Thompson
(2007). The results are summarized in Figure 2. For the overall model fit of PLS path modeling,
a goodness-of-fit was suggested (Tenenhaus, Vinzi, Chatelin, & Lauro, 2005), which was defined
as the geometric mean of the average communality and the average R2 (for endogenous
constructs). The observed GoF was 0.68, which exceeded the large effect sizes criterion of 0.36
(Wetzels, Odekerken-Schröder, & van Oppen, 2009, p. 187).

Figure 2. Results of SmartPLS 2.0 path analysis (Hypotheses in bold were supported
and *** represent p < .001).
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Except for the hypothesized path between EE and BI (H6), SI and BI (H7), FCs and UB
(H8b), and HM and BI (H9), all the other paths in the model were significant (p < .001) in the
anticipated direction.
In the final stage of analysis, we conducted a Harman’s single factor test to assess the degree
to which common method variance (CMV) may inflate or attenuate the observed correlations
between measures. Following Podsakoff and Organ’s (1986) recommendation, we forced all the
study variables into a factor analysis to determine whether a single factor can account for all the
variance in the data and whether the subsequent model would fit the data. Results of the unrotated
factor solution indicated that CMV was not a major concern in our data, because the single factor
model did not fit the data well.

5. DISCUSSION
The theoretical model presented is unique because it synergistically combines TTF and
UTAUT2 in evaluating the decision to adopt EWs. The interpretation of the results based on the
empirical findings is discussed further in the subsequent sections.

5.1 Task-Technology Fit
Despite the fact that job searching on EWs is a relatively general concept in Taiwan and
people are fully aware of the various job searching tasks that can be conducted through this service,
industrious EWs have continuously developed friendly search interfaces with pooled, valued job
postings in the past 20 years through third-party e-recruiting providers to improve their future
when they are confronted with tough competition from social networking websites. This explains
the limited effect of TASs on TTF, compared with the TECs. However, EWs are gaining
recognition as a useful job searching service, and the research model in this study explained 70%
of the variation in TTF. This is consistent with results from similar studies (Oliveira, Faria,
Thomas, & Popovič, 2014).
Additionally, according to the TPC, we reproduced the relationship between TTF and the
precursors (beliefs or affect) of use. Our empirical findings support the assumption that TTF
strongly influences the precursors (PE, EE, SI, FCs, HM, and HB) of use.

5.2 UTAUT2
The results of our study also indicated that the UTAUT2 model obtained improved
explanation power over the UTAUT model displayed in Figure 2. This is consistent with the
comparison results of a 7-TAMs (including UTAUT and UTAUT2 models) study (RondanCataluña, Arenas-Gaitán, & Ramírez-Correa, 2015).
PE and its related construct “perceived usefulness” have been significant in most studies
performed using the UTAUT or UTAUT2 models (e.g., Baptista & Oliveira, 2015; Oliveira et al.,
2014; Pascual-Miguel, Agudo-Peregrina, & Chaparro-Peláez, 2015) or any related models
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involving online recruitment (Laumer et al., 2010; Lin, 2010; Tong, 2009). Our study also
revealed that PE is a significant antecedent for adopting an EW. Our results indicated the differing
characteristics (regardless of gender, age, level of education, search intensity, and number of EW
used) of job seekers who can expect to increase their chances of attaining jobs more easily and
quickly.
The insignificance of EE in our study differs from the results of other IS adoption studies
(Venkatesh et al., 2003; Venkatesh et al., 2012), which have determined that EE or ease of use is
a significant antecedent of intention to use a daily IS. However, EWs are only used when a person
applies for a job, as suggested by relevant studies (Laumer et al., 2010; Tong, 2009). The findings
of this study also confirm that EE exhibits an insignificant effect on BI to use EWs.
However, the relationship between SI and BI was determined to be insignificant. Several
prior studies have indicated the relationship between SI and BI to be inconsistent and weak (e.g.,
Baptista & Oliveira, 2015; Laumer et al., 2010; Oliveira et al., 2014), which is further supported
by the current study. This might lead to a conclusion that involves individual task-specific selfesteem or financial need (Blau, 1994), thereby influencing job seekers not to disclose
unemployment anxiety, influence people, or adopt their opinions.
The infrastructure support for using a system (FCs) is another critical antecedent of erecruiting system adoption, as in the UTAUT (Venkatesh et al., 2003) and UTAUT2 (Venkatesh
et al., 2012). FCs were observed to significantly affect BI, but not significantly affect UB. This is
similar to what has been reported by earlier studies (Baptista & Oliveira, 2015), but also
contradicts the results of other studies (Oliveira et al., 2014; Yu, 2012). We believe that people in
Taiwan do not expect to use EWs even if they are effective and have the organizational and
technical infrastructure support to help them use job searching services; people in Taiwan
therefore do not consider EWs to be very crucial.
Our results do not reveal any effects of HM on BI. This is consistent with what was reported
in an earlier study (Arenas-Gaitán, Peral-Peral, & Ramón-Jerónimo, 2015), but contradicts the
results of other studies (Baptista & Oliveira., 2015; Pascual-Miguel et al., 2015). In job seeker
contexts, unlike consumer contexts, users are unhappy or incompetent at their old jobs or are
searching for employment, and may also be facing unemployment without financial security. We
believe that HM cannot dominate job seeker adoption decisions.
HB was determined to be the most significant antecedent of BI and UB in EWs. Earlier
studies have reported HB to be a major predictor of intention (Venkatesh & Agarwal, 2006). Our
research model validates the relationships among HB, BI, and UB, which is consistent with an
earlier study (Baptista & Oliveira, 2015). Therefore, we believe that stronger HB generates a
stored intention and subsequently influences behavior.
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6. CONCLUSION
The present study quantified and identified determinants of job seekers’ acceptance and use
of EWs by using an aggregate model that applied TTF and UTAUT2 theory. The present study
revealed that the most crucial constructs explaining EW adoption are HB, BI, PE, and FCs.
In addition to PE and FCs, which are considered major predictors of intention to use EWs, a
substantial contribution of this study was that job seekers’ HB was also verified to be a major
predictor of intention and usage in EWs involving web-based technology and occasional usage.
Thus, the past behavior of job seekers exerts a substantial effect on their assessment of whether
to continue the behavior in the future. The application of TTF and the inclusion of individual
characteristics is a critical juncture in understanding the use of EWs. When job seekers perceive
their task (searching the posts online) to fit the technology (EWs), they recognize the value of
using the technology and use it habitually. This indicates that achieving greater EW adoption
requires improving the TTF between the job searching task and EW technology
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