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ABSTRACT 

Identifying and quantifying the drivers for adopting blockchain 

technologies are important for developing effective launch plan. 

Technology Acceptance Model (TAM) and its derivatives have 

been used for this purpose. However, some of these models only 

use a few standardized, predetermined independent variables to 

collectively represent the drivers. Low predictive power of TAM 

leads to questions on whether this restriction may detrimentally 

constrain the exploration of other driving factors. Some other 

extended models with higher R2 are considered impractical and 

lack of theoretical foundations. This paper demonstrates that 

reasonable predictive power can be achieved even with simple, 

practically implementable model when research targets are 

sampled and segmented properly. By employing a more 

fundamental theory, this study has also included additional 

variable that would normally not be considered in TAM.  
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1. INTRODUCTION 

Numerous researchers and consultants have analyzed and 

predicted the path of blockchain technology adoption based on 

technical advantages and values. Business strategies are hence 

derived [1-6]. However, fewer works have been done to 

understand the adoption from user behavior perspectives.  Among 

the available studies, most of them use Technology Acceptance 

Model (TAM) to investigate the adoption behavior [7-9]. While 

TAM has been widely used for analyzing technology adoption, its 

predictive power has also been widely criticized [10-19]. To 

improve predictive power, extensions of TAM such as Unified 

Theory of Acceptance and Use of Technology (UTAUT) have 

been proposed [20]. These models give higher R2 but being 

challenged for artificially introducing numerous moderators to 

achieve the results [21,22]. The excessive number of variables 

would also make UTAUT impractical for real-life researches. 

This study briefly examines the cause of apparent low R2 in TAM 

and, by properly defining scope and sampling, demonstrates that 

reasonably high R2 can be achieved with simple and 

implementable model under practical business environment. 

 

2. RELEVANT THEORIES 
It is a common belief that attitude towards a certain behavior 

determines the actual action to perform or not perform that 

behavior. Theory of Reasoned Action (TRA) points out that 

human performing a particular behavior is influenced not only by 

his or her attitude towards that behavior, but also a subjective 

norm about that behavior [23]. Subjective norm refers to the 

subject’s belief of what other relevant people think about the 

behavior. The theory explains many apparently inconsistent 

behaviors found in social science research [24]. As a further 

refinement, the Theory of Planned Behavior (TPB) has been 

developed to account for the subject’s volition control. This is 

achieved by adding a component known as perceived behavioral 

control to TRA [25, 26]. 

The importance of TRA / TPB is that effect or strength of 

each driver for a particular behavior can be verified and 

quantified. This would be very useful for understanding barriers to 

a desirable behavior, and hence developing appropriate strategies 

to encourage it. Quit smoking, avoid drug use, treat illicit alcohol 

consumption are well-known applications of TRA / TPB in health 

sector [27-29]. In early smoking cessation campaigns, health 

hazards were emphasized. However, effectiveness was low. By 

using TPB, researchers identified that many smokers already had 

very high awareness about these negative health impacts and 

wanted to quit (i.e. a positive attitude towards quit smoking), but 

would not able to control their own behavior to stop smoking due 

to influences of subjective norm (e.g. what would their smoking 

friends think if he or she quit) and perceived behavioral control 

(e.g. low self-efficacy). Surprisingly, the behavior of “attempt to 

quit smoking” correlates much heavier to subjective norm and 

perceived behavioral control than to attitude [27, 30]. With these 

discoveries, later campaigns put more attentions to change 

subjective norm (e.g. emphasize supports from family and friends) 

and enhance perceived behavioral control (e.g. reinforce self-

confidence), and subsequently achieved better results [27, 30]. 
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The theory is equally applicable to behavioral investigation in 

technology sector. Adoption of energy services company in heavy 

industry, for example, has been analyzed and policy 

recommendations have been made accordingly [31].  

Derived from TRA, Technology Acceptance Model (TAM) 

assumes the perceived usefulness of a technology and perceived 

ease of use can predict the actual use via attitude towards using 

[32]. This assumption is questionable because the connection 

between attitude towards using a technology and the actual use 

can be affected by factors not controllable by the potential user. If 

the user cannot make the final decision to adopt a certain 

technology, his attitude towards using this technology is 

obviously not a reliable predictor of adoption. In fact, researchers 

have pointed out that while TAM may reasonably predict user’s 

intention, predictive power for actual use is low [10-19]. Effect of 

decision autonomy is illustrated in Section V. 

A further problem is the effects of subjective norm in TRA 

model had been ignored in early TAM, although the construct has 

been added back in later versions of TAM [33]. It is worth 

pointing out that TRA concerns about decision of an individual 

and, as discussed above, subjective norm has an important role in 

many cases. Without this construct, it is expected that the model’s 

predictive power will be reduced. This inference is consistent with 

most observations in [10-19]. 

To account for user’s inability to make final adoption 

decision, moderators are introduced [20,33]. However, this 

approach has been criticized for being artificially increasing the 

R2 without solid theoretical foundation [22]. Furthermore, adding 

numerous variables to the model has made it rather impractical in 

many real-life business settings. 

As an alternative, the perceived behavioral control construct 

in TPB could possibly account for user’s inability to make final 

adoption decision. Some studies [34-36] compared the predictive 

power of TPB and TAM on actual use but results are not 

conclusive.  

To provide reliable insights for business strategy 

development, user’s inability to make final adoption decision 

must be accounted. On the other hand, model construction must 

be based on researches that can be practically implemented under 

real-life business constraints. As discussed in Section IV, this 

study collects data from seminar participants and therefore, in the 

interest of time, only modest number of Likert scale questions are 

asked. Instead of introducing moderators to improve R2, an early 

segmentation is applied, followed by analyses that include some 

and all of the segments.  

In this paper, adoption of blockchain technologies among 

small and medium size enterprises (SME) in Hong Kong is 

analyzed. Data was collected via questionnaire and has been 

segmented by the respondent’s industry, company revenue, and 

ability to make decision for blockchain technology adoption.  

Through segmentation, user’s ability/inability to make final 

adoption decision has been accounted and the initial model is built 

based on responses from those decision makers. Details are 

explained in section IV. 

Given the issue of decision making has been addressed, simple 

TRA model is chosen for model development under practical data 

collection restrictions.  

 

3. THE MODEL 

3.1 Model Construction 
A proposed TRA model is shown in Figure 1. 

In this model, three constructs drive the behavior of blockchain 

technology adoption. They are: 

USF = perceived usefulness 

EOU = perceived ease of use 

TRD = perceived trend 

 

Other constructs, as defined in standard TRA, are: 

ATT = attitude towards adoption 

NOR = subjective norm of adoption 

INT = behavioral intention to adopt 

BHV = behavior to adopt 

 

 

Figure 1. TRA model for blockchain technology adoption 

 

 

3.2 Model Validation 
Based on the model structure, mediation analysis is used to 

validate the model. Hypotheses in Table 1 are being verified. 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 1.   Hypotheses for TRA blockchain adoption model 

 

 

To obtain numerical values for validation, these constructs are 

measured via 20 variables listed in Table 2. Each variable is 

corresponding to a question on the questionnaire designed for this 

research. Respondents provide their answers by indicating 

whether they Strongly Agree (score=5), Agree (score=4), being 

Neutral (score=3), Disagree (score=2), or Strongly Disagree 

(score=1) to the statement of the question. Numerical averages of 

variables associated with each construct would be, subjected to 

Cronbach’s Alpha test, used to represent the respondent’s view 

about that construct. 

 

 
Table 2.   Variables / questions for measuring the constructs 

Construct Variable Description 

USF USF_1 In our business, some process 
improvements CANNOT be made 
without blockchain technologies. 

USF_2 

 

Adopting blockchain technologies 
will enable our company to offer new 
products / services that CANNOT be 
provided in the past. 

USF_3 

 

Blockchain technologies can provide 
a justifiable return on investment in a 
reasonable period of time. 

USF_4 

 

In our sector, companies who have 
implemented blockchain technologies 
have gained competitive advantages. 

EOU EOU_1 Blockchain technologies are safe and 
reliable. 

EOU_2 For our business, there is no major 
operational barrier for adopting 
blockchain technologies. 

EOU_3 Our employees can quickly cope with 
changes due to deploying blockchain 
technologies. 

EOU_4 If needed, external implementation 
consultants are readily available at a 
reasonable fee. 

TRD TRD_1 At a regional / country level, 
authorities are encouraging 
companies to adopt blockchain 
technologies. 

TRD_2 Adopting blockchain technologies is 
becoming a trend in many business 
sectors. 

TRD_3 More companies in OUR sector will 
adopt blockchain technologies in the 
NEAR future. 

NOR NOR_1 Our customers would expect our 
company to use blockchain 
technologies. 

NOR_2 Our suppliers would expect our 
company to use blockchain 
technologies. 

NOR_3 Our employees would expect our 
company to use blockchain 
technologies. 

ATT ATT_1 Blockchain technologies can improve 
our operation 

ATT_2 In an overall sense, blockchain 
technologies are good for our 
company. 

INT INT_1 I believe our company should 
implement blockchain technologies in 
NEAR future. 

INT_2 I am actively cultivating agreement 
among other relevant members in the 
company to adopt blockchain 
technologies. 

BHV BHV_1 We are working out / already have a 
implementing plan with budget for 
blockchain technologies. 

BHV_2 We have spent / scheduled to spend 
remarkably on implementing 
blockchain technologies. 

 

Upon finishing data collection, the following analyses are 
performed in order to formally validate the model: 

(i)  Cronbach’s Alpha – to verify if using numerical average 
of the variables to represent the construct is vital. 

(ii)  Correlation and Discriminant Validity – to verify the 
theoretically uncorrelated constructs are actually 
uncorrelated. 

Hypothesis Description 

H1 H1a USF and INT are positively correlated. 

H1b ATT and INT are positively correlated. 

H1c The relationship between USF and INT is 

mediated by ATT. 

H2 H2a EOU and INT are positively correlated. 

H2b ATT and INT are positively correlated. 

H2c The relationship between EOU and INT is 

mediated by ATT. 

H3 H3a TRD and INT are positively correlated. 

H3b ATT and INT are positively correlated. 

H3c The relationship between TRD and INT is 

mediated by ATT. 

H4 H4a TRD and INT are positively correlated. 

H4b NOR and INT are positively correlated. 

H4c The relationship between TRD and INT is 

mediated by NOR. 

H5 H5a ATT and BHV are positively correlated. 

H5b INT and BHV are positively correlated. 

H5c The relationship between ATT and BHV is 

mediated by INT. 

H6 H6a NOR and BHV are positively correlated. 

H6b INT and BHV are positively correlated. 

H6c The relationship between NOR and BHV is 

mediated by INT. 



(iii)  Mediation Test – to verify the hypotheses in Table 1 in 
order to valid the proposed TRA model. 

(iv)  Exploratory Analyses – to explore alternative model 
structure. 

(v) Predictive Power – to illustrate changes in model 
predictive power when different segments of respondents 
are included 

 

4. DATA COLLECTION 

4.1 Tools for data collection 

 
Starting February 2019, an anonymous questionnaire designed for 

this research had been distributed to audiences of a number of 

commercial seminars on information technology for SMEs in 

Hong Kong. The survey officially closed in July 2019. There are 

23 questions on the questionnaire, with 20 questions directly 

corresponding to the variables on Table 2, and 3 questions for 

understanding the essential background of the respondent. These 

three questions are shown in Table 3. At the end of each seminar, 

a short briefing about this survey is provided. Then, the audiences 

are asked to spare about 10 minutes to fill out and return the 

questionnaire. 

 

Table 3.   Additional questions about respondent’s background 

Which of the followings best describe your business nature? 

__ Manufacturing 

__ Trading 

__ Services 

__ Retail 

__ Others 

You company's annual revenue is: 

__ Under USD 5M 

__ USD 5 - 25M 

__ USD 25-50M 

__ Over USD 50M 

Concerning about evaluating and /or investing in blockchain 
technologies, you are: 

__ the final decision maker 

__ taking major responsibilities 

__ regularly involved 

__ occasionally involved 

__ not involved 

 

While attaching survey to commercial seminars is helpful for 
securing a satisfactory respond rate, there are a few limitations that 
could affect the research quality. 

(a) Length of the questionnaire – it is impractical to request 
respondent to answer many questions under this setting. 
Spending 10 minutes is probably the threshold. For TRA 
survey, using only 20 questions to valid a general model is 
challenging [37].  

(b) Appropriateness of sample – this survey is about decision 
of adopting blockchain technologies. Not all seminar 

participants are decision makers even though they might 
have a keen interest to adopt blockchain technologies.  

(c) Size of the respondent’s company – big companies 
generally have more resources for evaluating new 
technology options and therefore could behave differently 
from smaller companies.   

(d) Timing – data collection for this research spreads over a 
period of six months in order to collect sufficient samples. 
Respondents’ views about adopting blockchain 
technologies may changed during this period of time. 

Based on these considerations, the following remedial actions are 
taken. 

(a)  The TRA model is built based on the responses from 
“final decision makers” and those who are “taking major 
responsibility” for deciding whether to adopt blockchain 
technologies (see Table 3); 

(b) In addition to (a), only include responses where 
company’s annual revenue is in the range of USD 5-50M 
(see Table 3). 

 

4.2 Result of Data Collection 

A total of 263 valid questionnaires has been collected in the 
six-month period. With the criteria set-forth in Section 4.2, 
117 responses satisfy the conditions and are being used for model 
development. In these 117 samples, 72.6% has an annual revenue 
between USD 5 to 25M, and the remaining 27.4% runs from USD 
25 to 50M. In terms of business sector, 36.8% of the respondents 
come from manufacturing, 32.5% from trading, 10.3% from 
services sector, 15.4% from retail, and 5.1% belongs to other 
sectors. Regarding respondent’s role, 34.2% claim to be final 
decision makers and 65.8% are, even though may not be the final 
decision maker, taking up major responsibilities for making 
decisions to adopt blockchain technologies.  

For the remaining 146 samples not used for model development, 
42 respondents have reported that they regularly involve in 
evaluating or investing in blockchain technologies. The rest 104 
respondents mention that they are occasionally involved. This 
information would be used for analyzing model predictive power 
in section V. 

 

5. DATA ANALYSES 
Because of small sample size, it is infeasible to separately analyze 

data by business sector, revenue, or respondent’s role. Therefore, 

the complete dataset is analyzed in a consolidated manner. 

 

5.1 Cronbach’ Alpha 
Cronbach’s Alpha test examines whether a construct can be 

vitally represented by the numerical average of the associated 

variables (i.e. respondent’s answers range from 1 to 5). A 

Cronbach’s Alpha higher than 0.7 indicate acceptable internal 

reliability [38]. For this survey, all Cronbach’s Alphas are 

satisfactory (Table 4). 

 

 

 



 
Table 4.   Cronbach’s Alpha test 

 
No. of variables No. of data α 

USF 4 117 0.815 

EOU 4 117 0.784 

TRD 3 117 0.706 

NOR 3 117 0.890 

ATT 2 117 0.763 

INT 2 117 0.830 

BHV 2 117 0.918 

 

 

5.2 Correlation and Discriminant Validity  
Examining the independence of the constructs is especially 

important for this survey due to small sample size.  In order for 

the model to be vital, one must determine whether the constructs 

are distinctive. That is, the theoretically uncorrelated constructs 

are actually uncorrelated. Researchers [39] have demonstrated that 

such discriminant validity can be claimed if 

 
 1 – r – SE > 0 (1)  

where r is the correlation coefficient 
 SE is the standard error   
 

As shown in Table 5, discriminant validity is satisfied. 

 
Table 5.   Discriminant Validity 

Construct-
pair 

Correlation 
Coefficient (r) 

Standard 
Error (SE) 

1 - r - 2*SE 

USF - EOU 0.523 0.075 0.327 

USF - TRD 0.753 0.051 0.145 

USF - NOR 0.749 0.074 0.103 

USF - ATT 0.834 0.059 0.048 

USF - INT 0.778 0.087 0.048 

USF - BHV 0.746 0.095 0.064 

EOU - TRD 0.552 0.069 0.310 

EOU - NOR 0.671 0.088 0.153 

EOU - ATT 0.555 0.095 0.255 

EOU - INT 0.701 0.100 0.099 

EOU - BHV 0.700 0.102 0.096 

TRD - NOR 0.746 0.090 0.074 

TRD - ATT 0.761 0.083 0.073 

TRD - INT 0.627 0.124 0.125 

TRD - BHV 0.554 0.134 0.178 

NOR - ATT 0.792 0.054 0.100 

NOR - INT 0.860 0.056 0.028 

NOR - BHV 0.773 0.071 0.085 

ATT - INT 0.783 0.072 0.073 

ATT - BHV 0.680 0.086 0.148 

INT - BHV 0.864 0.048 0.040 

 

5.3 Mediation Test  
Mediation test (Figure 2) verifies each proposed relation in the 

model via testing the hypotheses in Table 1. 

 

 

Figure 2.    Mediation test 

 

Mediation effect exists when the following three conditions are 
met [40, 41]:  

 

(i) The independent variable significantly predicts the 
dependent variable;  

(ii) The independent variable significantly predicts the 
mediator variable; and 

(iii) When the dependent variable is regressed on both the 
mediator and the independent variable, the mediator 
significantly predicts the dependent variable while the 
predictive utility of the independent variable is reduced. 
The mediation is partial if both the mediator and the 
independent variable are significant. If the mediator is 
significant and the independent variable is becoming 
insignificant, this is a full mediation. 

 
Results of mediation test (Table 6) support all the hypotheses in 
Table 1. 

Table 6.   Mediation Test 

Constructs Correlatio
n 

Coefficient 

p-value Mediatio
n 

USF - INT   0.778 0.000 

Partial USF - ATT   0.834 0.000 

USF - INT 0.412 0.000 

ATT 0.440 0.000 

EOU - INT   0.701 0.000 

Partial EOU - ATT   0.555 0.000 

EOU - INT 0.385 0.000 

ATT 0.569 0.000 

TRD - INT   0.627 0.000 

Full TRD - ATT   0.761 0.000 

TRD - INT 0.075 0.406 

ATT 0.726 0.000 

TRD - INT   0.627 0.000 

Full TRD - NOR   0.746 0.000 

TRD - INT -0.033 0.644 

NOR 0.885 0.000 

NOR - 
BHV 

  0.773 0.000 

Full 
NOR - INT   0.860 0.000 

NOR - BHV 0.114 0.217 

INT 0.766 0.000 

ATT - BHV   0.703 0.000 

Full ATT - INT   0.809 0.000 

ATT - BHV 0.009 0.904 

INT 0.857 0.000 



5.4 Exploratory Analyses  
Exploratory analyses are performed to explore further insights 

about the relationships among the variables. Significance levels 

are denoted by: * p < 0.01, ** p < 0.005, *** p < 0.001 

 
(a) BHV is regressed against INT 

Table 7.   BHV - INT 
  

Correlation 
Coefficient 

p-value R2 

BHV - INT 0.864 0.000 0.747 

 
INT significantly predicts BHV, as suggested by the model. 

 

(b) BHV is regressed against INT, ATT and NOR 

Table 8.   BHV – INT, ATT, NOR 
  

Correlation 
Coefficient 

p-value R2 

BHV - 

INT 0.778 0.000  

0.751 ATT -0.030 0.713  

NOR 0.128 0.202  

 
Although R2 has increased by 0.004 when ATT and NOR are 
included, these constructs are non-significant predictors under 
the presence of INT. The observation is consistent with the 
proposed model. 

 

(c) BHV is regressed against all other constructs 

Table 9.   BHV – all other constructs 
 

Correlation 
Coefficient 

p-value R2 

BHV -  

USF 0.506 0.000 

0.795 

EOU 0.335 0.001 

TRD -0.286 0.039 

NOR 0.165 0.174 

ATT -0.158 0.172 

INT 0.527 0.000 

 
R2 has further increased by 0.044. Significant direct 
relationships BHV-USF and BHV-EOU exist.  

 

(d) INT is regressed against ATT and NOR 

Table 10.   INT – ATT, NOR 
  

Correlation 
Coefficient 

p-value R2 

INT - 
ATT 0.272 0.000 

0.768 
NOR 0.645 0.000 

 
ATT and NOR significantly predict INT, as suggested 
by the model. 

(e) NOR is regressed against USF, EOU and TRD 

Table 11.   NOR – USF, EOU, TRD 
  

Correlation 
Coefficient 

p-value R2 

NOR -  

USF 0.424 0.000  

0.705 EOU 0.408 0.000  

TRD 0.438 0.000  

 
In addition to the NOR-TRD relation suggested by the 
model, significant direct relationships NOR-USF and 
NOR-EOU also exist. 

 

(f) ATT is regressed against USF, EOU and TRD 

Table 12.   ATT - USF, EOU, TRD 
  

Correlation 
Coefficient 

p-value R2 

ATT - 

USF 0.661 0.000  

0.863 EOU 0.128 0.074  

TRD 0.360 0.001  

 
Unlike the model suggests, the EOU is a non-significant 
predictor of ATT. 

 

Based on the results of all the analyses and validations in this 

section, a revised model is proposed as in Figure 3. Besides a few 

additional relations have been identified, an interesting 

observation is perceived ease of use (EOU) does not significantly 

predict attitude to adopt (ATT). This contradicts the assumption of 

TAM. Other researchers [42-45] have also reported that EOU is 

not a significant predictor of ATT in their studies. 

 

 

 

Figure 3.  Revised TRA model for blockchain technology adoption 

 

 



5.5 Predictive Power  
The current model has been developed based on the responses 

from 117 decision makers who have control on whether to adopt 

blockchain technologies for their organization. To rigorously 

compare the effects of including responses from non-decision 

makers, additional models should be built. However, extensive 

efforts are required. Since USF, EOU and TRD are verified vital 

drivers, they are used for an indicative regression analysis. 

 By regressing BHV against USF, EOU and TRD, the constructs 

explain 70.2% variance of BHV. The high R2 value confirms the 

model’s predictive power on actual use of blockchain 

technologies. 

If responses from non-decision makers are included, predictive 

power would be affected. With the same regression analysis, R2 

becomes 29.3% when the 42 respondents who claim to be 

regularly involved in evaluation / investing are included. When all 

responses are used for regression, R2 becomes 18.2%. Hence, 

models based on non-segmented data would not be reliable for 

predicting actual use. The deterioration of R2 reflects that, in an 

organization setting, non-decision makers may be forced to use or 

not to use the technologies regardless of his or her intention to 

use. 

To further verify this view, INT is regressed against USF, EOU 

and TRD for the above three situations. Results are shown in 

Table 13. 

 

Table 13.   Indicative Predictive Power Comparison 

 

As more responses are included, predictive power for intention 

remains high in all cases. Hence, user’s inability to make final 

adoption decision would not affect the predictive power on INT 

but would seriously impact the predictive power on BHV. The 

observation reaffirms other researchers queries about the 

connection between attitude of using and actual use [10-19]. 

Results of this study is consistent with meta-analysis in [46]. 

 

 

6. DISCUSSIONS AND CONCLUSIONS 

6.1 General Observations  
The revised model in Figure 3 provides quantitative 

measurements about the relative importance of the drivers. As 

some other researches have also demonstrated, perceived ease of 

use (EOU) is not a significant predictor of attitude to adoption 

(ATT) in this study. This contradicts the assumption of TAM. It is 

also of interest to see that the weight of subjective norm (NOR) is 

considerably higher than attitude (ATT). This phenomenon is 

similar to the observations in smoking cessation campaigns 

mentioned in Section II. With the insights gained from TRA 

model, more focused business development strategies can be 

derived. 

 

6.2 Limitations 
This research has illustrated a practical and systematic way to 

understand the drivers for actual blockchain technology adoption. 

Instead of developing complex models, predictive power is 

enhanced by data segmentation at the outset.  

The model has been kept as simple as feasible in order to suit 

practitioners need. Section IV has discussed some limitations of 

this approach. It is particular important to realize that this research 

is not sector specific due to practical data collection constraints. 

Since every sector may have remarkably different behavior, 

separated investigations are crucial for accurate sectoral strategy 

development.  

 

 

7. REFERENCES 
[1]  I. Makhdoom, M. Abolhasan, H. Abbas, and W. Ni, 

“Blockchain’s adoption in IoT: The challenges, and a way 

forward”, Journal of Network and Computer Applications, 

Vol. 125, 2019, pp.251-279. 

[2] S. Schuetz and V. Venkatesh, “Blockchain, adoption, and 

finacial inclusion in India: Research opportunities”, Int’l J of 

Information Management, 2019, 

https://doi.org/10.1016/j.ijinfomgt.2019.04.009, in press. 

[3] N. Kshetri and E. Loukoianova, “Blockchain Adoption in 

Supply Chain Networks in Asia”, IT Trends, IEEE, Iss. 

Jan/Feb 2018, pp.11-15. 

[4] H. Spenkelink, D. de Vries, and M. Berghuijs, “Blockchain 

Maturity Model - Helping you to get from Proof-of-Concept 

to production”, KPMG, 2017.  

[5] V. Morkunas, J. Paschen, and E. Boon, “How blockchain 

technologies impact your business model”, Business 

Horizons, Vol. 62, 2019, pp.295-306. 

[6] H. Wang, K. Chen, and D. Xu, “A maturity model for 

blockchain adoption”, Financial Innovation, Vol. 2(1):12, 

2016. 

[7] D. Folkinshteyn and M. Lennon (2016), “Braving Bitcoin: A 

technology acceptance model (TAM) analysis”, Journal of 

Information Technology Case and Application Research, 

Vol. 18:4, pp. 220-249 

[8] S. Kamble, A. Gunasekaran and H. Arha (2018), 

“Understanding the Blockchain technology adoption in 

supply chains-Indian context”, International Journal of 

Production Research, Vol. 57:7, pp.1-25 

[9] F. Knauer and A. Mann (2020), “What is in It for Me? 

Identifying Drivers of Blockchain Acceptance among 

German Consumers”, The Journal of the British Blockchain 

Association, Vol. 3:1, pp.1-16 

[10] I. Benbasat and H. Barki (2007), "Quo vadis, TAM?" Journal 

of the Association for Information Systems, Vol. 8:4, 

pp.211–218 

R2 

 Model 1 

(N=117) 

Model 2  

(N=159) 

Model 3 

(N=263) 

 Decision 

makers 

only 

Decision makers 

and those with 

regular involvement 

All 

respondents 

Behavior 

to adopt 

(BHV) 

 

70.2% 29.3% 18.2% 

Behavioral 

intention 

to adopt 

(INT) 

 

72.6% 73.0% 65.3% 



[11] R. Bagozzi (2007), "The legacy of the technology acceptance 

model and a proposal for a paradigm shift.", Journal of the 

Association for Information Systems, Vol. 8:4, pp.244–254 

[12] L. Hai and S. Alam Kazmi (2015), “Dynamic support of 

government in online shopping”, Asian Social Science, Vol. 

11:22, pp.1-9 

[13] J. Lim, A. Osman, S. Salahuddin, R. Romle & S. Abdullah 

(2016),  “Factors influencing online shopping behavior: the 

mediating role of purchase intention”, Procedia economics 

and finance, Vol. 35, pp.401-410. 

[14] S. Hojjati and M.  Khodakarami (2016), “Evaluation of 

factors affecting the adoption of smart buildings using the 

technology acceptance model”, International Journal of 

Advanced Networking and Applications, Vol. 7:6, 2936 

[15] D. Napitupulu (2017), “A Conceptual Model of E-

Government Adoption in Indonesia”, International Journal 

on Advanced Science, Engineering and Information 

Technology, Vol. 7:4, pp.1471-1478 

[16] R. Torres and N. Gerhart (2017), “Mobile proximity usage 

behaviors based on user characteristics”, Journal of 

Computer Information Systems, Vol. 57:1, pp.1-10 

[17] F. Chandio, F. Burfat, A. Abro and H. Naqvi (2017). 

“Citizens’ acceptance and usage of Electronic-Government 

services: A conceptual model of trust and technological 

factor”, Sindh University Research Journal-SURJ (Science 

Series), Vol. 49:3, pp.665-668 

[18] L. Maruping, H. Bala, V. Venkatesh & S. Brown (2016), 

“Going beyondintention: Integrating behavioral expectation 

into the unified theory of acceptance and use of technology”, 

J. of the Association for Info Science and Technology, 

https://doi.org/10.1002/asi.23699  

[19] P. Ajibade (2018), "Technology Acceptance Model 

Limitations and Criticisms: Exploring the Practical 

Applications and Use in Technology-related Studies, Mixed-

method, and Qualitative Researches", Library Philosophy 

and Practice (e-journal), 1941 

http://digitalcommons.unl.edu/libphilprac/1941  

[20] V. Venkatesh, M. Morris, G. Davis & F. Davis (2003), "User 

Acceptance of Information Technology: Toward a Unified 

View", MIS Quarterly. Vol. 27:3, pp.425–478 

[21] R. Bagozzi (2007), "The Legacy of the Technology 

Acceptance Model and a Proposal for a Paradigm Shift", 

Journal of the Association for Information Systems, Vol. 8, 

pp. 244–254 

[22] E. van Raaij and J. Schepers (2008), “The acceptance and 

use of a virtual learning environment in China,” Computers 

& Education, Vol. 50:3, pp. 838–852 

[23] I. Ajzen and M. Fishbein, “Attitude-behavior relations: A 

theoretical analysis and review of empirical research”, 

Psychological Bulletin, Vol. 85, No. 5, 1977, pp888-918. 

[24] I. Ajzen and M. Fishbein, “Understanding attitudes and 

predicting social behaviour”, Prentice-Hall, Inc., 1980. 

[25] I. Ajzen, “The theory of planned behavior”, Organizational 

Behavior and Human Decision Processes, Vol. 50, 1985, 

pp.179-211. 

[26] I. Ajzen, “Perceived behavioral control, self-efficacy, locus 

of control, and the theory of planned behavior”, Journal of 

Applied Social Psychology, Vol. 32, 2002, pp.665-683. 

[27] P. Norman, M. Conner, and R. Bell, “The theory of planned 

behaviour and smoking cessation”, Health Psychology, Vol. 

18, No. 1, 1999, pp.89-94 

[28] M. Sharma, “Theory of Reasoned Action & Theory of 

Planned Behavior in Alcohol and Drug Education”, Journal 

of Alcohol & Drug Education, Vol. 51(1), 2007, pp.3-7 

[29] R. Budd, S. Bleiker, and C. Spencer, “Exploring the use and 

non-use of marijuana as reasoned actions: An application of 

Fishbein and Ajzen's methodology”, Vol. 11(2), 1983, 

pp.217-224 

[30] G. Topa and J. Moriano, “Theory of planned behavior and 

smoking: meta-analysis and SEM model”, Sustance Abuse 

and Rehabilitation, 2010(I), pp.23-33. 

[31] C. Li, “Mitigating the industrial energy efficiency problem in 

China – investigating the acceptance of energy services 

companies using theory of reasoned action”, Doctoral thesis, 

Univeristy of Newcastle, 2012 

[32] F. Davis (1989), "Perceived usefulness, perceived ease of 

use, and user acceptance of information technology", MIS 

Quarterly, Vol. 13:3, pp. 319–340 

[33] V. Venkatesh and F. Davis (2000), "A theoretical extension 

of the technology acceptance model: Four longitudinal field 

studies", Management Science, Vol. 46:2, pp.186–204 

[34] Marcelline Fusilier, Subhash Durlabhji (2005), “An 

exploration of student internet use in India: the technology 

acceptance model and the theory of planned behaviour”, 

Campus-Wide Information Systems, Vol. 22:4, pp. 233-246 

[35] C. Kamratha, S. Rajendranb, et al. (2017), “Adoption 

behavior of market traders: an analysis based on Technology 

Acceptance Model and Theory of Planned Behavior”, 

International Food and Agribusiness Management Review, 

Vol. 21:6, pp.771-790 

[36] E. Cheng (2018), “Choosing between the theory of planned 

behavior (TPB) and the technology acceptance model 

(TAM)”, Education Tech Research Dev, Vol. 67, pp.21–37 

[37] I. Ajzen, “Constructing a TpB Questionnaire: Conceptual 

and Methodological Considerations”, Ajzen’s Internet 

Publication on U of Mass - 

http://people.umass.edu/aizen/pdf/tpb.measurement.pdf  

[38] Nunnaly, J, “Psychometric Theory”, New York: McGraw 

Hill, 1978. 

[39] R. Bagozzi and P. Warshaw, “Trying to Consume”, Journal 

of Consumer Research, Vol. 17, 1980, pp.127-140 

[40] C. Judd and D. Kenny, “Process analysis: Estimating 

mediation in treatment evaluations”, Evaluation Review, 

Vol. 5, 1981, pp.602-619 

[41] R. Baron and D. Kenny, “The moderator-mediator variable 

distinction in social psychological research: Conceptual, 

strategic, and statistical considerations”, Journal of 

Personality and Social Psychology, Vol. 51, 1986, pp.1173-

1182 

[42] J. Hu, P. Chau and O. Sheng (1999), "Examining the 

technology acceptance model using physician acceptance of 

telemedicine technology", Journal of Management 

Information Systems, Vol. 16:2, pp. 91–112 

[43] H. Wu and S. Wang (2005), "What drives mobile commerce? 

An empirical evaluation of the revised technology 



acceptance model", Information and Management, Vol. 42:5, 

pp.719–729 

[44] T. Pikkarainen, K. Pikkarainen and H. Karjaluoto (2004), 

"Consumer acceptance of online banking: An extension of 

the Technology Acceptance Model", Internet Research-

Electronic Networking Applications and Policy, Vol. 14:3, 

pp.224–235 

[45] D. Okafor, M. Nico and B. Azman (2016), “The influence of 

perceived ease of use and perceived usefulness on the 

intention to use a suggested online advertising workflow”, 

Canadian International Journal of Science and Technology, 

Vol. 6:14, pp.162-174. 

[46] M. Turnera, B. Kitchenhama, et. al (2010) “Does the 

technology acceptance model predict actual use? A 

systematic literature review”, Information and Software 

Technology, Vol. 52:5, pp.463-479 

 

 


