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Abstract 

Online shopping has increasingly replaced traditional retail shopping, as a large number of consumers have 
adopted it on a global scale. However, while it is well established in developed countries, e-commerce is still at 
an early stage in emerging markets, hence there is a need to unveil which factors contributes to its adoption. 
The main objective of this study is to integrate the theory of planned behavior, the theory of reasoned action, 
and the technology acceptance model using a Bayesian approach to determine the key predictors of online 
purchase intention among internet users in Colombia. The results demonstrate the pertinence of the theory of 
reasoned action and technology acceptance model, models to explain online purchase intention, confirming that 
the intention to purchase online is mostly determined by the attitudes to e-commerce which, in turn, are 
explained by perceived usefulness, perceived ease of use, and the subjective norm related to online shopping. 
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1 Introduction 

The emergence of the Internet has prompted enormous changes in consumer behavior [19]. Increasing numbers of 
consumers are using electronic commerce (e-commerce) to shop for products and services [38].  However, despite 
the accelerated spread of e-commerce, there are significant differences in growth, penetration and adoption of the 
Internet as a viable alternative to traditional shopping at a global level.  According to the Global Retail e-commerce 
index, the United States, China, United Kingdom, Japan and Germany have an online market size over 60%, in 
contrast with emerging economies in Latin American countries included in the studies (Venezuela, Chile, Argentina, 
Brazil and Mexico) with an online market size of 7,9%.  Never the less, despite to its small size, the study highlights a 
growth potential of 50% which cannot be ignored [15].  
 
In relation to the above mentioned Latin America accounts for 10.5% of the world´s Internet users [39]. It is 
considered a promising market [30], since its Internet penetration (49%) surpasses the global rate (38%), and shows 
an accelerated and sustained growth in almost all of its 20 countries [39], [40]. 
 
In the Latin American context, Colombia occupies the fourth place in Internet penetration (61.6%), and shows one of 
the most remarkable growth levels of online activities in the past few years [39], [40]. Colombia has jumped to the 
third place of Internet usage in the region (9.6%), with the second highest rate of Internet access, reflecting a greater 
growth in digital behavior at a regional and global level [8], [39], [40]. However, e-commerce in Colombia is still in its 
infancy. Although more than 60% of Colombian Internet users utilize the web for browsing, consulting, and 
evaluating products and service offers, only 20% of them actually complete transactions [29], [55]. In 2013, total 
sales for online purchases in Colombia reached $8,283,000 [18]. In 2014, sales grew 45% over those of 2013, which 
means that more than two million Colombians purchase online with an average purchasing expenditure of USD $146 
[29].  
 
E-commerce sales in Colombia are projected to grow in the upcoming years due to the following conditions that 
increase the intention and execution of online transactions: (a) an increase in digital literacy, (b) a decrease of 
Internet costs, (c) an expansion of Internet service suppliers, (d) an expansion of digital and non-digital goods offered 
online, (e) an increase of mobile device penetration, (f) an increase of penetration in banking services, and (g) an 
increase and diversification of payment methods. Given the relevance of e-commerce growth in Colombia and the 
evidence suggesting that online purchase intention is the best predictor of online shopping behavior [78], the primary 
objective of the present study is to determine which variables influence online purchase intention in Colombia’s 
expanding e-commerce industry.  
 
The proposed theoretical framework is based on the integration of the theory of reasoned action (TRA), the theory of 
planned behavior (TPB), and the technology acceptance model (TAM). While it is certain that in recent years, a 
prolific and versatile empirical research on the factors influencing customer behavior in e-commerce has been 
published using this theoretical framework; most of it has focused on developed economies [59], showing that 
research evidence is still scarce in Latin American countries.   
 
Research in the adoption of technology, especially related to e-commerce, is still in an early phase of theoretical 
development [74]. Thus, the meta-analysis conducted on 109 studies about the factors affecting the adoption of e-
commerce did not focus on Latin American countries [38]. This was also observed in the 2015 literature review of 
174 studies based on the Unified Theory of Acceptance and Use of Technology. Finally, in a meta-analysis study 
which focused on mobile banking, of the 57 studies included in the review, none had been conducted in Latin 
America [11]. Although the predictive power of the model has been extensively evaluated, conducting research in the 
Latin American geographical and geopolitical context is particularly important since some authors suggest different 
results and influences of those variables depending on the cultural context [4], [33].  
 
In addition, the present study makes a methodological contribution since most of the studies reported in the literature 
have been done by mainly using structural equation modeling (SEM) [1], [38]. The present study uses an innovative 
and less used Bayesian approach that offers several advantages in respect to the traditional methods, and more 
adaptability to Latin American studies (limited reliance on large sample size, simplicity for handling missing data, 
ability to incorporate prior knowledge, among others) using technology acceptance model (TAM) [1], [5]. Academics 
and practitioners interested in the growing Business to consumer (B2C) Internet market in emerging economies will 
benefit from the results of this research, allowing for further understanding of the factors influencing e-commerce.  
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2 Literature Review and Research Hypotheses 

The acceptance of a new technology is an important condition to predict the intention, use and satisfaction of the 
latter technology. The spread of technology and its impact on users have contributed to the development of theories 
and models that seek to explain how users relate to technology. The most discussed theories in this area are the 
theory of reasoned action (TRA) [6], [27], the theory of planned behavior (TPB) and, the technology acceptance 
model (TAM) which are explained in the next two sections.  

2.1 The Theories of Planned Behavior and Reasoned Action 

In 1991 the theory of planned behavior (TPB) was developed for overcoming limitations of the theory of reasoned 
action (TRA) [6], [44]. Both theories share the premise that behavior is under the individual’s will and control, and 
that its immediate determinant is not the attitude, but the intention of executing a given action. Intentions “are 
indications of how hard people are willing to try, of how much effort they are planning to exert, in order to perform the 
behavior” [6] p. 181. Therefore both theories are intended for probabilistic prediction and understanding of 
determinants of behavior: a prediction of a behavior’s probability of occurrence is obtained by measuring the 
individual’s intention of performing such a behavior. The original TRA’s formulation [27] stated that behavioral 
intention (BI) is a function of two determinants. First, the attitude towards a behavior is a positive or negative 
evaluation of the performance, determined by the individual’s beliefs regarding the consequences (positive or 
negative); that is, the individual’s expected probability that, by executing behavior x, the result will be consequence i, 

and his/her evaluation of such consequence. Second, the subjective norm, which refers to the perceived social 
pressure for executing the behavior or not, being a function of the individual’s expectations that socially relevant 
individuals or groups consider he/she should perform behavior x, and his/her motivation to fulfill such expectations 
[27] (Figure 1).  
 
 

 
 

Figure 1:  Theory of reasoned action [27] 
 
However, the authors recognized that the proposed relationship intention-behavior is not direct or immediate 
because there are mediating factors such as (a) the individual’s experience with the attitudinal object, (b) the 
intention’s stability through time, (c) the presence of other people, and (d) the abilities required to perform the 
behavior [6]. Based upon these considerations, [5] took into account the limitations, perceived or actual, the 
individual face in order to perform the behavior, and introduced a new variable: perceived behavioral control (PBC). 
With this new variable, the TPB was postulated in a way so that, PBC has an indirect effect on behavior and a direct 
effect on behavioral intention (Figure 2). [16], [26], [19], [49], [54], [70]. 
 

 
     

Figure 2. Theory of planned behavior [18] 
 
PBC denotes the ease or difficulty perceived by the individual for performing a behavior. PBC is determined by (a) 
the individual’s beliefs that he/she has access to what is needed to perform the behavior; and (b) the individual’s 
perceived power over the factors contributing to the behavior’s performance [18]. TRA and TPB have been applied 
and examined in different areas of psychology and related disciplines. In the field of consumer behavior these 
theories have been used for explaining the acquisition and change of attitudes toward categories, products, and 
brands, as well as attitudes and intentions related to buying, re-buying, use, and re-use of products and services [4],  
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[5], [19], [20], [21], [26], [49], [54], [70]. In meta-analytic studies it has confirmed the predictive usefulness of TRA in 
the study of consumer behavior, confirming a positive relationship between the intention and the actual performance 
of a behavior, and positive and significant correlation between attitude and subjective norm with the intention to 
perform a behavior [71]. 
 
Both TRA and TPB have also been used in studying consumer behavior in virtual settings, showing their 
effectiveness in predicting intention and performance of purchasing behavior and electronic commerce adoption. For 
instance, in a study that analyzes the factors that influence online purchase intention in a sample of 260 Iranians, 
support was found for all the relations proposed by TPB, as well as the role played by friends on subjective norms 
and that of perceived credibility over attitude toward online shopping [60].   
 
Within this line of research, and built upon a sample of users in Medellin (Colombia), it was found that both the 
attitude towards e-commerce as the subjective norm and perceived behavioral control significantly predict the intent 
to use e- commerce [73]. Additionally, comparing the predictive power of TRA and TPB in predicting e-commerce 
adoption intentions among 212 small and medium sized business managers/owners in Chile it was found that 
attitude and subjective norm significantly predicted behavioral intention, and that there was no statistically significant 
difference between the models’ goodness of fit [59]. However, the authors found a slightly better performance of TRA, 
which accounted for the same amount of variance as TPB using a smaller number of parameters; in this particular 
sample, PBC did not predict the intention of adopting e-commerce significantly [59]. This finding does not deny 
TPB’s usefulness. It can be expected that the relative importance of attitude, subjective norm, and perceived 
behavioral control, in predicting intention, vary according to the behavior under study and the population 
characteristics [4]. The actual prediction could require introducing a specific combination of these variables, or even 
beliefs particularly related to the attitudinal object [4]. This is the reason why a theoretical integration of TRA and 
TPB is frequently observed, combined with the technology acceptance model (TAM) or others models such as the 
Unified Theory of Acceptance and Use of Technology (UTAUT) in predicting behavioral intentions in technological 
contexts.  
 
In this sense, in an extension of UTAUT for Palestine e-commerce it was confirmed that the attitude toward shopping 
for products and services via online and social influence (related to the subjective norm construct) has a significant 
and positive influence on the intention to shop online shopping. However, the influence of facilitative conditions 
(related to PBC construct) on intention of buying online was found to be non-significant [58]. Finally, in a meta-
analytic review about e-shopping acceptance, in which the authors tested the extended TRA and extended TAM 
models for e-shopping, it was confirmed that both the attitude toward shopping online and the social influence 
significantly predicted the intention to shop online [38]. 
 
In accordance with the TPB, TRA and the empirical evidence from [11], [34], [38], [45], [52], [59], [60], [71], [73] we 
proposed the following hypotheses: 
 
H1: Attitude has a direct positive influence on intention to shop online. 
H2: Subjective norm has a direct positive influence on intention to shop online. 
H3: Perceived behavioral control has a direct positive influence on intention to shop online. 

2.2 The Technology Acceptance Model 

Based upon TRA, Davis [24], developed the technology acceptance model (TAM) to explain technology adoption of 
technologies [23], [25]. TAM is one of the most important and successful theories for understanding technology 
acceptance [35], [46], focus on the use of technology innovations made it more appropriate than other approaches in 
analyzing this kind of behavior [34], [36], [46], [67]. 
 
TAM has become a useful model for explaining online purchasing and has been successfully adapted and extended 
to e-commerce [38]. The model stems from the analysis of external factors on individual beliefs, attitudes, as 
conceptualized by [5]. Davis specified two beliefs that influence the acceptance of IT innovations: (a) perceived 
usefulness (PU) and (b) perceived ease of use (PEOU) [24], [25]. PU refers to the perception of a user about the 
subjective probability that the use of technology will help increase her/his performance or have a better performance 
when using a specific information system. Alternatively, PEOU refers to the individual’s subjective appreciation that 
using a particular technology requires or involves the least possible effort [24], [25].  
 
According with TAM, PEOU has a direct effect on attitude and an indirect effect on intention, while PU has direct 
effects on both attitude and intention, and only intention has a direct effect on the use of technology (Figure 3) [23]-
[25].  
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Figure 3. Technology Acceptance Model [24] 
 

TAM’s [21] success and popularity built upon, among others, two key reasons: (a) it is simple and easy to 
understand [43], and (b) the measurement scales used are reliable, adapted to the context of information technology 
realm, and allow comparison of results between different information systems [48]. A key differentiating feature of 
TAM, with respect to TPB, is the exclusion of subjective norm and perceived behavioral control as determinants of 
behavioral intention, since the effect of reference groups is considered to be exerted indirectly through attitude [43] , 
[50]. However, based upon the contributions in [42], [80] social influence is introduced into TAM [79], [50]. 
Additionally, within TAM, beliefs referred to the attitudinal object are replaced by specific beliefs on technological 
systems (PU and PEOU). The main limitation attributed to TAM is the general character of the information it provides, 
since it exclusively considers perceived usefulness and ease of use [52], [75]. TPB and TRA are superior, in this 
regard, because they take into account the influence of specific beliefs instead of influencing attitudes, and the 
effects of reference groups and other factors that the individual could consider obstacles to their behavior [52].  
 
In this sense, the perceived usefulness and ease of use could be affected by different variables such as user 
experience, satisfaction, innovation disposition, and motivation [25]. Thus, research in this field has evolved towards 
understanding the influence of external factors on perceived usefulness and ease of use [38], such as: (a) 
technological systems’ features[2], [21], [26], [53]; (b) previous experience [2], [28], [34], [35]; (c) perceived fun in the 
process [77]; (d) innovation disposition [73]; and (e) intrinsic motivation, such as self-efficacy  [13], [14], [17], [20], 
[21]. ¡Error! No se encuentra el origen de la referencia.. 

 
In a meta-analysis conducted with 88 empirical studies to evaluate the predictive power of TAM, it was found that PU 
and PEOU significantly predict behavioral intention, explaining 50% of the variance of behavioral intention, even if 
the PU was a better predictor of intention that PEOU. Also, it was found that PEOU influences PU positively and 
significantly. This was confirmed across different contexts of study (internet usage, e-commerce and other 
technological systems) [43].  
 
Consistent with these results and as formulated in the TAM, in a meta-analysis of 57 empirical research papers on 
mobile banking acceptance, it was found that the performance expectancy and the effort expectancy (construct 
considered by the authors as related to PU and PEOU) significantly and positively influenced the attitude. In addition, 
the attitude and the performance expectancy kept a direct, positive and statistically significant effect toward the 
intention to use mobile banking. Finally, the relationship between effort and performance expectancy was also 
confirmed [11]. 
 
Numerous studies used TAM as their main theory for investigating variables influencing e-commerce adoption and 
use. For instance, in a study aimed at evaluating the usefulness of TAM in consumer acceptance of e-commerce, it 
was found that the perceived usefulness of the Web interface was positively related to the consumer intention to 
complete the transaction, and that PEOU kept a significant and positive relationship with the intention to carry it out 
in the general consumer population, but not within a sample of students. Likewise, the perceived ease of use was 
positively related to perceived usefulness of a Web interface [65]. Similar results were found with a sample of 213 
experienced online shoppers from the United States, confirming that both PU and PEOU positively affect intentions 
to buy with the last e-vendor from which they purchased, and that PEOU positively affects PU of a B2C web site [31]. 
 
Additionally, in an analysis of perceptions that induce Spanish consumers to buy over the Internet, the authors 
considered all the variables proposed in TAM, and added perceived self-efficacy in using Internet preceding PEOU 
and PU, as well as factors related to previous experience with the Internet (acceptance, frequency of use, and 
satisfaction) as predictors of perceived self-efficacy [34]. The purpose of this study was to examine the influence of 
those variables on the intention of online purchasing, considering the potential mediating effect of customers’ e-
purchasing experiences. The authors developed a structural equation model to be tested with two samples of 
frequent Internet users: 580 potential e-customers (who were considering making their first e-purchase) and 225 
experienced e-customers (who had made at least one e-purchase and were considering doing so again). 
 
The results showed that PU had a positive effect on the attitude toward e-commerce in both samples, but the effect 
was greater among experienced e-customers. PEOU did not predict significantly the attitude toward e-commerce, in 
either sample. In addition and in line with the results found by other authors previously cited, attitude accounted for 
67% of e-purchasing intention variance among potential e-customers, and 65% among experienced e-customers. On 
the other hand, in both samples, Internet acceptance exerted a direct positive effect on the perceived satisfaction 
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with the Internet, though with a greater effect among potential e-customers. Additionally, Internet acceptance 
accounted for a significant percentage of the variance of Internet frequency of use, but only in the case of potential e-
customers. In both samples, Internet acceptance and its frequency of use explained the perceived self-efficacy, with 
a higher coefficient in the case of experienced e-customers. However, satisfaction with using the Internet did not 
predict significantly perceived self-efficacy of neither potential nor experienced e-customers. In both samples, 
perceived self-efficacy, in turn, influenced perceived usefulness and ease of use of e-commerce, though with a 
greater effect on perceived usefulness among experienced e-customers.  
 
In the same line of research, a study developed with a sample comprising 322 individuals in Saudi Arabia, using all 
the TAM approach, showed a direct and significant effect of attitude toward online shopping and PU on BI. It also 
confirmed that the PU and PEOU of online shopping had a positive and significant impact on attitudes toward online 
shopping, and that consumers’ perceived ease of use of online shopping has a positive influence on their 
perceptions of the usefulness of online shopping [61]. However, attitude did not act as a mediator between e-
shopping intentions and exogenous variables such as PEOU and PU, and had an insignificant indirect effect on 
online purchase intention.  
 
The applicability of TAM in predicting the intention to make purchases online by 539 consumers in India was 
consistent with previous results. PU and PEOU of an e-retailing website positively and significantly influenced the 
usage of attitude toward an e-shopping website. Likewise, PU and attitude significantly predicted intention to shop 
online, and PEOU kept a significant and positive relationship with PU [45]. 
 
Finally, with a sample of consumers in Medellin (Colombia), the authors tested TAM while adding to the model the 
variables ‘perceived safety’ and ‘confidence’. Their results showed that PU significantly and positively affected both 
the attitude towards e-commerce as the intention to use e-commerce, and that there was a significant and positive 
relationship between PEOU and PU. However, in this study, the authors found no evidence that PEOU significantly 
predicted attitude nor that attitude was a significant predictor of behavioral intention [74]. 
 
As highlighted by literature reviews and recent studies, some researchers have combined TAM, TRA and TPB in an 
effort to explain online purchasing behavior, or extended versions of these theories including other variables that 
allow greater accuracy in predicting online purchasing intentions and behaviors.  
 
For instance, [52] combined variables belonging to the three models and included, as external variables: (a) 
perceived safety; (b) innovativeness; and (c) perceived trust, to study online purchasing intention. According to TPB, 
results confirmed the direct and significant effects of subjective norm, perceived behavioral control and attitude on 
the intention of using e-commerce. Regarding the hypotheses derived from TAM, results confirmed the direct effect 
of PU on attitude and the significant relationship between PEOU y PU, but again the effect of PEOU on attitude was 
not found significant. Among the additional variables, results showed a direct and significant effect of trust and an 
indirect and significant effect on perceived security in the intention of using e-commerce.  
 
In line with previous evidence, and with the purpose of unifying some developments derived from TAM to explain 
online purchasing, [38] evaluated two models: (a) an extended TRA model for e-shopping, which states that PU, 
PEOU, enjoyment, and perceived risk all relate directly to attitude toward e-shopping, and that attitude, trust, and 
social influence relate directly to the intention of using e-shopping; and (b) an extended TAM model for e-shopping, 
which adds that PU, enjoyment, and perceived risk relate directly to behavioral intention and that social influence 
relate directly to attitude toward e-shopping. In both models, the authors confirmed that PU and PEOU positively and 
significantly predict attitude towards e-shopping, and in the extended the TAM for e-shopping PU significantly 
predicted intention. Finally, the authors also confirmed the direct, positive and statistically significant relationship 
between attitude toward e-shopping and the online purchase intention. The authors found that including attitude 
toward e-commerce into the original TAM produces a 9% significant increase of explained variance of intention: from 
36% with the original TAM to 45% including attitude. When comparing the two models, using structural equation 
models, the authors found that the extended TAM model for e-shopping explained a higher percentage of variance 
the intention to purchase online (52%), compared to the extended TRA model for e-shopping (45.5%), and showing 
a better fit.  
 
In accordance with TAM and the empirical evidence from [11], [31], [34], [38], [43], [45], [52], [61], [65], [74] we 
propose the following hypotheses: 
 
H4: Perceived ease of use of online shopping has a direct positive influence on attitude toward online shopping. 
H5: Perceived usefulness has a direct positive influence on behavioral intention toward online shopping. 
H6: Perceived usefulness has a direct positive impact on attitudes towards online shopping. 
H7: Consumers’ perceived ease of use of online shopping has a direct positive influence on their perceptions of the 
usefulness of online shopping. 
 
Additionally, according to the results reported by [17], [20], [34], in the present study it was expected that: 
 
H8:  Consumers’ perceived self-efficacy has a direct positive influence on their perceptions of the usefulness of 
online shopping. 
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H9: Consumers’ perceived self-efficacy has a direct positive influence on their perceptions of the ease of use of 
online shopping. 
H10: Perceived self-efficacy has a direct influence on perceived behavioral control. 
H11: Frequency of internet use has a direct positive influence on perceived self-efficacy. 
H12: Acceptance of internet has a direct positive influence on perceived self-efficacy. 
H13: Acceptance of the internet by its users has direct positive influence over their frequency of use.  
 
Based upon relevant literature and theoretical foundations, the present study employs an integration and extension 
of the TRA, TPB, and TAM to explain online shopping intentions in Colombia. The hypotheses model is summarized 
in Figure 4.  
 

 
 

 
 

Figure 4. Research Hypotheses Model 

3 Customer Behavior in E-Commerce: Bayesian Approach 

The statistical method most commonly used in studies of behavioral intention, applying TAM, TRA, TRP, as well as 
integrated or extended versions of these theories, is the structural equation model (SEM) [1]. It provides the 
estimation strength of all hypothesized relationships between variables in a theoretical model [1], [51]. While the 
traditional approach involves frequentist estimation of SEMs, this poses significant hurdles for low sample cases, 
which are likely to be found in Latin America studies (either due to small populations of interest or insufficient funding 
for larger research undertakings). Our approach allows for a flexible, easy to implement, and robust algorithm. We 
follow a fully Bayesian approach to the estimation of this model which has multiple advantages: (a) It allows for a 
more direct interpretation of the latent variables in the model as random variables in a Bayesian fashion, rather than 
fixed point estimates, (b) It provides a natural and flexible approach to overcoming low samples and missing data, 
two problems likely to appear in research on emerging economies, and (c) It allows flexible incorporation of prior 
beliefs on the basis of existing literature (although we chose not to undertake this route, and specified the model with 
a flat, uninformative prior, the model can easily incorporate this information through the prior specifications).   
 
Our Bayesian approach links the unknown latent variables, assumed observed with error, on the basis of the 
hypothesized model relationship in Figure 4, and provides a network-with-error structure which allows for simple 
estimation of the parameters of interest, that is, latent variables and relationships. The interpretability is direct since 
the posterior distribution of the latent variables account for both the information -and lack thereof- contained in the 
observed-with-error data, as well as providing distributions, marginal and joint, of the variables of interest, rather than 
estimators of those. This approach has been proven useful in other sciences in more complex applications, such as 
traffic engineering [56], where observed-with-error flows provide information about unobserved, latent flows and 
relationships between those on the basis of an existing relationship network. 
 
More detailed information about the Bayesian method used can be found in the Appendix. The data is assumed to 
be observed with error, and linked with each other through standard Gaussian links. The unknown, true value of the 
driving parameters is unobserved, and estimated through this app roach (both point estimates and posterior 
densities around those, which account for the uncertainty about their values). Hyper parameters are set to be non-
informative, to ensure that the driving force of the results comes from the informational content of the data, though 
the modelling approach allows for prior information. Missing data, though not present in our study, can be easily 
estimated within this model as additional parameters within the joint distribution. The results are not reliant on central 
limit theorem properties (they do not provide estimates of an unknown parameter, but the probability distribution of 
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the unknown parameters themselves), and are stable even with very low samples.  While the model itself is not 
dissimilar, and definitely comparable to previous approaches, the Bayesian estimation provides a useful edge for 
challenging sampling environments, and appears to be more suitable for this type of research. 

4 Materials and Methods 

The current investigation is non-experimental, probabilistic and cross-sectional. This scientific research is non 
experimental because its objective is to explore relationships between variables, in a situation in which, there are 
manifest variables that already occurred, it is a cross-sectional study because data collection will carried out, in a 
moment of time and with a single observation and it is probabilistic because we use statistical techniques for the 
estimation.  
 

Table 1: Measurement scales 
 

Scale Item Conceptual definition Reference 

Acceptance 
of the 
Internet – 
AOI 

My general opinion about Internet is positive Previous experience using 
Internet [24], [25], 

[35] 
Using Internet is easy for me 

Internet seems useful to me 

Internet use 
frequency – 
IUF 

How often do you use Internet? 
Frequency internet use 

[35], [62]  

Perceived 
self-efficacy 
–PSE 

I feel capable of using Internet for purchasing products Individuals' beliefs that 
they have the ability and 
resources to perform 
successfully a task [65], 
specifically, an online 
buying task 

[22], [47]  

I feel capable of locating shopping sites on Internet 

I feel comfortable searching for information about a product on 
Internet 

Perceived 
usefulness 
of e-
commerce –
PU 

Using Internet to buy a product would help me to purchase more 
efficiently 

Consumer perception of 
Internet as a means for 
improving the shopping 
performance and 
efficiency [61] 

[24], [35], 
[41], [57], 
[64], [65], 
[75] 

Using Internet to buy a product would help me to purchase more 
quickly 

Using Internet to buy a product would be useful to make my 
shopping 

Internet makes my shopping efficient 

Internet is valuable to me 

Internet is beneficial for purchasing 

Perceived 
ease of use 
of e-
commerce - 
PE 

Learning to use Internet for shopping was easy for me Consumer perception that 
Internet shopping will 
involve minimal effort [71] [24], [35], 

[75], [83] 

Internet would be easy to use for my purchases 

Using Internet to buy a product does not require a lot of mental effort 

It is easy to find what I like online 

Interacting with online stores is easy and intuitive 

Attitude to 
e-
commerce - 
ATT 

Buying things or making transactions online is something I like doing Degree to which a person 
has a favorable or 
unfavorable evaluation of 
the behavior in question 
[20], in this case, online 
purchasing. 

[41], [75], 
[83]  

Using Internet to make my purchases is a good idea 

My general opinion of e-commerce is positive 

Using Internet to buy a product seems an intelligent idea to me 

I take pleasure in buying online 

I am inclined to buying online 

I think that buying online is a good choice 

I like buying online 

I prefer buying online than going to a store 

Subjective 
norm - SN 

People who are important to me think that I should purchase online Perceived social pressure 
to perform or not to 
perform the behavior [21], 
in this case, online 
purchasing 

[27], [63],  
[73],  

People like me use to purchase online 

People who influence my behavior think that I should purchase 
online 

Perceived 
behavioral 
control - 
PBC 

I have control over the whole Internet shopping process Individuals' perception that 
they have the knowledge, 
resources, and 
opportunities necessary 
for Internet shopping [71] 

[12], [32], 
[37], [75], 
[79]  

I have the resources necessary to purchase online 

I have the knowledge necessary to purchase on line 

I can purchase online even if there were no one around to help me 

I can purchase online reasonably well on my own 

I can purchase online even if there were no support line 

Purchase 
intention - 
PI 

If possible, I will try to purchase online Predisposition of a person 
to take any initiative to buy 
before making the actual 
decision [21], in this case, 
the intention of online 
purchasing 

[31], [47], 
[65], [75]  

It is likely that Internet will be the medium I use to make my 
purchases in the near future 

I intend to use Internet to buy a product in the near future 
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4.1 Participants  

Our sample consists of 386 subjects, ranging from 18 to 58 years old (M = 27.6, SD = 7.3), 46% women and 54% 
men, selected non-probabilistically. The questionnaire was sent by e-mail to undergraduate and graduate students of 
three universities of Bogota, Colombia, as well as to the alumni and employees database of one of those institutions. 
After completing the questionnaire, the participants could forward that information to other individuals. Originally, the 
questionnaire was sent to 9,883 persons, responses were received from 1,096. Only Colombian residents who had 
done Internet shopping during the last six months were selected. The invitation e-mail contained information about 
the study’s main purpose, the voluntary nature of the participation, and the confidentiality of the information provided. 
Data was collected from October 2015 to February 2016. 

4.2 Measures 

The final questionnaire included 41 items adapted from TPB, TAR, TAM, and other e-commerce adoption models 
(table 1). All items use Likert-type six-point scales, in which 1 indicates completely disagree and 6 indicate 
completely agree. Item elaboration took place in five steps: (1) translation into Spanish; (2) validation by experts in 
technology management research and professors of marketing and consumer psychology; (3) wording proposal, 
followed by pilot face-to-face interviews with a random group of 30 students who completed the questionnaire and 
gave feedback on items, to ensure they were understandable and clear; (4) an online pilot test, sending the 
questionnaire revised version through Question Pro to a sample of 100 people to evaluate understanding, response 
time, and completion percentage, and making adjustments required for the final version; and (5) sending the 
questionnaire’s final version to databases (table 1).  

4.3 Data Analysis 

Psychometric properties of scales were examined using Cronbach’s Alpha coefficient and exploratory factor analysis 
(SPSS 19.0). The next step taken was to analyze the relationships postulated in the hypothesis model using the 
Bayesian estimation approach. In this section we provide the model details used in our analysis. The Bayesian 
estimation approach for this problem encompasses the following elements: 
 

1. A variable-specific parameter set, , represents the average level of the variable across the population. 

An average of zero indicates Likert-scales built around population central values. 

2. A model misspecification noise term,  , with precision parameter  , which accounts for potential variables 

and/or relationships not included in our model. This is assumed to be Gaussian, and represented 
as . Any systematic bias will be captured by the  parameters. 

 In this latent space,  are assumed to be linearly related to each other through linear parameters . 

This assumption can be easily relaxed without additional model complexity. Other variables or interactions 
(and relationships) can also be easily integrated in this model. 

 The Bayesian model specification is completed with hyper priors for the remaining parameters . 

Details are provided in Appendix 1. Information available from prior studies can easily be incorporated 
through these hyper priors. 

The joint distribution can be expressed in compact statistical form as follows: 
 

 

(1) 

 
Note that the graphical model specification will drive some of those  in the above latent space to be set to zero. 

The hypothesized model is assumed to function under the error-free latent variables  rather than under the 

observed-with-error data  
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5 Results  

Descriptive analysis, reliability and validation of each variable were conducted to evaluate the properties of the 
scales. Subsequently we evaluated the hypothesized model using Bayesian approach.   

5.1 Properties of the Scales 

The analysis of item-total correlations showed positive and significant relationships between all the items of each 
scale and the total scale, which suggests that all items measure the same construct. In fact, Cronbach’s alpha 
coefficients were at least 0.722 and, in each case, removing any item reduces the value of alpha coefficients, which 
demonstrates an excellent internal consistency (Table 2). Regarding construct validity of instruments, the correlation 
matrices values were greater than 0.32 and the anti-image correlation matrices values were close to zero.  
 

Table 2: Properties if the scales 
 

 N M SD α 1 2 3 4 5 6 7 8 9 

1.Purchase intention - PI 372 4.9 1.1 .84 1         

2.Attitude to e-commerce 
- ATT 

380 4.5 1.1 .94 .73* 1        

3.Perceived behavioral 
control –PBC 

381 4.9 .90 .85 .59* .58* 1       

4.Subjective norm – SN 386 4.1 1.2 .87 .66* .62* .47* 1      

5.Perceived ease of use 
– PE 

383 4.9 .92 .84 .54* .65* .64* .46* 1     

6.Perceived  usefulness 
– PU 

382 4.5 1.0 .89 .61* .77* .52* .52* .66* 1    

7.Perceived self-efficacy 
– PSE 

382 5.2 .90 .81 .75* .65* .64* .58* .58* .51* 1   

8.Acceptance of Internet 
– AOI 

386 5.5 .64 .87 .43* .39* .41* .23* .55* .33* .54* 1  

9.Internet use frequency  
- IUF  

386 5.3 .82 .72 .32* .37* .47* .21* .57* .34* .45* .64* 1 

  M = mean, SD = standard deviation, α = Cronbach's alpha 
 

Table 3. Descriptive statistics of the posterior distribution of Bayesian model parameters 
 

 Mean SD Percentile 
2.5 

Percentil
e 5.0 

Percentile 
95.0 

Percentile 
97.5  

Result of 
hypothesis  

alpha [1] - PI -1.52 0.274 -2.079 -1.987 1.085 -0.9997  

alpha [2] – ATT -0.29 0.104 -0.4978 -0.4657 -0.1226 -0.09156  

alpha [3] – PBC 0.515 0.093 0.3322 0.3607 0.6705 0.7004  

alpha [4] – SN 0.969 0.047 0.8766 0.8909 1.049 1.065  

alpha [5] – PEOU 0.507 0.095 0.3249 0.3546 0.663 0.6949  

alpha [6] – PU -.069 0.096 -0.2569 0.2248 0.09107 0.1245  

alpha [7] – PSE  -0.30 0.86 -4.425 -4.316 -1.489 -1.31  

alpha [8] – AOI  2.937 0.067 2.812 2.829 3.049 3.07  

alpha [9] – IUF  -0.50 0.922 -1.743 -1.695 1.187 1.221  

beta21 – H1:ATT→PI 0.731 0.238 0.2744 0.3478 1.133 1.212 Confirmed 

beta42 – H2: SN→ATT 0.376 0.080 0.2208 0.2447 0.5088 0.5339 Confirmed 

beta31 – H3 PBC→PI 0.1094 0.1544 0.00209 -0.1983 0.1105 0.413 Not Confirmed 

beta52 – H4:PEOU→ATT 0.262 0.079 0.1069 0.134 0.3925 0.4143 Confirmed 

beta56 – H7:PEOU→PU 0.702 0.096 0.5194 0.5437 0.8658 0.8937 Confirmed 

beta61 – H6:PU→PI 0.135 0.265 -0.3899 -0.3032 0.5676 0.6513 Not confirmed 

beta62 – H5:PU→ATT 0.664 0.089 0.493 0.5182 0.8116 0.8403 Confirmed 

beta73 – H10:PSE→PBC 0.575 0.041 0.4955 0.5083 0.6457 0.6587 Confirmed 

beta75 – H9:PSE→PEOU 0.604 0.042 0.5213 0.5344 0.674 0.6896 Confirmed 

beta76 – H8:PSE→PU 0.072 0.069 -0.0646 -0.04356 0.1832 0.203 Not confirmed 

beta87 – H12:AOI→PSE 1.056 0.465 0.1549 0.2029 1.746 1.932 Confirmed 

beta89 – H13:AOI→IUF -0.39 0.323 -1.033 -1.021 0.01373 0.02754 Not confirmed 

beta97 – H11:IUF→PSE -1.48 0.372 -2.161 -2.098 -0.8588 -0.742 Not confirmed  

Tau –  1.81 0.133 1.59 1.619 2.061 2.118  

5.2 Bayesian Estimation  

The proposed model hypothesized 13 relations between variables. Results showed positive and significant relations 
between eight pairs of variables (measured as those linear relationship variables β with the central 95% high 
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probability density interval -HPD to the right of zero): acceptance of Internet as predictor of perceived self-efficacy; 
perceived self-efficacy as predictor of perceived ease of use of e-commerce and perceived behavioral control; 
perceived ease of use of e-commerce, perceived usefulness of e-commerce, and subjective norm as predictors of 
attitude toward e- commerce; and attitude toward e-commerce as predictor of purchase intention, and perceived 
ease of use as a predictor of perceived usefulness. Three relations were found marginally positive and non-
significant (perceived self-efficacy as predictor of perceived usefulness of e-commerce; perceived usefulness of e-
commerce and perceived behavioral control as predictors of purchase intention) and two relationships were found 
negative (acceptance of Internet as predictor of Internet frequency of use, and Internet frequency of use as predictor 
of perceived self-efficacy). Some of the Markov Chain Monte Carlo (MCMC) output is provided in Table 3. The 
interpretation of the different variables is straightforward on the basis of the SEM structure in (4) and the model 
specification in the Appendix A and B:  
 

1) Ui,j  represents the unknown latent variable j for individual i, which we only observed with error as Yi,j     

2) αj represents the average Likert value for latent variable j   

3) βj,k  represents the linear influence of latent variable j on latent variable k. Nonzero values are indicative of 
linear relationships being validated. 

4)   represents the common misspecification precision parameter  

6 Discussion  

Our results demonstrate the relevance of the extended model tested to explain online shopping intention among 
Colombian residents, by integrating TRA and TAM, and including perceived self-efficacy in using Internet, as well as 
a factor related to previous experience with the Internet. Specifically, regarding TRA and TPB variables, as expected 
from such theoretical models and findings from different studies, for instance [11], [33], [35], [38], [45], [58], [59], [60], 
[61], [66], [71], [73] results demonstrate that attitude to e-commerce directly predicts the online purchase intention. In 
addition, as hypothesized, the subjective norm directly predicts attitude to e-commerce. This is consistent with 
findings reported by [38], in their study on e-shopping acceptance.  
 
According to TRA and TPB, as well as such models as Unified Technology of Acceptance and Use Technology 
(UTAUT) [79], subjective norm should be directly related to behavioral intention, which has been confirmed by 
different researchers, such as [33], [38], [71], [60]. However, by following TAM [32], in the present study, such a 
direct relationship was not expected. Instead, and as confirmed by this study results, subjective norm indirectly 
influences the intention, through its direct relation from attitude to e-commerce. In this sense, it is expected to be a 
relationship between subjective norm and attitude [3]; and the effect of subjective norm on behavioral intention is 
mediated by attitude [5].  
 
Contradicting theoretical expectations and findings reported by such authors the TPB variable perceived behavioral 
control was found marginally and non-significantly related to online purchase intention [24] , [38], [60], [72]. This 
result is consistent with [33], who found that behavioral control did not significantly predict the intention of adopting e-
commerce among Chilean small business leaders. Our findings suggest that in the context of e-shopping, a better 
alternative would be to apply a more parsimonious model such as TRA. However, this does not invalidate TPB since, 
as indicated by the authors, the relative importance and weight of the model’s different variables in predicting 
behavioral intention is expected to vary according to the behavior under study, the culture, and specific 
characteristics of the studied population [4].  
 
Regarding TAM key variables, as expected from the theoretical model and the findings reported by different authors, 
PU directly predicted the attitude to e-commerce [25], [34], [38], [45], [61], [72], [74], [78]. However, against what was 
hypothesized by TAM and other authors, PU did not directly and significantly predict the intention of buying online 
[11], [24], [25], [31], [38], [45], [61], [66], [74], [79]. The impact of PU over BI was indirect through its effect on attitude 
toward e-commerce, which is consistent with findings reported in Spain [34] and Colombia [73].   
 
The perceived ease of use of e-commerce directly predicted the attitude toward to e-commerce, as hypothesized 
following TAM and as found by [11], [25], [38], [45], [66]. As expected according to TAM and findings reported PEOU 
directly predicted PU [46], [61], [65], [73]. According to the findings reported by [35], studying the intention of online 
purchasing among frequent Internet users, the present study found a strong, direct and significant relation between 
perceived self-efficacy and perceived ease of use of e-commerce. However, contrary to expectations and these 
authors’ findings, PSE did not significantly predict PU. In turn, consistent with findings by [34], perceived self-efficacy 
was predicted by acceptance of the Internet, but not by frequency of use of Internet (which differs from these 
authors’ findings). A plausible explanation could be that the sample was limited to experienced online customers, 
which restricted the variability of information for inference, since all of them were frequent users of the Internet. 
Finally, the frequency of use of Internet was not predicted by acceptance of the Internet, which is not consistent with 
these author’s findings among experienced e-customers. 
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7 Conclusions   

The main objective of this research was to explain intentions to shop online in Colombia, by means of a theoretical 
integration of TRA, TPB y TAM. Although these models, whether integrated or independently, constitute the most 
important theoretical references in studying behavioral intention, their authors suggest possible variations in the 
explanatory contribution of each variable, according to the specific context of study. The present study provides 
evidence to understand, in the context of a Latin American emerging market such as Colombia, which variables 
contribute to the explanation of the adoption of e-commerce as a retail channel.  
  
Individuals showing more acceptance of the Internet perceive themselves as having more abilities and resources for 
successfully performing those tasks related to online purchasing (self-efficacy). These individuals, in turn, perceive 
online purchasing as requiring a minimum effort, finding the Internet as an easy way of buying (ease of use), and 
also perceive that they have the knowledge and resources needed to autonomously perform the behavior of online 
purchasing (behavioral control).  
 
Consumers who perceive that e-commerce is easy also perceive that using the Internet to shop is beneficial, 
improving the outcome of the buying task by making it more efficient and quick (perceived usefulness). Both aspects 
contribute to increase the probability of a positive evaluation of Internet shopping (attitude), which in turn increases 
the probability of online purchasing in the near future (intention). Likewise, individuals who consider that people 
relevant to them think that they should buy online are more likely to show a positive attitude to e-commerce, and 
consequently, are more likely to perform the behavior of online purchasing.  
 
Another important contribution of this study is that it is the first research, to our knowledge, applying a Bayesian 
approach to test an integrative research hypothesis, based upon the three theories for studying the behavioral 
intention of online purchasing. This approach allows us to overcome the limitations of traditional multivariate methods 
in this field [1], and produces results more consistent with the theoretical formulation of the main antecedent of the 
proposed models, TRA and TRP [19], which emphasize predicting probability instead of causality. 
 
The results of the present study, according to its theoretical foundations, show that attitude remains the main 
variable in predicting the occurrence of the online purchasing behavior. Certainly, other variables could have direct 
effects on the intention of online purchasing, but their contribution is significant only through the attitude to e-
commerce. Thus, understanding the determinants of the individual’s attitude remains the key to developing 
persuasion strategies to increase a favorable attitude towards shopping and, consequently, increasing the probability 
of occurrence (intention) of the behavior of online purchasing. [6] stated that attitudes depended on the strength of 
the beliefs referred to the attitudinal object, understood as the subjective probability of the association between the 
object and an attribute. In this study, the relevant beliefs are represented in the evaluated model by the perceived 
usefulness, the perceived ease of use, and the subjective norm referred to a particular behavior. These beliefs refer 
to the attributes of online purchasing, their favorable outcomes, easiness, usefulness, and its evaluation by other 
persons relevant to the subject. This suggests that communicating the advantages of online shopping over traditional 
channels might contribute to creating associations between e-commerce and positive attributes and, thus, promoting 
favorable attitudes toward performing the behavior of online purchasing.  
 
Among the limitations of this study it should be noted that due to the lack of research focused on determining the 
factors that influence the acceptance of e-commerce in Latin America, and the little development of electronic 
commerce in the context in which this research was carried, this paper simply provides an approach to the 
understanding of the determinants of intention toward online purchases. Hence our results provide a starting point for 
further specific research that assesses how the impact of specific determinants changes depending on aspects such 
as the type of product or service. 
 
Although the proposed model worked satisfactorily for understanding the factors explaining the intention of online 
purchasing, it is necessary to continue including and controlling for other variables that could increase the predictive 
power. For example, the increased use of different devices for accessing the Internet -PC, Laptop, Tablet, Cellphone 
or Digital TV- could have a differential effect on buying disposition. This is of crucial importance for companies willing 
to compete in the e-market, which requires more specific information for managing their digital channels. Likewise, 
such variables inherent to e-commerce (type of product, utilitarian vs hedonic products/services, quality, site, 
previous online shopping experiences, risk, privacy, security, navigation) and consumers (motivation, disposition to 
innovate, experience, and satisfaction with e-commerce) could be differential determinants or moderators of the 
theoretically proposed relationship, hence the need for future research to include these variables in order to predict 
customer behaviors more precisely. 
 
Also, it seems advisable to include other external variables studied in this context [82] such as trust and perceived 
safety, which could affect the discourse on the perceived benefits (ease of use and usefulness) provided by the retail 
channel for developing more persuasive arguments about the strengths of these alternatives for customers [11], [45], 
[73], [74].  
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On the other hand, according to theoretical expectations, PSE influenced PU and PEOU, but its effect was greater 
on the latter one. This calls for the need to measure other variables that could affect this factor of intrinsic motivation 
since, as defined and measured in this and other studies [35], [83] perceived self-efficacy only refers to the use of 
the Internet, and not to other aspects of e-commerce that could affect the perception of effort in transactions 
(payment, for instance).  
 

Finally, the relationship PSE→PU (H8) and AOI→IUF (H13) were not supported.  Although these relationships have 

been established theoretically, they have been little investigated. This will require the development of additional 
studies to understand more thoroughly the relationship between these variables. 
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Appendix A: Model Specification 

In this section we provide the model details used in our analysis. We propose a Bayesian estimation approach for 
this problem, which encompasses the following elements built on a hierarchical approach: 
 

 Let  be the aggregate response value from individual  of variable . Each individual 

is assumed to have conditionally independent probabilities  driving their responses within each variable. 

Following to [81], we assume a binomial parsimonious likelihood for the observed responses 
. 

 We map one-to-one those probabilities from a set of unknown latent drivers , also individual- and 

variable-specific, using a logistic link function . 

 These latent drivers are assumed to relate to each other following the graphical model specification 
hypothesized in this paper, with the addition of two elements: 

 (1) A variable-specific parameter set , representing the average levels of the variables across the 

population.  indicates Likert-scales for variable  built around population central values.  

 (2) A model misspecification noise term, , with precision parameter  , which accounts for potential 

variables and/or relationships not included in this proposed model. This is assumed to be Gaussian, and 
represented as .  

 In this latent space,  are assumed linearly related to each other through linear parameters . 

This assumption can be easily relaxed without computational burden. Other variables or interactions (and 
relationships) can also be easily integrated in this model. 

 The Bayesian model specification is completed with hyper priors for the remaining parameters . 

These hyperpriors are assumed non-informative, but prior information can be easily incorporated, which is 
more meaningful in small sample studies or studies where previous information/pilot studies have been 
informed. 

The joint distribution can be expressed in compact statistical form as follows: 
 

 

(2) 

 
Note that the graphical model specification will drive that some of those in the above latent space to be set to 

zero. 
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Appendix B: Model Approach and Design 

Let  be the Likert-scale response (with up to  numerical categories in our particular application) of 

individual  to each of the  questions which relate to the  variables of interest. Multiple questions 

are sampled for each individual and variable, which is then defined as the composite information extracted from all 
those questions. 
 
Each of these questions is designed to share a common underlying scale, such that coherent respondents will have 
similar Likert scores across all the questions relating to a given variable. Therefore, by design, we assume low intra-
respondent, intra-variable volatility of the underlying probability of each possible response to those related questions. 
We do not assume equal answers; just equal, or sufficiently similar, latent probabilities driving those answers to 
equivalent-scale questions.  
 
In order to define a composite of these questions into a variable, there are multiple possible routes. For example, we 
could map these Likert-scale responses to a binary scale, and then simply map the sum to a binomial. This approach 
would, however, ignore the finer picture provided by the multi-category scale sampled.  
 
An unconstrained multinomial ordered approach, while coherent at the population level with potentially multimodal 
populations, would fail to provide coherence between the probabilities at the individual level, an issue outlined in [82]. 
For example, a population’s composite Likert distribution of a variable can be multimodal, with half of the population 
likely to provide very high values to a question and the other half likely to provide low values to that question. This 
multimodality, however, cannot exist at the individual level. An individual’s coherent answer to any question should 
not encompass a high probability on both a low and a high value of the Likert response to a question. In fact, the 
probabilities should be monotonic on either side of the modal scale value. 
 
A restricted multinomial ordered approach, such as that detailed in [82] is possible, with the implication of a much 
larger parameter space to estimate, but would require imposing bounds on the thresholds dividing the latent space 
that are not dissimilar from a more parsimonious Binomial assumption, such as the described in [81], in order to 
ensure monotonicity. Additionally, each individual may interpret the scales in a different, subjective way, so assuming 
a common set of thresholds in the ordered scale across individuals would also seem arbitrary for our application. We 
discard this approach also on the basis of the parametric burden induced for lower samples, which would hinder the 
usefulness of our model for Emerging Market analysis. 
 
Alternatives that use Poisson or Gaussian densities, though numerically and theoretically appealing, would fail to 
provide the bounded parameter space in which the data is defined.  
 
Finally, a mixed binomial approach [81] would be possible, but there is not enough justification or expected gains 
from increasing the complexity of the model, as this author admits, against the simpler binomial approach. Our 
approach is more parsimonious in the parameter space dimensionality implied by our distributional assumptions 
(with the evident trade-off for estimation). See [81]-[83] for more details. 
 
We choose to build the model on a set of coherent rules at the individual level, and from there induce a population-
based distribution. For this purpose, we adopt a two-stage approach for [82] defining the variables: 
 

 Step 1: In order to impose monotonicity on both sides of the mode, and since the shape of the distribution at 
the intra-respondent level is unknown, following [81] we assume a Binomial probability mass function for the 
responses, so that . The advantage of this approach is the direct interpretability of 

 as the expected value of the Likert-scale for each individual. Additionally, it ensures 

the coherence needed from an individually-driven monotonic set of preferences on either side of the mode: 
 if , or, . 

 Step 2: We are interested in modelling . We chose the sum as the sufficient statistic. Note 

that a factor decomposition of the question responses would be equivalent by construction to our approach, 
since the questions are assumed, by construction, to contain equivalent information.  can be shown to 

follow a Poisson-Binomial distribution for any arbitrary set . However, as seen in, this density can 

itself be safely approximated as a Binomial distribution, for cases where, at the individual level, the 
responses come from Binomial densities with similar . Since, as aforementioned, the questions are 

built such that, for coherent respondents,  are similar for each individual  across all its responses  

to the multiple questions composing that variable, then , where  is the unknown average 

probability for each of those questions, and . In fact, it can be shown from that this 

approximation allows for the location to be estimated correctly, while the scale error is always positive 
(introducing additional uncertainty in the model, rather than artificially compressing the density). This scale 
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error will have known bounds, ranging from  (for central values of , to  for extreme values of 

, for cases with a wide  range between the different  relating to a given question . 

As described in [81], our proposed model will be built on the assumption of  independent and identically 

distributed binary mini-trials embedded in the responses to each question for each of the Likert categories. The 
probability of each of those mini-trials will define the subject’s preferences. We are not claiming that the probabilities 
of responding in a given category to each question are the same between individuals, nor are we claiming that the 
probabilities are similar between variables for a given individual. We just assume that, for a given individual and for a 
given variable, those unknown probabilities driving his responses must be coherent for similar questions relating to 
that variable, even if the actual responses are different. 
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APPENDIX B-1: Model Description  

Let  be a set of observable pairs, corresponding to each of the  variables sampled, and each of 

the  individuals interviewed. Each of these pairs is composed by (1) an observed variable, which 

corresponds to the sum of observed responses to each of the questions in the survey, and (2) the maximum possible 
number of counts that this sum of observed responses can take (known at the time of survey design).  
 
Each  is assumed to be an independent realization of a binomial distribution with unknown probability  , which 

is both variable-specific and individual-specific. Therefore, there are  such unknown probabilities in our model. 

These probabilities are mapped, through a logistic link , to latent variables  , also unknown, which follow the 

specification driven by the proposed model approach in this paper.  
 
Our model will assume two sources of error added to the graphical model design: (1) Observational error: The 
responses that each individual give and/or the recording of those by the surveyor may not express the true 
underlying beliefs of those individuals. This error is embedded in the binomial probability mass function; (2) Model 
error: Although we propose a graphical model that relates the underlying variables, we are cognescent that every 
model is subject to misspecification. Thus we incorporate a Gaussian error term  in the model equations, which is 

built in the Bayesian context as the prior uncertainty about the latent coefficients . Therefore the precision term  

represents the degree of model misspecification in this approach. The larger this precision term results, the smaller 
our misspecification. These errors are assumed to be independent for each latent variable, a reasonable assumption 
for this application, although this assumption can be easily relaxed through the addition of a secondary hierarchy in 
the precision. 
 
The latent variables  relate to each other according to the model specifications, rather than the observed  which 

are observed only with error. Additionally, each of these latent variables  has a potentially nonzero average for the 

population parameter  , and each individual departs from that average on the basis of the value of the other latent 

factors that have a linear impact parameter , as well as a source of misspecification in the model. 

 
Regarding the choices for the hyper parameters, which are specified below, the misspecification error precision 
parameter,  is assumed a priori to have a reasonably large mean of  and flat density (the posterior mean resulted 

in a much larger value, implying a much smaller misspecification).  a priori are assumed to be centered around 

zero, though the posterior confirms clear departures from this prior representation indicating population biases. 
Similarly the  parameters are assumed to be centered around zero, equivalent to assuming the non-existence of 

the link between the latent variables , so that the data must be the driver to provide any evidence of existence of 

those links. The prior densities were chosen based on conjugacy criteria. Other hyper parameter values were tested, 
with no evidence of any difference in the conclusions or numerical estimates from the posterior distributions. The 
model can be expressed in its conditional form as: 
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