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Abstract: This study explores the factors that influence experts’ regular contribution to educational community question-
answering (CQA) platforms. Providing answers is essential for sharing knowledge on CQA platforms, but it also affects 
learners’ progressive inquiry. Therefore, the purpose of this study is to develop and test a theoretical model that aims to 
explain which factors influence whether experts answer questions on educational CQA platforms and how these factors 
correlate with each other to form a “map” of experts’ respective behavior. We examined experts’ perceptions of three 
dimensions: the CQA platform’s usability, the quality of questions asked, and the added value of answering these questions. 
We examined the factors involved in these dimensions from the perspective of the Theory of Planned Behavior to connect 
them with the experts’ perceptions, intentions, and actions on a CQA platform. As our case study, we took the 100mentors 
web and mobile app, a small-scale platform that addresses learning communities around the world, and we conducted a 
survey for their registered experts (N=126). The factorial structure indicated that experts first perceived the question quality 
mostly based on its relevance to their expertise or experience (question quality); secondly, that their intention to answer 
was mainly set by their motives to make a difference for the learner and partially by the user-friendliness of the platform 
(added value of answering and CQA platform’s usability); and finally, that their actions were connected to the regular use of 
the platform for answer-sharing (CQA platform’s usability). A future research challenge is to test the factorial structure in 
large-scale educational CQA platforms. The further confirmation of the expert behavior pattern can have a practical 
implication for the platforms to guide their expert community more efficiently and for the learners to pursue their learning 
through progressive inquiry. 
 
Keywords: Educational platform; expert contribution; theory of planned behavior; student questioning; expert motives; 
structural model 

1. Introduction 

 “An essential aspect of progressive inquiry is to set up questions or problems that guide the process of inquiry. 
Without a research question, there cannot be a genuine process of inquiry although traditional teaching often 
takes place without any questions whatsoever” (Hakkarainen, 2003). Fortuitously, in our digitally-networked 
society, learners are no longer exclusively dependent on formal education or textbooks to find the information 
they need, but can also ask their questions using search engines and social media. Using social media networks 
for learning purposes is also referred to as “social learning” (Guan, et al., 2018). Tools that are particularly useful 
for social learning include CQA platforms, which are rapidly increasing in both number and size (Figueroa, 2017). 
CQA platforms are online information repositories that develop dynamically with questions and answers posted 
by their users (Neshati, Fallahnejad and Beigy, 2017).  
 
However, to efficiently accommodate learners’ progressive inquiry, an increasing number of posted questions 
on the CQA platform is not enough: answers should be given as well, preferably by experts, namely by individuals 
“who are knowledgeable in a given topic” (Neshati, Fallahnejad and Beigy, 2017, p.1028). To make a CQA 
platform an effective source of information for learners, it is crucial that the question response rate is high. Yet, 
regardless of experts’ degree of participation on CQA platforms, many questions remain unanswered 
(Asaduzzaman, et al., 2013; Liu and Jansen, 2018; Procaci, et al., 2019; Yuan, et al., 2020). Although information 
technology literature has extensively explored the factors that influence experts’ answer-sharing on CQA 
platforms, there is remarkably little known about their participation on educational CQA platforms, wherein 
they address specific learning communities such as school classes and training programs with specific 
instructional goals (Le, Shah and Choi, 2017). Particularly in these cases, getting answers is essential for the 
development of learners’ progressive inquiry (Lakkala, 2008; Stokhof, 2018). Therefore, the purpose of this study 
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is to develop and test a theoretical model that aims to explain which factors influence whether experts answer 
questions on educational CQA platforms and how these factors correlate with each other to form a “map” of 
experts’ respective behavior (Burel, et al., 2015; Stokhof, Meli and Lavidas, 2021). In this respect, we developed 
a questionnaire based on the pertinent literature review and shared it with the experts actively using the 
100mentors educational platform. We used factor analysis of the questionnaire responses to validate and refine 
the factors that affect experts’ behavior and a structural model to identify experts’ question-answering behavior 
on the platform. This approach takes a further step in comparison to most previous relevant studies. It identifies 
the factors lying behind experts’ on-platform behavior and their correlations (e.g., Oh, 2012, Guan, et al., 2018) 
but also incorporates these factors into a pattern that interprets this behavior in terms of actual use (e.g., Lou, 
et al., 2013; Zhang, et al., 2019). 
 
To address our research objectives, we operationalized the Theory of Planned Behavior (TPB) as a framework 
that can efficiently interpret experts’ perception, intention, and action on an educational CQA platform (Section 
2). To establish valid connections between the TPB framework and experts’ behaviors, we reviewed the 
pertinent literature regarding experts’ perception of CQA platforms’ usability (Section 2.1), question quality 
(Section 2.2), and added value of answering (Section 2.3). Subsequently, we set up our two research questions 
(Section 3). Our methodological approach (Section 4) was based on implementing a design study that included 
developing a questionnaire based on the three dimensions mentioned above (Section 4.1). We shared it with 
the experts that actively use the 100mentors mobile application (Section 4.2), and we used parallel, factor, and 
PLS-SEM to analyze the responses (Section 4.3). The results (Section 5) include the research participants’ 
demographics (Section 5.1) and also address the two research questions separately: we present, on the one 
hand, the factorial analysis of the questionnaire items (Section 5.2) and, on the other hand, the structural model 
of the emergent factors (Section 5.3). We discuss these results considering our literature review (Section 6). 
Finally, we summarize our conclusions (Section 7), including potential practical implications (Section 7.1), 
limitations, and future research directions (Section 7.2). 

2. Literature Review 

As a first step towards a theoretical model, it is important to explore which factors may explain experts’ 
contributions and, more specifically, their question-answering behaviors on a given CQA platform. The TPB 
(Ajzen, 2015; Cheng, 2019) offers a valid theoretical framework as a basis for interpreting this decision-making 
process taking place in the minds of the experts. The TPB explains planned behavior as a strong correlation 
between a person’s positive perception of the added value of acting, the intention to act, and the actual behavior 
(Ajzen, 2015). When applied to the answering process, the TPB suggests that an expert first needs to perceive 
that a question is worth their while; that it is addressing their relevant expertise (perception of question). When 
the expert has a positive perception of the question’s quality, they might consider answering it (intention to 
answer). However, before putting intention into action, the expert may want to balance the added value of 
giving the answer with the cost it would require providing the answer; this can be significantly affected by their 
personal motives to allocate time and effort on this activity. In addition, the perceived ease of use of the CQA 
platform, as a proper means for sharing their relevant expertise, might also have an impact on whether they 
choose to share their answers. We expect that an expert is more likely to answer the question when the added 
value and ease of use outweighs the cost (the act of answering). 
 
In the light of the TPB, we argue that the factors implicated in experts’ question-answering behavior can be 
described within three different, yet interrelated, dimensions. These dimensions concern experts’ perception of 
a) CQA platforms’ usability, b) quality of questions, and c) added value of answering.  In the next paragraphs, we 
operationalize the factors addressing each dimension. 

2.1 Experts’ perceived CQA platforms’ usability 

The most prominent advantage of CQA platforms is the ease of communication afforded between users (Espina 
and Figueroa, 2017), as they interact through their asynchronously posted Questions and Answers (Q&As). The 
result is the “personalized content produced by means of the collective wisdom of the members of the 
community” (Figueroa, 2017, pp.11–12). If a CQA platform allows open access, its depository can quickly expand 
and become a large-scale or even massive knowledge base and thereby draw the attention of information 
technology researchers. Such examples of particular focus in the related research, include Yahoo! Answers (e.g., 
Blooma, Goh and Chua, 2012) and Quora (e.g., Wang, et al., 2013). 
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The focus of our work, however, is on educational CQA platforms. To more thoroughly investigate them, we 
used the 100mentors educational CQA platform (web and mobile applications) as our case study. The 
100mentors CQA platform drew our attention as its mission includes the improvement of question generation, 
formulation, and answering within educational/instructional settings. It is an educational technology platform 
that works with learners from any given learning community, with popularity among K-12 students. Most 
learners register on the platform at the invitation of an educator or a trainer, who creates the discussion topic 
on the platform under which these students post their questions. Each topic and each question are considered 
to be either subject-specific, thematic, or career-related and appears in the question feed of relevant “mentors.” 
They are referred to as “mentors” because they answer both subject- and career-related questions with the 
company’s intent to guide young learners in the long-term. As of March 2021, the 100mentors platform had 
more than 16,000 registered members (including at least 5,000 mentors), who have posted about 3,500 
questions and almost 6,000 answers. 
 
The usability of a CQA platform is the first dimension we investigated to identify factors that influence experts’ 
question-answering behavior. Zooming out, we must recognize that experts who provide answers through CQA 
platforms are, first and foremost, users of a virtual environment. However, contemporary research on CQA 
platforms has managed to zoom in, indicating particular elements and features for the usability of these 
environments (e.g., Nam, Ackerman and Adamic, 2009; Mamykina, et al., 2011; Chua and Balkunje, 2012). Chua 
and Balkunje (2012, p.211) utilized Nielsen’s heuristics (Nielsen, 1994) to elaborate on CQA platform usability in 
terms of efficiency, effectiveness, and satisfaction. In practice, experts experience these parameters through the 
website’s navigation, organization, and labeling, which are also present in and applicable to mobile applications. 
Chua and Balkunje (2012, p.212) made a distinction between information sharing (e.g., knowledge creation, 
external resource sharing, and answer notification) and information organization (e.g., categorization of 
questions, best answer selection, the establishment of user reputation, and answer period for open questions). 
 
The 100mentors platform is a relatively new entry into the CQA platform landscape; the app under investigation 
was launched in, 2018. Until now, the 100mentors app has not been analyzed by external academic sources as 
an educational technology product, although there have been, on numerous occasions, direct feedback surveys 
of the registered experts (Stokhof, Meli and Lavidas, 2020). Information sharing occurs through bite-sized 
knowledge creation, as experts record 100-second answer videos, and answer notifications are subsequently 
pushed to the askers’ learning community. Information organization is achieved through (a) question and 
respective answer tagging on the platform’s backend, (b) experts’ personalized feed, and (c) visibility of experts’ 
contributions (Chua and Balkunje, 2012). 
 
Although steps have been taken for facilitating the ease with which experts provide answers on the CQA 
platforms (Nam, Ackerman and Adamic, 2009; Mamykina, et al., 2011; Chua and Balkunje, 2012), the number of 
shared answers on large-scale CQA platforms is usually inadequate. About a decade ago, Mamykina et al. (2011) 
argued that general-purpose CQA sites had response rates between 60% and 90%, except of Stack Overflow (SO) 
at a rate of 92%. According to Liu & Jansen (2018), this continues to be the case for three well-known platforms. 
In their study, they mentioned that response rates were 88.2% for Yahoo!Answers, 66% for Naver Knowledge-
iN (KiN), and 92.6% for SO. There is no reason to assume that this would be different in the case of CQA platforms 
that are not massive. The 100mentors case confirms this hypothesis. Even though registered experts have 
viewed almost all their “assigned” questions (and in many cases, repeatedly), many of the questions remain 
unanswered. Given that these experts are already using a platform as a tool to seamlessly share their knowledge 
or expertise, they encounter questions that “do not worth their while.” Therefore, along with experts’ 
perception of particular features of CQA platforms, we consider that their perception of the questions’ quality 
and the added value of answering are vital for understanding their on-platform behavior and predicting their 
contribution. 

2.2 Experts’ perceived quality of questions on CQA platforms 

The benefits associated with question formulation justify an emphasis on question facilitation on educational 
CQA platforms, as in 100mentors. Raising questions supports active learning because formulating questions 
exceeds mere reception of information and requires learners to use higher levels of thinking (Albergaria-
Almeida, 2010). Question formulation also leads to adaptive learning, as self-raised questions derive from 
learners’ existing knowledge structures and personal interests, thus aligning with personal developmental levels 
and preferences (Newman, 2008). Indeed, questioning supports the development of metacognitive knowledge 
and skills, as learners must become aware of what they know or do not know, as well as their need to set 
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objectives for their inquiry. When these questions receive answers, learners monitor, evaluate, and reflect if and 
how the answer matches with the information they sought and continue their journey into metacognitive 
knowledge (Veenman, 2006). Furthermore, the accumulating evidence in recent research suggests that with the 
proper support, learner questioning is self-motivating, supporting basic psychological needs such as autonomy, 
competence, and relatedness (Herranen and Aksela, 2019; Ryan and Deci, 2020). 
 
The quality of questions is the second dimension that may influence experts’ question-answering behavior 
(Baltadzhieva and Chrupała, 2015). It raises the question of how we should operationalize question quality. In 
the present study, the quality of questions was not compared to an objective standard or examined from the 
learners’ perspective. Instead, we focused on the perspective of the experts to find out which question quality 
factors played a role in their answering behavior. Determining what criteria could be used to measure experts’ 
perception of questions is, nevertheless, complicated. In the literature, relatively little is known about experts’ 
perception of question quality. On the other hand, from the learner’s perspective, only three criteria for 
assessing quality are considered to be significant (Stokhof, 2018): a) the relevance of the question (does it focus 
on the information needed?), b) the feasibility of the question (is it feasible for the learner to receive an 
answer?), and c) the learning potential of the question (does the answer contribute to learning progress?). 
 
Relevance seems to be a criterion on how experts assess question quality. Unclear questions are less likely to 
receive answers, and unclear tagging of questions prevents experts from finding the questions that are relevant 
to their expertise (Baltadzhieva and Chrupała, 2015). Although “hard to answer'' might be a criterion for good 
questions for some (LaToza and Myers, 2010), most experts might not be willing to answer questions that require 
too much effort to answer properly (Liu and Jansen, 2018). Similarly, Hao, Shu and Irawan (2014) found that 
users in SO were actually less likely to answer complex questions. Therefore, the feasibility of the questions is 
also a criterion that influences experts’ response rate. Finally, there are indications that the perceived learning 
potential also plays a role in question-sharing.  Liu and Jansen (2018) found that the informativeness of 
questions, that is, to what extent they provided potential respondents with sufficient information to understand 
what was asked, correlated with higher response rates. Hao, Shu and Irawan (2014) reported that users in SO 
preferred questions that contained a reasonable amount of information, specified the questioner's need, and 
required opinions from different perspectives. This suggests that the more focused and personalized questions, 
which offer greater learning potential, are more attractive for experts to answer. By contrast, question features 
like length or quality were not correlated with response rate (Baltadzhieva and Chrupała, 2015). Moreover, Hao, 
Shu and Irawan (2014) reported that the overall look and feel of questions did not affect a user’s decision to 
answer. We thus conclude that the criteria of relevance, feasibility, and learning potential seem to mold experts’ 
perception of the questions at hand and, subsequently, affect experts’ intention and action to answer. We argue 
that these criteria are efficient for exploring if and how experts perceive and utilize question quality on an 
educational CQA platform. 

2.3 Experts’ added value of answering on CQA platforms 

Intrinsic and extrinsic motives as the main vehicles toward the added value of answering is the third dimension 
of investigation for factors that influence experts’ question-answering behavior. Several intrinsic motives 
influence experts’ contribution to CQA platforms. Intrinsic motivation derives from one’s inherent satisfaction 
in performing a behavior (Lou, et al., 2013). For experts participating on CQA platforms, this behavior relates to 
the act of answering questions. According to Jin, Lee and Cheung (2009), experts’ satisfaction is the key 
determinant of continued intention to answer questions. Their satisfaction can derive from the fulfillment of 
different intrinsic incentives: altruism, self-efficacy, and enjoyment are the most distinctive among them. First, 
experts’ altruism is reflected by their benevolent allocation of time and effort to provide answers, most often 
without expecting any compensation. Altruism plays a significant role in CQA platforms with a broad range of 
content (e.g., Nam, Ackerman and Adamic, 2009; Lin and Huang, 2013; Shang, Wu and Li, 2017). Secondly, 
experts’ self-efficacy on CQA platforms relates mostly to experts’ self-confidence and self-worth (Nam, 
Ackerman and Adamic, 2009; Zhang, et al., 2019) which can be positively implicated in their expertise or 
experience sharing. Last but not least, in terms of intrinsic motives, experts find answering on CQA platforms 
enjoyable (Oh, 2012; Shang, Wu and Li, 2017) and especially when helping other people (Jin, Lee and Cheung, 
2009; Lou, et al., 2013; Fang and Zhang, 2019). 
 
In addition to showing the importance of intrinsic motives for answering questions, the literature also shows 
that experts may have extrinsic motives for doing so. Extrinsic motivation (or extrinsic/external regulation), in 
contrast to intrinsic motivation, relates to one’s expectation of achieving a favorable outcome (Ryan and Deci, 
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2000; Lou, et al., 2013). For experts who actively answer questions on CQA platforms, such favorable outcomes 
are mostly related to enhancing their reputation and positive social engagement. First, experts’ reputations on 
CQA platforms are, more often than not, directly leveraged through features that are designed exclusively to 
illustrate users’ accomplishments on and off the platform. This usually creates a way to reward experts for their 
ongoing contributions (Jin, Lee and Cheung, 2009; Lou, et al., 2013). Several gamification features such as 
sophisticated point systems (Nam, Ackerman and Adamic, 2009; Mamykina, et al., 2011), badges, and up/down 
votes may also be present (Zaza, Junglas and Armstrong, 2019). Secondly, social engagement refers to a 
perceived sense of belonging in a community and the establishment of relations with other members of this 
community (Oh, 2012). Experts may be attracted to a CQA platform due to their interest in its community and 
their desire to be part of it (Oh, 2012). In addition, one can find the norms of reciprocity that may urge experts 
to provide answers as part of their social exchange within the community (Oh, 2012; Wu and Korfiatis, 2013; 
Guan, et al., 2018). 
 
Both intrinsic and extrinsic motives have a remarkable impact on experts’ intention to answer questions on CQA 
platforms, particularly on educational ones. Such incentives appear to flourish somewhere between an experts’ 
perception of question quality and subsequent action toward questions on the platform; in other words, they 
may play a significant role in their decision to answer. 

3. Research Questions 

Questions can be generated in any context before they reach experts on any given online CQA platform. 
Therefore, experts are often on the receiving end of questions that are, to a great extent, “out of context” for 
them. We suggest that these seemingly unmoored questions carry several objective characteristics that account 
for experts’ perception of their quality. Yet, our hypothesis is that an experts’ decision to act on a question does 
not entirely depend on their perception of the questions’ objective characteristics. For an expert to progress 
from perception to action, a clear intention to answer a particular question should be formed. This intention 
may depend on the experts’ intrinsic and extrinsic motives that further explain their attraction toward a 
particular question, as well as the CQA platform’s user-friendliness for contributing a seamless response to a 
given question. Therefore, our main objective is to identify patterns (in the form of a structural model) that can 
map experts’ perception, intention, and action in answering questions on educational CQA platforms, such as 
100mentors.  
 
Our research questions (RQ), therefore, are the following: 
RQ1: What are the factors that affect experts’ contributions to question-answering platforms? 
RQ2: How do these factors interact with each other? 

4. Research Methodology 

4.1 Research strategy and instrument 

This research followed the strategy of a design study. To pursue our research objectives, a research instrument 
needed to be developed. First, we developed the theoretical framework and hypothesis for the research 
instrument, which was informed by the literature review. Then, based on this framework, we formed the items 
for a pilot questionnaire. Consequently, we tested this pilot questionnaire with a small sample of experts on the 
100mentors platform (N=9). To evaluate the instrument, we conducted qualitative and quantitative analyses. 
Based on the results of our analyses (Stokhof, Meli and Lavidas, 2020), we revised the pilot questionnaire and 
developed the final one that was ultimately used for this research. The questionnaire was validated through 
Exploratory Factor Analysis (EFA, see Section 4.3). 
 
The developed questionnaire investigated the three dimensions defined in our literature review. It included 32 
closed-ended items, based on the factors highlighted within each area of interest. The responses to the closed-
ended items were indexed on a 7-point Likert-type scale, with “strongly disagree” at the lowest end (value 1) 
and “strongly agree” at the highest end (value 7). A response to all close-ended questions was mandatory; 
therefore, there were no missing values. In addition, the questionnaire included 4 demographic questions 
(gender, nationality, age, and scientific field of expertise). 
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4.2 Research sample and data collection 

The 100mentors team provided a user list of all 1,151 registered experts (“mentors”) that had the mobile 
application installed on their devices from February 2019 until June 2020; therefore, we consider this to be a 
convenience sample (Cohen, et al., 2007). In total, 126 experts (more than 10% of the list) participated in this 
study. 
 
The questionnaire was set up in a Google Form and the link was sent to potential participants on three different 
occasions during June 2020. First, they received an email that explained the purpose of the survey and a call-to-
action to participate. Then, two weeks later, they received a reminder email with the same link. Finally, they 
received a final invitation as part of the monthly newsletter sent by the 100mentors team. In all cases, potential 
participants were informed that the survey was anonymous, and the collected data would be used for research 
purposes only. 

4.3 Data analysis strategy 

Initially, we conducted a parallel analysis to determine the structure of the factors of experts’ responses in the 
32 closed-ended questionnaire items (Horn, 1965). Considering the number of components indicated by the 
parallel analysis, we conducted EFA using the principal component analysis method to investigate the structure 
of the instrument. The literature review allowed some hypotheses to be made in advance regarding the factors 
that the items would form within each dimension, but ultimately the EFA determined the structure of the model 
(Hair, et al., 2017). 
 
Subsequently, we applied Variance-Based Structural Equation Modeling (VB-SEM), and, more specifically, Partial 
Least Squares-SEM (PLS-SEM) analysis (Sanchez, 2013; Hair, et al., 2017). PLS-SEM is a contemporary 
multivariate data analysis method for analyzing relationships between multiple sets of variables (Hair, et al., 
2017). This analysis offers flexibility on normality distribution and sample sizes (Hair, et al., 2017). With the PLS–
SEM analysis we assessed a) the measurement model in terms of its reliability and the validity of its factors and 
b) the structural model (Hair, et al., 2017). Parallel analysis, factor analysis, and PLS-SEM were all conducted in 
R (R Core Team, 2018) with the use of the psych (Revelle, 2020) and the plspm package (Sanchez, Trinchera and 
Russolillo, 2017).  

5. Results 

5.1 Participants’ demographics 

The participants’ demographics are presented in Table 1. To identify multivariate outliers, we used Mahalanobis’ 
distance with a Chi-square probability threshold of .001 (Mahalanobis, 1936). Six participants were identified as 
multivariate outliers; therefore, the final sample size was N=120. 

Table 1: Participants’ demographics (N=126) 

Characteristic Percentage (%) 

Gender  

Men 60.3 

Women 38.1 

Not disclosed 1.6 

Nationality  

Greece 50 

India 16.7 

United Kingdom 6.3 

Germany 4.8 

United States 2.4 

Other 19.8 

Age  

<=26 14.3 

27-35 34.1 

36-44 21.4 

45-53  18.3 

>=54 10.3 

Not disclosed 1.6 
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Scientific Fielda  

Business Management 50.8 

Humanities 27.8 

Economics 23.8 

Physics 19.0 

Computer Science 14.3 

Mathematics 9.5 

Health  5.6 

Other 13.4 
a Each participant can disclose more than one field 

 
Considering that 100mentors is a Greek start-up, it was expected that many experts would be Greeks. The high 
percentages of experts involved in Business Management were explained due to the 100mentors’ strategic focus 
on this scientific field and the “recruitment” of pertinent experts from well-known companies. 

5.2 Factorial structure of the questionnaire items 

To answer our first research question, we used parallel analysis and, subsequently, exploratory factor analysis. 
First, to identify the definitive number of factors, we used a principal component analysis method, through which 
two thousand datasets based on permutations of the raw data were generated; this large number of datasets 
allowed more precise and reliable results (O’Connor, 2000). These datasets indicated that five factors had 
eigenvalues above the corresponding 95th percentile estimates. Secondly, we used the principal component 
analysis method with oblique rotation to extract the factorial structure of the 32 items for these five factors. 
Bartlett’s Test of Sphericity (p<0.001) indicated that the correlation between the items was adequate for factor 
analysis. In addition, Kaiser-Meyer-Olkin (KMO=.790) and Measure Sample Adequacy (MSA at least .655) 
revealed that experts’ answers were able to form a satisfactory factorial structure (Field, 2018). However, four 
items, related to experts’ extrinsic motives and question qualities, presented very low loadings (λ < 0,4) and 
were excluded to ensure the content validity of the research instrument (Hair, et al., 2017). 
 
Using the same method, factor analysis of the remaining 28 items indicated that the five extracted factors 
explained 61.55% of the total variance (Factor 1: 25.43%; Factor 2: 14.65%; Factor 3: 9.36%; Factor 4: 6.53%; 
Factor 5: 5.58%). Considering the clusters of items that have been formed as a result of our factor analysis, each 
of the extracted factors was assigned a clear designation: the first factor represented the Perceived Ease of Use 
(PEU), the second described the Perceived Question Quality (PQQ), the third represented the Expert Intrinsic 
Motives (EIM), the fourth represented the Expert Extrinsic Motives (EEM), and finally, the fifth represented the 
Behavioral Intention to Use (BIU). Each of the extracted factors can be clearly appointed to one of the three 
dimensions that guided the development of the questionnaire: a) PEU and BIU adhere to the CQA platforms’ 
usability, b) PQQ to the quality of questions, and c) EIM and EEM to the added value of answering. 
 
Table 2 presents the measurement model and the items that each factor included. Subsequently, we evaluated 
the measurement model using PLS-SEM analysis. As Hair et al. (2017) highlighted, all items with loadings 
between .4 and .7. should be excluded from the measurement model if such an action would lead to an increased 
convergent validity. Therefore, we excluded four items related to question qualities with loadings close to .5, 
maintaining the instrument’s content validity. A measurement model derived from the 24 remaining items; 
Cronbach’s Alpha (α) and Composite Reliability (CR) (Raykov, 1997) higher than 0.8 indicated a high level of 
internal consistency reliability for all factors. Moreover, the Average Variance Extracted (AVE), which was higher 
than 0.5 for each construct, indicated a satisfactory convergent validity (Hair, et al., 2017). 
 
Finally, Table 3 shows Pearson product-moment correlation coefficients and discriminant validity coefficients. 
The square root of each construct AVE was greater than all correlations among factors (Fornell and Larcker, 
1981). Also, Heterotrait - Monotrait (HTMT) ratios between-trait correlations to the within-trait correlations 
were less than .85 (Henseler, Ringle, and Sarstedt, 2015); therefore, the discriminant validity was considered 
established. In examining the correlation coefficients among the five factors (see below-diagonal values in Table 
3), we found that the BIU has a moderately positive correlation with EIM, the EEM, and the PEU. This finding 
indicated that the regularity of experts’ contributions to the platform was connected to most of the factors. That 
is to say: experts’ intrinsic and extrinsic incentives, in addition to the platform’s user-friendliness, could have 
influenced their answer-recording behavior. Another noteworthy correlation of the same intensity is found 
between EEM and EIM (.502), confirming that experts’ intrinsic and extrinsic motives saw overlap on several 
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occasions. All other correlations were also positive but weaker. Of special note are the weak correlations the 
PQQ had with all factors, which indicates that the perceived quality of questions did not directly affect experts’ 
intention and action. To explore the exact course of interactions between our factors, we constructed their 
structural model. 

Table 2: Descriptive statistics, reliability, and convergent validity indexes of the measurement model 

Factors and items Mean (SD) λ α CR AVE 

EEM 5.89(.79)  .844 .906 .760 

My answers can have an impact on learners' field knowledge.  .914    
My answers can have an impact on learners' studies and career 
choices.  .845    
My answers make me feel helpful or inspiring to learners.  .855    
BIU 5.55(1.04)   .845 .897 .681 

I intend to use the 100mentors app to assist learners.  .838    
I intend to use the 100mentors app as often as possible.  .815    
I intend to use the 100mentors app in the future.  .861    
My answers can encourage me to answer more questions.  .785    
PEU 5.41(1.13)  .849 .893 .625 

The 100mentors app is clear and understandable for me to 
interact with.  .874    
It is easy for me to handle my settings on the 100mentors app.  .855    
It is easy for me to find help/assistance for the use of the 
100mentors app.  .833    
It is easy for me to select suitable questions on the 100 mentors 
app.  .757    
It is easier for me to answer questions that are in video format 
instead of text.   .603       

EIM 5.18(1.05)  .818 .874 .581 

My answers can offer me enjoyment.  .724    
My answers can strengthen my confidence in my own expertise 
or experience.  .856    
My answers can help me become more effective in my job.  .740    
My answers can help me to become more aware of my 
expertise or experience.  .817    
My answers can help me expand my social network.  .658    
PQQ 4.89(1.10)  .847 .884 .521 

I will only answer questions that are clearly formulated.  .740    
I will only answer questions that are relevant to my expertise 
or experience.  .702    
I will only answer questions that I find intriguing.  .793    
I will only answer questions that have a clear focus on my field.  .705    
I will only answer questions that I can explain easily to learners.  .663    
I will only answer questions that will lead to learners' 
understanding of my field.  .746    
I will only answer questions that will enhance learners' curiosity 
about my field of expertise.  .698    
Notes: PEU: Perceived Ease of Use; BIU: Behavioural Intention to Use; PQQ: Perceived Question Quality; EEM: Expert 
Extrinsic Motives; EIM: Expert Intrinsic Motives; α: Cronbach's Alpha; λ: factor loadings; SD: Standard Deviation; CR: 
Composite Reliability; AVE: Average Variance Extracted 

Table 3: Discriminant validity and Pearson product-moment correlation coefficients 

Factors BIU PQQ EEM EIM PEU 

BIU (.825) .289 .532 .659 .494 

PQQ .217 (.722) .308 .229 .292 

EEM .467 .251 (.872) .630 .256 

EIM .580 .145 .502 (.762) .378 

PEU .436 .271 .287 .357 (.791) 

Notes: Diagonals in parentheses are square roots of the AVE from items. Below-diagonal are correlations among factors 
and above-diagonal are HTMT ratios of correlations. PEU: Perceived Ease of Use; BIU: Behavioural Intention to Use; PQQ: 
Perceived Question Quality; EEM: Expert Extrinsic Motives; EIM: Expert Intrinsic Motives 
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5.3 Structural model of factors 

To answer our second research question, we constructed a structural model and tested the significance of the 
path coefficients (Hair, et al., 2017). We calculated these path coefficients and their 95% confidence intervals by 
bootstrapping, a resampling procedure using 5,000 samples with replacement from the original data set 
(Sanchez, 2013). In 5 out of 10 cases, the direct path coefficients confidence intervals did not include zero. 
Moreover, the statistically significant path coefficients ranged between a medium and a large effect (Cohen, 
1977). 
The PQQ did not significantly contribute to direct connections with other factors. The only supported path 
initiated from the PQQ was the one leading to EEM (β=.250, p<.05). EEM, in turn, supported transitions only 
toward the EIM (β=.497, p<.05), which solidified the strong connection between experts’ intrinsic and extrinsic 
motives. Another interesting finding was that EEM did not directly lead to platform-related factors (PEU and 
BIU).  EIM opened two different pathways: one that established a direct connection with the BIU (β=.280, p<.05) 
and one that pointed to the PEU (β=.250, p<.05). Moreover, the PEU appeared to have a connection with the 
BIU (β=.226, p<.05), which was an expected outcome since both factors referred to the actual use of the 
platform. Finally, the four factors (PQQ, EEM, EIM, and PEU) explain 43% of the BIU total variance. 
Based on these results, indicating which were and were not supported paths, we constructed the structural 
model of factors (Fig. 1). In the scope of the TPB, the PQQ factor reflected experts’ initial perception of the 
questions they might answer. Therefore, it was set as the starting point of the structural model. On the other 
end of the mode, the BIU factor was linked to experts’ platform use regularity in answering questions, and thus 
to whether they acted on learners’ questions. The factors lying between the PQQ and the BIU in the structural 
model (EEM, EIM, and PEU) reflected experts’ intention to progress from the perception of a question to their 
action on this question. The paths that were not supported and thus were not included in the structural model, 
illustrated the connections that experts did not systematically make in their perception of, intention toward, 
and action on the question at hand. 

 

 

Figure 1: Structural model of factors with path coefficients (supported paths only). 

6. Discussion 

This study explored the factors that influence the regularity of experts’ contributions to educational CQA 
platforms. For this purpose, we used the 100mentors platform as our case study and analyzed the questionnaire 
responses that registered experts (“mentors”) provided. Based on the pertinent literature, our focus was on 
exploring experts’ perceptions of three distinctive, yet interrelated, fields: CQA platform usability, quality of 
encountered questions, and added value of answering (intrinsic and extrinsic motives). 
 
We found that five factors can describe experts’ behaviors in this context: (a) experts’ extrinsic motives, (b) 
experts’ intrinsic motives, (c) the platform’s ease of use, (d) experts’ behavioral intention to use the platform, 
and (e) experts’ perception of the quality of questions. Most existing relevant studies focus on experts’ 
incentives for sharing their answers on CQA platforms, indicating the added value they find in this activity. 
Although the distinction between intrinsic and extrinsic motivation is well defined in the literature (e.g., Shang, 
Wu and Li, 2017; Ryan and Deci, 2020), we confirmed that there is a strong correlation between these two 
factors (Lou, et al., 2013), which may explain the lack of consensus on the categorization of the several items 
suggested in the literature as merely “intrinsic” or “extrinsic” incentives.  Concerning the factor of extrinsic 
motives, which saw the highest degree of agreement, our results confirmed that, by answering, experts intent 
to make a difference for learners at a personal or educational/vocational level and help other people (Jin, Lee 
and Cheung, 2009; Lou, et al., 2013; Fang and Zhang, 2019), enjoyment (Oh, 2012; Shang, Wu and Li, 2017), self-
efficacy (Nam, Ackerman and Adamic, 2009; Oh, 2012; Lou, et al., 2013; Zhang, et al., 2019), and social network 
expansion (Oh, 2012). 
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CQA platforms’ usability is widely addressed in the informational technology framework (e.g., Nam, Ackerman 
and Adamic, 2009; Shah and Pomerantz, 2010; Mamykina, et al., 2011) and, to a certain degree, can explain 
experts’ initial registration and continued retention on such platforms. The existing literature focuses, to a great 
extent, on large scale generic (Chua and Balkunje, 2012) and educational CQA platforms, such as SO 
(Asaduzzaman, et al., 2013), that allow the quantitative analysis of experts’ interaction with the several features. 
Although the 100mentors platform cannot be directly comparable to the massive platforms, the experts’ 
perceived ease of use confirms previous research’s findings. Evidently, the items forming this factor presented 
rather strong agreement among experts, specifically with regard to items of clear user interaction, assistance 
availability, and content organization (Nielsen, 1994; Kumar and Goundar, 2019). Concerning the experts’ 
behavioral intention to use the 100mentors app, we found that experts’ previous answer-sharing activity worked 
as a retention motive. However, this item remains controversial for the pertinent research, as some works found 
its contribution significant (e.g., Burel, et al., 2015), while others report it as indifferent (e.g., Hao, Shu and 
Irawan, 2014). For the 100mentors’ case, we argue that the key to the interpretation of the experts’ continued 
answering, as a behavioral feature, can be found in its positive correlation with the experts’ intention to help 
young learners through the app. 
 
While there is a breadth of research evidence on evaluating answer quality on CQA platforms (e.g., Shah and 
Pomerantz, 2010), this is not the case for evaluating question quality, for which research remains limited and 
refers mostly to the questions’ formative characteristics, such as textual features and presentation (e.g., Hao, et 
al., 2014; Calefato, et al., 2015; Liu and Jansen, 2018). However, in the current research, we examined how 
experts perceive the question quality in terms of content. The items that formed the question quality factor 
contributed to relatively low loadings and saw a mediocre degree of agreement. This finding supports previous 
research that shows that the question itself does not determine experts’ answering behavior (Asaduzzaman, et 
al., 2013; Hao, Shu and Irawan, 2014; Calefato, et al., 2015). However, within this factor we found that a 
question’s relevance to experts’ expertise or experience was the characteristic they appreciated the most. This 
result is in agreement with preceding studies (Baltadzhieva and Chrupała, 2015) and explains to a great extent 
the on-going research for accurate expert-question matching on CQA platforms (Procaci, et al., 2019; Yuan, et 
al., 2020). This characteristic was also related to the question’s clarity (Asaduzzaman, et al., 2013; Hao, Shu and 
Irawan, 2014; Baltadzhieva and Chrupała, 2015) and challenging nature (Oh, 2012; Procaci, et al., 2019). At the 
same time, question feasibility and learning potential issues did not concern experts to a significant extent (Hao, 
Shu and Irawan, 2014; Liu and Jansen, 2018). 
 
To get a further understanding of our results, we constructed a structural model that indicated the ways in which 
these factors connected. In the pertinent literature, one can find a limited number of similar approaches that 
address relevant research objectives. Zhang et al. (2018) developed a structural model of factors (individual 
cognition and community environment), with the operationalization of a knowledge co-creation framework in 
the social Q&A community. Lou et al. (2013) utilized the self-determination theory to find correlations between 
motivation factors and questions quantity/quality. In our study, however, we took a different approach by 
examining the supported paths under the scope of the TPB (Ajzen, 2015; Cheng, 2019). First, we observed 
that experts indicated that they perceive a question objectively, implicitly “evaluating” its quality in terms of 
relevance, feasibility, and learning potential; yet, our findings indicate that experts actually perceived the 
question quality subjectively, based on its relevance to their own expertise or experience, which guided their 
further intention and action. Secondly, experts’ intention was set mainly by their extrinsic and intrinsic motives, 
stemming from their aspiration to make a difference for the learner and, to a lesser degree, by the user-
friendliness of the platform. Finally, experts’ action was linked to their regular use of the platform for answer-
sharing. Our conclusions supported the selection of the TPB as a proper framework for the interpretation of our 
results in general, and of the structural model in particular. From our point of view, the TPB was proven “all-
inclusive” in the sense that it holistically described the experiences of experts on educational CQA platforms. 

7. Conclusions 

This study explored experts’ behaviors on educational CQA platforms, especially regarding their regular answer 
contributions. An innovation point, in comparison to the existing literature, is the convergence of three 
implicated dimensions that, so far, have been examined only separately. Another innovation is the development 
of the factorial structure for “mapping” experts’ interactions with the CQA platforms. At the same time, the 
current research explores which factors influence experts’ online contributions, there is no mention, as far as 
we know, of how these factors interact with each other. This is particularly important for interpreting and 
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predicting experts’ behaviors on CQA platforms for both educational and technological purposes (Stokhof, Meli 
and Lavidas, 2021). 
 
Our results indicated that experts first perceived a question in terms of quality, then their intention to answer 
was set mainly by their extrinsic-intrinsic motives and the perceived ease of use of the CQA platform, and, finally, 
their action was linked to the regular use of the platform to share answers. Although these results could be 
generalizable for both general-purpose and education-specific CQA platforms, they may make more sense for 
the latter than the former. Since experts were aware that they were responding to learners, who could also be 
quite young, we posit that they may have made allowances for the questions’ quality. Also, they were clearly 
guided by their desire to have an impact on the learners’ subject knowledge and/or career choices; this is exactly 
what they have signed up for on any given educational CQA platform, such as 100mentors, which also promotes 
mentor-like attitudes. In addition, the clarity and ease of interactions with the platform played a role in their 
intention to use the platform often in the future in order to “assist the learners.” 

7.1 Practical implications 

In the light of the TPB, the factorial structure of our analysis indicated that the questions posted on an 
educational CQA platform are the elements that may or may not trigger an expert to respond. To attract and 
retain experts on educational CQA platforms, the respective features should be designed in a way that matches 
their line of perception, intention, and action. Still, we submit that questions are the heart of this process, 
wherein incentives and platform usability can improve question favorability. To get answers on CQA platforms, 
learners should not only generate questions that are highly relevant to the topics at hand, feasible for experts 
to answer, offer learning potential for the asker and/or the community, but also formulate these questions in a 
way that adheres to experts’ thirst for sharing knowledge and experience (e.g., the emergence of potential social 
impact, direct need for advice/inspiration). To actually get inquiry going, informational technologies should 
employ educational consulting in order to efficiently bridge the needs of educational CQA platform users, who 
may be joining the community for similar educational purposes but have dissimilar incentives and concerns. 

7.2 Limitations and future research directions 

This study had some limitations that should be addressed in future research. First, a convenient and small sample 
was used from the pool of 100mentors’ registered experts; a larger scale of participation in the survey may have 
resulted in more robust findings. Secondly, the fact that experts were asked to present their personal perception 
and intention to use a technological system is an issue that usually leads to common method variance (Lavidas 
and Gialamas, 2019); to minimize this effect, future research with a larger sample can collect data for different 
factors from different groups of experts (Chang, Van Witteloostuijn and Eden, 2010). Taking the above 
limitations into account, the next, most urgent future research challenge is the extensive testing of the factorial 
structural model in large-scale educational CQA platforms and general-purpose CQA platforms. 
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Appendix 

Questionnaire Items 

CQA platform's usability 

1.1) The 100mentors app is clear and understandable for me to interact with. 

1.2) It is easy for me to handle my settings on the 100mentors app. 

1.3) It is easy for me to find help/assistance for the use of the 100mentors app. 

1.4) It is easy for me to select suitable questions on the 100 mentors app. 

1.5) It is easy for me to answer questions in less than 100s. 

1.6) It is easier for me to answer questions that are in video format instead of text. 

1.7) I intend to use the 100mentors app to assist learners. 

1.8) I intend to use the 100mentors app as often as possible. 

1.9) I intend to use the 100mentors app in the future. 

1.10) What did we forget to ask you about your user experience within the 100mentors app? 

QUESTION QUALITY 

2.1) I will only answer questions that are clearly formulated. 

2.2) I will only answer questions that are relevant to my expertise or experience. 

2.3) I will only answer questions that I find intriguing. 

2.4) I will answer questions that only experts can answer. 

2.5) I will only answer questions that have a clear focus on my field. 

2.6) I will only answer questions that I can explain easily to learners. 

2.7) I will answer a question although its answer can be found in textbooks. 

2.8) I will only answer questions that don't require me to research further. 

2.9) I will only answer questions that will lead to learners' understanding of my field. 

2.10) I will only answer questions that will enhance learners' curiosity about my field of expertise. 

2.11) I will only answer questions that I think learners should ask. 

2.12) I will answer a question although it has already been answered by another mentor. 

2.13) What did we forget to ask you about the questions you find within the 100mentors app? 

ADDED VALUE OF ANSWERING 

3.1) My answers can have an impact on learners' field knowledge. 

3.2) My answers can have an impact on learners' studies and career choices. 

3.3) My answers can help me become more effective in my job. 

3.4) My answers can encourage me to answer more questions. 

3.5) My answers can provoke other experts to answer. 

3.6) My answers can be rewarding through positive feedback. 

3.7) My answers can offer me enjoyment. 

3.8) My answers can strengthen my confidence in my own expertise or experience. 

3.9) My answers make me feel helpful or inspiring to learners. 

3.10) My answers can help me to become more aware of my expertise or experience. 

3.11) My answers can help me expand my social network. 

3.12) What did we forget to ask you about your mentor identity in the 100mentors app? 

DEMOGRAPHICS 

I identify my gender as... 

My age group is... 

The country I currently live in is... 

The fields of expertise that I chose for my 100 mentors app feed are... 
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