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Abstract  

Advice-giving systems (AGSs), sometimes also called recommendation agents or recommender sys-

tems, are decision aids software that provide users personalized recommendations based on users’ 

unique preferences or needs (Xiao and Benbasat, 2007; 2014). Due to their effectiveness in reducing 

users’ information overload (Komiak and Benbasat, 2007) and facilitating users’ decision-making 

process (Wang and Benbasat, 2008), AGSs have been considered as key influential factors of the suc-

cess of online shopping websites in facilitating product customization and increasing revenue in e-

commerce (Komiak and Benbasat 2006).  

First-generation AGSs generate advice by asking users to explicitly indicate their product attribute 

preferences or needs. Such systems are usually labelled as content-filtering recommendation agents 

(Wang and Benbasat, 2005) and provide users with recommendations that best meet their preferences. 

Users who rely on such advice-giving systems to make decisions need to have a clear idea about their 

needs, to spend effort in identifying them, and then expressing or conveying them to the AGS. In recent 

years, another kind of AGSs, what we will label as second-generation AGSs, have become increasing-

ly popular. Examples of second-generation AGSs include recommendations that appear in the homep-

ages of websites such as Amazon, eBay, and Netflix, and content/ad push in websites like Facebook 

and Twitter. Unlike first-generation AGSs which directly ask users to provide their inputs of needs, 

second-generation AGSs implicitly collect and identify users’ information, such as users’ demographic 

information, past browsing behaviors, purchase behaviors, relationships with other users (Briggs and 

Smyth, 2006; Zhou et al., 2012), etc., and use these information as the input for their advice-

generating process. In addition, compared to first-generation AGSs, second-generation AGSs employ 

more complex techniques to analyze data from a diverse set of input sources and generate advice for 

their users accordingly. Item-based collaborative filtering, an algorithm that generates advice similar 

to what users have adopted/bought before, and user-based collaborative filtering, an algorithm that 

offer users advice liked by other users who are similar to them, are basic techniques that support sec-

ond-generation AGSs (Konstan and Riedl, 2012; Zhou et al., 2012). Based on these techniques, more 

advanced AGS models have already been suggested (Briggs and Smyth, 2006; O'Donovan and Smyth, 

2005; Walter et al., 2008). For example, some researchers proposed a new kind of users-based col-

laborative filtering models that take into consideration the trust relationship among users (Zhou et al., 

2012) to provide users with advice that are liked by other users whom they trust more. 

Due to the effective decision aids AGSs bring to website users, it is important for website managers to 

know how to maximize user adoption of their AGSs in order to attract more users and increase web-

site profits. Trust, as a crucial influential factor in IT adoption, has been shown to have an influence 

on users’ adoption of AGSs (Al-Natour et al., 2008; Komiak and Benbasat, 2006; Wang and Benbasat, 

2005; 2008) and product purchase intentions (McKnight et al., 2002; Wang and Benbasat, 2007). Us-
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ers’ trusts in AGSs can be influenced by a number of antecedents (for a summary, see Söllner, Benba-

sat, Gefen et al., 2016; Söllner and Leimeister, 2013). According to the framework developed by Wang 

and Benbasat (2008), we summarized the trust antecedents of AGSs, for both first- and second-

generation ones that have already been studied in the existing literature, into six categories, namely 

dispositional reasons, institutional reasons, heuristic reasons, calculative reasons, interactive reasons, 

and knowledge-based reasons. Dispositional reasons include users’ general predispositions to trust 

other parties. Institutional reasons include societal structures (e.g., legislation, rules, and third-party 

assurances) that people believe will make an environment trustworthy. Heuristic reasons include us-

ers’ impressions of the website/e-vendor and users’ past experiences with the system. Calculative rea-

sons include users’ perceived intelligence/efficiency/personalization of systems, users’ privacy con-

cerns, and users’ perceived possibility/solutions of systems’ mistakes/opportunistic behaviors. Interac-

tive reasons include users’ perceived control over systems, users’ social presence, users’ perceived 

ease of use, users’ perceived similarity with systems, users’ perceived adaptiveness of systems, users’ 

decision confidence, etc. Knowledge-based reasons include explanations of how advice is generat-

ed/why AGSs ask certain questions.  

Over the past decade, users’ trusts in first-generation AGSs have been thoroughly studied (Al‐Natour, 

et al., 2006; 2008; Komiak and Benbasat, 2006; Wang and Benbasat, 2005; 2007; etc.). However, our 

understanding of users’ trusts in second-generation AGSs is in its infancy. Most of the existing re-

search about second-generation AGSs are conducted from a technical perspective, focusing on how to 

design better algorithms in order to generate higher quality advice. Very few studies, the topics of 

which are related to users’ perceptions on such systems, only roughly mention the potential trust risks 

due to the unique features of such systems and stay at the theoretical level. Hardly any empirical stud-

ies can be found in the literature. We argue for the necessity of studying users’ trusts in second-

generation AGSs because users may feel second-generation AGSs are less controllable and less trans-

parent than first-generation ones due to the implicit elicitation of user needs and high complexity of 

advice-generating algorithms in second-generation AGSs. Accordingly, influential factors of users’ 

trusts in second-generation AGSs may also be different from those in first-generation ones. 

Based on the literature, we picked out trust antecedents that were once studied in the context of sec-

ond-generation AGSs. We found that researchers who studied trust antecedents of second-generation 

AGSs mainly focused on calculative reasons, interactive reasons, and know-based reasons. The trust 

antecedents they studied are either unique to second-generation AGSs or more important in the con-

text of second-generation AGSs than that of first-generation AGSs. Accordingly, we proposed design 

suggestions for trustworthy second-generation AGSs. In order to increase users’ trusts through affect-

ing calculative reasons, we suggest that second-generation AGSs should be designed with intelligence 

high enough to keep bringing users “pleasant surprise” – recommendations that they have never 

thought of but will fall in love with at the first glimpse. We also suggest second-generation AGS de-

signers to provide clear instructions about: a) what kind of user information they collect; b) when, 

how, and why they collect such information from users; and c) how they will use the collected infor-

mation; and d) structural assurance that can ensure the privacy and security of users’ input data. In 

order to increase users’ trusts through affecting calculative reasons, we suggest designers create suf-

ficient opportunities for users to provide feedbacks for previously generated advice to AGSs (e.g. 

whether users like the advice, why do users like/dislike the advice, etc.). In addition, we suggest de-

signers create interfaces for human intervention when developing second-generation AGSs. In order 

to increase users’ trusts through affecting knowledge-based reasons, we suggest designers indicate the 

input used for advice-generating process, use plain words to explain the complex advice-generating 

techniques, and avoid giving non-specific explanations such as “Here are recommendations for you”. 

Our research makes contributions in both academic and practical field. Unlike existing research fo-

cusing on the design AGS algorithms, we studied trust, a crucial factor of successful adoptions of such 

AGS technologies. To the best of our knowledge, our research is one of the first to systematically study 

trust issues on second-generation AGSs in the IS field. As for practical contributions, this paper helps 

system designers better develop second-generation AGSs by proposing detailed design suggestions.  



Trust in Second-generation Advice-giving Systems 

Workshop on Designing User Assistance in Interactive Intelligent Systems, Portsmouth,UK, 2018 28 

 

Keywords: Trust, Trust antecedent, Second-generation advice-giving system, First-generation advice-

giving system, Design suggestion. 

References 

Aleem, M. U. (2015). “Essays in information privacy.” Doctoral dissertation. University of British 

Columbia. 

Al-Natour, S., Benbasat, I., & Cenfetelli, R. T. (2006). The role of design characteristics in shaping 

perceptions of similarity: The case of online shopping assistants. Journal of the Association for In-

formation Systems, 7(12), 34. 

Al‐Natour, S., Benbasat, I., & Cenfetelli, R. T. (2008). The effects of process and outcome similarity 

on users' evaluations of decision aids. Decision Sciences, 39(2), 175-211. 

Al-Natour, S., & Benbasat, I. (2009). The adoption and use of IT artifacts: A new interaction-centric 

model for the study of user-artifact relationships. Journal of the Association for Information Sys-

tems, 10(9), 661. 

Al-Natour, S., Benbasat, I., & Cenfetelli, R. (2011). The adoption of online shopping assistants: per-

ceived similarity as an antecedent to evaluative beliefs. Journal of the Association for Information 

Systems, 12(5), 347. 

Arshad, S. Z., Zhou, J., Bridon, C., Chen, F., & Wang, Y. (2015, December). “Investigating user con-

fidence for uncertainty presentation in predictive decision making.” In Proceedings of the Annual 

Meeting of the Australian Special Interest Group for Computer Human Interaction. p. 352-360. 

ACM. 

Benbasat, I., Gefen, D., & Pavlou, P. A. (2008). Special issue: Trust in online environments. Journal 

of Management Information Systems, 24(4), 5-11. 

Benbasat, I., & Wang, W. (2005). Trust in and adoption of online recommendation agents. Journal of 

the Association for Information Systems, 6(3), 4. 

Briggs, P., & Smyth, B. (2006). On the role of trust in collaborative Web search. Artificial Intelligence 

Review, 25(1-2), 97-117. 

Buechner, J., & Tavani, H. T. (2011). Trust and multi-agent systems: applying the “diffuse, default 

model” of trust to experiments involving artificial agents. Ethics and information Technolo-

gy, 13(1), 39-51. 

Bulgurcu, B. (2012). “Understanding the information privacy-related perceptions and behaviors of an 

online social network user.” Doctoral dissertation. University of British Columbia. 

Burke, R. (2002). Interactive critiquing forcatalog navigation in e-commerce. Artificial Intelligence 

Review, 18(3-4), 245-267. 

Chellappa, R. K., & Sin, R. G. (2005). Personalization versus privacy: An empirical examination of 

the online consumer’s dilemma. Information technology and management, 6(2-3), 181-202. 

Chen, L., & Pu, P. (2012). Critiquing-based recommenders: survey and emerging trends. User Model-

ing and User-Adapted Interaction, 22(1-2), 125-150. 

Claypool, M., Le, P., Wased, M., & Brown, D. (2001, January). “Implicit interest indicators.” 

In Proceedings of the 6th international conference on Intelligent user interfaces. p. 33-40. ACM. 

Corbitt, B. J., Thanasankit, T., & Yi, H. (2003). Trust and e-commerce: a study of consumer percep-

tions. Electronic commerce research and applications, 2(3), 203-215. 

Cramer, H., Evers, V., Ramlal, S., Van Someren, M., Rutledge, L., Stash, N., ... & Wielinga, B. 

(2008). The effects of transparency on trust in and acceptance of a content-based art recommend-

er. User Modeling and User-Adapted Interaction, 18(5), 455. 

Cyr, D., Head, M., Larios, H., & Pan, B. (2009). Exploring human images in website design: a multi-

method approach. MIS quarterly, 539-566. 

Demetis, D., & Lee, A. (2017, January). When Humans Using the IT Artifact Becomes IT Using the 

Human Artifact. In Proceedings of the 50th Hawaii International Conference on System Sciences. 



Trust in Second-generation Advice-giving Systems 

Workshop on Designing User Assistance in Interactive Intelligent Systems, Portsmouth,UK, 2018 29 

 

Dhar, V. (2015, August). “Should You Trust Your Money to a Robot?.” In Proceedings of the 21th 

ACM SIGKDD International Conference on Knowledge Discovery and Data Mining. p. 1625-1625. 

ACM. 

Dzindolet, M. T., Peterson, S. A., Pomranky, R. A., Pierce, L. G., & Beck, H. P. (2003). The role of 

trust in automation reliance. International journal of human-computer studies, 58(6), 697-718. 

Gefen, D. (2000). E-commerce: the role of familiarity and trust. Omega, 28(6), 725-737. 

Gefen, D., Benbasat, I., & Pavlou, P. (2008). A research agenda for trust in online environ-

ments. Journal of Management Information Systems, 24(4), 275-286. 

Gefen, D., Karahanna, E., & Straub, D. W. (2003). Trust and TAM in online shopping: An integrated 

model. MIS quarterly, 27(1), 51-90. 

Grabner-Kräuter, S., & Kaluscha, E. A. (2003). Empirical research in on-line trust: a review and criti-

cal assessment. International Journal of Human-Computer Studies, 58(6), 783-812. 

Hammer, S., Wißner, M., & André, E. (2015). Trust-based decision-making for smart and adaptive 

environments. User Modeling and User-Adapted Interaction, 25(3), 267-293. 

Hengstler, M., Enkel, E., & Duelli, S. (2016). Applied artificial intelligence and trust—The case of 

autonomous vehicles and medical assistance devices. Technological Forecasting and Social 

Change, 105, 105-120. 

Hsiao, K. L., Chuan-Chuan Lin, J., Wang, X. Y., Lu, H. P., & Yu, H. (2010). Antecedents and conse-

quences of trust in online product recommendations: An empirical study in social shopping. Online 

Information Review, 34(6), 935-953. 

Huang, S., Benbasat, I., & Burton-Jones, A. (2017). Two's Company, Three's a Crowd? The Role of a 

Recommendation Agent in Collaborative Online Shopping. 

Joachims, T., Granka, L., Pan, B., Hembrooke, H., & Gay, G. (2017, August). “Accurately interpreting 

clickthrough data as implicit feedback.” In ACM SIGIR Forum. Vol. 51, No. 1, p. 4-11. ACM. 

Kim, D. J., Ferrin, D. L., & Rao, H. R. (2008). A trust-based consumer decision-making model in 

electronic commerce: The role of trust, perceived risk, and their antecedents. Decision support sys-

tems, 44(2), 544-564. 

Komiak, S. X., & Benbasat, I. (2004). Understanding customer trust in agent-mediated electronic 

commerce, web-mediated electronic commerce, and traditional commerce. Information Technology 

and Management, 5(1-2), 181-207. 

Komiak, S. Y., & Benbasat, I. (2006). The effects of personalization and familiarity on trust and adop-

tion of recommendation agents. MIS quarterly, 941-960. 

Konstan, J. A., & Riedl, J. (2012). Recommender systems: from algorithms to user experience. User 

modeling and user-adapted interaction, 22(1-2), 101-123. 

Lakkaraju, H., Bach, S. H., & Leskovec, J. (2016, August). “Interpretable decision sets: A joint 

framework for description and prediction.” In Proceedings of the 22nd ACM SIGKDD Internation-

al Conference on Knowledge Discovery and Data Mining. p. 1675-1684. ACM. 

Lee, J. G., Kim, K. J., Lee, S., & Shin, D. H. (2015). Can autonomous vehicles be safe and trustwor-

thy? Effects of appearance and autonomy of unmanned driving systems. International Journal of 

Human-Computer Interaction, 31(10), 682-691. 

Lehikoinen, J., & Koistinen, V. (2014). In big data we trust?. Interactions, 21(5), 38-41. 

Lim, B. Y., Dey, A. K., & Avrahami, D. (2009, April). “Why and why not explanations improve the 

intelligibility of context-aware intelligent systems.” In Proceedings of the SIGCHI Conference on 

Human Factors in Computing Systems. p. 2119-2128. ACM. 

Lyytinen, K., & Grover, V. (2017). Management Misinformation Systems: A Time to Revis-

it?. Journal of the Association for Information Systems, 18(3), 206. 

Maes, P. (1995). “Agents that reduce work and information overload.” In Readings in Human–

Computer Interaction. p. 811-821. 

McKnight, D. H., Choudhury, V., & Kacmar, C. (2002). Developing and validating trust measures for 

e-commerce: An integrative typology. Information systems research, 13(3), 334-359. 

Newell, S., & Marabelli, M. (2015). Strategic opportunities (and challenges) of algorithmic decision-

making: A call for action on the long-term societal effects of ‘datification’. The Journal of Strate-

gic Information Systems, 24(1), 3-14. 



Trust in Second-generation Advice-giving Systems 

Workshop on Designing User Assistance in Interactive Intelligent Systems, Portsmouth,UK, 2018 30 

 

Oard, D. W., & Kim, J. (1998, July). “Implicit feedback for recommender systems.” In Proceedings of 

the AAAI workshop on recommender systems. WoUongong, Vol. 83. 

O'Donovan, J., & Smyth, B. (2005, January). “Trust in recommender systems.” In Proceedings of the 

10th international conference on Intelligent user interfaces. p. 167-174. ACM. 

Pieters, W. (2011). Explanation and trust: what to tell the user in security and AI?. Ethics and infor-

mation technology, 13(1), 53-64. 

Pu, P., Chen, L., & Hu, R. (2012). Evaluating recommender systems from the user’s perspective: sur-

vey of the state of the art. User Modeling and User-Adapted Interaction, 22(4-5), 317-355. 

Qiu, F., & Cho, J. (2006, May). “Automatic identification of user interest for personalized search.” 

In Proceedings of the 15th international conference on World Wide Web. p. 727-736. ACM. 

Ribeiro, M. T., Singh, S., & Guestrin, C. (2016, August). “Why should I trust you?: Explaining the 

predictions of any classifier.” In Proceedings of the 22nd ACM SIGKDD International Conference 

on Knowledge Discovery and Data Mining. p. 1135-1144. ACM. 

Saltz, J. (2017). Acceptance Factors for Using a Big Data Capability and Maturity Model. 

Shmueli, L., Benbasat, I., & Cenfetelli, R. T. (2016). A construal-level approach to persuasion by per-

sonalization. 

Söllner, M., Benbasat, I., Gefen, D., Leimeister, J. M., Pavlou, P. A. “Trust,” in MIS Quarterly Re-

search Curations, Ashley Bush and Arun Rai, Eds., http://misq.org/research-curations, October 31, 

2016. 

Söllner, M., & Leimeister, J. (2013). What we really know about antecedents of trust: A critical review 

of the empirical information systems literature on trust. 

Söllner, M., & Pavlou, P. (2016). A Longitudinal Perspective on Trust in IT Artefacts. 

St-Onge, D., Reeves, N., & Petkova, N. (2017, March). “Robot-Human Interaction: A human speaker 

experiment.” In Proceedings of the Companion of the 2017 ACM/IEEE International Conference 

on Human-Robot Interaction. p. 30-38. ACM. 

Stumpf, S., Rajaram, V., Li, L., Burnett, M., Dietterich, T., Sullivan, E., ... & Herlocker, J. (2007, Jan-

uary). “Toward harnessing user feedback for machine learning.” In Proceedings of the 12th inter-

national conference on Intelligent user interfaces. p. 82-91. ACM. 

Tintarev, N., & Masthoff, J. (2012). Evaluating the effectiveness of explanations for recommender 

systems. User Modeling and User-Adapted Interaction, 22(4-5), 399-439. 

Tullio, J., Dey, A. K., Chalecki, J., & Fogarty, J. (2007, April). “How it works: a field study of non-

technical users interacting with an intelligent system.” In Proceedings of the SIGCHI Conference 

on Human Factors in Computing Systems. p. 31-40. ACM. 

Walter, F. E., Battiston, S., & Schweitzer, F. (2008). A model of a trust-based recommendation system 

on a social network. Autonomous Agents and Multi-Agent Systems, 16(1), 57-74. 

Wang, W., & Benbasat, I. (2007). Recommendation agents for electronic commerce: Effects of expla-

nation facilities on trusting beliefs. Journal of Management Information Systems, 23(4), 217-246. 

Wang, W., & Benbasat, I. (2008). Attributions of trust in decision support technologies: A study of 

recommendation agents for e-commerce. Journal of Management Information Systems, 24(4), 249-

273. 

Wang, W., & Benbasat, I. (2009). Interactive decision aids for consumer decision making in e-

commerce: The influence of perceived strategy restrictiveness. MIS quarterly, 293-320. 

Wang, W., & Benbasat, I. (2016). Empirical assessment of alternative designs for enhancing different 

types of trusting beliefs in online recommendation agents. Journal of Management Information 

Systems, 33(3), 744-775. 

Xiao, B., & Benbasat, I. (2007). E-commerce product recommendation agents: use, characteristics, 

and impact. MIS quarterly, 31(1), 137-209. 

Xiao, B., & Benbasat, I. (2014). Research on the use, characteristics, and impact of e-commerce prod-

uct recommendation agents: A review and update for 2007–2012. In Handbook of Strategic e-

Business Management. Springer Berlin Heidelberg, p. 403-43. 

Xu, J. (2011). “Improving the communication Interfaces between consumers and online product rec-

ommendation agents.” Doctoral dissertation. University of British Columbia. 



Trust in Second-generation Advice-giving Systems 

Workshop on Designing User Assistance in Interactive Intelligent Systems, Portsmouth,UK, 2018 31 

 

Xu, J. D., Benbasat, I., & Cenfetelli, R. T. (2014). The Nature and Consequences of Trade-off Trans-

parency in the Context of Recommendation Agents. MIS quarterly, 38(2). 

Xu, D. J., Benbasat, I., & Cenfetelli, R. T. (2017). A Two-Stage Model of Generating Product Advice: 

Proposing and Testing the Complementarity Principle. Journal of Management Information Sys-

tems, 34(3), 826-862. 

Yan, Z., Liu, J., Deng, R. H., & Herrera, F. (2016). Trust Management for Multimedia Big Data. ACM 

Transactions on Multimedia Computing, Communications, and Applications (TOMM), 12(4s), 57. 

Zhao, S., Zhou, M. X., Yuan, Q., Zhang, X., Zheng, W., & Fu, R. (2010, September). “Who is talking 

about what: social map-based recommendation for content-centric social websites.” In Proceedings 

of the fourth ACM conference on Recommender systems. p. 143-150. ACM. 

Zhou, X., Xu, Y., Li, Y., Josang, A., & Cox, C. (2012). The state-of-the-art in personalized recom-

mender systems for social networking. Artificial Intelligence Review, 37(2), 119-132. 

Zliobaite, I., Bifet, A., Gaber, M., Gabrys, B., Gama, J., Minku, L., & Musial, K. (2012). Next chal-

lenges for adaptive learning systems. ACM SIGKDD Explorations Newsletter, 14(1), 48-55. 

 


