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A B S T R A C T   

Product recommendation agents (RAs) assist online firms to adapt their suggested offers to users’ preferences, 
thereby lowering users’ decision effort. The concept of effort is central in decision-making, yet it remains unclear 
whether it should be regarded as a cost or as a benefit improving the odds of a better decision. Building on Social 
Exchange theory, we suggest that interactions between users and RAs are driven by the concepts of perceived 
interdependence and reciprocity. We suggest that perceived user effort decreases the perceived RA quality, 
whereas RA effort increases the perceived RA quality. We conducted two experimental studies across different 
contexts. We found that users evaluate RAs based on their own expended effort, in relation to how much effort 
they perceived the RA has put into the process of generating recommendations. Such an effect is attenuated by 
users’ familiarity with the product context. Our findings offer important insights into how online firms can 
improve the use of their RAs.   

1. Introduction 

The large number of products available online has made the role of 
recommendation agents (RAs) fundamental and widely adopted in e- 
commerce (eMarketer 2018).4 RAs elicit consumer preferences and 
accordingly filter out non-relevant products to provide consumers with 
the most highly matched products [66, 101]. Especially in more complex 
and high-stake product categories such as financial products and auto-
motive, the use of explicit information from consumers is essential for 
firms to screen their product assortment and provide consumers with the 
most suitable recommendations [92]. 

Although many firms use consumers’ implicit browsing information 
to generate recommendations, explicitly asking consumers to specify 
their preferences in order to match them with the best-fitted products is 
prevalent [62, 101]. Compared to implicit recommendations, explicit 
RAs require some active effort from users in eliciting their preferences 
and requirements [45, 92]. By adapting their recommendations to 
consumers’ elicited preferences, explicit RAs improve consumers’ de-
cision accuracy and reduce their decision effort [45, 97, 101, 106]. The 
concept of user effort has been central in the field of information systems 
[36, 97, 106], consumer psychology [52, 80], and economics [20]. 

According to the principle of least effort, individuals have limited 
cognitive resources, therefore any additional use of these resources is 
considered as a form of cost, which decision makers attempt to minimize 
[11, 88, 97]. Decreased effort in decision-making is a strong predictor of 
increased spending and repurchasing intention and an important ante-
cedent of adoption and use of an information technology [29, 94]. 

Furthermore, the user and the RA are interdependent, as their in-
dependent efforts together influence the outcome of their interaction; 
RAs need user input to generate the recommendations, and users need 
the work of the RA to receive the recommendations [4, 84]. As users 
delegate a part of the required decision effort to the RA, the overall 
quality of an RA may be largely determined by the extent to which they 
believe the RA adequately performs the task that was delegated to it 
[109]. In spite of the many studies on decision-making effort, there is a 
significant omission in the literature concerning how a user’s perception 
of the effort expended by the supporting technology (i.e., not the user’s 
own effort) influences her assessment of the quality of that technology 
(e.g., RA). We argue below that this is an important and overlooked issue 
in the context of decision-support, and RAs in particular. The main 
objective of this study is to understand the influence of users’ perceived 
RA effort on their assessment of RA quality. We further assert that 
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perceived RA effort is not considered in isolation, but based on social 
exchange theory, we posit that users assess the effort an RA contributed 
to the process of decision-making vis-à-vis their own individual effort. 
Therefore, we suggest an interaction effect between these two types of 
effort. This new perspective in understanding effort in a multi-faceted 
fashion is an important novel contribution to understanding the qual-
ity, use, and design of RAs. 

In a user–RA interaction, we expect that users consider the effort 
contributed by the RA as distinct from their own effort and naturally 
welcome the saved effort they experience [9, 99]. The distinction of 
effort across the social actors in the context of user–RA interactions has 
been largely overlooked. According to the computers-as-social-actors 
(CASA) paradigm, users tend to mindlessly treat their interactions 
with computers akin to their human-to-human social relationships [17, 
78, 82]. The basic premise of social relationships is guided by the social 
exchange theory, which assumes that social actors are interdependent 
[30, 107]. We suggest that the interaction between users and RAs is also 
characterized by a series of interdependent steps that lead to the 
completion of users’ decision-making process [4, 23]. As the RA needs 
users’ information to generate the product recommendations, users 
reveal their preferences expecting the RA to reciprocate by properly 
assessing their information to generate appropriate recommendations. 
In such a way, the overall required labor is divided between the social 
actors [43]. As social norms such as the norm of reciprocity in effort 
contributions are inherent responses to situations characterized by 
interdependence [84], users positively evaluate a firm expending high 
effort in providing service [16, 36, 73, 97], and they respond more 
positively towards technological artifacts that served them well in the 
past [33]. Furthermore, as in most social encounters, individuals are 
concerned about the relative distribution of contributed effort between 
themselves and the RA. Due to such a reciprocal relationship, users 
positively evaluate RAs expending high effort in serving them [36, 97]. 
In line with these social exchange rules, we suggest that users evaluate 
RAs based on their own individual effort expended in relation to the 
effort they perceive RA has expanded in the process. Therefore, a second 
objective of the study is to examine the interaction between perceived 
user effort and perceived RA effort on perceived RA quality. Finally, 
following previous evidence suggesting that low familiar users are more 
prone to social exchange relationship norms [67], we investigate the 
heterogeneity in the applied social exchange relationship norms, and 
therefore the positive interaction effect of perceived user and RA effort 
on perceived RA quality effect across different levels of user familiarity 
with the focal product category. 

We collected data from two experimental studies in the context of 
two different product categories (car and dating recommendations). 
This product diversity across the studies allows us to explore the 
generalizability of the findings. Furthermore, Study 2 allows for ruling 
out potential concerns about endogeneity in the composition of a rec-
ommended set. We report the findings of each study individually, fol-
lowed by an integrative data analysis of the effects of perceived user 
effort, perceived RA effort and user familiarity based on the two studies. 
Our research makes several contributions to the literature. First, we 
show that the isolated attention on user effort is unlikely to explain 
users’ evaluation of the RA unless it is contrasted to the effort made by 
the RA supporting the user’s task. Due to the interdependent nature of 
the user–RA interaction, when users evaluate the RA, they consider the 
effort exerted by the RA, on top and independently of the assessment of 
their own effort. Second, the distinct assessment of user and RA effort 
provides an alternative explanation of the dual role of user effort; as a 
form of cost or as a potential benefit [36, 45, 108]. To that end, this is the 
first study that empirically investigates how user effort expended during 
the preference elicitation process vis-à-vis the effort expended by the RA 
can influence the perceived quality of an RA. We show that the negative 
effect of perceived user effort on RA quality can be attenuated when 
users believe that the RA has spent an adequate amount of effort. Third, 
we show that the user–RA effort interaction is weaker for highly familiar 

users, as they are less likely to be susceptible to RA effort cues. In 
contrast to previous studies based on the CASA model [78, 82], we show 
that the social rules attributed to a user–computer interaction are sus-
ceptible across different levels of user expertise. This evidence is 
extending the recently suggested role of user cognitive capacity on re-
sponses to RAs [36, 98, 100]. 

This paper also has important implications for business practice. 
First, we highlight the importance of managing the perceptions of RA 
effort. We show that making RA effort more salient to users by explicitly 
referring to the search progress, whereas they are waiting for the rec-
ommendations, makes those users perceive the effort the RA puts in the 
process as higher, and that has beneficial effects on their assessment of 
the RA quality. Second, we recommend that when higher user effort is 
required, firms could leverage users’ perceptions of the RA effort to 
counter users’ discomfort. Finally, we show the importance of seg-
menting users according to their familiarity, as the receptibility of their 
own and the RA’s effort varies accordingly. 

The paper is organized as follows. Next, we introduce the theoretical 
background and the relevant theories leading to the development of the 
hypotheses. Then we present the methodology and the results. Lastly, we 
discuss the key findings, their theoretical and managerial implications, 
as well as the limitations of the study and avenues for future research. 

2. Theoretical background and hypotheses development 

2.1. Recommendation agents 

Consumers have access to a vast array of products and online sour-
ces. However, the available (cognitive or time related) resources for 
decision-making are finite and, as a result, consumers cannot inspect all 
the available options to maximize their decision quality. Online firms 
assist consumers by implementing recommendation systems that iden-
tify products that better match consumer preferences [101, 102]. 
Recommendation systems are extensively researched across various 
fields, such as information systems [1, 10, 39, 49], computer science [2] 
and marketing [45, 92]. Recommendation systems are prevalent in 
modern e-commerce as they allow firms to adapt their offers to con-
sumers’ preferences to facilitate and support users’ decisions [90, 101, 
102]. Recent market evidence suggests that 71% of ecommerce websites 
offer product recommendations to their website visitors. The use of 
product recommendations on a website has the potential to lead to 
higher user engagement, higher conversion rates and longer visit ses-
sions (eMarketer 2018; Nosto 2014).5 

RAs elicit consumer preferences and filter out the products that are 
less likely to be relevant [66, 101, 102]. RAs vary based on the sources of 
information they use, their decision strategies, and the degree of inter-
action between consumers and firms in crafting the recommendations. 
Precisely, RAs generate personalized recommendations based on a 
consumer’s preferences (content-filtering) or those of similar customers 
(collaborative-filtering) [40, 101]. Some RAs use implicit user infor-
mation and let users passively receive recommendations based on their 
or similar users’ past behavior [2, 39, 62]. Yet, preferences are tacit and 
vary over time, therefore the relevance of implicit recommendations 
may be in question. For this reason, firms employ explicit RAs that 
generate recommendations based on consumers’ explicitly stated pref-
erences [45, 97, 99, 106]. Such explicit RAs are often used by online 
firms and are the focus of this study. 

The advantages of RAs are twofold. First, by filtering out less relevant 
products, RAs offer consumers a set of recommended products that fit 
their preferences and provide high utility. As a result, consumers can 
improve the accuracy of their decisions. Recommendation accuracy re-
fers how well the recommendations match the consumers’ preferences 
[66]. Second, RAs reduce the effort users need to reach a decision [45, 

2 https://www.nosto.com/products/product-recommendations/ 
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97]. RAs narrow the product space that users need to explore by 
screening and sorting products based on consumers’ expressed prefer-
ences, thus users need less effort to find a product that well fits their 
preferences. Overall, the quality of an RA is determined by its ability to 
fulfill its goals of providing accurate recommendations and reducing 
users’ decision-making effort [45, 96]. When these goals are fulfilled, 
users evaluate the RA more positively [97]. Perceived RA quality, 
typically reflected in consumer evaluations of RAs, is essential for online 
firms as it leads to higher user satisfaction and repeated usage [101, 
106]. 

2.2. User effort 

User effort is a fundamental concept in experimental economics [20, 
86] and consumer psychology [12, 52, 80], and has been widely 
researched in the field of information systems [36, 43, 63, 97, 106], and 
marketing [26, 45, 92]. In the context of decision-making, effort is 
defined as the total use of physical, or cognitive, resources to reach a 
decision [20, 52, 80].6 Consumer decision effort reflects the effort put by 
consumers in processing and evaluating product information, and 
deciding on the product that best fits their preferences and is often 
operationalized by decision time (time spent in searching, assessing 
product information, and making a choice) and extent of product search 
(number of products inspected) [45, 101]. 

Past studies provided conflicting evidence regarding the effect of 
user effort on behavioral outcomes. A normative approach suggests that 
reducing effort is desirable for users [11]. According to the principle of 
least effort, individuals are cognitive misers who wish to minimize the 
cognitive resources required for decision-making [88]. Therefore, they 
interpret any excessive use of these resources as a cost, which is 
appreciated when decreased [11]. Several studies focused on how de-
cision support systems and RAs can decrease such effort [9, 90, 101]. 
According to the effort-accuracy trade-off in decision-making [12, 52, 
91], as consumer effort decreases (due to consumers assessing less 
product information or less elaborately, and not describing their pref-
erences fully to the RA), the accuracy of their decisions may also 
decrease as a consequence. Further, increased user effort can increase 
the perceived complexity of an RA but also decrease its perceived use-
fulness [36]. However, decision makers do not aim at reducing their 
effort at all costs; rather they want to spend enough effort to achieve an 
adequate level of accuracy [9, 12]. 

An alternative approach suggests that effort could be considered a 
form of investment, as it may improve the odds of making an accurate 
choice [45]. Accordingly, the more effort individuals put in a task, the 
more favorably they evaluate the outcome of that effort [61], and that 
leads to higher satisfaction [108]. However, we expect that greater 
perceived user effort decreases perceived RA quality for the following 
reasons. First, effort reduction is the most important user goal, especially 
when searching for the best available product [63, 97] and one of the 
main motivations for using an RA [43, 45, 105]. Users expect that an RA 
should reduce their effort, which in turn leads to higher perceived 
competence of the RA [97]. However, when effort reduction is not 
evident to users, it may signal that the RA fails to provide the expected 
decision support. In that case, the expectation of effort reduction is 
disconfirmed, leading to a lower assessment of the RA [13]. Second, as 
users put in more effort, especially in stating their preferences, their 
decision accuracy is likely to increase, yet in an effort-accuracy trade--
off, they prefer saving effort over increasing accuracy, even if that leads 
to suboptimal options [11, 80, 90]. The reason is that effort is perceived 

immediately, whereas assessing decision quality is delayed and less 
observable [58]. We suggest that users predominantly consider effort as 
a form of cost and their view of a positive effect of user effort (perceived 
as potential benefit) is only contingently triggered (in conjunction with 
RA effort). Therefore, we hypothesize that: 

H1: Perceived user effort decreases perceived RA quality. 

2.3. RA effort 

Studies related to decision-making have merely focused on the effort 
that decision makers exert in making a choice. However, users use RAs 
to reduce their effort in finding well-fitted products. In such an inter-
action, the user and the RA are interdependent, as effort from both 
parties is necessary to reach a joint outcome [4, 84]. Therefore, users 
delegate part of the effort required to make a choice to RAs [43]. As 
users aim at minimizing their own effort, they appreciate the RA and 
favorably evaluate the effort they can save due to RA use [9, 71, 97]. 

Evidence from numerous studies showed that individuals treat their 
interactions with technology similar to their human-to-human in-
teractions and apply similar social rules as they would to any social 
encounter [17, 72, 77, 78]. The above findings are supported by the 
computers-as-social-actors (CASA) paradigm [82]. Such social responses 
are not a product of naiveté, ignorance, or social dysfunction, but rather 
an unconscious (i.e., mindless) social attribution (Nass & [72]). Social 
responses are extended to a variety of technological artifacts, such as 
websites [56], conversational agents (e.g., Siri; [64]), decision aids [5], 
and human–robot interactions [85]. A basic principle of social re-
lationships is the social exchange theory, which characterizes human re-
lationships as an outcome of a cost–benefit analysis and the relative 
value of alternatives [30]. The first principle of social exchange suggests 
that self-interest serves as a motivation to engage in a given interaction, 
otherwise there is no rationality in the exchange. The interacting parties 
are interdependent in providing value to each other, which could not be 
realized otherwise [84]. In such relationships, parties behave rationally 
in exchanging value; therefore, receiving value creates an obligation for 
the receiving party to reciprocate [22, 67]. The value exchanged in a 
relationship based on social exchange principles, can be material goods, 
but also nonmaterial elements, such as information, or the effort put into 
that relationship [15]. 

RA effort has been an important yet under-researched topic of 
investigation in the context of user–RA interaction. Past evidence sug-
gested that social rules apply also in the case of an RA [95, 100]. We 
suggest that perceived RA effort is a distinctive yet interdependent 
construct compared to user effort. Users believe that effort from an RA 
equally contributes to their effort reduction, however, not at the expense 
of a less accurate choice, but rather allowing them to use their freed up 
resources on their decision-making, hence increasing their odds of 
making a good choice. Hence, consumers welcome the effort invested by 
others to help them choose, thus they favorably perceive the effort spent 
by an RA, similar to any social exchange that provides value in a rela-
tionship [41]. Within a relationship, the perception users have of the 
other party’s efforts forms the overall evaluation of the joint outcome [4, 
83]. Relatedly, the extent to which users believe the RA has sufficiently 
delivered the task delegated to it can influence its overall perceived 
quality [109]. Previous evidence suggested that users who believe the 
RA saved them much effort reported increased satisfaction with that RA 
[9]. Moreover, the effort heuristic for quality suggests a positive rela-
tionship between the amount of perceived effort invested by the pro-
ducer of a product (an RA in our context) and the consumer’s quality 
perception of that product [61]. RA effort into improving the interaction 
with its users can increase users’ trust about the benevolence of the RA 
to optimize service quality [73, 95, 97]. Customers who perceive high 
RA effort would therefore be more favorable towards the RA and likely 
to reciprocate the received benefit by positively evaluating the RA. 
Therefore, we hypothesize that: 

3 Extensive research in economics, suggests two methodological paradigms in 
studying effort. Stated effort experiments provide better identification of the 
cost of effort, real effort experiments provide a more realistic environment by 
asking participants to work on a specific task, and get compensated based on 
their performance [20]. The focus of this study is real effort provision. 
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H2: Perceived RA effort increases the perceived RA quality. 

2.4. Interaction between user effort and RA effort 

Individuals apply social exchange rules to their interactions with 
technological artifacts [82]. They apply these rules driven by the 
rationale that both actors of the social exchange are interdependent and 
need to put in effort to create a high-quality outcome. Such a social 
exchange relationship follows the essential principle of reciprocity [23]. 
Reciprocity suggests that individuals respond cooperatively to those 
who benefit them (positive reciprocity), and, conversely, penalize those 
who act against them (negative reciprocity) [31, 32]. The norm of 
reciprocity suggests that individuals reciprocate the benefits they 
receive from others during such value exchanges and are concerned 
about the fairness of the relative distribution between provided and 
received value [14]. At the same time, reciprocal relationships show 
enhanced liking and positive affect between the involved parties [84]. 
Reciprocity has been evident in many social exchanges between con-
sumers and firm. When consumers receive high value compared to their 
contributions, they are likely to reciprocate to make the relative value 
distribution fair (e.g., word of mouth) [18, 46, 71]. Also, firms with 
higher production costs afford to charge higher prices, as consumers 
consider those prices as fair [55]. Consumers positively evaluate firms 
that put effort in providing service as they feel the urge to reciprocate 
that effort [16, 73]. 

The norm of reciprocity is also present in human–computer in-
teractions [33, 65]. Users reciprocate by providing personal information 
when interacting with a technological artifact that first provides some 
tangible incentives [42, 72]. Evidence on decision aids suggests that 
though individuals prefer to reduce their own effort, they hope that 
other parties in the social exchange put more effort in assisting them 
with decision-making [54]. In line with social exchange theory, in-
dividuals assess a social exchange based on a cost–benefit analysis of the 
value that each party brings [30]. In essence, when users feel that their 
effort in such interaction is not in par with the benefits gained from its 
use (a case of negative social exchange), they become dissatisfied [7]. 
Previous evidence suggests that the perceived equity substantially in-
fluences user satisfaction [53]. Building on the norms of reciprocity 
[14], we suggest that users evaluate RAs based on their own effort in 
relation to the effort they believe the RA has contributed to the social 
exchange. Users put effort in the interaction with the RA and may form 
specific expectations about the contributions of the RA in the relation-
ship [79]. If the RA does not reciprocate this effort, users’ expectations 
are disconfirmed as the implicit contract between the parties is broken, 
leading to a negative assessment of the interaction experience ([4], 
Bottom et al. 2003, [21]). Conforming to the rules of social exchange, 
users dislike the increased effort they need to put in; however, if an RA is 
perceived as hard-working in their interaction, users may be able to 
better justify and consent to their own exerted effort. Therefore, the 
effect of perceived user effort is dependent on the perceived RA effort. A 
user who puts in a lot of effort may still consider an RA of having higher 
quality as compared to a user who experiences an RA which has exerted 
less effort. This is in line with evidence that users perceive the infor-
mation they have received from a computer to be of higher quality when 
they perceive the computer to be more cooperative [76]. If perceived RA 
effort is high, users consider their effort as a benefit because it outweighs 
the cost of using their available cognitive resources. If users feel that the 
RA puts in more effort, they do not mind expending more effort them-
selves as that would lead to better overall outcomes. In that case, the 
negative effect of user effort (H1) is attenuated. Therefore, we hypoth-
esize that: 

H3: Perceived RA effort positively moderates (attenuates) the negative 
relationship between perceived user effort and perceived RA quality. 

2.5. The role of user familiarity 

User familiarity can be defined as the increased understanding based 
on previous interactions and experiences and improved learning [37, 
59] and can decrease perceived and actual effort to complete a task [6, 
74]. In this study, we focus on user familiarity with the product context 
[35, 47]. Highly familiar users are those who have past experiences with 
the processes of searching for and purchasing the focal products online, 
and they have a relatively high knowledge of the product category. 
These users are familiar with the decision task and as they are able to 
focus on the most relevant information, they are less prone to framing 
effects during the preference elicitation stage [6, 101]. They need fewer 
(time or cognitive) resources to assess the same amount of information 
compared to novice users. They are intrinsically motivated and show 
higher interest and enjoyment in the process; therefore, they undervalue 
their effort during decision-making. Conversely, users with low famil-
iarity are those who have limited knowledge of the product category and 
limited previous experience with online searching and buying (the 
specific product). These users show high trust in the RA and are likely to 
consider a technology as credible [75, 93] and they are susceptible to 
biases that restrict their ability to accurately interpret RA effort [5]. For 
such users, the effort in this decision task has a higher cognitive cost, and 
this cost function carries over to their assessment of the RA effort [20], 
leading to an overvaluation of the RA’s contribution. 

Previous evidence suggested a moderating role of familiarity in the 
context of human–computer interaction. The interdependence between 
two parties in a social exchange relationship is influenced by users’ past 
experiences which forms the expectations they have from the RA [5]. 
Moreover, users with low familiarity are more prone to social exchange 
relationship norms [67]. They lack a strong reference point regarding 
the effort needed to complete the decision process and are more easily 
impressed by the RA that exerts higher effort. Therefore, the reciprocity 
norm among novice users is expected to be stronger compared to 
familiar users. On the contrary, when user familiarity is high, the 
interaction effect of user effort and RA effort on RA quality is weakened. 
These users have well-defined preferences and search strategies so they 
become inattentive to the decision processes adopted by other parties 
[57]. Familiar users are more capable of making a choice without the 
RA, so the cost of their effort (and as a result the RA’s) is undervalued 
[20]. Further, recent evidence suggests that users’ cognitive capacity (in 
the form of user knowledge) influences how they respond to information 
cues by RAs [36, 100]. As a result, the effects of RA effort on their 
assessment of the RA would be undervalued and the norm of reciprocity 
would be deflated. 

We expect user familiarity to moderate the interaction effect be-
tween perceived user effort and RA effort on perceived quality of the RA. 
When users perceive that the RA has expended much effort, the negative 
impact of their own effort on perceived quality is attenuated. This holds 
true when user familiarity is relatively low, as these users lack a clear 
understanding regarding the effort needed and thus are more appre-
ciative of the increased effort of the RA, as the RA effort is highly worthy. 
On the contrary, when user familiarity is relatively high, RA effort is not 
worth much as these users can solve the decision task on their own. 
These users are less appreciative of RA effort as they experience RA 
effort as a form of additional cost (i.e., delay) and therefore the negative 
effect of their own exerted effort on RA quality is decreasingly attenu-
ated by the RA effort. Therefore, we hypothesize that: 

H4: There is a negative three-way interaction between user familiarity, 
user effort and RA effort; as the perceived RA effort increases, the 
negative effect of perceived user effort on RA quality is more reduced 
when user familiarity is low, compared to when user familiarity is high. 

Fig. 1 illustrates the hypothesized effects. To test the hypotheses, we 
conducted two between-subject experimental studies in the context of 
product recommendations. 
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3. Study 1 

3.1. Design of study 1 

Study 1 is in the context of cars; a domain suitable due to the required 
deliberation, making effort a central component. We developed an RA 
providing personalized recommendations. Participants used the RA to 
select a car from a pool of 73 company cars for leasing.7 They elicited 
their preferences and made a choice from a set of recommendations 
(based on these preferences). To ensure that perceived user effort and 
perceived RA effort were adequately varied, we used a 2 (high vs. low 
user effort) × 2 (high vs. low RA effort) between-subject experimental 
design where participants were randomly assigned to one of the con-
ditions. We manipulated user effort based on the number of attributes 
used in the preference elicitation stage [61]. In the high user effort 
condition, participants provided importance weights for 13 attributes, 
whereas in the low user effort condition, they picked the three most 
important attributes from the list of 13 attributes (Fig. 2). Usually, RAs 
perform a search task at a very high speed that it remains unnoticeable 
to most users. Users become more aware of the RA effort if this effort is 
brought to their attention [16]. We made the RA effort explicit to the 
users by doing the following. In the high RA effort condition, a rotating 
loader with the text “calculating results” was displayed for seven seconds 
to ensure participants noticed the time delay (Fig. 2).8 In the low RA 
effort condition, the results were displayed immediately after the users 
completed the preference elicitation stage. 

3.2. Measures 

After choosing, participants answered questions related to the main 
constructs (Table 1). We adapted the scale of Bechwati and Xia [9] to 
measure perceived user and RA effort. We measured perceived RA 
quality based on users’ evaluation of the extent that the RA delivers on 
its tasks [68, 69]. We also measured user familiarity with the product 
context (adapted from [35, 47]). Finally, we collected information 
regarding user demographics. We conducted a factor analysis and found 
that all items used load in the respective factors (Table 2). To address the 
potential concern for common method bias, we examined whether a 
single method factor explains most of the variance among the variables 
[44, 81]. We found four factors with eigenvalues greater than 1, where 
the first factor accounted for 42.4% of the variance, thus suggesting a 
lack of common methods bias. 

3.3. Manipulation checks 

We introduced in the studies various design elements to make sure 
we could trigger enough variance in the measures of perceived user and 
RA effort. To confirm that these manipulations accomplished their 
purpose, we conducted a set of manipulation checks, using a t-test and a 
non-parametric Mann–Whitney U test. Perceived user effort was 
significantly higher in the high user effort condition compared to the low 
user effort condition (Mhigh = 5.27, Mlow = 2.94, F = 283.2, p = 0.00 / 
Mann–Whitney U = − 11.92, p = 0.00). We found no significant differ-
ences in perceived user effort between the RA high vs. low effort con-
ditions (Mhigh = 4.13, Mlow = 4.04, F = 0.20, p = 0.65 / Mann–Whitney 
U = 0.36, p = 0.72). Further, participants perceived significantly higher 
RA effort in the high RA effort condition compared to low RA effort 
condition (Mhigh = 5.31, Mlow = 3.49, F = 160.9, p = 0.00 / Man-
n–Whitney U = − 10.19, p = 0.00), yet no significant difference in 
perceived RA effort between the high vs. low user effort conditions 
(Mhigh = 4.48, Mlow = 4.24, F = 1.84, p = 0.18 / Mann–Whitney U =
− 1.84, p = 0.07). 

3.4. Results 

We recruited 306 participants through an online panel (49.7% males, 
82% younger than 35 years old, 61.4% had at least a college degree). 
Participants on average showed medium familiarity (Mfamiliarity = 3.80). 
We excluded respondents that failed attention checks, did not spend 
adequate time on the task, or duplicate IP addresses.9 We tested our 
hypotheses using a set of regression models (Table 3). We present a 
model including the direct effects of user and RA effort, and familiarity, 
followed by a model including all 2-way and 3-way interactions between 
user effort, RA effort and familiarity. In model 1, we found a positive 
effect of perceived RA effort and user familiarity on perceived RA 
quality. Overall, users who perceived that the RA put in higher effort in 
generating the recommendations evaluated the RA more favorably (H2). 
When we include the interaction effect between user and RA effort (H3), 
we find a significant positive effect, suggesting that the larger the 
perceived RA effort is, the less negative the effect of user effort on 
perceived RA quality is. The three-way interaction between user effort 
and RA effort with familiarity (H4) is significantly negative, suggesting 
that, for relatively familiar users, the effect of user effort is decreasingly 
attenuated by RA effort. The results are robust when controlling for 
participants’ demographic characteristics (model 3). 

3.5. Floodlight analysis 

To further identify the regions on which the effects of user effort and 
user–RA effort interaction are significantly different from zero, we 
conducted a floodlight analysis [87]. Floodlight analysis detects the 
Johnson–Neyman points, where an effect has a p-value of 0.05. These 
points operate as area borders, beyond which the effects are different 
than zero. We found that for high levels of perceived RA effort, the effect 
is significant and positive for relatively low familiarity users and the 
effect is negative when perceived RA effort is relatively low (Fig. 3). The 
result suggests that, for less familiar users, high user effort increases 
their assessment of the RA quality when their perception of RA effort 
exceeds a certain level. Next, the effect of the user–RA effort interaction 
is significantly positive for any familiarity level below 3.06 (b = 0.041, s. 
e. = 0.021, p = 0.05) and significantly negative above 5.59 (b = − 0.038, 
s.e. = 0.019, p = 0.05) [87] (Fig. 4). This suggests that users are willing 
to exert personal effort when they feel that the system invests high effort 
as well, yet this interaction effect is decreasing for highly familiar users. 
Such users are experienced and have already formed expectations over 

Fig. 1. Conceptual Model.  

4 We used the context of leasing to demote the effect of brand and price 
compared to purchasing a car for private use.  

5 Although the duration is longer than e.g. Google’s page load speed, in the 
context of RAs, a longer duration in order to generate the recommended 
products is common. Travel RAs (e.g. kayak.com, orbitz.com), or financial 
product RAs (e.g. independer.nl) use comparable delay duration while loading 
recommendations (accessed in July 2020). Recent market evidence suggests 
that the page load time of many websites were exceeding Google’s suggested 
average of 5 seconds (unbounce.com/page-speed-report, machmetrics.com/ 
speed-blog/average-page-load-times-for-2020/). 

6 Subjects across conditions are statistically indistinguishable in terms of fa-
miliarity and demographics (Appendix 1). 
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RAs, therefore may become insensitive to the user–RA effort interaction 
(hence in the area where familiarity is between the two 
Johnson-Neyman points, the interaction effect is not significant). 
Finally, when familiarity is very high, the interaction effect of user and 
RA effort becomes negative suggesting that expert users do not follow 
the social exchange rules and perceive the overall effort exerted in using 
the RA as a burden rather than a potential benefit. 

4. Study 2 

Study 2 has several goals. First, we attempt to replicate the findings 
of Study 1 in a different product category, to explore the generalizability 
of the findings across contexts. The context of study 2 is online dating 
recommendations. Online dating is increasingly popular and humans are 
defined as the ultimate experience product [8, 16, 34]. Past evidence has 
shown that RAs are evaluated less favorably for experience compared to 
search goods (e.g., cars) [3]. The context of online dating is rather 

complex, yet has many similarities to traditional decision-making con-
texts in terms of, for example, decision strategies and biases [51]. 
Further, online dating is a context where familiarity has a demoted role 
(no technical expertise needed) and the decision quality is very sub-
jective, rendering the role of the RA critical (Senecal & Nantes 2004). 
Finally, we test the findings in an experimental environment where we 
control for the composition of the recommendation set, alleviating po-
tential concerns about endogeneity in the composition of a recom-
mended set (e.g., individual preferences may lead to better 
recommended products which lead to a better RA evaluation). 

4.1. Design of study 2 

We created a web-based experiment where participants could choose 
a potential date from a recommendation set based on their elicited 
preferences. Participants specified importance weights of a list of per-
sonality traits and demographic characteristics that an ideal date should 

Fig. 2. Manipulation of perceived effort (Study 1).  

Table 1 
Measurement of constructs (Study 1).  

Perceived user effort [9] 
PUE1 I put a lot of effort into supplying the RA with my preferences. 
PUE2 I worked hard filling in my preference list. 
PUE3 I did not exert a lot of effort filling in my preferences. 
Perceived RA effort [9] 
PRAE1 The RA put a lot of effort into generating recommendations. 
PRAE2 The RA worked hard in generating the recommendations. 
PRAE3 The RA did not invest a lot of effort in generating the recommendations. 
Perceived RA quality ([68] [69]) 
PRAQ1 The RA provides valuable recommendations to me. 
PRAQ2 The RA provides relevant recommendations to me. 
PRAQ3 The RA improves my search performance. 
PRAQ4 The RA provides easy to understand recommendations to me. 
PRAQ5 The RA saves me time. 
User familiarity [35, 47] 
FAM1 I am familiar with searching for cars on the Internet. 
FAM2 I am familiar with car searching websites like <<website names here>>. 
FAM3 I am familiar with the processes of purchasing cars on the internet. 
FAM4 My knowledge of the product category is high. 

NOTE: All items were measured on a 7-point scale, ranging from strongly 
disagree to strongly agree. 

Table 2 
Factor analysis (Study 1).   

User 
effort 

RA effort RA 
quality 

Familiarity   

PUE1 0.940 0.067 − 0.002 − 0.030   
PUE2 0.947 0.028 − 0.003 − 0.001 

PUE3 0.835 0.041 − 0.013 − 0.049   
PRAE1 0.042 0.886 0.292 − 0.012 

PRAE2 0.032 0.848 0.301 − 0.076 
PRAE3 0.091 0.839 0.311 − 0.042 
PRAQ1 0.009 0.190 0.816 0.083 
PRAQ2 0.011 0.183 0.844 0.057 
PRAQ3 − 0.061 0.132 0.838 − 0.006 
PRAQ4 0.026 0.260 0.639 0.260 
PRAQ5 − 0.002 0.272 0.683 0.001   

FAM1 0.020 0.071 0.074 0.904   
FAM2 − 0.032 0.065 0.066 0.857   
FAM3 − 0.081 − 0.152 0.024 0.714   
FAM4 0.008 − 0.079 0.093 0.808 

Cronbach’s 
alpha 

0.938 0.941 0.896 0.945 

KMO Measure of Sampling Adequacy: 0.816; Rotation Method: Varimax with 
Kaiser Normalization. 
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possess. Then, they selected their most preferred date from a set of 
recommendations based on their own preferences. We used a 2 (high vs. 
low user effort) × 2 (high vs. low RA effort) between-subject 

experimental design where participants were randomly assigned to 
one of the conditions. In the high user effort condition, participants gave 
importance weights to all 19 attributes whereas in the low user effort 

Table 3 
Results (Study 1).  

Dependent variable: Perceived RA Quality (1) Only Direct Effects (2) Direct & interaction effects (3) including Controls 

Intercept 3.389*** (0.222) 3.561** (1.096) 3.586** (1.193) 
User effort − 0.024 (0.027) − 0.220 (0.221) − 0.334 (0.223) 
RA effort 0.313*** (0.029) − 0.027 (0.242) − 0.159 (0.243) 
User effort × RA effort   0.115* (0.049) 0.137** (0.049) 
Familiarity 0.106*** (0.032) 0.010 (0.227) − 0.105 (0.230) 
User effort × Familiarity   0.056 (0.046) 0.071 (0.046) 
RA effort× Familiarity   0.092 (0.053) 0.106* (0.053) 
User effort × RA effort× Familiarity   − 0.029** (0.010) − 0.031** (0.010) 
Control variables No No Yes 
R2 0.287 0.339 0.373 
Change in R2  0.052*** 0.034*** 

N = 306; Standard errors in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001; Controls: Gender, Age, Education, Car Ownership. 

Fig. 3. Study 1: effect of user effort at levels of RA effort and familiarity.  

Fig. 4. Effect of user and RA effort interaction on RA quality at levels of familiarity.  
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condition, participants picked the 5 most preferred items from the list 
(Appendix 2). RA effort was manipulated similarly to study 1. After 
eliciting their preferences, participants received a set of the 6 closest 
matches and chose the person that they would most likely choose to go 
on a date with. Given that the setup was fictional and the subjectivity of 
the context, we controlled for the recommended dates by offering the 
same recommendations regardless of the specified preferences of the 
participants (adapting their gender, depending on participants’ gender 
and sexual orientation). This was feasible as the elicited preferences of 
participants were related to personality traits, which could not be 
visually identified based on the photos provided in the recommendation 
set. However, to ensure that the options were considered of a certain 
quality by all respondents, (a) we ran a pre-test to evaluate the physical 
attractiveness of potential dates and in the study used a diverse set of 
options that could cover a large spectrum of preferences (using options 
comparable in average attractiveness, yet receiving extremely positive 
and negative scores); (b) we ranked the recommendations based on 
alphabetical order so that the order of recommendations would not 
signal the degree of match; and (c) we included quantifiable information 
for the recommended dates (ratings on appearance, intelligence and 
humor from other participants). We recruited 294 participants from an 
online panel. We excluded cases where average trust in a dating site is 
zero, because such behaviors can also be attributed to the social stigma 
that embodies dating platforms. Further, we excluded participants who 
spent less than 15 s eliciting their preferences for 19 attributes. 

4.2. Measures 

After making a choice, participants answered questions related to the 
main constructs. The measurement items used in this part were similar 
to study 1 but were adapted to the context of this study.10 We conducted 
a factor analysis and found that all items used load in the respective 
factors (Table 4). Further, we found no single factor explaining the 
majority of the variance in perceived RA quality, which alleviates con-
cerns for common method bias [44, 81]. 

4.3. Manipulation checks 

We conducted a set of manipulation checks, using a t-test and a non- 
parametric Mann–Whitney U test. The manipulations were successful in 
triggering the intended variance in the perceptions. Perceived user effort 
was significantly higher in the high user effort condition compared to 
the low condition (Mhigh = 3.72, Mlow = 3.09, F = 2.99, p = 0.08 / 
Mann–Whitney U = − 1.67, p = 0.09). The marginal significance can be 
attributed to the less distinct differences between high and low condi-
tion. Further, the total time spent eliciting personal preferences was 
longer in the high versus the low user effort condition (Mhigh = 79.5, 
Mlow = 33.9, F = 138.37, p = 0.00 / Mann–Whitney U = − 12.26, p =
0.00). There was no significant difference in perceived RA effort be-
tween high and low user effort (Mhigh = 2.83, Mlow = 2.71, F = 0.91, p =
0.34 / Mann–Whitney U = 0.59, p = 0.55). To check the manipulation of 
the RA effort, we first asked participants in the high RA effort condition 
if they noticed the rotating loader and excluded those who did not (9 
respondents). Perceived RA effort was significantly higher in the high 
compared to the low RA effort condition (Mhigh = 2.98, Mlow = 2.58, F =
9.78, p = 0.00 / Mann–Whitney U = − 3.10, p = 0.00), but not between 
high and low user effort conditions (Mhigh = 3.28, Mlow = 3.17, F = 0.43, 
p = 0.51 / Mann–Whitney U = − 1.04, p = 0.30).11 

4.4. Results 

We tested our hypotheses in a set of regression models (Table 5). In 
model 1, we find a positive effect of perceived RA effort on perceived RA 
quality. In model 2, we find a negative effect of user effort on RA quality 
(H1). Participants who perceived they expended higher effort evaluated 
the RA quality lower. The interaction effect between perceived user and 
RA effort is significant and positive, which supports H3. The three-way 
interaction between user effort, RA effort and familiarity is also signif-
icantly negative (H4), suggesting that, for familiar users, the effect of 
user effort is decreasingly attenuated by RA effort. The results are robust 
when controlling for user demographic information, past offline dating 
experience (number of people dated and number of dates during pre-
vious year), trust in dating websites, various choice set features (rec-
ommended set gender, recommended set and chosen option 
attractiveness based on stated importance weights) (model 3). 

4.5. Floodlight analysis 

Regarding the overall effect of perceived user effort on perceived RA 
quality, we found that for high levels of perceived RA effort, the effect is 
significant and positive for relatively low familiarity users and the effect 
is negative when perceived RA effort is relatively low. The result sug-
gests that, for lower familiarity users, a higher personal effort increases 
their assessment of the RA quality when their perception of RA effort 
exceeds a certain level. Regarding the effect of the user–RA effort 
interaction, the Johnson-Neyman technique identified that this effect is 
significantly positive for any familiarity level below 2.78 (b = 0.058, SE 
= 0.030, p = 0.05). This suggests that users are willing to exert personal 
effort when they feel that the system invests high effort as well, yet this 
interaction effect is decreasing for highly familiar users. Such users are 
experienced and have already formed expectations over RAs, therefore 
may become insensitive to the user–RA effort interaction (hence in the 
area where familiarity is between the two Johnson–Neyman points, the 
interaction effect is not significant). A visual illustration of the floodlight 
analysis can be found in Online Appendix 1. 

Table 4 
Factor Analysis (Study 2).   

User 
Effort 

RA Effort RA 
Quality 

Familiarity 

PUE1 0.846 0.105 0.190 0.187 
PUE2 0.847 0.130 0.176 0.183 
PUE3 0.675 0.107 − 0.037 0.009 
PRAE1 0.191 0.690 0.380 0.155 
PRAE2 0.092 0.563 0.006 − 0.115 
PRAE3 0.102 0.694 0.378 0.183 
PRAQ1 0.113 0.165 0.835 0.125 
PRAQ2 0.070 0.180 0.841 0.063 
PRAQ3 0.065 0.106 0.880 0.021 
PRAQ4 0.088 0.086 0.654 0.043 
PRAQ5 0.021 0.091 0.752 0.106   

FAM1 0.118 0.057 0.093 0.663   
FAM2 0.085 0.029 0.071 0.940   
FAM3 0.064 0.049 0.051 0.945   
FAM4 0.101 − 0.048 0.091 0.817 

Cronbach’s 
alpha 

0.853 0.742 0.905 0.913 

KMO Measure of Sampling Adequacy: 0.816; Rotation Method: Varimax with 
Kaiser Normalization. 

7 The items for Familiarity were: (1) I am familiar with using online dating 
websites to search for a date. (2) I am familiar with using online dating websites 
to find a date, (3) I am familiar with online dating websites such as Match.com 
and Badoo.com. (4) My knowledge of online dating websites is higher than 
average. 

8 Subjects across conditions are statistically indistinguishable in terms of fa-
miliarity and demographics (Appendix 1). 
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5. Integrative data analysis 

As multiple studies about a common phenomenon provide more 
robust conclusions than a single study, a general call for accumulation in 
scientific research has been extended [24, 70]. To allow researchers to 
synthesize multiple studies, several methods have been applied (e.g., 
literature reviews, meta-analyses) [38, 101]. As the main constructs of 
the conceptual model were commonly measured, we used an integrative 
data analysis (IDA). IDA allows the use of pooled data across multiple 
independent sources to get integrative insights12 [24]. It is an estab-
lished method in multiple-trial studies in medical studies [19, 28] and 
psychology [50]. Such analysis offers great potential for generaliz-
ability, allowing for internal replication of the findings, great statistical 
power, and greater sample heterogeneity [24]. We pooled the constructs 
involved in our hypotheses into one dataset. As the items used for our 
perception-related constructs were identical, concerns about not having 
common measurements across the studies are alleviated [25]. Despite 
the fact that the context of the studies is diverse, such heterogeneity can 
even constitute a strength for this method, as they allow for the gener-
alizability of research findings across various contexts [24, 48]. 

5.1. Manipulation checks 

Perceived user effort was significantly higher in the high compared 
to the low user effort condition (Mhigh = 4.31, Mlow = 3.09, F = 93.0, p =
0.00 / Mann–Whitney U = − 9.18, p = 0.00) but not between high/low 
RA effort conditions (Mhigh = 3.66, Mlow = 3.55, F = 0.75, p = 0.39 / 

Mann–Whitney U = 0.94, p = 0.35). We found significantly higher 
perceived RA effort in the high compared to low RA effort condition 
(Mhigh = 4.23, Mlow = 3.05, F = 93.2, p = 0.00 / Mann–Whitney U =
− 8.99, p = 0.00) but not between high/low user effort conditions (Mhigh 
= 3.65, Mlow = 3.77, F = 0.78, p = 0.38 / Mann–Whitney U = − 0.82, p =
0.41). 

5.2. Results 

We conducted a factor analysis and found that all items used load in 
the respective factors (Appendix 4). We tested our hypotheses in a set of 
regression models, including a study fixed effect to account for between- 
studies differences (Table 6).13 We found a positive effect of perceived 
RA effort and user familiarity on perceived RA quality, supporting H2. 
Further, familiar users also evaluated the RA quality more highly. When 
including the interactions between the focal variables (model 2), we find 
a negative effect of user effort on RA quality, supporting H1. The 
interaction effect between perceived user and RA effort is significant and 
positive, which supports H3 and suggests that the larger the perceived 
RA effort is, the more favorably the user effort is perceived. The three- 
way interaction between user effort, RA effort and familiarity (H4) is 
significantly negative.14 The results are robust when controlling for user 
demographic information (pooled across studies) (model 3).15 

Table 5 
Results (Study 2).  

Dependent variable: Perceived RA quality (1) Only direct effects (2) Direct & interaction effects (3) including Controls 

Intercept 2.866*** (0.225) 3.876*** (0.844) 3.876*** (0.819) 
User Effort 0.068 (0.045) − 0.365* (0.155) − 0.414** (0.143) 
RA Effort 0.393*** (0.061) − 0.060 (0.202) − 0.154 (0.178) 
Familiarity 0.025 (0.031) − 0.287** (0.100) − 0.423** (0.116) 
User effort × RA effort   0.130* (0.051) 0.141** (0.046) 
User effort × Familiarity   0.087* (0.037) 0.106** (0.037) 
RA effort × Familiarity   0.081 (0.041) 0.117** (0.042) 
User effort × RA effort × Familiarity   − 0.021* (0.011) − 0.030** (0.011) 
Control variables No No Yes 
R2 0.185 0.287 0.316 
Change in R2  0.081* 0.029*** 

Note. N = 294; Standard errors in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001; Controls: Gender, Age, Education, dating experience, trust in dating websites, 
choice set features. 

Table 6 
Integrative data analysis.  

Dependent variable: Perceived RA Quality (1) Direct Effects (2) Direct & Interaction Effects (3) including Controls 

Intercept 3.491*** (0.133) 4.171*** (0.384) 4.530*** (0.501) 
User effort 0.015 (0.025) − 0.332** (0.104) − 0.335** (0.104) 
RA effort 0.342*** (0.029) − 0.141 (0.130) − 0.135 (0.131) 
User effort × RA effort   0.131*** (0.031) 0.132*** (0.031) 
Familiarity 0.065** (0.023) − 0.264** (0.101) − 0.267** (0.101) 
User effort × Familiarity   0.092*** (0.025) 0.093*** (0.025) 
RA effort × Familiarity   0.130*** (0.032) 0.130*** (0.032) 
User effort × RA effort × Familiarity   − 0.034*** (0.007) − 0.034*** (0.007) 
Study fixed effects Yes Yes Yes 
Control variables No No Yes 
R2 0.314 0.338 0.341 
Change in R2  0.024*** 0.003 

N = 600; s.e. in parentheses; * p < 0.05, ** p < 0.01, *** p < 0.001; Controls: Gender, Age, Education, Study dummy. 

9 A single paper meta-analysis methodology was introduced to combine the 
effects across multiple studies within a paper [70]. This methodology extracts 
effects across multiple studies that differ in their implementation, methodology, 
and design. However, when the raw data can be accessed, IDA is more 
appropriate. 

10 Participants are nested within a study. Given that IDA includes 2 studies, 
the use of a Study dummy (fixed effect) in a linear regression model yields the 
same results as a panel fixed effects regression model.  
11 We examine the point where perceived reciprocity between user and RA 

effort is activated (Online Appendix 3).  
12 We find no statistically significant differences across studies when we add 

the study dummy as a moderator in the models. The main effects identified in 
the IDA remain qualitatively robust. 

D. Tsekouras et al.                                                                                                                                                                                                                              



Information & Management 59 (2022) 103571

10

5.3. Floodlight analysis 

We found that for high levels of perceived RA effort, the effect is 
significant and positive for relatively low familiarity users and the effect 
is negative when perceived RA effort is relatively low. The result sug-
gests that, for novice users, a higher personal effort increases their 
assessment of the RA quality when their perception of RA effort exceeds 
a certain level. Regarding the effect of the user–RA effort interaction, the 
Johnson–Neyman technique identified that this effect is significantly 
positive for familiarity levels below 3.05 (b = 0.028, s.e. = 0.014, p =
0.05) and significantly negative above 4.71 (b = − 0.028, s.e. = 0.015, p 
= 0.05) [87]. This suggests that users are willing to exert personal effort 
when they feel that the system invests high effort as well, yet this 
interaction effect is decreasing for highly familiar users. Such users are 
experienced and have already formed expectations over RAs, therefore 
may become insensitive to the user–RA effort interaction (in the area 
between the two Johnson–Neyman points, the interaction effect is not 
significant). Finally, when familiarity is very high, the interaction effect 
becomes negative suggesting that social exchange rules have a demoted 
role and they perceive the overall effort exerted in using the RA as a cost. 
A visual illustration of the floodlight analysis can be found in Online 
Appendix 2. 

6. Discussion 

6.1. Discussion of the key findings 

The results from both studies, as well as the integrative data analyses, 
provide interesting insights for the role of user effort in the evaluation of 
an RA and its interaction with the effort users perceive the RA exerts. 
First, regarding H1, we find no significant effect of user effort on 
perceived RA quality in none of the studies. This lack of significance is in 
line with past studies which provided conflicting evidence regarding the 
effect of user effort on behavioral outcomes, as it may be perceived as a 
form of cost for users or as a potential benefit improving the odds of a 
better decision. This result reinforces the importance of assessing the 
effort an RA contributed to the process of decision-making vis-à-vis the 
users’ effort. Regarding H2, we find a positive effect of perceived RA 
effort on perceived RA quality, as users appreciate the effort the RA 
exerts in the user–RA relationship. Further, we show a positive inter-
action effect of user and RA effort on RA quality. The finding suggests 
that user effort has an increasingly positive effect on RA quality the more 
the users believe that the RA has spent an adequate amount of effort. 
Finally, both studies show that the social exchange rules leading to a 
reduced negative effect of user effort on RA quality as RA effort increases 
are less prominent for users with higher familiarity with the product 
context. Interestingly, for highly familiar users, increasing RA effort may 
not attenuate the negative effect of user effort on RA quality as these 
users are less appreciative of RA effort and they assess RA effort as an 
extra cost rather than a potential benefit. Despite the variation in the 
magnitude of the coefficients in the two studies (which can be attributed 
to the context but also to some study design differences), the results are 
qualitatively the same. This robustness is confirmed by the integrative 
data analysis which provides consistent results and shows that the in-
sights can be generalized across contexts. 

6.2. Contributions to theory 

Our research makes several contributions to the literature. The 
concept of effort has been central in decision-making [52] and infor-
mation systems [90, 97, 106]. However, past research has mainly 
focused on the level of effort that the user expended in such interactions 
[12, 26, 36, 45, 97]. The first important contribution of this study is to 
reveal that the isolated focus on user’s effort is unlikely to explain one’s 
assessment of technology unless it is understood within the context of 
the effort made by the technology (RA) supporting the user’s task. 

Complying with the norms of human social interactions, we show that 
when users evaluate the RA, they also consider the effort exerted by the 
RA. Therefore, though they dislike the effort they put in a decision task, 
they welcome the effort invested by others to help them decide [9]. Our 
results suggest that perceived RA effort increases perceived RA quality 
as users seem to appreciate the effort from the RA. We find such an effect 
even though we manipulated perceived RA effort based on a simple 
interface cue (rotating loader). We therefore extend the evidence related 
to the use of information cues in RAs and how they influence users’ 
assessment of the RA [10, 60, 97, 103, 104]. 

Second, the distinction between RA effort and user effort enriches 
our understanding about the conflicting findings of the role of user 
effort; user effort can be regarded either as a form of cost for users or as a 
potential benefit increasing the accuracy of users’ decisions [45, 108]. 
To that end, an important contribution of this paper is that it is the first 
study that empirically studies how the user effort expended during the 
preference elicitation process vis-à-vis how a more explicitly framed 
effort by the RA can influence the evaluation of the RA. Complying with 
the social norms of equity and reciprocity, which motivate most social 
interactions, as long as an RA is perceived as hard working to best serve 
the users, users do not mind putting in more effort. Users positively 
evaluate the RA when they feel that the overall effort was fairly 
distributed across all actors in the process. A positive effect of user effort 
can be explained in cases where the perceived RA effort is relatively high 
and therefore users are also positively inclined to exert additional effort 
to maximize the accuracy of their outcomes. This result is in line with 
the fact that users engage in an exchange relationship with the RA, a 
partnership where the efforts of both parties are interdependent. In such 
an interaction, the interplay between user and RA effort has a positive 
effect on RA quality both from a rational perspective (both actors need 
to put effort to create a high-quality outcome) and a psychological 
perspective (perceptions of equity increase the psychological value of 
the outcomes). 

Third, by investigating heterogeneous effects of user and RA effort 
across user groups which vary in terms of familiarity, this study extends 
our understanding on the CASA model. Previous studies assumed that 
the social rules attributed to a user–computer interaction are in principle 
indistinguishable across different levels of user expertise [78, 82]. In the 
context of user–RA interaction, we show that user’s task familiarity is 
important as it influences both the actual and perceived effort needed to 
perform a certain task [6, 74]. Interestingly, our findings suggest that 
the positive interaction between user and RA effort is less evident for 
more familiar users. Familiar users have higher expectations from RAs 
and appreciate less the effort exerted for them. As a result, they do not 
discount the negative effect of their own (user) effort when they perceive 
that RA effort is putting higher effort. We therefore extend the knowl-
edge regarding the role of users’ expertise on their behavioral responses 
to RAs [36, 100]. 

6.3. Contributions to practice 

This paper also has important implications for business practice. 
First, we highlight the importance of managing the perceptions of RA 
effort. Often, RAs perform their tasks very quickly and in the back-
ground. Therefore, their contributions may be unnoticeable to most 
users or considered as minimal. We show that making RA effort more 
salient to users by explicitly referring to the search progress, whereas 
they are waiting for the recommendations makes them perceive the 
effort the RA puts into the process as higher. This evidence is in line with 
the notion of operational transparency [16]. However, we go further to 
show that increasing perceived RA effort has beneficial effects on users’ 
overall assessment of the RA. We propose that, in practice, a simple 
interface cue can be influential in increasing users’ perception of RA 
effort and in turn, their perception of RA quality. 

Second, we suggest that online firms need to be careful regarding the 
required user input during the preference elicitation stage of an RA. 
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Although, they should aim at reducing the required effort of users, they 
should beware that such an approach does not compromise the 
perceived accuracy of the recommendations. In cases where high user 
effort is required, firms can leverage users’ perceptions of the effort put 
in by the RA to counterbalance their potential dissatisfaction with their 
own exerted effort. 

Finally, we show the importance of segmenting users according to 
their familiarity with the product category websites. Especially for less 
familiar users, the importance of managing their RA effort perceptions is 
key in influencing their overall RA evaluation, and that is beneficial for 
firms that want to expand their customer base. 

6.3. Limitations and future research 

We present some limitations and avenues for future research. First, in 
this study, we dictated the level of user effort by setting the amount of 
information required from users. Future studies could examine whether 
our findings hold when users themselves are allowed to determine how 
much effort to put into the preference elicitation stage (e.g., decide on 
the number of attributes they specify). We also varied perceived user 
effort by manipulating the amount of information users needed to 
indicate their preferences. However, the amount of information pro-
vided by the user is not the sole source of user effort. Users may exert 
more effort in their interaction with the RA due to navigational con-
straints (i.e., a less intuitive interface) or the way preferences elicitation 
questions are framed [60, 105]. Furthermore, user effort may be trig-
gered after receiving the recommendations. Past evidence suggested 
that users may exert additional effort in assessing the set for recom-
mended products (which may vary in terms of complexity), and in 
further refining the recommendations they receive by adjusting their 
specifications [88, 106]. These various sources of user effort may have 
different effects on perceived RA quality, as well as on the interaction 
between user and RA effort. Future studies could explore these alter-
native sources of user effort. Another promising direction is to use a 
longitudinal approach to test whether users are willing to exert more 
efforts after experiencing a hard working RA. The findings could be 
particularly useful for companies to interact with recurring visitors. 
Finally, it is interesting to contrast the various sources of user effort to an 
objective measure of effort to understand when do users overestimate or 
underestimate their actual effort spent. Conducting a process tracing 
study could shed further light on the behavioral mechanisms in relation 
to the CASA model and social exchange theory. 

Next, we used a simple manipulation to trigger perceived RA effort 
by showing a rotating loader. Though the positive effect on RA quality 
signals that users appreciate RA effort, we do not rule out that waiting 
time may influence that relationship. Websites prefer faster page 
loading, because delays may increase a website’s bounce rate. If we also 
include the negative effects of delay in the overall effect on perceive RA 
quality, our results would be a conservative estimate. Future study could 
investigate the non-linear effect of waiting time and perceived RA 
quality (e.g., an inverted U-shape). In addition, our findings suggest RA 
effort cues could improve the quality perceptions of the system; how-
ever, it may also be considered as a signal of inefficiency of the system. 
Future research could study the attribution of RA effort and disentangle 
the increased service (due to the sophistication of the RA, or the large 
product space it searches from) from inferior website design. 

Moreover, the information cues displayed during the waiting period 
(e.g., CPU usage, database size) could alleviate the potential negative 
effects of waiting [27], yet still communicate to users the exerted RA 
effort. Future research can examine how different messages presented 
during waiting time affects users’ perceptions of whether the extent the 
RA is working hard or working smart to generate the recommendations. 
For example, Expedia informs users about the tasks that its RA un-
dertakes (e.g., “searching millions of options to get the best recom-
mendations), which might make users equate effort with quality. An 
interesting application of managing RA effort may be to constructively 
present the recommended results as they are generated, triggering a 
more dynamic impression of the search effort by the RA. Finally, future 
studies could investigate whether social attribution would be greater 
when RA effort cues become more human-like (e.g., showing a human 
figure working). 

6.4. Conclusions 

The proliferation of products has made the role of RAs vital. RAs are 
very popular tools that assist online firms in adapting their offers to 
users’ preferences and thereby improve the accuracy and quality of 
users’ decisions. The concept of effort has been central in information 
systems and marketing [101]. Past evidence offered contradictory in-
sights as effort can be considered a form of cost (expenditure of user 
resources) or benefit (cognitive investment for better accuracy). We 
suggest that the overall effect depends on the relative perception of user 
effort versus RA effort. Building on social exchange theory, we suggest 
that, as individuals treat their interactions with computers similarly to 
their human-to-human interactions, they would apply similar social 
response rules as in any social encounter. We highlight the role of 
perceived RA effort on the overall RA evaluation. Building on the main 
components of social exchange theory, interdependence and reciprocity, 
we show that the effect of user effort on perceived RA quality depends on 
perceived RA effort, as it becomes positively stronger when users 
perceive a greater RA effort. The findings provide novel academic and 
managerial insights regarding user behavior in the context of recom-
mendation systems. 
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AppendiX 1. Randomization Check for Studies 1 & 2  

Study 1 
# Condition N Familiarity Gender Age Education 

1 low user effort / low RA effort 82 4.35 0.46 27.8 2.46 
2 low user effort / high RA effort 79 4.19 0.30 31.8 2.48 
3 high user effort / low RA effort 73 4.30 0.41 29.3 2.39 
4 high user effort / high RA effort 72 4.28 0.37 30.4 2.30 
t-test F-value / p-value 0.18 / 0.91 1.51 / 0.21 2.45 / 0.07 1.25 / 0.29 
Kruskal-Wallis H test chi2 / p-value 0.84 / 0.84 3.22 / 0.36 10.84 / 0.02 3.00 / 0.39 
Study 2 
# Condition N Familiarity Gender Age Education 
1 low user effort / low RA effort 77 3.21 0.59 26.2 2.45 
2 low user effort / high RA effort 84 3.22 0.63 26.3 2.31 
3 high user effort / low RA effort 69 3.11 0.65 25.8 2.37 
4 high user effort / high RA effort 74 3.16 0.61 26.4 2.27 
t-test F-value / p-value 0.28 / 0.98 0.02 / 0.91 0.22 / 0.87 0.92 / 0.38 
Kruskal-Wallis H test chi2 / p-value 0.56 / 0.92 0.03 / 0.99 1.03 / 0.79 2.23 / 0.53  

Appendix 2. Manipulation of User & RA Effort (Study 2) 
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Appendix 3. Example of recommended items (Study 1 & 2) 

Note: The photos and locations of the exemplary recommendations from Study 2 are intentionally hidden in this figure for privacy reasons. 

Appendix 4. IDA - Factor analysis   

User effort RA effort RA quality Familiarity 

PUE1 .927 .066 .017 − 0.005 
PUE2 .929 .053 .038 .017 
PUE3 .834 .069 .026 − 0.038 
PRAE1 .079 .848 .295 .036 
PRAE2 .054 .835 .296 − 0.003 
PRAE3 .086 .811 .277 − 0.054 
PRAQ1 .054 .194 .831 .133 
PRAQ2 .048 .200 .844 .064 
PRAQ3 − 0.022 .135 .876 .045 
PRAQ4 0.020 .223 .626 .161 
PRAQ5 .013 .221 .690 .041 
FAM1 .062 .052 .089 .799 
FAM2 − 0.035 .085 .126 .866 
FAM3 − 0.058 − .064 .016 .792 
FAM4 0.000 − 0.070 .127 .809 
Cronbach’s alpha 0.918 0.895 0.923 0.900  

NOTE: KMO Measure of Sampling Adequacy: 0.849; Rotation Method: Varimax with Kaiser Normalization 
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