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Recommender systems aim to help users find relevant items more quickly by providing personalized recommendations. Explanations in recommender systems help users understand why such recommendations have been generated, which in turn makes the system more transparent and promotes users' trust and satisfaction. In recent years, explaining recommendations has drawn increasing attention from both academia and from industry. In this paper, we present a user study to investigate context-aware explanations in recommender systems. In particular, we build a web-based questionnaire that is able to interact with users: generating and explaining recommendations. With this questionnaire, we investigate the effects of context-aware explanations in terms of efficiency, effectiveness, persuasiveness, satisfaction, trust and transparency through a user study.

Introduction

With the increasingly available information online, users are sometimes overwhelmed by information overload. Recommender systems (RSs hereinafter) have become important decision-support tools that aim to help users find relevant items (goods, services, etc). Among the existing recommender techniques, Context-Aware Recommender Systems (CARSs hereinafter) that leverage users' contextual information [START_REF] Adomavicius | Context-aware recommender systems[END_REF] are able to provide more personalized recommendations. According to [START_REF] Abowd | Towards a better understanding of context and context-awareness[END_REF], context is any information that can be used to characterize the situation of an entity. In RSs, users' contextual situations are composed of corresponding contextual conditions. For example, users' contextual situations can be composed of location, time and companions, etc. Indeed, users' contextual information (e.g. location, moods, time) can greatly influence their preferences. For example, in a movie recommendation scenario, a romantic movie is more likely to be preferred when users are with their lovers and a cartoon movie seems to be a better recommendation when users are with their children. In this toy example, users' contextual information (companion) is leveraged to better model their preferences. CARSs have achieved great success for being able to leverage such contextual information [START_REF] Haruna | Context-aware recommender system: A review of recent developmental process and future research direction[END_REF]. However, as recommender algorithms become more and more inscrutable, many RSs work like black boxes, raising concerns about transparency and fairness. Explaining recommendations to help users better understand how RSs work has drawn much attention from both academia and industry.

Since users' preferences vary across different contextual situations, it would be logical to provide explanations to users based on their contextual situation, which may make the explanations more personalized and more convincing. Therefore, context-aware explanations such as "It would be nice to watch this movie with your family" would be much more personalized and convincing than traditional explanations such as "We recommend this film because the average rating of this movie is high". Tintarev et. al [START_REF] Tintarev | Explaining recommendations: Design and evaluation[END_REF] asserted that explanations can make RSs more transparent (transparency), help users make better decisions (effectiveness) more quickly (efficiency), convince users to consume (persuasiveness), increase users' confidence in the system (trust) and increase the ease of use or enjoyment (satisfaction). As a matter of fact, the potential goals can also serve as metrics for evaluating explanations in RSs [START_REF] Gedikli | How should i explain? a comparison of different explanation types for recommender systems[END_REF]. In this paper, we develop a web-based questionnaire that can generate and explain recommendations. With this questionnaire, we carry out a user study to compare the effects of explanations with and without contextual information in terms of transparency, effectiveness, efficiency, persuasiveness, trust and satisfaction.

The remainder of the paper is structured as follows. In Section 2, we summarize related works about CARSs, explanations in recommendations, the metrics of evaluating explanations in RSs. In Section 3, we present in detail the problem formulation and the user study design. In Section 4, we present the data collected and corresponding analysis. Lastly, we conclude and propose potential future works.

Related works

Context-Aware Recommender Systems (CARSs)

CARSs can generate more accurate and personalized recommendations by leveraging users' contextual situations [START_REF] Adomavicius | Context-aware recommender systems[END_REF]. CARSs assume that users' preferences change over different contextual situations. For example, when recommending movies, users' preferences can be influenced by companions (with family or alone), mood (happy or sad). The "companion" and "mood" are contextual factors, each of which can have several possible values (contextual conditions). Finally the contextual conditions compose contextual situations. Therefore, CARSs differ from traditional RSs (e.g. collaborative filtering) in the dimension of data on which they operate. Typical data records in collaborative filtering are < user, item, rating > while in CARSs data records are in the form of < user, item, contexts, rating >. The high dimension of data also makes models in CARSs more complex. The rating prediction function in CARSs is multidimensional: user × item × contexts → rating. In a word, the high dimension of data and complexicity of models lead to the fact that CARSs have become more inscrutable. Considering that users' contextual situations influence their interests, explaining context-aware recommendations is worth extensive exploration [START_REF] Zhang | Explainable recommendation: A survey and new perspectives[END_REF]. In the next section, we review existing works related to context-aware explanations in RSs.

Context-aware explanations in Recommender Systems (RSs)

Depending on the information included in explanations, existing explanation methods in RSs can be classified into similar user (item) explanation, feature-based explanation, opinion-based explanation and social explanation [START_REF] Zhang | Explainable recommendation: A survey and new perspectives[END_REF]. However, these explanations do not consider users' contextual situations, which means that explanations under different contextual situations are the same. Therefore, traditional explanations may not be adapted to users' needs under different situations. Contextual information, which can influence users' preferences, has not been sufficiently explored to generate explanations [START_REF] Musto | Exploiting distributional semantics models for natural language context-aware justifications for recommender systems[END_REF]. Baltrunas et al. [START_REF] Baltrunas | Context-aware places of interest recommendations and explanations[END_REF] showed that, compared with non-contextual explanations, context-aware explanations can promote user satisfaction when recommending places of interest. One major concern is that only 20 participants were involved in their user study. Misztal et al. [START_REF] Misztal | Explaining contextual recommendations: Interaction design study and prototype implementation[END_REF] conceptualized a CARS that can explain recommendations by identifying the most relevant context for each movie type. However, explanation for items of the same type are not diversified and the proposed conceptualization was not put into application. Sato et al. [START_REF] Sato | Explaining recommendations using contexts[END_REF] showed through a user study that context-aware explanation can promote persuasiveness and usefulness, other metrics such as efficiency and trust were not evaluated. More recently, Musto et al. [START_REF] Musto | Exploiting distributional semantics models for natural language context-aware justifications for recommender systems[END_REF] proposed context-aware natural language explanations. Recommendations were generated by a content-based approach according to descriptive features of items, explanations are generated by exploiting distributional semantics in reviews posted by other users. Their user study revealed that context-aware explanations were preferred to non-contextual explanations. However they did not further investigate other effects of context-aware explanations.

We note that there are a few works related to contextual explanations in RSs as presented above. In this work, we comprehensively explore the effects of context-aware explanations in RSs. The traits that distinguish our work from the works mentioned above are: (1) Participants can provide ratings given several contextual situations, allowing our system to better learn their preferences, which is not the case in [START_REF] Musto | Exploiting distributional semantics models for natural language context-aware justifications for recommender systems[END_REF][START_REF] Baltrunas | Context-aware places of interest recommendations and explanations[END_REF][START_REF] Misztal | Explaining contextual recommendations: Interaction design study and prototype implementation[END_REF][START_REF] Sato | Explaining recommendations using contexts[END_REF]; (2) Contexts in [START_REF] Musto | Exploiting distributional semantics models for natural language context-aware justifications for recommender systems[END_REF] are not used in recommender models, therefore the context-aware explanations may not reflect the real reason why users like a recommendation. On the contrary, explanations in our system are explicit, the most influential contextual conditions serve as explanation; (3) Our questionnaire is able to investigate the effects of context-aware explanations by fully evaluating the six metrics (efficiency, effectiveness, persuasiveness, satisfaction, trust and transparency) presented in Section 1, allowing us to evaluate explanations from a broader point of view.

Our proposition

Recommendation method

As we presented Section 2, context-aware explanation worth extensive exploration. In this work, we aim to fully explore the effects of context-aware explanations in recommender systems (RSs) in terms of efficiency, effectiveness, persuasiveness, satisfaction and transparency.

We design a web-based questionnaire that is able to interact with participants: recommending and explaining recommendations. To generate contextaware recommendations, we applied a method we recently proposed in [START_REF] Zhong | Towards better representation of context into recommender systems[END_REF]. The main steps mainly include: (1) Cluster items (movies) using Hierarchical Clustering as [START_REF] Ferdousi | Cbpf: leveraging context and content information for better recommendations[END_REF]; (2) Calculate the item-based Pearson Correlation Coefficient (PCC) [START_REF] Benesty | Pearson correlation coefficient[END_REF] between each contextual condition and ratings for each item cluster; (3) Represent each contextual condition based on the calculated PCC; (4) Calculate the similarity between the target contextual situation CS * and the contextual situations CS existing in the original dataset; (5) Select a local dataset whose contextual situations are similar to the target contextual situation according to a similarity threshold; (6) A traditional 2D recommender technique is applied in the local dataset to obtain a set of recommendations. For more details, we refer to [START_REF] Zhong | Towards better representation of context into recommender systems[END_REF].

Experiment setup

We adopt the widely used contextual movie recommendation dataset Co-MoDa [START_REF] Košir | Database for contextual personalization[END_REF], where there are 121 users, 1197 movies, 2296 ratings and 12 contextual factors. In the CoMoDa dataset, the average number of ratings of each user is about 12. In order to be consistent with the original dataset, participants are required to give their ratings for 12 movies under different contextual situations. In the original dataset, there are 12 contextual factors, some contextual factors could have a more important impact than others [START_REF] Ferdousi | From Traditional to Context-Aware Recommendations by Correlation-Based Context Model[END_REF]. We wish to select the most impacting contextual factors to minimize the efforts of participants to specify his/her contextual situation. According to [START_REF] Ferdousi | From Traditional to Context-Aware Recommendations by Correlation-Based Context Model[END_REF], in the CoMoDa dataset, the 6 most impacting contextual factors are (i) whether users have watched a movie before, (ii) users are given a decision or decide themselves, (iii) users' physical wellness, (iv) users' moods, (v) users' location and (vi) weather. Note that in step 2 of our protocol, we recommend movies that participants have not interacted with in step 1 of our protocol, we do not consider the contextual factor Interaction. Since all the participants are given a movie, we do not consider the contextual factor Decision either. Therefore, in our case, we only consider the following 4 contextual factors: Physical wellness, Mood, Location and Weather.

There are mainly four steps in the user study: [START_REF] Adomavicius | Context-aware recommender systems[END_REF] Participants are asked to rate 12 randomly selected movies given several contextual situations by applying the data set in [START_REF] Košir | Database for contextual personalization[END_REF]. This step is to learn users' preferences under different contextual situations; (2) The system generates recommendations for the participants under a randomly generated contextual situation, for more details we Fig. 1. The number indicates the movie recommended. White indicates that only explanation is displayed, black indicates that detailed information of the movie is displayed, r is the rating given by participants, and t is the time cost by participants to give a rating.

refer to [START_REF] Zhong | Towards better representation of context into recommender systems[END_REF]; (3) Participants are presented with explanations but without detailed information of movies and they are asked to rate the movie, noted as r, the time consumed for giving the rating is noted as t, users are then presented with detailed information of the same movie and rate them again, noted as r , Figure 1 illustrates this process; (4) Participants are asked to evaluate the explanations in terms of transparency, effectiveness, efficiency, persuasiveness, trust and satisfaction by a 1 (lowest) to 5 (highest) rating scale. Therefore, the six metrics can be quantified as below: (1) Efficiency: the time used by participants for giving a rating when only presented with explanations; (2) Effectiveness: the difference between r and r , if the difference is near 0, it indicates good effectiveness since explanation has helped participants perfectly estimate the rating of recommendation; (3) Persuasiveness: r -r > 0 means positive persuasiveness; r -r < 0 means negative persuasiveness; (4) Transparency, satisfaction and trust: they are reflected by users' responses in step 4; [START_REF] Gedikli | How should i explain? a comparison of different explanation types for recommender systems[END_REF] In terms of efficiency, effectiveness and persuasiveness, we will compare the measured effects and human perceived effects. The protocol adopted in this user study basically originated from [START_REF] Bilgic | Explaining recommendations: Satisfaction vs. promotion[END_REF]. The protocol was adopted by [START_REF] Gedikli | How should i explain? a comparison of different explanation types for recommender systems[END_REF] where the authors studied how explanation style can influence effects of different explanation styles in terms of efficiency, effectiveness, persuasiveness, transparency, satisfaction. Our protocol differs from that of [START_REF] Gedikli | How should i explain? a comparison of different explanation types for recommender systems[END_REF] in that: (1) We measure the effects of explanations in terms of trust, which is not considered in [START_REF] Gedikli | How should i explain? a comparison of different explanation types for recommender systems[END_REF]; (2) In terms of efficiency, effectiveness and persuasiveness, we also ask the user again to evaluate different styles of explanations in terms of these three metrics to verify if there are differences between the human perceived feelings and actual effects while in [START_REF] Gedikli | How should i explain? a comparison of different explanation types for recommender systems[END_REF], these three metrics are only measured by objective methods.

Baselines

Concretely, in this paper, we wish to compare the effects of explanations with and without contextual information. Table 1 presents the explanation types we plan to show to participants in the experiment. The Avg style explanation shows users the average rating of the recommended item; Per style explanation presents the distribution of ratings of the recommended item; Simu style explanation presents the average ratings of similar users. Simu, Per and Avg style explanations are among the 21 explanation styles that Herlocker et al. [START_REF] Herlocker | Explaining collaborative filtering recommendations[END_REF] compared in terms of persuasiveness. Since explanations that perform well in one Table 1. Explanations to be presented.

Name Example Avg

The average rating of this movie is 3.8 Per 80 percent of users rate this movie more than 4

Simu

The average rating of users whose preferences are similar with yours is 4.1

Simi

This movie is similar to movies you watched before Content This is a movie directed (acted) by Context-The system suppose that you would like to watch this movie aware when it shines, healthy you are at home and in good moods goal may perform poorly in another (trade-off among goals) [START_REF] Tintarev | Explaining recommendations: Design and evaluation[END_REF] and we investigate six different goals, we do not simply select the top ranking explanation types in [START_REF] Herlocker | Explaining collaborative filtering recommendations[END_REF]. We selected the top, middle and end of the ranking list of the 21 explanation styles, namely Simu, Per and Avg respectively. Simi style explanation simply says the recommended item are similar to the items a participant has interacted before, which is popular in web sites such as Amazon [START_REF] Sarwar | Item-based collaborative filtering recommendation algorithms[END_REF]; Content style explanation presents the characteristics of recommended items that may be preferred by users, it is widely adopted for movie, book recommendation [START_REF] Vig | Tagsplanations: explaining recommendations using tags[END_REF].

Context-aware explanation leverages users' contextual information to generate explanations [START_REF] Sato | Explaining recommendations using contexts[END_REF]. In order that these explanation styles can be compared fairly, they are all in textual forms.

Results of experiments

Statistics about the participants and data obtained

Since the questionnaire is web-based, we were able to send it to researchers in and out of our laboratory, students in the university through mail lists. The questionnaire was online for one week and the participants can answer it anonymously. Overall, we have received 147 responses. In terms of sex, female and male each occupied nearly half. Most of the participants age from 18 -55; over 66% of them have an education level of more than Bac+5 (master level); nearly half of the participants are student (ranging from bachelor to PHD students), employee of companies and higher education occupy nearly another half, this is mainly due to the fact that most of the people in the mail lists are researchers or students; more than half of the participants watched movies regularly, indicating high interest in movies.

Observations of users' responses

In this section, we present the analysis obtained from users' responses. We note that in order to analyze the observed differences between different explanation types, we first applied analysis of variance [START_REF] Tabachnick | Experimental designs using ANOVA[END_REF]. If significant differences were found, we then applied Tukey HSD test [START_REF] Abdi | Tukey's honestly significant difference (hsd) test[END_REF] to identify the specific differences. All the tests were done at a 95% confidence level.

Table 2. Efficiency, effectiveness and persuasiveness of different types of explanations. Efficiency is reflected by the time consumed by participants to give a rating (in seconds); effectiveness is reflected by the difference between r and r (as presented in Figure 1), the more close it is to 0 the more effective an explanation is; persuasiveness is also measured by the difference between r and r , r -r > 0 means positive persuasiveness; r -r < 0 means negative persuasiveness. Objective evaluation In this section, we will present the results of objective evaluation: efficiency, effectiveness and persuasiveness. Table 2 shows the results of these three metrics. It can be observed that, when presented with Context-aware explanations, participants spend more time making a decision (See row Context-aware and column Efficiency (seconds) ). In our case, making a decision means giving a score. Although there are not significant differences among different explanation types in terms of r -r , Content style and Context-aware explanations help participants slightly better estimate the quality of recommendations because the difference between r and r is close to zero. Avg and Simi explanation types make users underestimate the qualities of recommendations. Per and Simu style explanations are slightly more persuasive than other styles. This draws the conclusion that presenting similar users' ratings could be persuasive.

Efficiency

Subjective evaluation

We now present the results of subjective evaluation by a Likert-scale questionnaire. Note that, in terms of efficiency, effectiveness and persuasiveness, they are also evaluated by directly asking participants. Table 3 presents the results of participants-reported efficiency, effectiveness, persuasiveness, satisfaction, trust and transparency. In subjective evaluation, Simi style explanations are perceived to be the most efficient, effective and persuasive. However, in objective evaluation (see Table 2), this is not the case. In objective evaluation, Avg style explanations are measured to be more efficient and more persuasive; Context-aware and Content style explanations are measured to be more effective. This shows that the actual effects of explanations may not be the same as those perceived by participants. How to eliminate the differences worth further investigation.

Satisfaction, trust and transparency are evaluated by directly asking participants. The last three columns in Table 3 contain the results of participantsreported satisfaction, trust and transparency. Simi style explanations achieve the highest level of satisfaction and trust, which shows that participants prefer explanations that compare the present recommendation and the items that Correlation between different metrics Table 4 presents the Spearman Rank Order Correlation of metrics for evaluating Context-aware explanations, it can be observed that these metrics are not independent. For example, in the Contextaware explanation, trust and satisfaction, efficiency and effectiveness are positively correlated. However, transparency and persuasiveness, trust and efficiency are negatively correlated, this leads to the conclusion that it is hard to design explanations that can perform well in all aspects. In order to comprehensively evaluate the qualities of explanations, more metrics should be considered. To conclude, the major findings from the results of our experiments are: (1) Context-aware explanations can help users better estimate the qualities of recommendations, however it takes longer time for users to make a decision; (2) Present similar users' ratings to explain recommendations could be persuasive;

(3) The actual effects of explanations may not be the same as those perceived by participants; (4) The goals of explanations correlate with each other.

Conclusions and perspectives

We now conclude and propose future avenues. The main contributions of this work are: (1) We develop a web-based questionnaire that can generate and explain recommendations; (2) We compare context-aware and non-contextual explanations in terms of transparency, effectiveness, efficiency, persuasiveness, trust and satisfaction with this questionnaire.

The major conclusions of our user study are: (1) Contrary to our hypothesis, contextual information alone may not boost the expected advantages of explanation in terms of transparency, efficiency, persuasiveness, trust and satisfaction, however Context-aware explanations helps users better estimate the quality of recommendations; (2) We point out that human perceived efficiency, effectiveness, persuasiveness might differ from the actual measurements. Further research in cognitive science is needed to explain this observation to better guide the design of explanation in RSs; (3) We find that metrics of explanations are not independent, more metrics should be considered to evaluate the quality of explanations.

The limitations of our work are: [START_REF] Adomavicius | Context-aware recommender systems[END_REF] In this work, we limited our work in movie recommendation; [START_REF] Abowd | Towards a better understanding of context and context-awareness[END_REF] The situation we used to generate recommendation is not the participants' real situation; (3) We explored explanations containing only contextual information; (4) The participants of the questionnaire are mostly students or employee of higher education. However, we believe that this work is an important step in exploring the effects of contextual information in explanations in recommender systems.

We now present perspectives for future work: (1) Extend our work to other application domains, such as restaurant recommendations, tour recommendations, etc.; (2) We plan to extend our experiment to a wider range of population in order get more reliable conclusions; (3) Combine contextual information and other information such as content and demographic information to serve as explanations and explore how they can influence the effects of explanations.

Table 3 .

 3 Subjective evaluation of efficiency, effectiveness, persuasiveness, satisfaction, trust and transparency. Note that these are the results of the Likert-scale questionnaire. Content style explanations provide information about recommendations and helps participants understand how the system works. As a result, Content style explanations are perceived to be transparent.

		Efficiency Effectiveness Persuasiveness Satisfaction Trust Transparency
	Avg	3.16	2.98	3.01	3.00	2.85	3.26
	Content	3.25	3.12	3.20	3.19	3.28	3.46
	Context-aware	2.96	3.07	3.24	3.21	3.14	3.26
	Per	3.32	3.26	3.18	3.11	3.04	3.12
	Simi	3.72	3.47	3.52	3.50	3.53	3.42
	Simu	3.49	3.33	3.30	3.36	3.30	3.14
	they consumed before.					

Table 4 .

 4 Spearman Rank Order Correlation of metrics in Context-aware explanations.

		Efficiency Effectiveness Persuasiveness Satisfaction Trust Transparency
	Efficiency	1.0***	0.45***	0.05	-0.17	-0.15	0.01
	Effectiveness 0.45***	1.0***	0.01	-0.08	-0.0	-0.1
	Persuasiveness	0.05	0.01	1.0***	0.04	-0.03	-0.17
	Satisfaction	-0.17	-0.08	0.04	1.0*** 0.82***	-0.04
	Trust	-0.15	-0.0	-0.03	0.82*** 1.0***	-0.11
	Transparency	0.01	-0.1	-0.17	-0.04	-0.11	1.0***