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Modern societies face many challenges, one of them is the rise of affective polarization over the last 4 decades. In an attempt to understand its reasons, many researchers have questioned the role of Social Media in general, and Recommender Systems (RS) in particular, on the emergence of these extreme behaviors. Diversity in News Recommender Systems (NRS) was quickly perceived as a major issue for the preservation of a healthy democratic debate. However, after more than 15 years of research in Artificial Intelligence on the subject, the understanding of the real impact of diversity in recommendations remains limited. Through a case analysis on the well-known MIND dataset, we propose a critique of the diversityaware recommendation and evaluation approaches, and provide some take-home messages related to the need of adapted datasets, diversity metrics and analytical methodologies.

INTRODUCTION

Recommender Systems (RS) were first intended to direct users' attention towards resources that are more suitable to their needs or preferences [START_REF] Resnick | Recommender systems[END_REF]. This kind of approach was successful in many domains, such as e-commerce, VOD or search engines. However, various studies showed that user satisfaction is not restricted to the traditionally used precision measure, and McNee et al. have paved the way for a new generation of diversity-oriented RS [START_REF] Sean M Mcnee | Being accurate is not enough: how accuracy metrics have hurt recommender systems[END_REF]. Since then, the integration of diversity in machine learning models has shown many simultaneous benefits on user confidence, acceptance rate and user perceived qualities [START_REF] Hu | Helping Users Perceive Recommendation Diversity[END_REF], or on the reduction of overspecialization [START_REF] Adamopoulos | On Over-Specialization and Concentration Bias of Recommendations: Probabilistic Neighborhood Selection in Collaborative Filtering Systems[END_REF]. Diversity has also been integrated into almost all RS evaluation frameworks [START_REF] Eftimov | A Framework for Evaluating Personalized Ranking Systems by Fusing Different Evaluation Measures[END_REF][START_REF] Parapar | Towards Unified Metrics for Accuracy and Diversity for Recommender Systems[END_REF]. Nevertheless, diversity in its current form is beginning to show its limits in certain contexts.

Taking social media as an example, the literature still highlights plenty of scientific issues around diversity [START_REF] Raza | News recommender system: a review of recent progress, challenges, and opportunities[END_REF]. The shift toward online news sharing and consumption gave the opportunity to news readers to access a huge amount of news everyday. In that context, News Recommender Systems (NRS) have been developed to help them identify content they are interested in. Traditional RS transposed in news domain tend to provide recommendations that do not challenge users' prior beliefs, offering news similar to those previously consulted. This often results in the creation of filter bubbles [START_REF] Pariser | The filter bubble: what the Internet is hiding from you[END_REF]. An intuitive approach to this problem has been to increase as much as possible the diversity of the set of recommended news without altering too much the accuracy of the recommendations. The goals of such an approach are to provide a larger spectrum of opinions to all users, ensure ethical and fair recommendations [START_REF] Giunchiglia | Towards Algorithmic Transparency: A Diversity Perspective[END_REF][START_REF] Schelenz | Diversity-Aware Recommendations for Social Justice? Exploring User Diversity and Fairness in Recommender Systems[END_REF], and foster a healthy democratic debate [START_REF] Bernstein | Diversity in news recommendations. In erspectives Workshop: Diversity, Fairness, and Data-Driven Personalization in (News) Recommender[END_REF][START_REF] Machado Lunardi | A metric for Filter Bubble measurement in recommender algorithms considering the news domain[END_REF]. However, the role of NRS on user polarization is still disputed, and the benefits of diversity in this context may be overestimated. On the one hand, it is commonly accepted that the repeated consumption of news covering only a narrow range of opinions about a specific topic can admittedly lead to the adoption of extreme positions [START_REF] Sunstein | Going to extremes: how like minds unite and divide[END_REF]. Based on this, recent studies highlight that social media companies like Facebook1 and Twitter2 intensify political sectarianism [START_REF] Finkel | Political sectarianism in America[END_REF][START_REF] Van Bavel | How social media shapes polarization[END_REF]. On the other hand, social media is probably a key facilitator and an amplifier -rather than a cause -of polarization. A recent survey by Boxell et al. showed that political polarization is a phenomenon that has been growing for 40 years, before the advent of the Internet and social networks [START_REF] Boxell | Cross-Country Trends in Affective Polarization[END_REF]. They even point out that affective polarization -i.e. the tendency for partisans to dislike and distrust those from the other party [START_REF] Druckman | Affective polarization, local contexts and public opinion in America[END_REF] has risen in USA, Canada, New Zealand and Switzerland, while it decreased in UK, Australia, Germany, Norway and Sweden where social media is also widely used.

As stated by Kubin et al. [START_REF] Kubin | The role of (social) media in political polarization: a systematic review[END_REF], one can regret the lack of research exploring ways social media can depolarize. In March 2020, an experiment in which subjects stopped using Facebook for a month highlighted a significant reduction of polarization on policy issues [START_REF] Allcott | The Welfare Effects of Social Media[END_REF]. More surprisingly, it did not diminish divisiveness based on party identity. That can be explained by the fact that people tend to be more upset and angry at the other side when seeing political content on social media. That is consistent with the conclusions of Bail et al. according to which exposure to opposite views can increase political polarization [START_REF] Bail | Exposure to opposing views on social media can increase political polarization[END_REF].

In this context, it is questionable whether ensuring high diversity for all users is appropriate. Of course, this is a sensitive issue because it is vital to make certain that RS, by adapting their strategies to each individual, do not influence users and standardize opinions. Though, we support the idea that current NRS have a lack of expert knowledge on user personality traits, leading to a poor understanding and attention on users' behavior classes. Through this position paper, we would like to investigate this idea and raise the following research questions:

• RQ1. Does diversity of recommendations and content bring a systematic gain? In particular, we seek to determine the extent to which the diversity impacts the news consumption behaviors of users and contributes to broadening their spectrum of news access. • RQ2. Is it sufficient to measure the influence of an NRS afterwards with single-number metrics, or does this influence occur with some variations over time?

Enlarging our vision, this problem can be extended this way:

• RQ3. Do NRS really influence all users equally? If not, we can imagine that all users are not receptive to bias and are not all exposed to filter bubbles. • RQ4. Are there different classes of user behavior with respect to viewing diversity, independently of the recommender system? If so, do viewing habits prior to interactions with an NRS impact user trajectory during the recommendation phase?

We do not pretend to answer all these questions, but rather to open the debate on current practices in the field of social media and NRS. To contribute to this reflection, we study the well-known open MIcrosoft News Dataset (MIND) 3 , and apply both commonly evaluation methods of recommendations diversity and a novel indepth analysis taking into account the temporal aspect of that diversity. We aim to draw preliminary conclusions from this analysis and provide some take-home messages (TH) and perspectives for researchers in User Modeling, Adaptation and Personalization. In particular, we emphasize the need for (1) enriched datasets (including more information about users, opinions, context and triggering factors of news consumption, and topics of controversy) for a better understanding of users' behavior and personality traits, (2) new analytical methodologies to put the same effort into modeling the diversity trajectory of users with and without RS as was put into assessing the diversity provided by RS, (3) new diversity metrics suitable for NRS by taking the time dimension and opinions into account in addition to topics, and (4) new humancomputer interaction and recommendation models to bring the appropriate and personalized amount of diversity, and guarantee a fair and depolarizing NRS.

The remainder of this paper is structured as follows: In Section 2, we first provide a literature review on how RS and NRS are commonly evaluated, with a particular emphasis on the notion of diversity and time dimension. We then compare, in Section 3, the existing open datasets and choose one to analyze. Section 4 is dedicated to the analysis of diversity within the MIND dataset as an attempt to measure its influence on users' news consumption. Finally, we provide some take-home messages for the community.

RECOMMENDER SYSTEM EVALUATION FRAMEWORKS 2.1 Single-Number Metrics

The main purpose of recommender systems is to provide users with content adapted to their preferences and/or needs, which they would not have consulted spontaneously [START_REF] Resnick | Recommender systems[END_REF]. To achieve this goal, many accuracy metrics have been designed and are used both to compute recommendations and to evaluate the quality of the models through offline datasets [START_REF] Charu | Recommender Systems -The Textbook[END_REF]. These metrics can either be error-based or ranking-based [START_REF] Ricci | Recommender systems handbook[END_REF].

Error metrics are often preferred when evaluating single recommendations and/or predictions. They include for instance the Mean Absolute Error (MAE), the Mean Squared Error (MSE), and the Root Mean Squared Error (RMSE) [START_REF] Chicco | The coefficient of determination R-squared is more informative than SMAP, MAE, MAPE, MSE and RMSE in regression analysis evaluation[END_REF]. Rank metrics are adapted to listwise or sequence-based recommenders (precision, recall, nDCG, MAP, MRR. . . ) [START_REF] Charu | Recommender Systems -The Textbook[END_REF][START_REF] Chicco | The advantages of the Matthews correlation coefficient (MCC) over F1 score and accuracy in binary classification evaluation[END_REF][START_REF] Isinkaye | Recommendation systems: Principles, methods and evaluation[END_REF][START_REF] Parra | Recommender Systems: Sources of Knowledge and Evaluation Metrics[END_REF][START_REF] Silveira | How good your recommender system is? A survey on evaluations in recommendation[END_REF]. Their aim is to determine whether the ranking of the recommendations is appropriate, i.e. the items in the test set that correspond to the strongest user preferences are present in the top-N recommendations, and conversely the recommendations with the highest scores are highly valued items in the test set.

Error-based or rank-based metrics have been proven to assess the relevance of recommendations, but they suffer from two limitations. First, as stated by Scheidt and Beel, they are based on the entire dataset and hold no information if models perform the same over the whole time period or if they improved or worsened over time [START_REF] Scheidt | Time-dependent Evaluation of Recommender Systems[END_REF]. Second, accuracy has been proven to be insufficient to evaluate and explain user satisfaction [START_REF] Kaminskas | Diversity, serendipity, novelty, and coverage: a survey and empirical analysis of beyond-accuracy objectives in recommender systems[END_REF][START_REF] Maksai | Predicting online performance of news recommender systems through richer evaluation metrics[END_REF][START_REF] Sean M Mcnee | Being accurate is not enough: how accuracy metrics have hurt recommender systems[END_REF][START_REF] Zhou | Solving the apparent diversity-accuracy dilemma of recommender systems[END_REF]. It is to address this second limitation and go beyond-accuracy metrics that evaluation frameworks have been enriched with many other complementary dimensions, such as: Coverage [START_REF] Ge | Beyond accuracy: Evaluating recommender systems by coverage and serendipity[END_REF], Confidence [START_REF] Maciej | Estimating confidence of individual rating predictions in collaborative filtering recommender systems[END_REF], Trust [START_REF] John | Trust in recommender systems[END_REF], Acceptance and Adoption Rates [START_REF] Armentano | Applying the Technology Acceptance Model to Evaluation of Recommender Systems[END_REF], Novelty [START_REF] Zhang | The Definition of Novelty in Recommendation System[END_REF], Serendipity and Unexpectedness [START_REF] Adamopoulos | On Unexpectedness in Recommender Systems: Or How to Better Expect the Unexpected[END_REF], and Diversity [START_REF] Kunaver | Diversity in recommender systems-A survey[END_REF]. The latter dimension has allowed recommender systems to progress considerably over the last 15 years, as we will see.

Diversity in RS was first introduced by Smyth and McClave [START_REF] Smyth | Similarity vs. Diversity. In Case-Based Reasoning Research and Development[END_REF]. At that time, it was considered as the opposite of similarity (1 -similarity), the similarity being another metric to measure the proximity of the recommendations with the known preferences of users. Smyth and McClave foregrounded the lack of diversity in recommendations produced by similarity-based approaches and the problems that it entails. For instance in e-commerce, the recommendations should all be similar to the product currently consulted by the active user. However, if they are also too similar to each other, it will be difficult for the user to make a decision among this set of alternatives. Diversity was therefore a means of modifying the list of recommendations without compromising accuracy, before becoming a full-fledged evaluation objective for RS. Subsequently, several diversity metrics have been proposed to take into account different needs and application contexts. The Intra-List Similarity (ILS) [START_REF] Ziegler | Improving recommendation lists through topic diversification[END_REF] and, in contrast, the Intra-List Distance (ILD) [START_REF] Zhang | Avoiding monotony: Improving the diversity of recommendation lists[END_REF] aim to measure the average level of diversity within a set of recommendations in a permutation-insensitive way: rearranging positions of recommendations does not affect the measure. With this new definition, it becomes possible to measure diversity within a group, and not simply between pairs of items. A very similar and still widely used formula for Diversity within a set of n items was also proposed by Smyth and McClave [START_REF] Bradley | Improving recommendation diversity[END_REF]. The diversity of a set of items (i 1 , i 2 , ...i n ) is seen as the average dissimilarity between all pairs of items, and computed as follows:

Diversity(i 1 , i 2 , ..., i n ) = n k=1 n j=1 (1 -Similarity(i k , i j )) n 2 * (n -1) (1) 
Other metrics complete the picture such as the Relative diversity (RD) which measures the diversity brought by an item relatively to a set of items [START_REF] Bradley | Improving recommendation diversity[END_REF], the Expected Intra-List Diversity (EILD) which is rank-sensitive and rank-aware [START_REF] Vargas | Rank and relevance in novelty and diversity metrics for recommender systems[END_REF], the aggregate diversity used to measure the diversity of items across the recommendation lists of all users and prevent the long-tail problem [START_REF] Adomavicius | Maximizing Aggregate Recommendation Diversity: A Graph-Theoretic Approach[END_REF], and the inverse of Gini index to measure of distributional inequality [START_REF] Fleder | Blockbuster culture's next rise or fall: The effect of recommender systems on sales diversity[END_REF].

Many machine learning models have been developed to increase diversity in RS [START_REF] Karakaya | Effective methods for increasing aggregate diversity in recommender systems[END_REF][START_REF] Kunaver | Diversity in recommender systems-A survey[END_REF][START_REF] Wasilewski | Incorporating Diversity in a Learning to Rank Recommender System[END_REF][START_REF] Wu | Recent Advances in Diversified Recommendation[END_REF][START_REF] Rui Ye | Dynamic Graph Construction for Improving Diversity of Recommendation[END_REF] and have been designed for different application domains such as e-commerce [START_REF] Hu | Helping Users Perceive Recommendation Diversity[END_REF], online music services [START_REF] Baracskay | The Diversity of Music Recommender Systems[END_REF][START_REF] Amaury | Understanding Usages by Modeling Diversity over Time[END_REF], and social networks [START_REF] Sanz | Enhancing Structural Diversity in Social Networks by Recommending Weak Ties[END_REF]. In parallel, many user studies have been conducted to prove the added value of diversity in RS. Zhang and Hurley [START_REF] Zhang | Avoiding monotony: Improving the diversity of recommendation lists[END_REF] and Lathia [START_REF] Lathia | Temporal diversity in recommender systems[END_REF] showed that users may suffer frustration when facing a lack of diversity. Research has even revealed that, in the case of equivalent accuracy between different models, diversity is not only perceived by users but also plays a prominent role in the acceptance of recommendations [START_REF] Michael | User perception of differences in recommender algorithms[END_REF][START_REF] Jones | User Perceived Qualities and Acceptance of Recommender Systems[END_REF]. Castagnos et al. highlighted the need for diversity so as to increase user confidence during the purchase decision process [START_REF] Sylvain Castagnos | Eye-Tracking Product Recommenders' Usage[END_REF]. At last, Parapar et al. demonstrated that diversity can help to elicitate users' preferences, thus reducing the popularity bias in RS [START_REF] Parapar | Diverse User Preference Elicitation with Multi-Armed Bandits[END_REF].

Despite these scientific advances, we note that all these works use single-number metrics and therefore only partially address the challenges of beyond-accuracy RS. This type of evaluation can potentially show significant improvement, especially in terms of diversity and impact, on average on the whole sets of users, items and sessions. Nevertheless, it does not guarantee that the improvement is consistent over time, nor does it guarantee that it applies to all users. In the case of social media and news recommendation, interactions are built over a much longer duration than most application domains, ranging from several weeks to several years, and this problem becomes even more prevalent. The next subsection will illustrate the specificities of NRS.

Evaluation of News Recommender Systems

NRS are intended to select information of interest for news readers [START_REF] Raza | News recommender system: a review of recent progress, challenges, and opportunities[END_REF]. They face a major news-related characteristic that makes the recommendation process more complex [START_REF] Machado Lunardi | A metric for Filter Bubble measurement in recommender algorithms considering the news domain[END_REF]: news items have a very short lifespan and are constantly replaced by fresh releases. Considering this, it is obvious that traditional RS should be adapted to the news recommendation domain, as news quickly becomes obsolete. This adaptation of models is accompanied by the need to revise NRS evaluation. The widespread a posteriori evaluation based on a complete dataset could face major issues by recommending a given user and at a specific time news that no longer exist or that have not yet been written. Besides, considering online shopping, music listening, or movie viewing, users have short-term needs (at the session level). In the field of news, diversity is of course still desirable, but preference elicitation and recommendations spread over a longer period (several days, weeks, months...). Moreover, user satisfaction is not quantifiable on the basis of a single consumed item but rather on the numerous news accessed on their topics of interest. In this regard, the inclusion of diversity and the evaluation frameworks must take into account the time dimension.

Let us first have a look to diversity, which is equally important, if not more, than accuracy when recommending news because of the potential role of NRS in polarisation. Even though diversity is a key principle in news recommendation, there is no consensus on its definition, nor on the associated metrics. For example, Bauer and Werthner distinguish two types of diversity: content diversity and provider diversity, based on different concepts and objectives [START_REF] Michael | Diversity in News Recommender Systems[END_REF]. These diversities do not influence the recommendations in the same way: by diversifying the content, the recommended news will cover different topics, but will potentially come from the same source, whereas by diversifying the providers, the news will represent diverse providers, but may address similar topics. According to Joris et al., diversity represents a broad concept, relative to several fields (computer science, communication science, law and computational linguistics), and covers a large specter of aspects (news, media, democracy) [START_REF] Joris | News Diversity and Recommendation Systems: Setting the Interdisciplinary Scene[END_REF]. Vrinjenhoek et al. affirm that diversity can not be defined with a unique and absolute value, but rather with an aggregate value of many aspects, especially in the news domain [START_REF] Vrijenhoek | Recommenders with a mission: assessing diversity in news recommendations[END_REF]. They explain that what defines a "good" diversity in a NRS depends mainly of the goal of the system, and the normative framework it aims to follow. Bringing diversity in NRS is a complex task, as well as evaluating its potential impact on users' news consumption. The democratic role of NRS [START_REF] Helberger | On the democratic role of news recommenders[END_REF] strengthens even more the importance of controlled evaluation of diversity [START_REF] Bernstein | Diversity in news recommendations. In erspectives Workshop: Diversity, Fairness, and Data-Driven Personalization in (News) Recommender[END_REF]. NRS impact goes beyond acceptance or satisfaction issues, as it may play a role in the enclosure of users in filter bubbles [START_REF] Chitra | Analyzing the Impact of Filter Bubbles on Social Network Polarization[END_REF][START_REF] Pariser | The filter bubble: what the Internet is hiding from you[END_REF]. There is some evidence that providing diversity can have a depolarizing capacity [START_REF] Heitz | Benefits of Diverse News Recommendations for Democracy: A User Study[END_REF]: it may encourage users to consume news related to opposing viewpoints, and even encourage a higher tolerance toward them. However, diversity can sometimes have deleterious impacts: Bail et al. show that diversity can potentially lead to more extreme viewpoints [START_REF] Bail | Exposure to opposing views on social media can increase political polarization[END_REF]. At last, some researchers show that the potential impact of NRS, especially on social media, are different from one system to another, but also from one user to another [START_REF] Cinelli | The echo chamber effect on social media[END_REF][START_REF] Kitchens | Understanding Echo Chambers and Filter Bubbles: The Impact of Social Media on Diversification and Partisan Shifts in News Consumption[END_REF]. Non-personalized diversity -i.e. the diversity produced globally by the NRS with the same process for all users without taking into account their specificities -thus does not seem to have universal consequences on news consumption behavior. This encourages the modeling of the individual users' diversity needs, which may potentially reduce detrimental impacts [START_REF] Du | Is diversity optimization always suitable? Toward a better understanding of diversity within recommendation approaches[END_REF][START_REF] Wu | Personalizing recommendation diversity based on user personality[END_REF].

Let us now turn our attention to the temporal dynamics challenge. In the field of recommendation, it refers to the evolution of users' preferences over time and the need to adapt recommendations to this evolution [START_REF] Xiang | Temporal recommendation on graphs via long-and short-term preference fusion[END_REF][START_REF] Xiong | Temporal collaborative filtering with bayesian probabilistic tensor factorization[END_REF]. Joeran Beel fosters the need of a temporal evaluation, which can allow drawing more precise conclusions about RS and their actual performances over time [START_REF] Beel | It's Time to Consider 'Time' when Evaluating Recommender-System Algorithms[END_REF]. Raza and Ding highlight that the dynamic updating of news is also accompanied by temporal dynamics of users' preferences, which may change in the short or long term, even seasonally [START_REF] Raza | News recommender system considering temporal dynamics and news taxonomy[END_REF]. Hence, authors propose a model that exploits temporal dynamics for news recommendations. Very few other studies address temporal dynamics in NRS: Li et al. integrated long-term preferences of users by building a time sensitive weighting scheme, as well as short-term preferences by analyzing recent users' reading history [START_REF] Li | Modeling and broadening temporal user interest in personalized news recommendation[END_REF]. Other researchers propose to mine patterns of temporal changes in data streams, and then incorporate trends and temporal user habits in their NRS [START_REF] Lommatzsch | Incorporating context and trends in news recommender systems[END_REF]. To the best of our knowledge, Lathia et al. is the first and unique work that explores the importance of temporal diversity and explain that RS must necessarily adapt to temporal changes, mainly because of data renewal, and that changes in temporal diversity affect users' preferences [START_REF] Lathia | Temporal diversity in recommender systems[END_REF]. This work does not specifically focus on news and as far as we know, no work deal with temporal diversity in NRS.

From this literature review, we can conclude that the diversity approaches in NRS are based on different definitions, relate to many concepts, and there is no common framework, both for diversification processes and evaluation. Furthermore, standard evaluations of the impact of diversity on news consumption come to scattered conclusions: diversity can reduce user polarization, have no effect at all, or even exacerbate the adoption of extreme viewpoints. Thus, modeling users' need for diversity in a personalized way appears to be required to control more finely the impact of diversity according to different user profiles and needs. Moreover, the characteristics of the news induce strong temporal variations, and the evaluation of the individual dynamics, i.e. the trajectories specific to each user, are not currently applied. Together, these elements refer to the intuitions presented in the introduction, and we propose to confirm them on an existing dataset and highlight overarching perspectives responding to the challenges of NRS.

NEWS RECOMMENDER SYSTEMS DATASETS

The design of NRS strongly depends on the data that can be used: number of users, number of news, user and news attributes, user activities, recency, time span, etc. Due to copyright and privacy issues, few online media provide free access to news content and user news consumption. The number of publicly available datasets, even for research purpose, is thus notably reduced. As a consequence, many studies explore proprietary and non-public datasets that can not be shared nor reused [START_REF] Karimi | News recommender systems-Survey and roads ahead[END_REF]. In most cases, these datasets are small and gather information about a limited number of users during a short period of time. To cope with this limit, some researchers perform evaluations on datasets that are not related to news, such as the well-known MovieLens dataset [START_REF] Ji | Regularized singular value decomposition in news recommendation system[END_REF]. However, such datasets cannot be fully used to draw strong conclusions about news recommendation.

Yet, some datasets dedicated to news recommendation are freely available. A brief overview of these datasets is given in Table 1 [START_REF] Karimi | News recommender systems-Survey and roads ahead[END_REF][START_REF] Raza | News recommender system: a review of recent progress, challenges, and opportunities[END_REF]. We would like to note that these datasets contain information about news and user news consumption. Other domains, such as natural language processing, are also interested in news datasets, but these datasets only contain news related data.

Among those datasets, the one that seems to be the most adequate to address the questions raised in introduction is the MIND dataset. Indeed, it covers the largest time frame (6 weeks) of Englishwritten news consumption, and provides information about both news and recommendations (impressions) provided to users. Besides, MIND is widely used in the news recommender systems area [START_REF] Liu | KRED: Knowledge-aware document representation for news recommendations[END_REF][START_REF] Qi | Personalized news recommendation with knowledge-aware interactive matching[END_REF][START_REF] Wu | NewsBERT: Distilling pre-trained language model for intelligent news application[END_REF].

In detail, MIND gathers 15M impression logs about 1M users, interacting with 160k English news articles. Data were collected by randomly selecting users who have interacted with the Microsoft News website during six weeks, between October 12 and November 22, 2019. Data are split into training, validation and test sets: the clicks made during the first four weeks (from 12 October to 8 November, 2019) were used to construct the news click history, while those made on the fifth (from 9 November to 15 November, 2019) and sixth weeks (from 16 November to 22 November, 2019) were used for training, validation and test sets. To ensure user privacy, data are anonymized and users are identified using unique identifiers. In line with the choice made in some studies [START_REF] Wu | Feedrec: News feed recommendation with various user feedbacks[END_REF], we work on the small version of the dataset, provided by MIND developers. This subset contains information about 50k users randomly extracted from the large dataset. The associated history concerns the first four weeks (from 12 October to 8 November, 2019), and the impression (recommendation) logs were recorded during the fifth week only (from 9 November to 15), along with the clicks performed by users during that fifth week, within the set of impressions. Data about the sixth week is not part of this subset. We assume that the news accessed during the first four weeks are also chosen in a set of recommended news, upon which no information is given. A graphical temporal representation of this data is presented in Fig. 1.

ANALYSIS OF THE IMPACT OF DIVERSITY ON MIND USERS' NEWS CONSUMPTION

To study the impact of diversification of the recommendations on users' news consumption and to evaluate the extent to which diversification is a solution to affective polarization, we conduct experiments on the MIND dataset. (body) of the news is not provided. The same for the publication date, which is crucial to study user behavior. Fortunately, by processing the URL, the body of a news and its publication date can be retrieved. On the later, the lifespan of the majority of news is less than two days in the Microsoft News Service, as mentioned in [START_REF] Wu | Mind: A large-scale dataset for news recommendation[END_REF]. The delay between publication and user consultation is thus reduced. We propose to estimate users' consumption date by the news publication date. Filter bubbles are not related to the interest in a unique topic, but in the interest in a unique opinion. So, to conduct an analysis that specifically focus on this latter aspect, we select a subset of news that deal with one category, specifically the "news" category. Not only this category is predominant in the dataset, but it is also the closest category to the political domain, which is of particular interest as we are interested in political polarization.

Experimental settings

Finally, RQ2 being related to the temporal analysis of users news consumption, observations need to be made on users who consumed news throughout the complete dataset time span. We thus keep only users who accessed news each of the five weeks, and at least 3 news each week to have a valid interpretation of their consumption.

News Representation.

In line with the literature [START_REF] Garcin | Personalized news recommendation based on collaborative filtering[END_REF][START_REF] Luostarinen | Using Topic Models in Content-Based News Recommender Systems[END_REF][START_REF] Tintarev | Same, Same, but Different: Algorithmic Diversification of Viewpoints in News[END_REF], we used an unsupervised approach to represent the topic distributions of news items, namely LDA models 4 [START_REF] David M Blei | Latent Dirichlet allocation[END_REF]. After concatenating the original MIND train/validation/test news items, we performed near-deduplication using MinHashLsh, resulting in 126,649 4 https://bab2min.github.io/tomotopy/v0.12.2/en/ articles. Using the Spacy library 5 , we removed stop-words, digits, and we lemmatized words, forming bag-of-words representations. News containing less than 20 words were filtered out. Thus, postprocessed news items have between 21 and 4,351 words, with an average of 261 words. The model hyperparameters were tuned to optimize performance.

Diversity Metric.

The news representation serves as a basis to measure their diversity. We select a widely used measure, i.e. the average dissimilarity between each pair of news (see equation [START_REF] Adamopoulos | On Over-Specialization and Concentration Bias of Recommendations: Probabilistic Neighborhood Selection in Collaborative Filtering Systems[END_REF]), that ranges between 0 (no diversity) and 1 (maximal diversity). Similarity was computed using cosine similarity [START_REF] Rahutomo | Semantic cosine similarity[END_REF], as commonly done in NRS field [START_REF] Kompan | Content-based news recommendation[END_REF][START_REF] Möller | Do not blame it on the algorithm: an empirical assessment of multiple recommender systems and their impact on content diversity[END_REF].

The data structure used in the experiments are summarized in Table 2. The resulting dataset, which we call MIND5w, is made up of 1,475 users and 20,541 news.

Experimental Analysis

The experiments conducted below are designed to contribute to answer both research questions raised in Introduction. For RQ1, we adopt a holistic perspective of diversity. For RQ2, we adopt a temporal perspective to provide additional information about the temporal dynamics of users' news consumption.

As a prerequisite of the experiments, we ascertain that the news from the dataset actually offer users the possibility to get engaged with content more or less diverse. To this aim, we evaluate the average diversity of each pair of news in MIND5w. Herewith 

Single-Number Analysis.

In this section we adopt a holistic perspective of diversity. The first four weeks of MIND5w are associated with the users' news consumption. The last week (5 th week) is also associated with users' news consumption, supplemented by the news recommended to users (see Figure 1). To make a thorough analysis of these sets of news over all users, we propose to evaluate four diversity measures.

• Diversity of history is the users' average diversity of the news they accessed during the first four weeks. Users accessed on average 39 news.

• Diversity of recommended news corresponds to the average diversity of news recommended during the 5 t h week. The number of recommended news that week is quite high, 140 news on average, which is significantly higher than the average number of news accessed in the history. For that 5 t h week, the dataset also provides information about the news the users chose to access among these recommendations and those they did not access. This allows to measure:

• Diversity of accessed news corresponding to the average user diversity of the news accessed during the 5 t h week (among the recommendations). It has a similar meaning than the diversity of history, but over a shorter period. Users access on average 9 news during the 5 t h week, which is similar to the weekly number of news accessed in the history.

• Diversity of unaccessed news corresponding to the average diversity of the recommended but not accessed news. The number of accessed news being relatively limited compared to the number of recommendations, these unaccessed news represent a large part of the recommended news, 131 news on average. This indicates that diversity of unaccessed and recommended news will be highly similar.

The distribution of the number of users over the diversity values for each of the four previously introduced diversity measures, is displayed in Figure 2.

Considering the distribution of the recommendations, we can see that the average diversity is 0.75, which is quite high and the standard deviation is 0.04, which is rather small. We would like to point out that the average diversity of recommendations and the average diversity of news are not directly comparable, although both diversities have been evaluated similarly. Indeed, the average diversity of recommendations is calculated over all pairs of news items in the recommendation sets, that we suppose to be made up pieces of news that are rather similar to each other (at least in terms of topics), even though the sets are diversified. The average diversity of the news in MIND5w is calculated over all pairs in the set of 20k news. As previously mentioned, the majority of the pairs have a really high diversity (>0.9) as most of them are totally unrelated, which naturally increases the average diversity.

Besides, the high diversity and small standard deviation in recommended news leads us to think that a diversification process actually exists in the recommender system of the Microsoft News Website, that guarantees that recommendations provided to users are diverse and meet a predefined diversity level.

As expected, the distribution of the diversity of the set of unaccessed news is similar to the one of the recommended news (Kolmogorov-Smirnov test, pvalue = 0.148 > α = 5%). Recall that this similar distribution is more than probably due to the fact that the unaccessed news is a subset (93%) of the recommended ones.

If we focus on the news accessed during the 5 th week, the distribution significantly differs from the distribution of the recommended news. On the one hand, the average diversity of accessed news is significantly lower than for recommended news. So, users access news items that are on average less diversified than those recommended. To be precise, 67.1% of the users have a diversity of accessed news lower than the average diversity of recommendations. On the other hand, the standard deviation (0.17) is significantly higher, and reflects a greater variability in the average diversity of news accessed by users during the 5 th week.

The distribution of the accessed news in history (first four weeks) seems to be as spread as the one of the accessed news during the 5 th week. Yet, the average diversity in history is significantly smaller (p -value ≈ 0). This leads us to question about the impact of a recommender system.

To refine this analysis, we study these diversities (recommended, accessed and history) for each user, displayed in Figure 3. If we focus on the diversity of recommended news and the diversity of history (Figure 3a), we note that the average diversity of the recommendations is consistent across all users, regardless of the number of news in the history. Beyond the previous finding about the high diversity of the recommended news in MIND5w, we confirm here that this diversity is not personalized, especially in terms of diversity in the history. Comparing the average diversity of accessed news and the diversity of history (Figure 3b), we see that the vast majority of the users are close to the diagonal, i.e. most of them have a diversity of history close to the diversity of accessed news. The prominence of users upper (but close to) the diagonal confirms the previously identified higher diversity during the 5 t h week.

With the goal to understand why some users do not have similar diversity in history and in 5 t h week, we conducted additional experiments, not presented here, that provide additional findings. First, about the impact of the number of news accessed in the history on the diversity of the accessed news, we confirm that this number does not explain the difference in diversity between history and accessed news. Second, during the 5 t h week, 67.7% of users access news less diversified than the recommendations they get.

From these experiments, we can conclude that a high diversity of recommendations is far from leading to a systematic diverse news consumption. Altogether, these results motivate us to further analyze the extent to which RS impact users' news consumption over time.

Temporal Analysis.

Let us now focus on the evolution of the diversity of users through time, namely on the complete time span of MIND5w. To this aim, we adopt a weekly perspective.

The distribution of users' average diversity for each week is presented in Figure 4. A first look at these distributions shows that they are close to each other. However, a Kolmogorov-Smirnov test attests that the distributions are not similar between weeks (p -values ≈ 0), except for the week 1 that is similar to weeks 3 and 4 (p -value = 0.124 and pvalue = 1.160, respectively). These results were confirmed with the Anderson-Darling test for k-samples. However, considering the evolution of the average diversity, it does not systematically increase or decrease.

To analyze more precisely the evolution of user diversity through time, we choose to form four equally sized groups of users. These groups are defined from the quartile values of their weekly average diversity, and the first quarter contains users with lower diversity values. A study of the values of the three quartiles highlight that they remain stable across the five weeks, which confirms that even if distribution of diversity between weeks are different, they are close.

Figure 5 represents the flow between quarters from one week to the next one in a Sankey Diagram. The thickness of each flow is proportional to the number of users in that flow. Let us start by highlighting that the transition patterns remain stable over the weeks: it confirms a similar global impact of the recommendations on users diversity of accessed news through weeks. Each possible transition (from any quarter to any quarter) actually occurs, although almost 80% of users remain in the same or adjacent quarter between two consecutive weeks. So, few users change significantly their consumption habits between two weeks.

This study of users' behavior between adjacent weeks remains limited and we would like to highlight user specific temporal behavior along the five weeks according to these quarter shifts. A variation ranges in [-3, +3], where a variation is equal to 3 when a user moves from the 1 st to the 4 th quarter, i.e. her diversity greatly increases. A variation equal to -3 represents a user who moves from the 4 th quarter to the 1 st one, i.e. her diversity dramatically decreases. If the variation equals to 0, the user remains in the same quarter.

These variations are visually represented with a heatmap in Figure 6. A red variation represents an increase in the diversity, the darker the larger. A blue variation represents a decrease in the diversity. The Figure represents the diversity variation of each week relatively to week 1 to study the impact of the recommender system through time. This provides an overall picture of the trajectories taken by users in relation to their average diversity during the first week. We define three types of users, depending on their receptiveness to recommendations' diversity.

• Positively receptive users: users accessing more diverse news after 5 weeks of use of the system. • Negatively receptive users: users accessing less diverse news at the end of the 5 weeks. • Resistant users: users accessing equally diverse news after the 5 weeks. On Figure 6, users are sorted according to their global evolution between weeks 1 and 5 (last column), then according to their evolution between weeks 1 and 2 (first column). Looking at the right-most column, we observe that previously presented types of users are divided into thirds: 32.1% of the users increase their diversity between week 1 and week 5, 32.5% of the users consume less diverse news in week 5 than in week 1. For both cases, the extrema represent users with the biggest change in their diversity. The white band in the center of the last column represents users whose average diversity did not change between weeks 1 and 5 (35.4% of the users).

If we now take a closer look at both positively and negatively receptive users, we observe that almost 90% of them observe a similar or null variation between week 1 and 2. Besides, more than 60% of the users have a variation direction in the first column similar to the one in the last column (red/red or blue/blue). For each of the three types of users, 25% of users have a consistent variation direction over the entire time span, equally distributed among the user types. In addition, only 15% of the users have temporary opposite variations (the others going through transient states with no variation). We can conclude that the variation between weeks 1 and 2 is an accurate predictor of the one at week 5. Finally, the most striking finding is that a constant high diversity of recommendations, as used in MIND5w, has a negative impact on as many users as there are users with a positive impact. This tends to confirm findings of Bail et al. according to which exposing potentially polarized users to diversity can be counterproductive [START_REF] Bail | Exposure to opposing views on social media can increase political polarization[END_REF].

With regard to resistant users, 50% of them do not have any variation in the first week either. The other users evenly split between positive and negative variation. For about 30% of resistant users, the diversity of news accessed is not impacted along the five weeks. Looking more closely, the vast majority of users whose average diversity remains stable are those who belong to extreme quarters in the first week.

We can conclude that users who have either a really high diversity or those who have a very low diversity during the 1 st week are the most resistant users to the recommendations in terms of further news consumption.

To go further, we wonder whether these variations are influenced by the number of news accessed by the users over the five weeks, or by their initial diversity (1 st week). Additional experiments provide us with arguments to state that all variations exist, whatever is the initial quarter of the users. In addition, the number of accessed news throughout the five weeks only impacts this variation if it is quite high: an extreme variation is never observed for such users.

Discussion

The Single-Number and temporal analyses allowed us to put forward important elements. First, new information has been highlighted about the dataset. The recommender system used in the Microsoft News Website is active all along the five weeks. The system ensures that the recommended news items are diverse, and fit a predefined high level of similarity close to 0.75. We are now able to answer RQ1: diversification does not lead to a systematic increase in the diversity of the news accessed, users significantly vary in terms of diversity of the news they access, ranging in the complete span of possible diversity values. More important, users' average diversity is lower (12%) than the average diversity of the recommendations, and 66% of users access less diverse news than recommendations.

From a temporal perspective, this varying impact is confirmed, and seems to operate every week, including at the user level. Each week, a significant proportion of users observe a variation in their average diversity and we highlighted three types of users: positively receptive, negatively receptive and resistant users. This temporal variation contributes to answer RQ2: single-number evaluations are insufficient, and there is a critical need for an NRS evaluation framework that takes into account both the differences between users and the temporal aspect.

CONCLUSION AND TAKE-HOME MESSAGES (TH)

The preliminary conclusions drawn above on the impact of the recommendations on user diversity, especially over time, deserve to be further discussed to highlight some needs and future research directions for the UMAP community. First, we have seen that providing users with equally diverse sets of recommendations neither impacts similarly users, nor increases systematically the diversity of the news they consume. This leads us to focus on two elements.

• About the time span covered by the dataset and the span of use of the system. Recall that users that have been selected from the original MIND dataset are those who used the system during the five weeks. We saw that the diversity of the news consumed by users after five weeks remains as spread as the one in the first week and that the average diversity slightly evolves. It is more than probable that these users were already using the system before the data were captured. We can ask whether the impact of the diversity of the news recommended on the diversity of the news consumed occurred ahead the first week, which could explain the small average impact during the 5 weeks span. However, no information about the prior use of the system before these five weeks, which could have helped us to understand this limited impact and model more precisely the actual impact. • About the individual impact of the recommendations. Although the average diversity of the news consumed by users are close between weeks 1 and 5, a specific focus shows that the impact differs fundamentally between users. Some users totally polarize, other users totally open their interests and some do not modify their consumption habits. However, no information in the dataset could contribute to explain the individual impact.

TH1: There is a cruel lack of open datasets that cover a significantly longer period to study the impact of the recommender systems in the long run, as well as richer datasets that can include additional information about the users (including a distinction between recommended and nonrecommended news in user history), the contexts, and even the news to provide a more accurate model of the impact and adoption of the recommendations.

Second, considering again the individual impact of diversified recommendations on users, that is not dependent on the users' prior diversity, we wonder who are the users who partially, even totally, reject the diversity of the recommendations and polarize progressively (RQ3). Why do they reject this diversity? We put forward the idea of the need of personalized diversification strategies, that could:

• consider user personality traits and user behavior classes to adapt the diversity level of the recommendations to these personal features to increase the adoption of diversified sets of recommendations. • redefine the traditional diversity metrics, even propose and use different diversity metrics. Such new metrics could consider specific elements that users may be sensitive to, or specific elements of the news: recency, title, abstract, author, source, etc.

Besides, beyond the need to model opinions conveyed in the news in order to ensure an opinion diversification, we wonder to what extent the recommendation strategy should consider or not the topic of interest. Given that the topics discussed in the news do not all have the same polarizing effect -they present higher or lower levels of controversy [START_REF] Garimella | Quantifying controversy on social media[END_REF], which impacts differently on polarizing behavior [START_REF] Baumann | Emergence of polarized ideological opinions in multidimensional topic spaces[END_REF] -, should this controversy be considered to define the diversification strategy? TH2: There is a crucial need to define new diversity measures and personalized recommendation strategies that consider the users and the topics.

Third, going into details of the news consumption along the weeks, even though the initial change in news consumption (first weeks) is an accurate indicator of the global change, the news consumption of some users significantly fluctuates, despite the constant diversity of the recommendations. Few elements have been highlighted in the experiments conducted, but some questions are still pending. What factors impact the actual news consumption from one week to another? What does a change in the diversity of news consumption between two or several weeks mean? Are there time-aware user behavior classes? Although these questions are naturally raised, methodologies for a temporal analysis of the news consumption are cruelly lacking in the literature to thoroughly understand the reasons for the evolution of users (RQ4). This is even more important as these answers should be used to provide personalized diverse recommendations, with the goal to control the impact on users news consumption.

TH3: The literature is lacking of well-established methodologies to model the diversity trajectory of users.
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Table 1 :

 1 Summary of free datasets for the news recommendation task.

	Dataset	Description	Data types	Size	Period
	Yahoo	Several datasets avalaible	News articles information	Depends on the	Depends on the
	Webscope	https://webscope.sandbox.yahoo.com/	Click data	dataset	dataset
		Plista & TU Berlin	Editor information	17M sessions	
	Plista [43]	13 German news portals Accessible upon request for research	Readers information (clicks and impressions)	70k news 80M impressions	30 days (June 2013)
		https://www.plista.com/	Time-related information	1M clicks	
	Adressa [32]	Adressavisen and the Norwegian U. of Sciences and Technology Large and small versions available https://reclab.idi.ntnu.no/dataset/	News articles information Click data	Large version: 3M users, 48k news 27M clicks Small version: 15k users, 1k news 2.7M clicks	Large version: 10 weeks (2017) Small version: 1 week (2017)
				Large version:	Large version:
	MIND [83]	Microsoft News Website Large and small versions available https://msnews.github.io/	News articles information Impressions logs	1M users, 200k news 15M impression logs Small version: 50k users, 60k news	6 weeks (Oct.-Nov. 2019) Small version: 5 weeks
				1M impression logs	(Oct.-Nov. 2019)
	Globo.com [21]	Brazilian news portal https://www.globo.com/	News articles information Click data	3M clicks 1.2M sessions 330k users, 50k news	2 weeks (October 2017)
	Outbrain	Outbrain Click Prediction challenge https://www.kaggle.com/c/outbrain-click-prediction	News articles information Click data	2 billion page visits 700M users, 17M clicks	2 weeks (June 2016)

4.1.1 Data Selection and pre-processing. From Section 3, we can notice that MIND provides limited information about the news (Category, SubCategory, Title, Abstract, URL). The actual content

Table 2 :

 2 Data in MIND5waverage diversity is 0.79, which shows that news items are globally diversified. The standard deviation (0.27) affirms that really high, as well as lower diversity values actually exist in MIND5w. This scattered diversity distribution affirms that users have the opportunity to access both highly and little diversified news. Refining this analysis by considering all news pairs individually, a large proportion (53.5%) have a diversity greater than 0.9.
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https://www.twitter.com/

https://msnews.github.io/

https://spacy.io/
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