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Abstract. In this paper, we introduce a novel approach to improve the
diversity of Top-N recommendations while maintaining accuracy. Our
approach employs a user-centric pre-processing strategy aimed at expos-
ing users to a wide array of content categories and topics. We personalize
this strategy by selectively adding and removing a percentage of interac-
tions from user profiles. This personalization ensures we remain closely
aligned with user preferences while gradually introducing distribution
shifts. Our pre-processing technique offers flexibility and can seamlessly
integrate into any recommender architecture. We run extensive experi-
ments on two publicly available data sets for news and book recommen-
dations to evaluate our approach. We test various standard and neural
network-based recommender system algorithms. Our results show that
our approach generates diverse recommendations, ensuring users are ex-
posed to a wider range of items. Furthermore, using pre-processed data
for training leads to recommender systems achieving performance levels
comparable to, and in some cases, better than those trained on original,
unmodified data. Additionally, our approach promotes provider fairness
by facilitating exposure to minority categories

Keywords: Recommendations - Diversity - Provider Fairness - Pre-
processing - User-centric

1 Introduction

In today’s digital age, personalized recommender systems form a solution to the
information overload problem. They filter the enormous amount of information
available online to only the top-N items - e.g. news articles, or books - that are
most relevant to a user [I8J21]. While personalized recommendations ensure rele-
vance to users’ interests, excessive personalization risks closing users within filter
bubbles [24]22]. Filter bubbles are environments created by personalization algo-
rithms, where users are exposed solely to familiar information or opinions. This
can potentially harm the democratic process and exacerbate polarization [24].
To address this, diversity in recommender systems has become an active re-
search area. This trend aligns with a larger movement in the community towards
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evaluating not only accuracy but also other metrics, which we refer to as ‘beyond
accuracy’, such as diversity, privacy, and fairness [T6l45]42]. Although diversity
and provider fairness are rooted in distinct normative considerations [9], di-
versity aims to present a wide range of items, while provider fairness ensures
equitable exposure for each content source [19], in our case increasing diversity
also improves provider fairness by enhancing the visibility of items from mi-
nority providers. Several approaches have emerged to improve beyond-accuracy
metrics. In a common categorization, we distinguish between three types of ap-
proaches [45]: (i) pre-processing, (ii) in-processing, and (iii) post-processing. Pre-
processing approaches involve modifying input data - such as user profiles - be-
fore the recommendation process. Several works use pre-processing to improve
fairness [26/10J413]. [30] propose pre-processing to ensure privacy. In-processing
approaches build beyond accuracy metrics directly into the recommendation
algorithm itself, e.g. through multi-objective optimization [46]32I27/23/T3J40].
Post-processing approaches such as re-ranking have been used for both diver-
sity [20] and fairness [43/44]. We notice that the majority of research into di-
versity has focused on in-processing and post-processing approaches; relatively
little is known about the use of pre-processing to increase diversity.

In this paper, we fill this gap and present a pre-processing approach to diver-
sify the output of a recommender system. We alter user profiles that are input
to the system to achieve greater diversity in the recommender’s output. Pre-
processing is interesting in this respect, as such an approach can be combined
with a wide range of algorithms. Any personalized recommender architecture
takes a user profile as input, and can thus be used in combination with our
approach to diversification. In comparison, in-processing approaches are bound
to a specific algorithm [45]. In addition, pre-processing allows diversification be-
yond what would have been recommended by the initial approach. In contrast,
the effect of post-processing is independent of the model and may be constrained
by the set of items the algorithm can recommend. Our approach is user-centric,
focusing on the personalized addition of items to user profiles. This is because
the input data for recommender systems is highly personal. A user profile is
more than a list of past interactions with items; it encodes parts of the user’s
preferences, abilities, and characteristics. Altering a user profile risks diluting
this rich encoding of the user’s taste. By adopting a personalized approach, we
mitigate this risk, maintaining accuracy without compromising the integrity of
the user profile. We opt to alter the user profile directly instead of altering pro-
cessed versions of it, e.g. a latent representation. This increases the potential for
transparency and explainability, allowing users to review their (altered) profiles.

Our main research question focuses on how to alter user profiles to improve
the diversity of top-N recommendations without compromising recommenda-
tion accuracy. We present two variants of our approach: one involves adding
interactions to user profiles, while the other includes both adding and removing
interactions to remain close to the original profile size. We explore different lev-
els of manipulations ranging from 1% to 10%. We perform extensive evaluations
to test which variant achieves optimal accuracy and diversity. We evaluate the
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effectiveness of our approach on two public data sets: MIND for news recom-
mendation, where we aim to diversify news categories, and GoodBook for book
recommendation, where we aim to diversify genres. As mentioned above, our
approach can be integrated with any personalized recommender system. In this
study, we test combinations with seven algorithms ranging from collaborative
filtering (CF) to neural network recommenders.

We report accuracy (MRR, nDCG), normative diversity (calibration via di-
vergence), descriptive diversity (coverage, Gini index), and provider fairness
(fair-nDCG). Our findings indicate that using pre-processed data for training
can lead to recommender systems achieving comparable or improved accuracy
compared to those trained on original data. Regarding diversity, calibration met-
rics consistently improved for certain algorithms, while coverage and the Gini
index showed mixed results across different levels of pre-processing. Additionally,
pre-processed data consistently resulted in higher fair-nDCG scores, indicating
enhanced exposure fairness and better representation of minority categories.

2 Background and Related Work

This section, first, provides an overview of existing work on pre-processing ap-
proaches to increase beyond-accuracy factors. Then, we examine existing mea-
sures used to evaluate diversity in recommender systems.

2.1 Pre-processing approaches

Pre-processing approaches involve modifying input data before feeding it into
the recommender system [45]. These approaches offer flexibility, as they can
be integrated with any recommendation algorithm without altering its core de-
sign [2TJ3]. Inspired by data poisoning attacks, [26] introduces “antidote” data by
simulating new users and ratings in the training set to improve consumer fairness
in matrix factorization models. Similarly, [30J37] proposes a gender obfuscation
method to protect user privacy while preserving recommendation quality and re-
ducing gender stereotypes. Balancing user groups through re-sampling is another
common technique. [I0] creates gender-balanced training data by adjusting the
user distribution. While this reduces recommendation accuracy slightly, it miti-
gates gender disparities in data sets like Movielens. [4] explores provider fairness
by up-sampling interactions favoring minority groups and shows improvements in
coverage and reduced disparate impacts without sacrificing accuracy. Our study
builds on this line of work by proposing a personalized pre-processing method
that selectively extends user profiles aiming to enhance diversity without com-
promising recommendation accuracy.

2.2 Measuring diversity

Diversity in recommender systems was initially defined as the opposite of simi-
larity, i.e., 1 — similarity [3I]. In [47], Intra-List Similarity (ILS) was introduced
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to measure the average diversity within a recommendation list, independent of
the item order. Other metrics include expected intra-list diversity, which is sen-
sitive to item ranking, and aggregate diversity, which measures the diversity of
items across all user recommendations [35], and the Gini index quantifying dis-
tributional inequality [B]. Item coverage is also used as a descriptive measure
of diversity, calculated as the proportion of unique items recommended across
users relative to the entire catalog. While traditional descriptive diversity met-
rics provide useful insights, they only partially address the broader challenges in
recommender systems [34]. Recent research has extended the focus to normative
diversity, emphasizing exposure diversity based on principles tailored for specific
domains. In [I4], the authors outline principles for achieving exposure diversity
in recommendations, and [36] introduces RADio, a rank-aware divergence frame-
work designed to evaluate diversity according to normative goals. In this study,
we use both descriptive and normative metrics.

3 User-Centric Data Pre-processing

The objective of our personalized pre-processing approach is to increase the rec-
ommendation diversity while maintaining the accuracy. For this purpose, we
alter user profiles through strategic addition and removal of interactions. Our
approach is founded on two principles: (1) that items added to the user profile
should be sufficiently different from what a user has interacted with before, and
(2) that those items should closely align with the user’s preferences. Figure
illustrates our approach. Three key inputs drive this process. First, each item in
the system is associated with one or more categories (Item categories). Sec-
ond, we use logistic regression to identify the categories most representative of
each user, based on their past interactions (User _categories). Lastly, we apply
userKNN to generate an initial list of items that might be relevant for each user
(Initial _predictions). Based on these three inputs, we generate a personalized
list of items that can be added to the user’s profile (Personalized _items__for _addition).
For this list, we select items from the user’s Initial predictions that are associ-
ated with categories not in their User categories. Section further explains
how we arrive at personalized lists of items for addition.

Our approach has two variants. The one-step variant adds interactions to a
user’s profile. The amount of added items is determined by a parameter A. The
two-step variant, on top of that, also removes interactions from a user’s profile.
After adding items as in the one-step approach, this variant randomly removes
items that were not recently added. This ensures that the profile size remains
approximately equal to its original size. Section [3.2] describes the two variants.

3.1 Creating personalized lists of items for addition

Here, we explain how we create User categories, Initial predictions, and
based on that, Personalized _items__for _addition.
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Fig. 1: Our pre-processing approach and its role in a recommendation architec-
ture. {i1,4,47,410,450} are items in user u’s past interactions and {c1, ¢2, ¢3, c4}
are categories of these items. In the one-step variant, personalized items i2 and
i6 are added (green). In the two-step variant, items 4 and 710 are removed (red).

User_categories For each user, we create a User categories list that contains
categories that are representative of that user. For this purpose, we train a
logistic regression model on labeled training data. We choose logistic regres-
sion for its simplicity and interpretability, allowing us to easily understand the
relationship between user profiles and categories. Additionally, its coefficients
help identify only the truly associated categories, preventing overgeneralization.
Lastly, logistic regression has shown strong performance on similar tasks in prior
research [37J30]. The input for the model is the initial user-item matrix D, and
the target is whether an item belongs to a specific category. We transpose the
input data D into an item-user matrix X;,, which indicates whether an item
(in rows) 7 has interacted with user u. We apply one-hot encoding to the target
feature, i.e., categories. Then, we have binary category labels y¢, such that for
each category c, a binary vector y¢, where yf = 1 if item ¢ belongs to category
¢, and y{ = 0 otherwise. For each category c, we train a logistic regression:

1
1 + e~ BB Xi1+B5 Xin+-+B5, Xin)

P(ylC =1 | Xil,Xiz,...,XiM) =

Where: y5 is the binary label indicating if item i belongs to category c. X, is the
interaction of item ¢ with user u. §; is the intercept term for category c. G5 is the
coefficient for the interaction of user u with items in category c. The G5 coefficients
capture the extent to which users are correlated with categories. Users with higher
positive coefficients are more indicative of the category; we select user-category pairs
with coefficients above 0 for the User categories lists.
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Initial_predictions The goal here is to predict a list of items that a user might be
interested in interacting with, based on the initial user-item matrix D. Any recom-
mender system could be used for this step. We use an imputation approach to fill in
the missing values in the user-item matrix [I7]. The goal of the imputation is to infer
missing values in the data in such a way that improves the overall performance of
recommender systems trained on that data [33I30]. Specifically, we impute to derive a
confidence score that allows us to choose the items that will be added to the profile.
For simplicity, we opt for a userKNN-based approach, as implemented in [29]. We use
the number of neighbors that are used for each prediction as a relevance score. This
enables us to account for the fact that some users may have more neighbors available
for some items than others. We fix a cutoff k, to ensure that only the most relevant
items are added to the list of initial predictions for each user. Algorithm [1] (first part)
summarizes this process.

Algorithm 1: Personalized list of indicative items per user.

Input:
— User-item matrix D (N users, M items),

— Representative categories for user u (User categories™),

— List of items per category (Item _categories)

Output: Personalized items_ for addition™

// 0. Initial_Predictions": Generate predictions using UserKNN.

for (user u € N) do

for (item i € M) do
Similarity computation finds nearest neighbor candidates;
Sort predicted items based on the number of possessed neighbor candidates;
Initial,iPredictionsu contains the top-k predicted items for user u

// 1. Personalized_items_for_addition": Create a personalized list

of items that can be added to the profile of user wu.
for (user u € N) do
for item i € Init?‘,ali}:’redictinnsu do
if (category of item i ¢ User_categories™) then
Personalized_items_for_addition¥ = Personalized_items_for_addition™.add(i)

Personalized_items_ for addition For each user u, we create a list of items that can
be added to their profile. This involves selecting items that are present in Initial _Predictions"
and that are associated with a category that is not in User categories”. In other
words, we select items that are probably relevant to the user and that are from a cate-
gory with which they have not had much interaction. As can be seen in Algorithm (sec-
ond part), items in this list are ranked based on the ranking in Initial Predictions®.

3.2 One-step and Two-step pre-processing

Algorithm [2] presents the basic skeleton of our one and two-step pre-processing. For
each user, we calculate the number of items to be added based on their initial pro-
file size and parameter A, which represents the desired addition level as a percent-
age of the initial profile. We then iteratively pick items from the personalized list
Personalized_items__for _addition" and add them to the user’s profile. The two-
step pre-processing takes the data generated by one-step pre-processing as input and
focuses on removing interactions from a user’s profile. The removal process helps in
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Algorithm 2: One and two-step pre-processing algorithm.

Input:
— X: level of pre-processing
— User-item matrix D (N users, M items)
— D’ (N users, M items) is a copy of D at time t = 0
— D'’ (N users, M items) is a copy of D’ after the one-step pre-processing.
— Initial count: user profile size at time t = 0
— Interaction count: user profile size after adding A% extra interactions
— Removal threshold
— Total added = 0 at time t = 0

Output: One-step and two-step pre-processed data D and D' (N users, M items)
// 1. One-step: adding extra items

for (user u in N) do
count = initial count [u] *X\
added = 0
while added < count do
i pick the item in the highest position in Pe7~sonalized_z'tem,s_for_u,dd’ition“

if D/[u,i] == 0 then
D/ [u,i] =1
added += 1

Total added += added
// 2. Two-step pre-processing: Removing certain items

for user u in N do
if Interaction count > Remowal threshold then
removed count = 1

To be removed = Total added/removed count
for user u in N do
if Interaction count > Remowval threshold then
removed 0
while removed < To be removed do
i = Randomly pick an item that has not recently been added
if D/[u,i] # 0 then
L D' [u,i] =0

removed += 1

maintaining the density of the modified data close to that of the original data. The
removal is performed in such a way that the total number of user interactions for each
item remains proximate to the total in the original data set. We distribute the removal
of interactions evenly across all users. To account for users with very short profiles, we
set a threshold of 20 that exempts them from having interactions removed.

The removal step is driven by several motivations. First, it respects the nature of
recommender system data, which is typically sparse and follows a long-tail distribu-
tion. Maintaining these properties, we avoid unintended shifts that might impact our
results [7]. Second, it addresses the potential impact of the increased data density from
the addition step. It has been shown in [I1] that the performance of recommendation
algorithms is not necessarily and solely impacted by the profile size of the users. When
we adjust for the added interactions, we aim to ensure that observed changes in perfor-
mance are due to our pre-processing approaches rather than shifts in the data’s size.
Finally, we apply the removal selectively to long profiles, ensuring minimal disruption
to users with shorter profiles, thus maintaining a fair representation across the data.

4 Experimental Setup

In this section, we start by providing an overview of our data sets and variants. Next,
we describe recommender system algorithms used for both news and book recommen-
dations in our experiments.
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Data sets. We test our approach on two publicly available data sets: the MIND
data [41I] for news recommendations and the GoodBook data for book recommen-
dations. Statistics for the data sets can be found in Table [I From MIND, we use a
subset of the published train data and the entire published test data. In the GoodBook
data, we transform explicit ratings into implicit, considering ratings with a rating >= 3
as implicit indicators of preference. We randomly sample 80% of each user profile for
the training set and we keep the remaining 20% for the test set. It is important to note
that the choice of static splitting plays a key role in preventing the data pre-processing
from adding items to the test set. Our pre-process is solely applied to the training set,
with careful consideration to avoid adding interactions already present in the test set.
As a result, the test set remains invariant across all experimental conditions. It is worth
noting that the added items through pre-processing are not recommended anymore.
While these added items could still be of interest, this is not a concern for MIND, as
the added items are older and less likely to be relevant. However, for GoodBook, where
random splitting is used, this could pose a challenge since the added items may be
more recent and potentially impactful for recommendations. We recommend the use of
temporal splitting whenever possible to ensure that recent items are recommended. In
the MIND data, there are 17 categories, whereas in the GoodBook data, there are 31
genres. A news article is assigned to a single category, while a book is associated with
multiple genres. Both news categories and book genres are considered as categories in
our approach as discussed above.

Table 1: Statistics of the data sets used in the experiments.
Data set Type #Users #Items #Clicks Sparsity (%) #Categories

Training 1,000 26,740 9,368 99.58 17
MIND News ‘1o cting 5000 18723 15,557 99.82 16

Training 943 729 8,477 98.77 31
GoodBook o ting 943 688 4,715 99.27 31

Overview of data variants and experimental parameters. In our experimental setup,
we generate several data variants to evaluate the impact of our pre-processing approach.
We begin with the original data and apply both one-step and two-step pre-processing.
For each approach, we create four variants using different values of the parameter
A. Additionally, we include a baseline where A interactions are added and removed
randomlyﬂ Lastly, to ensure that the relevant items are adequately included within the
two data sets, we set the maximum cutoff value k differently when we use userKNN
to create the lists of Initial predictions; k is set to 100 neighbors for the GoodBook
data, and to 50 neighbors for the MIND data.

Recommender system algorithms. We select several recommendation algorithms,
ranging from standard collaborative filtering to advanced neural-based models. This

2 Further details about our pre-processed data and results of our baseline are available
in the supplementary material due to space constraints https://surfdrive.surf.
nl/files/index.php/s/QaUVGB4Vh3sv7kB
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demonstrates the adaptability of our approach across various recommendation archi-
tectures. It also allows us to test our approach with the different algorithms that are
currently most prevalent in the two domains that we work with, news and books.

For news recommendations, we use three state-of-the-art neural network recom-
mendation algorithms: NRMS uses multi-head self-attention networks [39]. NPA uses
personalized attention networks to learn news and user representations [38]. LSTUR is a
news recommender focusing on users’ long and short-term preferences [I]. To account
for the randomness in the algorithms, we repeat each experiment 5 times and show
average performance. We use the recommenders package from MicrosoftEI For hyper-
parameter tuning, we set epochs to 50. We follow the parameters as suggested by the
recommenders package. For book recommendations, we use CF algorithms: MostPop
is a non-personalized algorithm recommending the most popular items. ItemKNN is
the item-based K-nearest neighbor algorithm [§]. ImplicitMF' is matrix factorization
trained with alternating least squares [I5]. BPR is a matrix factorization algorithm
using Bayesian personalized ranking [28]. We use the Lenskit toolkit for our implemen-
tation of these algorithmsﬁ We perform hyperparameter tuning on the training set to
optimize the performance. We use the Allltems strategy for our candidate item selec-
tion, as proposed in [2]. We measure Normalized Discounted Cumulative Gain (nDCG)
and Mean Reciprocal Rank (MRR). For the MIND data, we report MRR for the entire
recommendation list as implemented in Recommenders, whereas, for the GoodBook
data, we measure MRR@10 as is common with Lenskit.

Diversity and fairness metrics. We apply a normative diversity metric, calibra-
tion, which assesses how closely recommendations align with user preferences inferred
from their past interactions. We quantify calibration as the difference between the
distributions of categories in user preferences and recommendations, measured with
the Kullback-Leibler (KL) and Jensen-Shannon (JS) divergence metrics, as described
in [36]. We also compute two descriptive diversity metrics: item coverage (coverage)
and the Gini index (gini). Item coverage represents the proportion of unique items
recommended across users relative to the entire catalog, while the Gini index captures
inequality in item distribution among users. To facilitate interpretation, we report 1 —
Gini. For all three diversity metrics, higher values indicate greater diversity.

Finally, we apply discounted cumulative fairness, or fair-nDCG [25]. Fair-nDCG is
an adaptation of nDCG that incorporates fairness by emphasizing exposure to under-
represented categories. It accumulates the gain for items belonging to the protected
group while applying a logarithmic discount based on their rank, emphasizing their
presence at higher ranks to ensure fair representation in the recommendation list. In
our experiments, we designate the least-represented categories in the data set as the
protected group. For MIND, these categories are: kids, weather, video, music, autos,
movies, middleeast, and northamerica. For GoodBook, they include: music, poetry,
horror, spirituality, sports, christian, comics, manga, cookbooks, psychology, and art.

5 Recommendation Performance

In Table and Table we present our recommendation results using one-step and two-
step pre-processing techniques on the MIND and GoodBook data sets, respectively. We
measure the accuracy of the recommendation using MRR, nDCG@5, and nDCG@10.

3 https://github.com/recommenders-team/recommenders
4 https://github.com/lenskit/lkpy/tree/main
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Table 2: Recommendation performance for the MIND data. Recommendations
with the highest scores are marked in bold, comparing original and pre-processed
data. Statistical significance is indicated by a *, based on paired t-tests compar-
ing A values to the baseline (A = 0). Standard deviation is denoted by =+.

One-Step Pre-process Two-Step Pre-process
Accuracy Calibration @10 Descriptive @10 Accuracy Calibration @10 Descriptive @10

Algorithms X\ (%) MRR nDCG@5 nDCG@10 KL JS Cov MRR nDCG@5 nDCG@10 KL JS Cov
o DT UTL DEE wwe ows Do UL DTE sue ows o

NRMS 1 236552 i%gozoﬂz igs&g 2.2307* 0.3949* 1548* 1206?)?); izosgg: 13053?;; 2.2427* 0.3959* 1519*
2 f'gfioglfz fg.gulosz f'g.sogoz 2.2490* 0.3960* 1557* Oi'z(fggi fg?:o‘lz i‘%?o‘é 2.2672% 0.3978% 1502%
B T R I G TR
A R i L
T T T N P e

NPA 1 fﬁ?osuss 5'3‘905044 :'t)'(?]’.sl)lODB 2.1975 0.3898 1323 1::3(2)705093 5‘3?07083 f‘gf}()l()ss 2.1938 0.3906 1274
s D 0B 0N L ogw we Do 0290 0303 hoers oawe
O T R T T TR R

10 :‘8%707063 ;E-(?]’POIO‘IA :'EJ-(?]’%SODAI 2.1878  0.3904 1304 5(2)1]6()84 5‘3900084 fgﬁoaéz 2.2186 0.3929 1292

o DS OIS Ol oo g D29 BMS 0SL oo g

LSTUR 1 :EO )3 fgii& il]'g4805023 2.3820 0.3995 1491* il(]‘?ll))(()’*l‘ 1301318)’; fgsoo(;)l 2.3839* 0.3996 1523*
oD D O g are e LG U OUEL aoie v oo
oD D 0BT g oam e OIS U OUEL sacosms

10 0.2962 0.3236 0.3864 2.3407 0.3991 1442% 0.2884 0.3138 0.3766 2.2015% 0.3944 1371%

+ 0.005 + 0.006 + 0.005 4 0.005 =+ 0.005 4+ 0.004

On the MIND data, NRMS experiences improvement at A = 2% and 5% for the one-
step variant, and only at 2% for the two-step variant. NPA exhibits improved perfor-
mance across A values for both variants. LSTUR consistantly improves on nDCG@10,
but decreases for A = 1%, 2%, 10% on MRR and nDCG@5. On the GoodBook data,
we observe that all the algorithms outperform MostPop. The recommendation per-
formance of ItemKNN and ImplicitMF varies across different levels of A, while BPR
consistently maintains higher accuracy across A levels, particularly at 1% and 2%. In
book recommendation, performance seems to decrease at the highest A values. This phe-
nomenon may be attributed to the CF algorithms’ sensitivity to popularity bias [7J6].
A higher A means a larger change in the long-tail distribution of item exposure (in the
train set, not in the test set), which negatively impacts the accuracy.

In general, the observed differences in accuracy are small (maximum increase is
0.002 for GoodBook on BPR; maximum decrease is 0.034 for the same data and al-
gorithm), signifying that performance remains relatively stable when we apply our
approach. Many of the observed differences are not statistically significant. In the one-
step variant, only some observed increases in accuracy are significant. In the two-step
approach, we observe both significant increases and decreases in performance. This is
in line with our expectations, that a larger profile (as in the one-step variant) leads to
improved performance. We see that algorithms react differently to different A values.
This emphasizes the need to carefully select A to maintain recommendation quality.

6 Recommendation Diversity

Table 2] and Table [3] present our diversity analysis for news and book recommenda-
tions, respectively. We report calibration as a normative diversity metric and cover-
age as well as the Gini index as descriptive diversity metrics. Focusing on news rec-
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Table 3: Recommendation performance for the GoodBook Data. We emphasize
the recommendations with the highest scores across conditions (original vs pre-
processed data). Statistical significance is indicated by *, based on paired t-tests
comparing \ values to the baseline (A = 0). Standard deviation is denoted by =+.

One-step Pre-process

Two-step Pre-process

Accurac Calibration @10 Descriptive@i0 Accuracy Calibration@10_Descriptive@i0

Algorithms lambda (%) MRR nDCG@j nDCG@10 KL JS Cov  Gimi  MRR nDCG@5 nDCG@I0 KL J5  Cov  Gini
OO o Q00T o626 oarss s1 03w o0 OWAT 00T o066 017se 31 0303

MostPop 1 Ot'ogf?; 01;02%07(: iog?gg 0.1985* 0.3091* 31 0.3493 iog?’g; (103107(: [;036015 0.1988* 0.3090* 20  0.3707
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ommendations, NRMS consistently yields higher calibration and coverage scores for
A = 1%,2%,5%,10% for both 1-step and 2-step variants, as does LSTUR. However,
for NPA, we observe mixed results, with diversity going up or down depending on .
For book recommendations, we see positive reactions to diversity from recommender
algorithms with varying A values. All four algorithms show more calibrated results on
preprocessed data compared to the original data, across all A values.

However, this trend does not hold to the same extent for the descriptive met-
rics. While ImplicitMF and BPR exhibit optimal coverage results for A = 5%, 10%,
ItemKNN performs best at A = 1%. We observe discrepancies between the different di-
versity metrics, where an increase in calibration metrics does not necessarily translate
to an increase in descriptive metrics.

7 Provider Fairness

As mentioned in Section [T} while diversity and provider fairness are based on distinct
normative principles, increasing diversity can also contribute to greater provider fair-
ness [9]. Figurelllustrates fair-nDCG results for MIND and GoodBook Data, respec-
tively. Each pair of figures corresponds to a specific algorithm, with one figure depicting
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the results using one-step pre-processing and the other for two-step pre-processing. The
fair-nDCG scores are evaluated across different levels of A for top-k recommendations
ranging from 1 to 100. We see that recommendations generated using pre-processed
data consistently exhibit higher fair-nDCG scores, indicating increased exposure fair-
ness. Also, we observe that the 2-step pre-processing is more effective at lower levels of
A. For instance, in Figure (NRMS), recommendations using 10% one-step variant
(and 5% for two-step) achieve the highest fair-nDCG scores, closely followed by the 1%
and 2% pre-processing levels. This emphasizes that pre-processing not only improves
the accuracy of the recommendations but also contributes to increased exposure to
minority categories. For the LSTUR algorithm, we note that at top-k = 20 with 1-step
pre-processing, recommendations using the original data (A = 0) achieve the best fair-
nDCG score. However, with 2-step pre-processing, removing some interactions helps to
produce more fair recommendations by increasing the exposure of minority categories
(A = 1%, 10%). Similar observations hold for GoodBook Data in Figure [2b| In the case
of BPR-Figure recommendations with 1% and 5% One-step variants exhibit the
highest fair-nDCG-scores. Additionally, recommendations with 2% and 5% two-step
pre-processing demonstrate noteworthy exposure.
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(a) MIND News data (b) GoodBook Data

Fig. 2: Fair-nDCG measured for different top-k recommendation lists. The fair-
nDCG-score is measured for the recommendation of the minority categories.

8 Discussion and Conclusion

In this paper, we introduced a simple yet effective user-centered pre-processing ap-
proach to diversify recommender system outputs. The central components of our ap-
proach include: (1) using a personalized list of items to maintain accuracy, (2) a well-
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established selection of categories within user profiles to enhance diversity, and (3)
adding and removing A % of interactions from a user profile.

Main findings Our results demonstrated that keeping data pre-processing closely
aligned with user preferences, has the potential to maintain or even improve the per-
formance of the original profiles. As for fairness and diversity, our experiments have
also shown that our pre-processing approach achieves diverse recommendations and
simultaneously promotes provider fairness. For diversity, through extensive analysis
utilizing normative and descriptive diversity measures, we have demonstrated that our
approach has the potential to increase item coverage and Gini index and amplify diver-
gence. We found that there is a discrepancy between the results of calibration metrics
and descriptive metrics for diversity. This misalignment could be explained by the fact
that normative metrics focus on ideal distributions whereas descriptive metrics capture
observed variations in user preferences. As a consequence, relying solely on one type
of metric could lead to either overestimating or underestimating the true diversity of
recommendations. For fairness, we have demonstrated that our approach actively pro-
motes the recommendation of underrepresented categories. This success is driven by (1)
using personalized lists to preserve accuracy, (2) strategically selecting user categories
to enhance diversity, and (3) adjusting A % of interactions.

Future work Our paper opens an important new vista for future work. One direction
could be on adapting to changes in user preferences and catalogs. This implies that
recommender systems must adaptively and periodically update their data to reflect
evolving user preferences and item catalogs. Our user-centered pre-processing approach
complements the original data by adding extra interactions without altering the core
model. This dynamic adjustment provides a practical solution to address biases in
training data, promoting consistent gains in both fairness and diversity.

Also, another direction could be related to ethical considerations. While our ap-
proach aims to improve diversity, it is essential to acknowledge the ethical implications
of modifying user profiles [I2]. One key consideration is user autonomy. Users have the
right to control their data and how it is used. Introducing modifications without explicit
consent could undermine this autonomy and lead to ethical concerns. It is crucial to
incorporate mechanisms that allow users to opt in or out of such modifications, giving
them control over their data and the recommendations they receive. Additionally, the
explainable nature of our approach opens up new research lines around transparency
for end users. Future work could investigate to what extent users benefit from knowing
how their profile has been altered, or, one step further, how they could benefit from
functionality to modify their profiles themselves. Another aspect to consider is user
autonomy. Users have the right to control their data and how it is used in recommen-
dation systems. Introducing modifications to user profiles without their explicit consent
could undermine user autonomy and potentially lead to ethical dilemmas. It is crucial
to incorporate mechanisms that allow users to opt in or opt out of such modifications,
giving them greater control over their data and the recommendations they receive.
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