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Abstract. Typically, a user-focused approach of evaluation of recommender systems requires the users to recollect their experiences, exposing
study results to memory biases. In this paper, we describe a study conducted to test a framework, that allows recommender systems to be used
and evaluated simultaneously. In this study, we asked 140 participants
about their expected, perceived, and actual quality of the recommendations. We compare the performance of two recommender systems. The
singular value decomposition recommendation system was able to correctly predict more than half of all evaluations and performed better than
participants expected. However, users were more satisﬁed with the suggestions of the user-based collaborative ﬁltering recommendation system.
Our approach allows to compare actual item ratings, expected quality,
and perceived quality of recommendations. Serendipity was found to be
an important inﬂuencing factor for better item ratings by users. Participants rated both recommendation systems better when they perceived
higher quality.
Keywords: Recommender systems · Live evaluation · User studies
Recommendation accuracy · News recommendation · Qualtrics
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Introduction

Recommender systems use diﬀerent algorithms to predict what a user likes. By
utilizing user data, recommender systems draw conclusions about the preferences
and interests of the user. With multinational companies using recommender systems (e.g., Amazon, Netﬂix etc.) to build revenue, research on improving recommender systems has been gaining interest. A good portion of which focuses
on evaluation of recommender systems. The evaluation is done either by mathematically determining the accuracy of the algorithm or by conducting user
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Fig. 1. User study showing the experimental design and results.

studies. Even in user studies, the recommender systems were mostly analyzed
oﬄine according to statistical criteria, such as run-time eﬃciency of the algorithms used or the accuracy of the recommendations. Only some studies focus
on the attitudes of users of recommender systems and carried out online evaluations [18,34]. In these studies, participants were asked about their experiences with a recommender system retrospectively, but the studies did not check
whether the reported experiences and opinions corresponded with actual recommendation quality.
In this paper, we describe a user study to test a framework that allows the
users to use and evaluate two recommender systems (see Fig. 1). We asked the
users to give feedback about the quality of the recommendations directly after
exposure. The recommender system used this feedback and the data was used
to re-train the algorithm instantly. We tested the framework on the evaluation
of two recommender systems for news articles. The collected data enabled us to
evaluate the recommender systems according to both statistical and user-centric
criteria. We examine and compare the quality of the recommended news items
expected by the respondents, the perceived quality of the recommendations, and
the actual item rating while re-training the recommender system during use.

2

Related Work

Today, various recommender systems are being developed and used in many different application contexts such as entertainment [22,39], online shopping [7,41],
e-health [9,12,47] and social networks [13,49], creating a need for better recommender systems. This has motivated research on the evaluation of recommender
systems. Evaluating and developing recommender systems poses challenges. Following, we discuss some of the diﬀerent types of recommender systems and challenges faced during their development.
2.1

Types of Recommender Systems

Most commonly, recommender systems are divided into three classes: contentbased recommender systems, collaborative ﬁltering and hybrid recommender systems [1,46]. Most recommender systems combine sub-types from diﬀerent classes
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to compensate for the weaknesses of the individual systems and beneﬁt from the
respective strengths [45].
Content-Based Recommender Systems. Content-based recommender systems give recommendations based on the attributes of items that have been
evaluated in the past. This involves comparing attributes of the evaluated items
with the attributes of items that have not yet been evaluated. If the attributes
of a new item correspond to the attributes of items that the user rated well, the
new item is recommended [45].
Collaborative Filtering. The most widespread recommender technique being
used is collaborative ﬁltering [2,8]. Here, the ratings of users are sampled to
create a user-item rating matrix. In this matrix, each column corresponds to
an item that has been rated and each row corresponds to a user who assigned
the rating. The value at the intersection of row and column is the rating the
user assigned to the corresponding item [38]. The absence of a value represents
that the user has not yet given a rating for this item [38]. The recommender
system predicts these values, to identify items that could be of interest to a
user by comparing their past ratings with the ratings of other users [40,48].
Collaborative ﬁltering can be divided into two classes: memory-based and modelbased ﬁltering [8,23,42].
Memory-Based Collaborative Filtering. Memory-based collaborative ﬁltering
provides recommendations by generating either user-based or item-based predictions for items by searching for similarities in the user-item rating matrix [23]:
User-based collaborative ﬁltering (UBCF) compares the similarity between users.
Two users are similar if the ratings of the items they both rated are similar. To
generate recommendations for all the items that have not yet been rated by
the user, the ratings of these items by similar users are compared. The predictions of the items correspond to the weighted average ratings of the other users.
The greater the similarity between the users, the more weight is given to the
rating [2,23]. Item-based collaborative ﬁltering compares the similarity between
items and not between users. The system calculates the similarity between all
item pairs based on their ratings. To generate new recommendations for a user,
the system compares the similarity between their rated items and the items that
have not yet been rated. The items that have not yet been rated and show the
greatest similarities are recommended to the user [23].
Model-Based Collaborative Filtering. Model-based collaborative ﬁltering uses
various techniques to calculate how a user might rate an item. This is done using
machine learning, but also statistical methods such as Bayes networks, cluster analysis, matrix factorization [40] or Singular Value Decomposition (SVD),
which is a method from linear algebra that is commonly used as a method
for reducing dimensionality [50]. Compared to memory-based collaborative ﬁltering, model-based collaborative ﬁltering scales better and takes less time to
calculate the recommendation, but the development of the underlying model is
more costly [2].
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For our study, we use UBCF as the representative for memory-based and we
use SVD as the representative for model-based techniques.
2.2

Challenges in Developing Recommender Systems

Developers of recommender system face a multitude of challenges: As recommender systems operate on large pools of data, an overlap between two users
may be very small or non-existent. In addition, the distribution of ratings among
the individual items can be extremely unequal. A recommender system must
take this lack of data (data sparsity) into account [21,30]. The problem of data
sparsity is especially relevant for the so-called cold-start problem. To classify
users and provide them with appropriate recommendations, recommender systems need information on them such as their ratings. For new users who have
not yet submitted ratings, this information is missing (cold-start problem - new
user), hence, the recommender system cannot make accurate recommendations
to these users [20,43,45]. New items cause problems in a similar way (cold-start
problem - new item). If recommender systems only consider the users’ ratings
and not the attributes of the items, they will never recommend items that have
not yet been rated [20,43,45].
Another problem faced especially by content-based recommender systems is
the problem of overspecialization. As they are solely based on the users’ previous
ratings, they only provide recommendations for new items that are similar to the
ones the user has previously rated [46]. Some of these might be inappropriate to
recommend (e.g., recommending a washing machine after the user has already
purchased a diﬀerent one).
A recommender system should also make unexpected recommendations to
users that may prove to be appropriate (serendipity). To make frequent suitable
recommendations, the system usually recommends items that are currently very
popular with other users or are often rated highly. This is problematic because
these items are often found by users without the help of a recommender system.
Hence, a good list of recommendations should also contain less obvious items that
the user would probably not ﬁnd without the recommendations of the system.
Balancing the accuracy and variety of recommendations is a central challenge
for recommender systems [30,31,46].
Recommending News Articles. Recommending news articles poses further challenges [24,29]. Recommender systems must analyze and classify a large number
of articles in a very short frame of time. This is further complicated by variations in the structure of diﬀerent article types [29,51]. For no other item topicality
plays such a decisive role. Articles that are interesting today can be uninteresting tomorrow. One requirement for recommender systems is therefore not to
recommend articles that are no longer up-to-date [29,51].
To recommend suitable news articles, detailed user proﬁles must be created.
The recommender system should automatically record the articles that the user
has read, while preserving the privacy of the users [29].
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There has been only sparse research on recommender systems for news articles (e.g., [6,11,17,26]). Beyond recommending news articles in real time [3,4,
25,32], we connect real-time recommendation with a simultaneous evaluation of
the recommender system.
2.3

Oﬄine- vs. Online Evaluation

The evaluation of recommender systems is carried out in either of two ways:
online or oﬄine. For oﬄine evaluation, data is ﬁrst collected or simulated and the
recommender system is then tested in a system-centered manner. By contrast,
in online evaluation, real test users evaluate a prototype or a productively used
recommender system according to user-centered criteria [28].
Oﬄine Evaluation. In oﬄine evaluation, recommender systems are subject
to the quality criteria accuracy, robustness and stability, coverage, and diversity. To measure the accuracy, the predictions of the system are compared with
the actual assessments of the users and the number of predictions matching
the assessments are recorded. For predictions that do not match, the extent to
which the values correlate with each other and the extent to which they diﬀer is
examined. The more often the predictions meet (or at least correlate with) the
actual user evaluations, the higher is the accuracy of the recommender system.
To measure robustness and stability, the performance of the recommender system is compared before and after a deliberate manipulation of the evaluations
of individual items (“shilling attack”). If the predictions about the evaluation
after the attack do not deviate strongly, the recommender system is considered
robust. Coverage is high if the recommender system can access all or a very large
part of the item pool for the recommendations. By contrast, systems with low
coverage are often faced with the cold-start problem for new items. Lastly, diversity denotes the variability between the recommended items, i.e., how strongly
the recommendations diﬀer from each other.
To perform an oﬄine evaluation of recommender systems, a certain number
of test user ratings are removed from an existing data set. The remaining data
sets are used to train the recommender system. Based on this training data,
the recommender system creates recommendations for the test users or predicts
ratings for the items whose ratings have been removed. The recommendations
generated this way are then compared with the actual recommendations and
evaluated according to the criteria presented above [28]. Oﬄine evaluations allow
for the objective evaluation of recommender systems and their underlying algorithms according to statistical criteria. Compared to online evaluations, oﬄine
evaluations are simpler and more cost-eﬀective and they require less resources.
However, as oﬄine evaluations do not measure user satisfaction with a recommender system, some studies also include online evaluations [10,14,28]. In most
cases, the recommender systems that scored best in the oﬄine evaluation are
tested by users in an online evaluation in a second step. This enables to collect
the users’ opinions and still save resources [10,14,28].
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Online Evaluation. Online evaluations aim at obtaining a sophisticated picture of the users’ attitudes. Typical concepts that are often surveyed in online
evaluations include perceived accuracy, perceived diversity, novelty, serendipity,
satisfaction, trust, and data privacy concerns. Perceived accuracy refers to the
degree to which the users feel that the recommendations match their interests.
It measures the overall assessment of the perceived quality of the recommendations [33]. Perceived diversity denotes how much variety the users perceive in
their recommendations. When users receive the same or very similar recommendations, they may be disappointed by the recommendations and their conﬁdence
in the recommender system might decrease [33]. Most users expect a recommender system to suggest items that match their interests and preferences. If
users receive item recommendations that they consider new and unexpected, and
this recommendation turns out to be relevant to them, they might be positively
surprised. This is called serendipity [28]. Closely related to this is the factor novelty which is about whether users perceive the recommendations of a system as
new [28]. User satisfaction is another important dimension in evaluating recommender systems. It refers to the users’ thoughts and feelings during the use of the
recommender system [10,33]. User trust in recommender systems is inﬂuenced
by both the accuracy and the transparency of the recommender system. Trust
determines whether users rely on the recommendations or not [27,44]. Lastly,
data privacy concerns regarding the handling of user data by recommender systems inﬂuence the willingness to release data to a recommender system. The
type of data required by the recommender system and the transparency of the
system inﬂuence data privacy concerns [27,34].
2.4

Our Research Question

As we have seen, diﬀerent metrics are used in either online or oﬄine evaluation
of recommender systems. A possible downside in online evaluation is that users
are asked about their perceptions after having used the recommender system.
As previously mentioned this may introduce memory biases. In our approach
we ask participants about their evaluation of each item directly and utilize this
feedback to retrain the recommender system online. Using this approach we ask
the following research question.
RQ: How do users expectations and evaluations of recommender systems depend
on the accuracy of recommendations, when the recommender is trained on live
feedback?

3

Method

To ensure that the participants are able to test diﬀerent recommender systems
“live” during the online survey, we designed a framework to establish a connection between the recommender systems and the online survey. Through this
connection the participants’ evaluations are forwarded directly from the survey
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software to the recommender system and the items to be evaluated are dynamically provided by the recommender system. To oﬀer suitable recommendations
to the participants during the online survey, the recommender system creates a
proﬁle of each user. In this study, we tested the framework designed for evaluating recommender systems using an online survey. Following, we brieﬂy describe
the framework and the data preparation and ﬁnally describe the survey.
Framework. We designed the framework as a client-server architecture. We
stored all the news articles to be recommended in a database which was connected to the server. The server hosted the recommender systems which were
developed using the R package recommenderlab [19]. The client received the
items from the server and showed it to the users via the Qualtrics survey that
was connected to the client.
Data Preparation. As the data basis, we used the Million Post Corpus provided by Schabus, Skowron, and Trapp [37]. The database contains 12,087 articles with over one million comments published on the website of the Austrian
daily newspaper “Der Standard 1 ” from 1st of June 2015 to 31st of May 2016.
To make the data usable for the recommender systems, we prepared the articles
and the comments. We removed articles that were not news and therefore not
suitable for the study (i.e., advertisements). We reduced the total number of
articles from 12,087 to 10,309. For good readability, we limited the length of the
articles to a maximum of two sections.
To ensure that no cold start problem occurs (see Sect. 2.2), artiﬁcial evaluations used to train the recommender systems were generated from the comments
on the articles that contained user IDs and textual data. The comment text on
the articles were converted into ratings by conducting a Sentiment Analysis
using the German sentiment vocabulary SentiWS V2.0 by Remus, Quasthoﬀ,
and Heyer [35]. If the sum of word-by-word sentiment was negative we rated
the item as 1 otherwise as 5. We assigned this value as a rating for the article
and saved it with the corresponding Article ID and User ID in a rating matrix,
which we used to generate recommendations.
Online Survey. The survey consists of three parts: We ﬁrst asked participants
about demographic factors and attitudes. Secondly, the recommender systems
were re-trained. In the third part, the users tested and evaluated two recommender systems (UBCF and SVD).
We measured all items on a six-point-Likert scale (1 - disagree very much, 2
- disagree, 3 - rather disagree, 4 - rather agree, 5 - agree, 6 - agree very much).
Demography and Attitudes. As demographic data, we measured gender, age and
education level of the participants. Additionally, we measured the computer selfeﬃcacy (CSE) using 8 items by Beier [5]. Moreover, we asked participants what
1

https://www.derstandard.at/.
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type of news they are interested in (politics, sports, economics, culture, lifestyle,
computer and technology, network politics or science).
Expected Accuracy of Recommender Systems. We further asked the participants
how accurate they expect the recommendations of certain recommender systems would be (random, non-personalized, user-based collaborative, article-based
collaborative, hybrid and content based ). In addition to the name of the recommender system, we described to the participants what type of recommendation
the system returns and what data it requires.
Knowledge About Daily Events in Austria. Before the recommender systems are
re-trained, we informed the participants that the articles shown were from the
Austrian daily newspaper “Der Standard ”. We asked the participants on a sixpoint Likert scale (not at all, not, somewhat not, somewhat, very and extremely),
how familiar they are with the daily events in Austria, as this might be a confounding variable in recommendation accuracy.
Re-training of Recommender Systems. Re-training the recommender systems is
necessary to overcome the cold start problems of the UBCF and the SVD system
for the participants. To re-train the recommender systems we asked participants
to evaluate seven items. To select these items we need to identify informative
items for evaluation. To achieve this, two other recommender systems (RANDOM and POPULAR) that do not have the cold start issue were used to select
ﬁve out of the seven articles. We selected three articles randomly and the two
most popular. Two further articles were selected from a set of pre-selected articles. These were chosen by three researchers by manual coding all articles based
on the topics that participants indicated as favorite news topics in the survey.
Rating of Training Articles. After the participants rated these initial articles,
we asked for the participant’s perception of quality, diversity, novelty, serendipity
and relevance of the recommendations, using seven statements (see Table 1). We
Table 1. Scale used for the evaluation of articles
Scale item (perceived article quality)
Recommended items were well chosen

Construct
a

Quality

Recommendations diﬀer signiﬁcantly from each other
Recommendations provided new information
Recommendations surprised me
I liked the items recommended

b

a

Recommendations were relevant

b

b

Diversity
Novelty
Serendipity
Quality

b

Relevance

Items recommended matched my interest c
Quality
a
b
Source: Knijnenburg et al. [27], Source: Fazeli et al. [16], c Source: Pu,
Chen, and Hu [34]
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used a subset of validated scales, as these questions would have to be evaluated
often by the users. The new scale perceived article quality still shows a good
internal reliability of Cronbach’s α = .87. However, we also intend to analyze on
individual item levels.
Evaluation of Two Recommender Systems. Lastly, we asked the participants
to also evaluate the overall performance of the UBCF and SVD recommender
system. The two systems were tested one after the other. To reduce a possible sequence eﬀect, the order in which the systems were tested was randomized. Every participant evaluated four items. Then, we asked the participants to
rate the performance of the recommender systems using the scale as before (see
Table 1). The scale showed a good internal reliability of Cronbach’s α = .92 for
both recommender systems. We used ﬁve further statements by Knijnenburg et
al. [27] (see Table 2) to ask the participants how they assess the recommender
systems. The scale showed a good internal reliability for both systems (Cronbach’s α = .88 UBCF, α = .89 SVD).
Table 2. List of statements used for evaluation of recommender systems
Scale item (assessment recommender system)
The system is useless
I would recommend the system to others
I liked the items recommended by the system
The system recommended too many bad items
I can ﬁnd better items without the help of the system

Collection of Data. Participants were acquired between October and November 2019 using snowball-sampling by sending the survey via WhatsApp, Signal,
Slack, and posting it on Facebook groups. We note that this yields a high social
media usage bias, which we integrate when analyzing our ﬁndings.
Statistical Methods. We checked the internal reliability of the scales using
the R-package psych [36] by calculating the Cronbach’s α. We used parametric
tests to check whether the results are signiﬁcant. In addition, an α error of 5%
(α = .05) and a β error of 20% (β = .2) is permitted. With a sample size of
N = 140, this means that correlations could be detected with an eﬀect strength
of || ≥ .21 [15].

4

Results

All procedures and statistical evaluations are available in our supplementary
material in an OSF repository2 We used R Version 3.4.1. and RMarkdown to
analyze the data. After a presentation of our sample, we report our ﬁndings.
2

https://osf.io/qn4as/.
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Description of the Sample

The online survey was completed by N = 140 German Internet users. 64% of the
users are female and the average age is 41 (SD = 16.21). The age distribution
of the sample is bimodal. Users between 29 and 47 years are underrepresented.
41% of the users have a university degree. The users’ knowledge about the daily
events in Austria is limited (M = 1.60; SD = .84).
4.2

User Ratings of the Recommendations

Expected Quality of the Recommender Systems. Participants believe that recommender systems that randomly select an article recommend a suitable article
with an mean accuracy of 23% (SD = 19.24; see Fig. 2, mean and standard error
shown in red). Popular recommender systems are presumed to give good recommendations with an accuracy of 36% (SD = 23.50). An accuracy of slightly
more than 50% is expected from collaborative recommender systems. Participants rated the IBCF recommender system slightly better with an accuracy of
52% (SD = 20,854) than UBCF with 51% (SD = 19.34). They rated hybrid
recommender systems best. These should deliver good recommendations with
an accuracy of 60% (SD = 22.46).

Fig. 2. How do users expect diﬀerent Recommender Systems to perform?

Evaluation of the Pre-selected Articles. During the re-training phase (see Fig. 3),
the users rated the recommendations slightly negative (M = 3.15; SD = .89).
After the re-training phase, the users described the recommended articles as
very diverse (M = 4.62; SD = .78). The recommended articles oﬀered users
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new information (M = 3.79; SD = 1.08), but they were not always relevant
to them (M = 3.45; SD = 1.23). Furthermore, the users were surprised by
the recommendations (M = 3.69; SD = 1.26). However, when users were asked
again about their ratings in retrospect, users rated the perceived quality of the
recommended articles slightly negative (M = 3.32; SD = .95).

Fig. 3. Results of evaluation: comparison of diﬀerent recommender systems according
to our metrics

Evaluating the UBCF Recommender System. Participants rated the recommendations given by the user-based collaborative ﬁltering recommender system
(UBCF) slightly negative (M = 3.31; SD = 1.17; see Fig. 3). In the following
overall evaluation, the users perceived the articles as very diverse (M = 4.05;
SD = 1.06). For many users, new information was oﬀered by the recommended
articles (M = 3.91; SD = 1.04). The users were surprised by the recommendations (M = 3.76; SD = 1.06) and rated the perceived quality average (M = 3.43;
SD = 1.15). The overall rating for the UBCF recommender system was slightly
negative (M = 3.17; SD = 1.01) (see Fig. 3).
Evaluating the SVD Recommender System. Most of the articles recommended
by the recommender system, which uses singular value decomposition (SVD),
were rated negative (M = 2.87; SD = 1.05). In the following overall evaluation,
the users perceived the articles as very diverse (M = 4.15; SD = .96). The
recommended articles provided the users with new information (M = 3.79;
SD = 1.01), which were only of moderate relevance (M = 3.28; SD = 1.25).
However, the users were surprised by the recommended articles (M = 3.71;
SD = 1.16). All in all, the perceived quality of the recommended items (M =3.15;
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SD = 1.01) was better than the individual ratings. Although, the overall rating
of the recommender system was negative (M = 2.94; SD = .96) (see Fig. 3).
4.3

Progress of the Recommender Systems

After ﬁnishing the survey, we evaluated the improvement of the two recommender
systems. For this, we compared the actual article ratings with the predictions
of the recommender systems. We calculated the predictions twice. First, with
the state of the recommender systems at the beginning of the survey (pretest/ex
ante) and second, with the recommender systems after the end of the survey
(posttest/ex post).
We tested how many article ratings the recommender systems correctly predicted. In the other case, we tested the extent to which the prediction deviated
from the actual rating. With a good recommender system, the proportion of
correct predictions should be as high as possible and the deviation (RMSE) of
the remaining predictions as low as possible.
UBCF Recommender System. The UBCF recommender system correctly predicted every fourth item in the pretest state (M = .27; SD = .07). The remaining 73% of the predictions showed both under- and overestimation of up to three
levels in terms of actual rating In the posttest, the system predicted every third
rating correctly (M = .33; SD = .05). The over- and underestimates were still
up to three levels but the deviation had slightly decreased. Although the distance between prediction and actual evaluation has changed in only 87 of 560
of the evaluated articles, there is a small, signiﬁcant diﬀerence between pretest
and posttest of the UBCF recommender system (t(139.0) = 10.54, p < .001).
The correlation between the prediction and the actual ratings improved signiﬁcantly between the pretest and the posttest of the UBCF recommender system (t(123) = 8.68, p < .001). As shown in Fig. 4(a), in the pretest we found
almost as many negative as positive correlations (μ = .01) between the predicted
and actual ratings. In the posttest we found mainly strong positive correlations
(μ = .6) and only sporadically strong negative correlations.
SVD Recommender System. The pretest SVD recommender system correctly
predicted every third article rating (M = .35; SD = .03). For the remaining
65% of recommendations, there was both over- and underestimation of up to
three levels between predictions and actual ratings The posttest SVD recommender system correctly predicted more than half of all article ratings (M = .57;
SD = .03). The deviation between the prediction and the actual evaluation has
improved for the remaining 43%. Thus, the over- and underestimation of the ratings was reduced to at most two levels. When looking at the absolute distances, it
is evident that the diﬀerence between the pretest and the posttest recommender
system is signiﬁcant (t(139.0) = 10.15, p < .001).
The correlation between the prediction and the actual ratings improved signiﬁcantly between the pretest and posttest SVD recommender system (t(129) =
8.45, p < .001). Figure 4(b) shows that the pretest SVD recommender system
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Fig. 4. Every point shown is the correlation coeﬃcient between actual and predicted
rating for a single user. Lines connect the users between pre- and post-test. Correlations
above 0 indicate good predictions; correlations below 0 indicate very bad predictions.
Both ﬁgures a) and b) indicate improvement, as the lines tend to move upwards. α̂
is the mean correlation coeﬃcent for all users. The red line indicated the amount of
improvement.

had more positive than negative correlations (μ = .3) between the predicted
and actual ratings. The posttest SVD recommender system shows mostly strong
positive correlations (μ = .71), whereas negative correlations occur only sporadically.
4.4

Relationships Between Evaluation Criteria

We analyzed how the article ratings, the user-centered rating criteria, the
expected article quality, and the overall rating of the recommender system are
correlated. As the functionality of a SVD recommender system is quite complex, we did not ask the participants which quality they expected from the SVD
recommender system. Therefore, we evaluated the expected quality of the recommendations only for the UBCF recommender system.
Article Rating, Perceived Quality and Overall Rating. Table 3 shows that for
both recommender systems, the article ratings have a signiﬁcantly strong positive
correlation with both the perceived quality and the rating of the recommender
system. The better the users rated the articles, the better they perceived the
quality of the recommendations and the better the rating of the recommender
system. In the case of the UBCF recommender system, the expected article quality
correlated slightly positively with the actual article rating.
User Centric Factors. For the UBCF and SVD recommender system (see
Table 4) the perceived novelty correlates positively with the article ratings, the
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Table 3. Correlation table of evaluation criteria
Variables

UBCF

1. Expected quality

SVD

Ma

SDb

51

21

1

2

3

2. Article ratings UBCF 3.31 1.17 .27∗∗
3. Perceived quality

3.43 1.15 .16

4. Rating
3.17 1.01 .19
indicates p < .05; ∗∗ indicates p < .01
a Mean, b Standard deviation

Ma

SDb 1

2

2.87 1.05
.76∗∗

3.15 1.01 .68∗∗

.62∗∗ .81∗∗ 2.94 .96

.57∗∗ .80∗∗

∗

perceived quality and the overall rating of the recommender system. A user who
received novel items through the recommended articles rated the articles themselves, the quality of the recommendations and the entire recommender system
better than a user who did not receive novel information.
Table 4. Correlation table of user-centered criteria of the User-based collaborative
filtering (UBCF) recommender system and Singular value decomposition (SVD) recommender system
Variables

UBCF
Ma

SVD

SDb 1

1. Perceived novelty

3.91 1.04

2. Perceived diversity

4.05 1.06 .01

2

3

4.05 .96
.18∗

3

4

.02

3.28 1.25 .30
21

2

51

.09

6. Article ratings

3.31 1.17 .45∗∗ .05

8. Rating
3.17 1.01 .44
indicates p < .05; ∗∗ indicates p < .01
a
Mean, b Standard deviation

∗∗

.04

−.02

−.07 .04

5. Expected quality

3.43 1.15 .54

.24∗∗

3.71 1.16 .12

4. Perceived relevance

∗

SDb 1

3.79 1.01

3. Perceived serendipity 3.76 1.06 .05

7. Perceived quality

Ma

∗∗
∗∗

.04

−.15 2.87 1.05 .29∗∗ .05
−.17 3.15 1.01 .45

−.08 −.12 2.94 .96

.37

−.08 .41∗∗

∗∗

−.01

−.03 .54∗∗

∗∗

−.03

−.02 .49∗∗

Furthermore, in the SVD recommender system, the perceived relevance of
the recommended articles correlates signiﬁcantly and positively with the article
rating, the perceived quality and the overall rating. The more relevant the recommended articles were for the users, the better the recommender systems were
rated. This in turn positively inﬂuenced the perceived quality and the overall
rating of the recommender system.

5

Discussion

In our study, we compared two recommender systems before (pretest) and after
(posttest) an online study. Both recommender systems improved their prediction
accuracy. Also, the correlation between the predictions and the actual ratings
increased between the pre- and post-test.
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Comparing the two recommender systems, the SVD recommender system
scored better on all statistical measures (accuracy, deviation of predictions, and
correlation between predictions and assessments) than UBCF. This suggests
that users would also rate the SVD recommender system as better than the
UBCF system. However, users preferred the articles suggested to them by the
UBCF recommender system and perceived the quality as higher, thus giving the
UBCF a better overall rating. This agrees with ﬁnding from McNee, Riedl, and
Konstan [31], who found that the evaluation of a recommender system does not
only depend on the accuracy of the recommendations.
We also looked at whether there is a correlation between the expected quality
of the recommendations, the actual article ratings, and the subjective ratings
of the users. The participants expected an accuracy of about 50% from the
collaborative ﬁltering recommender systems (UBCF). Our UBCF recommender
system did not meet the expectations of the participants with an accuracy of
only 33%. In contrast, the SVD recommender system exceeded expectations with
57%. The overall evaluation the recommender system shows that the perceived
quality of a recommender system is correlated with the individual ratings of the
recommended items.
If the participants experience the recommended items as relevant and novel,
they rated the quality of the recommendations as higher and also rated these
articles better. This shows that a framework like ours can help to investigate
diﬀerences and relationships in algorithmic and other user-centric evaluations in
online studies.
In our study, the participants had to rate each article individually, which
takes a lot of time. In a next study, we want to compile the article recommendations of diﬀerent recommender systems into a single generated news page after
the system has been re-trained. Thus, we could compare a larger number of
recommender systems. However, the simultaneous evaluation of several recommendations could also lead to problems in the comparability of the results. As
news articles on news pages are often implicitly consumed, users judgments on
whole pages would be inﬂuenced by many factors. Making isolation of factors
harder to achieve.
In the future, the framework could be tested in other test scenarios, for example with recommender systems that recommend other products. Here, it must
be considered that other types of items have diﬀerent “shelf-lives” than News,
therefore a drift in user preferences would have to be accounted for diﬀerently.

6

Conclusion and Outlook

In this study, we analyzed recommender systems not separately according to
statistical measures, such as accuracy, or according to user-centric criteria, but to
carry out both types of evaluation combined. Most interestingly, users evaluate
recommendations diﬀerently than accuracy metrics, revealing the importance
of studying recommender systems from a users perspective. Better accuracy
does imply better user evaluation, but not solely so. Users are particularly bad
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at predicting the performance of algorithmic recommendations, stressing the
importance of features like explanations and visualizations of recommendations.
A balance between accuracy and user-centric criteria is nevertheless important. Our framework allows to better explore this balance and provides a starting
point for further research.
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