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Abstract
Recommender systems are typically evaluated on their ability to provide items that satisfy
the needs and interests of the end user. However, in many real world applications, users
are not the only stakeholders involved. There may be a variety of individuals or organizations that benefit in different ways from the delivery of recommendations. In this paper,
we re-define the recommender system as a multistakeholder environment in which different
stakeholders are served by delivering recommendations, and we suggest a utility-based approach to evaluating recommendations in such an environment. Our evaluation is capable of
distinguishing among the distributions of utility delivered to different stakeholders, and our
experiments show that standard algorithms differ in the utility distributions experienced by
different classes of stakeholders. Furthermore, we show that using a simple enhancement to
baseline algorithms, we can achieve higher utilities for some stakeholders while keeping other
stakeholders’ utility losses negligible.
1

Introduction

One of the key characteristics of recommender systems is an emphasis on personalization.
Recommender systems are evaluated on their ability to provide items that satisfy the needs
and interests of the end user, often extrapolated from known ratings or other indicators of
interest. Researchers have also examined a variety of metrics (such as accuracy, diversity,
novelty and so on) that can be used to measure aspects of the suitability of recommendation
results to the target user. However, the end user as the receiver of recommendations is, for
the most part, the only consideration for a successful algorithm.
Such focus is entirely appropriate. Users would not make use of recommender systems if
they believed such systems were not providing items that matched their interests. Still, it
is also clear that, in many recommendation domains, the user for whom recommendations
are generated is not the only stakeholder in the recommendation outcome. A number of
pertinent examples can be given. Reciprocal recommendation is the term applied to a
situation in which a recommendation must be acceptable to both parties in a transaction.
For example, in on-line dating, both parties must be interested in order for a match to be
successful [14]. Other reciprocal recommendation domains including job seeking, peer-topeer “sharing economy” recommendation (such as AirBnB, Uber and others), and on-line
advertising [8].
It is also important to note that in many e-commerce retail settings, recommendation is
viewed as a form of marketing and, as such, the economic considerations of the retailer will
also enter into the recommendation function. When recommender systems are evaluated

“in the wild”, metrics such as engagement, shopping cart size, or other variables more indicative of customer lifetime value are more likely to be used than traditional metrics from
recommender systems research. A business may wish to highlight products that are more
profitable or that are currently on sale, for example. Commercial recommender systems often
use separate “business rules” functionality to integrate such items into the personalized recommendations generated through conventional means. Adding the retailer as a stakeholder
allows such considerations to be factored into the recommendation process.
We believe that, far from being special “edge cases”, these examples illustrate a more
general point about recommendation, namely, that recommender systems serve multiple
goals and that a purely user-centered approach does not allow all such goals to enter into the
design and evaluation of recommendation algorithms where appropriate. We believe that
the scope of recommender system design and evaluation should be broadened to include the
perspectives and utilities of multiple stakeholders.
In microeconomics, a similar shift occurred in the early part of the 21st century with the
development of the theory of multisided platforms [16, 6]. Prior to that time, the traditional
business model focused on a firm’s ability to produce products and deliver them to customers
at a price that could ensure profitability. This model was inadequate to explain Internet
businesses such as search engines, that were giving their products away. Once multisided
platform theory was developed, it enabled economists to look back at types of businesses
that had existed for many years, such as credit card companies, shopping malls and stock
exchanges, and recognize them as examples of multisided platforms as well [5].
The key property of a multisided platform is that it exists to reduce market frictions that
may prevent parties from exchanging with each other if left unsupported. A shopping mall,
for example, concentrates both retailers and shoppers so that shoppers only have to go to
one destination and retailers can benefit from the foot traffic of their neighbors. Today’s
web economy hosts a profusion of multisided platforms, including such diverse examples
as the advertising features of Google’s search engine, which brings together searchers and
advertisers; OKCupid, which brings together singles looking for dates; Etsy, which brings
together shoppers and small-scale artisans; and Kiva.org, which brings together charitablyminded individuals with third-world entrepreneurs in need of capital.
Our contribution in this paper is to explore how recommendation utility can be defined and
evaluated for multiple stakeholders. For this purpose, we consider a simplified e-commerce
scenario and demonstrate the associated utility calculations. We formulate an algorithm designed to alter the utility distribution among stakeholders and demonstrate its effectiveness.
2

Recommendation scenario

We account for multiple stakeholders by performing explicit, if rough, estimation of the
utilities of each party involved in a recommendation transaction. We are not proposing
the extraction of personalized utility functions, although this may be worth exploring in
future work, but rather simple uniform utility functions for each class of stakeholder: users,
suppliers, and the system owner or retailer.
Our experiments below make use of data from the well-known MovieLens 1M dataset [7].
We assume a simplified scenario that differs from the actual MovieLens recommendation
context. We treat the recommender as if it were embedded in a pay-per-view video-on-

demand site. In this scenario, users are delivered recommendations for movies and can select
a movie to watch, paying a fee to do so. The fee paid by the user is split between the studio
distributing the movie and the system owner. We will assume for simplicity that all movies
are the same price and that the split of revenue is the same for all movies and all distributors.
We also assume that such contracts are exclusive – a studio will release all of its movies on
a particular site and may, if desired, move them to a competing site.
For example, suppose that a user, v, sits down on her couch to look for a show to watch.
On her streaming service S, she is recommended movies i1 , i2 , and i3 that are distributed
respectively by studios d1 , d2 , and d2 : there are two movies from d2 . She chooses to watch
movie i2 and authorizes a payment from her account. From v’s point of view, this is a
transaction between her and S, but a second transaction is triggered because S pays a
per-stream fee to d2 whenever one of its movies is shown.
In this admittedly-artificial scenario, it is clear that there are three classes of stakeholders,
two of which are groups. Users are obviously seeking good recommendations that bring movies of interest to their attention. When they find such movies, they will reward the system
by paying to watch. Studios are a second class of stakeholders. Their movies are more likely
to be viewed if they are recommended, and an increasing rate of viewing means increased
income.
The third class of stakeholder is singular: the system owner. The owner profits directly
when movies are watched. However, the owner is also concerned with the long-term health
of the business. Studios can take their movies elsewhere and users can subscribe to other
services that offer similar viewing experiences. These considerations should be part of the
owner’s utility function.
A rational system owner seeks to maximize its own utility. However, it may be important
to understand how all stakeholders fare under different algorithmic choices. As we will
demonstrate in our experiments below, utility distributions for users and studios can be
quite different and may be impacted differently by algorithmic changes.
2.1

Defining utility

Off-line evaluation methodology requires that our recommender system be trained on a
set of training data and evaluated based on testing data, where both the training and testing
data consist of triples associating a user with an item and a corresponding rating. Therefore,
we must define the utility of generated recommendations relative to this test data.
The central unit of evaluation in our scenario is the recommendation list. As in our example
user above, interaction with the recommender consists of the delivery of recommendation
lists. The user obtains utility from such lists in the form of desirable viewing suggestions.
For our purposes, we assume that the utility of an item is only a function of its inclusion in
the list, not its rank. To make the user utility function personalized, we assume that there
is utility for the user when the system recommends items that the user has rated highly.
Studios also obtain utility from each recommendation list. We also assume that studios
obtain a fixed utility when their items are recommended, roughly corresponding to the
increased probability that a user will select an item from the recommendation list as opposed
to seeking it out some other way.
For our purposes, each user v in the test data corresponds to one “visit” to the video

streaming site. The number of such visits in the test data is the value N . At each visit,
the system generates a recommendation list L of fixed size k. The user obtains utility uv (i)
for each item i: it will be 1 if an item is one that he or she has rated greater than 3
(on a scale from 1 to 5) in the test data. Otherwise, the utility is zero. The total utility
of the list is simply the sum of these individual values. We do not intend to compare
utilities across different stakeholders, so we can associate an arbitrary fixed value with a
recommendation “hit” without loss of generality. Total user utility divided by N k is the
same as the conventional definition of precision@k, so in this sense, aggregate user utility is
a familiar metric for recommender system evaluation.
The same recommendation lists also provide utility to the suppliers of the video material.
Each supplier d owns a set of items and gains utility ud from the presence of a liked item i
in the recommendation list if they are its distributor. Each supplier receives utility from a
recommendation list if an owned video appears in it.
We represent user and supplier utility by two vectors: UV and UD :
UV = huv1 , uv2 , ..., v|V | i
UD = hud1 , ud2 , ..., u|D| i

(1)

Users that did not appear in the test data or that were not recommended acceptable items
will have zero utility; studios whose movies were never recommended to appropriate users
will also have zero utility. In our evaluation, we examine both the total utility and the
distribution of utilities.
One could argue that, in a marketing sense, every presentation of an item to the user
gains utility for its owner and therefore the user rating of the recommendation is not relevant. However, if utility is calculated in this way, it becomes completely decoupled from
user preferences. Because of the sparsity of the rating data, recommendation lists consist
mostly of unrated items. It would relatively easy to build a recommendation algorithm that
swapped some of these items for random movies from under-performing studios and thus
increase studio utility without having a big impact on user utility as we measure it. But a
recommendation algorithm that worked in this way would not be perceived as beneficial to
users. Therefore, we reward algorithms not for every item included but only those for which
we have user ratings.
System utility is proportional to the total studio utility, since the system takes a cut of the
video streaming revenue. However, we also wish to represent the system owner’s long-term
interest in preserving its user base and set of video suppliers. To represent these concerns,
we compute two quantities. The first is the fraction of users who received some utility from
their recommendation lists:
qV =

|{v : uv > 0}|
|V |

(2)

The second is the fraction of studios receiving some utility:
qD =

|{d : ud > 0}|
|D|

Finally, the system utility is computed as

(3)

US = qv qd

X

ud

(4)

ud ∈UD

In other words, we discount the system utility by two factors representing the coverage of
users and the coverage of studios. The logic behind this formulation comes from the theory of
multisided platforms. The goal of a multisided platform is to maintain communities of buyers
and sellers who find the platform useful. If the platform begins to lose buyers or sellers, it
can enter a “death spiral” where lower participation by one side triggers less participation
by the other side, which lowers its utility and sparks further defections.
Therefore, if good recommendations are delivered only to a small set of users, the system
is less useful for other users. Users who dislike the system’s recommendations (indicated
by zero utility) may migrate to other systems. So, the utility gained over a particular
period is discounted by the fraction of users that did not get a satisfactory recommendation
list. Similarly, providing recommendations that promote only a small subset of studios may
threaten the supplier base. Studios whose movies are not recommended will receive fewer
views and may leave to other platforms. So, again we discount, in this case, by the fraction
of possible studios gaining utility.
Our formulations of utility above are highly simplified and based on many assumptions
about our streaming scenario. In specific applications scenarios, system owners may have
much more precise knowledge of the benefits of recommendation and the utility delivered
to different stakeholders. In general, the formulation of utility functions is highly-domain
dependent and in most cases, dependent also on simplifying assumptions. The aim of this
paper is not to present the “right” set of utility calculations for this scenario, but rather to
demonstrate that reasonably-formulated utilities can be instructive of the trade-offs between
algorithms in ways that conventional metrics might not reveal.
3

CovEn Algorithm

Collaborative recommendation algorithms are designed to optimize solely for users as stakeholders. We would not necessarily expect that such algorithms would maximize system owner
utility. For example, the popularity bias in collaborative recommendation is well-known [2,
13]. A recommender with a strong popularity bias might concentrate recommendations on
just a few suppliers, resulting in a small qD fraction and low utility for the system owner.
One way to think of this problem is as a combinatorial joint optimization of all utilities.
In theory, there exists some set of recommendation results that optimizes the outcomes of
all stakeholders. However, such an algorithm is not practical in a live system. A live system
is in the position of compensating at the present time for biases that occurred in prior
recommendations. The system does not have the luxury of going back in time to change
what recommendation lists were delivered to users in the past. What is called for in a live
recommendation setting is an on-line algorithm that tries to achieve balance across suppliers
over time [1].
In order to show that our multistakeholder evaluation would give us different insights
for different algorithms than standard methods, we propose here a coverage-enhancement
algorithm, CovEn, that attempts to counter popularity bias at the supplier level. It is a
filtering mechanism applied to the recommendation lists returned by the recommender sys-

tem. Note that our goal here is not to create the best algorithm for increasing coverage, but
to demonstrate the value of utility-oriented evaluation and to show how simple algorithmic
manipulations may impact the utilities of multiple stakeholder.
To achieve this enhancement of the coverage of the studios, we create a hash map h, keyed
by the studio names, counting the number of times a studio’s movies have been recommended.
After each time period, we update this map so that a running total is maintained in each
entry h(d).
When generating recommendation lists for each user, we use the historical coverage information stored in h as follows. First, we generate a recommendation list of length K, where
K is larger than k, the desired result set size. (In the experiments below, it is 4k. So, k is 10
and K is 40.) We expect that this list will be more diverse respect to item popularity than a
shorter list. From this list, we remove all items with predicted rating less than or equal to 3.
Then, we divide the recommendations into two lists, seen and unseen: the seen list consists
of the items from studios where h(d) > 0, and the unseen list has the items from studios
where h(d) = 0. The popularity bias present in prior recommendations will be reflected in
the contents of the seen list, so we fill the recommendation list with items from the unseen
list first. If there are fewer than k items on the unseen list, then the top items from the seen
list are added up to size k. Thus, the algorithm compensates for popularity bias while at
the same time including items likely to preferred by the user.
4

Experiments

Our experiments were conducted with three main aims: (1) to apply the multistakeholder
approach in our scenario and discover how this approach enhances our understanding of
the properties of different algorithms, (2) to demonstrate the application of utility-oriented
evaluation metrics across multiple stakeholders, and (3) to see if the simple coverage-oriented
algorithm described above can enhance system utility, ideally without significantly harming
the other stakeholders.
As an on-line algorithm, CovEn has to be evaluated over time to see how well it is able
to compensate for recommendation biases. We therefore adopt a naturalistic time-aware
evaluation methodology: as described in [4], community-centered base set, time-dependent
rating order, time-based size. The data is divided into time-based epochs, and utility is
evaluated on the current epoch, using prior epochs as training data. Thus, CovEn can
compensate in one epoch for biases in recommendations given in prior ones.
4.1

Methodology

The Movielens 1M rating dataset contains 1,000,209 ratings of approximately 3,900 movies
made by 6,040 MovieLens users who joined MovieLens in 2000 [7]. We trimmed all ratings
after December 31, 2000, because the frequency of ratings drops off significantly at this point.
We split the remaining data into 50 epochs of approximately 11,000 ratings each. We then
removed users that had only ratings in one epoch, as predictions for these users cannot be
generated in our training / test paradigm. This resulted in epochs that vary in rating count
between about 6,000 and 11,000. User counts across the epochs were fairly similar ranging

from 1653 to 1873. The retained data is approximately 32% of the original dataset.1 The
result of this processing was 49 chronological training / test splits, each containing one epoch
of test data and a variable number of training epochs.
We gathered the name of the studio releasing each movie from IMDb. In the case of
multiple studios being listed, we chose the movie’s distributor, which is listed first.
We use Apache Mahout as our recommender system implementation, modified by the
inclusion of our CovEn algorithm. For our experiments, we used three baseline recommendation algorithms: user-based KNN, item-based KNN, and SVD. We also augmented each
of these with the CovEn algorithm described above.
In each epoch, we record the utility values for all users and all studios. Because the
epochs are so short (averaging about a week), it does not make sense to consider the user
and studio coverage (and hence the system utility) in each epoch separately. We report
instead cumulative system utility at each period.
4.2

Results

As we have indicated, the utility values represent an arbitrary scoring scheme. They
represent the interests of the stakeholders in a proportional way, but we make no attempt
to relate these abstract utilities to any real-world valuation. The scales are consistent only
for each type of stakeholder and therefore cannot be compared with each other.
Figure 1 shows the utility for users and the studios in each epoch over the evaluation
period. Note that we use a square-root transformation on the y-axis to be able to visualize
results from both the SVD algorithm and the much lower-scoring memory-based alternatives.
The two figures are quite similar, as might be expected given the similarity in the formulation of the utility measures. Every “hit” for a user is also a hit for the corresponding
studio. A studio will also get a hit if a movie is recommended and it is in the test set for that
user, but the user’s rating is low. The MovieLens data set has a well-known skew towards
higher ratings, and the algorithms are designed to avoid recommending disliked items, so
these items are relatively rare in the result lists.
The SVD algorithm is the strong winner throughout. One of the key characteristics
of the MovieLens data is the relatively short temporal span of rating profiles: very few
profiles are found in more than 2 or 3 epochs. Also, the full size of the training set is not
achieved until late in the evaluation process. Thus, temporal evaluation presents a classic
cold-start recommendation problem and model-based methods such as SVD have well-known
advantages in such cases.
The biggest influence on the shape of these curves is the number of ratings found in each
epoch, which can vary by a factor of two. If there are fewer ratings, there will be very small
number of possible target items that the system is trying to retrieve. “Difficult” periods can
be clearly seen, for example around Epoch 30, where all the algorithms have trouble making
good recommendations.
Only very small differences in user and studio utility can be seen between the standard
and coverage-enhancement versions of each algorithm. This is not true when we look at the
1

About half of the MovieLens 1M dataset consists of profiles where all ratings were entered on
the same day. These one-shot users greatly reduce the amount of data that can be effectively used
for temporal evaluation of this type.
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Figure 1: Per-epoch utility: (a) user (b) studio
system utility shown in Figure 2, again with a square root transformation on the y axis.
(Note: ignore the difference in scale, which, as stated above, is arbitrary and not intended
for comparison among the different types of stakeholders.) Particularly in the SVD case,
the system utility shows strong gains for the CovEn variants against a high utility baseline.
This should not be surprising since the CovEn algorithm was designed specifically to improve
system utility.
Table 1 summarizes these utility values. Note that the coverage-enhancement algorithm
actually has a positive effect on cumulative utility for all cases, except in the case for users
in the user-based algorithm. The item-based algorithm has particularly low utility for all
stakeholders, which is somewhat surprising since it has shown greater accuracy than userbased recommendation on the same data in other experiments. We believe this is because the
cold-start nature of the temporal evaluation task makes it difficult to put together effective
item neighborhoods. We are still exploring the cause of this discrepancy.
A sum over a utility distribution hides possible shifts in the individual values. When
there is a gain, it is hard to tell if this is due to a few individuals profiting greatly or a
general improvement. Figure 3 (best viewed in color) shows the distribution of utility across
all users and all studios. Note that we are using log-log scales here due to the extremely
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Col1

Col2

Col3

Col4

Col5

Stakeholder
User

Algorithm
UB
IB
SVD
UB
IB
SVD
UB
IB
SVD

Standard
632
242
3571
671
314
3668
2.02
0.142
10.2

CovEn
612
254
3626
660
322
3725
2.16
0.24
14.2

Gain (Loss)
(3.2%)
5%
1.5%
1.6%
2.5%
1.5%
6.4%
72.6%
39.2%

Studio

System

Table 1: Cumulative utility gain (loss) for CovEn algorithm
skewed distributions of utility in these results. The deficiencies of the CovEn variant of the
user-based algorithm are clear here, but otherwise the distributions with CovEn are quite
similar to the standard baseline. The curves for SVD shows that the coverage-enhancement
variant increases very slightly the number of high utility individuals.
The utility distribution for studios shows an interesting contrast to the users. The popularity bias of SVD is quite evident, with its long tail (high utility for a small number of
dominant studios) and its relatively smaller number of mid-range values. This is quite the
opposite of what happens with the user distribution. The CovEn variant lifts the distribution slightly across the middle range of utilities, but it remains below the user-based and
item-based algorithms.
5

Related work

This research is part of a on-going effort to expand the considerations involved in recommender system evaluation beyond measurements of accuracy. There is a large body of recent
work in recommender systems on incorporating diversity, novelty and other metrics into rec-
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Figure 3: Utility distributions (log-log-scale) for (a) users and (b) studios
ommendation generation and evaluation. See, for example, [18, 22, 19]. Although we do not
do so here, our model provides a framework in which such considerations can be explicitly
represented as utilities and accounted for in evaluation.
Similarly, multiple utilities may be in play when users’ short-term preferences and their
long-term well-being may have different associated utility functions. For example, lifestyle
recommenders have been developed to encourage users to engage in healthful activities [11,
15]. In such systems, it is important not to recommend items that are too distant from the
user’s preferences – even if they would maximize health. The goal to be persuasive requires
that the user’s immediate context and preferences be honored. Although these lifestyle
recommenders, to date, have not taken a utility-oriented approach, they can be understood
in these terms.
The concept of multiple stakeholders in recommender systems is suggested in a number
of prior research works. As discussed above, researchers on reciprocal recommendation have
looked at bi-lateral considerations to ensure that a recommendation is acceptable to both
parties in the transaction [20]. Similar ideas have appeared in work on group recommender
systems where the goal is to find recommendation(s) that can maximize the utility of all
users in the group [12].

A more explicit utility-theoretic approach is taken by [17] in which a user’s job seeking
propensity is combined with their fit for a job description in ranking recruitment candidates
in LinkedIn. This paper found that the combined utility yielded higher engagement rates
than similarity alone.
There is a substantial literature in real-time targeted advertising in which advertisers’
expected revenue and / or available budget are incorporated into the decision to deliver
personalized advertising to a user. See [21] for an example. The BALANCE algorithm is
designed to achieve balanced budget draw-down in an online advertising setting [10], and
served as an inspiration for the CovEn algorithm.
In these advertising settings, the amount of information about each user is generally quite
limited and privacy considerations limit how much of it can be shared with advertisers. In
addition, the real-time nature of the application and the huge potential user base makes userlevel personalization computationally impractical. As a result, ad display is personalized only
to a very coarse degree (age and geographic region, for example), if at all.
Finally, Jannach and Adomavicius in their recent work claim that the existing evaluation
metrics for recommender systems do not sufficiently measure the quality of recommendations
[9]. They proposed some additional evaluation factors such as user engagement, product
awareness, etc. as more practical ways for evaluating recommender systems. However, they
did not discuss how those metrics should be calculated and they did not conduct experiments.
Our approach is novel in that we explicitly represent the different stakeholders in the
recommendation process and formalize their utilities. As discussed in [3], our approach
is sufficiently general that a wide variety of recommendation scenarios can be represented
including reciprocal recommendation, budget management, and others.
6

Conclusion

There is increasing dissatisfaction with one-dimensional, accuracy-oriented evaluation of recommender systems. In addition, real-world recommendation applications frequently require
sensitivity to business needs and context. A utility-oriented approach allows us to represent
such concerns explicitly and make clear our modeling assumptions about the relative benefits
of different aspects of recommendation outcomes. A multistakeholder approach highlights
the multiple actors involved in a given recommender system configuration and allows the
concerns of each to be represented and accounted for in evaluation and design.
In this preliminary study, we found that it was possible to formulate a standard recommendation problem as a multistakeholder environment, and to quantify in a rough manner
the concerns of the different players. Our experiments, especially the utility distribution
results, show very clearly the tension between buyers and sellers relative to the problem of
popularity bias. There is almost an exact correlation across algorithms between user utility
and the degree of skew in the seller distribution. Our experiments also show that a simple
algorithmic change can have a clear benefit to system utility, as we have defined it, with few,
if any, negative impacts for other stakeholders.
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