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ABSTRACT

1

Traditional recommender systems suggest items by learning from
user preferences, but ignore other stakeholders in the whole system. Actually, not only the receiver of the recommendations, but
also other stakeholders may come into play, such as the producers
of items or those of the system owners. Reciprocal recommender
system in dating or job recommendations is one of these examples.
However, we may have to simulate the utilities for each type of the
stakeholder due to the utility definitions. In this paper, we perform
exploratory analysis on a speed-dating data, where the user expectations are clearly defined. We try to build a multi-dimensional
utility framework by utilizing multi-criteria ratings. We further
analyze the relationship between the utilities and recommendation
performance, and achieve a tradeoff as the optimal solution. Even
more, the proposed approach is able to outperform the exiting reciprocal recommendation algorithms in precision, recall and overall
utilities. Finally, we derive a promising way to define and optimize
utilities to be generalized in other applications or domains.

Recommender systems is a well-known solution to assist decision
making by suggesting items to the users. A traditional recommender
system may produce a list of recommendations to match the user
preferences in the history. For example, a learning-based recommendation algorithms may be developed to minimize the prediction
errors or maximize the ranking of the top-N recommendations.
These optimizations only takes the utility of the end users (i.e.,
users’ explicit or implicit feedbacks) into account.
However, the receiver of the recommendations may not be the
only stakeholder in the system, and other stakeholders may come
into play. There are several examples:

CCS CONCEPTS
• Information systems → Recommender systems;

KEYWORDS
recommender systems; reciprocal recommendation; multi-stakeholder;
utility; optimization; multi-criteria
ACM Reference Format:
Yong Zheng, Tanaya Dave, Neha Mishra, and Harshit Kumar. 2018. Fairness In Reciprocal Recommendations: A Speed-Dating Study. In UMAP’18
Adjunct: 26th Conference on User Modeling, Adaptation and Personalization
Adjunct, July 8–11, 2018, Singapore, Singapore. ACM, New York, NY, USA,
6 pages. https://doi.org/10.1145/3213586.3226207

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
UMAP’18 Adjunct, July 8–11, 2018, Singapore, Singapore
© 2018 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-5784-5/18/07. . . $15.00
https://doi.org/10.1145/3213586.3226207

INTRODUCTION

• In the dating application [17], a young man may prefer a
recommended woman who also wants to date with him,
rather than only the pool of ladies that the young man likes.
• The similar thing may happen in the job seeking or recruitment case. We may need to recommend some job positions
to a user while the corresponding employees may be willing
to hire him or her.
• In the advertising area [18], not only the user preferences
(e.g., interests on Ads, privacy concerns) but also the interests
of the advertisers should be considered. For example, the
advertiser would like to present the car advertisement to the
appropriate customers, rather than any groups of the viewers
who like cars. Teenagers may like cars too but they may not
have the capability to make purchases, which decreases the
utility of the advertisers in this example.
• The case of multi-stakeholders may also happen in the educational learning area, e.g., a successful recommendation of the
projects may need to consider both the student preferences
and the instructor expectations or requirements [28].
In this paper, we particularly focus on the reciprocal recommendations [16, 17, 20]. Reciprocal recommender systems have been applied in multiple domains, such as dating [16], recruitment [19, 22]
and social connections [10]. However, most of the work may have to
simulate the stakeholder values due to the difficulty of utility definitions or collections. For example, in the dating applications [16, 20],
the peer utility may come from the match in terms of user demographic information, the number of dates, the frequency of communications, etc. In this paper, we perform exploratory analysis
on a speed-dating data, where the user expectations and dating

evaluations are clearly defined. We try to build a multi-dimensional
utility framework by utilizing multi-criteria ratings, and demonstrate that we are able to obtain a successful tradeoff between the
utility optimizations and the recommendation performance.

2

RELATED WORK

In this section, we introduce the related work in fairness and the
multi-stakeholder recommender systems. And we particularly discuss the research on the reciprocal recommender systems, especially
the dating applications.
The importance of “fairness" has been raised recently. Algorithmic fairness [6, 8, 23] could be defined as a type of constrained
optimization which is designed to improve both the efficiency and
equity of decisions. It is necessary because our machine learning
algorithms with the standard utility-maximization objectives (e.g,
maximizing prediction accuracy or minimizing prediction errors)
sometimes resulted in algorithms that behaved in a way in which a
human observer will deem unfair, often especially towards a certain minority, such as the cases with respect to user gender, race,
disabilities, and so forth.
Burke [2] extended this concept to the area of recommender
systems. Basically, there could be two ways to incorporate fairness
into recommender systems. One is a similar way as the original
definition of algorithmic fairness, where we try to balance the equity
in the algorithm components with respect to minority groups which
may be defined by specific attributes, such as user gender or race.
For example, by taking gender and race into consideration, Burke,
et al. [3] proposed a way to balance the neighborhood selection in
the recommendation algorithms. Another idea is recommending
items by considering multi-stakeholders roles in the system.
The similar idea of “multi-stakeholder" has been discussed in the
reciprocal recommendations, but the stakeholders are not limited
to the “bilateral" interactions. For example, in a movie applications,
the potential stakeholders involved in the process could be the receiver of movie recommendations, the producer of the movies, the
cinema which plays the movies, and even the movie director. The
major challenge in the multi-stakeholder recommender systems
is the utility definitions and optimizations. Unfortunately, there
are no unified ways to define the utility of stakeholders. We may
simulate the utilities based on the interactions between the items
and the stakeholders [4], or utilize the existing preference data,
such as multi-criteria ratings [25]. In this paper, we will show case
that how multi-criteria ratings can be helpful to define utilities.
From the perspective of utility optimizations, it is highly correlated
to the multi-objective learning [12] which is a popular solution to
deal with such optimizations. The existing methods either incorporate the fairness into the recommendation models to re-rank the
items [3], or directly setup a multi-objective learning process [15]
to obtain the optimal solution. The ultimate goal is to produce
a list of appropriate item recommendations which consider the
values of multiple stakeholders with no or reasonable loss in the
recommendation accuracy.
In this paper, we particularly focus on the reciprocal recommendations [16, 17, 20] in which the “two-sided" or the “bilateral"
interactions between the peers are considered. Take the dating applications [16, 20] example, the recommended females to a male

user cannot simply be the suggestions who match the male user’s
preferences. A successful dating recommendation may have to also
consider whether the females’ opinions. Therefore, the values of
the peers (i.e., the two stakeholders) should be fair enough in the
recommendation process. The corresponding utilities are usually
derived from simulations. For example, the RECON [16] approach
considers the match in user demographic information and the communications between the peers. Xia, et al. [20] additionally take the
dating interactions by the user neighborhood into considerations.
These information may indicate how a user likes others, but it may
not be a good representation as user utility.

3

DATA AND PROBLEM STATEMENT

In this section, we discuss the speed-dating data and introduce the
list of problems we would like to explore.

3.1

The Speed-Dating Data

The speed-dating data was collected and introduced by Fisman, et
al. [9]. It is also available on Kaggle.com1 . The data was gathered
from participants in experimental speed dating events from the
year of 2002 to 2004. During the events, the attendees would have a
four minute “first date" with every other participant of the opposite
gender. At the end of their four minutes, participants were asked if
they would like to see their date again. They were also asked to rate
their date on six attributes: attractiveness, sincerity, intelligence,
fun, ambition, and shared interests.
The data contains rich information. We list the useful information that we may need in our work as follows:
• Demographic Information: Each subject was requested
to fill in a questionnaire in which they need to provide a list
of demographic information, such as age, gender, country,
field of studies, degree, race, income level, and so forth.
• Dating Goals or Expectations: In the questionnaire, each
subject defined their dating goals or expectations in advance.
These information were stored in either textual options (e.g.,
the primary goal of looking for a partner, etc) or multicriteria ratings. For simplicity, we utilize the multi-criteria
ratings only. More specifically, the subjects need to describe
their expectations in six criteria: attractiveness, sincerity,
intelligence, fun, ambition and shared interests. The summation of the ratings should be 100 in total.
• Dating Experience: Each subject will represent their dating
experience in multiple ways. First of all, each subject will
leave the ratings on the same six criteria mentioned above
to indicate how the partner meets their expectations. In
addition, each subject also gave an overall rating (in scale 1
to 10) to the partner. Finally, each subject needs to present
the willing which tells whether they want to have a further
date with the same partner in the future or not. The binary
variable, “match", indicates whether both of them would like
to keep the relationship or continue the dating in the future.
There are 392 subjects in total. The number of dates by each
subject is at least 9 and at most 21. The whole data contains 8,378
records which describe the information for each date. Note that
1 https://www.kaggle.com/annavictoria/speed-dating-experiment

a date between user a and user b will be described by two rows
or records in the data. Only 16.5% of the records present matched
dating experience.

3.2

Problem Statement

Take suggesting user b to user a for example, we define user a as
the target user, while b will be the recommended partner. Our major
task is to recommend a list of appropriate partner users to a target
user. Particularly, the appropriateness is defined by the matched
dating experience which can be indicated by the binary variable
“match". However, there are also other variables related to the dating
experience, which leaves a challenge to define the utilities of each
stakeholder. In this paper, we specifically focus on the following
research problems:
• how the multi-criteria ratings can be utilized to define the
utility framework.
• whether the proposed multi-stakeholder approach can outperform the single-stakeholder approaches.
• whether the proposed multi-stakeholder approach can outperform the existing reciprocal recommendation methods.
• whether the utility optimizations may hurt the recommendation performance.
• how to find the trade-off between utilities and recommendation accuracies.

4

MULTI-STAKEHOLDER APPROACHES

As mentioned previously, one of the major challenges in the multistakeholder recommender systems is the utility definition. In this
speed-dating example, we have different kinds of the user preferences on the dating experience, such as the overall rating and
multi-criteria ratings on their partner, as well as the match result.
Our goal is to recommend partners that the two users would like
to have further dates, i.e., the match value will be one.
Simply, we believe the multi-criteria ratings on the six criteria
(i.e., attractiveness, sincerity, intelligence, fun, Ambition and shared
interests) can be used to represent user satisfactions. More specifically, assume the target user a is going to date with user b. User a’s
expectations can be represented by such a rating vector based on
−
→
the multi-criteria ratings, Ea . And the dating experience can also be
−−−→
described by a similar rating vector, R a,b . The utility for the target
user a to date with user b can be indicated by the similarity based
on these two rating vectors as depicted by Equation 1. Accordingly,
the utility for the partner b to date with a can be described by Equa−−−→
−−−→
tion 2. Note that R a,b and Rb,a denote the rating vectors based on
the multi-criteria given by a to b, and b to a respectively.
−
→ −−−→
U tility(a) = similarity(Ea , R a,b )

(1)

−
→ −−−→
U tility(b) = similarity(Eb , Rb,a )

(2)

The similarity between two vectors can be calculated by the
popular similarity or distance measures, such as cosine similarity,
Pearson correlation or Euclidean distance. We tried these three
measures and found that Pearson correlation can help us obtain
the best results. We will report the results based on the Pearson
correlation in the following sections.

By taking multi-stakeholders into consideration, we expect our
approach can optimize the utilities for both user a and b. It enables them to date together after the four-minute speed dating,
which results in a 1 value in the variable “match". The process can
be viewed as a multi-objective learning. There are usually three
methods [21] to address these multi-objective learning problems:
1). trade-off weight method which transforms the multi-objective
problem to a single-objective one by assigning a set of trade-off
weights; 2). constraint-based method which optimizes the most
important objective and utilize other objectives as constraints by
setting different thresholds; 3). learning based optimizations which
use specific optimizations (such as evolution or genetic algorithms)
to find the optimal solutions.
In this paper, we would like to examine how the recommendation
performance (such as precision, recall) change by different utilities
scores. We prefer to employ the trade-off weight method. More
specifically, we calculate a utility score for the dating experience
between user a and b, as described by Equation 3:
Score(a ← b) = β × U tility(a) + (1 − β) × U tility(b)

(3)

The utility score will be produced for each candidate. Equation 3
shows that the system estimates the utility score if it is going to
recommend b to the user a. We assign a weight β (0 < β < 1) to
the utility from the perspective of user a, and leave weight 1-β to
the utility from the perspective of user b. We are able to learn the
best option for β by a learning-based optimization. In this paper,
we simply try an exhaustive search to vary the value of β, in order
to track how the recommendation performance change if we assign
different weights to the utility components.
The workflow of our approach can be described as follows:
• To recommend a list of partners to user a, we figure out a
list of candidates in the opposite gender. Assume user b is
one of the candidates. To obtain the utility score in Equa−
→
−
→
tion 3, we extract the expectation rating vector Ea and Eb
from the knowledge base. Furthermore, we need to predict
multi-criteria ratings to estimate how a will rate b and how
b will rate a in the six criteria. We apply the biased matrix
factorization [13] to each rating matrix based on the ratings
from each criterion. The rating on each criterion is predicted
individually and independently. Criteria chains [24] is one
multi-criteria prediction method which considers correlations among multiple criteria, and we will explore it in our
future work.
• We rank the candidates by the utility score defined in Equation 3 to obtain the top-N recommendations. These recommendations will be evaluated based on the “match" information in the test set. Namely, only the candidates who like each
other with the target user will be considered as appropriate
recommendations.
• We vary the value of β from 0 to 1 with 0.1 increment in each
step to define different scoring functions, and track how the
recommendation performance change accordingly.
Note that, we also have user a’s overall rating on the user b. We
can add this rating as additional dimension in the multi-criteria
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Figure 1: Experimental Results
rating vector. We ignore this operation in this work and we may
explore how to better utilize this overall rating in the future.

5 EXPERIMENTAL ANALYSIS
5.1 Baseline Approaches
We design three baseline approaches in our work:
• The model Match is the biased matrix factorization model
by using the “match" variable as user preferences, where
we only consider user, item and match results to build the
recommendation model.
• The model Like is another biased matrix factorization model
while we utilize the overall rating as user preferences.
• The model RECON [16] is one reciprocal recommendation
algorithm for online dating. It utilizes the user demographic
information and communication history. We use user age,
gender, race and dating purpose (i.e., a fun, a date, a serious relationship or just to meet new people) to build user
attributes. The user preferences were build based on the
existing dating experience in the training set, such as how
many males or females a user dated, how many partners in
different age groups, the distribution of races and different
dating purposes, etc. Unlike the dating application in [16],
users cannot send messages to others. Alternatively, we simply use a true or false value to indicated whether a user has
dated with another one in the training set.
Note that the Match and Like approaches just rank the items by
minimizing the sum of squared errors in the overall rating or the
“match" variable, without considering multi-stakeholder utilities.
The RECON method relies on a compatibility score which is similar

to multi-stakeholder utilities. But this compatibility score is calculated based on the user attributes and preferences. Our approach
particularly utilizes the multi-criteria rating vectors to represent
the user expectations and examinations on the dating experience.

5.2

Evaluation Protocols

We have three goals in our work: 1). optimize utility scores to
produce recommendations; 2). find the optimal β, and examine how
the recommendation performance change by different utility scores;
3). compare proposed method with baseline approaches to find the
optimal model. We use the 5-fold cross validation and evaluate the
models based on top-1 and top-5 recommendations. The values in
the variable “match" are considered as the ground truth in the test
set. We use precision and recall as the corresponding evaluation
metrics to measure the recommendation performance.

5.3

Results and Findings

Figure 1 presents our experimental results. The x-axis indicates
the values of β which is the weight in Equation 3. The figures
on the first row shown in Figure 1 present the results in utility
scores, precision and recall of top-1 recommendations, while the
2nd row shows the outcomes for top-5 recommendations. We use
“MSRec" to represent the multi-stakeholder approach proposed in
this paper. Note that the three baseline models do not rank items
based on the utility score defined in Equation 3. Therefore, the
precision and recall associated with these three approaches do not
change by varying the values of β. For each recommended partner,
we calculate the utility score based on the Equation 3. The utility
score in the Figure 1 is the average utility score based on the top-N
recommendations.
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Figure 2: Individual Utility vs. Overall Utility

5.3.3 Solution by Optimizing Utilities. Figure 2 presents
the comparison between individual utilities and the overall utility
in the top-5 recommendations by using different β values shown as
the x-axis. Setting β as zero can help obtain the best overall utility,

0
0

Overall Utility Score

5.3.2 Solution by Optimizing Recommendations. By seeking the optimal solution based on the precision and recall results
only, we find out that 0.5 and 0.3 are the best β value for top-1 and
top-5 recommendations respectively. The corresponding precision
and recall can beat all the baseline approaches. Particularly, the best
setting in our proposed approach is able to significantly outperform
the RECON approach in both top-1 and top-5 recommendations in
terms of precision and recall. Note that the precision and recall values are relatively small in our experiment, due to that fact that only
16.5% of the records in the data have matched dating experience.
However, this optimal solution may decrease the utilities. Figure 1 shows that the overall utility score in the top-1 recommendation is almost the smallest one if we set β as 0.5. The situation in the
top-5 recommendations is better, but the overall utility is decreased
by 20% from the top if we set β as 0.3. We can also observe that the
precision and recall results are generally higher when the β value
is smaller. It infers that the “match" result may rely more on the
perspective of the parter instead of the target user.
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5.3.1 General Patterns. Assume that we may recommender
user b to date with the target user a, we only consider the utility
from the perspective of a if β is set as 1. Accordingly, we only focus
on the desire of user b, if we set β as zero. In terms of the precision
and recall results, we can observe that the top-N recommendation
performance may generally go down if the β value is larger than
0.5. Note that a matched dating experience may require the user
satisfaction from the perspective of both user a and b. It is also
confirmed from our results. The precision and recall results may
not be the best ones if we simply set β as zero or one in the top-5
recommendations.
The figures which plot the utility scores demonstrate that MSRec
is able to offer significant higher utility scores, no matter which
β values we choose. The RECON method relies on a compatibility
score which is calculated based on the user attributes and previous dating experience. The result in our work may infer that the
compatibility score in the RECON approach may not be significant
correlated with the utility score defined in our work.
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but the utility of the target user a is minimized. The individual
utilities for both user a and b could be balanced by setting β as 0.5
or 0.6, but the overall utility becomes the minimal one in this case.
Therefore, the best setting to optimize the utilities could be
more complicated. A trade-off value is required to balance the
overall utility and the individual utilities. One possible solution
is that we can setup a threshold of the minimal utility. Namely,
we may need to find the optimal solutions that enables a descent
overall utility score but also achieves the minimal utility for each
stakeholder. If this threshold is set as 0.3, it tells that the results
based on corresponding settings of β (0.3 ≤ β ≤ 0.8) are qualified.
Particularly, we can achieve the best overall utility score by setting
β as 0.3, though there is not big difference if we set β as 0.4 or 0.8.
5.3.4 Optimal Trade-Off Settings. Out ultimate goals is to
recommend partners while we consider the utility of the peers at the
cost of recommendation performance. Figure 3 presents the trend
of precision at top-5 recommendations associated with different
individual utilities. By setting β as 0.3, we can achieve the best
precision but the overall utility, and specially the utility of a are
decreased. 0.4 or 0.5 could be a better choice, where precision is
dropped by 12%.
Based on the results above, we can observe that not only the
balance between utilities and the recommendation accuracy, but
also the balance between overall utility and individual utilities
should be considered to find the optimal solution. Our suggestion
is that we need to set up the degree of tolerance for these elements,
including recommendation performance (e.g., precision, recall),
individual utilities and the overall utility. For example, the precision
or the utility cannot be hurt by a specific pre-defined percentage as
the constraints in the optimization process.

6

CONCLUSIONS, DISCUSSIONS AND
FUTURE WORK

In this paper, we conduct our initial work on the topic of multistakeholder recommender systems by using a speed-dating data as
the case study. Particularly, we define the utility as the similarity
between user expectation and examination on the dating experience.
And we propose to recommend the partners to the target user by
ranking a utility score which combines the preferences from the
perspective of the peers. Our experimental results reveal that our

approach is able to outperform the baseline approaches in both the
utility and recommendation optimizations. We also discover that
not only the balance between utilities and the recommendation
accuracy, but also the balance between overall utility and individual
utilities should be considered to find the optimal solution.
There are plenty of lessons learned from our work and there
could be potentially extensions we can product to generalize the
idea to other applications or domains. We discuss these promising
topics and future work in the following sections.

6.1

Dating Applications

We use a speed-dating case study in our work, but the general
dating applications could be more complicated in the real-world.
For example, there could be VIP users or the users with the paid
membership [11] in the dating applications. The priority of these
target users should be given, while we may optimize the utility
from the perspective of these VIP users to find the optimal solution.

6.2

Optimization Methods

As mentioned in Section 4, there could be three methods to address
the multi-objective learning problem. Our initial work in this paper
utilizes the exhaustive search to iterative the value of weights in
the utility function. To speed up the learning process and reduce
complexity of human efforts, we could employ other more efficient optimization approaches in the future, such as the genetic or
evolution algorithms [1, 7].

6.3

Conflicting Interests

The optimizations could be more complicated if there are conflicting
interests [5, 14]. Take an educational learning case [26–28] for
example, students may prefer to select an easy topic for their final
project in the class, but they may not be able to get a high score
since it does not meet the instructor’s expectations. There are plenty
of solutions by using the genetic algorithms, but there will be more
constraints or trade-off processes in the learning process.

6.4

Generalized Applications

The major advantage in this speed-dating data is that the survey collects the user expectations and evaluations on the dating experience
by ratings on six criteria – attractiveness, sincerity, intelligence, fun,
ambition and shared interests. Though we may not always have
user expectations, the idea in this paper can be easily extended to
other applications, especially the ones with multi-criteria ratings.
More specifically, in the applications with multi-criteria ratings,
such as TripAdvisor2 and OpenTable3 , we can learn user expectations in shape of the multi-criteria ratings, and finally use the
similarity between the expectations and the examinations as the
utility function in the optimization process.
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