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Introduction

Education offers many opportunities for personalization and
recommendation. Recent research has focused on person-
alizing instruction for different learning styles, assisting
teachers in assembling course materials, and other tasks [3].

One of the key characteristics of recommender systems
research is an emphasis on personalization. Recommender
systems are typically evaluated on their ability to provide
items that satisfy the needs and interests of the end user.
Researchers in educational recommendation have also made
use of representations of learners’ knowledge state so that
recommended materials can be used to correct misconcep-
tions or convey missing concepts. In all of these formula-
tions, the end user as the receiver of recommendations is,
for the most part, the only consideration.

We agree that such focus is entirely appropriate. Users
would not flock to recommender systems if they believed
such systems were not providing items that matched their
interests. However, there are a variety of recommendation
scenarios, including educational ones, where personalization
to the user should not be the only consideration. For ex-
ample, in reciprocal recommendation for online dating, the
recommendations should be accepted to both participating
users [5]. Another example is in digital advertising. The
retrieval of a display ad in a real-time display advertising
context depends not just on whether the ad is of interest to
the user but, because advertisers pay for each impression, it
also matters if the user is of interest to the advertiser [7].

Applications in Education

Some educational settings share this multi-stakeholder char-
acteristic. For example, in the iRemix educational social
network, students are presented with a feed displaying media
artifacts created by their peers for comment and reaction.
Personalizing this feed based on prior activity is appropriate,
but the system may also have the goal of equity, ensuring
that all students get some feedback. Experimental results
from [4] show that when students participate in online
learning environment discussions and provide feedback to
each other, they have more motivation for future creative
activities. Students who do not receive feedback conversely

have negative sentiments that can impact their future learn-
ing. In this case, we can view the system as a stakeholder
with an interest in ensuring equity.

There are also educational contexts where reciprocal
considerations come into play. For example, the Chicago
City of Learning (CCoL) system is a catalog for the dis-
covery of out-of-school time activities for high school and
middle school students. Personalized recommendation and
promotion of activities is helpful, so that students find out
about programs of interest to them. In addition, however,
the organizations offering such programs often have target
“markets” in mind, much like advertisers.

Consider the following example. A museum decides to
offer a program in robotics targeted at 9th graders. The
organizers are interested in gender equity in technology
education and therefore consider a 50/50 ratio of girls and
boys ideal. In addition, they know that some schools have
the resources to offer enrichment activities that include
robots and computer programming and others do not, so
they want no more than 25% of the students to have prior
exposure to these concepts. An ideal set of recommendations
would therefore be ones likely to result in this distribution
of students. If the system were to make recommendations
only to boys with prior robotics exposure, it would not be
helpful to the organization in meeting its goals, even if these
users were the ones with the highest predicted ratings for
such recommendations.

Recommenation-based Promotion

The problem of recommendation for multiple stakeholders
was introduced in [1] where we discussed the importance
of looking at recommender system as a multi-stakeholder
environment and introduced the issue of maximizing social
utility. We introduce here the challenge of representing mul-
tiple stakeholders, and therefore, multiple utilities, within a
recommender for the CCoL system.

City of Learning acts as a middleman for a variety of
educational experiences for students. On-line activities can,
generally, be performed at any time, but off-line programs
take place in a physical place where students must be present
to participate. Space is generally limited and there may
be more interested and eligible students than a program



can accommodate. In addition, the programs are offered on
particular fixed schedules, for example, over the summer, so
enrollments must happen within a specific time window.

We are developing a recommender system for promoting
off-line programs in the CCoL system. The stakeholders
include users (i.e. students), organizations (i.e. program
providers) and the recommender system itself. Programs
are offered by some organizations and some programs have
limited capacity and also some pre-defined requirements.
Therefore, a recommender system not only should take into
account the users’ interests, but it also should handle the
requirements for the programs set by organizations regarding
what types of students are eligible and desirable for those
programs.

In particular, we are interested in the problem of
recommendation-driven messaging to students. Certain
times of year, in particular, the months before summer
break, are ones in which there is heightened mutual interest
between students and organizations: students are seeking
appropriate activities and organizations are seeking to find
students for their offered programs. Our plan is to send
targeted texts or emails to students reminding them of reg-
istration deadlines and recommending appropriate programs
during this peak enrollment period. For such a system to
be effective, it must be highly selective, sending only a few
messages, perhaps no more than one per week for three or
four weeks.

In this setting, we see a situation similar to that found
in real-time bidding for online advertising space [6]. In the
real-time bidding scenario, there is a budgetary constraint.
If the ad budget for a given time frame is exhausted, no
additional ads can be delivered even if a highly desirable
customer arrives. Similarly, in the messaging scenario de-
scribed above, each wave of texts represents a commitment
to particular recommendation of program X to student
Y , and forgoing the opportunity to recommend a different
program.

The dynamic nature of the problem also adds to the
complexity. As time go on, programs fill with students and
their needs for diverse enrollees may shift. Consider again
the robotics activity introduced above. If, after the first
week of promotion, the organization finds that 10 of the 30
enrollment slots in the program filled and all of the students
so far are boys, the desired distribution for any remaining
promotion going forward should now be 25% boys and 75%
girls. So, the partial attainment of a goal must also be a
factor in the on-going formulation of utilities.

Challenges

Our educational promotion problem poses a number of chal-
lenges for recommendation. One is the appropriate balancing
of student interests versus institutional needs. Clearly it
would be inappropriate to steer students away from their
known interests just to fill quotas that organizations have
established. Defining the utilities and optimality conditions
are crucial to achieving this balance.

A second challenge is the (algorithmically) on-line na-
ture of the problem. Since student uptake of recommenda-
tions cannot be predicted and a limited number of promo-
tions can be sent out, the system is in the position of making
irrevocable choices with limited data – the classic scenario
for an on-line algorithm [2].

A third challenge is to consider the pedagogical and
curricular implications of recommendation in the informal,
out-of-school time, learning space. Should the system be
seeking particular types of activities or activity trajectories
for students? Should its recommendations point students
towards a deeper engagement with a particular subject area
(more robotics activities after the first one) or is there value
in helping the student branch out (a science fiction creative
writing workshop)? In this way, we can see the system itself
is a stakeholder with the goal of producing well-rounded
students.
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