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Recommender Systems for Citizens: The CitRec’17 Workshop Manifesto
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This manifesto summarises the outcomes of the 1st Workshop on Recommender Systems for Citizens (CitRec’17), held at the 11th ACM Conference
on Recommender Systems, in August 2017 in Como, Italy. We discuss challenges and opportunities for the development of recommender systems for
citizens, including: the clarification of the role of recommender systems for
cities and citizens; in this context, the identification of classes of items to
be recommended; the need for targeting and engaging the right population,
involving the right stakeholders; and the existence of underlying ethical
issues such as fairness and consensus. We further provide an action plan
to bring forward the research and application of recommender systems for
citizens.
CCS Concepts: • Information systems → Information retrieval; Recommender systems;
Additional Key Words and Phrases: Recommender Systems; Citizens; Smart
Cities
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INTRODUCTION

Recommender systems are playing a central role in a variety of
domains. When restricted to applications in cities, and for citizens, a large body of literature could be found on Point-Of-Interest
(POI) recommendation [16], tourist location recommendation [17],
healthcare recommendation [4], and, orthogonally, spatio-temporal
context-aware recommendation [9, 11]. However, existing works
have primarily focused on single recommendation domains, and
mostly from an algorithmic perspective. We advocate the importance of a social perspective that considers how to design recommender systems that best serve our society.
The first Workshop on Recommender Systems for Citizens (CitRec 2017), co-held with ACM RecSys 2017 in August 2017, Como,
Italy, addresses the specific types of recommender systems that are
owned by citizens, and are aimed at serving the society as a whole.
As proposed and discussed in the workshop, we envision that recommender systems have the potential to expand their impact greatly,
and play an important role in today’s society, improving citizens’
living experiences and the effectiveness of environmental uses.
To optimise the social effectiveness of recommendation systems
in cities, a deep understanding of the interactions between citizens,
between citizens and the environment, and between citizens and
other urban stakeholders, such as public administrations and local businesses, is needed. Consider the example of a driving route
recommender system. To optimally recommend driving routes to
a community of citizens, the system should be able to understand
how the effectiveness of recommendations is influenced by the environment (e.g., road conditions) and how the recommendations to
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different citizens affect each other (e.g., to avoid traffic congestion).
Here is another example: a citizen proposal recommender system in
an online participatory budgeting platform. To provide personalised
recommendations of proposals, the systems should look beyond a
target user’s profile (i.e., interests, needs, demographic characteristics, and geographical constraints) and consider aspects such as
the satisfaction of public budget allocation programs, and inclusion
of certain population segments and city assets. These examples,
among others, call for research on both algorithmic design for the
recommendations to benefit the society as a whole, and incentive
mechanisms to balance personal and societal, governmental and
business interests. Given these distinct goals, recommender systems
for citizens are faced with more social and computational challenges
beyond the mentioned above.
At the same time, the emergence of social data, i.e., data generated by people during their societal activities, available through
new sources (e.g., social media, mobile phones, sensor networks)
bring great opportunities to the development of recommender systems for citizens. Social data contains a multitude of dimensions –
such as the targeted urban population, the purpose of use, and the
spatio-temporal context – which allow describing comprehensively
citizens’ behaviours and their relationships, and thus represent valuable sources of information to deploy recommender systems for
citizens.
In addition to social data, Open Data provided by government
agencies could also be exploited for recommendation purposes. Following machine readable formats, public linked and open data repositories contain valuable information at large scale about a wide array
of topics in a city, such as health, education, energy, finance, and
public safety. These data facilitate government transparency, accountability and public participation, and support technological innovation and economic growth by enabling third parties to develop
new digital services. An example of this is the Data.gov initiative of
the U.S. Government, whose datasets have already been used in a
large number of applications 1 .
For problems where social data and open data are scarce, or
not available, crowdsourcing may provide an alternative source by
engaging citizens to actively contribute their behavioural data to
the system via effective incentive schemes.
The challenges and opportunities described above were extensively discussed at CitRec 2017, to drive the research of recommender systems for citizens. This manifesto summarises the outcomes of the workshop. We address a variety of audiences, and
provide suggestions for future work that include: further clarification of the of recommendation systems in cities and for citizens; the
1 https://www.data.gov/applications
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need and potential solutions for targeting and engaging the right
population; identification of classes of items that are relevant for
recommendation; involvement of the right stakeholders; consideration for important ethical issues such as fairness and inclusiveness;
and the selection of application domains to first address in future
investigations.
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CHALLENGES AND OPPORTUNITIES

We identified the topic of Recommender systems for citizens (CitRec)
to sit at the intersection between Citizen Science and recommender
systems and Information technologies, while showing elements of
novelty due to its original perspective. The technological elements
at the core of CitRec make the research focus different from Citizen
Science; at the same time, the new application domain (i.e., citizens)
poses new challenges for the research on recommendation techniques. This section discusses potential challenges and opportunities
for the development of recommender systems for citizens.
The Role of Recommender Systems. Recommender systems can
play a multitude of roles for different stakeholders in cities.
From the perspective of citizens, personalisation and information
filtering – the core properties of recommender systems – are also
of value in recommender systems for citizens. From the point of
view of governments, recommender systems can serve as a method
to promote inclusion of citizens in urban development, e.g. to engage citizens in the process of policy making through, for instance,
e-participation. Recommender systems for citizens can also play a
moderation role. Considering the different and sometimes conflicting interests among different communities in a city, recommender
systems should be able to strike a balance among them. Such a role
is fundamental to promote fairness, as we will discuss later. If we
consider different types of stakeholders, recommender systems for
citizens are expected to play the role of lubricant that can improve
the efficiency of communication among them.
As an additional requirement, the recommender system infrastructure should be part of the infrastructure that the city provides
and, in many cases, it should disappear into the background.
What to Recommend.
What can be the object of recommendation in CitRec systems?
Participants agreed that often, information needs can be fulfilled
by a diverse set of objects, and that recommendation techniques
can be applied to a very diverse set of items. Let us consider a set
of examples. In collaborative environments [18] the tasks (contributions) are designated / recommended to target “workers” (volunteers/contributors). This scenario has many parallels with crowdsourcing platforms that are looking for a better matching between
workers and tasks [5, 7] and for a better quality of their service [2].
Examples of such tasks / contributions to recommend may consist of
trusty hosts as in case of Couchsurfing2 or companions in personal
security solutions such as Companion3 or social tasks like cleaning
the garbage in the streets, helping elderly people doing grocery
shopping, etc. Another example of services that can be viewed as
collective good to recommend has been demonstrated in the work
of Cantador et al. [3] in which the authors present an study on
2 https://www.couchsurfing.com
3 https://www.companionapp.io
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recommending citizens’ proposals on an e-participation platform
that aim to address existing issues and problems in a city.
Moreover, the recommendation purposes may be manifold. Among
other aspects, they could be defined in terms of the level of citizen
involvement. The Ladder of Participation proposed by Arnstein
[1] considers three main levels, namely information, consultation,
and co-design and co-production levels. At the information level,
recommender systems may be designed to keep users informed, e.g.
by providing citizens with personalised suggestions of government
services. At the consultation level, recommender systems may be
aimed to promote user participation, e.g. by suggesting initiative
proposals for the city. Finally, at the co-design and co-production
level, recommender systems could facilitate collaborative processes,
e.g. by suggesting pilot projects in living labs. In this context, for
each particular purpose, the effectiveness of generated recommendations have to be evaluated with an appropriate methodology and
metrics [10].
Targeting the Right Users. A characteristic goal of recommender
systems for citizens is that generated recommendations have to
serve the public good. Therefore, the main beneficiaries of such
systems may be on the one hand a community or a society as a
whole, and, on the other hand, municipality, local authorities, government, or local businesses. Sometimes recommendations might
target certain citizen segments, characterised by particular demographic, socio-cultural and economic attributes.
The objective functions are thus more complex than in traditional
recommendation scenarios. The benefit from a recommender system
cannot be reduced to the profit of a single user, organization or
holding, and does not necessarily have money value. In this context,
the evaluation methodologies and metrics may also differ from
traditional ones [10].
Engaging the Population. In his work Politics 4 , Aristotle said:
“...a state is not a mere society, having a common place, established
for the prevention of mutual crime and for the sake of exchange.
These are conditions without which a state cannot exist; but all of
them together do not constitute a state, which is a community of
families and aggregations of families in well-being, for the sake of a
perfect and self-sufficing life... political society exists for the sake of
noble actions, and not of mere companionship.”
Nowadays, we can witness the growth of population’s conscience
and societal shift to well-being and exploration of oneself. Recent
psychological studies [8, 13] have shown that people are more satisfied with their life if they embrace diverse Orientations to Happiness,
namely Pleasure (i.e. maximisation of sensory pleasures), Meaning
(i.e. living life of full potential and contributing for something bigger
than oneself), and Engagement (i.e. full immersion in an activity,
feeling of flow).
This is to say that social involvement becomes an important
component of decision making process. The idea of meaning of one’s
actions that can be expressed by “’what I’m doing matters to society”
encourages people to contribute to the collective good. We believe
that this is one of the motivations behind taking part in non-profit
collaboration projects such as Wikipedia, crowdfunding campaigns
4 http://classics.mit.edu/Aristotle/politics.3.three.html

(e.g. KickStarter5 , GoFundMe6 ), signing petitions (e.g. Change.org),
and crowdsourcing campaigns, especially mobile crowdsourcing
campaigns [15]. In the context of CitRec systems, we argue that the
driver for participation moves from profit to the collective good,
engaging more active participants [12].
Alternative, one could envision a type of driver for population engagement to relates to education and awareness creation. One of the
goals of CitRec is to raise social awareness and social engagement in
a city life. Therefore, we believe that the core driver of a system may
be educational with or without gamification component. Example of
such initiatives is a SenCityVity project recently launched in Mexico
[15].
Involving Stakeholders. Who is going to pay for CitRec systems
development, deployment, and maintenance? That is a natural question, which hints different possible answers.
One of the possible solutions constitutes in moving within the
CitRec systems the economical incentives needed for their operation.
This could be intuitively explained as follows. The ultimate goal
of cities is to provide services. To deliver a service costs money. A
government needs to be able to show that this investment will help
to deliver a better service that the service that is currently provided.
Recommendations generated from citizens’ data may be targeted
to, or may exploit, information from other stakeholders [6]. For
instance, in the government side, we could consider different actors,
such as politicians, government agencies, and public employees,
whereas at the business sector, in addition to enterprises, we could
focus on public providers or NGOs. Moreover, for a particular actor,
recommender systems may distinguish between different roles [14].
Hence, for example, a citizen may act as a city resident, as a public
service consumer, or as a tourist depending on the current context.
In any of the these cases, recommendations may not be generated
for an individual user, but may involve multiple users, e.g. particular
population segments, social collectives and local associations.
Fairness and Consensus. There needs to be fair services to everyone: inclusiveness and elimination of biases. Fairness will be a
bigger problem when applying recommender systems for citizens
because there is no definition of what the greater social good is. The
unclear definition of social good will potentially enlarge the issue of
bias. To alleviate such a problem, perhaps a purpose of the system
needs to be creating a consensus on what is social good.

3

LOOKING FORWARD

Following the identified challenges and opportunities, we outline
an action plan that we believe will be beneficial to push forward the
research and application of recommender systems for citizens. To
further drive the discussion, we are interested in building a community where scientists from various expert domains and disciplines,
practitioners, and enthusiasts can discuss with each other on relevant topics. As suggested by CitRec participants, we will then focus
on choosing relevant problems to investigate scientific approaches
to address the challenges in concrete contexts. Based on the problem,
we could then engage stakeholders and carry out research projects
to deepen and diversify the research and application. We hope that

this work will create a virtuous circle that helps to reach our ultimate goal of developing a novel class of recommender systems that
will benefit the whole society.

REFERENCES
[1] Sherry R Arnstein. 1969. A ladder of citizen participation. Journal of the American
Institute of Planners 35, 4 (1969), 216–224.
[2] Tarek Awwad, Nadia Bennani, Konstantin Ziegler, Veronika Sonigo, Lionel Brunie,
and Harald Kosch. 2017. Efficient Worker Selection Through History-Based
Learning in Crowdsourcing. In Proceedings of 41st IEEE Annual Computer Software
and Applications Conference (COMPSAC ’17), Volume 1. 923–928. DOI:https://doi.
org/10.1109/COMPSAC.2017.275
[3] Iván Cantador, Alejandro Bellogín, María E. Cortés-Cediel, and Olga Gil. 2017.
Personalized Recommendations in E-participation: Offline Experiments for the
’Decide Madrid’ Platform. In Proceedings of the 1st Workshop on Recommender
Systems for Citizens (CitRec ’17). DOI:https://doi.org/10.1145/3127325.3127330
[4] Fran Casino, Edgar Batista, Constantinos Patsakis, and Agusti Solanas. 2015.
Context-aware recommender for smart health. In Proceedings of the IEEE 1st
International Smart Cities Conference (ISC2 ’15). IEEE, 1–2.
[5] Cen Chen, Shih-Fen Cheng, Hoong Chuin Lau, and Archan Misra. 2015. Towards
City-scale Mobile Crowdsourcing: Task Recommendations under Trajectory Uncertainties. In Proceedings of the 24th International Joint Conferences on Artificial
Intelligence.
[6] María E. Cortés-Cediel, Iván Cantador, and Olga Gil. 2017. Recommender systems
for e-governance in smart cities: State of the art and research opportunities. In
Proceedings of the 1st Workshop on Recommender Systems for Citizens (CitRec ’17).
DOI:https://doi.org/10.1145/3127325.3128331
[7] André Sales Fonteles, Sylvain Bouveret, and Jérôme Gensel. 2014. Towards Matching Improvement Between Spatio-temporal Tasks and Workers in Mobile Crowdsourcing Market Systems. In Proceedings of the 3rd ACM SIGSPATIAL International
Workshop on Mobile Geographic Information Systems. ACM, New York, NY, USA,
43–50. DOI:https://doi.org/10.1145/2675316.2675319
[8] Luke Wayne Henderson, Tess Knight, and Ben Richardson. 2013. The Hedonic
and Eudaimonic Validity of the Orientations to Happiness Scale. Social Indicators
Research 115, 3 (2013), 1087–1099. DOI:https://doi.org/10.1007/s11205-013-0264-4
[9] Longke Hu, Aixin Sun, and Yong Liu. 2014. Your neighbors affect your ratings: on
geographical neighborhood influence to rating prediction. In Proceedings of the
37th International ACM SIGIR conference on Research & Development in Information
Retrieval. ACM, 345–354.
[10] Dietmar Jannach and Gediminas Adomavicius. 2016. Recommendations with
a Purpose. In Proceedings of the 10th ACM Conference on Recommender Systems
(RecSys ’16). ACM, 7–10. DOI:https://doi.org/10.1145/2959100.2959186
[11] Yehuda Koren. 2010. Collaborative filtering with temporal dynamics. Commun.
ACM 53, 4 (2010), 89–97.
[12] Diana Nurbakova, Léa Laporte, Sylvie Calabretto, and Jérôme Gensel. 2017. Users
Psychological Profiles for Leisure Activity Recommendation: User Study. In Proceedings of the 1st Workshop on Recommender Systems for Citizens (CitRec ’17).
DOI:https://doi.org/10.1145/3127325.3127328
[13] Christopher Peterson, Nansook Park, and Martin E. P. Seligman. 2005. Orientations
to happiness and life satisfaction: the full life versus the empty life. Journal of
Happiness Studies 6, 1 (March 2005), 25–41.
[14] Jennifer Rowley. 2011. e-Government stakeholders - Who are they and what do
they want? International Journal of Information Management 31, 1 (2011), 53–62.
[15] Salvador Ruiz-Correa, Darshan Santani, Beatriz Ramirez-Salazar, Itzia Ruiz-Correa,
Fatima Alba Rendon-Huerta, Carlo Olmos-Carrillo, Brisa Carmina SandovalMexicano, Angel Humberto Arcos-Garcia, Rogelio Hasimoto-Beltrán, and Daniel
Gatica-Perez. 2017. SenseCityVity: Mobile Crowdsourcing, Urban Awareness, and
Collective Action in Mexico. IEEE Pervasive Computing 16, 2 (2017), 44–53. DOI:
https://doi.org/10.1109/MPRV.2017.32
[16] Mao Ye, Peifeng Yin, Wang-Chien Lee, and Dik-Lun Lee. 2011. Exploiting geographical influence for collaborative point-of-interest recommendation. In Proceedings of the 34th international ACM SIGIR conference on Research and development
in Information Retrieval. ACM, 325–334.
[17] Yu Zheng and Xing Xie. 2011. Learning travel recommendations from usergenerated GPS traces. ACM Transactions on Intelligent Systems and Technology
(TIST) 2, 1 (2011), 2.
[18] Haiyi Zhu, Robert Kraut, and Aniket Kittur. 2012. Organizing Without Formal Organization: Group Identification, Goal Setting and Social Modeling in
Directing Online Production. In Proceedings of the ACM 2012 Conference on
Computer Supported Cooperative Work (CSCW ’12). ACM, 935–944. DOI:https:
//doi.org/10.1145/2145204.2145344

5 https://www.kickstarter.com
6 https://www.gofundme.com

, Vol. 1, No. 1, Article 1. Publication date: April 2019.

