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Abstract. This paper considers a recommender part of the data anal-
ysis system for the collaborative platform Witology. It was developed
by the joint research team of the National Research University Higher
School of Economics and the Witology company. This recommender sys-
tem is able to recommend ideas, like-minded users and antagonists at the
respective phases of a crowdsourcing project. All the recommender meth-
ods were tested in the experiments with real datasets of the Witology
company.

Keywords: collaborative and crowdsourcing platforms, data mining,
Formal Concept Analysis, biclustering, recommender systems

1 Introduction

The success of modern collaborative technologies is marked by the appearance
of many novel platforms for distributed brainstorming or carrying out so called
�public examination�. There are a lot of such crowdsourcing companies in the
USA (Spigit5, BrightIdea6, InnoCentive7 etc.) and Europe (Imaginatik8). There
is also a Kaggle platform9 which is very bene�cial for data practitioners and
companies that want to select the best solutions for their data mining problems.
In 2011 Russian companies decided to launch business in data mining area as
well. Witology10 and Wikivote11 are the two most representative examples of
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such Russian companies. Several all-Russian projects have already been �nished
successfully (for example, Sberbank-2112, National Entrepreneurial Initiative-
201213 etc.). Socio-semantic networks constitute the core of such crowdsourcing
systems [1,2] and new approaches are needed to analyze data underlying these
networks.

The term �crowdsourcing� is a portmanteau of �crowd� and �outsourcing�,
coined by Je� Howe in 2006 [3]. There is no general de�nition of crowdsourcing,
however it has a set of speci�c features. Crowdsourcing is a process, both online
and o�ine, that includes a task solving by a distributed large group of people
who usually come from di�erent organisations, and are not necessarily paid for
their work. As a rule, while participating in a project, users of crowdsourcing
platforms discuss and solve one common problem, propose possible solutions
and evaluate ideas of each other as experts [3]. This process usually results
in a reliable ranking of ideas and users who generated them. However, special
means are needed in order to develop a deeper understanding of users's behavior
and to perform complex dynamic and statistic analyses. Traditional methods
of clustering, community detection and text mining should be adapted or even
fully redesigned. Moreover, these methods require ingenuity for their e�ective
and e�cient use that will allow to �nd non-trivial results. We try to bridge this
gap and propose new methodology that can be helpful for these crowdsourcing
platforms.

This paper extends on our previously published paper [4] and is devoted
to the modeling of a recommender system for crowdsourcing platforms. In the
previously published paper we have already described the general methodology,
however, this paper provides further details as well as through experiments.
The paper has the following structure: Section 2 provides more details about
Witology platform, Section 3 brie�y describes FCA-based data representations
and methods, Section 4 discusses the selected results of the experiments, Section
5 concludes the paper.

2 Witology platform

For the better understanding of the problem, we provide more details about the
Witology crowdsourcing project. The crowdsourcing process at this platform fea-
tures eight main stages: �Solution's generation�, �Selection of similar solutions�,
�Generation of counter-solutions�, �Total voting�, �Solution's improvements�, �So-
lution's stock�, �Final improvements� and �nally �Solution's review�.

The �rst stage �Solution's generation� is performed individually by each user.
A key di�erence between the traditional brainstorming and the �Solution's gen-
eration� stage is that the participant are not aware of the ideas of other par-
ticipants. The main similarity is the absence of criticism which was postponed
till the later stages. In the �Selection of similar solutions� phase participants are
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selecting similar ideas (solutions) and their aggregated opinions are transformed
into clusters of similar ideas.

Counter-solutions generation includes criticism (pros and cons) and evalua-
tion of the proposed ideas by means of communication between an author and
experts. During this stage author of the idea can invite other experts to his
team taking into account their contribution to the discussion and criticism. �To-
tal voting� is performed by evaluating each proposed idea by all the users where
votes indicate users' attitude as well as quality of the proposed solution (marks
are integers between −3 and 3). Two stages, i.e. �Solution's improvements� and
�Final improvements�, involve active collaboration of experts and authors who
work to improve their solutions together.

�Solution's stock� is one of the most interesting game stages of the project. At
this stage all the participants who were able to accumulate positive reputation
at the previous stages receive money in internal currency �wito� and can take
part in stock trade.

The way crowdsourcing platforms work is very di�erent from the principles
underlying online-shops or specialized music/�lms recommender sites. Crowd-
sourcing projects consist of several stages where the results of each stage greatly
depend on the results of a previous one. This is the reason why existing recom-
mender models should be adapted considerably. We have developed new meth-
ods for making recommendations based on well-known mathematical approaches
and propose methods for idea recommendation (for voting), like-minded persons
recommendation (for collaborating) and antagonists recommendation (for con-
tridea generation stage). To the best of our knowledge, it is the �rst time the
last recommendation type is proposed.

3 FCA-based models for crowdsourcing data

At the initial stage of analysis of the data acquired from the collaborative plat-
form, two data types were identi�ed: data without keywords (links, evaluations,
user actions) and data with keywords (all user-generated content).

For the analysis of the 1st type of data (without keywords) we applied So-
cial Network Analysis (SNA) methods, clustering (biclustering and triclustering
[5,6], spectral clustering), Formal Concept Analysis (FCA) [7] (concept lattices,
implications, association rules) and its extensions for multimodal data, triadic,
for instance [8]; recommender systems [9,10] and statistical methods of data
analysis [11] (the analysis of distributions and average values).

Basic de�nitions of FCA and OA-biclustering can be found in [4].
It is easy to show that all key crowdsourcing platform data can be described in

FCA terms by means of formal contexts (single-valued, multi-valued or triadic).
1. The data below is described by a single-valued formal contextK = (G,M, J).
Let KP = (U, I, P ) be a formal context, where U is a set of users, I is a

set of ideas, and P ⊆ U × I shows which user proposed which idea. Two other
contexts, KC = (U, I, C) and KE = (U, I, E), describe binary relations of idea
commenting and idea evaluation respectively.
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The user-to-user relationships can also be represented by means of a single-
valued formal context K = (U,U, J ⊆ U × U), where u1Ju2 can designate,
for example, that user u1 commented some idea proposed by u2. Relationships
between content items can be modelled in the same way, e.g. K = (T, T, J ⊆
T × T ), where t1Jt2 shows that t1 and t2 occurred together is some text (idea
or comment).

2. A multi-valued context KW = (G,M,W, J) can be useful for representing
data with numeric attributes.

Let KF = (U,K,F, J) be a multi-valued context, where U is a set of users, K
is a set of keywords, F is a set of keyword frequency values, J ⊆ U×K×F shows
how many times a particular user u applied a keyword k in an idea description or
while discussing some ideas. The context KF can be reduced to a plain context
by means of (plain) scaling.

The commenting and evaluation relations can be described through multi-
valued contexts in case we count each comment or evaluation for a certain topic.
E.g, the multi-valued context KV = (U, I, V = {−3,−2,−1, 0, 1, 2, 3}, J) de-
scribes which mark a particular user u assigns to an idea i, where V contains
values of possible marks; it can be written as u(i) = w, where v ∈ V .

For more information about triadic models see [4].

3.1 FCA-based recommender model

Two kinds of recommendations seem to be potentially useful for crowdsourcing.
The �rst one is a recommendation of like-minded people to a particular user,
and the second one is the ability to �nd antagonists, users which discussed the
same topics as a target one, but with opposite marks.

1. Recommendations of like-minded persons and interesting ideas.

Let KP = (U, I, P ) be a context which describes idea proposals. Consider a
target user u0 ∈ U , then every formal concept (A,B) ∈ BP (U, I, P ) containing
u0 in its extent provides potentially interesting ideas to the target user in its
intent and prospective like-minded persons in A \ {u0}.

Consider the set R(u0) = {(A,B)|(A,B) ∈ BP (U, I, P ) and u0 ∈ A} of all
concepts containing a target user u0. Then the score of each idea or user to recom-

mend to u0 can be calculated as follows score(i, u0) =
|{u|u∈A, (A,B)∈R(u0) and i∈u′}|

|{u|u∈A and (A,B)∈R(u0)}|

or score(u, u0) =
|{A|u∈A and (A,B)∈R(u0)}|

|R(u0)| respectively. As a result we have a set

of ranked recommendations R(u0) = {(i, score(i))|i ∈ B and (A,B) ∈ R}. One
can select the topmost N of recommendations from R ordered by their score.

2. Recommendations of antagonists.

Consider two evaluation contexts: the multi-valued context KW = (U, I,W =
{−3,−2,−1, 0, 1, 2, 3}, J) and binary context KE = (U, I, E). Then consider
(X,Y ) from R(u0) = {(A,B)|(A,B) ∈ BP (U, I, P ) and u0 ∈ A}. Set X contains
people that evaluated the same set of topics Y , but we cannot say that all of them
are like-minded people w.r.t relation E. However, we can introduce a distance
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measure, which shows for every pair of users from X how distant they are in
marks of ideas evaluation:

d(X,Y )(u1, u2) =
∑

u1,u2∈X

i∈Y

|i(u1)− i(u2)|. (1)

As a result we again have a set of ranked recommendations R(X,Y )(u0) =
{(u, d(i))|u ∈ U and (A,B) ∈ R}. The topmost pairs from Rd(u0) with the
highest distance contain antagonists, that is persons with the opposite views
on most of the topics which u0 evaluated. To aggregate R(X,Y )(u0) for di�erent
(X,Y ) from R(u0) into a �nal ranking we can calculate

d(u0,u) = max{d(X,Y )(u0, u)|(X,Y ) ∈ R(u0) and u0, u ∈ X}. (2)

The proposed models were tuned and validated, and they also had several
variations such as using biclusters instead of formal concepts and other ways of
�nal distance calculation.

4 Results of the experiments

We proposed and implemented several methods for antagonists recommendation
task: bicluster-based, cosine (or correlation) based, simple and bicluster-based
Hamming methods. In Figure 1 we can see that for small Top-N output the best
result is achieved by biclustering with Hamming metric, but for large Top-N out-
put both methods, biclustering with correlation and simple Hamming distance,
show almost equally good results. Taking into account that our goal was to re-
duce user's time spending on crowdsourcing tasks, we need small Top-N, and
the best choice is biclustering with Hamming distance (almost 0.5 precision).

(a) (b)

Fig. 1. Antagonists recommendation precision (a) and recall (b)
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5 Conclusion

The paper presented a new methodology that can be applied to the data ac-
quired from crowdsourcing platforms. The results of our experiments suggest
that the developed methods are useful for making recommendations in the Witol-
ogy crowdsourcing system and able to support user's activity on the platform.
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