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data mining group in Aalto

• algorithmic data analysis

• theory and applications

• topics of interest

– pattern discovery
– text mining
– network analysis
– smart cities
– . . .
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Figure 2: Discovered strong edges of 5 ego-networks of KDD innovation award winners. The �rst 5 �gures contain
only strong edges: the colored edges and vertices show 5 topics that were used as input: cluster, classif, pattern,
network, distribut. The last topic consisted of 2 connected components which we used as two separated communities.
The last �gure shows strong and weak edges. Some of the vertices do no belong to any of the communities. Some
edges are strong despite not belonging to any of the communities because we keep edges that do not induce violations.
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research on family trees

• research problem: reconstruct
family trees by linking vital records

• dataset: 10 million transcribed
vital/parish records from Finland

– births, marriages, burials, . . .
– mid-16th to early 19th cent.

• task: link birth records to parents’
birth records

• challenges:
– duplicate names
– spelling variations
– missing records



research on family trees
• research problem: reconstruct

family trees by linking vital records

• computational aspects:
– link records jointly
– incorporate experts’ feedback

• question: what can we learn from
the family tree?

– e.g., social stratification

relevant work:

• E. Malmi, S.Chawla, A. Gionis, “Lagrangian relaxations for multiple
network alignment”, DMKD 2017

• E. Malmi, A. Gionis, E. Terzi, “Active network alignment: A matching-based
approach”, CIKM 2017

• E. Malmi, M. Rasa, A. Gionis, “AncestryAI: a tool for exploring
computationally inferred family trees”, WWW Companion, 2017



demo: ancestryai.cs.hut.fi



social media
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social	media

Michael	Mathioudakis

consume	content
news	about	friends,	politics,	favorite	artists

generate	content
share	experiences,	interesting	articles

interact	with	others
comment,	rate,	and	discuss

hundreds	of	millions
of	active	users

• people use social media to
– share information, express opinion, comment,
– interact, discuss, get personalized news feed

advantages
• no information barriers
• citizen journalism
• social connectivity
• democratization
• . . .

disadvantages
• harassment
• fake news
• echo chambers
• polarization
• . . .



research questions

• can we identify polarized discussions in social media?

• has polarization increased over time?

• how does collective attention impact polarization?

• can we design algorithms to help reduce polarization?

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 1: Sample conversation graphs with retweet (top) and follow (bottom) features (visualized using the force-directed
layout algorithm in Gephi). The left side is controversial, (a,e) #beefban, (b,f) #russia march, while the right side is
non-controversial, (c,g) #sxsw, (d,h) #germanwings.

(a) (b)

Figure 2: Partitions obtained for (a) #beefban, (b) #rus-
sia march by using the hybrid graph building approach. The
partitions are more noisy than those in Figures 1(a,b).

6. CONTROVERSY MEASURES
This section describes the controversy measures used in

this work. For completeness, we describe both those measures
proposed by us (§6.1, 6.2, 6.3) as well as the ones from the
literature that we use as baselines (§6.4, 6.5).

6.1 Random walk
This measure uses the notion of random walks on graphs.

It is based on the rationale that, in a controversial discussion,
there are authoritative users on both sides, as evidenced
by a large degree in the graph. The measure captures the
intuition of how likely a random user on either side is to be
exposed to authoritative content from the opposing side.

the negative reactions https://t.co/v9RdPudrrC.

Let G(V, E) be the graph built by the first stage and its
two partitions X and Y , (X ∪ Y = V , X ∩ Y = ∅) identified
by the second stage of the pipeline. We first distinguish the
k highest-degree vertices from each partition. High-degree
is a proxy for authoritativeness, as it means that a user has
received a large number of endorsements on the specific topic.
Subsequently, we select one partition at random (each with
probability 0.5) and consider a random walk that starts from
a random vertex in that partition. The walk terminates when
it visits any high-degree vertex (from either side).

We define the Random Walk Controversy (RWC ) measure
as follows. “Consider two random walks, one ending in
partition X and one ending in partition Y , RWC is the
difference of the probabilities of two events: (i) both random
walks started from the partition they ended in and (ii) both
random walks started in a partition other than the one they
ended in.” The measure is quantified as

RWC = PXX PY Y − PY X PXY , (1)

where PAB , A, B ∈ {X, Y } is the conditional probability

PAB = P (start in partition A | end in partition B).

The aforementioned probabilities have the following desir-
able properties: (i) they are not skewed by the size of each
partition, as the random walk starts with equal probability
from each partition, and (ii) they are not skewed by the total
degree of vertices in each partition, as the probabilities are
conditional on ending in either partition (i.e., the fraction of
random walks ending in each partition is irrelevant). RWC
is close to one when the probability of crossing sides is low,
and close to zero when the probability of crossing sides is
comparable to that of staying on the same side.



online societal debates – relevant work

• K. Garimella, A. Gionis, N. Parotsidis, N. Tatti, “Balancing information exposure

in social networks”, NIPS 2017

• K. Garimella, G. De Francisci Morales, A. Gionis, M. Mathioudakis, “The effect of

collective attention on controversial debates on social media”, International ACM

Web Science 2017

• K. Garimella, G. De Francisci Morales, A. Gionis, M. Mathioudakis, “Reducing

controversy by connecting opposing views”, ACM WSDM 2017

• K. Garimella, G. De Francisci Morales, A. Gionis, M. Mathioudakis, “Quantifying

controversy in social media”, ACM WSDM 2016
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