Towards Causal Explanations of Community
Detection in Networks
Georgia Baltsou1 , Anastasios Gounaris1 , Apostolos N. Papadopoulos1 , and
Konstantinos Tsichlas2
1

School of Informatics, Aristotle University of Thessaloniki, Greece
{georgipm,gounaria,papadopo}@csd.auth.gr
Department of Computer Engineering and Informatics, University of Patras, Greece
ktsichlas@ceid.upatras.gr

2

Abstract. Community detection is a significant research problem in
Network Science since it identifies groups of nodes that may have certain functional importance - termed communities. Our goal is to further
study this problem from a different perspective related to the questions
of the cause of belongingness to a community. To this end, we apply
the framework of causality and responsibility developed by Halpern and
Pearl [11]. We provide an algorithm-semi-agnostic framework for computing causes and responsibility of belongingness to a community. To
the best of the authors’ knowledge, this is the first work that examines
causality in community detection. Furthermore, the proposed framework
is easily adaptable to be also used in other network processing operations
apart from community detection.
Keywords: causality, network analysis, community detection, algorithms
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Introduction

Imagine someone participating in a social network. Due to an analytics engine
that the social network offers for its users, she finds out that she is unintentionally part of a community and asks what are the reasons for her belongingness
to this community. She would also wish to become a member of another community - always in the context of the community detection algorithm offered
by the analytics engine - and asks what new relations she would have to set up
in order to become a member. Note that in this example, one’s membership in
a community is not explicit but implicit through the social network analytics
engine, which affects many aspects of the user’s belongingness to the social network (e.g., recommendation of new friends, selection of ads to show, etc.) and
thus it is of high importance to the user. In particular, we ask:
1. What causes the fact that a node u belongs to a community C? Which are
the edges that are responsible for u ∈ C? Can we rank these edges based on
the degree of their responsibility for u ∈ C?
2. What causes the fact that a node u does not belong to a community C?
Which are the new edges that would allow u to become a member of C?
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Networks are used to represent data in almost any field, such as transportation systems [7], biological systems [22], and social groups [20], just to name a
few. In such networks, certain groups of nodes with particular importance arise,
which form the so called communities. The dominant definition of community is
a group of nodes that are more densely connected internally than externally [25].
In real-world networks, communities are of major importance since they are related to functional units [24,3]. Communities have also topological properties
that are different from those of the network as a whole.
In this work, we formulate such questions related to community detection by
using the structural-model approach introduced by Halpern and Pearl [11,12]. In
particular, we focus on the community detection problem and we define different
sets of causes with different degrees of importance with respect to the question
at hand. This importance is captured by a measure of responsibility [4] for each
cause, thus allowing for a ranking of the causes. Moreover, this structural-model
approach has the side-effect that other communities may change as a result
of a question for a particular node. We introduce a measure for these changes
to quantify how the interventions implied by the cause alter the community
structure of the network. To the best of our knowledge, we are the first to look
at the community detection problem on networks through the lens of causal
explanations. In fact, it seems that this is the first time that such a viewpoint is
adopted with respect to general network analysis problems.
Related Work. Community detection in general has been a very active field
during the last years. There is a plethora of algorithms aiming at finding the best
quality communities in networks, based on different evaluation metrics. Those
works include both disjoint or overlapping community detection algorithms. For
some detailed surveys on the field we refer to [8,14]. However, there is no work on
combining causal explanations and community detection. The structural-model
approach introduced by Halpern and Pearl [11,12] has been applied mainly to
database queries. Meliou et al. [18] transferred these notions to databases. This
approach is related to data provenance, lineages and view updates (e.g., deletion
propagation) [19]. Inspired by this approach others have applied this structuralmodel approach to reverse-skyline queries [10], to probabilistic nearest neighbor
queries [16], and so on. One more network-related problem where this model has
been applied concerns the ranking of propagation history in information diffusion
in social networks [27].
Contributions and Roadmap. This work focuses on the application of causality in the community detection problem. Examining causality in community detection in networks is novel in its own right. We suggest a general framework that
can be used to find causal relations about the belongingness of nodes to communities. An interesting aspect is that the proposed framework is easily adaptable
to other network processing operations apart from community detection. Apart
from transferring the concepts in [11,12], we also introduce the concept of discrepancy, as a measure of network changes which occur after specific actions.
The rest of the work is organized as follows. In Section 2 we discuss how the
causal model of Halpern and Pearl applies to community detection while in Sec-
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tion 3 we provide a general framework that can compute causal explanations and
related metrics. In Section 4 we discuss additional issues and future extensions
of the proposed framework.

2

The Causal Model for Community Detection

Here we study the proposed causal model and introduce some fundamental concepts.
2.1 Preliminaries
Initially, we restrict our setting to a simple undirected, unweighted network
G = (V, E), which is composed of a node set V = {1, ..., n} with n = |V | nodes
and an edge set E ⊆ |V | · |V − 1| with m = |E| edges; we discuss extensions to
more generic graphs in Section 4. Let G[S] represent the induced sub-graph of
the node set S, S ⊆ V . The adjacent nodes of a node u, i.e., the nodes connected
to u with an edge, are its neighbours: N (u) = {u|{u, v} ∈ E}. The degree of u
is deg(u) := |N (u)|, i.e., the number of u’s neighbours.
Modularity [21] is a widely used objective function to measure the quality of
a network’s decomposition into communities and is defined as:
"
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where j is the number of communities in the network, mC is the number of
intra-community edges of C and deg C is the sum of degrees of all nodes in C.
2.2 The Proposed Approach
The definition of causality is based on the work of Halpern and Pearl [11]. Based
on their definition of actual causality we identify and analyze three main concepts
within our context: i) endogenous and exogenous pairs of nodes, ii) contingency
sets and iii) responsibility.
In general, the fact that a node, henceforth termed as the query node, belongs
to a community is mainly determined by its incident edges. However, the nonincident edges affect the composition of query’s node community and as a result
they can affect indirectly the node’s belongingness to it. Similar arguments hold
for the non-belongingness of a node to a community.
In a nutshell, we try to identify the existing edges that result in the user’s
v belongingness to a community. Similarly, we try to pinpoint the non-existent
incident edges of v that could put v in a new community. To this end, all possible
pairs of nodes in |V |·|V −1| in the network can be partitioned into exogenous and
endogenous ones3 . Exogenous pairs of nodes Ex ⊆ |V |·|V −1| are not considered
3

The endogenous and exogenous sets differ for different nodes. Also, the endogenous
set typically comprises the incident edges connecting this node to its neighbors.
Finally, allowing self-loops is not an issue, since if they are irrelevant to the setting,
we can simply make them exogenous.
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to have a causal effect on the (non-)belongingness of node v to a community and
endogenous Ee ⊆ |V | · |V − 1| are the pairs of nodes that can in principle infer
such causal implications. Note that Ex ∪ Ee = |V | · |V − 1| and Ex ∩ Ee = ∅.
To check if an edge e is a cause for the (non-)belongingness of a node v to
a particular community C, we have to find a set of endogenous pairs of nodes
whose edge removal/addition will allow e to immediately affect the belongingness
of v to the community C. These sets are called contingencies. Note that the
contingency set does not alone change the community of v but it is required
in order to unlock the causal effect of edge e on the belongingness of v. The
contingency set must be minimal, in a manner that removing any edge from it,
will dampen the causal effect of e to the belongingness of v to its community,
so, no redundancy is allowed.
In a sense, all incident edges (and possibly additional ones) of v affect its
belongingness to the community (either in positive or negative manner). Thus,
we need a ranking function that will allow us to reason about the most important
causes for v (non-)participating in the community. Responsibility [4] measures
the degree of causality of an edge e for a node v as a function of the smallest
contingency set.
In the following, we provide a definition of causality tailored to the problem
of why a node belongs to a particular community.
Definition 1. Let e ∈ Ee be the edge connecting an endogenous pair of nodes
and let v belong to community C.
– e is called a counterfactual cause for v ∈ C if for the network G = (V, E) it
holds that v ∈ C while for G0 = (V, E − {e}) it holds that v 6∈ C.
– e is called an actual cause for v ∈ C if there exists a set of edges Γ ⊆ Ee
called a contingency for e such that e is a counterfactual cause for v ∈ C in
the network G0 = (V, E − Γ ).
Next, we provide a definition of causality tailored to the problem of explaining
why node v is not a member of a community C 0 .
Definition 2. Let e ∈ Ee /E a non-existent edge and C 0 a community that does
not contain v.
– e is called a counterfactual cause for v ∈
/ C 0 if for the network G = (V, E) it
0
holds that v 6∈ C while for G = (V, E + {e}) it holds that v ∈ C.
– e is called an actual cause for v ∈
/ C if there exists a set of edges Γ ⊆ Ee
such that Γ ∩E = ∅ called a contingency for e such that e is a counterfactual
cause for v ∈
/ C 0 in the network G0 = (V, E + Γ ).
Finally, based on [4] we provide a measure of the degree of causality, thus
providing a ranking function for the various causes.
Definition 3. Let v be the query node with respect to a community C in the
network G = (V, E) and let the set of edges e be a cause. The responsibility of e
for v participating or not in C is:
ρe =

1
1 + minΓ |Γ |
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for all contingency sets Γ for e, where |Γ | is the size of the set Γ .
The domain of ρe is in (0, 1]. If the contingency set is ∅, then the responsibility is 1, otherwise, the larger the contingency set the less the responsibility. In
this way, we capture the degree of interventions needed (the set Γ ) to uncover
the causal implication of e on v with respect to community C.
At this point we need to discuss a distinguishing feature in the introduction
of causality in community detection. The counterfactual interventions suggested
by the contingency set and the cause may as well change other communities. This
may seem as an undesirable side-effect of our definition that we may choose to
ignore, as the question of the causes for the belongingness or non-belongingness
of v to community C is related to v alone, and so potential changes to other
communities are of no interest to v. Since these causes are counterfactual, in
fact no change happens if they are simply used for the purpose of briefing v.
However, if we consider v to be an agent whose purpose is to find out what
actions should be taken in order to achieve her removal from C (in the case
she asks of the causes of her belongingness to C) or her addition to C 0 (in the
case she asks of the causes of her non-belongingness to C 0 ) then this side-effect
becomes important. In this case, the causes and their corresponding contingency
sets can be considered as a suggested set of actions so that v achieves her goal.
Apparently, the endogenous set must be defined so that v can alter the corresponding edges. Going into more depth, one will confront various issues like the
identity problem that comes up in community detection in temporal networks
[23]; that is, after the intervention, what happens if C has changed so much
that cannot be considered as C anymore? We avoid such issues by introducing
a measure of such changes, called discrepancy.
Definition 4. Let v be a query node with respect to community C in the network
G = (V, E). Let Vc be the set of nodes, excluding v, that change community as a
result of the intervention implied by the cause e and its corresponding contingency
set Es . Then, the discrepancy γ(v, e, Es ) of v with respect to e and Es is defined
as:
|Vc |
γ(v, e, Es ) =
|V | − 1
The domain of the discrepancy is [0, 1]. If it is zero then no node changes
and thus |Vc | = 0. If all nodes change then |Vc | = |V | − 1 and thus discrepancy
is equal to 1.
Finally, we make three assumptions for efficiency and effectiveness purposes.
These assumptions mostly affect the algorithmic aspects discussed in the next
section, but are given here as part of the core proposal. The first assumption that
was already implied in the discussion of endogenous pairs of nodes, concerns the
edges that constitute causes of the (non-)belongingness of node v to a community
C. This is the Locality Assumption.
Assumption 1. The more distant two nodes the less they influence each other.
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This assumption allows us to focus on possible causes around node v and in
the involved communities. Pairs of nodes whose corresponding edges are considered far from v and do not belong to the involved communities are not considered
as endogenous. In community detection in unweighted networks, this assumption
is part of its very definition, since the belongingness of node v to a community
is guided mainly by its incident edges. Such an assumption is widely used in
network analysis [2,5,6], e.g., in social networks is known as the Friedkin’s postulate [9].
We also make an assumption concerning the size of communities, called
henceforth the Size Assumption. This assumption allows us to bound the number
of endogenous pairs of nodes introduced by the involved communities.
Assumption 2. Communities are polynomially smaller than the size of network.
Usually, communities tend to be smaller than the size of the network. As
discussed in [8], after systematic analysis by the authors of [15], communities in
many large networks, including traditional and online social networks, technological, information networks and web graphs, are fairly small in size. It is also
believed that the communities in biological networks are relatively small i.e.,
3 − 150 nodes [26,28]. We capture this phenomenon by assuming that the size of
communities is O(n ) for some small constant  < 1.
Finally, for efficiency reasons, we assume that both the number of causes and
the size of the Γ set are small. We call this assumption the Bound Assumption.
Assumption 3. The number of causes and the size of contingency sets are
bounded by a small constant.
This assumption is important because it limits the available options for causes
and the contingency set. If the number of causes was large, then the information
on the causal relations would be minuscule. Besides, if the size of the contingency
sets were large, that would lead to a very low value of responsibility, meaning
that the effect of the actual cause is minuscule.
Example. We discuss a simple example to provide a foothold to move to the
framework description in the next section. n Figure 1, the friendships between
members of the Zachary Karate club [29] are shown. The Louvain method [1] has
been used to partition the network into 4 communities. Note that in reality the
Green and Orange communities are the one group after the division while the
Blue and P urple communities correspond to the other group. The modularity
Q of this network decomposition is 0.417.
Let us first look at node 10. What is the cause for 10 ∈ Blue? Removing edge
(10, 34) apparently leads to 10 not belonging anymore in Blue but in Green and
thus edge (10, 34) is a counterfactual cause. This is the case with modularity
Q = 0.427 and no other node changes community, which means that discrepancy
γ = 0 while responsibility ρ = 1, since the contingency set is empty. The Locality
Assumption 1 was used since the endogenous pairs of nodes were assumed to be
only the neighbours of node 10. In case we extend the set of endogenous pairs to
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Fig. 1: The Zachary karate club network. There are 4 different communities denoted by different colors: Green, Orange, Blue and P urple.
Table 1: Causes for node 9 ∈
/ Green. ρ corresponds to responsibility, Q to modularity and γ to discrepancy. Not all nodes of Green are shown since they have
exactly the same behavior.
Γ
ρ
Q
γ
Cause
(9, 12) {(9, 2)} 12 0.402 0
(9, 20) {(9, 2)} 12 0.402 0
(9, 14) {(9, 2)} 12 0.402 0
(9, 4) {(9, 2)} 12 0.402 0
(9, 8) {(9, 2)} 12 0.402 0
(9, 2) {(9, 8)} 12 0.402 0
contain the neighbours of 34, we could weaken node 34, by choosing some of its
incident edges (with the exception of edge (34, 10)), thus indirectly making node
10 belong to Green. However, this is not a cause for 10 ∈ Blue but a by-product
of 34 being a hub node of Blue. Of course, by transitivity4 , the fact that 34 is
a hub of Blue causes 10 ∈ Blue through edge (34, 10), but we prefer to look
straightforwardly at the direct cause expressed by this edge.
Why does node 32 ∈
/ Blue? As seen in Figure 1, node 32 is quite central in
P urple community. We found out that the edge (31, 32) is a cause for 32 ∈
/ Blue
with contingency Γ = {(19, 32)} meaning that its responsibility for 32 ∈
/ Blue
is 1/2. Note that since the network is undirected the same can be said for edge
(19, 32) as a cause with contingency Γ = {(31, 32)} with ρ = 1/2. In this case
Q = 0.404 while node 29 is also put in Blue community, and thus γ = 1/34.
Finally, lets look at node 9. Why does 9 ∈
/ Green? Iterating over all nodes
in Green as causes we get the results in Table 1. The results are expected
since N (9) = {1, 3, 31, 33, 34}, which are the most central nodes w.r.t. degree in
their communities. We expected that (9, 2) would be a counterfactual cause for
9∈
/ Green but this is not the case.
What if we extend the definition of contingency and allow for deletions of
edges of 9 to nodes within its current community so that its belongingness to
Blue community is weakened? Then, in this case the edge (9, 34) is a cause with
Γ = {(9, 31)} since their removal moves 9 to Green with γ = 0 and Q = 0.423.
4

Transitivity does not hold in general w.r.t. causation [11].
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Algorithmic Aspects

In this section we describe algorithmic aspects that allow us to answer why
(Definition 1) and why-not (Definition 2) queries for community detection. We
first provide a general framework that is oblivious to the community detection
algorithm being used. Then, within this framework and for reasons of efficiency,
we specialize by focusing on modularity-based algorithms.
3.1 The General Framework
We begin by describing a trivial algorithm-agnostic framework. In fact, this
framework is so general that can be used as a first step for introducing causality
in different network settings as argued in Section 4. Assume an algorithm A
that divides a given network G = (V, E) into a set of communities C. We pose
the question “why a node v ∈ V belongs in community C ∈ C” (henceforth why
question). For the why-not question the framework works in the same way.
Following Definition 1, we need to identify edges within Ee that are causes
and discover their respective contingency sets Γ as well as the changes implied
by them in the community structure in order to compute the responsibility ρ
and the discrepancy γ. To accomplish this, we first iterate over all subsets c of
Ee to choose possible causes e in increasing size (starting from singletons) and
then we iterate on all subsets of Ee /e to compute Γ . We maintain the top-k
causes with highest ρ. If we are interested on γ as well, we could use either a
weighted mean or maintain the top-k dominating causes with respect to both
metrics. A very crude upper bound for the method is O(22y ) iterations of the
algorithm A, where y = |Ee | is the number of endogenous pairs of nodes.
Apparently, the time complexity of this framework is prohibitive. To speed
the algorithm up, we can use the Locality Assumption. In this sense, we can
define the endogenous pairs of nodes to be all corresponding edges at a small
distance from v. For example, if we include in the endogenous set the neighbours of v, then the number of iterations is O(22deg(v) ), which is considerably
smaller especially for sparse networks that are usually seen in practice. However, even in this case the number of iterations is quite large. We could further
reduce the complexity by having some information about the inner workings of
the algorithm A. In the following, we assume such an approach by looking at
an algorithm that optimizes modularity. In addition, for the why question we
consider as endogenous pairs of nodes all the neighbours of the query node v.
3.2 Working with Modularity-based Methods
Firstly, we apply a modularity based community detection algorithm in the given
network G, such as the Louvain method, which maximizes modularity. We refer
the reader to [1] for more details. G is now partitioned into communities.
We focus on the why question. Subsequently we have to decide which edges
will be examined as possible causes. Therefore, we use a combination of two metrics: embeddedness (ξv ) and degree (deg(v)) of the query node v. The embeddedness ξv of v in community C, is defined as the ratio between the number of edges
connecting v to nodes of C, and the degree of v [8], i.e., ξv = deg C (v)/deg(v).
The higher the value of ξv , the stronger the belongingness of v to C.
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However, this metric alone cannot be used in our case because it is misleading.
Let’s look at the example of Figure 1. The embeddedness of node 2 in the Green
community is approximately equal to 0.89. On the other hand, the embeddedness
of node 12 in the same community is equal to 1. However, node 12 has only
one edge and it is rational for this edge to be incident to a node of the same
community. Thus, we can combine embeddedness with the degree of the query
ξv · deg C (v)
, where max(deg C ) is
node resulting in a metric M as follows: Mv =
max(deg C )
the maximum node degree inside community C. As it can be understood, metric
M is defined as above in order to reward edges that participate more actively
in their community. It is also a simple metric that can be easily implemented.
Note that instead of M , we can use any other metric. Consequently, we rank the
edges by their M values in decreasing order, and consider as cause(s) the first
x edge(s) of this ranking. The constant x is defined by the maximum number
of causes as it has been assumed by the Bound Assumption. Then, we compute
the corresponding ρ and γ values.
Now the structure of G has changed due to the interventions ∆, implied by
the above causes and their Γ . Thus, we must apply again community detection in
the new network G0 , which is G after the integration of ∆. As it may be inferred,
the changes of G are not so radical and are observed to be around specific parts
of G. For this reason, we can apply the Louvain method only to a part of G whose
community affiliation might change due to the ∆. There are some incremental
community detection approaches such as [13,30] that can be implemented along
with either Louvain or any other modularity based community detection method.

4

Additional Issues and Extensions

In this section, we discuss various extensions to the framework discussed above.
Weighted Networks. The proposed approach can be extended to weighted
networks as well. An undirected, weighted network G = (V, E, w) is composed
of a node set V = {1, ..., n} with n = |V | nodes and an edge set E ⊆ V × V with
m = |E| undirected edges and edge weights w = E → R>0 . Definitions 1 and 2
are straightforward to apply. The weighted
P responsibility is a simple extension
of the unweighted case as we define Γ = e∈Γ w(e).
In weighted networks, where the weight corresponds to how strongly two
nodes are connected, the Locality Assumption implies that paths with large
total additive weight are preferred over paths of lower weight. This is because
it has been assumed that weights resemble similarity and not distance, in which
case one has to consider the inverse of weights. The major difference is that in the
unweighted case the choice for an edge is binary (remove/add). In the weighted
case, the choice is not binary since the algorithms to identify causes must also
be able to increase/decrease weights; e.g., in a social network these changes in
weights may correspond to the strengthening/weakening of a friendship. This
requires a strategy to handle these weights and affects the discrepancy measure.
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Uncertain Networks. Our approach is naturally extended to the case of uncertain networks. An uncertain network G = (V, E, P ) is defined over a set of
nodes V , a set of edges E between pairs of nodes and a probability distribution P
over the edges E. Definitions 1 and 2 as well as ρ and γ can be straightforwardly
generalized to uncertain networks, e.g., we can simply change the probability
of existence of an edge and increase it or decrease it in order to prove actual
causes. The approach will be very similar to the case of the weighted networks
with additional restrictions related to handling probabilities.
Extending the Definition of Contingency. The contingency sets may be
different considering the accepted actions we can do i.e. addition/removal of an
edge, weight changes, etc. Note that in Definition 1, Γ contains edges to be removed from the network. Γ could also include, if necessary, edges to be added.
Adding edges in this case strengthens the node’s belongingness to other communities, thus moving it further away from community C. Similarly, in Definition 2,
Γ contains edges to be added to the network. Γ could also include, if necessary,
edges to be removed that could indirectly lead v to belong to another community. Besides, if the network is weighted, the contingency set may be altered if we
consider the changes on the edges’ weights. Although these extended definitions
would provide more options, efficiency would be aggravated.
The Endogenous Pairs of Nodes. In general, for the why question, we can
consider as endogenous any pair of nodes whose corresponding edges are incident
to the query node. Furthermore, we can expand the former by adding edges that
belong to the same community as the query node. For the why-not question,
we can add to the endogenous set, pairs of nodes that belong to neighbouring
communities of the query node’s community. The choice of the endogenous pairs
of nodes is of critical importance for the efficiency and depends heavily on the
definitions of the actual cause and the contingency set as exemplified in our
previous point. In addition, this choice affects how much freedom the algorithm
will have in order to identify causes and especially surprising causes. A surprising
cause would be a distant edge to node v whose removal would lead v to change
its community according to algorithm A. This trade-off needs to be handled
carefully, as the more wider the endogenous sets, the more the availability of
possible causes but at the same time the more processing time will be needed.
Beyond Community Detection. The general but inefficient framework proposed in Section 3, can be readily extended to other network-related processing
problems as well. For example, asking why a node belongs to the k-core of the
network [17] can be tackled by this framework given that the appropriate changes
have been made to Definitions 1-4. In the following, we show how Definition 1
would change in this case.
Definition 5. Let e ∈ Ee be an endogenous pair of nodes and let v belong to
the k-core.
– e is called a counterfactual cause for v in the k-core if for the network G =
(V, E) it holds that v belongs to the k-core while for G0 = (V, E − {e}) it
holds that v does not belong to the k-core.
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– e is called an actual cause for v belonging in the k-core if there exists a set
of edges Γ ⊆ Ee called a contingency for e such that e is a counterfactual
cause for v belonging in the k-core in the network G0 = (V, E − Γ ).
In this case, Ee could contain all edges in the k-core of the network since
these are the possible causes for node v being in the k-core. Similarly, one can
introduce causality in the minimum cut problem in a weighted network (why
does edge e belong to the cut?). Efficiency issues must be handled in an ad-hoc
manner based on the problem at hand.
In the present work, we have introduced the concept of causal explanations in
community formation and we have proposed a framework for identifying actual
causes. In the future, we will focus on efficient algorithmic techniques as well
as on extensive experimental evaluation for different types of networks (e.g.,
directed, weighted) and different problems (e.g., overlapping communities, kcore decomposition).
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