Structure Prediction in Temporal Networks using
Frequent Subgraphs
Mayank Lahiri

Tanya Y. Berger-Wolf

Department of Computer Science
University of Illinois at Chicago
Chicago, IL 60607
Email: mlahiri@cs.uic.edu

Department of Computer Science
University of Illinois at Chicago
Chicago, IL 60607
Email: tanyabw@cs.uic.edu

Abstract— There are several types of processes which can be
modeled explicitly by recording the interactions between a set of
actors over time. In such applications, a common objective is,
given a series of observations, to predict exactly when certain
interactions will occur in the future. We present a representation
for this type of temporal data and a generic, adaptive algorithm
to predict the pattern of interactions at any arbitrary point in
the future. We test our algorithm on predicting patterns in email logs, correlations between stock closing prices, and social
grouping in herds of Plains zebra. Our algorithm averages over
85% accuracy in predicting a set of interactions at any unseen
timestep. To the best of our knowledge, this is the first algorithm
that predicts interactions at the finest possible time grain.

I. I NTRODUCTION
In many applications, a common objective is to model
the dynamic behavior of a process and to predict what it
will look like in the future. Several types of processes are
represented by a set of actors interacting over a period of
time. Examples which have recently been studied are the
evolution of bibliographic databases [1]–[5], the web and other
information networks [6]–[14], disease transmission paths in
epidemiological simulations [15]–[21], influence and information spread in a social network [22]–[30] and the graph of
stock price correlations above a minimum threshold [31], [32].
Temporal networks1 are a powerful generic model for such
processes [35]. A temporal network consists of a sequence
of regular graphs, each being a snapshot of interactions at
a particular instant or over a small time interval. Vertices in
each graph represent actors and edges between them represent
interactions, which can either be directed or undirected (bidirectional). The flexibility of the definition allows temporal
networks to be used to model a variety of processes while
maintaining the explicit order and concurrency of interactions.
There are many questions that can be posed for processes
represented as temporal networks. We focus on the task of
predicting the structure of the temporal network at each
timestep, thereby computing a model of the evolution of the
process under consideration. There is an extensive body of
work that focuses on problems related to the evolution of
networks, without the information on the order and concurrency of interactions. Such networks can be seen as collapsed
1 Similar representations are also known as dynamic networks [33], timeseries networks, and longitudinal data in social network analysis [34].

aggregations of temporal networks. A closely related problem
from such network analysis is that of link prediction in a graph,
which aims to rank all possible edges (interactions) by the
likelihood that they will occur in the future [4]. Our work
extends that definition to temporal networks by predicting the
structure of the graph which is not noise at each timestep.
The predictions are based solely on prior observations. Note,
that unlike the link prediction problem, we are concerned with
the ability to predict exactly when groups of interactions will
occur, not to predict the likelihood of every possible interaction
occurring in the future, regardless of the timing and order of
these occurrences.
In this paper, we present a generic, accurate, adaptive,
streaming algorithm for efficient structure prediction in temporal networks. Our algorithm does not rely on any domainspecific parameters. The data is assumed to be a stream of
graphs, and the algorithm adaptively learns a model for the
evolution of the process. Our algorithm uses the idea that probability density functions for the time interval between every
pair of interactions can be used to make predictions about
subsequent timesteps. However, directly using this approach
requires computing on pairs of edges and becomes intractable
for even medium-sized graphs. We propose the use of frequent
subgraphs in order to aid the tractability of the algorithm as
well as to filter out insignificant interactions. We tested our
algorithm on three diverse examples of real-world processes,
ranging from stock price correlations to dynamics in animal
populations. Our algorithm averages 85.7% accuracy when
predictions are allowed a single slack timestep. This is the
first algorithm, to the best of our knowledge, that predicts
interactions between actors at the finest possible time grain.
This paper is organized as follows. In the next section, we
review relevant prior work from computer science as well as
other fields. In the following section, we list some preliminary definitions and show an equivalence between temporal
networks and the traditional transactional, or ‘market basket’,
data that is common in data mining research. We then formally
describe the problem and our algorithm in Section II. In Section III, we describe the datasets used and present experimental
validation results. This is followed by a discussion, and then
conclusions and future work in Section IV.

A. Related Work
From a theoretical point of view on the evolution of
networks, there have been several papers that characterize the
evolution of large, complex networks such as bibliographic
databases [1], [36], [37] in terms of, among other measures,
changes in vertex degree distributions over time. Behavior
such as preferential attachment [37] and structural properties
like the ‘small-world’ effect [1] have been observed in several real-world networks. Similarly, Snijders [34] proposes a
sociological behavior model for actors, coupled with Markov
Chains in order to build models of temporal dynamics in social
networks. The models are evaluated using statistical measures,
but not empirically.
Most work in explicit link prediction has used static graphs
which aggregate temporal data in some way. The survey by
Getoor and Diehl [38] outlines some approaches to link mining
in general, and link prediction in particular. Similarly, Desikan
and Srivastava [7] outline a different three-tier approach to
mining temporal networks with an emphasis on temporal
networks generated from web usage logs. Liben-Nowell and
Kleinberg [4] test the accuracy of several structural measures
from social network analysis and web mining on ranking
potential future collaborations in a bibliographic database. Although the relatively simple common neighbors indicator was
found to be about as effective as more advanced techniques,
the accuracy of link prediction on the aggregated test interval
was still quite low.
Given a single graph with a partially known link structure,
Popescul and Ungar [39] try to infer which edges are missing
from the graph. Test data is generated by removing links from
a bibliographic database, following which effective features
for classification are extracted by searching over the space
of database queries. This is similar to the problem of graph
inference, where a partial structure of a single graph is given
and the remaining structure has to be inferred based on
topological features alone. Vert and Yamanishi [40] describe
a supervised learning approach to this problem. Note that this
is a different line of research that aims to reconstruct partially
specified biological networks in biologically meaningful ways.
There have been few papers that explicitly use temporal
data. Kempe, Kleinberg and Kumar [41] define temporal
networks as static graphs where every edge is labeled with the
time that the interaction took place. They define the inference
problem on temporal networks as that of reconstructing time
labels for unlabeled edges, given a partial labeling of the graph.
O’Madadhain, Hutchins and Smyth [42] outline a method to
perform explicit temporal prediction of interactions. Domaindependent features are extracted from the temporal data,
following which a probabilistic classifier is used to predict
future interactions. However, their focus is on predicting future
interactions which have not occurred before, whereas our
method predicts when frequent groups of interactions will
occur at the finest possible time grain, given that they have
occurred at some point in the past.
Finally, our method also relies on results from the field of

frequent pattern mining. Recent advances in frequent graph
and itemset mining have resulted in efficient algorithms for
mining both maximal and closed frequent subgraphs from
a database of graphs [31], [43]–[45], as well as specialized
frequent structures like cliques [31]. Efficient algorithms have
also been proposed for mining frequent closed itemsets [46],
[47] from large datasets, which are used in our algorithm.
B. Definitions
In this section, we formally define temporal networks and
frequent subgraphs. We assume that a temporal network is
being used to model interactions amongst a set of uniquely
defined actors.
Definition 1: A temporal network is a sequence of graphs
  , where      is the unweighted
graph of pairwise interactions at time    . We let 
 be the universal set of actors.


Note that not all actors have to be present in all timesteps,
thus     . Each actor    is uniquely labeled, and
each  can appear only once at each timestep. Furthermore,
for any    , if  is not connected to any other vertex, then
the self-edge     is implied.
Definition 2: For any graph ¼  ¼   ¼  such that  ¼ 
 , we define the support set of ¼ as  ¼    ¼   ,
that is, the set of timesteps for which ¼ is a subgraph of 
at that timestep. The cardinality of the support set,   ¼ , is
called the support of ¼ in .
if   ¼ 
Definition 3: A graph ¼ is frequent in
  is a fixed minimum
  , where  
support threshold.
Since the vertices in each graph  are uniquely labeled
and appear only once per graph, determining whether a
subgraph is contained in another graph does not involve graph
isomorphism. This is in contrast to the majority of research in
graph mining, where there is no restriction on the vertex labels
of a graph and, consequently, the need to check for subgraph
isomorphism.
Definition 4: Let be the set of all frequent subgraphs of
given a particular
. A graph   is maximal if
 
 is not a subgraph of  . A graph   is closed
if   , such that   , either  is not a subgraph of
 or  .
C. Mapping between Itemsets and Temporal Networks
Temporal networks with the constraints that we have imposed have an equivalence with the more traditional ‘market
basket’ type of data used in frequent itemset mining [48].
Market basket data consists of a set of transactions where each
transaction is a set of items drawn from a universal set. In order
to transform a temporal network into a transactional database,
for each graph   , each edge    can be uniquely
represented as a concatenation of the labels of its vertices.
Singleton vertices are represented by self-edges and will be
included in frequent subgraphs. With any mapping from this
concatenation to the set of integers, each    becomes an

‘item’ and each timestep becomes a transaction of items. In
this way, tools for mining frequent itemsets can be used to
mine frequent subgraphs. Itemset mining does not incur the
cost of checking for subgraph isomorphism that is required to
varying degrees in general graph mining algorithms.
II. P REDICTION IN T EMPORAL N ETWORKS
We now formally define the structure prediction problem
for temporal networks and state our prediction algorithm.
A. Problem Statement
We define the structure prediction problem for temporal net  ,
works as follows: given a temporal network
predict a set of edges (interactions) for each  ¼   . One
possible approach is to directly estimate the probability density
function for the number of timesteps between an occurrence
of an edge followed by an edge  , for all and  . However,
this approach would have an inherently    complexity
in the number of vertices and timesteps, which is intractable
even for relatively small graphs with    and  .
Moreover, a blind density computation over the whole space of
edge pairs would include ones which have no real correlation.
We propose a modified version of this approach using frequent subgraphs instead of individual edges. There are two reasons for using this approach. The first being that to reduce the
number of edge pairs for which probability density functions
have to be calculated, we aim to retain statistically significant
groups of interactions. Frequent subgraphs can be used as
heuristic approximations of groups of statistically significant
concurrent interactions, and algorithms for their extraction are
specifically designed to operate efficiently on large databases.
The second reason for using frequent subgraphs, and closed
frequent subgraphs in particular, is that the number of closed
frequent subgraphs is typically asymptotically smaller than the
number of edges in a graph. The complexity of the density
estimation using frequent subgraphs instead of edge pairs
then becomes   , where  is the number of frequent
subgraphs. Our problem can now be redefined as one of
predicting frequent subgraphs at each timestep.
B. The Algorithm
We now describe our method for the problem of predicting
frequent subgraphs at each timestep. Our algorithm consists of
two main components: a probability density estimator for pairs
of frequent subgraphs and an adaptive prediction module.
1) Extract frequent closed subgraphs (using frequent closed
itemsets algorithm): Given a training temporal network, the
algorithm first extracts frequent closed subgraphs at a reason. We use the itemsets correspondence
able value of
and a frequent closed itemsets algorithm to achieve this goal.
Frequent closed subgraphs are one of three general approaches
to mining frequent subgraphs. A different approach is to
extract all frequent subgraphs. According to the downward
closure property, every subgraph of a frequent subgraph is also
frequent. This often leads to a massive number of frequent
subgraphs, limiting the utility of using frequent subgraphs

instead of edge pairs. An alternative approach mines only
maximal frequent subgraphs. This approach can be overly
restrictive because of the emphasis on maximizing the size of
subgraphs while excluding smaller subgraphs which might be
parts of larger frequent subgraphs, but also exist independently
of the larger subgraph at some timestep. A compromise
between these two approaches is to use frequent closed subgraphs, which are far fewer than the total number of frequent
subgraphs, but not as structurally biased as maximal frequent
subgraphs.
2) Learn the probability density function for each frequent
subgraph pair and create a prediction estimator for each
pair: The algorithm progressively learns probability density
functions   for each pair of frequent subgraphs    ,
representing the time interval to an occurrence of  after an
occurrence of  . That is,   is the relative frequency of
 occurring  timesteps after  . Note that the pair    
is permissible and is equivalent to the probability density
function for the distribution across timesteps of a particular
frequent subgraph  . An estimator, designated , uses the
density function approximations to estimate a likely value for
each time interval    . We found that using the highest
point estimate of a probability density function as  was
effective. For each  observed at the current timestep , the
pairs     are scanned for all  and a prediction is made
for  at timestep     .
3) Assign reliability values to each prediction estimator:
In order to suppress predictions which are likely not to be
reliable, the algorithm dynamically assigns a reliability to
different values of    . It does so by using positive and
negative examples created from the data. A positive example
for      is defined as  being observed in the data
stream at an interval of    timesteps from the last occurrence of  . A negative example for      is defined
.
as an incorrect prediction being made using    
In that case, all combinations of  ,  and  used to make
the prediction are punished. Note, that a positive example
is defined as a particular interval, not a prediction, being
correctly observed in the data stream. A particular hypothesis
     is used to make a prediction only when
the proportion of positive examples exceeds a pre-defined
threshold  . Although in principle any classification technique
can be used for this purpose, we found that using a simple ratio
seems to be quite effective and allows noisy  functions to
fall out of use because of incorrect predictions until they are
supported enough by the data to be used again.
The algorithm takes advantage of the fact that temporal
network data is inherently labeled. We can assume that vertices
of graphs in the test data are labeled as they are in the training
data 2 . As a result, streaming algorithms for temporal networks
can, in principle, continually evaluate their own performance
and adapt to changing processes. Predictions for new data are
confirmed before the algorithm is allowed to update its model
2 Note that a different line of research aims to label graph vertices given a
partial labeling [40].

using these data. Although this blurs the distinction between
training and testing data, it allows for agile model estimation.
We use training data to extract frequent subgraphs and learn
initial reliabilities for every density function. However, our
algorithm can also run without continual online learning. This,
in effect, predicts graph structure using a static model of the
evolution of the process learned from the training data alone.
We present results for both methods in the next section.

TABLE I
T EST DATASET STATISTICS

Dataset

Timesteps

Vertices

Total edges

Unique edges

Enron

1,213

75,026

936,032

295,233

Plains Zebras

228

1,002

435,926

168,787

Stock Market - 1

104

1,000

1,415,815

501,499

Stock Market - 2

121

2,500

4,910,962

2,482,911

III. E XPERIMENTAL S ETUP
In this section, we describe the implementation of our
algorithm and the datasets used to test its performance and
accuracy. Experimental results are then presented, followed
by a discussion of the results.
A. Datasets
We use four large, real-world temporal networks to test the
accuracy of our algorithm. The datasets range from networks
that are relatively sparse but with a large number of vertices
and timesteps, to more dense networks with fewer vertices
and timesteps. Each dataset is described below and Table I
lists statistics for each.
1) Enron e-mails: The Enron e-mail corpus is a publiclyavailable database of e-mails sent by and to employees at
the now defunct Enron Corporation [49]. We used a slightly
cleaner version with fewer integrity issues [50]. For each day
of the e-mail activity, message headers were extracted based on
their timestamps. Actors are identified by their e-mail address,
and an interaction occurs if an e-mail was sent between two
addresses on a given day. The timestep resolution is a single
day. Only one edge per day is incurred even if multiple emails
are sent between two actors. The direction of the email is
discarded in our experiments.
2) Plains zebras: Social interactions between Plains zebra
(Equus Burchelli) in Kenya were recorded by direct observations made by behavioral ecologists from Princeton [51].
The data is from visual scans of the populations typically
once a day over periods of several months. Each spatially
proximate group of animals represents a complete set of
interactions amongst those individuals. Individuals in each
group are identified. The GPS coordinates of each group are
noted.
3) Stock market: Correlations between closing prices of
stocks over a sampling period can be represented as a temporal network. Using publicly-available historical data for the
New York Stock Exchange (NYSE) ranging from 1988 to
2006 [52], we obtained daily closing prices for 3,416 stocks.
For every pair of stocks    , the correlation coefficient

 is defined as 

    , where    is the

 ½   ¾

and  over a
covariance of the daily closing prices of
sampling period. For every successive sampling period, an
edge     exists if     , where  is a minimum
correlation value. This form of the stock graph has been
shown to have the scale-free property common to many realworld social networks [32], as well as frequently occurring

patterns [31]. We use two versions of the stock graph, one with
a sampling period of 30 days and   (Stock Market-1)
and another with a sampling period of 5 days and  
(Stock Market-2). Furthermore, starting from the most recent
prices, we scan backwards and discard stocks that cease to
be traded. When the number of remaining stocks reaches a
fixed number, we terminate and keep only those stocks. In
this manner, we obtain properly aligned stock time series of
identical length. The smaller that fixed minimum number of
stocks, the longer the resulting time series will be. The fixed
minimum number of stocks chosen are 1,000 (Stock Market-1)
and 2,500 (Stock Market-2).
B. Experiment Parameters and Results
The algorithm was implemented in C and run on a dualcore Pentium D system running at 3.20GHz with 4GB of
RAM and Linux kernel 2.6.12. Each dataset was converted to
a transactional itemset representation using the transformation
described in Section I-C. In each dataset, the first one-fifth
   of timesteps was designated the training network.
Although the algorithm makes and tests predictions even when
processing the training network, these predictions are not
counted toward the final accuracy.
Once training and test networks have been obtained, frequent closed itemsets are extracted from the training network
using the publicly-available open-source implementation of the

MAFIA algorithm [47]. Depending on the network,
is gradually decreased from an initial value of 1 until a
reasonable number of frequent closed itemsets are found. We
found that a range of between 10 and 2,000 frequent closed
itemsets is quite effective, with the difference being in the total
number of predictions made.
After mining frequent closed itemsets, our prediction algorithm is run on the testing network once for each set of
 levels. A slack
frequent itemsets found at the different
interval is used for testing predictions. A prediction for a
frequent subgraph  at time  is considered correct if  is
. At ,
observed anywhere in the time interval    
all predictions have to be exactly accurate in each timestep.
The minimum reliability parameter  was set to 0.9 for all
runs and learning from test data after checking hypotheses
was enabled. The slack parameter for testing predictions was
varied in the range  .
Fig. 1 shows the accuracy of the algorithm on each dataset
for different values of
 and slack. Each run of the



TABLE II
AVERAGE ACCURACY OVER ALL DATASETS .
Slack

Accuracy
Online learning

Static model

0

34.4%

36.2%

1

85.7%

76.3%

2

90.3%

78.9%

algorithm took less than 5 minutes. When online learning is
enabled, streaming test data is used for continual learning once
hypotheses for new data have been tested. The alternative is a
static learned model, where only the training network is used
to learn predictor reliability. Table II lists the average accuracy
over all datasets at the highest mining support for each dataset.
, the fewer the number of
Note that the higher the
frequent subgraphs, and therefore the fewer the total number
of predictions made by the algorithm.
C. Discussion
The most prominent result of our experiments is that the
proposed network structure prediction algorithm is highly
accurate (with one slack time step). An important observation
is that predicting structure precisely at each timestep is a
difficult task. Moreover, it is unlikely that real-world processes, coupled with the error associated with any observation
process and an arbitrary quantization into timesteps, would
have such perfectly predictable patterns of interaction. This is
emphasized by the dramatic improvement in accuracy when
a single slack timestep is allowed for structure predictions,
and marginally thereafter for larger slack intervals. Although
the noise associated with precise predictions holds for all our
datasets, predictions made for a particular timestep, give or
take a timestep, allow us to model, with a high level of
confidence, when interactions will occur in a diverse range
of domains.
The use of frequent subgraphs is only one possible method
to reduce the space of entities being considered for temporal
dependence. We found that a higher mining support, which
usually results in fewer frequent subgraphs, generally leads to
improved performance. This agrees with the intuitive notion
that frequent patterns which occur more frequently than others
are likely to be more predictable. The tradeoff is that fewer
frequent subgraphs are likely to cover a smaller subset of
individuals. Noting that our algorithm predicts the occurrence
of frequent subgraphs, this leads to predictions covering fewer
individuals overall. A simple way to relax this restriction is to
maintain a buffer of the most recent timesteps and continually
extract local, as opposed to global, frequent subgraphs. This,
and other approaches, will be addressed in future work.
Our algorithm is designed to operate either in online mode,
where the model is continually updated once new timesteps are
revealed and hypotheses for them tested, or in offline mode,
where a static model is built from the training data and never
updated. The former approach has the advantage of being

able to adapt to non-stationary processes and is appropriate
for streaming applications where real-time predictions are
required. The offline approach is more useful when a certain
amount of data is available and an explicit picture of the
evolution of the process is required. Results obtained for
the same datasets in offline mode show minor performance
degradation in terms of accuracy and fewer predictions being
made as a result of the adaptive learning component being
disabled after the training set.
Finally, efficiency is a major motivating factor in our design.
With large networks, and moreover, streaming network data
becoming available, many theoretical approaches do not scale
well. Our work takes advantage of mature, mainstream data
mining algorithms which are specifically designed to handle
large datasets. Our method can handle streaming data and
make real-time predictions.
IV. C ONCLUSION AND F UTURE W ORK
We have presented a generic, online algorithm for predicting
a partial structure of a temporal network. Our algorithm is
accurately able to predict the structure of a temporal network
at an arbitrary unseen timestep with a slack of one timestep.
It can work as an online algorithm by continually updating
its model of the underlying process, or be used in offline
mode to predict a structure based on a static learned model
for an arbitrary number of timesteps. It is thus suitable for
applications with streaming data where real-time predictions
are required, as well as for more analytical applications where
the evolution of a process needs to be modeled precisely.
We were able to accurately predict, within one timestep,
correlations in stock prices, e-mail activity in a corporation,
and social groupings in populations of Plains zebra, with the
resolution of a timestep varying from one day for the e-mail
domain to 30 days for a version of the stock market graph.
While the prediction of a partial structure of the network
at each timestep has many applications, there is also a lot
of scope for future work. Perhaps most importantly, in our
current approach, frequent subgraphs are extracted once from
a training network. This precludes the possibility of capturing
groups of interactions which become frequent at a later point.
One possible solution is to use locally frequent subgraphs, or
subgraphs that have been frequent in the last  timesteps. These
could be dynamically extracted from the data stream, possibly
replacing older subgraphs.
The traditional focus for frequent subgraph mining has
been finding frequent structures in databases of chemical
compounds [53], [54]. Subgraph mining in temporal networks
suffers from the lack of an equitable support calculation
method similar to mining itemsets with multiple minimum
supports [55]. For example, if three actors   and  are
 timesteps, then they will not
present in fewer than
be included in any frequent subgraph. However, if ,  and
 always interact when they do appear, then the interaction
between them is predictable. What is needed is a method for

mining subgraphs based on more than an arbitrary
value. One possible method is to extract statistically significant
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interactions based on deviations from a random graph model
over the same set of actors. However, it is unclear what
would be a reasonable null hypothesis for temporal networks.
A different approach could combine measures like common
neighbors [4], [42] to include interactions which might not
be statistically significant in the training graph, but likely to
interact in the future.
There are other possible extensions and variations of the
algorithm specific to a given application domain. However, the
proposed algorithm provides an efficient and accurate basis for
those extensions.
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