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ABSTRACT 
 
Coping with Information Overload is a major challenge of 
the 21st century.  Huge volumes and varieties of multilingual 
data must be processed to extract salient information.  
Previous research has addressed automatic characterization 
of streaming content.  However, information includes both 
content and associated meta-data, which humans deal with 
as a gestalt but computer systems often treat separately.  
Random attributed graphs provide an effective means to 
characterize and draw inferences from large volumes of 
language content plus associated meta-data.  This paper 
describes these methods and their utility, with experimental 
proof-of-concept on the Switchboard and Enron corpora. 
 

Index Terms — random attributed graphs, change 
detection, statistical inference, coping with information 
overload. 
 

1. INTRODUCTION 
 
We are interested in communications amongst a set of 
entities over time.  These entities can be people, places, 
organizations or devices.  We focus on communications 
comprising human language, encoded in speech, text or 
images.  Previous research has addressed how to 
characterize a time series of such content [Gr08][Wr08]. 
However, such content is often accompanied by meta-data 
about the communicants.  We refer to this combination of 
content and context as a communication event.  We 
represent a collection of communication events as a graph, 
where the communicants correspond to vertices and the 
communications correspond to edges. This attributed graph 
structure allows us to characterize and draw inferences on 
large sets of communication events.  

This graph can be enriched by extracting meta-data 
from content (e.g. topic, language, or speaker) and encoding 
this meta-content as edge attributes.  One can further enrich 
the graph via vertex attributes encoding meta-data about the 
communicants (e.g. gender, age or name.)  Such a data 
structure is denoted an attributed graph [Wa94] 

representing information about both the content and context 
of a set of communication events. 

Given a time series of attributed graphs, classic 
objectives of signal processing are to ‘estimate characteristic 
parameters’ [Op75] or to detect a signal in background noise 
[Va68].  Our approach is to model the data as observations 
of an underlying random process, i.e. a random attributed 
graph [Se92].  We then apply these methods to information 
exploitation tasks involving statistical inference. 

 In this paper, we describe the underlying theory, 
simulations and experimental proof-of-concept on two 
statistical inference tasks.  The first task demonstrates the 
utility of a joint model for estimating unseen parameters 
(demographic distributions) from observed parameter 
estimates (turn-taking style) [Gr09], using the Switchboard-1 
corpus [Go97].  The second task demonstrates that a joint 
model of content and context can enable more powerful 
statistical inference than either alone.  In particular, this is 
shown for detection of chatter-group anomalies in simulated 
data [Gr09a] and in a time series derived from the Enron 
corpus [Kl04][Pr09]. 

The subsequent sections are as follows.  Section 2 will 
describe attributed graphs and illustrate their utility in 
representing sets of communication events.  Section 3 will 
introduce and exploit random attributed graphs as a joint 
model of meta-content (turn-taking behavior) and contextual 
meta-data (demographics).  Section 4 will describe Bernoulli 
attributed random graphs and demonstrate how change 
detection via this joint model can be more powerful than 
either content or context alone.  Experimental results are 
then reported for the Enron corpus. 
 

2. ATTRIBUTED GRAPHS 
 
The much-studied Enron corpus comprises a collection of 
500K emails amongst ~150 users over several years.  Figure 
1 illustrates a small subset of that data, where each row is a 
multi-dimensional heterogeneous feature vector derived 
from an individual email.  There is external meta-data such 
as the date and time that an email was sent, plus other meta-
data indicating the sender and recipient.  Thus, we can 
encode this data as an attributed graph, with the 



communicants corresponding to vertices and with topic 
labels encoded as edge attributes.   

The Switchboard corpus comprises ~2500 topical 
telephone conversations, each between a pair selected from 
~500 speakers.  For each speaker, there is demographic 
information such as gender, age and education.  For each 
spoken conversation, there exists a wide variety of 
annotation and experiments involving meta-content such as 
speaker, topic, transcription and speech activity. 

Figure 2 shows the corresponding communications 
graph, where each vertex corresponds to a speaker and each 
edge to a spoken conversation.  The data collection for 
Switchboard allowed participants to initiate a conversation, 
whence the collection system paired the initiator with a 
willing interlocutor.  The communications graph 
demonstrates a familiar bow-tie structure, where some 
speakers only initiate and some only respond to requests to 
participate.  The degree of each vertex corresponds to a 
‘willingness to participate’ for the corresponding speaker 
[Gr09]. 
 
 

 
 

Figure 1 
Illustrative Data from the Enron Corpus 

 
3. ESTIMATING UNSEEN PARAMETERS USING 

THE JOINT DISTRIBUTION 
 
We review the experiment [Gr09] which constructs and then 
exploits a joint model of demographic (context) and turn-
taking behavior (meta-content).  This joint model is a 
random attributed graph, with demographics as 
speaker/vertex attributes and turn-taking behavior as edge 
attributes.  This experiment illustrates the utility of a joint 
model in estimating unseen parameters (demographic 
distributions) from observed parameters (turn-taking 
behavior).  

As illustrated in Figure 3, each speaker in a 
conversation can be active (state A) or inactive (state I).  
This state is automatically derived from content via speech 
activity detection.   Four dialog states can be induced as 
shown:  AI, AA, IA and II. 

A four-state Semi-Markov model is trained from this 
data via maximum likelihood estimation, with gamma 
distributions modeling duration within each state.  Divisive 
clustering in this model space defines two turn-taking styles, 
which correspond to different demographic distributions.  
For example, while the global demographics of gender is 
1:1, for styles 0 and 1 the demographics are 2:1 and 1:2 
respectively. 
 
 

 
 

Figure 2 
Communications Graph from Switchboard Corpus 

 
 
 

 
 

Figure 3 
Dialog States induced from Speech Activity Detection 

 
Figure 4 illustrates how one can enrich the initial vertex 

attributes.  Consider the vertex/speaker labeled v.  The Xn 
denote the external demographic attributes provided in the 
Switchboard corpus.  The Yk denote the turn-taking style of 
each dialog.  One can then induce a turn-taking style for the 
speaker v , which we denote as T(Y), which is some function 
of the individual dialog-styles. 

We can further enrich the vertex attributes via graph-
derived meta-data, e.g. the degree of the vertex, denoted #v.  
This degree measures the willingness of an individual to 
participate in the data collection. 

This random attributed graph provides a joint model of 
edge attributes (Y terms are estimated from the observable 
speech content) and vertex attributes (the X terms are not 
observable from content).  The most basic application of a 
joint model is to infer distributions of unseen parameters 
from those of observed parameters.  Exploiting observed 



turn-taking behavior improves the estimate of certain 
demographic features (e.g. gender and accent) [Gr09]. 
 

 
 

Figure 4 
Enriching Vertex/Speaker Attributes 

 
 

4. CHANGE/ANOMALY DETECTION 
 
Given a time series of graphs, Figure 5 illustrates a change-
point from a homogeneous graph to the appearance of an 
anomalous chatter-group.  This is denoted as a kidney and 
egg anomaly. 
 

 
 

Figure 5 
Change Detection in a Time Series of Graphs  

 
Figure 6 illustrates an egg anomaly within a Bernoulli 

random attributed graph.  The noise or null hypothesis is a 
graph with n vertices, where each pair of vertices are 
connected with probability p .  This random graph is also 
denoted an Erd� s–Rényi graph, ER(n,p) [Er59].  Each edge 
is then labeled with topic 0 or 1, with �  = Prob(topic=1) .  
We denote this random attributed graph as ERC(n,p,� ), i.e. 
Erd� s–Rényi with content-derived edge-attributes. 

The signal or alternative hypothesis adds to an ERC 
graph an anomalous ERC subgraph (egg) with m vertices 
and different parameters q and � ’ .  This alternative 
hypothesis is denoted K(n, p, � , m, q, � ’) as illustrated in 
Figure 6.  The change detection task is then to construct a 
statistical test for these hypotheses.  This can be recast via 
traditional signal detection notation as follows. 

In Figure 7, let GN(t) denote the background noise over 
time, an i.i.d. random process with underlying distribution 
given by the ERC model.  Let GS(t) denote the signal, 

corresponding to the egg anomaly.  Their sum, GN(t)+GS(t) 
is the alternative hypothesis K.  The statistical inference task 
is to detect the presence of the signal in noise. 

 
 

Figure 6 
Kidney/Egg Anomaly  

in a Bernoulli Attributed Random Graph 
 
 
 

  
 

Figure 7 
Detecting Signal (Egg) in Noise (Bernoulli Graph) 

 
We briefly review the results [Gr09a], proving that a 

detector based on a fused test-statistic combining content 
and context can be more powerful than a test based on either 
alone.  Consider the graph-based test statistic TG = number 
of edges in the graph.  Then consider the content-based test 
statistic TC = number of edges labeled with topic 1.  A 
simple fused test-statistic is TF = TG + TC . 

Given the parameters of K(n, p, � , m, q, � ’) , we select 
values of the null parameters p=� =0.5 with a fixed m.  For 
any particular alternative (signal) parameters q, � ’  in 
[0.5,1.0], Monte-Carlo  simulations can compute the powers 
of these three tests for a fixed significance level (� =0.05), 
denoted � G  , � C  and � F  .  We consider a measure of relative 
power between the fused test and the individuals, � (q, � ’)= 
� F – max(� G,� C).  �  is positive when the fused test is more 
powerful than either content or context alone.  The result of 
this simulation is shown in Figure 8, with �  plotted as grey-
scale versus q and � ’ , where lighter is bigger..  The curves 
indicate the boundaries where � (q, � ’)= 0 .  The point 
indicated by * is where �  is maximum. 



Within the Enron corpus, [Pr09] considers a time 
interval during 2001, which is stable as measured by scan 
statistics, illustrated in Figure 9.  These involve (possibly 
attributed) edge counts in some neighborhood of a vertex 
normalized over recent history. Meta-content parameter �  is 
estimated from topic identification on the email content. 

We can inject an egg anomaly into that stable region as 
follows:  during a particular short interval, randomly select a 
subset of m vertices and replace edges within that block with 
others generated via parameters (q, � ’)  of the K model.   

Upon performing Monte Carlo experiments with many 
replicates of such anomaly injection, we observe power 
results analogous to those in the simple hypothesis test of 
ER(n,p) versus K(n, p, � , m, q, � ’) .  That is, for certain 
parameter values, a scan statistic based upon both edge and 
topic counts is more powerful than one based upon either 
alone.  Figure 10 shows that the power of the three tests 
increases as does m, the egg-size.  Examining the values at 
m=13, observe � G =0.25 . � C =0.2  and � F = 0.85.  I.e., 
� =0.6. 

 

 
Figure 8 

Power difference as a function of anomaly parameters 
 
 

 
 

Figure 9 
Stable Region of Enron Corpus 

 
5. CONCLUSIONS 

 
In conclusion, this paper has provided an overview and 
introduction to our research on exploiting joint models of 

content and context via statistical inference on random 
attributed graphs. 
 

 
Figure 10 

Test Power of Scan Statistics for Enron as m increases 
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