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Abstract generation (sender) and reception (receiver). The

) model of propagation has been based on static
The paper develops a novel computational frameworkknowledge about people’s probability to transmit
for predicting communication flow in social netwsrk _information. But the nature and degree of propagati
based on several contextual features. The prob®m i are contingent upon the microscopic relationships
important because prediction of communication flow petween people engaged in the process of trangmissi
can impact timely sharing of specific information contextual information such as the local network
across a wide array of communities. We.det.ermnee th topology of the sender and receiver, relationsfifne
intent to communicate and communication delay topic of communication with past communication as
between users based on several contextual featares e as identity of the recipient, therefore, has been
a social network corresponding to (a) neighborhood incorporated. In web based analysis, the flow is
context, (b) topic context and (c) recipient coht&ke estimated from indirect evidence (e.g. a topic appe
intent to communicate and communication delay are 5, 5 blog several days after it appeared on another
modeled as regression problems which are effigientl blog), not from evidence of direct communication.

estimated using Support Vector Regression. Wedgiredi Tnys the effect of contextual factors on commuidcat
the intent and the delay, on an interval of imégs  is not easy to determine.

past communication data. We have excellent prexdticti
results on a real-world dataset from MySpace.com
with an accuracy of 13-16%. We show that the intent
to communicate is more significantly influenced by
contextual factors compared to the delay.

We describe the interactions between people by two
orthogonal yet complementary aspectaedia and
action Every interaction involving two people thus
comprises a medium for the propagation of infororati
(e.g. emails, messages, images etc) and an asgbciat
action that embodies that interaction (e.g. writiigg
posts, adoption of consumer goods etc). The pravkw
on information diffusion has focused only on the
actions of the members of the network. But the
semantics of theaction can change under different
media contents. Hence analysis of actions for
predicting diffusion without consideration of the
context in which the information is propagated is
limited.

The main contribution of this paper is the develepin

of a contextual framework to predict communication
flow between a pair of users. We are motivated by a
Physics based wave front metaphor in our
understanding of communication flow. This allows us
to assume conditional independence in communication
From a user’s contacts given a topic. We identifsee
aspects that affect communication on a specifigctop
I(a) neighborhood context, (b) topic context and (c)
recipient context. Neighborhood context refershe t
effect of the wuser's social network on her
- , - communication. It is affected by the number of
research of detecting mformaﬂon flow has beem_hyal messages by the user's contacts on the topic and th
focused on two aspects: (&) implicit assumption of commuynication in the local neighborhood on the dopi
presence of a (virtual) social network through wahic Topic context refers to the effect of the semantita
people can exchange information, and (b) disregard ;ser's past communication on a topic on her future
the local or neighborhood information, semantic .ommuynication on the same topic. Its features eetat
content of information, or the points of informatio 1o coherence of messages with respect to each othe

1. Introduction

In this paper, we develop a computational model for
predicting communication flow in large-scale social
networks using communication context. The predictio
of communication flow is important in
determining information propagation through social
networks and is useful in applications such asetaxd)
advertising.

There has been prior work on computational models
for information diffusion [2,7]. In [2] the authofecus

on analyzing the text in blog posts and use anespicl
disease propagation model for determining inforamati
diffusion. In [7], the authors present an early @t@m
based information flow model useful for
recommendation systems. There has also been prio
work on analysis of emails of software developéis [
to understand the relationship between the emai
activities and the software roles.

There are several limitations of prior work. Prior



as well as significance of a topic with respectato
user’s past communication. Recipient context refers
effect of the recipient identity on the user’s ité¢o

The solution to estimate both the likelihood ofoglis
communication or the intent to communicate with Bob
and the delay lies in determining the message tmitc

communicate. Its features consist of the level of understanding the contextual factors that affeet th
response from the recipient to the user, the tbpica communication between the two users on this specifi
alignment between the users, and the significarice o topic. There are three contextual factors relatmthe

communication to the recipient with respect to ithst
of the communication from the user. The intent to

sender that are examined in this paper — (a) efféct
the local social network of the sender, (b) relaidp

communicate and communication delay are estimatedof message topic to the sender’s past communigation
using Support Vector Regression (SVR) on a time and (c) relationship of the sender to the recipient

interval using their past communication as training
data.

We have excellent results on a real world

MySpace.com dataset on two sub-problems. We
computed the intent to communicate and delay on two

topics for a specific user and her network. Seogndl
we determined the intent to communicate as wethas
communication delay for a single topic, with vaxyin
network sizes, averaged over a set of eight cantaict

3. A Physics metaphor

We are motivated in the analysis of communication
flow by a physics based wave metaphdm. the
classical wave theory, the phase and magnitude of a
wave at a certain point and time in space is theali
superposition oéll waves from all sources, at the same
point in time and space. This superposition canlres

a user. Results show that SVR out performs the in constructive (when the phases align) or destrect

baseline technigue.
The rest of the paper is organized as follows. iS8e&

presents our problem statement. In section 3, we
discuss the motivation using a Physics metaphor

Section 4 describes the role of context in
communication flow. In sections 5, 6 and 7 we pnése
contextual features. In section 8 we describe p@up

vector regression method for prediction. Section 9

interference (when the
waves are out of
phase). Waves are
additionally affected by
the properties of the

medium and exhibit
phenomena such as
reflection.

discusses the MySpace dataset. In section 10, we/V€ present a simple

present the experimental results.

2. Problem Statement

We now present the technical challenges and key

example to illustrate the
role of the metaphor.
Let us consider Bob's
social network. Alice
and Christie are Bob's

Figure 2: Bob is affected
by messages from both
Christie and Alice.

issues addressed on this paper. Let Alice and Rob b contacts (Figure 2). We now apply the metaphoruio o

two users in a social network (Figure 1). Further
assume that Alice receives a message on topithe
technical problem addressed in this paper is tdipre
the communication flow between a pair of userssThi
is addressed by computing the likelihood that Alice
will communicate with Bob on a particular topic and
additionally, predict the delay in communication.

Past Future
\ B oY \A i
* " Intent to communicatglr
> W
/ ... R / .
/v s Response .,
‘A
Alice Bob

Figure 1. What is the likelihood that Alice
communicates with Bob? What is the
predicted delay?

problem. Bob’s communication to his contacts create
a primary wave front. When his recipients create
messages to further propagate the topic they genera
secondarywave fronts. Bob will also be the recipient
of messages from his contacts — these are reftexctio
backscatter The multiple communication wave fronts
reaching Alice will have constructive/destructive
effects on her intent to communicate based on her
communication context.

4. The role of context

In this section we discuss communication context an
how it is useful to predict communication flow.
Communication context [4] is the set of attributieat
affect communication between two individuals.
Contextual attributes are application dependentaaad
dynamic. In the application considered in this pape
we identify three aspects that affect communication



(a) neighborhood context, (b) topic context and (c) whereN is the total number of time slices priortto

recipient context. Let us assume that Alice plams t

send a message to her contacts about a topic (e.g6.2 Susceptibility

movies) at a certain point of time. Neighborhood
context refers to the effect of Alice’s contactwetk

on her planned communication. Topic context refers
the effect of Alice’spastcommunication about a topic

‘movies’ on her planned communication about the

same topic. Recipient context refers to effect o t
recipient identity (i.e. the specific persons withom
Alice communicates) on her intent to communicate. |
the next three sections, we shall present our agpro
to quantifying each of the above contextual atteku

5. Neighborhood context

Neighborhood context refers to the effect of therigs

social network on her communication. There are two
and

network effects of interest — backscatter
susceptibility. We shall use the following examfie
the following three sections. We have two userseli
(u) and Bob ¥) and Bob’s contactsa). Now assume
that Alice wants to discuss topic with Bob at a
specific time slicet, We also denote the count of
messages on fromutovasn, ( ).

5.1 Backscatter

Backscatter refers to the fraction of the messages
received byu from her contacts that are about a topic
. We can reasonably assume that a message sent by

at a certain point of timg will be affected by all the
messages sent s contacts on the same topicthat
arrived beforet;. We now assume that the number of
messages received from a specific contactis

Susceptibility measures whether the social network
that u interacts with is interested in the topic that she
plans to communicate on. Intuitively, if a netwdsk
susceptible to communication on a certain topienth

is more likely to send a message on topido her
network. Susceptibility is proportional to the nuenb
of messages sent lo§s contacts tdheir contacts This

is the key difference between susceptibility and
backscatter. Making identical assumptions as in the
calculation of backscatter, the susceptibilityaptured

as follows. The susceptibility due to one contadb

her entire social network at time sligés given by,

<3>

where, t;is the time-stamp of thid message from to
uand ( ,t, t) is an indicator functionl if t lies in
time slicet; and O otherwise. Thus, ., gives the
susceptibility due to a specific contagt (to her
contactsw) due to an earlier communication framo

v on the topic . Susceptibility for a specific topic,
for a useru, is just the sum of susceptibilities per
contactv, over all past time slices prior to

<4>

where,N is the number of time slices priorto

6. Topic context

independent of the number of messages from any othe Topic context refers to the effect of the semantita

contactv,, given . We further assume that each
contactv has the same importance with respectito
Thus the backscatter due to one contaict time slice

t; is given by,

<1>

where, tjis the time-stamp of th" message on topic
fromvtouand ( ,t,t) is an indicator functionl
if t lies in time slicet, and O otherwise. Thus, 4
gives the backscatter due to a specific contat u
and due to an earlier communication framon the
topic . Backscatter due to a specific contacts
proportional to the number of messages sent toyu.
The total backscattéB,( ) is given by the sum over
all messages received from kltontacts, prior td.

<2>

user’spastcommunication on the topic on her future
communication. We are interested in four measures —
(a) message coherence (b) temporal coherencep(c) to
relevance and (d) topic quantity.

6.1 Message coherence

Message coherence refers to consistency in message
semantics and the semantic relationships of the
messages with the current topige.g. ‘movies’).

We use the common sense reasoning toolkit
ConceptNet [3] to compute the distance [6] between
messages. ConceptNet has several desirable
characteristics that distinguish it from the othepular
knowledge network — WordNet [5]. First, it expands
on pure lexical terms to include higher order
compound concepts (“buy food”). The repository
represents semantic relations between concepts like
“effect-of”, “capable-of’, “made-of”, etc. Finally,



ConceptNet is powerful because it contains pralctica
knowledge — it will make the association that “stnts
are found in a library” whereas WordNet cannot make

such associations. Since our work is focused on

communication in online social networks, which
typically deals with casual conversations, ConceptN
is very useful.

Each message comprises a set of words and is ebitain
after stop word removal and word stemming on the
content of communication. Led(w;,w,) denote the
ConceptNet distance between two words (concempts)
and w. Then, the distance between a messaged a
topic is given as:

, <5>
where,w, is a word in message and w is a word
corresponding to . Given a topic, Wordnet [5] is
helpful in determining the synonym set for thatitop
this helps us determine the set of wowgdfor a topic

Message coheren€® ) is then computed as the ratio

of ()to ( ), where () isthe measure of the

average similarity of all messages with respectbjic
(computed using eq. <5> ), and where, is the set

computed. Hence for each time slgéduration of one
week in our experiments), we can compute mean and
variance (j, ).

6.3 Topic Relevance and Quantity

Topic relevance for usar on a topic refers to the
relationship betweetopics in her past communication
to the topic . We can compute topic relevancgu,

) for u on topic by the ratio of the number of
messages, ( ) on sent byu to all her contacts to
the total number of messages sent byo all her
contacts orall topics

<7>

Topic quantity is the number of topics on whichcli

has received messages in the recent past. We die¢erm
the number of topics via spectral clustering. We
consider messages on the same topic to belong to a
specific topic cluster. The number of such topic
clusters K) is determined dynamically in our
experiments. The effect of topic quanti® ) for a
topic on the intent to communicate for useris
inversely related to the number of topic clustkrs

of antonyms (obtained using WordNet) corresponding Q. ) = 1k. This implies that ifu receives messages

to the topic . This ratio has interesting properties: (1)
if C > 1, then the intent to communicate will be high
since messages onare highly coherent; (2) i€ < 1,
then the intent to communicate will be low, sinte i
implies that there is probably a topic@¢ ) which is
more coherent than; and (3) ifC ~ 1, then the effect

on many topics (largek), then the intent to
communicate will decrease.

7. Recipient context

Recipient context refers to effect of the recipient

on the intent to communicate might be considered jgentity onu’s intent to communicate. There are three

neutral due to the presence of several topics.

6.2 Temporal coherence

Temporal coherence is defined as the correlatidhef
time-stamps of the messages on a topic received by

personu. High coherence of messages in a recent pas

would increaseu’s intent to communicate and vice

versa. Temporal coherence is determined by the mea

and variance of the differences in the time stawips
messages received hyin the past referenced from
current timet,. The mean ; over a time slice; and
topic is given by the mean difference of the time-
stamps ) of all the messages in time slicg
referenced from current tinte

<6>

wherem is the index of a message of topicin the
time slice t; and wheren( ) is the number of
messages on topic in the time slicd;. Similarly, the
variance j° over a time slice; and topic s easily

measures of interest (a) reciprocity, (b)
communication correlation and (c) communication
significance.

Reciprocity refers to the ratio of the messagesived
from the recipient to those sent to the recipientthe

1jntended communication topic. Reciprocity , of a

useru with respect tov is given by the ratio of the

fumber of messages , sent byv to u to the number

of messagesn, , sent byu tov on topic . Reciprocity
is given as follows:

<8>

Communication correlation () refers to the topical
alignment between a user and her contact with
whom she wants to communicate. It is computed as a
histogram intersection distance over all time slice



b. The training set is then augmented with the
new samplesx.1, Yn+1) and a new regressd
<9> is learnt using this training set.

c. Repeat a-c until there are no more samples,.
Output: Error in predictionE.
where, ( .t) refers to the number messages sent by P P E

useru at timet; on topic . a. Usef(x) with training set{(x;, 1), ..., X,
yn)} and determine predicted.s.

=

Communication significance refers to the fractidn o

past messages to the specific contaon the current b. Determine the actual communication intent
communication topic. It is given by the rap ( ) Yn+1-
of the number of messages , from u to v to the c. Compute error a£= (Yn+1- n+1) ! Ynet-

number of messages framto allv on topic .
g P The use of the SVM based regression algorithm allow

<10> us to incrementally predict the intent to commutéca
and the communication delay for a userwith a
We next discuss how our computed features for specific contacy.
neighborhood, topic and recipient context are
incorporated into a Support Vector Regression based9. The MySpace dataset
technique. This is used to predict the intent to
communicate as well as the average delay inMySpace is the world's largest social networkint si

communication. with over 108 million users. The dataset used far o
experiments comprises approximately 20,000 users
8. Prediction Framework who have exchanged about 1,425,010 messages in the

time snapshot from September 2005 to April 200%& Th
The intent to communicate and delay can be modeledcrawling process was seeded from one of Tom’'s
as a regression problem where the relationships(super-user of MySpace who is a contact of all the
between the different model parameters can betlearnusers) top eight friends. A depth first strategyswa
over time and for specific individualsTo avoid adopted to continually crawl the friends of a usto
training the time series data every time when weage have sent messages to the user in the said tinedper
new test pair, we use an incremental SVM regressionThe process was continued till we reached the third
[9] method. The SVR prediction algorithm for inteat level friend of each user (friends-of-friends). hi
communicate is described in Table 1. Estimates ofstrategy was adopted to ensure that the data we are
communication delay can be determined using thedealing with  exhibits  sufficient traces of

same procedure as in Table 1. communication among the crawled users as well@s th

Table 1. Algorithm for SVR prediction. network of users was sufficiently cohesive in
relationship pertaining to communications.

Input: (X, V) , pairs of training We describe the network topology of the crawled

data. dataset using three standard metrics: averageeshort

a. Predicted intenk, i= 1, 2, ..., Nwhere N is path length, degree distribution and clustering

feature vectorss= {S( ), B ), C,( i, 2), a power law distributiorP(k)~ kK ( is a network
U, ) Q) o), ol s o Dk coefficient) with = 2.01. Finally the clustering
coefficient, defined as the probability that frisnaf a
person will mutually be friends too, was determined
be 0.79. These measures are consistent with Estist
of other social network datasets [8] which follow a
topology akin to scale-free networks and obseree th

b. Actual communication (based on frequency
count of messages sentbyov) y;i=1, 2, ...,
N where N is the number of time slices oyer
past communication for usetsandv on a

topic ) ;
P small-world phenomenon’.

Procedure: . _ _ _ We now discuss how each message is assigned a topic
a. The SVM regression functiof(x) is trained|  Thijs is done using a simple aggregation algorithat t
on {(x, 1), ..., & W)} It is tested on theé  exploits the tree structure of using WordNet [5. |
incremental sample(.1, Y+1)- WordNet, each word belongs to a synonym set




(synset), representing a unique lexical concept. Fo messages between the users and then computing the
each word in the message, we determine the symset t mean delay by examining the message time stamps.

third-level generalization for each synset. These messages we use the ConceptNet distance (ref5eq. <
typically are abstractions (‘entity, physical, otfjeis ) — for each message, we assume that the nearest
the third level generalization for the concept tand message (in terms of time) whose distance is below
we refer to them as _topi<_:s in this paper. Two_lower threshold is the corresponding message. We
level synsets are similar, if they share the samp&ct  5cknowledge that the message correspondence issue
We assign the topic to a message that coversithesta i penefit through a linguistic analysis of megsa —
number of message synsets. In this research wepgat is beyond the scope of this paper. Then thenme
examine the 25 most frequently occurring topics delay between two contactsandv on topic  is the
concerning about 15,000 users and 1,140,000 messagenean delay between all pairs of corresponding
exchang_ed k_)etween them. The topic histogram ismessages on the same topic. The predicted delay
shown in Figure 3(b). The two most frequently wltmes, ) fOr the next time slicéy. is computed at
occurring topics have been used for our experiments  {ime t_ as the mean delay across all previous time

= slices tillt,
%m w — <12>
5 ¢ - 10.2 Feature temporal dynamics
" : ENNANYRANNURRRNRRNERD] N this section, we describe some simple visuatinat
Shortest Path Lengths Topic Indices (In descending order of frequencies) ShOWing the temporal dynamiCS Of the different
a b . :
contextual features. We consider a single usecallo
Figure 3(a): Average Path Length social network comprising eight people averaged on
Distribution. (b) Topic Histogram. two topics A and B. The dynamics are shown over
_ duration of four weeks. Description of the topicghw
10. Experimental results examples is shown in Table 2.

Table 2. Topic abstractions used for

In this section we discuss the experimental results experiments.

conducted based on the model. We first discuss the

baseline techniques used for evaluating the matlel. Topic Abstraction Example message

then describe temporal dynamics of the features - . )

followed by the results of the predicted intent to 1OPICA  ‘entity, Hey .Julia, were you able to

communicate and the delay. Finally we discuss the ph_y5|c,al, find your car in the parking

evaluation of the individual contextual features. object lot? It h_as been hell of a day

today with thecar search...”

10.1 Baseline techniques TopicB  ‘person, “The party went off fine. We
. . - . someone, were eagerly waiting for

The baseline technique for predicting the intent to human’ Annie to come thoughShe

communicateis computed using the prior probability would really make a

of communication on topic . This probability is difference!”

proportional to the frequency count of messages
exchanged between the usarandv in the past on . Figure 4 (a-d) shows the visualization of the crital
The predicted intent is given by the ratio of the features. Each arm shows the corresponding entity
number of messagessent byu to v on topic  to the between the selected user and one of eight contacts
total number of messages on alkent byu to v in the also each column is a week’'s representation. The
past, described as below: features are: communication correlation (high value
<11> proportional to edge length), communication
significance (high value proportional to area ieator
] ] o ] in pie), reciprocity (proportional to share of leéimgn
The basellr}el technique of prediction of delay isdon g, edge) and backscatter (high value proportional
on determining the correspondences between tWoggarker shade of the circular area). The final inten

communicate and the delay are shown in (e-f). The



visualization of the features shows how the différe
features interact to yield high or low values ofeint
(proportional edge thickness) and delay (propodion
to edge length). It also shows that the valueshef t
features change temporally resulting in varyinggiint
and delay with respect to a particular pair of sser

10.3 Specific single-node network

In this section, we present the results of thenests

for intent to communicate and the delay conceriireg
topics A and B. This is done for a single usersalo
social network comprising eight people, over dorati
of five weeks. We also show the average error in
prediction across all 25 topics for five weeks.

%%m@ .
% ?%Q ?%@ O/’k@ y}ﬁ

i

o

Figure 4(a-f): Communication Correlatlon,
Communication Significance, Reciprocity,
Back Scatter, Predicted Intent, Delay.

Figure 5(a) and (b) show the mean intent to
communicate fowu for eachof her eight contacts for
the two topics A and B respectively. The values are
averaged over all five weeks. The figures showehre
measures per contact — (a) the actual communigation
(b) baseline communication using eq. <11> and () o
SVR based method (ref. Table 1). The figures reveal
that errors over the five weeks in the intent to
communicate for the SVR prediction is between

10~15% (mean error: Topic A: 12.83%, Topic B:
13.46%), while the error for the baseline technitgie
between 40~65% (mean error: Topic A: 49.21%, Topic
B: 45.49%). Our explanation for this discrepancyss
follows. The communication intent depends on a wide
variety of contextual factors (neighborhood, togind
recipient) and not just on prior probability of
communication on that topic. We believe that our
approach captures these important contextual fctor
yielding effective results.

c d
Figure 5(a-b): Intent to communicate on
topics A and B. (c-d): Error in prediction of
intent to communicate for topics A and B
over five weeks.

c d
Figure 6(a-b): Delay for topics A and B. (c-
d): Error in prediction of delay for topics A
and B over five weeks .



Figure 6(a-b) shows the mean predicted delayffmr compared to the actual communication. Note however
each of her eight contacts, averaged over five week that the SVR technique follows the actual
for topics A and B respectively. The figure again communication curve, while the baseline technicie i
shows three numbers as before, per contact. fairly stable. The overall decrease may be expthiaee

The figures (Figure 6 (a-b)) reveal that errorsrabe follt_)ws. With an increase in netv_vork size, the usay
five weeks in the delay estimate for the SVR préaiic be in regular corr_espondence with only a smalltioac
is between 10~15% (mean error: Topic A: 13.92%, of the netW(_)rk. Since we calculate the average alter
Topic B: 15.04%), while the error for the baseline contacts, this leads to an overall decrease iitkat.
technique is between 20~35% (mean error: Topic A: The analysis of delay prediction for the same t®gic
24.28%, Topic B: 28.48%). Interestingly, the baseli and B based on the variation of network size is
delay estimate (prior probability) works reasonably revealing. We observe from Figure 8(c-d) that with
well although not as well as the SVR technique. We increase in out-degree, the mean delay increass wi
conjecture that delay for a single person may beincrease in network size. We believe that this is
strongly influenced by factors other than the docia reflective of the fact that users may only correspo
network interaction (e.g. they may be habitual)eTh regularly with a small fraction of their networksince
results of the intent and delay hold equally gomrdttie we take the average over all users, this is inftedrby
average across 25 topics as well (Figure 7(a-b)). a majority with whom the user is not in active
communication. Interestingly, the baseline techeiqu
again performs well, indicating that the delay ntey
due to intrinsic factors (e.g. habitual) and leSscted
by the contextual factors. The errors in delay tfoe
SVR case are between 12% and 20%. The errors for
the baseline case are between 23% and 35%.

a b
Figure 7(a-b): Error in p redicted intent and
delay averaged across 25 topics.

10.4 Network scaling properties

In this section, we present the results of the ipted
intent to communicate and delay for two topics (& a
B), for a single time slice, but with varying sdcia
network sizes. The goal is to understand the rbtbe
size of the social network on the prediction result

We created a set of networks by sampling the My8pac

dataset. We used an exponential functidn)=

exgn/k), wherek= 4.6 andn= 1, 2, 3, 4, ..., 35 to

choose networks with node out-degree val@es We ) c d ]

selected the top three users corresponding to ach Figure 8(a-b): Predicted intent against out = -
based on high message density (number of message  degree for Topics A and B. (c-d): Predicted
exchanged by the user with her social network) gisin delay against out-degree for Topics A and B.

the MySpace dataset. The intent to communicate on

topic A and B for each of these three users witirth  10.5 Evaluation of features

individual social networks is determined. The mean

intent to communicate per network sizds then the  |n this section, we discuss the evaluation of theegal
mean of the intent to communicate for the threesuse contextual features used in our prediction modée T
(whose network size is), with their networks. results span across the topics A and B and oviegies
We observe from Figure 8(a-b) that the predictedRSY person’s social network of eight contacts for three
intent follows a gradual decay as the out-degree consecutive time slices (three weeks).

increases. The SVR prediction outperforms the For evaluation of each individual feature, we addpt
baseline technique with a mean error of 18-20% the L-O-O (or Leave-One-Out) procedure. We



determine the error in prediction of the intent aathy (c) recipient context. The intent to communicatel an
leaving one feature out at a time. Figure 9(a-begi  communication delay were estimated using Support
the errors in prediction of the intent to commutéca Vector Regression over a set of contextual features
and (c-d) gives those for the predicted delay.dohe  We have excellent results on a real world
set of the nine bars, each bar corresponds tortbeia MySpace.com dataset on two different scenariosr— fo
prediction when a particular feature (indicatedthe a single user as well as over networks of different
legend) is left out. From analysis of the errorg& w sizes. Our results show that SVR out performs the
notice that five features: susceptibility, back twra baseline technique, with significantly smaller erom
message coherence, communication significance andoth problems. Interestingly while the intent to
reciprocity, when left out, negatively affect the communicate is strongly affected by the contextual
prediction, implying their significance. factors, the delay is less affected suggestingftitaors
external to the social network may be responsible.

There are several interesting directions to futmoek:
(a) Comparison against a standardized flow modgl e.
epidemic disease propagation model (b) Prediction,
given a pair of users who are separated ljfferent
people in the social network (c) Contextual coitieta
or coupling between contextual features and (d)
b Temporal evolution of communication context using a
partially observable Markov decision process
(POMDP). People engaged in communication can be
assumed to exhibit variable communicative behavior
under partially observable finite states (e.g. fioces,
time zones etc).
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