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Mode ling Information Equality
Socialand Media Latency Effects on Information Diffusion

We live in the “information age. This assertion has deve boped over the last few decades
from a radical reconceptualization of society and power to a clich often mouthed by marketers,
po liticians, and academics alike. It appears to be one of the few points on whichnearly all
contemporary social theorists agree.

But what, exactly, does this assertion mean? The answer differs from theorist to theorist
Castells (2000a, 2000b, 2001 a, 2001 b) points to the confluence of three trends: the growing
power and pervasiveness of ICT s; the emergence ofa globaleconomy; and the increasing social
value of free and open communication. To Castells, these factors combine to produce a new
social structure that abandons traditional hierarc hies for a network mode L

Ball-Rokeach (Gibbs, BallFRokeach, Jung, Kim, & Qiu, in press; Loges & Jung, 2001 ;
Matei & Ball-Rokeach, 2002) positions information, instantiated in the actof “storytelling, at
the center of power re lations between individuals, community organizations and global
institutions, facilitated by both mass and interpersonal communication media. In her
communication infrastructure (CI) model, information is envisioned as the key thatallows
individuals to achieve crucial personal goals, suchas understanding, orientation, and play, bo th
individually and socially.

Bell (1 999) distinguishes today's “post-industrial society from the past industrial society
on the basis of the shift from a Marxian “labor theoryofvalue to a more current “knowled ge
theoryofvalue (p. xvii). Information has supplanted labor as the building block of modem
societies. Its superiority, he argues, rests in its reflexivity (knowled ge begets more knowlkedge,

unlike labor) and in its potential rok as a colkctive good, rather than a scarce resource.
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Whik these theorists, and others, may have different models for discussing the rolk of
information Vis a vis social, political and economic institutions, eachagrees that information, and
its exchange, are now fundamental It follows thataccess to information —who larns what, and
when —is key, especially as the gap between information “haves and “have-nots threatens to
grow continually wider. This threat is tacitly addressed in our legal institutions (e.g laws against
insider stock trading), newer social conventions (e.g. file sharing, blogging), and explicitly
acknowledged by some communication theorists (Deroian, 2002; Himanen, 2001 ).

In this study, we address the po litical ramifications of information-as-currency in
interpersonal communication networks. Specifically, we are interested in measuring information
equality, defined as the extent to which members of a societyor social network have access to
equivakent information at relative lyequivaknt speeds. The degree of information equality
possessed by a network can be understood as an emergent property generated by the information
latencies within that network. Specifically, we identify two network properties, social structure
and the communication infrastructure, that impact information latency. We label theireffects,
respectively, as social latency and media latency.

In an ideal network, every node would have the capacity to communicate instantaneously
witheveryother node. In the real world, socialbarriers limit the number of possibk interlocutors
a given person may have access to. The emergenteffectof this limitation is an overall lag in the
speed with which information can traverse an entire social network — hence, social latency.
Similarly, techno logical limitations and unequalaccess to, and use of, communication media

produce media latency at the network level
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Policy Considerations

The effects of social latency and media latencyon a network’s information equality have
profound po licy consequences. Digitaldivide research (Haythomewaite, 2001 ; Jung, Qiu, &
Kim, 2001 ; Loges & Jung, 2001 ; Mansell, 1 999; Sidorenko & Findlay, 2001 ) has previously
identified social consequences of the unequal distribution and use of communication media. A
policy issue arising from this, specifically from knowldge gap research (Tichenor, Dono hue, &
Olien, 1 970), has been the tendency of newer communication techno b gies to widen the inherent
social inequalities in the system.

The authors point © a number of contributory factors at work in creating this differential
effect, including communication skills (attributed to better education—a socioeconomic
attribute), existing knowled ge, re e vant social contact, the nature of the mass medium itself, and
se kctive exposure, acceptance and retention of information. Of particular interest for this paper,
research found that social subsystems that benefited the most tended to be those thatstarted with
the greatestad vantage.

The knowledge gap hypo thesis has come under criticism from several quarters since it
was first proposed, including the privileging of certain types of information (news and public
affairs were the original information topics measured). Gaziano and Gaziano (1 999), for
exampk, argue that knowlkdge gap research has yie ded inconsistent results because researchers
“combine and confuse concepts from different perspectives that vary in levels of analysis and
assumptions (p. 118). However, researchon this hypothesis is confounded by these limitations,
the premise that new ideas and technologies can increase, rather than close, the gap between

information haves and have-nots remains a vital consideration for research, suchas ours, focused
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on the impactof ICT s on social networks. Indeed, the policy considerations arising from the
knowledge gap hypothesis found an ally in research concerning the digitaldivide.

Follbwing the formative years of the World Wide Web, several studies (Basil, Brown, &
Bocamea, 2002; Haythornewaite, 2001 ; Hoffman, Novak, & Schlbsser, 2000; Jung, etal, 2001 ;
Katz & Rice, 2002; Lenhart, 2000; Loges & Jung, 2001 ; Mansell, 1 999; Sidorenko & Find lay,
2001 ) showed that there were significantdifferences in terms ofaccess to and use of the Intermet
with regards to certain ke y demo graphic measures — name ly, gender, education, race, age,
localke, and income — as well as disparities be tween post-industrial societies and the so-calked
“developing world. These observations gave rise to the digitaldivide debate, in whichone side
argued thatdisparity would narrow as diffusion increased, and the other side argued thatsocial
inequities would only increase with time. Traditional measures of access support the first group,
showing gaps narrowing in recent years across incomes, race, and education, and disappearing
compltely with regards to gender (Howard, Raine & Jones, 2001 ; Katz & Rice, 2002; Lenhartet
al, 2003; Nie & Erbring, 2000).

However, proponents for socialequity challenge these findings (Norris, 2001 ; Schilkr,

1 999) and question whether diffusion of technology is a meaningful measure. Jung, etal (2001 ;
also see Loges & Jung, 2001 ; Walther, Slovacek & Tidwell, 2001 ), for instance, have created an
Internet connectedness index (ICI) which reveals continuing inequalities in terms of the intensity
and satisfaction of Internet use despite the narrowing gap in basic access. This dissatisfaction
with using access o technolbgyand time spentusing techno logy as unqualified barometers of
socialequality is a theme we echo in ourown research Rather than simplyexploring new

technoogy' s impacton the speed at which members of a network receive information, we are
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concerned withexamining the differential rates of access to information, looking for lingering
social inequities beneath the surface appearance of uniform benefit

Several state-sponsored and non-governmental organizations (NGOs) have attempted to
address these issues by upgrading, expanding, or democratizing the media infrastructure of
communities. These agencies range from the Bill& Melinda Gates Foundation
(http://www.gatesfoundation.org) to the World Links for Deve lopment Program
(http://www.world-links.org), and the United Negro College Fund (http://www.uncforg). As the
knowledge gap and digitaldivide researchshows, the degree to which suchefforts can be
characterized as successful large ly depends on the evaluative mechanism and criteria emplo yed
by the researchers.

We believe that these efforts suffer from three principal limitations: focus on media
latency at the expense of social latency; lack of an evaluative mechanism thataccounts for
information equality within the network under study; and lack of adequate predictive power to
confidently invest in change. Itis ouraim to address these limitations, bydeveloping a diffusion
of information mode1 thatencompasses both socialand media latency as independent variables
and predicts information equality as a dependent variable. Specifically, we incorporate diffusion
researchand social network analysis into an agent-based predictive model
Diffusion Research

Diffusion of innovation research (Granovetter, 1 978; Rogers & S hoemaker, 1 971 ;
Valknte, 1996), and its less common theoretical sibling, diffusion of information research
(Rogers, 2000; We llman & Berkowitz, 1 988), consider the multi-level processes whereby

messages, attitudes and be haviors are spread througha social system.
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Rogers (2003) classifies members of social systems based on the degree o whichan
individual is relatively earlier to adoptan innovative idea than other members. Of interest froma
political standpoint is the observation, mirroring in the findings of knowldge gap research, that
earlier adopters tend to have higher socioeconomic status than later ones. Specifically, they tend
to have more years of formaleducation, are more likely to be litrate, have higher socialstatus,
and a greater degree of social upward mobility.

Itis important to note that this social stratification is understood to be an effect, as well as
a cause, of diffusion processes. In the words of Rogers (2003), “the consequences of the
diffusion of innovations usually widen the gap between the audience segments previously high
and low in socioeconomic status (p. 443). This observation is directly relevant to a network’s
information equality; to the extent thatdifferential rates of access to communication create
separate information classes (ie. haves and have-nots), these classes tend to map onto
preexisting socioe conomic strata.

Diffusion researchalso focuses on the conceptofsalience, or the perceived importance of
a message o an individual in a network. Researchers suchas Rogers (2003) have demonstrated
that the perceived salience of a message or innovation has a measurabl impacton whether the
message is relayed or the innovation is adopted. This is a concept we incorporate info our model,
witha variation. Valente (1 996) distinguis hes between innovation with respect to an individual's
personalsocial system and innovation with respect to the entire network. We apply this
bifurcation to our measure of salience, distinguishing between “personal salience (the degree to
whicha message is perceived as relevant to an individual) and “network salience (the degree to

whicha message is perceived as relevant to the entire network).
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We are hardly the first researchers to applya political lens to diffusion research Deroian
(2002), for instance, suggests “some po litical implications of social network formation with
regard to diffusion of innovation (p. 845). Rogers (2000), reviewing news diffusion research to
date, suggests that “future attention could be given to connecting investigations of news diffusion
with such theore tically driven research areas as knowledge-gaps (p. 573). This is exactly the
theoretical fusion we strive to accomplish
Social Network Analysis

Social network analysis encompasses a growing field of methodological and theoretical
approaches to communication d ynamics within a ne twotk of nodes, usually conceived as a group
of individuals (Burt, 1 992; Monge & Contractor, 2003). One of the distinguishing characteristics
is that itanalyzes communication within a network based primarily on the emergent structures of
links between the nodes, rather than on the qualities of the nodes themse Ives.

We echo this emphasis in ourown model Mostagent-based models in social sciences
focus on the way that nodal attributes change as a resultof the attributes of other nodes in their
immediate environments (Bhargava, Kumar & Muk lerjee, 1 993; Watt & VanLear, 1 996). By
contrast, we are primarily interested in modeling message flow as a function of the emergent
structures of social links throughout the ne twork.

Another concept we borrow from social network analysis is the distinction between
strong and weak ties (Granovetter, 1 973; Krackhardt, 1 992). Strong ties represent close
friends hips and family ties, while weak ties represent acquaintances and other lower-intensity
re lations hips. While strong ties are a greater predictor of contact (Koku, Nazer & We llman,

2001 ), weak ties have been shown to be “stronger sources of salient information due to their

non-redundancy (Granovetter, 1 973). We incorporate bothof these observations into our model
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Agent-Based Modeling

Typically, researchon the diffusion of a message througha network has been conducted
through field experiments. This usuallyentails fielding questionnaires after the fact, atempting
to reconstruct the pathofa given message througha network, or at least to assess how many
individuals had received the message at various discrete points in time (Rogers, 2000). This
methodo b gy is insufficient to our needs for a variety of reasons. First, we are attempting not
only to observe message diffusion, but to predict it, based on two top-level independent variables
(socialand media latency). Second, we are dealing withextremely large networks consisting of
thousands of nodes. Fie ld experimental researchon a network of this size would almost certainly
require a sampling methodo logy, and would therefore miss manyof the finerdetails ofa
network’s social structure —one of our primary predictive variables.

Researclers like Moody (2002) argue that relational activity occurs at discrete points in
time, rather than in static networks. Accordingly, our research— unlike traditionaldiffusion
researc h— requires d ynamic measurement of a message as it travels througha system; creating a
daunting experimental task. Finally, we aim to create a model that may be applied to a broad
variety of social networks, and thus demand a toolwitha greatdegree of flexibility. This last
pointaddresses a problem that has dogged diffusion research for years; as Rogers (2000)
observes, the majority of diffusion research has not been broad ly generalizable, due to the
procedural idiosyncrasies of data collection.

The method we choose to bestaddress these needs is agent-based modeling. Some times
referred to as cellular automata (CA) modeling (there are some differences be tween the two

terms, but it is difficult to draw a clear distinction [Re yno lds, 1 999]), this method re lies upon a
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computer simulation in which individuals (“agents ) interoperate within a given environment
according o a setof predefined rules.

This methodology has previously been applied, albeit rarely, to diffusion processes.
Bhargava, etal (1 993) created a ce llular automata model for predicting the successful diffusion
of new products in various markets. Similarly, we employa stochastic, rather than a
deterministic, model This is an essential feature because, as Bhargava, etal write, “in realistic
social systems, uniform pattemns are rarely seen to persist (p. 90). Corman (1 996) also suggests
the viability of this methodology when he writes, “stochastic cellularautomata. . . relyon
transition probabilities or apply decision rules as constraints on random be havior. Such mode Is
describe the innovation diffusion process (p. 194).

We also draw upon the Bass diffusion model (Bass, 1 969) in building our own. Although
Bass relied on an ordinary differential equation (ODE) model rather than an agent-based mode L
his equation included a coefficient accounting for the externaleffects of the communication
media themse lves. To our knowled ge, Bass’ is the only diffusion model prior to ourown which
explicitlyaccounts for this factor.

Study Purpose

The purpose of this study is to build and testa pre liminary mode I with the capacity to
predict the information equality of social networks, applicabk to a variety of groups suchas
regions, states, etc., using inputdata regarding social structure and communication media
infrastructure. Using sucha model, a state or NGO witha budgetdedicated to improving the
communicative capacity of a given socialnetwork could test the effectofdifferent strategies
tailored to the network at hand before spending a centon technology. For the moment, our

purpose is to validate the model, rather than create a tool for po licy decision-making, a task we
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leave for the future. In this light, we choose o focus exclusivelyon interpersonal
communication, reserving the effect of mass media for future enhancements to the model

Our aim in building this modelis to examine the emergenteffects of socialand media
latencyon a network’s overalldegree of information equality. Our heuristic for observing
information equality is quite simple. As researchers have noted, information diffuses neither
universally nor uniformly througha network (Valente, 1 995; We llman & Berkowitz, 1 988). As a
result, nearly all diffusion processes fo llow a characteristic “S-curve over time (Bhargava, etal,
1993; Rogers, 2000); a few initial adopters or message recipients are followed by a sudden
upsurge of mainstream adopters, followed finally by a smaller number of later adopters. This
curve tends to trailoff asymptotically as it approaches maximum diffusion — it rarely reaches 1 00
percentofall possibk adoptors or recipients.

We argue that the shape of the S-curve for information diffusion is a veritabk map of the
gulf that separates information haves from have-nots. To the extent thata few nodes have access
to salient information long before the majority, a network lacks information equality. By
contrast, the sooner the majority of nodes receive information, the highera network’s levelof
information equality. This can be observed in the shape of the S-curve, as shown in Figure 1.
Greater information equality will “pull the curve to the kft whilk lower information equality
will “pull itto the right A higher information equality network would be one in which the curve
rises sharplyand then tapers off as all the members receive the information, atabout the same
time. A lower information equality network would be one in which the curve rises extreme ly
gradually, as only a few members receive information; and long before the majority.

Figure 1. Diffusion Curves With Greater and Lesser Degrees of Information Equality
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The research heuristic, then, invo Ives measuring the impactof two dependent variables,
socialand media latency, on the information equalityofa given network. We aim to devebp a
model that will first recreate the S-shape of the diffusion curve, and then predict variations in the
shape of the curve as a resultof changes in the component factors of social and media latency.
Specifically, our research questions are:

Is the degree of information equality dependenton the interpersonal communication
infrastructure (media latency)?

Is the degree of information equality dependenton the social network structure (social
latency)?

Is the degree of information equality dependenton the interaction between the
interpersonal communication infrastructure and the social network structure?

Our present task is not to predict the information equality of any specific network, but

rather to test the effectiveness of our model To thatend, we are applying it to three separate data
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sets, culled from the Metamorphosis Project (2002 Data Set), The Pew Internetand American
Life Project (March-May 2002 Data Set), and the UCLA World InternetStudy (2002 Data Set).
The measure of our success will be:
The degree to whichour model predicts S-curve diffusion patterns for eachof
these data sets.
The extent to which the dependent variable, information equality, responds to
changes in the independent variablks, social and media latency.
Me thod
Our agent-based modeling software, called d Fusion, predicts the diffusion of a message
througha network by first proposing initial conditions for the network, and then proposing ruks
govermning the ways in which individualnodes within the network may interact
The initial conditions consistof nodal, relational and environmental attributes. The values
for these attributes are de termined stochastically at the network level, based on quantitative
analysis of the three datasets. Nodalattributes include sociodemographic variables, as well as
geographic positioning within a square matrix of 200 x 200 cells. Re lational attributes assign and
define the links between these nodes, relying in parton their geograp hic proximity.
Environmental attributes map the external variables onto the social network. In this
model sources external to the network include the media ve hicles and the message conditions.
For present purposes, we are only mode ling the use of two communication media: email and
phone/face-to-face. We create this dicho tomy because these media fallon opposite ends of
several relevant axes. Researchers have identified particular qualities thatdistinguis h traditional
forms of interpersonal communication from newer forms of computer-mediated communication

like email Prior research (Flanagin & Metzger, 2001 ) has been conducted upon synchronicity,
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presence, and the ability to multicast We merge phone and face-to-face because theyexhibit
similar characteristics for the axes under analysis.

Email is an asynchronous medium, while phone and face-to-face contactare
synchronous. Email is a low-presence medium, offering users littk sense of “being there, whik
phone and face-to-face contactare higher presence media. Email is a multicasting medium, while
phone and face-to-face contactare far more likely to occur on a one-to-one basis. Finally, email
is a new and only partially diffused medium that requires specialized knowldge to operate,
while phone and face-to-face contactare available to almosteverybody. Eachof these
distinctions plays a key role in determining which medium an individualnode will use to
communicate withanother node in our model Finally, we assign the message a value
corresponding to its levelof salience—network salience and personalsalience.

Once the initial conditions are established, we then setrules stating under which
conditions a given node willattempt to relay the message, whom the node will relay it to, which
communication vehick it uses for dissemination purposes, and finally, whether the recipientof
the message is available. The decisions made are dependent upon the network conditions,
describing the nodes and re lations, derived from the datasets. Forexampk, the choice of whether
to use email is contingenton whether the sender and recipient have access to the Intemet, a
factor which is determined foreachnode in each modelnetwork. The ruks thus followed are
what Monge and Contractor (2003) call “me ta-rules :

a meta-rule may specify that the ruks of interaction maydepend on agent's [sic]

attributes, thus allowing for the possibility thatdifferentagents in the network

follow different ruks, potentially atdifferent times. (p.87)
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The agent-based model is then activated by the introduction of messages with varying
degrees of personal and network salience and run under the varying conditions described by the
differentdatasets. The computational modeling technique with stochastic variabks requires that
we run the same model multiple times and then generate averaged “realized values selected
from a probability distribution. Each run of the mode1 thus constructs a unique network created
stochastically from the input variablks, and the emergentoutputs, realized as diffusion curves,
are then aggregated over the multiple runs.

Results

The agent-based model was run for all three datasets. Eachdataset was subject to analysis
under several permutations of variable values. Specifically, message salience was biased towards
high personal salience for half the runs and towards highnetwork salience for half the runs.
Social latency was varied between three kvels (low, medium and high ratio of strong o weak
ties) for half the runs, and contro lled for the other half. Similarly, media latency was varied
between three kevels (corresponding to email usage penetration) for half the runs and contro lled
for the other half. As a result, eachdataset was run with twe Ive variable permutations at the
outset

The results were markedly consistentacross all three datasets. For ease of presentation,
we shallonlydiscuss the findings from the Pew Internetand American Life Study here, which
are representative of the overall findings. The graphs for the remaining two studies, the UCLA
Internet World study and the Metamorphosis Project, are availabk on request

For messages with relatively high ne twotk salience, increases in the ratio of strong ties
weak ties led to reduced diffusion of the message, as can be seen in figure 2. The information

equality of the curve varied as well, however itdid not vary consistently in one direction. The
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curve demonstrated greatest information equality, moving furthest o the left, in the case of

medium-level strength of ties ratio.

Figure 2. Highne twork message salience, varying ratio of strong to weak ties
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For messages with relatively high ne twotk salience, increases in the penetration ofemail

led to increased diffusion of the message, as can be seen in figure 3. Additionally, the curve

moved to the right, demonstrating lower information equality, with increased email usage in the

network.
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Figure 3. Highnetwork message salience, varying pene tration of email
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For messages with relatively high personalsalience, increases in the ratio of strong ties
weak ties led to reduced diffusion of the message, as can be seen in figure 4. The curve moved ©
the right, indicating reduced information equality, with increased ratio of strong to weak ties in

the network.

Figure 4. High personal message salience, varying ratio of strong to weak ties
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For messages with relatively high personalsalience, increases in the penetration of email
led to increased diffusion of the message, as can be seen in figure 5. The curve moved to the
right, indicating reduced information equality, with increased ratio of strong to weak ties in the
network.

Figure 5. High personal message salience, varying penetration of email
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In all cases, a message with relatively higher ne twork salience achieved greater diffusion
as compared to a message with relatively high personal salience. We can observe this result by
comparing graphs 2 and 4, and graphs 3 and 5.

Discussion

This study had very promising results. Testing the significance of an agent-based or
cellular automata mode I statistically is difficultat bestand virtually impossibk in many cases.
However, such methods are not required for the currentstudy. As Corman (1 996) writes,

communication scho lars should not make the mistake of putting CA mode Is

completely under the stricture of traditional, formal statistics. CA models are

amenable to esting, but the interpretation of social processes as automata, and
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the intuitive comparison of automatic to actual communication, are equally

worthwhik for communication researchers. (p. 209)

Consequently, Corman (1 996) recommends an interpretive method relying upon the
“qualitative judgments of the mode ks and otherobservers (p. 207). The vital question
regarding the modelis, “does the automaton look, sound, and/or be have like the phenomenon in
question? (p. 207).

Our modeldoes, indeed, look, sound, and be have like the phenomenon in question. In
order to produce a model capable of predicting information diffusion patems througha social
network, we incorporated findings from diffusion researchand social network analysis into a
framewortk that coupled social latency with media latency as high lkevel independent variables,
and replicated the findings of knowledge gap and digitaldivide research Our criteria for success
were the degree to which the resulting diffusion curves resembkd the S-curve typicalof
diffusion processes, and the degree to which the shape of the curves, representing information
equality, would vary as a function of changes to the component variabks of social and media
latency.

By these standards, our mode ] was quite successful Under a variety of different initial
conditions corresponding with the unique ne twotk properties described by our three datasets, the
model consistently produced diffusion curves with the “S shape described by Rogers (2000) and
Bhargava, Kumar and Muklerjee (1 993). Furthermore, by making changes to the initial values in
our tests, we were able to predictdiffusion paterms with visibly differentde grees of information
equality.

These findings support our assertion that the degree ofa network’s information equality

is dependenton both social latency and media latency. Additionally, they support Granovetter's
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(1973) contention regarding the “strengthof weak ties; as the ratio of weak to strong ties rises
in our model, the overall message diffusion kevel increases. Most importantly, they offer promise
that stochastic, agent-based models of information diffusion can serve a vital role in predicting
the socialeffects of new technologies before resources are committed to upgrading the
interpersonal communication infrastructure.
However, this study is only the beginning of'a long process. As Corman (1 996) notes,
“any good mode Fbuilding effort invo Ives refinementof the model o make it more consistent
withobserved phenomena (p. 205). While our current mode I successfully predicts changes to a
network’s information equality based on socialand techno logical variabks, the scope of those
input variables is still rather limited. In order to make the model“more consistent with observed
phenomena, we plan to augment itconsiderably before testing it further. Among the biggest
changes we hope to incorporate into future versions of dFusion are:
Inclusion of more sociodemographic variables (e.g race, age, gender) as nodal
attributes. These variabks should influence the modelaccording fo patems
predicted by social network analysis (e.g. homophily) and digitaldivide research
Expansion of interpersonal media channels be yond the currentdicho tomy. While
we are confident in the decision to focus on emailand phone/face-to-face in our
current mode, a more diverse array of communication ve hicles (e.g instant
messaging, discrete face-to-face interaction) would clearly increase its
verisimilitude.
Inclusion of mass media. Television, radio, print media, and the Web play

fundamental ro kes in diffusion of information, even viewed atan interpersonal
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level Understanding the interplay between these media and interpersonal media
will be essential in building a compre hensive mode l of information diffusion.
Mobilk nodes and geographic clustering. In our current mode L nodes inhabit fixed
positions within cells, and their locations within the grid are determined randomly
at the outsetofeach model run. In order to tailor the model more effectively to
networks under consideration, we plan to geographically cluster nodes based on
actual population data, and to allow the nodes to move in space over successive
time intervals.

Dynamic nodaland link attributes. In the real world, the attributes of nodes (e.g
age, education) and links (e.g. strong vs. weak ties) change over time, often as a
resultofevents within the network. Future versions of our modelshould reflect
this po entiality.

Complkex message attributes. Currently, d Fusion only allows a single message,
introduced ata singk moment, witha single probabilistic score for each salience
type. Future versions of the model willallow multiple messages, introduced at
separate discrete moments, each withadditional attributes tailored to interact with
nodalattributes (e.g. messages regarding retirement plans are more likely to
appeal to older individuals).

Be havior adoption. Our current model is focused exclusive ly on information
diffusion. This is only the firststep in Rogers’ (2003) 5-step diffusion of
innovation process. Future versions of the modelwill aim to predictattitudinal

and be havioral changes as well
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Naturalistic time and space coordinates. Our current model re lies upon a

mono lithic timetabl for all nodes and a square 200 x 200 geographic grid. Future
versions of the model will incorporate more realistic geography, and account for
differential schedules (i.e. time zones) fordifferent nodes and regions.

Another change we willeventually have to make is methodological the inclusion of
statistical analysis tools. We agree entire ly with Corman’s (1 996) assertion that CA models may
and should be assessed qualitatively, rather than statistically. However, we aim to produce not
only binary results (“Whichnetwork has greater information equality? ), but graded results
(“How much greater is the information equality of network X than of network Y? ). Toward this
end, our nextstep will be to deve lop an model for information diffusion that produces a
measurable coefficientdescribing information equality, thus allowing us to compare different
networks and conditions mathematically. Such refinements would allow those using our model
to make informed cost-benefitanalyses regarding the efficacy of investing in new
communication techno logies.

Finally, we aim to verify our mode 1 by conducting contro lled field experiments designed
to assess the re lations hips between social latency, media latency and information equality.
Micro-level analyses of actualdiffusion processes will ultimately aid us in constructing a model

that can successfully and consistently predict emergent macro-leve ldiffusion patterns.
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