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The Network Laws of Viral Marketing 
 

Abstract 

 

Proliferation of online media has made word-of-mouth message propagation easier 

than ever and brought plenty of attention to the Viral Marketing tactics using it. 

However, current understanding of how online word-of-mouth spreads is superficial at 

best. Here we report the results of research conducted on viral messages propagation 

data collected from real market tactics involving more than 31,000 participants in 

eleven European countries. Through empirical observation of the topology and 

structural properties of the social network paths followed by those messages we gained 

valuable insights on their diffusion dynamics. Analysis of their interactions network led 

us to identify four basic features of their diffusion process which are summarized here 

as the “Network Laws of Viral Marketing.”  

Those properties are fundamentally different from the ones found in human diseases 

or computer viruses propagation which have been widely used until now as proxy 

models of viral marketing processes. The laws cover aspects such as the large 

heterogeneity of viral spreading behaviour, the correlation between viral propagation 

parameters, the shape and size distribution of virally infected cascades or the offering 

adoption growth triggered by the viral activity. All the laws are formulated 

quantitatively and their predictions closely match empirical measures. Therefore, the 

“Network Laws of Viral Marketing” constitute a valuable toolkit for viral tactics 

planning, optimization and prediction which will allow marketers to expand their 

campaigns reach at low cost and to use viral marketing strategically rather than as a 

simple tactical add-on. 
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Introduction and background 

 

Since Jurvetson and Draper (1997) called “Viral Marketing” the online message 

diffusion method responsible for the explosive adoption of Hotmail, the term has made 

plenty of headlines. The thought that such network-enhanced word-of-mouth can make 

of every customer an apostle of your product is exciting. Truth is humans are naturally 

inclined to spread information which has striking implications for businesses: 

According to Dye (2000) two thirds of the US economy is driven by word-of-mouth and 

recent studies by Reichheld (2003) indicate that positive word-of-mouth among 

customers is, by far, the best predictor of a company’s growth. However, reports about 

viral campaigns sweeping successes such as Hotmail, The Blair Witch Project or Burger 

King’s Subservient Chicken, which portray viral marketing as the philosopher’s stone 

of marketing campaigns are mostly hype. For every overwhelming success, many viral 

tactics fail when measured by such inflated standards. Nevertheless, and contrary to 

accepted wisdom, the supposedly failed viral tactics may have succeeded in a more 

humble albeit quite efficient way by substantially enhancing the marketing campaigns 

they may be part of. Reaching such down to earth success requires understanding of 

how viral marketing works so as to leverage its strengths and set the right expectations. 

Viral Marketing and its variations such as Network-Based Marketing, a technique to 

leverage connections between consumers so as to increase sales proposed by Hill, 

Provost and Volinsky (2006), take advantage of the customers’ online social networks. 

Their underlying basic principle is that the individuals’ network relationships boost 

messages diffusion and affect product adoption propensity to a point that permits 

marketers identify prospects that would remain undetected through traditional profile 

segmentation. Granovetter (1973) pioneered the study of the interplay between network 
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structure at the micro-level and the macro-level information spread by introducing the 

analysis of network topology parameters such as node connectedness or tie strength. 

Those and other models, more descriptive than predictive, could not be properly tested 

because of the difficulty of acquiring real market data. Luckily enough, the irruption of 

the web and electronic media has opened up unprecedented opportunities to collect data 

on the customers’ interactions and research on information diffusion through various 

technical platforms has exploded. 

For example, Phelps et al. (2004) studied the consumer’s motivations to pass along 

email and found that particularly active participants possess an extended knowledge of 

their social network and behave frequently in a reciprocal manner. Gruhl et al. (2004) 

empirical analysis of information propagation through blogs, represented participants as 

nodes of a graph and characterized the most effective ones in diffusing a topic finding 

that the distribution of the number of postings is a power law. De Bruyn and Lillien 

(2004) followed a motivational approach to study the role of electronic-referral 

marketing in the recipients’ decision-making process and found that the relevance of 

their social network varied according to the marketing communication stage: thus, tie 

strength between sender and receiver facilitated awareness, perceptual affinity triggered 

the recipient’s interest while demographic similarity had negative influence for 

“impersonal” products referrals since dissimilarity reinforces the recommender’s 

authoritativeness. Stever, Garcia-Bardidia and Ouster (2006) observed the activity in 

online discussion groups and found that the distribution of messages by participants 

follows a power law which proves that the assumption in traditional diffusion models of 

homogeneous (Poisson) contacts between participants does not apply to social networks 

where the individuals’ influence is, in addition, asymmetrical with respect of social 

roles. Recent studies by Watts and Dodds (2007) consider the effect of opinion leaders 
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as an additional factor external to the network structure. They conclude that opinion 

leader attributes such as expertise, charisma or popularity can not fully explain the 

leaders’ influence in driving message diffusion which is highly dependent on social 

network effects such as the existence of sufficient number of properly clustered and 

receptive individuals with higher than average propensity to pass the message along. As 

Watts and Dodds put it, a lit match will not trigger a forest fire without sufficient dry 

enough and close enough trees for it to catch on. Those studies prove the social network 

crucial role on information diffusion and show that word-of-mouth diffusion can not be 

fully understood without considering the substrate upon which it runs. 

As a result, it has been postulated that the effect of viral tactics on consumers’ 

product adoption stems from information exchanges through their network links 

together with the influence of their neighbours’ behaviour. We need models to validate 

those assumptions and the literature on diffusion of innovations provides a large variety 

of propagation models to choose from. They can be classified in two major categories: 

“Population-average” models, where the impact of the social network topology is 

practically irrelevant, use fully-mixed or homogeneous networks in which a node’s 

contacts are chosen at random from the entire population. On the other hand, recent 

work focuses on more realistic “Network-based” models where propagation depends on 

the underlying social network micro-structure. 

“Population-average” models in the first category include parametric models such as 

the one developed by Bass (1969) and its stochastic derivatives proposed by Niu (2002) 

which are widely used in Marketing, rate equation models such as the one studied by 

Daley and Kendal (1965) which lead to differential equations and are frequently used as 

contagion models in epidemiology, and exponential models like the one proposed for 

viral marketing by Jurvetson (2000) derived from the simple Malthusian growth model 
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which leads to an S-shaped logistic function and are commonly used in the field of 

population ecology.  

“Network-based” models in the second category determine the propagation progress 

through a conditional decision rule based on the network state and there are two groups 

of them depending on their decision rule:  

i) Threshold-models, first proposed by Granovetter (1978), assume that individuals 

make binary decisions (propagate or don’t propagate) according to the relative value of 

some static internal threshold versus that of the neighbour participants. This rule roots 

models like the one studied by Jackson and Yariv (2005) where actions by an agent 

depend on actions taken by its neighbours and on some agent-specific cost and benefit 

function. Also in this group belongs the “herd behaviour” approach used by Eguíluz and 

Zimmerman (2000) to model the stochastic formation of opinion clusters in financial 

markets in an evolving network. Grönlund and Holme (2005) enhanced the threshold 

model to describe fads propagation by adding parameters to account for the fad aging 

attractiveness and the resistance to adopting it. Similarly, but reversing the causal arrow, 

Ehrhardt, Marsili and Vega-Redondo (2006) focus on how information diffusion 

influences network formation and propose a model where the social network of a 

population of agents co-evolves with their knowledge diffusion and accumulation.  

ii) Cascade models in which whenever a neighbour of a node propagates the 

message, such node propagates the message as well with a certain probability. One 

example of those is the Independent Cascade Model proposed by Goldenberg, Libai and 

Muller (2001) where propagation by a node can occur at any step in the process 

independently of the history of all of the neighbour nodes propagation. The General 

Cascade Model of Kempe, Kleinberg and Tardos (2003) generalizes the cascade rule by 

discharging the independence assumption. Yet another type of cascade model, which is 
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the one we will use later on, is based on the Galton-Watson Branching Process decision 

rules described by Harris (2002) where propagation progresses stochastically in 

sequential steps along a directed network of tree-like structure. Additionally, there are 

many hybrid models combining several of the approaches described. For example 

Moreno, Nekovee and Pacheco (2003) use a rate equation “Population-average” model 

which includes transition probabilities between nodes thereby incorporating through a 

conditional decision rule the network topology influence.             

The purpose of our research is to characterize, through empirical evidence, the 

structure of the network emerging from the diffusion of viral marketing messages 

between individuals. Our goals are to understand the impact of the viral agents’ 

behaviour on the topology of the resulting interaction network and to identify the 

control parameters for the viral tactics coverage and reach. One important aspect under 

scrutiny is the effect of the interactions network structure in the campaign offering 

adoption by message recipients, which is the most relevant marketing measure of 

success. Additionally we consider viral tactics optimization through selection of the 

diffusion process initiators. Our first step, was to collect viral propagation data from 

closely controlled viral campaigns run in real markets. Analysis of the data allowed us 

to establish the laws of the viral propagation network formation which ultimately led to 

the formalization of our toolkit for viral tactics optimization.  

The rest of this article is organized as follows: Section 1 describes the viral 

campaigns originating the dataset used in our research. Section 2 presents the research 

results, formulates the four Laws of the Viral Network formation and introduces our 

viral marketing message propagation model. Section 3 is a management summary of the 

impact and applications of the Network Laws to the viral marketing practice. The article 

concludes in Section 4 with a summary and discussion of the findings. 
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1. Viral campaigns description 

We ran controlled viral marketing campaigns in eleven European markets in which 

subscribers to the company on-line newsletter received incentives for promoting new 

subscriptions among their friends and colleagues. Thus, campaign participants were 

encouraged to virally spread the subscription offering through recommendation emails. 

A web-based mechanism tracked, through cookies and personalized URLs, every step 

of the emails propagation. Spurred by exogenous online advertising, a total of 7,153 

individuals initiated recommendation cascades which continued subsequently through 

viral propagation carried out by 2,112 secondary spreaders. Thus, the viral offering 

touched another 21,918 non-spreaders whom did not pass it along any further. All in all 

31,183 individuals, of which 9,265 were spreaders, resulted covered by the viral 

message with 77% of them reached through the endogenous viral propagation 

mechanism. The resulting viral interactions graph was a directed network consisting of  

7,188 cascades, or disconnected components, whose nodes represent participants linked 

by 24,137 directed arcs representing recommendation emails. None of the campaigns 

reached the viral propagation “tipping-point”1. 

We call seed nodes the individuals who spontaneously initiate recommendation 

cascades and viral nodes those touched by recommendation emails sent by other 

participants. The ensemble of seed and viral nodes constitute the total nodes in the viral 

network. Those nodes can also be partitioned by the offering adoption attribute as 

adopters or non-adopters. This dichotomous property is of paramount importance from 

a marketing perspective. It indicates if the nodes have adopted or not the offering 

conveyed by the recommendation emails. In total, 10,206 nodes or 32.7% of 

                                                
1 The viral propagation “tipping-point,” an important concept through the subsequent discussion, is 
defined by analogy to phase transitions in Physics, Chemistry, Ecology, etc. as the process inflection 
point where propagation speed accelerates significantly so that a large fraction of the intended audience is 
quickly reached by the message. 
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participants in the viral network adopted the offering. In what follows we call “substrate 

email social network”, or simply “social network”, the platform upon which viral 

propagation takes place and that determines the boundaries to viral diffusion. It is a 

directed network defined by email addresses contained in the address books of each of 

the viral network participants with a directed link assumed from individual A to B if A 

has B’s email address in his/her address book. While this is the classical definition of 

email network found in the literature, for example Newman, Forrest and Balthrop 

(2002), we define the Viral Network which results from the viral interactions in a 

slightly different manner. Thus, we assume that an undirected link, or edge, runs 

between nodes A and B if we know that A has sent a viral email to B. Assigning 

undirected links to such relationship makes sense: while A has B’s email address 

because he/she has sent the message, B has necessarily A’s email address because 

he/she can at any time reply to the received email. Additionally, the undirected 

definition of the Viral Network matters because most of the quantities we will discuss 

later are typically evaluated on undirected networks. As we shall see, when those 

quantities are measured on the Viral Network we will obtain insights on some properties 

of the “substrate email social network” upon which the Viral Network was built.  
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2. The Network Laws of Viral Marketing 

Our research, conducted on the dataset generated by the campaigns described above, 

reveals structural properties of the Viral Network created by information propagation 

paths of online word-of-mouth processes running on social networks and the relevancy 

of those properties for the viral offering adoption. In what follows we will: a) Enunciate 

the structural laws of Viral Network formation, b) Study the role of the two propagation 

process control parameters Transmissibility (λ), or probability of a virally touched node 

to become spreader, and Fanout Coefficient )(
v
r , or average number of email 

recommendations sent by spreaders, and c) Analize the control parameters impact on 

the viral offering adoption probability of touched nodes.  

For the ensemble of our campaigns Transmissibility was measured at 0878.0=!  

which means roughly 8.8% of the touched nodes went on to propagate the viral message 

while the observed Fanout Coefficient for viral nodes (average number of messages sent 

by spreaders) was 96.2=vr . This figure is significantly higher than the average 

number of messages sent by the seed nodes which initiated viral cascades ( 51.2=sr ), a 

fact indicating stronger campaign involvement by secondary spreaders. Since none of 

our campaigns percolated their markets or, in other words, reached the point of touching 

a large fraction of their target audience’s social network, our data and conclusions apply 

to the phase of the process where viral propagation runs below the percolation 

threshold. As a result, the probability of two or more disconnected viral cascades 

originated by different seed nodes coalescing onto one is negligible. Thus we will 

assume, without loss of generality, that the number of viral cascades at the end of the 

propagation coincides with the initial number of seed nodes. This is equivalent to 

implying that viral propagation did not reach the “tipping-point”. 
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2.1. Law of the viral network heterogeneity 

The network graphs generated by viral propagation are very heterogeneous in 

comparison to random networks and present an unlikely high frequency of extremely 

large events in structural metrics such as  nodes out-degree2 or cascades size3.  

While most participants in the viral campaigns sent just a few recommendations, a 

significant fraction of them sent a very large number of them: For the ensemble of all 

campaigns in our dataset, the mean of the recommendations made by virally active 

participants was 96.2=vr , its standard deviation 47.7=
v

!  and the highest number of 

email recommendations sent by one single individual 72(max) =
v
r . Similarly, the 

average cascade size is 34.4=s , its standard deviation 27.5=
s

!  and the largest 

cascade size 146
max

=s . The probability distributions observed in our experiments for 

those two parameters are heavy tailed and power-law distributions provide a good 

statistical fit to their fat tails. Thus we propose a model for the number of viral 

recommendations (r) and for the cascades size (s) based on a power-law distribution 

)(~ !"PLx  with the following pdf: 

(1)     
!

"!

" x

H
xP

+
=

,)(      )1( !x  

where !" ,H  is a normalization constant such that !
"

=
=

1
1)(

r
xP . This function 

asymptotically decreases like a power-law and shows a cut-off at low !" /1* #x . The 

value of the parameters for the recommendations distribution in our experiments was 

07.60=!  and 5.3=! . Figure 1 represents )(sP , its fit to the power-law function and 

the comparison to a random (Poisson) distribution with the same mean. The estimate for 

                                                
2 Out-degree of a node in a directed network measures the total number of its outgoing links   
3 Cascade, also called isolated component, is a group of nodes in the network connected between 
themselves by at least one path but with no connections to other nodes in the network 
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the probability of appearance of the largest cascade ( 146
max

=s ) with the random 

(Poisson) distribution is of approximately once every 1012 cases, a number much larger 

than the world population. Those results are consistent with recent research that has 

found large heterogeneity and power-law distributions in many other human online 

tasks: Gruhl et al. (2004) in the number of weblog posts by a single user, Barabási 

(2005) in the number of emails sent by individuals per day, Stever, Garcia Bardidia and 

Ouster (2006) in the number of messages placed in online discussion groups or 

Leskovic, Adamic and Huberman (2007) in the number of online commerce 

recommendations. Thus large variability, an intrinsic feature of human behaviour, is 

present as well in the networks created through viral propagation. 

 

2.2. Law of viral network growth single control parameter  

The two parameters that control viral propagation under the percolation threshold, 

Transmissibility and Fanout coefficient, result from their senders evaluating the same 

utility function are not independent and can be reduced to a single one. 

The data in our experiments show that both at individual country campaigns and at 

the aggregate level, the Transmissibility λ and Fanout Coefficient vr , (see Figure 2) are 

linearly correlated according to the following relationship  

(2)     vvv bar += !          )0( vv ab <<!  

This is a peculiarity of viral diffusion processes not observed in disease epidemics 

which are modelled using random processes without correlation between their 

transmission parameters and that are described through differential equation based 

population-average models, as described for example by Anderson and May (1991). 

Unlike diseases which are deterministically driven by nature laws, viral messages 

propagation is decided by their human actors based on the perceived utility of spreading 
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them. Since the decisions of becoming a spreader and of the number of 

recommendations to send are simultaneous and involve judgement from the same 

individual, we can consolidate the viral participants highly heterogeneous perception of 

the process utility in a new probability distribution )(
vh
rP , the Viral Behaviour 

Heterogeneity Function, that encompasses both aspects. This function results from 

)(
v
rP  by extending its range to include the probability of not being a spreader 

)0( =vrP . By making !"= 1)(
vh
rP  and renormalizing so that !

"

=
=

0
1)(

r vh
rP  the 

Transmissibility results from the new function as !
"

=
=

1
)(

r vh rP# . Now the Fanout 

Coefficient is the normalized first moment of the Viral Behaviour Heterogeneity 

function )(1
0 vhr

v rPrr !
"

=
=

#
 and both control parameters derive from the same 

distribution. The two distibutions are related as )()(
vvh
rPrP !=  for (rv>0) and 

)(
vh
rP constitutes a proxy of the perceived viral utility since it depends only on the viral 

tactic specifics such as value proposition or recommendation forwarding cost. As seen 

in Figure 2 each country has different propagation parameters for the same campaign 

indicating that its acceptance varies significantly by market, yet they all comply with 

the function in (2) with the correlation parameters av = 19.626 and bv = 1.139. 

We introduce now 
0
R  the Basic Reproductive Number, a diffusion control parameter 

widely used in mathematical epidemiology, defined as the average number of infections 

generated by secondary propagators. From the control parameters definition, equation 

(2) and from the fact that typically !
vv
ab <<  we derive in a first order approximation 

that 2
0 !! vv arR "= . Thus all three parameters 

0
or    , Rr v!  are correlated and any 

single one of them fully characterizes the viral messages propagation dynamics. 
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2.3. Law of the viral network low link redundancy 

Below the percolation threshold, a branching process drives growth of the Viral 

Network whose cascades present an almost pure tree-like shape and minimal link 

redundancy regardless of the local structure of the email social network upon which the 

viral propagation ran.  

Every viral propagation cascade starts from a seed node that initiates viral diffusion 

through a random number of recommendations distributed as )(
s
rP  with average sr . The 

nodes touched by such messages become secondary spreaders with probability! and 

give birth to a new generation of viral nodes which, in turn, propagate the message 

further by sending 
v
r  new recommendations distributed as4

)(
v
rP  with average vr . 

Propagation continues through successive generations until none of the last touched 

individuals decide to spread the message further. This diffusion process belongs in the 

category of “network-based” cascade models  discussed at the introduction and utilizes 

the propagation rules of the well known Galton-Watson branching process described by 

Harris (2002). We have used it (see Appendix A) to estimate the average cascade size in 

the infinite time limit as 

(3)     
01

1
R

r
s

s

!
+=                   )1( 0 <R  

where 
v
rR !=

0
 is the epidemic Basic Reproductive Number. The measures of our 

experiments are within a strikingly low margin error of less than 1% of the values 

predicted by equation (3). Additionally, that equation anticipates the appearance of a 

phase transition that leads to a percolative campaign regime. As R0 gets closer to 1, the 

fraction in (3) tends to infinity indicating explosive growth of the average cascade size 

                                                
4 For simplicity we use the same letter to designate two distributions which are, in fact, different. 
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while the disconnected cascades collide and coalesce into a Giant Connected 

Component5 as viral propagation reaches the “tipping-point”. 

Finally, the viral cascades tree-like structure becomes apparent by considering that 

the number of links in a pure tree-like network with N nodes and S disconnected 

components is SNL
tree

!= and its link density d (ratio between links in a network and 

the maximum number of links possible between all pairs of nodes) is given by  

)1(2 != NNLd
tree

. This expression yields 51093.4 !
"=d  for our viral network 

versus 5
1096.4

!
"=

v
d  for the experimentally measured value indicating minimal 

deviation from the pure tree-like shape which implies the practical absence in the Viral 

Network of loops, triangles or closed paths.  This observation has been corroborated in 

a recent work by Leskovec, Singh and Kleinberg (2006) on recommendation networks 

that found large prevalence of tree-like structures and postulated that their structural 

features suggest subtle properties of the underlying email social network. Interestingly 

enough, a recent result by Vazquez (2006), proves that the causal tree representing 

information spreading captures all the relevant aspects of its dynamics and can be 

modelled as a branching process with the basic reproductive number as key parameter.   

The practical consequence of the tree-like structure prevalent in viral cascades is that 

diffusion processes running under the percolation threshold generate a viral network 

with negligible message duplication where very seldom does any individual receive the 

viral message more than once. The link redundancy in our campaigns viral network 

involves a mere 178 messages or 0.74% of the total sent. This aggregate metrics proves 

viral propagation efficiency as a means for covering audiences.  

The study of the viral network micro-structure through its links local density 

corroborates the low link redundancy conclusion. Typically the email social networks 
                                                
5 Giant Connected Component (GCC) of a network is a connected subgraph that contains a majority of 
the network graph’s nodes 
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sustaining viral propagation are locally dense and have a large proportion of their links 

connecting members of clusters, cliques or groups between themselves. One method to 

evaluate the network connections local density is to measure the fraction of first 

neighbours of a node that are connected among them, a property known as transitivity 

or triadic closure. The metrics of this property is the Clustering Coefficient which 

represents the fraction of an individual’s neighbours that are neighbours between 

themselves, averaged through all individuals. Let it be a viral transmission process 

running through links in a substrate email social network with clustering coefficient 

email
C . Calling 

viral
C  the clustering coefficient of the Viral Network generated through 

such propagation, the percolative case (when 1
0

>R )  is trivial since in the limit of 

infinite propagation we will get 
viralemail
CC ~  because the Viral Network will practically 

map all of its substrate. In the non-percolative case (when 1
0

<R ) the relationship 

between both coefficients still exists but is minimal. As shown separately, Iribarren and 

Moro (2007), in a mean field approach and under fairly general assumptions the 

clustering coefficients of the viral and substrate email networks correlate as  

(4)    
1

2
0

!><
"=

emailnn

emailviral

k

R
CC             ( 1

0
<R ) 

where nnk  is the average number of social contacts of the neighbours of an individual. 

This quantity is a large number in social networks and, as a result,
emailviral
CC <<  even 

near the percolation threshold )1( 0 !R . In our viral network 3
1081.4

!"=
viral
C  which is 

two orders of magnitude lower that of typical email networks )25.015.0~( !
email
C . 

Viral messages do not need to cross all links in the substrate social network to touch 

most of its nodes. As a result, the email social network local topology has very limited 

impact on the Viral Network structure which presents very low link redundancy. 
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2.4. Law of the viral network offering adoption propensity  

The number of viral messages sent by campaign participants grows exponentially 

with the probability of them adopting the offering conveyed by such messages. 

Our experimental data shows the existence of a very strong correlation between the 

campaign participants adoption of the offering promoted by viral messages and their 

viral spreading activity. As shown in Table 1, the Fanout coefficient of offering 

adopters is 8 times larger than that of non-adopters clearly indicating that those who like 

and accept the offering are more propense to promote it than those who do not. So much 

so, that the probability of becoming a viral spreader, the transmissibility! , is of 25.4% 

among the offering adopters versus just 2.64% among non-adopters. Conversely, while 

only 20% of the non-spreaders adopted the offering, more than 76% of the spreaders did 

adopt it. The causal sequence indicates that there is a trust factor implicit in adopting the 

campaign offering which makes participants more involved with the viral message 

hence more inclined to pass it along and recommend the product to their acquaintances 

and to other members of their social network.  

The correlation between viral activity and offering adoption propensity becomes 

clear when we plot (see in Figure 3) the probability of the offering adoption )(
v
rPA  as a 

function of the number of recommendations 
v
r  sent by participants. The data fits a 

logarithmic function of the form 

(5)     )ln()( CrBArPA
vv
++=              (A, B, C constants > 0) 

which if reversed, shows the exponential growth in the number of recommendations 

when the offering adoption probability increases 

    (6)    CePAr
BAPA

v
!=

! /)()(            (A, B, C constants > 0) 

 A similar type of correlation between product adoption propensity and contact 

between its users has been reported by Hill, Provost and Volinsky (2006): while 
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studying telecommunication services adoption they found that consumers who are in 

contact with a previous customer of the service are 3 to 5 times more likely to adopt 

such service than baseline groups in the same segment even when there was no evidence 

of the customers having exchanged information about the service in question. As a 

result, the offering adoption attribute partitions the viral network nodes into adopters 

and non-adopters, with adopters being significantly more inclined to become spreaders. 

The number of recommendations sent within each class is distributed as a power-law 

and confirms the heterogeneity of the human behaviour discussed in the first law.  

The crucial consequence for marketing practice of the correlation found between 

viral activity and offering adoption propensity is that the viral message spreading, easily 

observable through the viral network growth, becomes an excellent predictor of the 

likelihood of reaching the ultimate goal of any marketing campaign which is to increase 

adoption of the offering. Thus, this law provides a practical method to predict the 

impact of viral tactics on the final campaign results. 

 

3. Impact of Viral Network Laws on Marketing practice 

As indicated in the introduction very seldom do viral tactics reach the fabled 

“tipping-point” that breaks into explosive growth. However they are effective as 

complementary tactics in mixed-media campaigns: while they may not percolate the 

entire target audience, they add large numbers of additional eyeballs, which is important 

to improve a campaign overall ROI. For example, with a Basic Reproductive Number 

5.0
0
=R  and assuming that the individuals reached by mass media tactics which will 

constitute the seeds of the viral propagation, show a Fanout Coefficient of just 5.0=
s
r , 

equation 3 predicts the average viral cascade size as 2=s . This equates to a 100% 

increase in the campaign coverage due to the viral tactic. Since viral tactics cost is 
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generally negligible compared to mass media tactics, the addition of this low yield viral 

tactic doubles the campaign overall ROI. The good news is that the Network Laws of 

Viral Marketing provide a quantitative model of predictive capability which can be used 

to fine tune viral campaign strategies. Here we discuss how to strategically use the 

Network Laws to maximize efficiency of Viral Marketing tactics running under the 

percolation threshold, whether standalone or as components of larger mixed-media 

campaigns.  

  

3.1. Strategies to increase message propagation 

The message propagation multiplicative effect of a viral marketing tactic included in 

a mass-marketing campaign results from equation (3): for each virally active seed node 

the average number of nodes added by the viral tactic is, per the third law, )1( 0Rr
s

!  

where 
s
r  is the seed nodes Fanout coefficient and 

v
rR !=0  the viral nodes basic 

reproductive number. As per the second law it can be approximated by 2

0
~ !

v
aR . Thus, 

there are two possibilities to increase message propagation, which of course, can be 

combined:  

a) Leverage heterogeneity of human behaviour and increase sr  by seeking highly 

active individuals as seed nodes. As established by the first law there will always be a 

significant number of individuals that, for a given campaign, behave as super-spreaders. 

The issue is how to detect those super-spreaders if high connectivity of an individual 

does not imply high viral activity since, as we know now, the repercussion of the 

substrate social network topology in viral propagation is limited. Rather, super-

spreading candidates must be identified based on their previous viral behavior. As per 

Richardson and Domingos (2001), the evaluation of the individuals’ viral propensity 

does not require full information on their social network links. It is thus necessary but 
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sufficient to track and measure previous viral activity so as to identify individuals with 

high viral propensity.  

b) Grow
0
R  by improving the viral campaign utility function. To achieve this 

goal it is enough, per the second law, to increase the Transmissibility !  which 

quadratically grows 
0
R . Besides, growing !  is the only way of attaining the “tipping-

point” which will be reached for
vc
a1~! . Strategies to improve the Transmissibility 

include enhancing the campaign value proposition, boosting the creative impact of the 

message, adding tangible incentives to participants or making it simpler and more user-

friendly the mechanisms to forward the viral messages. For example, we could have 

increased the number of fields in our campaigns referral form (it had four) so as to 

permit users to send more referrals with less effort at the same go. It is worth noting 

that, as per the second law, the Transmissibility λ is the only independent parameter in 

viral propagation and that increasing Transmissibility grows the average number of 

referrals for any given campaign. By controlling λ we also modify the average number 

of recommendations (Fanout Coefficient) and increase the average size of infected 

clusters all of which takes the process closer to its tipping-point. Other aspects of the 

campaign, such as its message appeal, are responsible for taking an audience in a 

specific market further right through the viral impact “response line” shown in Figure 2. 

The audience reaction to those aspects is market dependent and explains why different 

countries are located differently along the “response line.” Lastly, since viral 

transmission by a node is the single most important predictor of purchase behaviour. 

higher Transmissibility grows also the average offering adoption rate. Consequently one 

single parameter drives all aspects of the viral propagation and creative work, offering 

value and seed nodes selection must focus exclusively on increasing Transmissibility. 
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3.2. Managerial implications 

The most immediate advantage of increasing the Transmissibility in viral campaigns 

is expanding the coverage and their offering adoption. However the deeper 

improvement from a Market Management standpoint occurs in two important areas: a) 

Approximation to the “tipping-point” and, b) Return on investment (ROI) improvement. 

Let’s discuss the factors intervening on both. 

Firstly, per equation (3), the “tipping-point” is reached when 1
0
=R  which applied to 

equation (2) results 

(7)      1
2

0
=+==

cvcvvc
barR !!!  

Solving for 
c
!  this quadratic equation with the values 9.21=

v
a  and 97.0=

v
b  

observed at our campaigns, we get the “tipping-point” for a critical Transmissibility 

1926.0!
c

"  and with  18.5=vr  average recommendations per campaign participant. 

These figures are not too far from the empirical ones ( 088.0=!  and 96.2=vr ) but 

reaching them is challenging since raising Transmissibility beyond normal values often 

requires incentives to enhance the audience participation. Such incentives are generally 

linked to the number of recommendations sent and their cost, which will be proportional 

to the campaign response, will become unaffordable if the campaign is successful as we 

would intend. One strategy to solve this dilemma is to introduce a campaign rule 

assigning the incentives just to individuals touched for the first time so as to limit the 

number of recommendations sent. Those incentives may be, as an example, discount 

bonuses, participations in prize draws, downloadable exclusive items such as screen 

savers or mobile phone tones or any other type of promotional items or premiums. As 

we now know per the Law of Viral network minimal redundancy, such rule will not 

compromise the ability of reaching most of the audience, yet it will limit touch 
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multiplicity and improve ROI by reducing one of its cost components. Viral campaign 

participants are normally able of taking this selective approach in their recommendation 

patterns since they have local knowledge of the potential recipient’s interest in the 

message and in the offering. Thus, viral propagation in social networks is efficient 

because crossing a small fraction of its links touches a much larger fraction of the social 

network nodes. In essence, this happens because viral marketing takes advantage of the 

fact that social networks are locally dense due to their clique structure and high 

clustering. It constitutes an important advantage that can be leveraged for increased 

reach, at contained cost, of viral tactics involving incentives. Such incentives must be 

devised so as to appeal to target individuals with high “propensity” to behave virally 

which will increase Fanout  
v
r , hence the Transmissibility which will ultimately take 

the viral campaign closer to its “tipping-point.” 

Secondly, ROI improves by either reducing costs or by increasing campaign results 

or both. In what follows we consider viral campaigns cost constant and base the analysis 

on increasing its results only. Per the fourth law and using equation (B3) in Appendix B, 

we calculate the offering adoption fractional increase due to the viral activity as 

(8)        
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where we have used the expression for )(
v
rP  from the first law. While the terms of both 

series in the fraction converge as !"
v
r  for any !  there is no analytical expression 

for their summation that can only be calculated numerically. In a typical viral campaign 

below the percolation threshold with 100~
max
r  and 3!"  the fraction multiplying B is 

smaller than unity and since 1<<B  the second term within equation (8) brackets of 
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equation (8) can be neglected and we can approximate !Aviral
A

~)(" . In our 

campaigns 5646.0=A  and 0809.0=B  which confirms this approach. 

The important consequence of this result for marketing campaigns strategy is that 

the incremental growth in offering acceptance due to the viral tactic is directly 

proportional to the product of coefficient A in equation (6) by the Transmissibility 

where A represents the approximate fraction of spreaders sending just one viral 

message. Thus and efficient viral tactic that maximizes campaign ROI requires, for a 

given distribution of recommendations )(
v
rP , high Transmissibility and the largest 

possible fraction of spreaders sending just one recommendation email. This 

counterintuitive conclusion indicates that while super-spreaders contribute significantly 

to promote offering awareness by increasing viral tactics reach, their impact on offering 

adoption fractional growth is not relevant since their own adoption is not significant in 

the context of the much larger volume due to single message spreaders   

 

4. Summary and discussion 

The good concordance observed between our campaigns empirical results and their 

mathematical formulation proves that our parsimonious viral diffusion branching model 

is robust and properly captures the dynamics of the propagation processes. The high 

heterogeneity of human behaviour, a key element in our model, is responsible for the 

variability of the individuals’ viral propensity which not only differs between 

individuals but also for each individual depending on the viral tactic value proposition. 

In fact, an individual’s viral propensity that results from the perceived utility of passing 

around the viral message depends on its content, style and nature as messages need to 

strike a chord with the individual to deliver high utility. The resulting heterogeneity is 

represented by the viral behaviour heterogeneity function )(
vh
rP . Ascertaining the value 
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for a given viral message of the parameters !"#  and , ,  intervening in that function is 

done through field testing and primary research such as surveys, test campaigns, focus 

groups or qualitative market research. 

It has been said through this paper that viral marketing messages propagation differs 

fundamentally from other propagation processes, such as human diseases or computer 

viruses, which have been used as proxy models for viral marketing. This difference, 

captured by the “Network Laws” is due to the fact that while diseases and computer 

viruses diffusion results from deterministic propagation mechanisms, viral marketing 

when implemented ethically and with respect of people’s privacy and freedom, depends 

on its participant’s free will. Thus, the viral message propagation dynamics is heavily 

influenced by the heterogeneity of human behaviour and by motivations resulting from 

human intellectual judgement rather than from automatic rules typical of automated 

processes. Thus, it turns out that the appellative “viral” for this type of word-of-mouth 

propagation is nothing else than a fortunate misnomer: while the viral marketing 

infection may eventually explode and become widespread like in disease epidemics, the 

analogy ends there as the processes driving it are based on human decisions.    

This work does not conclude the precise direction of the causal arrow in the 

correlation between offering adoption probability and number of recommendations sent 

discussed at the fourth law. In any case the relationship may be construed as reciprocal 

since, if the goal is to increase adoption, it makes sense to target individuals with the 

highest viral activity. Conversely, if the goal is to foster viral activity, it pays off to 

target individuals who have adopted the offering since we know they show higher 

propensity to promote it positively. Also, we have not considered possible second order 

effects of transmissibility growth on the parameters A, B, C of the logarithmic fit in 

equation (5) of the offering adoption probability. 
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As an important remark, we reiterate that the “Network Laws of Viral Marketing” 

apply only to processes running below the percolation threshold )1( 0 <R . When the 

basic reproductive number is higher than unity a phase transition occurs and viral 

cascades start colliding and coalescing to form a Giant Connected Component (GCC) 

which contains most of the touched nodes with paths existing between all of them. 

Simultaneously, multiple referrals to the same nodes become more frequent, link 

redundancy is not negligible anymore and the substrate social network topology sets 

propagation boundary conditions thereby playing a larger role. If the propagation 

continued unabated in this regime in the absence of restrictions to multiple touches, a 

rather difficult condition in practice, the viral interactions graph would eventually 

overlay the entire substrate social network. Thus, the viral propagation processes in the 

phase past the percolation threshold need to be explored further.  

Finally, there are very interesting time propagation effects due to the stochastic 

heterogeneity in the time evolution of the viral interaction network not covered in this 

paper that have been discussed in another publication (Iribarren, Moro, 2007). 
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Appendixes 

A. Estimate of the average cascade size 

Equation 3 results from the model of marketing messages viral propagation we 

proposed in application of the well known Galton-Watson branching process which 

describes the evolution of the generation sizes of a system where an initial set of objects 

called the 0-th generation (the seed nodes) reproduce themselves into a set of children of 

the same kind called the 1-st generation and so on through successive generations. The 

general mathematical formulation of the evolution of generation sizes uses a set of n 

random variables }{
n
G  represented by their generating functions )(sfn  and together 

with its application for the Viral Marketing propagation model can be found in Iribarren 

and Moro (2007).  

A simplified mean-field approach assumes individuals’ behaviour is homogeneous 

through generations which implies that the average size of each of the generations in the 

propagation tree results from the size of the previous generation as a function of  the 

basic reproductive number as 
01
RG = . Thus, by iterating this rule, the average size of 

the n-th generation will be n
n RG

0
= . Applying now this model to a viral propagation 

process consisting in a series of tree-like cascades each initiated by one seed node which 

originates an average of sr  branches, the average size of the cascades (including the 

seed node) will be 
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since the series summation converges as the process is running under the percolation 

threshold and the cascades do not collide between themselves. This proves equation 3. 
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B. Offering adoption growth due to viral activity 

We derive here the expression for the overall increase of an offering acceptance due 

to the aggregate viral activity of the individuals in its target audience. In a universe of N 

active individuals with respect to a virally transmitted offering, each sending 
v
r  viral 

messages distributed according to the viral heterogeneity probability distribution )(
vh
rP  

introduced in the second law, the number of individuals accepting the offering )( vA rn  is 

given by 

(B1)   )()()(
vvhvA
rPArPNrn !=                 ,.....}2,1,0{=

v
r  

with )(
v
rPA  the offering adoption probability of an individual sending 

v
r   messages 

discussed in equation (5). Now, the incremental number of offering acceptances due to 

spreading individuals will be 
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where we used equation (5), the identity !
"

=
=

1
)(

vr
vh
rP #  and the fact that since, 

typically 1<<c , it can be neglected when 1!
v
r . Thus we conclude that the fractional 

increase in offerings acceptances due to viral activity is given by 

(B3)   !
"

#
$
%

&
+'

>
=( )

*

=1

ln)(
)0(

)(
vr

vv

vA

A
rrPBA

N

rN
viral +  



12/07/2007 28 

 

 

 

 

Table 1: Partition by the Offering Adoption and Viral Activity properties of nodes in the viral 

network observed in the experiments. Count of the number of nodes in each class does not 

include seed nodes. The Transmissibility and Adoption Probability probabilities have been 

calculated per the formulas shown in the cells headers. The total number of viral nodes is 

slightly higher than the one discussed in the text because of the inclusion of some isolated 

adopters not generated by viral propagation. The average number of viral messages sent 

(Fanout coefficient, not shown in the table) by spreader nodes is =vr 3,05 for Adopters 

versus a mere =vr 0,38 for Non-adopters thereby showing that viral propagation is carried 

out mainly by offering adopters. 

 
 
 

Node partition property 
Adopters 

(1) 

Non-

adopters 

(2) 

Total by 

viral 

activity 

(3) 

Adoption 

prob. 

PA=(1)/(3) 

Spreader (A) 1,529 474  2,003 0,763 

Non-spreader (B) 4,483 17,473  21,956 0,204 

Total by adoption status (C) 6,012 17,947  23,959 0,251 

Transmiss. λ  = (A)/(C) 0,254 0,0264 0,0836  
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Figure 1: Cumulative distribution function of the viral cascades size for the 

aggregate of viral campaigns in all countries (circles). The solid black line 

represents the prediction of the branching model proposed in the third law (see 

text) while the solid line is the random (Poisson) prediction with the same mean. 

Notice the much higher frequency of large events in the tail of the real distribution, 

versus the Poisson one, indication of the highly heterogeneous human behaviour. 

The largest observed viral cascade was 146
max

=s .  
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Figure 2: Relationship between Transmissibility (! ) and Fanout coefficient ( ><

v
r ) 

for the same viral tactic run in different markets. Experimental data shows a very 

strong linear correlation between both parameters of the viral activity. The resulting 

viral impact “response line” has 626.19=
v
a  and 139.1=

v
b . A market situation along 

the response line moves towards the right hand side as the audience gets more 

interested in the campaign and the participation level increases. The fact that 

different markets are located in different positions on the response line indicates that 

variable response to the same stimuli as a result of the market specifics. Response 

lines for different campaigns should be, in principle, different. Figures in parenthesis 

indicate number of individuals participating in the campaign (only statistically 

significant markets have been displayed). 
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Figure 3: Growth of the participants Viral Offering Adoption Probability (PA) as a 

function of the number of recommendations )(
v
r  sent by each one. Only one in 

every five inactive participants accepted the offering while 56% of those sending 

just one recommendation did accept it. This group is the largest contributor to the 

fractional growth of offering acceptance (see text). All participants sending more 

than 30 recommendations accepted the offering (not shown in the figure because of 

insufficient data for statistical significance). The data logarithmic fit is to equation 

)ln()( CrBArPA
vv
++= with a=0.5646, b=0.0809 and c=0.0116. 
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