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Abstract

It is widely acknowledged in the socio-economic literature that innovators and early adopters play an essential role in
the diffusion of innovation. However, current approaches to influence maximization primarily concentrate on identifying
influencers as the main targets of marketing campaigns. This perspective overlooks the fact that influencers and innovators
seldom coincide, rendering the focus of influence maximization models misplaced. Practitioners often do not recognize that
the influence maximization problem depends not only on the network structure but also on the underlying diffusion model.
In this paper, we develop more realistic variants of the well-known linear threshold and independent cascade models. We
incorporate the influence of adopter groups, which has a significant impact on the spread of influence. We leverage data from
two different social networks and assess the efficiency of various centrality measures in the influence maximization model
using both the traditional diffusion mechanisms and our novel approaches. The rankings obtained from the different models
exhibit significant discrepancies implying that heuristics that perform well in a classical model may perform poorly in a
more realistic setting. Instead of solely focusing on developing new algorithms for influence maximization, greater attention
should be given to understanding and calibrating diffusion models to realistic settings.
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1 Introduction

Innovators are not simply defined as the first users of a prod-
uct, but rather as a distinct group with specific psychological
traits that makes them prone to adopt a product early on. The
study of all aspects of innovation, including its diffusion,
drew considerable academic attention. Rogers (1962)’s clas-
sification of adopter groups into innovators, early adopters,
early majority, late majority and laggards withstood the test
of time. It has been verified repeatedly across a wide range
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of markets that innovators and early adopters exist and play
an essential role in the diffusion of innovation. Since pub-
lishing his seminal book, an ever growing literature aims to
explore how adoption takes place, with particular focus on
the characterization (Moore 2014; Dedehayir et al. 2017)
and impact of adopter groups (Beard and Easingwood 1996).

In contrast, the influence maximization literature initiated
by Kempe et al. (2003) takes a different view. It formulates
the spreading of innovation as an optimization problem:
Given a limited incentivization budget, find the best spread-
ers in the network whose activation results in the largest
diffusion. Formally, for a given integer k, identify the most
influential £ nodes in a network G, whose activation triggers
the largest cascade under a fixed diffusion model D.

On one hand, this new approach invited pursuits from other
disciplines, notably computer scientists, who have made sig-
nificant contributions to this field of study (Li et al. 2018). On
the other hand, the algorithmic approach shifted the focus from
the diffusion process to the network structure. In the influence
maximization problem the best spreaders are the influencers,
or opinion leaders. Users occupying central positions in the
network have much more chance to exert influence on their
peers than their counterparts on the periphery. Therefore the
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problem was reduced to finding an efficient heuristic for iden-
tifying the best set of central nodes.

The fundamental flaw in this approach is that it assumes
that the diffusion mechanism is independent from the nodes’
identity. In other words, it assumes that two individuals whose
neighbour set coincides completely have the same a priori
influence. However, besides their position in the social net-
work, an individual’s influence also depends on their personal-
ity and socio-demographic traits.

Influencers must be innovative, or at least they should be
one step ahead of their followers. However, if they are too
innovative they may lose their appeal as they are seen as too
eccentric. Thus, influencers are caught between two conflicting
forces—the desire to remain relevant and stand out, and the
pressure to conform and align with prevailing trends or expec-
tations. Rogers (2003, Chapter 8, p. 358) found that when the
social system’s norms do not favor change, influencers are not
especially innovative.

It is difficult to gauge personal characteristics based on the
network structure alone, but not completely impossible. Sziklai
and Lengyel (2022) found that some centrality measures are
systematically better at identifying innovators and early adop-
ters, than others. Moreover, social networks often feature addi-
tional data, such as personal messages, endorsements, subject
preferences, and other content, from which both the intensity
of the connections and user characteristics can be assessed.
Thus, there is no reason why diffusion methods should be sim-
plistic anymore.

The two most popular diffusion models, linear threshold
and independent cascade use randomized parameters that
apply for all edges and nodes uniformly. The reason for aver-
aging node thresholds and edge weight is—as Kempe et al.
(2003) admits—the lack of knowledge on their true values.
However, twenty years have passed since these simplifying
assumptions were introduced. Now, we not only possess theo-
retical knowledge regarding which users should be influential,
but we also have the means to identify those nodes within the
networks.

In this paper, we use the accumulated theoretical and empir-
ical evidence to re-calibrate the linear threshold and independ-
ent cascade diffusion models. We introduce seed filtering and
adjust the threshold distribution and propagation probabilities.
We show that the outcome of influence maximization greatly
depends on the underlying diffusion mechanism. Thus, focus-
ing on a simplistic model offers little help in solving influence
maximization under a more realistic setting.

2 Literature overview
The realism of the diffusion process has come under increas-

ing academic scrutiny in recent years. In an early paper,
Cointet and Roth (2007) already ask how accurately existing
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diffusion models render real-world phenomena. They find
significant differences between the more realistic settings
and their traditional stylized counterparts. While some
papers acknowledge the importance of innovators and early
adopters (Cho et al. 2012; Singer 2012), none of them sug-
gest revising the diffusion process. In contrast, other studies
recommend incorporating more realistic mechanisms based
on different considerations.

Sun et al. (2020) proposes the self-activation independ-
ent cascade model, allowing users to self-activate spontane-
ously. They argue that this phenomenon is natural and can
organically occur in viral marketing, while pointing out that
it has not been well addressed in the influence maximiza-
tion literature. Nguyen and Zheng (2013) suggest that nodes
have unequal activation cost, but only consider a random
cost function instead of deriving costs from adopter charac-
teristics. Valente and Yon (2020) experiment with different
adoption threshold distributions, but they do not connect it
to user characteristics either. Zareie and Sakellariou (2023)
extend the independent cascade model to incorporate the
echo chamber effect. In this model, individuals are sur-
rounded by like-minded peers, leading to a decrease in the
diversity of messages to which they are exposed. As a result,
individuals in the model may be exposed to a message but
may disagree with it, and therefore, they are not necessarily
activated. In contrast, Mueller and Ramkumar (2023) con-
sider the impact of negative links. Negative relationships
can have adverse effects but occasionally serve as a driv-
ing force behind diffusion due to the double-negative effect.
They stress that the introduction of negative links may have a
significant impact on the optimal seeding strategies. Sziklai
and Lengyel (2024) introduce the concept of an activation
function to determine the portion of the initial seed that gets
persuaded in the campaign. However, they only explore the
trivial case when everyone is activated.

The spreading patterns of different types of messages
has also received considerable attention. Wang et al. (2019)
discovered that intricate news stories spread more effec-
tively through ’ordinary people,” while influencers primar-
ily contribute to the dissemination of straightforward mes-
sages. Vosoughi et al. (2018) find that false news diffuses
"significantly farther, faster, deeper, and more broadly than
the truth". Prompted by this result (Juul and Ugander 2021)
compare diffusion mechanism and conclude that control-
ling for size collapses statistical differences in structural
properties for the datasets of true and false news. However
this result does not extend to different families of content
types such as news vs videos or images vs petitions. Thus,
the diffusion of various content types differ not only in the
size of their spread, but also in how the cascade unfolds—a
well-established fact in socio-economic literature, as seen,
for example, in the diffusion of continuous/discontinuous
innovations (Venkatraman 1989).
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User characteristics (apart from adopter classification)
is a moderately studied topic. Seed diversity (Calié and
Tagarelli 2021), diversity of exposure (Matakos et al. 2022)
and balance among the exposed nodes (Anwar et al. 2021)
has been analyzed.

Finally, several papers aim to learn propagation prob-
abilities and, more broadly, the strength of peer influence.
Saito et al. (2008) were the first to propose a learning model
based on the independent cascade model. Goyal et al. (2010)
use the action log of users to predict adoption time and the
probabilities of influence between users. Bota et al. (2015)
address the inverse infection problem, aiming to learn the
latent edge infection probabilities. Recently, Qiang et al.
(2019) proposed mixed-integer programming models to
estimate the diffusion influence weights between pairs of
users, underlying the linear threshold model.

3 Data and methodology

Our goal is twofold. First, we propose modifications to the
parametrization of two popular diffusion models, namely lin-
ear threshold and independent cascade, aligning them more
closely with Rogers (1962) classical socio-economic model
of innovation spreading. Second, we aim to demonstrate that
these modifications significantly impact the results of influ-
ence maximization. To achieve this, we take the following
steps:

1. We calculate the top 1000 nodes of several centrality
measures on well-known social networks.

2. We fix a diffusion model and simulate an influence cas-
cade by activating the 1000 nodes.

3. For each centrality we repeat the previous step, until the
average spread (the number of nodes that they managed
to activate on average) converges.

4. We rank the centralities based on their average spread,
establishing a ranking of centralities for each diffusion
model variant.

5. We statistically compare the rankings to assess the simi-
larity between the diffusion model variants.

In the next few sections, we describe the data on which we
validate the models, outline the diffusion model variants,
and introduce the employed centralities and the statistical
framework.

3.1 iWiW and Pokec

We validate our model on two actual social networks. iWiW,
the dominant social network in Hungary before the rise of
Facebook (Lengyel et al. 2020), boasted over 3 million
subscribers throughout its life-cycle, constituting nearly

one-third of Hungary’s population, and facilitating over 300
million friendship ties. To manage computational demands,
we utilize a 10% sample of the node set, chosen uniformly
at random but stratified by towns and network community
structure. Pokec, on the other hand, is a Slovakian dating
and chatting website, and we similarly obtained a random
sample of its user base.

The sampled iWiW graph comprises 271,913 users and
2,712,587 friendship ties, whereas the Pokec dataset encom-
passes 277,695 nodes and 2,122,778 edges. Access to the
iWiW dataset is available upon request from the Databank
of the Centre of Economic and Regional Studies,' while the
Pokec dataset can be downloaded from the Stanford Large
Network Dataset Collection.”

The advantage of these networks is that they both provide
the users’ date of registration, which serves as a reliable
proxy measure of innovativeness. Presumably, users who
joined these platforms in their early stages accept social
media innovations more rapidly than those who joined
later. This is especially true for the iWiW data set which,
in its early stages, spread by a peer-to-peer invitation sys-
tem. Thus, the registration date precisely captures the social
spread of this media platform.

To affirm the appropriateness of the registration date as
a proxy for innovativeness, one can observe the intercon-
nectedness of adopter groups. As demonstrated by Sziklai
and Lengyel (2022), the networks exhibit a high degree of
assortativity, aligning precisely with theoretical predictions.

Node labeling was performed using date of registration
data. According to the literature, innovators make up approx-
imately 2-3% of the population, early adopters another
13-14%, with the early and late majority each comprising
1/3, and the remaining individuals classified as laggards.
The node classification we employed is compiled in Table 1.

3.2 Diffusion models

The linear threshold and independent cascade models were
introduced by Kempe et al. (2003), but in both cases, they
were building upon prior foundations. Regarding the linear
threshold model, Granovetter (1978) and Valente (1995),
and for the independent cascade model, Goldenberg et al.
(2001) stand out as significant precursors.

We aim to introduce two types of modifications to these
models. The first pertains to the targeted nodes. Users vary
in their innovativeness and risk attitude. Some central nodes
are risk-averse, remaining unaffected by targeted messages
or unwilling to try the product even if it’s free, perhaps due
to the fear of appearing unconventional. Thus, some among

! https://adatbank krtk.mta.hu/en/
2 https://snap.stanford.edu/data/#socnets
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Table 1 Node Labeling; g, represents the relative position of node v
in the population based on registration days

Position in the relative distribution of registration Node label
dates
q, <2.5% Innovator

2.5% < q, < 16%
16% < g, < 50%
50% < q, < 84%
q, > 84%

Early adopter
Early majority
Late majority
Laggard

the k targeted nodes fail to activate at the beginning of the
simulation, and the probability of failure depends on the
users’ characteristics. This assumption is not unrealistic, in
fact, it has been a long accepted fact in economic sciences.
To quote John Wanamaker, a pioneer of marketing: "Half
the money I spend on advertising is wasted; the trouble is I
don’t know which half.". The reality is even more striking.
Tellis (2009) found that, based on over 260 estimates, the
mean elasticity of sales or market share to advertising is just
0.1%. In other words, a 1% change in advertising expenditure
results in only a 0.1% increase in sales. Similarly, Luo and
Donthu (2001) reports that among the top 100 advertisers in
1998, many had advertising efficiencies below 20%.

We employed two strategies to translate this into the
framework of diffusion models. In the linear threshold
model, we drew probabilities from different distribu-
tions. Innovators accept the initial targeting with a uni-
form probability, p € U(0.8, 1.0), early adopters accept
with p € U(0.6,0.8), early majority with p € U(0.4,0.6),
late majority with p € U(0.2,0.4) and laggards with
p € U(0.0,0.2). This filtering process results in seed sets
of 500-600 nodes at the start of the diffusion process. In
the independent cascade model, innovators activate in the
seed set with probability 0.95, early adopters with 0.75, early
majority with 0.5, late majority with 0.25 and laggards with
0.05. Thus the seed set contains slightly more innovators and
early adopters and less late majority and laggards, hence, it
is slightly smaller due to the distribution of adopters. The
reason why we used different approaches for the two dif-
fusion models, is that we wanted to explore the potential
impact of filtering rather than aiming for consistency.

The second modification relates to the propagation and
manifests differently in the two diffusion models. In the lin-
ear threshold model, node thresholds express how easy it is
to entice the users. This value should relate to the innova-
tiveness of the user. In case of independent cascade, links
have propagation probabilities that describe how likely it is
that a user persuades his or her friends. It should be easier
to convince an innovator or an early adopter, and more dif-
ficult to convince a laggard. Hence, propagation probabilities
should depend on the end node’s characteristics.

@ Springer

3.2.1 Linear threshold variants

Formally, in the original version of the Linear Threshold
model we have a directed graph G = (V, A). Each node v is
assigned a threshold ¢, uniform at random from the interval
[0, 1], which represent the tendency of adopting a new idea.
A node can be either active or inactive. Node v is influ-
enced by its active neighbours according to the strength of
the bonds between them. Each link (u, v) carries a weight
w,, that describes the extent of influence that node u exerts
on v. Directed edges signify that friends need not be equally
influential on each other. Weights are chosen uniformly at
random from the interval [0, 1], in such way that

ueV: (u,v)eA

Yvev. (1)

The linear threshold model is divided into discrete time peri-
ods. At time m, all nodes that have been active in previous
periods remain active, and we activate any node v for which
the total weight of its active neighbors is at least #,;:

w,, >t

uy = ‘y-
(u,v)EA: u active

If the edge weights do not precisely sum up to one in Eq. 1,
there is a possibility that a node’s threshold exceeds the
cumulative weights of its entering arcs. Thus, the node
remains inactivated throughout the diffusion process. Con-
sequently, some papers express Eq. 1 as an equality (see e.g.
(Yang et al. 2019))—we follow this practice as well.

We propose two variants of the linear threshold model:
the continuous and the interval model. In the continuous
variant, the uniformly random node threshold, ¢,, is gen-
erated for each node v in the same way as in the original
model. These node thresholds are then adjusted according
to the following equation:

ay

T,=t] WwevV 2

Where the value a, depends on the adopter classification of
node v.

if v belongs to the laggards

if v belongs to the late majority
if v belongs to the early majority
if v belongs to the early adopters
if v belongs to the late adopters

N
I
DA W -

For early majority, a, takes the median value, hence the
power becomes one and the threshold is unchanged. For
innovators and early adopters, the expression a, /3 is strictly
greater than 1, hence their thresholds decreases indicating
they are more likely to be activated. Conversely, for late
majority and for laggards the node thresholds will increase.
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In the interval variant, thresholds are assigned uniformly
at random within specified intervals. Rather than uniformly
generating node thresholds between 0-1 for all nodes, innova-
tor nodes are assigned node thresholds generated from the uni-
form random distribution between 0.0 and 0.2, early adopters
from 0.2 to 0.4, early majority from 0.4 to 0.6, late majority
from 0.6 to 0.8 and laggards from 0.8 to 1.0.

The continuous model steers the thresholds in a more
realistic direction, but leaves the possibility that some lag-
gards have lower thresholds than some innovators. In the
interval model the threshold values are divided into mono-
tonic disjoint intervals. In both models, we alter the node
thresholds rather than edge weights because this better
reflects the idea that innovators are those who are likely
to adopt new ideas whereas laggards are unlikely to adopt
new ideas. The independent cascade model does not include
node thresholds, so the idea is translated to edge weights, i.e.
innovators are better at spreading ideas.

3.2.2 Inpedendent cascade variant

Similarly to the linear threshold model, the independent cas-
cade unfolds in discrete steps. Whenever a node becomes
active it has a one-time chance to influence its neighbours.
Edges carry weights that describe propagation probabilities:
P € [0, 1]for each (u, v) € A. Uniform sampling from [0, 1]
usually guarantees a large cascade almost independently of
the seed set. Thus other strategies have been suggested. The
most common is fixing a universal p probability at a small
value, like 0.01 or 0.001, or using the inverse of the in-
degree of the nodes (d,), formally p,, = di. We employ a

third option that is equally popular: choosing the the propa-
gation probabilities uniformly from a small set. A common
choice in the literature is p,, € U[{0.1,0.01,0.001}] (Kim
et al. 2013; Jendoubi et al. 2017). Here we slightly increase
the chance of propagation to ensure that at least a moderate
amount of activations occur, hence p,, € {0.2,0.02,0.002},
although the choice is not uniform.

In the independent cascade variant we propose propaga-
tion probabilities are not chosen uniformly, but determined
by the end node’s classification.

0.2  ifvis an innovator or early adopter
0.02 ifvis an early or late majority
0.002 ifvis a laggard

Puw =

Since innovators and early adopters constitute approximately
é of the population, while the early and late majority together
2 .
account for around 3 and laggards make up the remaining
é, we have made slight modifications to the original model.

Instead of uniformly assigning probabilities of 0.2, 0.02, and
0.002 to the edges, we assign it with probabilities é, %, and

é, respectively, to make it more comparable with the new
model.

3.3 Applied heuristics

We calculated the top 1000 nodes of various centrality meas-
ures on both social networks. We were not aiming to identify
the best heuristics on the new diffusion model variants, but
rather to provide a spectrum of different measures whose
performance can be compared across the model variants.

We included classical measures like Betweenness (Free-
man 1977), Katz (Katz 1953), PageRank (Page et al. 1999)
or Harmonic centrality (Marchiori and Latora 2000), and
degree as a benchmark, but also novel methods, like the
Generalized Degree Discount (Wang et al. 2016), Linear
Threshold Centrality (Riquelme et al. 2018), the G1 ver-
sion of Shapley centrality, Michalak et al. (2013) and the
Top Candidate algorithm (Sziklai 2018, 2021). In case of
PageRank (PR) the damping parameter was set to 0.85. For
Generalized Degree Discount (GDD) we used the parameter
a = 0.05, while for the Linear Threshold Centrality we opted
fora =0.5.

The non-classical methods need perhaps a brief introduc-
tion. Generalized Degree Discount is based on the independ-
ent cascade model and assigns centrality scores based on a
hypothetical diffusion. The Linear Threshold Centrality—as
the name suggests—does the same but considers the linear
threshold diffusion model instead. Shapley centrality is a
game theoretic concept, derived as a solution of a coop-
erative transferable utility game defined on the network.
Finally, the Top Candidate (TC) method is an expert selec-
tion algorithm originating from the social choice literature.
TC has showed considerable success in identifying inno-
vators and early adopters in social networks (Sziklai and
Lengyel 2022).

Note that the measures themselves are less important.
We are rather focusing on the seed sets determined by the
centralities. Naturally, there are nodes that are considered
important by the majority of centralities. In other words the
seed sets overlap. Tables 2 and 3 shows how much the sets
of top 1000 nodes intersect. Harmonic centrality and the
Top Candidate methods feature the most nodes that are not
selected by any other measure, while the rest, especially
Katz, PageRank and GDD overlap with Degree (and also
with each other) quite considerably.

3.4 Statistical framework

To assess the statistical significance of the differences
between the model variants, we employ a kind of permuta-
tion test. Permutation tests are prevalent in empirical sci-
ence and are often employed when the sample distribution

@ Springer
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Table 2 Intersection of the top 1000 nodes of different centralities on
the iWiW network ordered by the extent of overlap with Degree cen-
trality

Hrm TC Btw Shap LTC GDD PR Katz  Deg
Hrm 1000 = 243 640 295 344 290 373 380 374
TC 243 1000 377 395 397 484 474 477 476
Btw 640 377 1000 511 504 501 610 594 587
Shap | 295 395 511 1000 549 652 753 622 631
LTC 344 397 504 549 1000 655 705 739 738
GDD | 290 484 501 652 655 1000 813 817 831
PR 373 474 610 753 705 813 1000 840 849
Katz = 380 477 594 622 739 817 840 1000 985
Deg 374 476 587 631 738 831 849 985 1000

Table 3 Intersection of the top 1000 nodes of different centralities on
the Pokec network ordered by the extent of overlap with Degree cen-
trality

TC Hrm Shap Btw LTC PR GDD Katz Deg
TC 1000 = 296 331 376 349 410 455 404 404
Hrm 296 1000 428 720 604 538 473 539 538
Shap | 331 428 1000 584 543 731 581 551 558
Btw 376 720 584 1000 629 675 590 588 594
LTC | 349 604 543 629 1000 736 642 770 769
PR 410 538 731 675 736 1000 783 791 799
GDD | 455 473 581 590 642 783 1000 805 817
Katz =~ 404 539 551 588 770 791 805 1000 987
Deg 404 538 558 594 769 799 817 987 1000

is unknown or violates the assumptions of classical tests
(Edgington and Onghena 2007). In this statistical procedure
the p value is calculated as the proportion of data configura-
tions yielding a test statistic at least as extreme as the value
observed in the research results.

To demonstrate the underlying idea consider the follow-
ing example. Suppose there is a process P that takes a small
bit string as input and outputs another bit string. We hypoth-
esize that the process works as follows: P takes a bit string
then performs four consecutive random inversions. That is,
P randomly chooses two neighboring elements in the string,
swaps them, then iterates the process three more times.

To test the hypothesis we give P the bit string 10000 as
input. Suppose the result is the bit string 00001. Should we
reject or not reject our hypothesis, that P have performed
four random inversions? Let us first assess how likely it is
that we end up with the bit string 00001. There is only one
configuration of inversions that results in this string. Namely,
when in the first step we swap the first two elements, then the
second and third, the third and fourth and finally the fourth
and fifth elements. Any other choice or even order of opera-
tions yield a different bit string. Since there are 4* = 256
possible configurations (ways to perform four inversions on
a bit string of length five), we conclude that the chance that
we end up with the string 00001 is 1/256 ~ 0.0039. Thus,
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by a statistical argument, we conclude that either we were
extremely unlucky, or P does not choose the positions for the
inversions randomly, but according to some pattern instead.

There are many other ways in which permutation tests,
particularly randomization tests, can be applied. However,
the example above is the closest to our setup. Specifically,
we aim to test whether the performance of network centrali-
ties remains robust under changes in the underlying diffusion
model. More precisely, we are interested in comparing the
performance of the centralities relative to one another.

As the diffusion model changes, the average number of
activated nodes naturally scales up or down, depending on
whether the diffusion design facilitates or hinders new acti-
vations. Consequently, the difference between two absolute
performances is not a reliable measure. A standard statistical
approach is to apply a rank transformation. Instead of evalu-
ating the absolute performance of centralities, we analyze
their relative position under different diffusion mechanisms
and draw statistical conclusions based on the rankings. The
rank transformation also helps mitigating the impact of out-
liers and skewed distributions, making the analysis more
robust.

The best known rank correlation coefficients are Kend-
all’s 7 (Kendall 1938) and Spearman’s p (Spearman 1904).
In our analysis, we adopt a different rank-based statistical
procedure that has gained increasing popularity over the
past decade. The advantage of the Sum of Ranking Differ-
ences (SRD) is that it is not a correlation-based method but
a distance-based measure explicitly designed to compare
solutions against a reference.

3.4.1 Sum of ranking differences

Sum of Ranking Differences was originally introduced in
chemistry (Héberger 2010; Héberger and Kollar-Hunek
2011), but the idea quickly caught on in other fields of sci-
ence due to its versatility. Over the past few years, numerous
published papers have covered diverse topics, spanning from
network science (Sziklai and Lengyel 2022) and machine
learning (Moorthy et al. 2017) to material science (Li et al.
2023), multi-criteria decision-making (Gere et al. 2021) and
even sports (West 2018). The technical details of the test
with fully worked out examples can be found in e.g. (Sziklai
and Héberger 2020) or in (Sziklai and Lengyel 2024).

SRD is a non-parametric test, that uses rank transforma-
tion on the data, then measures the distance of rankings in
L, norm. SRD requires the use of a reference, which, in our
model, is provided by the rankings of the original diffu-
sion models (LT, IC). Alternative diffusion model variants,
henceforward solutions, are then compared to this reference
based on how they rank the different seed sets provided by
the centrality measures.
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Table 4 Ranking of centralities based on their average spread under various diffusion model variants. Color coding follows the first column of

each table
Linear Theshold (iWiW) Independent Cascade (iWiW)
Rk Original Original Continuous Continuous Interval Interval Rk Original Original Alternative Alternative
w/o filt. w filt. w/o filt. w filt. w/o filt. w filt. w/o filt. w filt. w/o filt. w filt.
1 GDD GDD GDD PageRank Btw Btw 1 GDD GDD Degree TC
2 PageRank Katz Degree Katz PageRank GDD 2 Degree Degree GDD GDD
3 Katz Degree Katz GDD GDD PageRank 3 Katz Katz Katz Katz
4 Degree PageRank PageRank Degree Degree TC 4 PageRank PageRank TC Degree
5 Shapley TC Shapley LTC Katz Katz 5 Shapley TC PageRank PageRank
6 LTC LTC LTC Btw Shapley Degree 6 LTC Btw LTC Btw
7 Btw Btw Btw TC Harmonic Harmonic 7 TC Shapley Btw LTC
8 TC Shapley TC Shapley TC Shapley 8 Btw LTC Shapley Shapley
9 Harmonic Harmonic Harmonic Harmonic LTC LTC 9 Harmonic Harmonic Harmonic Harmonic
Linear Theshold (Pokec) Independent Cascade (Pokec)
Rk Original Original Continuous Continuous Interval Interval Rk Original Original Alternative Alternative
w/o filt. w filt. w/o filt. w filt. w/o filt. w filt. w/o filt. w filt. w/o filt. w filt.
1 GDD GDD GDD GDD Shapley Shapley 1 GDD TC GDD GDD
2 PageRank PageRank PageRank TC PageRank BTw 2 TC GDD PageRank Katz
3 Degree Degree Btw Btw Btw PageRank 3 Shapley Btw Katz PageRank
4 Katz Katz Shapley PageRank GDD TC 4 Btw Shapley Degree Degree
5 Btw Btw Degree Shapley Degree GDD 5 PageRank PageRank Btw Btw
6 Shapley LTC Katz Degree Katz Degree 6 Degree Degree LTC TC
7 LTC TC TC Katz LTC Katz 7 Katz Katz Shapley LTC
8 Harmonic Shapley LTC LTC TC LTC 8 Harmonic LTC Harmonic Harmonic
9 TC Harmonic Harmonic Harmonic Harmonic Harmonic 9 LTC Harmonic TC Shapley

The distance between a solution and the reference is
called the SRD score of the solution. This score essentially
acts as a p value that tell us whether we should reject the
null-hypothesis with respect to the solution. If the SRD score
is too extreme, we conclude that the diffusion model and the
reference model rank network centralities so differently that
it is unlikely to have occurred by chance.

To assess the extremity of an SRD score we compare it to
the empirical SRD distribution. Random rankings are gener-
ated and their distance to the reference measured. If there
are no ties in the rankings and the number of objects, n, is
large, then the distribution is asymptotically normal. If these
conditions are not met, we have to rely on the empirical dis-
tribution. Calculations were made using the 'rSRD’ package,
which is freely available on CRAN (Staudacher et al. 2023).

SRD scores are usually normalized with the largest possi-
ble distance from the reference.® Solution with an SRD score
of zero rank objects exactly in the same way as the reference,
while solutions with an SRD score of 1 rank objects in the
opposite way. Random rankings have an expected distance
of approximately 2/3 of the reference, if there are no ties and
n is large (cf. Spearman’s footrule (Diaconis and Graham
1977)). Those solutions that are close to the reference fall
to the left of the 5% significance threshold. Between 5 and
95% solutions cannot be distinguished from randomly gener-
ated rankings. Solutions to the right of the 95% significance
threshold rank objects reversely compared to the reference.

Here solutions are diffusion model variants. The prevail-
ing use of these variants in the literature might suggest that

perturbing parameters or even switching models entirely has
minimal impact on the outcome. Therefore, one would antic-
ipate little change in the ranking of objects (network cen-
tralities), and all variants should theoretically fall to the left
of the 5% significance threshold. However, as we will dem-
onstrate, reality diverges somewhat from this expectation.

4 Analysis

Table 4 compiles the rankings of centralities on the two
social networks under different diffusion model variants.
Each centrality is coded with a different color. However, the
color coding is not constant across tables, but follows the
first column of each table. The idea is to see how the rank-
ing of centralities is changing as we move from the original
version of the diffusion model to the more realistic variants.

First note that there are hardly any consistent perfor-
mances. Generalized Degree Dicount (GDD) is usually at
the front of the rankings, however, on Pokec under the LT
Interval model it drops to the 5th places (w filtering) and
4th places (w/o filtering). Perhaps the only ’steady’ per-
formance is that of Harmonic centrality that never climbs
higher than the 6th place. Then there are big winners like
the Shapley G1 centrality, which climbs from the 6th

. . . 2
3 For a ranking of size n this equals to [%J
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Fig. 1 SRD scores of diffusion model variants compared to the dis-
tribution of SRD distances of random rankings. Distance is measured
from the reference, which was either the original LT model (on the

place in the original LT model on Pokec to the first places
on both of the Interval models. The Top Candidate (TC)
method has an even better run, rising from the 7th place
under the Independent Cascade on iWiW to the first place
under the alternative model with filtering. It performs a
similar feature on Pokec, when it rises from the last place
under the original LT model to the second place of the
Continuous model with filtering. But even the gains are
not consistent as TC drops from the first place under the
independent cascade model to the last place of the alterna-
tive model without filtering on the Pokec network.
Another interesting observation is that while the rank-
ings of centralities under the original LT model was more
or less the same on iWiW and Pokec, the results differ
wildly under the Interval models. One plausible explana-
tion is that the distribution of innovators and early adop-
ters differs on the two networks, and certain centralities

@ Springer

SRD [%)

left) or the original IC model (on the right). XX1 and XX19 denote
the 5% and 95% significance thresholds, respectively

capture these patterns with varying degrees of success on
each network.

In summary, the performances vary greatly. The color
coding that starts as a smooth red-blue transition ends up
as a mixture under the new diffusion models. The change
in the color coding gives the impression that the differences
in the rankings are significant. Can we support this claim
statistically?

Figure 1 illustrate the result of the SRD test. Note that
we also compared LT with IC variants, in order to show that
these two models are not interchangeable. We measured the
performance of the centrality measures under each diffu-
sion model variant. On both social networks we calculated
the distance of the ranking of centralities from the refer-
ence ranking. For the latter, we considered two options: the
ranking induced by original LT model (on the left) and the
ranking induced by the original IC model (on the right). In
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short, SRD scores measure the distance of the columns of
Table 4 from the first column.

For instance, if we look at the ranking of centralities in
the original Linear Threshold model on iWiW, and assign
them a ranking of (1, 2, 3,4, 5, 6, 7, 8, 9). Then, the Interval
model with filtering produces the ranking
(7,1, 2,8, 3,4,9, 5, 6). The distance between these two

vectors in L; norm is 24. By normalizing with ng =40 we

obtain the SRD score of 0.6, which can be seen in Fig. 1.

SRD scores are compared to distances of random rank-
ings, thus it is basically a permutation test. The vertical line,
XX1, on Fig. 1 denotes the 5% significance threshold, while
XX19 refers to the 95% significance threshold. By conven-
tion any solution (diffusion model variant) whose SRD score
falls left to the XX1 line ranks the objects (centralities) in a
similar way as the reference. Between the 5 and 95% solu-
tions are not distinguishable from a random ranking, while
to the right of the XX19 line the solution seems to rank the
objects in a reverse order (with 5% significance).

Even relatively large, but statistically not significant SRD
scores (e.g. between 0.2 and 0.4) would suggest that there
is a distinct difference between the original and the alterna-
tive models. The fact that many models fall between the 5
and 95% significance threshold means that the models are
so distant that they cannot be distinguished from a randomly
generated ranking. The differences are more pronounced on
the Pokec network, but iWiW also features a couple of vari-
ants that fall to the right of the XX1 line. Note that similar
or same SRD scores do not indicate that the models are close
to each other. It only means that they have the same distance
from the reference, as the differences can appear on different
parts of the ranking.

5 Discussion

Donald Knuth warns that premature optimization is the root
of all evil. The literature extensively explored influence max-
imization under the original LT and IC models, providing
excellent heuristics for both. However, these results do not
extend beyond the applied diffusion model.

In our analysis, centralities correspond to seed sets.
Hence, when a centrality jumps or drops in the ranking, it
signifies a change in the influence of the underlying seed set.
Some users gain influence by altering the diffusion process,
while others lose relevance. The results indicate that the
influence of nodes greatly depends on the employed diffu-
sion model. Consequently, fine-tuning influence maximiza-
tion algorithms before identifying a realistic diffusion model
seems to be an unavailing task.

We have suggested two modifications, that in our opin-
ion, make the diffusion process more realistic. The first is

filtering the nodes, as not every targeted person is keen to try
the product. The second is the calibration of model param-
eters. In case of LT, we updated the thresholds, while in case
of IC, the propagation probabilities. Both modification is
based on the adopter characteristics of the users. Innovators
and early adopters should play a key role in the diffusion.
Naturally, these modifications can only be adjusted if data
about these characteristics are available.

5.1 Limitations of our work

In the simulations we used two social networks augmented
with adoption data. Node classification was based on the
date of registration of the users. We argue that registration
date correlates reasonably well with innovativeness on social
media, as innovators and early adopters are more likely to
experiment with new applications earlier. The observed
assortativity among the identified groups provides cir-
cumstantial evidence supporting this claim. However, we
lack more concrete evidence to definitively validate this
assumption. Consequently, our findings hold only if we
accept that registration date serves as a suitable proxy for
innovativeness.

The cutoff values for adopter categorization are based on
Rogers (1962)’s general observation that the adoption of an
innovation unfolds as a sigmoid curve. While this is gener-
ally true, each product or service follows a unique cascade
pattern. A more appropriate approach would be to identify
adopter groups based on their registration dates combined
with node clustering.

Furthermore innovativeness is often domain-specific;
for example, innovators in information technology are not
necessarily innovators in fashion or food. While there are
generic psychological and social traits that innovators tend
to share, domain-specific characteristics usually carry more
weight (Dedehayir et al. 2017; Bruner 1989). This phe-
nomenon is sometimes referred to as monomorphism, or
the monomorphic nature of innovators (Lynn et al. 2011).
Different domains rely on different communication channels
(Richmond 1980). For instance, fashion innovators might
receive signals at their workplace or during social gather-
ings without necessarily forming friendship ties that are vis-
ible on social media. Consequently, diffusion simulated on
a social network may not closely correspond to innovation
cascades in fashion.

5.2 Possible future work

Diffusion is a complex phenomenon and it still has many
unexplored aspects. Our analysis could have encompassed
more modifications to address these nuances. One notable
factor is the significance of the general environment. Users
gather information not only from their peers but from the
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media as well. Activation can occur spontaneously as more
and more people adopt (Sun et al. 2020). Even nodes with
no active neighbors might learn about the product from per-
sonal encounters or from the media, feeling pressured or
motivated to try it out. This can be translated into a discrete
model such as LT or IC as a small probability proportional
to the size of the active set, signifying the chance for a node
to self-active at any given time step.

Another plausible idea to enhance the realism of a diffu-
sion model is rejecting the assumption that peer influence is
constant. Both LT and IC assume that edge weights remain
unaffected throughout the simulation. However, persuasion
attempts might depend on how many times the user have
been approached before. Thus, the edge weight w,, (or p,,)
might be a function of the number of active neighbours node
v has. Furthermore, edge weights might also depend on the
classification of both endpoints. Arguably innovators are
more prone to accept signals from like minded peers rather
than from late majority or laggards.

Some existing models in the literature reject the idea that
diffusion unfolds in discrete time steps. Continuous frame-
works, such as those proposed by Gomez-Rodriguez et al.
(2011) and (Xie et al. 2015), may offer a better representa-
tion of how a cascade occurs.

Incorporating ideas, such as spontaneous adoption,
dynamic peer influence or continuous time framework, take
us further away from the original versions. Determining
which of all these conceivable elements play a role in real
diffusion should be the most important task for the influence
maximization literature to address.

Nevertheless, mathematical modeling should go beyond
proposing extensions that sound plausible; it should incorpo-
rate real insights from cognitive science (see e.g. (Hoffmann
and Soyez 2010)) as well as validating the results. One pos-
sible way to evaluate which of the proposed models is more
realistic is to initiate a diffusion process starting from the
innovators and record, for each edge, whether the activation
occurred in the expected direction. Specifically, this means
that the endpoint of the edge activated later should belong
to an adopter group further along in Rogers’ classification
than the endpoint activated earlier.

6 Conclusion

Novel influence maximization heuristics are often tested
solely with either the linear threshold or the independent
cascade diffusion models. These models capture very little
from the complex phenomenon of diffusion. Randomized
edge and node parameters are drown from distributions
that do not take the nodes’ socio-economic characteristics
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into consideration. Some effort has been taken to uncover
the intensity of connections, but that is only one of the
relevant factors.

The socio-economic literature has long established the
key role of innovators and early adopters in the diffusion
process. In this paper we calibrated the linear threshold
and independent cascade models to account for the nodes’
adopter classification. It turns out that these changes have
a profound impact on the nodes’ influence. Certain nodes
gain, while others lose considerable persuasion capabil-
ity. Thus, different influence maximization heuristics will
prevail in one diffusion model variant than in the other.

Although the introduced changes are in line with the
theory, their validity is still an open question. In the Dis-
cussion section, we outlined other modifications that might
push the diffusion process into a more realistic direction. A
much deeper and perhaps interdisciplinary study involving
data mining and social experiments are needed to uncover
the relevant factors of diffusion. However, it is clear that
understanding and designing realistic diffusion models
should precede efforts on fine-tuning influence maximi-
zation heuristics.
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