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Maximizing External Action with Information Provision Over
Multiple Rounds in Online Social Networks

Masaaki MIYASHITA", Member, Norihiko SHINOMIYA ', Senior Member,
Daisuke KASAMATSU", Member, and Genya ISHIGAKI'", Nonmember

SUMMARY  Online social networks have increased their impact on the
real world, which motivates information senders to control the propagation
process of information to promote particular actions of online users. How-
ever, the existing works on information provisioning seem to oversimplify
the users’ decision-making process that involves information reception, in-
ternal actions of social networks, and external actions of social networks.
In particular, characterizing the best practices of information provisioning
that promotes the users’ external actions is a complex task due to the com-
plexity of the propagation process in OSNs, even when the variation of
information is limited. Therefore, we propose a new information diffusion
model that distinguishes user behaviors inside and outside of OSNs, and
formulate an optimization problem to maximize the number of users who
take the external actions by providing information over multiple rounds.
Also, we define a robust provisioning policy for the problem, which selects
a message sequence to maximize the expected number of desired users un-
der the probabilistic uncertainty of OSN settings. Our experiment results
infer that there could exist an information provisioning policy that achieves
nearly-optimal solutions in different types of OSNs. Furthermore, we em-
pirically demonstrate that the proposed robust policy can be such a univer-
sally optimal solution.

key words: online social networks, decision-making, external behavior,
information integration theory

1. Introduction

In recent years, the rapid spread of social media has led to
the formation of huge online social networks (OSNs) involv-
ing not only individuals but also business organizations and
governments. The propagation of information in OSNs has
the potential strongly to impact the real world because it
increases the visibility of the information in an unconven-
tional way. For example, an obscure product might become
the center of attention after a night[1], or a protest against
a controversial policy could make the government to refine
it[2]. In contrast, the spread of misinformation and false
rumors can cause social confusion by promoting inappro-
priate behaviors to an anonymous crowd, and the spread of
false perceptions can lead to reputational damage and coun-
terproductive political decisions.

The potential social impacts of OSNs motivate prac-
tices to control the propagation process by tuning informa-
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tion that users receive. More precisely, several methods have
been proposed to increase the positive effects or suppress
the negative effects of the diffusion of misinformation [3]—
[5]. The viral marketing, where marketers advertise their
products to promote buying behaviors, is a classical exam-
ple. Other examples include awareness campaigns in OSNs
for prosocial behavior such as health promotion and envi-
ronmental conservation activities. Another more recent ex-
ample is public relations for infection prevention practices
and vaccination against COVID-19 by several organizations.
This paper investigates information provision strategies that
aim to promote particular actions of OSN users outside of
OSNGs.

Influence diffusion models in social networks, includ-
ing OSNSs, focus on the process of information propagation
facilitated by the interactions among users [3], [4]. In this
sense, the “influence” defined in the existing works induces
changes in user behaviors inside of social networks. For
example, an OSN user gets motivated to share a post pro-
moting a product with their followers. However, our inter-
ests lie in the influence toward user behaviors beyond so-
cial networks, where the users receive information. With
the previous example, we want to understand if the users
who shared the promotional post actually purchase the prod-
uct. When revisiting the existing works with this new defi-
nition of influence, the existing works seem to oversimplify
the decision-making process that involves information re-
ception, actions inside of social networks, and actions out-
side of social networks. For example, studies [6]-[10] con-
sider product adoption, but all studies define the interaction
between each person and product adoption as tightly cou-
pled. In other words, someone who is influenced in a social
network is automatically considered as a person who takes
the associated action outside of the social network. There-
fore, we propose a new information diffusion model that dis-
tinguishes user behaviors inside and outside of OSNs. For
simplicity, we name those behaviors internal and external
behaviors (actions).

In a situation where the two types of actions, internal
and external, are independent, information providers need to
have a strategy that maximizes the number of users taking
the external action. Since a user does not take both of the
actions unless it receives the information, it is essential to
provide the information spreadable, i.e., that urges the user
to take the internal action. If the tendencies to diffuse and to
take an external action are similar, it is possible to increase
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the number of users who take the external action by simply
providing information that affects users to diffuse. On the
contrary, if the two tendencies are conflicted, information
expanding its diffusion will not obtain more users who take
the external action, and information promoting the intention
of the external action will not grow diffusion, so these users
will not increase.

In psychology, the behavior changes by information re-
ception is called attitude change that is generalized as a tran-
sition of internal states induced by external stimuli [11]. De-
pending on the timing and the strength of the stimuli in an
OSN, such as information propagation over multiple rounds,
it is possible to further facilitate the external action. Here,
given the discrete and feasible variations of information, a
goal of information providers is to find a sequence of the
information to get more users to take the external action
among all permutations of the information variations. How-
ever, even if the information variation is simple, the optimal
sequence of provided information is not trivial due to the
complexity of OSNs.

Therefore, this paper discusses an optimization prob-
lem to maximize the number of users who take the external
action after the information retrieval in an OSN. To distin-
guish the internal and external actions of users, we define a
new information diffusion model that represents a situation
where an information provider tries to promote a certain ex-
ternal action by providing information in multiple rounds.
Our experimental results infer that there could exist an in-
formation provisioning policy that achieves nearly-optimal
solutions in different types of OSNs. Furthermore, we em-
pirically demonstrate that the proposed robust policy, which
selects a message sequence to maximize the expected num-
ber of users who take the external action under the proba-
bilistic uncertainty of OSN settings, is a competitive candi-
date for such a universally optimal solution.

2. Related Works
2.1 Diffusion Models

The Linear Threshold (LT) and the Independent Cascade
(IC) models are basic diffusion models[12]. In the LT
model, a node is active if the sum of the weights given by the
neighboring activated nodes is over its threshold. In the IC
model, every active node tries to activate inactivated neigh-
bors once, according to a probability given on the edge of
them. From the perspective of information diffusion, the
LT model is a receiver-centric model in which the timing
of information receipt depends on the receiver, while the IC
model is a sender-centric model in which the timing depends
on the sender [3]. The IC model seems more appropriate
than the LT model for representing the user’s response to
the information received from each neighbor. Both of the
models cannot distinguish between the reception and dis-
semination of information by a user from the definitions of
activation. Thus, we define a new diffusion model to capture
the effect of received information on dissemination behav-
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ior.
2.2 Influence Maximization

The Influence Maximization (IM) problem is to maximize
the total number of active nodes by selecting a given number
of nodes as a seed set for general diffusion models [4], [12].
The objective function of this problem takes the expected
value of the total number of active nodes due to stochastic
diffusion. The problem focuses on the starting point of the
diffusion but does not consider what content to diffuse. The
difference is that IM selects a set of users for a single diffu-
sion, while our problem finds information content for each
diffusion over multiple rounds.

2.3 Applied Research

Our model takes account of (1) an external action of so-
cial networks, (2) internal states of users’ behavior, and
(3) the effect of diffusion content (information). Many re-
search projects proposed applying diffusion models and the
IM problem, but there seems to be no research satisfying all
the points to the best of our knowledge. We now describe
some research related to each of them.

Two studies [8], [9] distinguish product adoption as an
external action from interaction among users. Bhagat et al.
aim to maximize the number of adopters of a product [§]. In
their model, each activated user tries to adopt the product.
It also has some influence on others despite the success of
its adoption. Liang et al. proposed to maximize the revenue
obtained from product adoption by multiple advertising a
competitive product of an enterprise for OSNs[9]. Users
who have not purchased any products purchase a promoted
product if its price is within their budget, but they would
promote the product whether or not they adopt it.

Hudson et al. suggested opinion maximization with an
information diffusion model in OSNs that captures own per-
sonalities and opinions, which correspond to users’ internal
states [13].

Barbieri et al. proposed a topic-aware model to capture
the effect of a generic item that is the subject of a viral mar-
keting campaign on the influence of users [14].

Teng et al. aim to maximize product adoption based
on user preferences for a product and the characteristics of
products that change the preferences [10]. The preferences
and the characteristics correspond to users’ internal states
and the effects of diffusion content, respectively.

3. Model Definition

In this section, we define a decision-making model and an
information diffusion model to describe the internal and ex-
ternal actions.

3.1 Model Concept

Social media like Twitter and Facebook basically consist
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of follower-followee relationships among their users, where
users follow others to obtain information from them. A fol-
lower of a user is who follows the user, and a followee of a
user who a user follows.

Considering social media comprises an information
provider (IP) and OSN users (hereafter abbreviated as users)
with the follow-followee relationships, we assume that an
OSN follows the conditions below.

External behavior

e An IP has a service outside of an OSN, and users act as
consumers of the service.

e Every user can consume the service only once. (We
call this consumption an external action.)

e An IP can measure the consumption of the service but
cannot determine which general users consumed it.

Internal behavior

e An IP posts messages to publicize or promote her ser-
vice on an OSN.

e An IP supplies each message after the spread of a previ-
ous message stops. (We call the period from the posting
of a message to the stop of the spread of the message a
round.)

e Users can share each post of an IP only once. (We name
this sharing an internal action.)

o Any users do not post their own messages.

e When a user shares a post, it is conveyed to the user’s
followees who have not received it before the sharing.

e Users voluntarily view a message communicated by
their followees.

Decision-making of internal/external action

e Users have intentions for the internal action (sharing
posts of an IP) and the external action (the consumption
of the service of an IP).

e Users decide whether to take each action or not on the
change of its intention.

o A message affects users who receive it to change the
intentions of both actions.

o An IP can freely post messages having some degree of
the effect, but cannot post messages strongly affecting
both of the internal and external actions.

Although real social media like Twitter and Facebook
have various user operations: creating a post, liking a post,
replying to a post (replying/commenting) and sharing a post
(retweeting/sharing), we assume that users do not create
their own messages and an IP does not share messages from
users in order to focus on the effect of IP’s messages on
users.

Here is an example for the model concept: the pro-
motion of a COVID-19 vaccination by Minister of Health,
Labour and Welfare (MHLW) of the Japanese government.
Table 1 shows the concrete examples corresponding to each
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Tablel MHLW Promotion of COVID-19 vaccinations
Component Example
1P MHLW
OSN users OSN users residing in Japan

Promotion of COVID-19 vaccinations
Sharing posts of MHLW
Vaccination

Type of messages
Internal action
External action

component of the concept.
3.2 User’s Decision-Making Formulation
3.2.1 Information Integration Theory

Information Integration Theory (IIT), one of the approaches
to attitude change in psychology, models the response of
an individual to a series of information [15]. Its capability
of mathematically representing user behaviors enables us to
formulate our optimization problem about the information
propagation process in OSNs. A basic model of IIT is pro-
posed as follows:

R= w0s0+Zw,~si, (1

i=1

where R is the outcome of the response, wysy represents an
initial opinion, and w; and s; denote a weight and a stimu-
lus of the i-th piece of information, respectively. A weight
indicates the degree of importance of its opinion compared
with an initial opinion and the opinions of other pieces. A
stimulus means the opinion of its piece. The model is called
a weighted averaging model if }),_qw; = 1, or an additive
model otherwise.

This model cannot show an intermediate opinion in the
integration because the second term of the right-hand side of
Eq. (1) stands for the integration of a series of information.
Therefore, a variant of IIT, the serial integration model [16],
is proposed as follows:

ri = wisi + (1 —wri_y, ()

where a response r; indicates an opinion changed by a i-
th stimulus s; and a prior opinion r;_;. Jacoby et al. tested
the serial model by measuring variations of the cognition of
subjects who received successive information. It is shown
that the mathematical properties of the model are consistent
with the experimental results [17]. The serial model, which
is based on IIT, enables us to formally represent the users’
opinions (or behaviors) that are constantly influenced by a
sequence of information received by the users.

3.2.2 Model Formulation

Suppose that the decision-making of the internal and exter-
nal actions of OSN users follow the serial model, i.e., the
following correspondences can be considered:

e messages of an IP, and pieces of information,
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o the intention of each action, and the opinion about tak-
ing the action or not,

o the effect of a message on each action, and the stimulus
of information in the serial model.

In order to formulate the correspondences, we assume the
conditions as follows:

e Suppose each user has a constant weight as the sensi-
tivity to a message,

e Denote the opinions (responses and stimuli) of an ac-
tion as polar values in the range of [—1, 1]; positive
numbers mean taking the action and values less than
or equal to zero do not,

e Let a response value be the utility to make a decision
of an action.

Definition 1 (Decision-making model). Let M be a set of
available messages for an IP. A user decision-making model
is a tuple F = (ug, w, s) where uy € [—1, 1] is an initial value
of utility, s : M — [—1, 1] is a function that maps a message
to a stimulus, and w € [0, 1] is a weight.

Because the sequence of responses {r;} represents as a
history of an individual’s opinion updating in Eq. (2), we
define utility updating by using the equation. From the con-
ditions of the above model concept, it is derived that a user
receives at most a message in a round. Then, the utility up-
dating of a user is formulated as follows, representing the
user’s receipt messages as all messages that an IP posts, and
the truth values of the user’s reception of each message in a
certain range of rounds.

Definition 2 (Utility updating). Let M be a set of available
messages for an IP and let {m,} := {my,--- ,m,} be a mes-
sage sequence given by an IP from the first round to the
t-th round, where my C M is a message supplied in the k-th
round. Let {b,} be a receipt sequence in which each compo-
nent by is a truth value denoting whether a k-th message is
received. The utility updating of a decision-making model
F = (ugp,w, s) in the t-th round is designated as a function
ur, which maps a message sequence {m,} and a receipt se-
quence {b,} to a utility value, defined as follows:

up({my},{b,})
Ug =0,

= q flur({m1},{bi-1}), me,w, s) by is true, )
up({me-1},{bi-1}) otherwise,
where
f,myw,s) = wx + (1 —w)s(m). @

Property 1. Given a decision-making model F = (ug, w, )
and an i.i.d. sequence {M,} where any variable M; takes a
message in the k-th round. Let iix(¢) be the expected utility
up(t) = Elup({M;}, {b;})] in the ¢-th round. Suppose that all
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Table2  Components of a diffusion model
Component  Description
G A directed graph of a pair (V, E) where V is a OSN user

set and each edge (i, j) € E C V X V is the direction of
message communication from i to j.

o AnIP node in G where o € V; let U = V \ {0} be a user
set except IP.
P A function that maps a node to a receipt probability.
{Silu A family of decision-making models of the internal ac-

tion indexed by U; i’s decision-making model denotes
Si= (ug[.,wis,sis).
{Xity A family of decision-making models of the external ac-

tion indexed by U i’s decision-making model denotes

X = (ué{i, wIX, le).

the values of a receipt sequence {b,} are true, g (t) > 0 holds
if and only if 7 > log,_,, ==— where § = E[s(M,)].

Uo

Define a metric of an activity for a decision-making
model to represent differences among users in the level of
activity for an action.

Definition 3 (Metric of user activity). Given a decision-
making model F = (ug, w, s), and an i.i.d. sequence {M,}.
Let ur be a metric of the user action of F defined as fol-
lows:

1
— =log_, ——, o)
MF §—Up

where § = E[s(M))].

From Property 1, /% represents the lower bound of the
round to take an action if a user receive a message at ran-
dom, so the less value, the fewer messages for an action.
Thus, the reciprocal pp can be used as a measure of the user
activity of F.

While the internal action can be taken at each round,
the external action can only be taken once during all rounds.
These conditions can be described in predicate logic by us-
ing a decision-making model F as follows.

Or({m}, {b:}) = [ur({m}, {b:}) > 0], (6)
Yr(m}, (b)) = (V1" < 1) [up({my}, {by}) < 0] ™
Aup({m},{b;}) > 0.

3.3 Diffusion Model Formulation

Users do not always receive messages sent to them because
users receiving messages depends on their own uses of the
media. We then express the uncertainty of the receipt as a
probability named receipt probability. We define a diffusion
model with a OSN topology, an IP, OSN users, decision-
making models of internal and external actions of users, and
receipt probabilities.

Definition 4 (Diffusion model). Given a message set M, a
diffusion model is a tuple D = (G, o, p,{S i}y, {Xi}y) where
all the components are described in Table 2.

In order to formulate the number of users who take the
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external action over rounds, we describe the set of users who
receive messages in each round and the set of users who take
the external action by using a diffusion model. Given a dif-
fusion model D = (G, p, o, {S i}y, {Xi}y), let {m,} be a mes-
sage sequence supplied by o and let {B,} denote a sequence
in which any By is a receipt outcome of all users in the k-th
round with p. Let Rp correspond to a set of users who re-
ceive a message m, at the 7-th round. Rp is formulated as
follows:

Ro(im), (B.) = |_] o), (B.)), @®)

1=0
where

rD,l({mt}a {B:})

gp.o({m:}, {B:}) ifl =0, ©)
= Uiern'/_l]_({]mt},{B,}) gp,i({m:}, {B;}) it1> 0.
\ Up:() VD,I’({mt}s {B:})
gp.i({m:}, {B:}) (10)

={j € VI ®s,(im}, {B;:H) A (G, j) € E}.

rp, returns the set of users who received a message at step
[ in a round, which is empty if the diffusion is stopped. Rp
joints these user sets that are non-empty.

Also, let Yp correspond to a set of users who take the
external action at the #-th round. Then, Yp is expressed as
the equation below:

Yp({my},{B})
= {i € Ro({m},{B.}) | ¥x,({me}, (B D)},

By Eq. (7), sets Yp({m1},{B1}), - , Yp({m;}, { B;}) are mutu-
ally disjoint. Thus, the total number of users who take the
external action over ¢ rounds is denoted as the sum of the
size of Yp({my},{B}) for 1 <k <t.

(1)

Ep({m}, {By}) = Z|YD({mk}» {Bil. 12)

k=1

Note that we assume that an IP can obtain the step / when rp
returns the empty set and the value &p takes, although how
to measure these values is beyond the scope of this paper.

4. Problem Formulation

We formulate the problem of maximizing the number of
users who take the external action with information provi-
sion over multiple rounds.

4.1 Problem Definition

Since {B;} is a outcome of taken by the function &p is a
stochastic value (not determined), We define an objective
function that takes the expected value of the total number of
users who take the external action as follows:

wp(im}) = E [Ep({mi}, {Bi))] 13)
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where {8B,} denotes an i.i.d. sequence in which each random
variable By, takes a receipt outcome of all users in the k-th
round based on p.

Hereinafter, we simply say “the external action” to re-
fer to the total number of users who take the external action.

Problem 1 (External action maximization over multiple
rounds (AM)). Given a message set M, a diffusion model
D = (G,p,0,{Si}y,{Xi}y) and an integer value T, AM
finds a message sequence mj, of length T' to maximize the
expected value of the external action for 7' rounds, i.e.,
My, = arg Maxy,, oy wp({mr)).

By Eq.(13), any element of M7 corresponds to a real
value, and M7 is finite. Hence, there clearly exists a solution
of AM.

4.2 Problem Solving

For any OSN, we assume that there exists a unique diffusion
model corresponding to the OSN and that an IP estimates
the model by observing the target OSN. Let D be a random
variable for possible diffusion models that an IP takes.

If an IP can always obtain a correct diffusion model,
that is, if it knows the realization of D, then it implements a
policy 7 : D +— myj,. Because the policy takes the expected
optimal value, 7 is a optimal policy. However, in reality,
due to uncertain factors, such as the internal characteristics
of OSN users, it is not possible for an IP to accurately infer
a diffusion model. Therefore, we show the following appli-
cable policy to any model.

Definition 5 (Robust AM policy (RAM)). Given a message
set M, a random variable of diffusion models D and an inte-
ger value 7, RAM is a policy to apply a message sequence
i, a most effective solution of the feasible solutions, i.e.,
i = arg maxy,, eyt Elwp({mr})].

In general, it is hard to compute the RAM policy be-
cause the size of all combinations of all possible outcomes
of {$;} and D in calculating the expectations in the expres-
sion may be enormous. Therefore, it is necessary to approx-
imate this policy for an IP to execute it.

5. Experimental Setup
5.1 Probability Distribution of Diffusion Models

The conditions of messages and a diffusion model are de-
fined as follows:

1. M = {mg,m, mp}.

2. For any user i € U, set s (mg) = 0.8, 55 (my) = 0.5,
sf(mg) = 0.2, le(mo) = 0.2, le(ml) = 0.5 and
s¥(my) = 0.8.

3. Forany useri € U, set p(i) = 0.5, u5 . = -1, uy, = —1.
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Table 3  Undirected random graphs
Number Parameter assignments

Model of nodes  #1 #2 #3
500 m=2 m=4 m=38
Barabdsi—Albert model 1000 m=2 m=5 m=11
1500 m=2 m=06 m=14
500 k=6 k=10 k=18
Wdtts—(Str:)%dtsz) model 1000 k=6 k=14 k=28
=" 1500 k=8 k=16 k=34
500 d=5 d=10 d=17
random regular graph 1000 d=17 d=13 d=25
1500 d="1 d=15 d=31

4. Randomly sample o from V with a uniform distribu-
tion.

5. For any decision-making model F € {S;}y U {X;}y, we
assume the following:

a. ur has the Pareto distribution Par(
B=08andy =0.6.

b. Set w of F to a constant function that takes a cer-
tain value, which is derived from Eq. (5).

1 v
7T ny) where

Items 1 and 2 assume that any message makes two stimuli
(effects) of the internal and external decisions incompatible.
Then, the message my works more strongly for the internal
action than the external action, m, works more strongly for
the external action than the internal action, and m; works
intermediately between both. For item 5, we make this as-
sumption because it is known that the amount of activity
of OSN users follows a power law [18]. S and y in the
parameters of the Pareto distribution satisfy sup HLF = pT,

E[;%p] = T by the definition of the distribution.
5.2 Network Models and Datasets

Table 3 lists the models of the random undirected graphs,
the number of nodes, and the parameter variations of each
model. There are three models, Barabasi—Albert model
(BA), Watts—Strogatz model (WS), and random regular
graph (RR), with three patterns of 500, 1000, and 1500
nodes, respectively. The parameters are BA: the number of
edges m to attach from a new node to existing nodes, WS:
the number of nearest neighbors k to which each node is
connected, and RR: The degree d of each node, assigned
the values in the table. Note that WS has as a parame-
ter the probability g of rewriting each edge, which is set to
0.5. Three patterns #1, #2 and #3 of parameter assignments
are provided for each model, for each the number of nodes.
The parameters of the models are set to values such that the
sample mean of the average path length for each model is
closest to 4.0, 3.0, and 2.5, respectively. The greater m, k,
and d, the greater the number of edges and the density. All
the models satisfy small-worldness, and only BA satisfies
scale-freeness. We generate ten graphs for all 27 patterns
in the random graphs. Table 4 shows the datasets based on
real data from Facebook, Twitter [19], Hamsterster [20] and
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Table 4 Real OSN datasets
OSN Direction Number of Number of
nodes edges
Facebook Undirected 4,039 88,234
Twitter Directed 81,306 1,768,149
Hamsterster Undirected 2,426 16,631
LastFM Undirected 7,624 27,806

LastFM [19], [21].
5.3 Baseline Policy

We use Uniform Random Sampling (URS) as the baseline to
evaluate the RAM policy. The expected value of the external
action taken by URS is E [wp({Mr})] where { My} refers
to the random variable of message sequences that follow a
uniform distribution.

5.4 Expected Value Approximation

The expected values on {$;} and D are approximated by a
Monte Carlo method. The sample size of the former is 100.
In the latter, the size of IPs is 16, and the size of decision-
making models is 48 for internal and external actions of all
users. The number of rounds is set to 7' = 5, and the optimal
policy 7, the RAM policy, and the URS { M7} are calculated
by enumerating all combinations of message sequences.

6. Experimental Results

Figure 1 illustrates the average value of the external action
obtained by the optimal policy, the RAM policy, and the
URS for each random graph, and Fig. 2 displays the ratio
of the RAM policy and the URS to the value to the opti-
mal policy. The x-axis of each cell shows the index of the
generated sample graphs. Comparing the rows in Fig. 1, we
can see that the values are higher in the order of #1, #2 and
#3. This means that the shorter the average path length, the
more likely the message is to spread. On the other hand, the
comparison of rows in Fig. 2 shows that the RAM ratio has
a higher value regardless of the assigned parameters, but the
URS ratio varies greatly depending on the parameters.

Figure 3 shows the mean value of the three policies ob-
tained for the Facebook, Twitter, Hamsterster and LastFM
datasets and the ratio of the mean values to the optimal poli-
cies. As can be seen in the figure, all the ratios of RAM take
values greater than 0.95. Also, for the ratio of URS, Face-
book is close to 0.45, Twitter is almost 0.25, Hamsterster is
close to 0.35, and LastFM is almost 0.30.

These results provide an interesting implication that
many graph parameters, which seem to have influences on
the process of information dissemination, are not major con-
tributing factors to determine optimal message ordering.
This implication further suggests the existence of a uni-
versally nearly-optimal policy for a certain class of graphs.
Specifically, our experiments empirically demonstrate that
the differences in the size, density, scale-freeness, and graph
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generation algorithms of OSNs do not affect the optimal se-
quence of messages as long as the OSNs have the small-
world property. It is also suggested that the RAM policy is
a promising prospect of such a universally optimal solution
for the small-world OSNS.

These insights could be beneficial to IPs using a dy-
namic strategy aimed at maximizing the expected number

Graph samples

(b) Number of nodes: 1000

Graph samples

(¢) Number of nodes: 1500

Ratio of expected value of external action to optimal policy

of users who take the external action. It seems difficult for
these IPs to implement such a strategy because they must
take into account complex factors such as OSN states and
state changes. Although, IPs could execute a nearly-optimal
policy without the factors by using the RAM policy.

7. Conclusion

This paper defined a decision-making model of behavior for
receiving information based on a psychological perspective,
a diffusion model for internal and external actions of users,
and the AM problem to maximize the number of users who
take the external action by supplying messages over multi-
ple rounds. We also formulated the RAM policy, an approx-
imation of the optimal policy that takes into account the un-
certainty of OSNs. Experimental results imply that many
graph parameters, which seem to influence on the process
of information diffusion, do not contribute to determine op-
timal message ordering.

Future works of this study include to expand the cov-
erage of the RAM policy by varying fixed experimental pa-
rameters and to improve the computation efficiency of the
policies. Because this experiment assigns one pattern of val-
ues to the initial utility distribution of OSN users and the
available set of messages, it is necessary additionally to ex-
amine whether the RAM policy is effective even when the
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initial utility is varied or when the message variations are
changed or increased. Moreover, since the experiment inef-
ficiently calculates the optimal policy and the RAM policy
by using brute-force search for message sequences, it is nec-
essary to devise a way to limit the feasible space of message
sequences to improve the computation efficiency.
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