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Understanding the impact of heterogeneity on the evolution of group opinions can enlighten us on how to effectively organize,
redesign, and improve decision-making efficiency. )is article explores mainly the effects of heterogeneity on the evolution of
group opinions. It is found that the heterogeneity of individuals’ openness has an important influence on the ability to aggregate
group opinions. According to the average amount of clusters and Herfindahl–Hirschman Index (HHI) under different network
structures, heterogeneity often improves the ability. In addition, for the small-world network and random network, there is little
difference in the aggregation ability from both the average amount of clusters and the Herfindahl–Hirschman Index.While for the
regular network, the ability is obviously weaker than that of the other two. )is result also shows that the randomness of
interaction between members will enhance the cohesion of a group.

1. Introduction

)rough a combination of theoretical and experimental
work, it has become clear that many complex collective
behavioral patterns can emerge via self-organizing processes
from individuals using simple interaction rules [1–3].
However, individuals in groups are not all equal, and the
phenotypic variation that is selectively maintained in pop-
ulations results in individual heterogeneity within groups. A
considerable amount of theoretical and empirical evidence
shows that heterogeneity plays a fundamental role in col-
lective behavior, structure, and function. For example, the
prevalence of individuals’ heterogeneity in animal behavior
(or personality) [4, 5] suggests that it may play a funda-
mental role in driving the movement and function of animal
groups [6, 7], including its collective decision-making,
foraging performance, and predator avoidance. In the study
of human group behavior, evidence of the influence of in-
dividual heterogeneity on group behavior is also found. For
example, using evolutionary game models, Ma et al. [8]
found that heterogeneous link weight can largely promote
cooperation in spatial prisoner’s dilemma. In the spatial

public goods game, the heterogeneity or diversity of groups
will not only increase the level of cooperation but also lead to
the heterogeneity of wealth distribution [9, 10]. Li et al. [11]
illustrated the collapsing behavior of complex networks was
induced by the individual heterogeneity based on a dynamic
model. Iwanaga et al. [12] found that heterogeneous indi-
viduals may lead to unexpected collective behaviors and
emergence.

)e evolution of group opinions is an important research
direction for collective behavior. However, there exist some
subtle differences among the above topics. In this field,
scholars mainly focus on the phenomenon of consensus,
fragment, and polarization. Moreover, the opinion inter-
action rules between members are usually based on the
psychological mechanism of compromise or conformity,
which makes collective behavior be different from the above
topics.

In order to explain the consensus, splitting, or polari-
zation, scholars built various opinion models. Among these
models, the Hegselmann and Krause (HK) model [13] is one
of the most important continuous opinion models based on
bounded confidence. Agents update their opinions
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repeatedly and simultaneously at discrete time steps by
taking an average of the opinions “close enough” to their
own.)emodel explains the split, polarization, or consensus
of in reality. Scholars quickly paid attention to themodel and
found that the HK model has many special properties. It is
proved that a consensus would be reached in finite time if
and only if the opinion profile was an ε-chain at any time
[14]. If trust between two agents is mutual, then every agent
acquires a little bit of self-confidence, positive weights do not
converge to zero, and the HK model will converge [15].
Francesca and Ceragioli et al. [16] proposed a continuous-
time perspective evolution model similar to the previous
ones based on kinetic methods.

)e above studies are based mostly on homogeneous
agents, but individuals in a group are often heterogeneous in
reality. For example, some are willing to accept the opinions
of others, while others are unwilling to accept the opinions of
others. )ereafter, a large amount of literature researched
the heterogeneous case. )e first is the study of opinion
leaders, which refers to an individual who has a greater
influence on other individuals in terms of psychological
conscious behaviors, such as viewpoints, attitudes, beliefs,
and motivations in the process of people’s opinion ex-
changes [17]. Many scholars have focused on public opinion
leaders in the context of party elections and marketing
activities, updated rules according to different opinions,
constructed opinion dynamic models, and used computer
simulation experiments to analyze the role of opinion
leaders. For example, Watts and Dodds [18] used a series of
computer simulation studies and found that in most cases,
the huge influence belt is not driven by opinion leaders but
rather by a group of key highly vulnerable individuals. )e
literature [19] divided the individuals into two categories,
i.e., dominant individuals (public opinion leaders) and
dependent individuals (ordinary individuals) based on the
level of individuals in the social network. )e results show
that the existence of opinion leaders will significantly change
the evolution and final state of the opinions of the entire
social network group. Moreover, in a social network where
the level of trust is heterogeneous, the strength of the
leadership of opinion leaders is determined mainly by the
social network. Individuals with a low level of trust and
individuals at the subordinate level jointly determine the
level of trust in opinion leaders. Other studies, such as
[20–22], also discussed the evolution of opinions in the
presence of opinion leaders in groups.

In addition, the literature [23–25] discussed the influ-
ence of stubborn individuals on the evolution of group
opinions. For example, the literature [26, 27] discussed the
role of some members of the group as “trust.” Lorenz [15]
proposed an improved model of continuous opinion evo-
lution of trust parameters with heterogeneous trust pa-
rameters in reality when the trust thresholds of group
members cannot be consistent. In this paper, those with
smaller trust parameters are called close-minded individuals,
while those with larger trust thresholds are called open-
minded individuals. It was found that even the trust
thresholds of the two types of individuals were lower than
the consistent critical threshold of the homogeneous model.

Literature [22] studied the evolution of opinion when
members within the community have heterogeneous trust
thresholds and used the approach of setting the trust
threshold to three levels, from low to high. )e first level
represents conservative individuals, the second level rep-
resents general individuals, and the third level represents
open individuals.)e evolution of the group perspective was
studied by setting the proportion of the three types of in-
dividuals in the group, and the results showed that the
number of final opinion groups strongly depended on the
proportion of these three groups of people. A consensus can
be easily reached when most agents in a group are open.
Meanwhile, when most agents in a group are conservative,
reaching a consensus is not easy. )e number of opinion
clusters rises significantly when this proportion rises. In
addition, this article also discusses the effects of group size
on the evolution of opinion. Agents are divided into two
types, conservative and open, based on the heterogeneity of
agents, and the percentage of conservative individuals is
observed at 0%, 10%, 20%, and 30% [28]. A similar approach
was also used in [29].

Although some studies have been conducted on the
heterogeneous situation, as far as we know, the effects of
heterogeneity still need to be further explored. Inspired by
the existing work, in this paper, we focus on how the group’s
ability to aggregate opinions is affected by the distribution
pattern under different network structures.

1.1. Contribution of .is Paper. In this article, we broke
through the limitation that the study of heterogeneity is only
multilevel. Also, we built a group opinions evolution model
based on heterogeneity and network structure. Furthermore,
we used the indicator HHI to measure the ability to ag-
gregate group opinions. Finally, we found that random
interactions can enhance the ability. Last, we found the
distribution of individual openness affects the aggregation
ability of group opinions. For inverted triangle distribution
(ITD), it is more conducive to the emergence of mainstream
opinions, and the polarization phenomena will have less
chance to occur.

)is paper is organized as follows: In the second part, we
proposed a heterogeneous model under the network structure
environment. In the third part, we analyzed the evolution law
of group opinion with a small-world network structure under
the condition that the individual openness level follows a
uniform distribution.We compared the triangular distribution,
inverted triangular distribution, and one-point distribution
under the group aggregation capability. In the fourth part, we
summarized the conclusion and the limitations of this study
and proposed future research direction.

2. Model Formulation

Let us consider a population with n individuals under a
certain network structure. )e relationship between indi-
viduals is represented by G � (V, E), where V � 1, 2, . . . , n{ }

is the vertex set and E ⊆ V × V is an edge set. If an individual
i is affected by j, it is represented by a directed edge i⟶ j.

2 Discrete Dynamics in Nature and Society



In the original HK model, the interactions are global. In
other words, the HK model is based on a complete graph.
Considering the heterogeneity of individuals and the locality
of interactions in reality, this paper improves the original
model: We assume that interactions occur only between
neighbors. )eir relationship is reflected by the adjacency
matrix A � (aij)n×n. Each individual i has a bounded con-
fidence threshold when accepting the opinion of j. Each
individual has their level of individual openness. In this
paper, we consider the heterogeneity of individuals and set
this threshold for any individual i as li.

Let the opinion of i at time t be Oi(t). So heterogeneous
opinion updating model can be written as follows:

Oi(t + 1) � Ni(t)
􏼌􏼌􏼌􏼌

􏼌􏼌􏼌􏼌
−1

􏽘
j∈Ni(t)

Oj(t), (1)

where Ni(t) � j|aij ≠ 0 and |Oi(t) − Oj(t)|≤ li􏽮 􏽯 and de-
notes the number of neighbors of i.

In a homogeneous case, if there is a crack between two
agents at time t, then there will be a crack at time t+ 1. Also,
group opinions will keep order preservation (see [12, 30]).
But the two properties will no longer hold in our model. In
some cases, due to the heterogeneity of individuals’ open-
ness, the interaction between individuals is unidirectional
rather than symmetrical, which results in the complexity and
asymmetry of opinion evolution (see Figure 1).

Remark: In the figure, the X-axis represents the time
step, and the Y-axis represents the opinion values of all
members in a group.

3. How Does the Heterogeneity of Members
Affect the Evolution of Group Opinions?

3.1. Uniform Distribution. In contrast with [19], heteroge-
neous individuals were set as continuous random variables,
wherein continuous random variables follow a special dis-
tribution. We explore whether the heterogeneity of indi-
vidual openness affects the aggregation ability of group
opinions by designing the research as follows. We embed
individuals in small-world network (WS) and random
network (ErdOs-Renyi) and assume that the level of
openness of individuals follows a uniform distribution. We
then observe the change of the average amount of clusters
(AOC) when the uniform distribution parameters are varied.
)e average openness level is fixed to ensure comparability.
We also set individuals different initial opinion values, which
are distributed randomly between 0 and 1.

In Figure 2 (panels (a), (b), and (c)), the leftmost point
represents the uniform distribution (0.01, 0.39). In each
panel, the point represents the group with the strongest
heterogeneity. )e point at the rightmost point represents a
single point distribution with parameter 0.2, which is a
homogeneous case. In order to eliminate the influence of the
initial opinions value of different individuals, we repeated
the experiment 300 times to get the average amount of
clusters (AOC). From each panel in Figure 2, we observed
without exception that with the increase of the number of
edges in the network, AOC decreases continuously. )at is

to say, the increase in interaction will lead to an increase in
the ability to aggregate. We can see that whatever network
structure is, the reduction of heterogeneity will lead to an
increase of AOC, especially when the minimum level of
openness is relatively high. In other words, when the average
openness level of individuals is fixed, the stronger the
heterogeneity, the stronger the ability of group opinions to
aggregate, especially when all the group members have a
certain level of openness. In addition, under different net-
work structures, the AOC varies greatly. In the regular
network, it is difficult to achieve consensus, and group
opinions will split into many clusters. For random networks
and small-world networks, the difference in the number of
clusters is very small (about between 3 and 8). It indicates
that the regular network structure is not conducive to the
convergence of group opinions. )is conclusion is similar to
the conclusion of other group behaviors.

In Figure 2, the X-axis represents the lowest openness
level of all individuals, and the Y-axis represents the average
amount of clusters.

In order to further explore the influence of heterogeneity
on the evolution of group views, we designed three different
network structures, random network, WS-based small-
world network, and regular network. And suppose there are
three possible heterogeneous populations: U-shaped dis-
tribution, inverted U-shaped distribution, and single point
distribution. For the first two types of distribution, we use
triangular distribution (TD) and inverted triangular dis-
tribution (ITD).

3.2..eOther.ree Different Distributions. We assume that
individual openness follows three different distributions:
TD, ITD, and one-point distribution to explore the effect of
the dynamic changes of individual openness and hetero-
geneity on the evolution, as shown in Figure 3.

Case 1. )e openness level is between [l1, l2] and follows
TD, where most people are moderate.

Case 2. )e openness level is between [l1, l2] and follows
ITD, where most people are conservative or open-minded.
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Figure 1: Asymmetry and complexity of the evolution in het-
erogeneous situations.
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Case 3. )e openness levels are completely equal.
In Figure 3, the black line represents the triangle dis-

tribution (TD), whereX-axis represents the openness level in

a group, and Y-axis represents the density function or the
proportion of the population at a given level. )e red and
blue lines represent ITD and homogeneous cases,
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Figure 2: Influence of heterogeneity on AOC under different network densities.
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respectively. Using the mean of TD as a benchmark, when lc
moves to the right, the lowest point of Case 2 moves to the
left and Case 3 moves to the right accordingly.

In Case 1, we can calculate the cumulative distribution
function as follows:

F1(x) �

x − l1( 􏼁
2

l2 − l1( 􏼁 lc − l1( 􏼁
, l1 ≤ x< lc( 􏼁,

1 −
l2 − x( 􏼁

2

l2 − lc( 􏼁 l2 − l1( 􏼁
, lc ≤x< l2( 􏼁,

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(2)

and

x � F
−1
1 (y) �

l1 +

��������������

y l2 − l1( 􏼁 lc − l1( 􏼁

􏽱

, y≤
lc − l1

l2 − l1
􏼠 􏼡,

l2 −

�������������������

(1 − y) l2 − lc( 􏼁 l2 − l1( 􏼁

􏽱

, y>
lc − l1

l2 − l1
􏼠 􏼡.

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(3)

For Case 2,

F2(x) �

lc − l1( 􏼁
2

− lc − x( 􏼁
2

l2 − l1( 􏼁 lc − l1( 􏼁
, l1 ≤x< lc,

lc − l1( 􏼁 l2 − lc( 􏼁 + x − lc( 􏼁
2

l2 − l1( 􏼁 l2 − lc( 􏼁
, lc ≤ x≤ l2,

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

x � F
−1
2 (y) �

lc −

�����������������������

lc − l1( 􏼁
2

− y l2 − l1( 􏼁 lc − l1( 􏼁

􏽱

, y ∈ 0,
lc − l1

l2 − l1
􏼢 􏼣,

lc +

�����������������������������

y l2 − l1( 􏼁 l2 − lc( 􏼁 − lc − l1( 􏼁 l2 − lc( 􏼁

􏽱

, y ∈
lc − l1

l2 − l1
, 1􏼢 􏼣.

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(4)

Using the discretization technique, the openness level of
the ith individual is set as F−1

1 (i/N) in Case 1 and F−1
2 (i/N)

in Case 2, respectively.
We fix the left endpoint of TD and the right endpoint

(0.1 and 0.38, respectively). Using the mean of TD as a
benchmark, lc increases from 0.1 to 0.39. For comparability,
the mean of the other two distributions is always equal to
(0.1 + 0.38 + lc)/3. More precisely, the lowest point of the
inverted triangle is 0.1 + 0.38 −lc, and the homogeneous case
is that all individuals have the same openness level
(0.1 + 0.38 + lc)/3.

In Figure 4, the Y-axis represents the average amount of
clusters (AOC) or Herfindahl–Hirschman Index (HHI). )e
X-axis represents the mode of triangle distribution, where
the change of lc represents the change of the distribution
pattern of the openness level in a group.

We observe the change of AOC in Figure 4. )e red lines
represent regular networks, while the green lines represent
WS networks and the blue lines represent random networks.
All the networks have the same number of edges. )e di-
amond mark represents triangular distribution. )e circular

mark represents an inverted triangle distribution and the
cross mark represents a homogeneous case.

Almost all curves in panel (a) have a negative slope,
which indicates that the capability of aggregating will im-
prove with the increase of average openness level. We also
note that for a homogeneous case, the effect of the increase is
considerably obvious. While for the heterogeneous case, the
effect is relatively weak. To some extent, it indicates the
importance of heterogeneity. When heterogeneity is suffi-
cient, even if the average openness level gets lower or higher,
it will not seriously affect the aggregating ability. Also, the
ability under regular network is weaker than that of the other
two network structures. For TD and ITD, there seems to be
little difference. As shown in panel (a), under regular net-
work and small-world network, the AOC of ITD is less than
that of TD. But in random networks, the AOC of ITD is
slightly more than that of the other two distributions.

In order to comprehensively understand the aggregation
ability of these two distributions, we use the HHI index in
economics to measure the ability of aggregating opinions.
Specifically, HHI measures opinion concentration in the
form of a sum of the squared “shares of all clusters” in the

f (x)
Case 3

0
Openness
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Case 1Case 2

l1 lc l2

Figure 3: Probability density function of three cases.
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group, which means that it takes into account all the clusters
[31]. For example, if the AOC is the same in two scenarios,
but the largest clusters in the first scenario has more people,
then the HHI index in the first scenario will be higher. )is
means that the first scenario has a higher ability to aggregate
opinions.

Panel (b) in Figure 4 shows that with the continuous
increase of lc, HHI keeps increasing. )is is a bit different
from panel (a). In a small-world network, for example, TD

has less AOC and lower HHI than ITD.)e reason is that the
size of each cluster in TD is relatively close. A cluster with a
large size is not easy to appear, and as a result, it is easier to
form the opinion polarization, so the HHI index will be
lower.

Similarly, we fix the highest openness level and lc, and
change the lowest openness level from 0.01 to 0.19, as shown
in panel (a) and (b) in Figure 5. We fix the lowest openness
level and lc, and the highest openness level is changed from
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Figure 4: Influence of lc on the AOC and HHI under different network structures.
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0.21 to 0.39. All the results are shown in panel (c) and (d) in
Figure 5. We observe the changes of AOC and HHI and find
the following:

(1) Whatever the network structure is, with the con-
tinuous improvement of the minimum level of
openness, AOC keeps on decreasing, which shows
that the average openness level is an important factor
affecting the ability to aggregate group opinions
(panel (a) in Figure 5).

(2) Whatever the network structure is, the aggregation
ability of the homogeneous case is not as good as that
of the heterogeneous one.

(3) )e ability of aggregating various opinions is weak
under a regular network, while that of a random
network and small-world network is almost the
same.

(4) )e small-world network and the random network
view group are almost the same in number, but the
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Figure 5: Influence of the lowest openness level or the highest openness level on the AOC and HHI.
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HHI under the small-world network structure is
higher than that of the random network (panel (b) in
Figure 5). )e reason is that in the random network,
there is little difference in the size of opinion clusters.
It also shows that random networks are more dif-
ficult to formmainstream opinions than small-world
networks.

(5) Compared with TD, the ITD is more prone to form
large groups and mainstream opinion.

In Figure 5, the Y-axis represents the average amount of
clusters (AOC) or Herfindahl–Hirschman Index (HHI). )e
X-axis represents the lowest openness level or the highest
openness level of a group, where the change in the X-axis
represents the change of the distribution pattern of the
openness level in a group.

4. Conclusion and Implication

)is paper finds that the heterogeneity of group members’
openness has an important influence on the ability to ag-
gregate group opinions. According to the AOC and HHI,
under different network structures, heterogeneity often
improves the aggregation ability to aggregate group opin-
ions. For small-world networks and random networks, there
is little difference in the aggregation ability from both AOC
andHHI. But for the regular network, the ability is obviously
weaker than that of the other two. )is result shows that the
randomness of interaction between members will enhance
the cohesion of a group.

)e distribution of the openness of heterogeneous
groups also affects the ability to aggregate group opinions.
When the average openness level goes up, the aggregation
ability is improved significantly. For inverted triangle dis-
tribution, it is more conducive to the emergence of main-
stream opinion, and the polarization phenomena will have
less chance to occur.

Understanding the impact of heterogeneity on the
evolution of group opinions can enlighten us on how to
effectively organize redesign and improve decision-making
efficiency. If we want to enhance the cohesion of a group,
members should be diverse in openness aspect. Also, the
interaction should be as random as possible. For example,
how do we arrange seats at round-table meetings? We
should let open-minded and close-minded sit together so as
to interact randomly enough, in which we can prevent the
adverse impact of the regular network.

We use repeated experiments and Monte Carlo simu-
lation to eliminate the influence of individual initial opin-
ions on the evolutionary results. In fact, the initial opinion of
an individual undoubtedly has a nonnegligible effect on the
process of evolution. In the future, we will intend to study
the interaction between individual heterogeneity and indi-
vidual initial opinions, which is undoubtedly more chal-
lenging and meaningful.
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