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Abstract—Individuals modify their opinions towards a topic
based on their social interactions. Opinion evolution models con-
ceptualize the change of opinion as a uni-dimensional continuum,
and the effect of influence is built by the group size, the network
structures, or the relations among opinions within the group.
However, how to model the personal opinion evolution process un-
der the effect of the online social influence as a function remains
unclear. Here, we show that the uni-dimensional continuous user
opinions can be represented by compressed high-dimensional
word embeddings, and its evolution can be accurately modelled
by an ordinary differential equation (ODE) that reflects the social
network influencer interactions. We perform our analysis on 87
active users with corresponding influencers on the COVID-19
topic from 2020 to 2022. The regression results demonstrate
that 99% of the variation in the quantified opinions can be
explained by the way we model the connected opinions from
their influencers. Our research on the COVID-19 topic and for
the account analysed shows that social media users primarily
shift their opinion based on influencers they follow (e.g., model
explains for 99% variation) and self-evolution of opinion over a
long time scale is limited.

I. INTRODUCTION

A. Background

Since early research stretching back to the 1940s, social
influence is proved to have a vital effect on opinion modifica-
tion. Several empirical research in psychology has shown that
individuals evolve their opinions towards a topic since they
seek similarity or conform under social pressure. Sociologists
modelled the social influence as a force, determined by the
size, the network structure, and the relations among opinions,
to mathematically capture the observed personal opinion evo-
lution phenomenon.

In an age of internet-based tools becoming one of the pri-
mary sources of communication repertoires, online interaction
and interpersonal communication are rapidly converging [1].
Recently we have used the social influence theories to analyse
online social networks (OSN). The online social influence
can involve and interact with real-world crises, such as the
Russian-Ukraine conflict [2]. Therefore, understanding the
mechanism of online social influence [3], [4] is critical.

However, how to model the personal opinion evolution
process under the effect of the online social influence as a
function remains unclear. In this preliminary paper, we aim
to apply the social influence modelling method to the online

social network and evaluate the online opinion evolution model
using real-time Twitter data.

B. Related Work

1) Empirical research in psychology: Individuals evolve
their opinions, attitudes, or stances towards topics through their
social interactions. Several empirical research in psychology
has studied the phenomenon of opinion evolution during
interpersonal interaction. Back in 1995, Asch developed one
empirical experiment on social conformity, which has shown
that people would modify their opinions to seek similarity
with others in the group [5]. Other experiments on small
group behavior, decision making, and innovation diffusion
showed how interactions reduce opinion differences between
person. In 2012, a 61-million-user experiment was launched on
Facebook during the 2010 US congressional elections [6]. The
results show that human behavior is also amendable through
interventions from online networks.

2) Models of Social Influence: Based on empirical conclu-
sions, social influence modellings are proposed to explain the
social phenomena of opinion clustering or opinion controversy.
French in [7] introduced the earliest formal model on the
opinion evolution in a group.

Starting from the formal model, the change of opinion is
always conceptualized as a uni-dimensional continuum and
determined by the size, the network structures, or the relations
among opinions within the group. French-DeGroot model
showed how social influence always leads to opinion consen-
sus using the assumption that people will always influence
each other in the group [8]. However, opinion consensus is
not the only outcome from group discussion experiments. To
explain the opinion clustering, the Hegselmann-Krause model
adds a bounded confidence attribute to block the influence
from opposite opinions [9].

C. Contributions & Novelty

Several studies investigate the opinion evolution phe-
nomenon on a topic in Twitter. However, most studies focus on
the sentiment evolution of the majority of users. In this paper,
we propose the analysis of opinion evolution on a personal
level. This paper’s three major contributions are:
• We introduce a data-driven pipeline representing the

personal evolution of opinions with a time kernel.
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Fig. 1. A) shows the recipient i and the influencers j (determined by Twitter
following), and the influencers provide the forces of social influence on the
recipient’s opinion over time. B) shows the evolution process of recipient i
under the forces from influencers with a time kernel.

• Based on previous psychology models, we model the
opinion evolution process as a function of online social
influence using an ordinary differential equation.

• Our opinion evolution model is applied to the real-time
Twitter data under the COVID-19 topic. We find that
social media users primarily shift their opinion based on
influencers they follow, and self-evolution of opinion over
a long time scale is limited.

II. SOCIAL NETWORK OPINION DIFFERENTIAL EQUATION
MODEL

In this part, we show the reader we apply the social influence
modelling method to online social networks. Fig. 1 presents
the way we model the personal opinion evolution process
under the effect of the online social influence as a function.

In Fig. 1A) we show two example types of Twitter users
within a defined topic: left) the recipient i and the influencers
j (determined by Twitter following), and right) over time,
the influencers provide the forces of social influence on the
recipient’s opinion, leading to the evolution of its opinion.
Our aim is modelling the evolution process, so a time kernel
is applied to capture the modification of opinion as shown in
Fig. 1B). The size of the time kernel is selected to capture
sufficient activity within a period (e.g., typically 10 days).

We use x to represent the quantified opinion (compressed
from aforementioned word embedding), and the opinion of
recipient i at time kernel t is defined as xti. We use function
g(x1i , x

1
j ) represent the social influence from j to i at time

t = 1. However, the nature of g(·) is unknown at this time
and has to be derived either from previous experimentation
(see below) or function discovery. The linear combination
of previous opinion with confidence weight wii and social

influence with influence weight wij contributes to the opinion
evolution model

x2i = wiix
1
i +

∑
j,j 6=i

wijg(x
1
i , x

1
j ) (1)

Using French’s formal theory [7], in this paper, we model
the discrepancy of opinions xti and xtj to determine the effect
from influencer j to recipient i. So the influence effect is
determined to be proportional to the size of the difference
between their opinions g(xtj , x

t
i) = (xtj − xti). Beyond the

function, there may include influence weights (wij) represent-
ing the strength of the effect. Formally, social pressure on
the recipient i is the sum of the effect from all influencers
j conditioned by the weight (wij) of the tie between i and j
(−1.0 ≤ wij ≤ 1.0). The self-weight (wii) of the recipient
i represent to what degree the recipient is anchored on his
previous position (−1.0 ≤ wii ≤ 1.0) [10]. The influence
process takes place gradually, as the influencer changes its
position over time and influences the recipient toward its
position. For each recipient, the discrete-time interpersonal
influence mechanism can be describe as a ordinary differential
equation

xt+1
i = wiix

t
i +

∑
j,j 6=i

wij(x
t
j − xti) (2)

Given the opinion evolution model, our approach is to: (1)
identify topic-specific influencers and recipients using Twitter,
(2) apply a time kernel to analyse opinion evolution, and (3)
fit the data to empirical psychology ODE models and find the
influencer weight.

III. CASE STUDY: PIPELINE & DATA

Here we choose COVID-19 as our specific topic. COVID-
19 pandemic has been an ongoing global pandemic since De-
cember 2019. Discussions on disease symptoms, prevention,
vaccine, and local policies widely spread online. From January
2020 to September 2021, over 35 million unique users post
over 198 million Twitter using Covid-19 related keywords.
Our work concentrates on personal opinions evolution with
the influence from the online network during the pandemic.

A. Available Users

Our model assumes that topic-specific influencers provide
the forces of social influence on the recipient’s opinion,
leading to the evolution of opinion on the recipient. In the
case study, we first need to locate these two types of Twitter
users as the nodes in the opinion influence network: the
recipient i and the influencer j. We use the actual Twitter
”Following” relationship to build the edges of the influence
network, assuming that the recipient receives the forces of
influence from their ”Following” accounts.

To capture the opinion evolution process in a long time
range, only the ”active users” are under consideration for both
recipient and influencer. In the research on the communication
effect of mass media, the concept of ”active users” is defined
as users with a minimum level of activity. In our case, we



Fig. 2. Number of all Tweets and topic-specific Tweets from March 2020 to
Feb 2022

set 10 days as one time period and determined the minimum
standard as posting more than one topic-specific Twitter in at
least 60 time periods from the 1st of March 2020 to the 30th
of January 2022 (700 days). The missing periods would inherit
the previous t− 1 value of the opinion.

To start building up the active user network, we first look
into a list of COVID-19 experts on Twitter, including medical
professionals, data scientists, and journalists. We used the
Twitter API to gather each user’s ”Following” relationship
and tweet contents. We manually pick a set of 15 keywords
representing the COVID-19 topic. Then we filter the topic-
specific tweets that contain at least one of the keywords. Fig.2
shows the number of all Tweets and topic-specific Tweets
generated from active users from March 2020 to Feb 2022,
including 175624 tweets and 85946 topic-related tweets in
total.

Finally, we found 87 active recipients, and the mean value
of the number of influencers per recipient is 17.655. Some
recipients share some of the same influencers, and one recip-
ient may act as an influencer in another recipient’s network.
Although the following links appear between the influencers,
the interactions between influencers are not considered in the
recipient’s model.

B. Word Embedding and Compression to Uni-dimensional
Opinion

In this part, we present the reader the way we infer influence
and opinion to regress our opinion model using online social
media data.

The previously introduced social influence model mainly
conceptualizes the opinion using pro-event and post-event
psychology survey questions. In online social networks, we
use the text content posted by one individual to represent
the individual’s opinion. We aim to apply the social influence
modelling method to the online social network, so we use the
compressed word-embedding vectors to capture the vibration
of opinion.

In our case study, we gather the COVID-19 specific tweets
content as the initial input. We represent tweets using uni-
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B) Process of Sentence Embedding and Dimensionality Reduction with Visualization
Fig. 3. Process of word-embedding, dimensionality and visualization of
users’ opinions on COVID-19 topic.

dimensional continuum by word-embedding and dimensional
reduction.

The process is shown in Fig.3. For word-embedding, we use
Sentence-BERT with pretrained all-mpnet-base-v2 model [11].
Sentence-BERT takes sentences as the input data and produces
768-dimensional output vectors. Sentence-BERT uses siamese
and triplet structure on the pretrained BERT network, leading
to outperforming transfer learning tasks.

We pass the topic-specific tweets from selected ”active
users” to Sentence-BERT to obtain vector representations of
each tweet, then take the average of the vectors in each
time window. In this case, each user will have 70 768-
dimensional word embedding vectors to represent their time-
varying opinions on the COVID-19 topic.

Then each vector would be projected onto the uni-
dimensional plane using the Uniform Manifold Approxima-
tion and Projection (UMAP) algorithm [12]. UMAP is a
scalable algorithm for dimension reduction, searching for a
low-dimensional data projection with the closest topological
structure. After UMAP compresses the 768-dimensional word-
embedding vectors to 1-dimensional vectors, each user then
has 70 uni-dimensional vectors representing their opinion
evolution.

In Fig. 3, we also present the visualization of 2-dimensional
vectors of users’ opinions on this topic to give an impression
of opinion evolution. Red and blue dots represent the opin-
ions from one of the recipients and the corresponding thirty
influencers. The five sub-graphs visualize the variations of
opinions from time kernel 20 to time kernel 25. It should
be noted that the 2-dimensional vectors are only used in this
visualization, and the opinion vectors would be compressed
to uni-dimensional during model fitting to match the opinion
evolution model.

IV. OPINION MODEL EVALUATION

A. Multi-linear Regression

Here we have the quantified opinions from 87 recipients and
the corresponding influencers in 70 time kernels. We will then



TABLE I
OLS REGRESSION RESULT

No. of Influence Models Observations per Model
87 69

R̂ Mean Adj. R̂ Var
0.98232 0.00769

Pro F-statistic Mean Pro F-statistic Var
0.00012 1.26e-06

use the multi-linear regression method to evaluate the model
performance in generating the opinion evolution process.

For each recipient, we would build a regression process on
the model

xt+1
i = wiix

t
i +

∑
j,j 6=i

wij(x
t
j − xti) = βiix

t
i +

∑
j,j 6=i

βijx
t
j (3)

The independent variables are xti and all corresponding xtj ,
where the dependant variable is xt+1

i . In this case, all the num-
ber of observation is 69 since we capture 70 time windows.
But the number of independent variables is varying depending
on the number of influencers n. We use the ordinary least
square (OLS) method to estimate the coefficients of multi-
linear regression. The OLS method searching the coefficients
by minimizing the sum of square errors between the observed
and predicted values. Here, the coefficients βij represent the
influence weights of wij , and the self-weight wii could be
calculated from the coefficients βii and βij .

B. Regression Result

The results of the regression models are shown in Table.I.
We have 87 influence models and 69 observations per model.
For each model, the number of influencers depends on dif-
ferent recipients, where the mean value of the number of
influencers is 17.655, and the variance is 123.07.

The following two lines reveal the attributes that describe
the performances of our multi-linear regressions, adjusted R-
squared, and probability of F-statistic.

The adjusted R-squared score shows the explanatory power
of regression models that contain multiple predictors. In 87
regression models, the mean adjusted R-squared score is
0.98232, and the variance is 0.00769, representing that the
influencers can explain at least 0.98% of the variance for the
recipient’s opinion.

The null hypothesis of the F-statistic is that the effects of
the predictors are 0. The F-statistic probability shows the prob-
ability of rejecting the null hypothesis, which indicates if the
group of independent variables is essential. All probabilities of
F-statistic in our models are close to zero with slight variance,
representing the statistically significant of the predictors.

In summary, the high adjusted R-squared values and prob-
abilities of the F-statistic reveal the remarkable explanatory
power and statistical significance of the predictors.

V. CONCLUSION & FUTURE WORK

This paper aims to model the personal opinion evolution
process under the effect of the online social influence as
a function. We propose the social network opinion ODE
model, which considers both individual behaviour and network
structure. We use Twitter empirical data to fit the parameters of
the model. To achieve this, we introduced a pipeline to quan-
titatively represent personal opinion evolution with real-time
Twitter data under the COVID-19 topic. Using the quantified
real-time data as input, at least based on this topic, the opinion
data indicate that social media users primarily shift their
opinion based on influencers they follow and self-evolution
of opinions over a long time scale is limited compared to the
influences from others.

Our next step is to analyze the relationships between the
estimated influence weights and the actual interaction activities
between users, revealing why and how influencers can be
influential. We will also discover the social influence function
through data-driven function discoveries allowing non-linear
assumptions for diverse other topics.
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