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In innovation adoption, individuals' decision-making process is shaped by innovation’s 

attributes and is primarily affected by their unique personality traits, which have a bearing 

on their perception levels. This current study introduces a novel personality-driven 

innovation adoption model that combines Rogers’ diffusion theory with the OCEAN 

(Openness, Conscientiousness, Extraversion, Agreeableness, and Neuroticism) personality 

model. Our approach accounts for the significant influence of individual differences in 

adoption decisions by using personalized features. We analyze ChatGPT adoption using a 

dataset of 38,939 tweets and user metadata after preprocessing. A BERT-Random Forest 

model predicts users' Big Five traits, which help refine innovation attributes such as relative 

advantage, uncertainty, and acceptability, ensuring the adoption process aligns with 

psychological factors. This proposed framework holds significant potential for forecasting 

individual adoption behaviors by acknowledging the relevance of individual psychological 

traits in the decision-making process. Furthermore, we compare our personality prediction 

approach with baseline models including LSTM + Random Forest, BiLSTM + Random 

Forest, and RoBERTa + Random Forest, and show that BERT + RF achieves the most 

realistic personality feature estimates. Incorporating personality-driven and recalculated 

perceived innovation attributes enhances the model's ability to simulate real-world adoption 

patterns, providing a deeper understanding of how innovations diffuse in social networks. 
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1. INTRODUCTION

In this increasingly interconnected world, the spread of 

innovation crosses borders and cultures, becoming a critical 

component in addressing broad issues and sustaining 

economic advancement. The rapid diffusion of technological 

innovations and novel approaches has the potential to 

significantly enhance healthcare, education, and 

environmental sustainability, among other fields. 

Understanding the mechanisms and conditions that drive 

global innovation dissemination allows policymakers, 

businesses, decision-makers, as well as societies to better 

leverage the potential of new ideas to encourage economic 

integration, increase competitiveness, and promote societal 

advancement. 

Innovation diffusion theory is a crucial framework for 

understanding how new concepts, projects, and technologies 

are adopted and spread through society over time. This theory 

posits that the rate of adoption and diffusion is influenced by 

a range of factors, including innovation characteristics, 

communication channels used to promote it, the adopters’ 

characteristics, and the social system in which the innovation 

is being diffused. It simplifies the understanding of the various 

phases an innovation goes through, the different types of 

adopters involved, and the various factors influencing the 

diffusion process. The Diffusion of Innovation (DOI) has 

proven helpful for describing how innovations spread; 

however, it has substantial limitations in capturing the 

complexities of human adoption behaviors and decision-

making processes due to its lack of focus on psychological 

dimensions. 

Recent academic research highlights a growing interest in 

understanding the individual-level factors that influence 

innovation adoption, particularly the role of individual 

personality traits. Personality traits affect individuals' thoughts, 

behaviors, and decision-making [1]. One area of research [2-

4] has investigated the openness to experience and neuroticism

traits influence the adoption of e-technologies, mobile banking,

and e-learning environments. Moreover, others have explored

the concept of personal innovation which reflects an

individual's openness to new experiences, risk-taking behavior,

willingness to experiment with new technologies [5, 6], and

extraversion [7]. Another area of research has focused on the

role of risk-taking behavior in innovation adoption. Studies the

adoption of blockchain technology [5] and cryptocurrencies [8]

found that these traits is a key factor in innovation adoption.

While existing DOI models have provided foundational 

insights into how innovations spread, they frequently use 
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aggregate perspectives (as in mathematical models) or 

structural factors as communication channels and adopter 

categories. These classic models, including the Bass and 

Logistic models, usually presume homogeneity among 

adopters and constant external factors, limiting their ability to 

capture individuals’ complex decision-making processes by 

ignoring individual heterogeneity and social network effects. 

Even more recent individual-centered approaches such as 

threshold and cascade models, account for individual-level 

dynamics and social network effects in which they tend to 

simplify decision-making processes. 

Although some studies have begun to investigate the role of 

individual traits in innovation adoption, like openness, 

extraversion, or neuroticism, these investigations are usually 

restricted to specific technologies (e.g., e-learning, mobile 

banking), may be inapplicable to other contexts and fail to 

provide a generalizable framework. Critically, these research 

investigations frequently study personality in isolation, 

focusing solely on individual-level factors while ignoring 

other important elements of diffusion theory such as 

innovation characteristics, communication dynamics, and 

social system structure. This fragmentation emphasizes the 

need for a more comprehensive, personality-driven diffusion 

model that incorporates psychological variety with the 

fundamental features of innovation diffusion theory. 

This study introduces two key contributions to the field of 

innovation diffusion research. Globally, we develop a novel 

personality-driven diffusion model that is designed to simulate 

the diffusion of innovation in a network or community of 

agents by incorporating all the elements of the innovation 

diffusion theory that led to the influence of the diffusion 

process, in addition to individual-level factors, such as 

personality traits.  

The main contribution consists in combining the OCEAN 

personality model with Rogers’ model; as a theoretical model; 

with the main objective is to offer a personality-driven 

innovation diffusion model by highlighting the relevance of 

individual psychological traits in individual decision-making 

process.  

We chose Agent-based simulation as key modeling 

approach given that it accurately represents individual-level 

heterogeneity, simulates social interaction with the complex 

and dynamic nature of real-world diffusion processes, and 

provides flexibility in modeling complex decision-making 

processes. Individuals are depicted as agents in this modeling 

approach, each one has a unique set of characteristics, such as 

perceived innovation attributes and Big five personality traits. 

Innovation defined with its five characteristics; relative 

advantage, complexity, compatibility, trialability, and 

observability. To explore the effect of these psychological 

features within multiple scenarios, we generate random values 

for agents' attributes such as personality traits, perceived 

innovation characteristics, and innovation attributes. This 

allows for a broader simulation of adoption behaviors, 

providing additional perspectives into how personality factors 

influence diffusion dynamics. 

The second contribution is the application of this model to 

the case of ChatGPT adoption. We develop a hybrid model 

that leverages the contextual power of BERT with the 

decision-making strength of the Random Forest model, and 

using ChatGPT-related tweets and user metadata we predict 

the agents' Big Five personality traits. BERT is designed to 

capture nuanced meanings from text data, whereas Random 

Forest handles structured metadata. These predicted 

personality traits are subsequently used to recalculate 

perceived innovation qualities, which are incorporated into the 

simulation of our proposed model. Simulating the proposed 

model with these predicted values illustrates its ability to 

reproduce real-world adoption behaviors in social networks. 

Collectively, these contributions offer a more detailed 

perspective on the role of psychological qualities in innovation 

diffusion, allowing for more effective modeling of adoption 

behaviors across multiple contexts. 

The rest sections of the paper are organized as follows, 

Section 2 provides a concise literature review, explaining the 

essential concepts of innovation diffusion theory and its 

models. The motivation and our contribution are subsequently 

highlighted in Section 3. Section 4 explores our work’ 

background, giving a thorough review of the OCEAN 

personality model and agent-based simulation. Section 5 

expands on the proposed model by combining the Rogers and 

OCEAN models, followed by a presentation of the proposed 

innovation decision-making process in Section 6. In Section 7, 

we discuss the implementation and experimentation issues, 

along with a comprehensive analysis of the obtained results. 

Section 8 presents an empirical application of our novel 

personality-driven innovation adoption model on ChatGPT-

related tweets dataset. Finally, in Section 9 we illustrate 

conclusions and future perspectives for further research. 

 

 

2. LITERATURE REVIEW 

 

2.1 Innovation diffusion theory 

 

The concept of Diffusion of Innovation (DOI) is a theory 

that explains the adoption process of an innovation by 

modeling its entire life cycle in terms of communication and 

human information interactions. The study of new innovation 

adoption has been an area of research for several years [9], and 

Everett Rogers, a renowned American communication theorist 

and sociologist, was the most prominent researcher in the field 

of diffusion. In his book "Diffusion of Innovation Theory", 

Rogers explored all the factors and elements that affect the 

diffusion process and explained how, why, and at what rate 

new innovations spread through a social system. The 

theoretical adoption model (1962, 2003) gained widespread 

popularity and has been used as a framework in various fields 

of research such as medicine, agriculture, sociology, 

marketing, economics, and epidemiology [10]. 

The diffusion of innovation [11], “is the process through 

which an innovation is communicated over time among the 

members of a social system through certain channels”. This 

process involves four key components: innovation, 

communication channels, time, and social system [9]. 

(1) The notion of innovation relates to anything perceived as 

new by the potential adopters. 

(2) According to Rogers [11], communication is “a process in 

which participants create and share information in order 

to reach a mutual understanding”. This communication 

occurs through channels between sources [9], the 

communication channels are the medium whereby the 

message is carried and exchanged [10]. 

(3) The time dimension is a key factor because whatever the 

innovation contribution, it diffuses slowly in the 

population. Thus, it takes a time from its availability to its 

diffusion [10, 12]. 

(4) The social system is a set of interrelated units that engage 
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together to achieve a common goal. 

The term adoption means “full use of an innovation as the 

best course of action available”, while rejection means “not to 

accept an innovation” [11]. Furthermore, the rate of adoption 

is defined as the number of individuals who adopt an 

innovation over some time [9], it reflects the population's level 

of innovation adoption as a function of time [12]. Originally, 

the diffusion rate increased gradually. Then, as time passes, it 

climbs, resulting in a period of rapid adoption from the initial 

period to saturation. It draws an S-shaped curve that diffusion 

models must adhere to [12]. 

Moreover, there are five significant predictors of adoption 

rate, which are called by the perceived innovation attributes, 

these following keys may influence an individual’s adoption 

decision. 

Relative advantage is the perception level to which an 

innovation is perceived as better than other alternatives, which 

it supersedes [10, 13]. This factor is considered a prerequisite 

for adoption [14], and the higher the perceived relative 

advantage, the faster the adoption process is likely to occur 

[11]. 
However, relative advantage alone does not guarantee 

widespread adoption. Diffusion also requires that the 

innovation be compatible with the values, beliefs, history, and 

current needs of potential adopters.  

Compatibility is defined as “the degree to which an 

innovation is perceived as consistent with the existing values, 

past experiences, and needs of potential adopters” [11]. 

Accordingly, with an incompatible innovation, it may take a 

long time and a lot of discussion before it becomes socially 

acceptable [10]. 

Complexity refers to the degree to which an innovation is 

perceived as difficult to understand and use [9]. The more 

complex an innovation is, the more challenging it can be for 

potential adopters to integrate it into their lives. Therefore, an 

innovation should be meaningful and clear to potential 

adopters to increase the likelihood of adoption [10]. Simplicity 

plays a crucial role in the adoption process, and innovations 

that are perceived as simpler are more likely to be adopted 

quickly [11]. 

Trialability is the degree of an innovation to be 

experimented with on a limited basic without significant losses, 

or having the ability of trying partially with the objective to 

eliminate the ambiguity. It is likely that the more an innovation 

is tried, the faster its adoption is [10]. 

Observability refers to how visible an innovation is to 

others. If a potential adopter notices others in his vicinity 

choosing a certain innovation, he will be compelled to talk 

about it and will regularly ask for evaluation information. As 

a result, observability can speed up the diffusion process. If the 

adoption and its comparable benefits are readily visible, the 

chances of adoption increase [10]. In summation, [11] 

suggested that innovation with more relative advantage, 

compatibility, simplicity, trialability, and observability will be 

diffused more quickly than others. 

The decision to accept, adopt, and use the innovation does 

not have to be made immediately, rather, it does take time. 

Hence, time is a central notion for studying the innovation-

decision process [13]. Rogers describes the adoption decision 

as a five-phase decision-making process [10] that begins with 

initial exposure to innovation until its adoption or rejection, as 

shown in Figure 1.

 

 
 

Figure 1. The innovation-decision process 
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2.2 Innovation diffusion models 

 

Diffusion of innovation theory aims to expand our 

understanding of how and why the spread of innovations 

occurs by highlighting the influential factors that dictate the 

adoption rate of novel concepts, items, or technological 

advancements, ultimately, providing insight into the 

prediction of adoption [12]. Unlike the Technology 

Acceptance Model (TAM) and the Unified Theory of 

Acceptance and Use of Technology (UTAUT), innovation 

diffusion theory focuses on the context in which adoption 

decisions are made. As per this theory, people adopt 

innovations through diverse patterns that vary based on users’ 

characteristics [15]. 
Numerous models capturing the adoption of innovations 

have been proposed, with the diffusion of innovation theory 

serving as a theoretical framework. The study [16] divided the 

diffusion models into two categories: mathematical models 

and individual-centered models, or macro and micro models, 

respectively. 

 

2.2.1 Mathematical models 

In the first category, the best-known models are the Logistic 

family, the Gompertz, and the Bass model. These models are 

based on well-defined coefficients and centered on the 

adoption rate. They are clear and simple, making them easy to 

learn and implement, and have predictive value under stable 

conditions. However, these models have significant 

limitations. The stability of their parameters is frequently a 

worry, and they may fail to account for innovations that do not 

spread unless just a small number of potential adopters are 

assumed, despite the existence of a vast mass that cannot be 

reached through diffusion. Furthermore, these models imply 

that internal or external influences remain constant during the 

diffusion process, ignoring the effects of social networks and 

adopter heterogeneity [17]. Recent improvements have 

brought more sophisticated mathematical models that 

integrate dynamic parameters and the network effects to better 

reflect innovation diffusion complexity [18, 19]. 

 

2.2.2 Individual-centered models 

More recent models have moved toward individual-oriented 

approaches that consider the social structure and 

communication channels involved in diffusion in order to 

address these shortcomings. Models for thresholds, 

epidemiology, and cascades are a few examples. According to 

the study [20], one of the fundamentals of the diffusion models 

at the individual level is population heterogeneity. These 

models have the benefits of considering population 

heterogeneity and the diverse behavior of individual adopters, 

as well as capturing the dynamic nature of the diffusion 

process. They include interactions from social networks, 

providing for a more sophisticated view. However, these 

models can be more complicated and computationally costly, 

needing specific data on people's behaviors and social 

networks, making accuracy and validation difficult. 

Most significantly, the use of agent-based models (ABM) 

has shown to be quite successful in getting past many of the 

limitations of traditional diffusion models [21, 22]. ABMs 

allow for the representation of heterogeneous adopters and the 

dynamic nature of the diffusion process by simulating 

interactions between individuals (agents) inside social 

networks.  

Innovation diffusion field has further benefited greatly from 

the advancement of social networks and social network 

analysis (SNA), which has made it easier for innovation 

sharing. SNA is a versatile and helpful tool since it can be used 

in conjunction with a variety of methodologies and theories to 

obtain pertinent network information for understanding the 

diffusion of innovation and evaluating the significance of 

various network actors [23, 24]. Recent research indicates the 

crucial significance of social network structures in affecting 

the rate and extent of innovation diffusion, highlighting 

network cohesiveness and the presence of key influencers [25]. 

Nevertheless, it challenges in term of data availability and 

collection.  

 

 

3. MOTIVATION  

 

3.1 Analysis of prior research 

 

Although DOI has been useful in explaining how 

innovations spread, its lack of focus on psychological 

dimensions has severely limited its ability to capture the 

complexities of human adoption behaviors and decision-

making processes. Despite advancements, a significant 

limitation of existing diffusion models is their neglect of 

innovation characteristics including relative advantage, 

compatibility, complexity, trialability, observability, and 

reinvention. These models illustrated that theoretically, but not 

explicitly, innovation exists in design.  

Furthermore, the innovation adoption path is inherently a 

multi-step, complex process that updates individual's 

characteristics values at each stage. This process is frequently 

oversimplified by current diffusion models, which neglect the 

complex progression of decision-making processes. Diffusion 

models frequently rely on randomly selected early adopters, 

despite the fact that these individuals have certain 

characteristics and are not chosen at random in real social 

systems. To effectively diffuse innovation, opinion leaders 

with traits that match the innovation's features must be 

strategically selected. For that reason, a selection based on 

reasonable assessments is required, which are primarily based 

on the diverse personal characteristics of each category of 

adopters. 

Individuals are naturally diverse, with a complex fabric of 

differences in social behaviors, interaction styles, and 

communication methods. Furthermore, people's decisions-

making processes vary widely according to a variety of 

circumstances, including personality traits. This intrinsic 

variety adds richness and complexity to human relationships 

by emphasizing the uniqueness of each person's path within 

the fabric of social dynamics. However, current diffusion 

models ignore this aspect. They often depend on the principle 

that the decision to accept an innovation will be made because 

others neighbors have already done so, without personal 

evaluations, and individual choices in this case are influenced 

by social pressure. 

Additionally, the most significant shortcoming lies in the 

social system used by the diffusion models in literature; the 

heterogeneity of the targeted population or potential adopters 

is inadequately represented due to substantial differences in 

the values of individual attributes. However, in diffusion 

modeling, it is critical to recognize that heterogeneity stems 

from the diversity of communication and interaction behaviors, 

perception phase, social influence and persuasion level, 

personal evaluation of the innovation, decision-making, and 
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the range of values present within individual characteristics. 

Current diffusion models do not fully account for this 

complexity. 

Likewise, the heterogeneity of the targeted population or 

potential adopters is inadequately represented, lacking to 

reflect the variety in communication and interactions 

behaviors, perception phases, social influence, personal 

evaluations of innovations, and decision-making processes. 

Current diffusion models do not fully account for this 

complexity. 

 

3.2 Contribution 

 

The field of innovation diffusion and adoption has seen 

significant advancements, highlighting that the success of an 

innovation is not only dependent on its intrinsic attributes but 

also deeply influenced by the characteristics of the individuals 

who adopt it. Traditional innovation diffusion models have 

mostly focused on external factors—like socioeconomic status, 

communication channels, and the attributes of the innovation 

itself—while have primarily overlooked the internal 

psychological factors that critically add a layer of realism and 

granularity to the diffusion model, capturing the psychological 

factors that drive the adoption decision. Specifically, 

personality characteristics play a pivotal role in shaping how 

individuals perceive, evaluate, and eventually adopt 

innovations. Psychological research demonstrates that 

individual differences, particularly those related to personality 

traits, directly affect behaviors and decision-making processes. 

This study aims to develop a novel personality-driven 

diffusion model that combines the OCEAN personality model 

with Rogers' diffusion theory. This model will include all the 

key elements of innovation diffusion theory as well as the 

individual personality trait as a significant psychological 

dimension. 

Our approach departs from traditional models by explicitly 

relating individuals’ psychological factors to their perceptions 

of innovation traits (e.g., compatibility, complexity, 

uncertainty, and influence). For example, openness correlates 

with innovativeness, extraversion affects social relationships, 

and neuroticism is tied to uncertainty and influence. This level 

of integration provides a unique perspective on how 

individuals perceive and evaluate innovations based on their 

personality profile. Moreover, the time dimension in our 

model introduces the potential for changes in individuals’ 

perceptions and decisions over time, providing a more 

nuanced understanding of the diffusion process. 

By integrating personality traits with key elements of 

diffusion theory—such as communication networks, social 

influence, and innovation characteristics—our model provides 

deeper insights into how different personality types drive 

communication, interaction, and decision-making. 

Importantly, this simulation framework presents a more 

heterogeneous and realistic depiction of the social system, 

including the classification of adopters (such as early adopters 

and opinion leaders) using psychological assessments, in 

contrast to existing diffusion models that typically treat 

adopters as homogeneous or segmented by simple 

demographic categories, which may overlook the complex 

psychological dynamics influencing adoption. 

Agent-based simulation will be used to represent the 

dynamic and complex nature of real-world diffusion processes. 

The application of this model to ChatGPT adoption, which 

utilizing BERT and Random Forest to predict Big Five 

personality traits from ChatGPT-related tweets and user 

metadata, will provide a practical demonstration of the model's 

effectiveness. These predicted attributes will be used to 

calibrate perceived innovative qualities, which will then be 

incorporated into our simulation model. 

 

 

4. BACKGROUND 

 

To put together our research methodology, we required to 

focus on synthesizing existing literature models that form the 

foundation of our research. This section presents a helpful 

summary of agent-based modeling and simulation, as well as 

personality traits and models. 

 

4.1 Agent-based simulation 

 

In recent years, Agent-based modeling and simulation have 

emerged as promising approaches to overcoming the 

limitations of literature diffusion models and opening new 

research opportunities in diffusion studies. 

Agent-based models prioritize theoretical development and 

incorporate individual heterogeneity [26-28], social influence 

[28-30], effectiveness of promotional strategies, and 

competitive diffusion [31] in the discussion of innovation 

diffusion. By analyzing real-world scenarios, this tool 

facilitates the development of theories and offers practical 

recommendations for management strategies and policies [27]. 

In the context of innovation diffusion is gaining popularity 

among researchers, by effectively modeling individual 

heterogeneity and interactions [32, 33]. The decision-making 

process is determined by a decision rule. 

The ability of ABM to represent individual-level 

heterogeneity is one of its primary advantages, which 

encourages us to use it for our model. With this modeling 

approach, each agent is assigned a unique set of qualities (in 

our example, perceived innovation characteristics and the Big 

Five personality traits), reflecting the variety of manners in 

which people perceive and accept innovations. It enables a 

more realistic representation of real-world complexity, where 

no two people behave identically. 

Moreover, ABM can simulate social interactions that are 

highly dynamic. Innovations are frequently adopted because 

of social influence as well as their attributes. Social influence 

is the result of contacts with peers, opinion leaders, and other 

influential individuals in the network. Using ABM, network 

effects can be simulated, representing the complex and 

dynamic nature of real-world processes of diffusion, where 

individuals' decisions may be influenced by their social 

connections. In contrast to traditional models that fail to 

capture this degree of detail, they often presume a static impact 

across the diffusion process. 

ABM additionally offers opportunities for adaptability in 

modeling complex decision-making processes. According to 

our diffusion model, agents base their decisions on a 

combination of personality traits, perceived innovation 

characteristics, communication, and social impact, with 

individual adoption evolving over time. The possibility to 

model these behavioral dynamics makes ABM a valuable tool.  

 

4.2 Personality model 

 

Personality is a crucial aspect of human beings as it shapes 

their reactions and emotions to significant stimuli in their 
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environment [31]. American psychologists, personality “is a 

stable and organized set of psychological traits and 

mechanisms that impact an individual's interactions and 

adaptations to their psychological, social, and physical 

surroundings” [31, 34].  

According to psychoanalysis, an individual's personality 

develops throughout their life, with a critical period being the 

first eleven years. Shared experiences and interactions with 

others continue to shape the personality's development [31]. 

The literature offers many adjectives to describe personality, 

and various models have been proposed to categorize 

individuals based on these traits. In 1936, the groundwork for 

defining the fundamental aspects of personality was laid by 

compiling a list of 4,500 terms referring to personality traits 

[35]. Allport's list was later reduced to sixteen traits through 

component analysis [36]. Cattell's list was further investigated 

and condensed into five traits [37-40]. Goldberg's studies were 

expanded upon, confirming the validity of the model and 

resulting in the widely used "Big Five" personality model [40, 

41]. 

The OCEAN model, known as the Five-Factor model 

(FFM), has become the standard for studying and analyzing 

personality [42]. The model includes five broad personality 

traits: Openness to experience, Conscientiousness, 

Extraversion, Agreeableness, and Neuroticism [34]. Each trait 

consists of several aspects or character traits.  

Openness to experience (O) is associated with an 

appreciation for art, emotions, adventure, unusual ideas, 

curiosity, and imagination. As open individuals are more 

likely to seek out new experiences, in the diffusion of 

innovation field they are generally more receptive to novelty 

making them ideal innovators or early adopters in the diffusion 

process. 

Conscientious (C) is related to self-discipline, compliance, 

goal-orientation, and organization rather than spontaneity. 

Conscientious individuals tend to thoroughly assess the 

practicality and long-term usefulness of innovations prior to 

adoption. This trait is especially important during the early and 

late majority stage, when adopters must be confident in the 

innovation's effectiveness and value. 

Extraversion (E) is associated with energy, positive 

emotions, and a desire to be in the company of others—it is a 

go-getter. People with a high level of this feature are 

frequently active in social networks and communication, 

making them crucial participants in accelerating the diffusion 

of innovations. Their ability to influence others typically 

position them as early adopters who represent the innovation 

to their community. 

Agreeableness (A) is the tendency to be compassionate and 

cooperative towards others rather than suspicious and 

antagonistic. Agreeable individuals usually behave later in the 

adoption cycle and are more willing to adopt innovations when 

they see others doing so because they are confident in their 

social networks' adoption and trust the recommendations of 

peers.  

Neuroticism (N) is the polar opposite of emotional stability, 

characterized by a propensity to experience negative emotions 

such as anger, anxiety, or depression, as well as vulnerability 

[34]. Those with high levels of neuroticism tend to be risk-

averse and resistant for adopting innovations, especially when 

there is ambiguity associated. Because of this, they are more 

likely to be laggard category, waiting the innovation will be 

well-established and the associated uncertainty have been 

minimized. 

Each aspect of perceived personality is either equivalent (+) 

or diametrically opposed (-) [31, 34]. The OCEAN model 

examines people on five distinct personality traits 

independently of each other, not to categorize them into five 

groups, but to place them on five different scales, providing an 

overall picture of the person's character [31, 34].  

 

 

5. THE PROPOSED MODEL 

 

5.1 Merging the diffusion and OCEAN model  

 

To achieve our research goals, two main models are 

successfully combined: Rogers’ and OCEAN model. More 

precisely, we proposed a novel personality-driven innovation 

diffusion model by merging the Rogers' innovation model as a 

theoretical model with the Big Five personality model, which 

reflects individual personality types. As illustrates the global 

architecture (Figure 2), the agent in its decision-making 

process goes through four phases; perception, communication, 

persuasion, and decision. The primary aim of this study is to 

emphasize that individual decision-making regarding the 

adoption or rejection of an innovation is not solely linked to 

individual and innovation characteristics. Rather, individual 

personality traits also play a crucial role in this process as 

expressed in Eq. (1). 

 

𝐼𝐷 = 𝑓(𝐼𝐶, 𝑃𝐼𝐶, 𝐼𝑃(𝐵𝑖𝑔5)) (1) 

 

where, the individual decision (ID) is a function (f) of three 

main factors: Innovation Characteristics (IC), Perceived 

Innovation Characteristics (PIC), and Individual Personality 

Traits (IP) based on the OCEAN model.  

Notice that IC comprises compatibility, complexity, 

trialability, observability, and relative advantage of the 

innovation, while IP include openness to new experience, 

conscientiousness, extraversion, agreeableness, and 

neuroticism. 

As previously discussed, innovation is anything that 

potential adopters viewed as novel. Rogers identifies five key 

features that can be used to represent innovation. Similarly, 

our framework employs the following factors to characterize 

innovation:  

 

5.1.1 Innovation five attributes 

• Relative advantage. This is a randomly generated 

value, ranging from 1 to a certain ceiling that varies 

from agent to agent, is added to their profile. 

• Complexity. It's chosen as a fixed real number from 0 

to 1. It denotes the innovation complexity. 

• Compatibility. It is also a fixed real number between 

0 and 1, where a value of 0 indicates complete 

incompatibility with the innovation and 1 indicates 

full compatibility. 

• Observability. It arises when communication takes 

place. We assume that if an agent communicates with 

an adopter, they observe the innovation's results, 

aligning with Rogers’ view that observability 

depends on social exposure. 

• Trialability. It is chosen as a fixed real number from 

0 to 1 that is uniform for all. 

The fixed range chosen to reflect the innovation qualities 

depend on diffusion of innovation theory [11], agent-based 

modeling, and prior diffusion models [10]. Attributes like 
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Complexity, Compatibility, and Trialability are represented as 

fixed real numbers within the [0,1] interval allowing for 

consistent interpretation—where 0 indicates the minimum 

presence of the attribute, and 1 indicates the maximum. Agent-

based simulations frequently use [0,1] scales to facilitate the 

integration of attribute values into probabilistic decision rules. 

Relative Advantage is assigned as a random value that ranges 

from 1 to a ceiling to adjust agent-level heterogeneity in 

perceived benefit [10]. Observability is considered as an 

evolutionary attribute during agent communication, aligning 

with Rogers’ view that observability depends on social 

exposure [11]. These modeling approaches improve realism, 

enable flexible experimentation in simulating innovation 

diffusion.

 

 
 

Figure 2. The global architecture of our model  

 

5.1.2 Agent profile 

The agent presents an individual, the majority of the 

necessary characteristics that define an individual are present 

in the following agent profile: 

• Agent_id: the agent’s identifier, of which each agent 

has a unique identifier. 

• Adoption_state: a boolean value (0 or 1) that 

represents the agent's adoption state, indicating 

whether he has already adopted the innovation or not. 

The value 0 indicates that the agent has not yet adopted the 

innovation, and 1 indicates that the agent has adopted it. This 

binary format facilitates the modeling of adoption dynamics, 

allowing for simple analyzing of adoption over time and 

accurate estimation of adoption rates across populations, it 

consistent with agent-based simulation processes.  

Perceived innovation characteristics. After perceiving the 

innovation, the agent's perception of its characteristics is 

represented by the following values: 

• Relative advantage. Takes the same value of the 

innovation relative advantage, as we consider it to be 

the same.  

• Uncertainty. Represents the agent's uncertainty 

towards the innovation. 

• Acceptability. Means the individual's desire to adopt 

the innovation and it takes a value between 0 and 1.  

• Compatibility. Refers to the degree to which an 

individual perceives that he/she is in harmony with 

the innovation. It takes a value between 0 and 1. 

• Influence. It picks a random real number in the 

interval [0,1] to represent the level of the social 

influence. 

• Innovativeness. In our framework, innovativeness is 

defined as “the degree to which an individual is 

relatively earlier in adopting an innovation than other 

members of their system” [43]. Innovativeness is a 

permanent trait that affects how a person views and 

responds to innovations. We include innovativeness 

as a characteristic of our agents, and it is related to 

the trait of openness to experience. It takes a value 

between 0 and 1. 

Agent’s personality. In this study, we utilized the Big Five 

model, to reflect an individual's personality. The model 

consists of five traits; Openness to Experience, 

Conscientiousness, Extraversion, Agreeableness, and 

Neuroticism; each assigned a value between 0 and 1 through 

random selection.  

Agents possessing a high openness to experience value, for 

example, are inclined to actively seek out unusual experiences 

and encourage innovative ideas at an early stage. The extent of 

an agent's social network is correlated with extraversion; 

extraverted agents have more neighbors and engage in more 
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social contacts. An agent's conscientiousness affects how 

carefully they assess innovation and look for information. 

Agreeableness influences an agent's susceptibility to social 

influence, increasing the likelihood that they would follow 

their peers' opinions; on the other hand, neuroticism is 

negatively correlated with adoption behaviors, decreasing an 

agent's social connectivity, hence, limiting their openness to 

innovation. 

 

 

6. THE PROPOSED INNOVATION-DECISION 

PROCESS 

 

6.1 Perception 

 

Humans display a diverse range of personality traits, which 

can influence their behavior. The existing literature highlights 

the favorable impact of the openness trait on innovativeness 

[44]; individuals who score higher on openness to experience 

trait are much more likely to come up with innovative product 

ideas. Furthermore, the studies [43, 45] discovered a 

substantial correlation between openness to experience and 

innovativeness in their studies. During the perception phase, 

our goal is to identify early adopter agents based on certain 

conditions. To determine the values of other personality traits, 

we use the openness to experience value as a reference point. 

Procedure 1: 

If (Openness to experience = maximum_value) then  

// Openness to experience will take value in the interval 

[0.75,1] or [75%, 100%] we-use the two notations 

        Innovativeness  Innovativeness_ max  

        Acceptability  Acceptability_ max 

        Compatibility  Compatibility_ max 

       Non_Uncertainty Uncertainty_min   

End If  

If (Compatibility ≥ 90%) and (Acceptability > Uncertainty) 

then 

          Adoption_state  Adopter 

 

We hypothesized that individuals with the highest openness 

value would demonstrate greater innovativeness, a stronger 

inclination towards accepting and participating in new 

experiences, and increased tolerance for ambiguity and risk-

taking. These individuals would consider uncertainty as a 

routine aspect of life and would hold a significant appreciation 

for novelty and adaptation [43]. As a result, their compatibility 

with the new will be a great value. 

The used numerical thresholds are based on Rogers' 

qualitative theories [11]. The Compatibility > 90% threshold, 

for example, indicates great consistency with user values and 

low perceived complexity to adoption. Similar procedural 

thresholds have been used in prior modeling work [10], where 

compatibility above 0.9 and Acceptability > Uncertainty 

indicated a strong match between an individual and the 

innovation. 

 

6.2 Communication 

 

As widely understood, novelty is often accompanied by 

uncertainty, given the lack of comprehensive information 

available. One of the most effective ways to diminish 

uncertainty is through communication. Communication 

involves direct interaction between individuals, thereby 

encouraging individuals to try new innovations [46]. In this 

study, through the communication phase, agents may increase 

the perceived innovation relative advantage and decrease its 

uncertainty, which might encourage adoption. Agents obtain 

more information by communicating to others about the 

innovation that helps in evaluating its relative advantage, 

compatibility with their values, and complexity. 

Communication contributes to the agents’ making decisions 

about adoption in this way. 

 

6.2.1 Agent neighborhood and communication network 

By default, we used the Moore neighborhood type 

metaphorically representing each individual's social 

environment, representing the individuals they can interact 

with. However, during our analysis the precise number of 

neighbors and the nature of relationships can differ due to the 

individual's personality traits, we specify the number of agent 

neighbors to be related to three personality traits; openness to 

experience, extraversion, and neuroticism; within the range of 

[0,8]. These characteristics influence an agent's propensity for 

social contact and, consequently, the size of their 

communication network.  

Individuals with high levels of openness and extraversion 

tend to have excellent communication skills and are more 

likely to be talkative, conversational, curious, and prefer the 

company of others. On the other hand, people who are highly 

neurotic may have difficulties communicating with others 

effectively due to their emotional instability [47]. 

Procedure 2: 

If (Openness to experience ≥ 0.75) or (Extraversion ≥ 0.75) 

then 

        number_agent_neighbors  8   

            If (Neuroticism ≥ 0.75) then 

                    number_agent_neighbors  random.choice [0,2]  

           Else  

                   number_agent_neighbors  random.choice [3,7]  

          End If  

End If 

 

6.3 Persuasion 

 

Peoples vary in their interpersonal relationships, and they 

tend to communicate with others in ways that reflect their 

personality and character. Ultimately, they may either impact 

their environment or be influenced by it. 

In social psychology, the relationship between personality 

traits and the susceptibility to social influence is still being 

addressed [48]. Personality is additionally viewed as a 

significant piece of knowledge in building effectiveness 

persuasive systems due to people's reactions to persuasive 

stimuli may differ depending on their personalities [48]. In this 

study, we aim to analyze the effect of personality traits 

particularly neuroticism, conscientious and agreeableness on 

social influence and persuasion value. After interacting with 

their neighbors, the agent gains a certain level of influence, 

which varies depending on the values of their personality traits. 

Procedure 3: 

While (number_agent_neighbors ≠ 0) then 

          If (Neuroticism ≥ 75%) then 

                  Influence  Influence_ min  

// the attribute influence will take the min value in the range [0, 

0.2] 

         Else   

                 If (Conscientious ≥ 75%) or (Agreeableness ≥ 75%) 

then 
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                          Influence  Influence_ max  

     Observability  1 

     Uncertainty  Uncertainty – Trialability 

     Relative advantage  Relative advantage + Influence 

End While 

 

Individuals who are agreeable tend to be more inclined to 

agree with others' opinions, making them more likely than 

others to follow social norms. Conscientious individuals tend 

to exhibit goal-directed behavior, including planning, 

organization, and adherence to rules and norms [42]. 

Therefore, individuals who are more inclined to conform to 

social norms and rules are likely to be more susceptible to 

influence from others.  

 

6.4 Decision 

 

At the end of the process, the agents acquire a 

comprehensive understanding of the innovation, along with 

the essential values that enable agents to make their final 

decision. Agents, in our modeling, have a binary decision 

between adopting or rejecting the innovation. The decision 

significantly driven by the relative advantage, compatibility, 

and uncertainty values. Adoption is considered a final, one-

time decision; partial adoption, discontinuous or reversed 

decision are not supported. 

Procedure 4: 

If (Compatibility ≥ 90%) and (Uncertainty ≤ 10%) then 

        Adoption_state  Adopter 

Else 

      If (Acceptability ≥ 75%) and (Uncertainty < 20%) and 

(Relative advantage > 0) then 

            Compatibility  Compatibility_max  

End If 

 

The final decisions conditions (e.g., Compatibility > 90% 

and Uncertainty < 10%) aim to identify agents who perceive 

the innovation as highly compatible and low-risk. Although 

these thresholds are commonly used in diffusion models [10]. 

 

 

7. RESULTS AND DISCUSSION  

 

We have performed a number of scenarios which are 

described down. We changed the system settings in these 

scenarios in order to see how the simulation results vary. 

 

Initial scenario. 

For this run, we selected a population of 1000 agents, each 

equipped with a list of randomly generated attributes. To start 

the simulation, we assigned 25% of the agents as initial 

adopters to represent an early, yet non-negligible, phase of 

diffusion (agents that have already adopted the innovation). 

This percentage was chosen as a modeling assumption to 

ensure the simulation starts with a sufficiently active base of 

adopters to enable examining subsequent diffusion dynamics 

in the network. While the remaining 75% represented non-

adopter agents.  

As we observe the adoption curve from t = 0 to t = 6, shown 

in Figure 3 (in which adoption rate presented with green curve 

and non-adopter agents with red curve), we witness a steady 

increase. At t = 0, only a fraction of agents had embraced the 

innovation. However, as time passed, the adoption rate 

increased significantly, reaching an interesting inflection point 

around t = 6. This increase in adoption indicates that a critical 

mass of agents understands the benefits or value proposition 

of the innovation. Following that, at t = 7, we noticed a 

stabilization in the adoption curve, indicating a saturation 

point where the bulk of potential adopters had already 

integrated the innovation into their daily routines. Notably, our 

basic model, which excludes complex influences like 

individual personality traits, converges on a 50% adoption rate. 

This finding underscores the logical and consistent flow of our 

basic model. 

 

 
 

Figure 3. The result of the basic algorithm 

 

Scenario 1. 

The selection of opinion leaders’ group in literature models 

is done at random; this step necessitates reasonable 

evaluations. Selecting opinion leaders for successfully 

disseminating an innovation requires examining their 

personality traits and strategically matching them to the 

innovation's attributes to increase the adoption rate. 

An opinion leader is described in our model as an agent who 

has already adopted the innovation and whose primary 

responsibility is to exert a sizable degree of influence within 

their network, including the ability to influence the opinions 

of their neighbors. Beyond that, we have added supplementary 

personality factors to this category. Determining the 

personality traits of opinion leaders is dependent on the 

innovation itself; what type is it? Its characteristics, and in 

which context and field? 

To illustrate the effect of opinion leaders' personalities on 

the influence of peer opinions and decisions, as well as to 

ensure the validity of our proposition. We simulate the 

following scenario.  

With a population of 1000 individuals, we assigned 75% as 

non-adopters and 25% as opinion leaders (as we assigned 

above in Initial scenario to show the difference in results). In 

this case, opinion leader is adopter agent who is also 

extraverted individual. Opinion leaders with high extraversion 

are energetic, socially inclined, and enjoy the company of 

others. They thrive and feel at ease in relationships, and they 

frequently maintain a happy and engaging manner. 

Comparing the resulting adoption rate (Figure 4) of this 

scenario to the curve of the preceding scenario (the initial 

scenario) where such considerations are absent, demonstrates 

that strategically choosing opinion leaders through logical 

examination improves and increases the adoption rate, 

supporting our proposition. Note that in both scenarios, we 

used the same population and sub-division. This demonstrates 

that extraverted opinion leaders are more likely to drive 
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adoption rates for innovations requiring for social interaction, 

community engagement, and frequent user interaction. Their 

persuasive communication style and propensity for thriving in 

social situations enable them to persuade others to adopt the 

innovation. The findings of this case study illustrate that the 

diffusion process can be greatly accelerated by selecting 

opinion leaders based on innovation features, especially when 

the innovation is driven by social factors.  

 

 
 

Figure 4. The innovation adoption rate with a population of 

1000 agents, 25% opinions leaders and 75% non-adopter 

agents 

 

Scenario 2.  

This scenario aims to evaluate the factor of the openness to 

new experiences society. As we just indicated, our goal is to 

examine how the five personality qualities affect people 

decisions. For this experiment, we assume that 75% of agents 

have the highest level of openness trait. 

Individuals with high openness character are innovative 

personalities and more likely to immerse themselves in 

unusual experiences.  

 

 
 

Figure 5. Openness to experience situation 

 

Following the code's execution, the results, as depicted in 

Figure 5, suggest a significant correlation between openness 

to new experience and innovation adoption. The adoption rate 

curve increased and stabilized at t = 11, indicating that the 

highest adoption percentage was achieved at that point in 

time.These findings support our earlier suggestion that 

societies with greater openness to new experiences tend to be 

more innovative and adaptable. Individuals with high 

openness traits may be more willing to take risks and embrace 

new innovation. This propensity towards novelty and 

innovation not only promotes a more dynamic and innovative 

society, but it also raises the adoption rates of innovations. 

Furthermore, these results underscore the crucial 

importance of nurturing a culture of openness within a society, 

as it appears to be a key driver of innovation and adaptability. 

In conclusion, the relationship between openness to new 

experiences and innovation adoption is dynamic one, offering 

valuable insights into the factors that influence a society's 

acceptability of innovations. Therefore, the early adopter 

category is absolutely linked to the trait of openness to new 

experiences. 

 

Scenario 3. 

In contrast to the last scenario (scenario 2), this scenario 

assumed that the population being studied had reached the 

highest level of neuroticism, which is characterized by erratic 

emotions and difficulty in communicating with others.  

The findings gleaned from this scenario, as illustrated in 

(Figure 6), when compared to prior scenarios, such as Scenario 

2, where openness to new experiences significantly increased 

adoption rates, we notice a clear contrast: neuroticism leads to 

less peer influence and a lack of exposure to new ideas, 

resulting in a longer and lower overall adoption rate. 

 

 
 

Figure 6. Neurotic situation 

 

The findings of this scenario reveal a substantial correlation 

between high levels of neuroticism and lower rates of 

innovation adoption. Individuals with high neuroticism 

frequently exhibit unstable emotions and have fewer social 

relationships, limiting their exposure to innovation. Their 

unwillingness to participate in social networks, as well as their 

predisposition to reject external influences, particularly those 

from opinion leaders, limit their opportunity to get informed 

about novel innovations. The lack of social connection and 

exposure considerably reduces their readiness to adopt 

innovations. 

 

Scenario 4. 

The findings of this experiment offer valuable insights into 

the importance of incorporating personality traits, specifically 

neuroticism, conscientiousness, and agreeableness when 

examining persuasive dynamics. Our study aimed to 

understand how these traits might affect an individual's 

susceptibility to persuasion and social influence. Initially, we 

hypothesized that individuals with high levels of 

conscientiousness and agreeableness would increase 
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susceptibility to persuasion value, whereas neuroticism would 

reduce it. 

Concerning the impact of conscientiousness and 

agreeableness on persuasion, the results, as represented in 

(Figure 7), showed no significant influence on the adoption 

curve. These findings are consistent with previous research 

[42], which suggests that these traits alone may not be 

sufficient to explain differences in levels of persuasion.  

 

 
 

Figure 7. Conscientious, agreeableness, and neuroticism 

environment 

 

 
 

Figure 8. The adoption rate of innovations across scenarios 
 

In contrast, our hypothesis regarding the influence of 

neuroticism finds empirical validation. The results reveal that 

individuals with high neuroticism scores demonstrated a 

limited ability for social influence and exhibited ineffective 

communication skills. This suggests that neuroticism may 

indeed play a pivotal role in resistance to persuasive efforts. It 

is noteworthy that these results align with the results of the 

recent scenario (Scenario 3) that found individuals high in 

neuroticism had weak peer influence and ineffective 

communication skills. 

In conclusion, this scenario shows that, although 

agreeableness and conscientiousness may not directly 

influence adoption behaviors, neuroticism poses a significant 

obstacle to the adoption of innovations since it decreases social 

engagement and increases resistance to persuasion. These 

findings highlight the intricate role that personality qualities 

play in shaping adoption behaviors and imply that persuasive 

strategies aimed at emotionally stable individuals may work 

better. 

Examining the combined adoption rate curves across 

various scenarios reveals the impact of personality factors on 

innovation adoption. Each scenario reflects a unique 

combination of personality traits, and analyzing their 

combined effect highlights how individual variances influence 

the adoption rate. The combined adoption rate curves (Figure 

8) presented below demonstrate that peak adoption rates vary 

across scenarios, explaining how personality traits influence 

the rate at which individuals accept innovation. 
 

 

8. PERSONALITY-DRIVEN MODEL FOR CHATGPT 

ADOPTION 
 

In this section, we undertake to evaluate the performance of 

our suggested personality-driven innovation adoption model. 

Previously, we generated agent profiles with random values. 

Subsequently, for a more robust assessment, we are currently 

applying the model on a real social network. We rely on a 

hybrid model of BERT and Random Forest to forecast Big 

Five personality traits from ChatGPT-related tweets and user 

metadata. The perceived innovation attributes are 

subsequently processed and regenerated using sigmoid, mean, 

or weighted functions.  

The original dataset for this study included ChatGPT-

related tweets and user metadata, such as username, user 

description, followers, and hashtags. The dataset is freely 

available on the study [49]. This dataset was selected due to its 

relevance to our study focus on ChatGPT adoption and its 

complete inclusion of user information, which allows for 

personality trait evaluation.  

It is critical to recognize the dataset biases. Twitter users do 

not represent the broader population; previous research has 

indicated that Twitter demographics turn towards younger and 

male users [50, 51]. This demographic imbalance may have an 

impact on the generalizability of our findings, particularly in 

terms of adoption behaviors that vary by age and gender group. 

Therefore, precaution is required when extending these results 

to larger or older groups. 
 

8.1 Data preprocessing  
 

The preprocessing phase requires several steps to ensure 

data quality and relevance 

• Filtering. We removed the non-ChatGPT-related tweets, 

reducing the dataset from 39,055 to 38,939 users. This 

step was critical to ensuring that our research focused just 

on tweets related to ChatGPT, increasing the relevance 

and accuracy of the results. 

• Cleaning Text. The user descriptions and tweets have 

been cleaned to make them appropriate for prediction 

algorithms. This included eliminating non-standard 

characters, mentions, emojis, and URLs. By removing 

these superfluous variables, we assured that the text data 

was not impeded by unrelated factors, allowing for more 

precise analysis. 

• Normalization. The user metadata, including the number 

of followers, followings, and tweets, was normalized. 

Normalization was used to convert all variables to a 

consistent scale, which is crucial for ensuring data 

integrity and comparability among different users. This 

process decreased potential biases and variability caused 

by inconsistencies in data scales. 
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Table 1. Predictive model performance: Variance, range, and stability 

 

OCEAN Traits LSTM_RF BiLSTM_RF RoBERTa_RF BERT_RF 

Variance of Personality Traits 

Openness 0.014574 0.014524 0.037718 0.070848 

Conscientiousness 0.013968 0.014960 0.045071 0.067071 

Extraversion 0.014474 0.014423 0.037827 0.009494 

Agreeableness 0.013609 0.015288 0.039206 0.010071 

Neuroticism 0.013630 0.014934 0.009764 0.009936 

Range of Personality Traits (Max - Min): 

Openness 0.871856 0.894430 0.955645 0.992629 

Conscientiousness 0.970149 0.907778 0.970631 0.982802 

Extraversion 0.844633 0.939326 0.967033 0.500000 

Agreeableness 0.810405 0.971067 0.934661 0.728520 

Neuroticism 0.844237 0.866604 0.500000 0.500000 

Predictive Stability Across Multiple Runs: 

Openness 0.975363 0.976520 0.990528 0.999783 

Conscientiousness 0.975470 0.976543 0.990560 0.999791 

Extraversion 0.975519 0.976571 0.990627 0.999779 

Agreeableness 0.975745 0.976332 0.990677 0.999789 

Neuroticism 0.975640 0.976618 0.990544 0.999798 

8.2 Data analysis techniques 

 

8.2.1 Model choices for OCEAN prediction 

Given that the original dataset contained both textual data 

and structured data, we developed various compositional 

models of BERT and Random Forest (BERT-RF), LSTM and 

Random Forest (LSTM-RF), BiLSTM and Random Forest 

(BiLSTM-RF), and RoBERTA and Random Forest 

(RoBERTA-RF) to achieve accurate and reliable predictions 

of users' Big Five personality traits. 

• Evaluations metrics. In order to select the most reliable 

and robust hybrid model for predicting personality traits 

we utilized three metrics, variance, range, and the 

predictive stability of the aforementioned models as 

follows: 

1. Variance. To measure the spread of the predicted values. 

2. Range. To assess the difference between the maximum 

and minimum predicted values. 

3. Predictive stability. To evaluate the consistency of the 

model's predictions over multiple runs. 

• Model performance. The BERT_RF model, as presented 

in Table 1, consistently outperforms other combined 

models such as LSTM_RF, BiLSTM_RF, and 

RoBERTa_RF in terms of maintaining a higher variance 

and capturing a broader range of personality traits, 

particularly Openness and Conscientiousness. 

Furthermore, BERT-RF displays near-perfect stability 

over multiple runs, which makes it essential for accurate 

personality prediction and promoting reliable and 

consistent predictions. 

 

8.2.2 Personality traits prediction using BERT-RF model 

Our hybrid model combines the strengths of BERT, as pre-

trained language model adept at capturing contextual 

information and nuances in language by generating 

embeddings from preprocessed tweets and user metadata. 

BERT embeds the input text into a high-dimensional vector 

space reflecting the contextual relationships among words. For 

user metadata, a metadata vector is preprocessed to normalize 

numerical features and encode categorical features. These 

features can subsequently be fed into a Random Forest 

classifier; a machine learning algorithm, which succeeds at 

performing high-dimensional data and identifying complex 

relationships between features and personality traits. By 

combining these two components, our model can take 

advantage of each's strengths to make accurate personality 

characteristic predictions. Combining the steps, the overall 

model function can be written as follows. 

 

𝑃𝑖 = 𝑅𝑎𝑛𝑑𝑜𝑚 𝐹𝑜𝑟𝑒𝑠𝑡 

([𝐵𝐸𝑅𝑇 (𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒(𝑇𝑖);  𝑁𝑜𝑟𝑚𝑖𝑙𝑎𝑧𝑒(𝑀𝑖))]) 
(2) 

 

Textual features (Ti) are processed through BERT. 

Metadata (Mi) is normalized. The outputs are fused and passed 

to the Random Forest for personality prediction. (Pi) = 

[pO,pC,pE,pA,pN], predicted scores for the Big Five personality 

traits: Openness, Conscientiousness, Extraversion, 

Agreeableness, and Neuroticism. 

The resulting new dataset includes both the original user 

ChatGPT-related tweets, user metadata, and predicted 

personality trait values (Openness, Conscientiousness, 

Extraversion, Agreeableness, and Neuroticism), which were 

used as inputs in the personality traits-driven innovation 

diffusion model. 

 

8.2.3 Perceived innovation attributes processing  

In this part, we rely on predicted personality traits to derive 

the perceived innovation characteristics values, which include 

relative-advantage, acceptability, uncertainty, compatibility, 

influence, and innovativeness. 

• Relative-advantage. For that attribute we used a 

weighted function to ensure that the contributions of 

innovation’ relative-advantage and openness are 

balanced and reflective of their actual significance in 

determining the overall individual’ relative-advantage 

score. 

 

Relative − advantage =
min (10, max (0, (Relative_advantage ×

weight𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒−𝑎𝑑𝑣𝑎𝑛𝑡𝑎𝑔𝑒) + (Openness × 10 ×

 weight𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠)))  

(3) 

 

• Acceptability. The formula used calculates the 

Acceptability score using the mean of extraversion and 

agreeableness values, adding a small random noise ϵ 

uniformly distributed between [-0.05,0.05] that 

introduces slight variability, reflecting the nuanced 

nature of real-world data. 
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Acceptability =
mean(Extraversion, Agreeableness) + ϵ  

(4) 

 

• Uncertainty. We select the sigmoid function using the 

neuroticism and conscientiousness traits, as follows. 

 

Uncertainty = σ(α ⋅ Neuroticism − β ⋅
Conscientious + offset + external_factors)  

(5) 

 

where:  

▪ σ(x)= 
1

1+𝑒−𝑥, is the sigmoid function. 

▪ α is the weight for Neuroticism. 

▪ β is the weight for Conscientious. 

▪ offset is a fixed value (set to -0.5) 

▪ external factors are a random value uniformly 

distributed between 0 and 0.2, added to introduce slight 

variability. 

The curve (Figure 9) depicts the typical behavior of the 

sigmoid function. 
• Compatibility. Compatibility value is calculated 

also using the weighted function. 

 

Compatibility = min (max (0, (weight𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠 ⋅

Openness + weight𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠 ⋅
Conscientiousness + weight𝐴𝑔𝑟𝑒𝑒𝑎𝑏𝑙𝑒𝑛𝑒𝑠𝑠 ⋅

Agreeableness)),1)  

(6) 

 

• Influence. It is derived from neuroticism, 

conscientious, and agreeableness traits. (Figure 10) 

shows how the influence score changes with varying 

levels of neuroticism, agreeableness, and 

conscientious, illustrating the combined effect of 

these traits. 

Influence = min (max (0, (weight𝑁𝑒𝑢𝑟𝑜𝑡𝑖𝑐𝑖𝑠𝑚 ⋅
Neuroticism + weight𝐴𝑔𝑟𝑒𝑒𝑎𝑙𝑒𝑛𝑒𝑠𝑠 ⋅

Agreeableness + weight𝐶𝑜𝑛𝑠𝑐𝑖𝑒𝑛𝑡𝑖𝑜𝑢𝑠 ⋅
Conscientious+)),1)  

(7) 

 

• Innovativeness. Innovativeness value reflects the 

weighted contribution of the openness trait and 

incorporates a minor random factor, to realistic 

fluctuations. 

 

Innovativeness = min (max (0, (weight𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠 ⋅

Openness + random_factor)),1)  
(8) 

 

 
 

Figure 9. Sigmoid function curve 

 

 
 

Figure 10. Influence curve derived from neuroticism, agreeableness, and conscientious 

 

8.3 Application of the proposed model: Results and 

discussion 

 

This subsection describes the application of our personality-

driven innovation diffusion model to forecast the user 

adoption behavior of ChatGPT. As input, we utilized the 

original dataset combined with the regenerated perceived 

innovation traits and predicted OCEAN values (Openness, 

Conscientiousness, Extraversion, Agreeableness, and 

Neuroticism). 

We examined the influence of different personality qualities 

on the adoption process by combining these real data sources. 

Our methodology included the aforementioned four main 

phases of our proposed individual decision-making model 

perception, communication, persuasion, and decision (see 6. 

The proposed innovation-decision process section). We 
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assessed the user's adoption of the innovation based on their 

personality qualities by evaluating compatibility, acceptability, 

uncertainty, and social influence level. Then, we analyzed how 

these influence user adoption behavior and decisions over time. 

Subsequently, identified the state of adoption (Adopter or 

Non-Adopter). This application yielded a predicted adoption 

rate curve for ChatGPT (Figure 11), providing insights into 

how different personality factors, perceived innovation 

qualities, social interaction, and influence affect adoption 

behavior. 

 

 
 

Figure 11. ChatGPT adoption rate curve 

 

The resulting ChatGPT adoption rate curve follows a 

pattern similar to the S-curve commonly seen in innovation 

diffusion models. This curve begins with a small number of 

early adopters, and then accelerates as more users adopt the 

innovation, finally reaching saturation. These stages highlight 

the importance of personality factors and perceived innovation 

qualities for determining adoption behavior. 

During the initial phase, early adopters with specific 

personality attributes (such as high Openness, innovativeness, 

and in some cases high extraversion) rapidly accepted 

ChatGPT. Understanding these characteristics can assist target 

marketing efforts and initial implementation strategies aimed 

at attract this category. 

As the innovation obtains awareness and credibility, its 

adoption rate accelerates, owing to social interaction and 

influence impact. Communication and word-of-mouth raise 

innovation relative-advantage, reduces uncertainty value, and 

ultimately increases the adoption rate. This stage corresponds 

to the steepest phase of the S-curve. Social networks and 

providing positive user experiences can significantly increase 

adoption rate during this stage. 
Finally, the adoption rate curve becomes saturated, 

indicating that the majority of potential users have already 

used ChatGPT. This pattern demonstrates the dynamic 

interaction of individual personality traits, perceived 

innovation characteristics, and social influences in shaping the 

adoption rate. Strategies should focus on maintaining user 

engagement and looking into new features or enhancements to 

keep users interested. 

Although the adoption curve is similar to the classic S-curve, 

the integration of unique factors such as personality traits, 

perceived innovation characteristics, and the proposed 

personality-driven decision-making model provides an in-

depth comprehension of user adoption behaviors in this 

context. 

 

8.4.1 Misclassified adopters  

In our simulation, misclassified adopters are agents whose 

adoption decisions depart from predicted outcomes based on 

their personality profiles and estimated influence factors. For 

example, agents who have high level of neuroticism or low 

openness occasionally adopted early, but some with high 

extraversion did not adopt completely. These scenarios are not 

fundamentally rather highlight the complexities and 

heterogeneity of human behavior. Furthermore, random 

variables in agent-based simulation and social influence can 

contribute to such results. Addressing these misclassifications 

is significant since it demonstrates the model's realism in 

simulation and probabilistic human decisions. Future 

improvements could include more external factors to eliminate 

this variation. 

 

 

9. CONCLUSION AND FUTURE WORKS 

 

In this work, we initially propose a novel personality-driven 

innovation diffusion model for predicting individual adoption 

behaviors, merging Rogers' innovation diffusion model with 

the OCEAN personality model (Openness, Conscientiousness, 

Extraversion, Agreeableness, and Neuroticism). This 

integration provides a sufficiently comprehensive framework 

that considers all factors influencing an individual's evaluation 

of an innovation, including its characteristics, communication 

channels, social influence and persuasion, and the influence of 

personality traits on an individual's communication behavior 

and decision-making. 

We developed our model as a general framework that 

consists of four core methods: perception, communication, 

persuasion, and decision, with the main focus on individual 

personality traits, using the OCEAN model to ensure that 

personality differences were considered. Furthermore, we 

explored the impact of personality traits on communication 

behaviors and the decision-making process when encountering 

a new innovation. We simulated individual decision-making 

in a network or community using agent-based modeling. To 

ensure unbiased results, we generated random values for agent 

attributes, which were divided into intervals. The combination 

of these attributes with specific values had a certain probability 

of launching a specific outcome. 

Our findings validate prior researches, and align with our 

initial hypotheses. Specifically, Openness to new experiences 

was found to positively correlate with the adoption rate, while 

neuroticism had a negative impact. Moreover, 

Conscientiousness and agreeableness were neutral and did not 

have a significant influence, but they were associated with 

communication behavior. Finally, extraversion was linked 

with predicting agent neighborhood dynamics. Early adopters 

and opinion leaders are treated and selected more realistically, 

based on logical and reasonable assessments. 

In the second contribution of this study, we successfully 

validated our proposed personality-driven innovation 

diffusion model performance using real data. We accurately 

predicted personality traits with the BERT-RF prediction 

model, which combines the strengths of BERT and Random 

Forest. The predicted personality values were subsequently 

utilized to regenerate perceived innovation qualities through 

sigmoid, mean, and weighted functions. Finally, we applied 

our model to predict user adoption behavior for ChatGPT, we 

explored how personality traits influence user engagement 

with ChatGPT over time. The resulting adoption rate curve, 

which follows the classic S-curve, emphasizes the importance 

of individual personality traits, perceived innovation qualities, 

and social influence in determining adoption patterns. These 
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findings shed light on the dynamics of ChatGPT adoption and 

indicate the effectiveness of integrating personality variables 

into innovation diffusion models. The validation procedure of 

our proposed model using real data not only adds credibility to 

our findings, but it also gives concrete evidence of the model's 

applicability and generality across various industries and 

societal contexts. 

This study validates prior research and supports the initial 

hypotheses. It emphasizes the significance of merging 

personality traits to innovation diffusion models in order to 

acquire a deeper understanding of individual adoption 

behaviors. The suggested model fills gaps in existing theories 

by integrating personality-driven factors into traditional 

innovation diffusion factors. Importantly, the proposed 

personality-driven innovation adoption model can be 

expanded to different innovation in which apply the model to 

other emerging technological and non-technological 

innovations. Moreover, our model offers practical 

implications for organizations and policymakers seeking to 

promote innovation adoption. By understanding how these 

traits influence behavior and decision-making, organizations 

and policymakers can tailor more effective strategies to better 

align with differences in preferences, for instance, 

organizations can design and develop products or services 

with features that tailored to specific personality traits. 

Furthermore, policymakers might create incentive programs 

that take into account the impact of personality factors on 

innovation adoption. Incentives can be designed to appeal to 

people with various characteristics. For instance, 

conscientious individuals may respond well to structured, 

goal-oriented incentives. Nevertheless, it is indispensable to 

understand the study's limitations. The use of social media data 

involves biases that may influence the findings accuracy. 

Social media users’ demographics might differ from the wider 

population. Furthermore, user engagement influence the 

content posted on social media, which may result in 

overrepresentation of certain themes or opinions. Furthermore, 

the results have limited cross-cultural applicability. Social 

media usage varies greatly among cultures, an innovation 

considered normal or acceptable in one may not be in another. 

Consequently, the findings of this research may not be 

applicable for different cultural contexts. 

Despite its limitations, this study adds greatly to our 

understanding of how personality factors influence innovation 

adoption. Organizations, for example, can create tailored 

marketing campaigns using personality insights. If research 

confirms that people with high level of openness to new 

experience trait are more willing to accept new technologies, 

novel innovation should be designed to display the innovative 

and creative characteristics. Similarly, for those with high 

conscientiousness, marketing activities can highlight 

innovation's dependability and efficiency in enhancing 

productivity. Furthermore, extroverted users may favor more 

dynamic and engaging interfaces. As a result, organizations 

can offer training programs that are tailored to individual' 

personality traits and preferences. This personalizing can 

improve the user experience and raise its probability of 

adoption of technology like ChatGPT and other AI-driven 

innovations. 

Future study should overcome these limitations. As this 

study relies heavily on quantitative data and simulations, 

future research could benefit from integrating qualitative 

perspectives. Conducting user interviews or case studies could 

offer a more complete and nuanced perspective on the 

adoption process. These qualitative approaches would 

augment the quantitative findings by offering more detailed 

insights into individual experiences, perceptions, and 

motivations for adopting innovation. Moreover, the proposed 

personality-driven innovation adoption model can be 

enhanced by testing alternative personality prediction models. 

Likewise, explore whether the personality prediction remains 

stable across various social media. The proposed model can 

further be extended to more different contextual and cultural 

factors, for instance cross-cultural studies, economic, political, 

regional, and demographic differences to provide insights into 

how these factors modify the dynamics of innovation adoption. 

These future directions improve the prediction accuracy, and 

address theoretical and practical implications.  
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