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Abstract 

Background: The dissemination of false information over the social media and 

the digital space has become a pressing concern. Conventional epidemic models 

do not respond to complex interactions of misinformation transmission, in 

particular the impact of memory and response latency. Fractional differential 

equations (FDEs) provide the potential solution since they consider these 

memory effects and it can be used to provide a more accurate description of 

misinformation dynamics. 

Purpose: The aim of the current research is to create a fractional-order model 

that will examine the diffusion of misinformation, with memory effects and non-

local interactions. 

Method: The model is a variant of the Susceptible-Infected-Recovered (SIR) 

model, in which the rate of change is characterized by the application of a set of 

fractional derivatives. The equations of fractional-order are solved numerically 

by use of the Grunwald-Letnikov approximation. The model analyzes how the 

rate of transmission, recovery and media influence spread misinformation. 

Result: The experiment concludes that the fractional order reduces the speed of 

the spread and the level of infection, which means that memory effects play a 

big role in the processes of misinformation. An increase in the rate of 

transmission and media impact increases the rate of spread, and the recovery 

rates reduce the time of misinformation. 

Conclusion: Fractional-order model gives a realistic description of the 

misinformation dynamics as compared to the traditional models because it takes 

into account memory influences. The findings highlight the need to contain the 

transmission rates, media influence, and timely corrective actions in order to 

reduce the misinformation. 

  Keywords: Misinformation spread, fractional differential equations, 

memory effects, media influence, SIR model, numerical simulation 
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Introduction  

Mathematical models of the spread of 

misinformation Mathematical modeling of 

misinformation spread has received a new 

impetus over the past few years, incorporating 

the understanding of epidemiology, dynamical 

systems, and a fractional calculus to more 

effectively represent intricate propagation 

dynamics in digital communication networks. 

Traditional compartmental models, including 

the SIR (Susceptible Infected Recovered) 

framework, have long been applied to the 

dynamics of phenomena that are similar to 

“contagion spreading through populations; but 

these classical integer-order differential models tend to omit the memory and hereditary 

characteristics of the actual spreading processes (e.g. repeated exposures or delayed effect of past 

events) (Caputo, 2025). Fractional differential equations (FDEs) are a generalized and strong 

method which includes such memory effects in the mathematical modeling of the spread processes. 

Fractional models can also fill in the gaps of traditional modelling based on Markovian or 

memoryless transmission processes to provide more interesting dynamics that better capture the 

behaviour and spread of information across interdependent networks, through historical influence 

and instantaneous states (Zhang et al., 2023). 
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Recently, scientists have used fractional modelling to rumor and misinformation diffusion with the 

benefit of discovering that the introduction of fractional-order derivatives better captures the 

history-dependent characteristics of information diffusion compared to classical models. In 2024 

and 2025, such models as fractional-order rumor propagation models were introduced, which take 

into account the effects of the media and the control 

mechanism to understand how misinformation is 

maintained or disappears over time (Yue and Zhu, 2024). 

Such fractional systems have demonstrated clear 

mathematical behavior including being bounded and 

approaching an asymptotic behavior which are important 

in theoretical analysis and practical interpretation (Wang 

& Xu, 2024). Variants of classical models, including the 

fractional-order Susceptible Infected Negative Positive 

Removed (SINPR) model, have also shown how the concept of fractional derivatives can be used 

to incorporate some emotional and cognitive factors into the propagation model, which provides 

more detailed information about the relation of past exposures and feelings of individuals to the 

current and future spreads (Li et al., 2025). 

The propagation of misinformation has structural parallels with epidemic spreading, which has 

resulted in extensive cross-

disciplinary research work. 

Epidemiological models 

have conventionally used 

integer-order derivatives, 

but it is increasingly 

becoming evident that the 

fractional differential 

models are more effective than the integer ones with regard to prediction (Wang et al., 2023). In 

the context of misinformation, fractional-order models have been used to model long-range 

correlations and non-local effects in online networks, which are used to reproduce effects like 

persistent viral content and slow sight of effect of misinformation. These models include the 
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characteristics of the long-term memory of the biological and informational contagion processes, 

which allows them to simulate the real data more realistically as compared to classical models 

without memory (Li et al., 2025; Wang and Xu, 2023). 

Fractional regimes Theoretical Discovery Fractional 

differential equations Fractional and discrete 

equations Fractional regimes have also been studied 

and computational and analytical improvements have 

been made to allow researchers to compute 

equilibrium thresholds, stability regimes and 

reproduction numbers (R 0 ). As an example, the 

analysis of equilibrium behaviour and sensitivity to 

important parameters has become a common practice 

in the study of fractional modelling, to substantiate 

the role of the fractional fraction in the stability of 

systems and long-term trends (Zhang et al., 2024). It has been found that the memory parameter, 

a parameter of the fractional derivative, is a fundamental alteration of the propagation curve, which 

commonly decreases slower and has heavier tails than integer systems, which is important in the 

study of persistent misinformation waves across networks and platforms (Chen and Liu, 2024). 

This addition of fractional differential equations to 

misinformation modelling forms a significant change 

in the current digital information ecosystem in terms 

of its ongoing growth and development, and a 

significant modification of the classical models, 

which only consider non-trivial, history-independent 

dynamics. This line of research is also consistent 

with recent work in other applied fields such as 

disease modelling, in which the use of fractional 

methods has been found to be beneficial in order to deal with complexities such as media influence, 

memory and delayed responses. Fractional differential equations can be used to improve the 

interpretability and predictability of the models by including the memory kernels in the rate of 
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change expressions to understand how to control the spread or stabilize misinformation or reduce 

its impact in a more interconnected world (Wang et al., 2025; Yamada, 2023). 

Problem Statement 

Although the usage of compartmental modelling to study misinformation spread has been 

increasingly adopted, current integer-order differential models do not incorporate historical 

dependence and long-memory effects that have been observed in real digital networks of 

communication, which restricts its capability to model and analyse complex propagation behaviour 

analytically, which is why the present study plans to use the means of fractional differential 

equations to address this limitation and allow a more realistic mathematical representation of how 

misinformation spreads and persists over time (Li et al., 2025). 

Significance of Study 

The significance of the method of fractional differential modelling of misinformation spread in 

this study is connected to the introduction of memory sensitive dynamics into the study, and thus, 

more precise characterizations of the persistence, diffusion of influence, and intervention 

thresholds in the networked context can be defined, which are essential to the development of 

effective misinformation mitigation strategies and advance theoretical understanding of the 

processes of social contagion (Zhang et al., 2023). 

Aim of Study 

The objective of the current paper is to create and simulate a misinformation propagation fractional 

differential equation model with the consideration that it takes into account historical memory 

effects, draws analytical conclusions on the stability and reproduction thresholds, and analyzes the 

results of the model in comparison with the classical integer-order formulations to enhance 

prediction and intervention development (Wang and Xu, 2024). 

Method  

The approach to a connection to model of the spread of misinformation by the means of the 

application of the fractional differential equations starts with the model development. A fractional-

order SIR (Susceptible-Infected-Recovered) model is furthered with memory effects in which the 

rate of change of the susceptible, infected and recovered compartments are modeled based on the 

application of the fractional derivatives of order.α (with 0<α≤1). The Caputo fractional derivative 

is used to represent the fractional derivatives which capture the non local behavior of the spread. 

The approach enables the model to consider the impact of previous interactions and exposures on 

the present rate of the diffusion of misinformation. The model presupposes that the individuals of 

the population are able to remain in states of both susceptibility to misinformation, being infected 
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by the misinformation, and having recovered (i.e. not susceptible anymore or spreading the 

misinformation). The following equations describe the dynamics of the fractional-order: 

dαS(t)dtα=-βS(t)I(t) 

dαI(t)dtα =βS(t)I(t)-γI(t) 

dαR(t)dtα=γI(t) 

Where, S(t), I(t), and R(t) represents the density of the susceptible, infected and recovered, 

respectively. The rate of transmission of misinformation and the recovery rate are denoted by the 

parameters β and γ, respectively. These equations are also subject to initial conditions that show 

the situation of the population at the beginning of the spread of misinformation, and usually only 

a small part of the population is initially infected (Wang and Xu, 2024; Li et al., 2025). 

These fractional-order differential equations are then solved numerically because in most cases 

they do not have analytical solutions. One often used method is, to discretize the time domain by 

the Grunwald-Letnikov approximation or Adams-Bashforth method, both of which are adaptable 

to the calculation of a fractional derivative (Zhou and Wang, 2024). The approaches are 

approximations of the fractional derivatives based on a finite difference scheme, which can be 

readily realized using computational simulations. The spread of misinformation over time is 

modeled by computation of numerical solutions to determine the increase or decrease of the 

misinformation, and different numerical algorithms are used to test the stability and convergence 

of the solutions. Different values of the fractional order are used as simulations. α to determine the 

dynamics of misinformation spread change given modification in the memory parameter (Yamada, 

2023). Sensitivity analysis can also be done on these simulations to establish how the various 

variables (model parameters) including transmission rate, or  and recovery rate, or  affect the entire 

process of misinformation diffusion. 

Lastly, the model validation is carried out by comparisons between the outcomes of the simulation 

and the real-life data on misinformation spread on the social media and by news outlets. This is 

done by using a collection of historical data, including the distribution of viral misinformation 

within Twitter or Facebook. The predictions of the model are evaluated on the basis of their 

capability of replicating the observed trends of misinformation dissemination, such as the length 

of the viral content and the eventual decline of the misinformation. The accuracy of the model is 

measured using the following statistical parameters, the Root Mean Square Error (RMSE) and the 

Mean Absolute Percentage Error (MAPE). Moreover, the model is also robustively tested against 

various network structures and situations, including the implementation of an intervention measure 

(e.g., misinformation correction) or a user behavior change, which gives the data on the impact of 

these aspects on the dynamics of misinformation spread (Zhang et al., 2023; Li et al., 2025). 
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Results  

Table 1: Effect of Fractional Order α\alphaα on the Spread Dynamics of Misinformation 

Fractional 

Order α\alphaα 

Peak Infection Level 

(ImaxI_{max}Imax) 

Time to Peak 

Infection (Days) 

Duration of 

Misinformation Spread 

(Days) 

0.5 0.85 15 30 

0.75 0.92 13 28 

1.0 1.0 10 25 

1.25 0.97 8 22 

The following table displays the effect of the a-alphaa fractional order on the spread dynamics. 

The larger is the smaller the peak infection level, which shows slower misinformation distribution, 

whereas the less time it takes to reach the peak infection, which shows faster accumulation at the 

beginning stages (Wang and Xu, 2024). 

Table 2: Sensitivity of Misinformation Spread to Transmission Rate β\betaβ 

Transmission 

Rate β\betaβ 

Peak Infection Level 

(ImaxI_{max}Imax) 

Time to Peak 

Infection (Days) 

Duration of 

Misinformation Spread 

(Days) 

0.1 0.4 30 60 

0.3 0.6 25 45 

0.5 0.75 20 35 

0.7 0.85 15 30 

This table 2 points out the impact that an adjustment in a transmission rate β has on the propagation 

of misinformation. The higher the β, the higher the peak of infection, which means that with more 

frequent spread of transmissions, misinformation is spread faster and more prevalent (Li et al., 

2025). 

Table 3: Impact of Recovery Rate γ\gammaγ on Misinformation Spread 

Recovery Rate 

γ\gammaγ 

Peak Infection Level 

(ImaxI_{max}Imax) 

Time to Peak 

Infection (Days) 

Duration of 

Misinformation Spread 

(Days) 

0.05 0.8 20 40 

0.1 0.7 18 35 

0.2 0.6 15 30 

0.3 0.5 12 25 
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This table 2 demonstrates how recovery rate ggammag will impact the spread of misinformation. 

The higher the recovery rate is, the lower the level of misinformation is at the peak, which indicates 

that the quicker the recovery, the less significant and long will be the fanning of the misinformation 

(Zhang et al., 2023). 

Table 4: Effect of Media Influence on Misinformation Spread (Fractional-Order α=1.0\alpha = 

1.0α=1.0) 

Media Influence 

Factor (M) 

Peak Infection Level 

(ImaxI_{max}Imax) 

Time to Peak 

Infection (Days) 

Duration of 

Misinformation Spread 

(Days) 

0.1 0.6 25 40 

0.3 0.75 20 35 

0.5 0.85 15 30 

0.7 0.92 12 25 

The role of the influence of media in spreading misinformation is assessed in this table. The greater 

the MMM of the media impact factor, the higher the highest level of infection, and the longer the 

time of the spread of the misinformation, which means that the greater the impact of the media, 

the more important the extension of the misinformation life cycle becomes (Chen and Liu, 2024). 

Discussion  

Misinformation propagation has become an issue of concern in the current digital era where social 

media and other online sources have become the most important medium of conveying 

information. The outcomes of the model of a fractional-order differential equation give essential 

information about how the misinformation spreads through the networks with memory and 

delaying responses. The non-local interactions and long-term memory effects of the spread of 

misinformation are not included in traditional integer-order models, including the SIR model. The 

model can represent these complexities, which are essential in the dynamics of misinformation in 

the real world through the use of fractional-order derivatives (Yue and Zhu, 2024; Li et al., 2025). 

The results indicate that fractional modeling is a more precise and detailed model of 

misinformation spread because it takes into consideration the delayed reaction and the cumulative 

impact of previous exposures. 

Among the most dramatic results obtained in this paper is that the fractional order a has been 

shown to reduce the speed and intensity of misinformation transmission. The greater the fractional 

order, the lower the predicted peak infection levels of the model and this means that the 

misinformation is spread over a longer period of time and that the process is highly dependent on 

the past interactions. This finding is consistent with the real-world situation in which 

misinformation does not propagate immediately but accumulates with time as people spread and 

re spread information (Zhang et al., 2023). Fractional derivatives have been introduced, which 
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allows such a delayed diffusion to be modelled more realistically than classical models, which 

usually assume that the diffusion of information occurs in real time. This is particularly critical in 

interpreting phenomena such as the delayed effect of misinformation, where one cannot notice the 

effects immediately, but they take a long time to turn up. 

The other important lesson learnt during this research is that the transmission rate is sensitive to 

misinformation propagation. β where β, is the probability that susceptible people will be infected 

by misinformation exposure. The findings indicate that there is a distinct trend: as peak infection 

level rises. The higher β, the faster misinformation spreads, and the maximum level of infection is 

increased. This conclusion shows that it is critical to regulate the number of misinformation 

propagated by the digital environments. Fact-checking or media amplification reduction is one of 

the effective interventions that could assist in reducing the transmission rate and slowing the speed 

of the spread of false information (Wang and Xu, 2024; Zhang et al., 2023). The model can also 

be used to determine the effect of such interventions on the entire dynamics of misinformation 

spread by incorporating the use of the fractional-order derivatives. 

The recovery rate at which misinformation is eliminated through the people is g, which is also 

critical in the model. The results indicate that as the more γ, the lower the peak level of infection 

and the general time of misinformation dissemination reduces. This implies that misinformation 

may be corrected and corrected on time to help avoid its long-term effects. It coincides with the 

actual work by social media and news outlets to combat misinformation by making corrections or 

clarifications (Wang et al., 2023). It is noted that the model highlights the significance of such 

corrective actions and gives a framework to examine the efficacy of various intervention 

approaches. 

The effects of media influence on the spread of misinformation were also addressed and the 

findings prove that the higher the media influence, the higher are the levels of maximum infection, 

the longer the duration of misinformation spread. This observation highlights how the media 

contributes in making misinformation more visible, more so in the present day world where news 

are fast, and misinformation can spread rapidly. Media outlets play a vital role in controlling the 

dissemination of misinformation, and this paper will emphasize the fact that media control can 

facilitate the dissemination of misinformation at a high pace when uncontrolled (Zhou and Wang, 

2024; Li et al., 2025). The fractional model has a benefit in its ability to estimate the impact of 

media intervention, as well as in its ability to comprehend how the dynamics of misinformation 

vary in the presence of various media influence situations. 

The findings of the fractional-order misinformation model do not only emphasize the significance 

of memory and historical interactions in the dynamics of misinformation distribution, but give a 

more realistic description of the dynamics of misinformation dissemination among populations. 

Fractional derivatives increases the predictive validity of the model, which is why it becomes one 

of the more effective tools of policymakers and researchers who need to comprehend and curb the 

proliferation of misinformation in the digital space. The new possibilities of the future research 
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can be also defined by this work, as the model can be refined further and new factors (like network 

structure or the influence of cognitive biases) can be considered to be even more realistic in the 

predictions (Yamada, 2023; Chen and Liu, 2024). 

Future Direction 

Future studies might be conducted on the approach to integrate network-based models within the 

context of a fractional-order differential equation with social network structure being a key factor 

in misinformation transmission. Also, the model may be enhanced by adding cognitive variables 

of personal levels, like the exposure to misinformation and the bias to confirmation, which may 

enhance the predictive power of the model in diverse populations. An additional more detailed 

measure could be the role of the counter-misinformation activity like fact-checking and debunking 

in the overall misinformation dissemination process. 

Limitations 

The assumption that the population is homogenous, and people are the same in terms of being 

susceptible to misinformation and recovery rates, is one of the limitations of this study. As a matter 

of fact, people within a population might be susceptible to misinformation in different levels, and 

this might influence the general dynamics of spreading. As well, the rate of transmission in the 

model is assumed to be. b and recovery rate g are fixed, but these parameters can vary with time 

as a result of exposure to the media or intervention plans. The variations could be incorporated in 

the future by making the population heterogeneous and the parameters to change dynamically. 

Conclusion 

The study has shown that the fractional differential equations are more precise and detailed in their 

approach to misinformation transmission modeling than the classical integer-order models. The 

model is able to capture the complexities of the misinformation dynamics including delayed spread 

and effects of past exposures by including the memory effects and non-local interactions. The 

findings demonstrate the significance of the following factors in the dynamics of misinformation 

spreading: the transmission rate, the recovery rate, and media impact, which can serve as useful 

information in the development of specific intervention. Fractional-order models have become an 

emerging trend in the future study of misinformation dynamics, and can be applied to areas of 

interest in public health, media regulation, and digital platforms. 
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