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Abstract 
 

This investigation presents a brand-new thermodynamic approach to financial system analysis based on 

entropy generation concepts from fluid mechanics and heat transfer theory. The concept of financial entropy 

is utilized to quantify uncertainty in financial markets, and a governing equation is derived to govern financial 

entropy evolution in terms of both time and space, taking into account factors such as volatility, friction, and 

asymmetric information. Dimensionless variables are incorporated into the governing equation to generalize 

financial entropy evolution in different financial environments. Numerical calculations demonstrate that 

increasing factors such as volatility, transaction costs, and asymmetric information cause a substantial 

increase in financial entropy, indicating a more unstable financial environment. On the other hand, increased 

information diffusion in financial markets is shown to enhance financial stability. A financial Reynolds 

number is introduced to determine when financial markets become unstable and crisis-prone. It is shown that 
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financial entropy-based modeling can provide a unified approach to understanding financial instability and 

can be useful in designing financial regulations. The results of the study reveal that the presence of diffusion 

enhances the entropy transport across market depth, whereas volatility increases disorder by incorporating 

fluctuations in the system. 

 

 
Keywords: Financial systems; market inefficiency; entropy analysis; thermodynamic approach. 

 

1. Introduction 
 

The rising complexity and interconnectedness in financial markets have made it increasingly difficult to analyze 

market behaviour, risk, and market instability. Traditional financial models, such as stochastic models and 

econometric models like the Black-Scholes equation and ARCH/GARCH models for volatility measurement, are 

most commonly used in financial market analysis. However, these models are unable to capture nonlinearities and 

transitions in market behaviour and uncertainty, which are common during financial crises (Black and Scholes, 

1973; Bollerslev, 1986; Engle, 1982; Kukreti et al, 2020). This has created interest in using techniques from 

physics and information theory. Recent studies have further shown that financial markets exhibit nonlinear 

dynamics, phase transitions, and entropy-driven complexity that conventional models fail to adequately describe 

(Zhang et al., 2023; Papla & Siedlecki, 2024; Georgescu, 2025). This limitation has led to increasing interest in 

the application of techniques from physics, particularly econophysics and information theory, which provide more 

robust tools for capturing market complexity, systemic risk, and emergent behaviour (Jovanovic & Schinckus, 

2013). 

 

Entropy, as a fundamental concept of thermodynamics and statistical mechanics, has appeared as a prominent tool 

of uncertainty and disarray. Entropy, as introduced by Shannon (1948), has been used as a prominent tool of 

uncertainty assessment, inefficiency, and diversification of financial markets. Recent research has demonstrated 

the effectiveness of the entropy-based approach as a prominent tool of market assessment. Wang (2022) showed 

that the use of entropy-based indicators can identify stronger connectivity in more efficient markets. Kukreti et al. 

(2020) remarked that entropy can improve correlation-based financial network analysis, and identifying 

complexity, non-linear dependencies, and systemic risks. Moreover, Shternshis et al. (2022) applied Shannon 

entropy to high-frequency financial data and reiterated that higher entropy is related to higher efficiency and 

randomness in markets. The above research shows the efficiency of the use of entropy in financial analysis; 

however, it is mainly considered as a statistical measure and not as a variable of dynamic transport. To exemplify, 

the effectiveness of the differential entropy approach has been demonstrated as a prominent tool of regime shifts 

and structural shifts in financial markets, despite the stability of volatility. Entropy-based approaches of 

randomness have also been used as a prominent tool of the assessment of ultra-high-frequency financial data, 

unveiling the underlying structures of financial markets (Sandoval, 2014; Shternshis & Marmi, 2025; Olbryś, 

2022). 

 

From this thermodynamic view, entropy is seen as a dynamic quantity and is subject to entropy generation and 

transport. In fluid flow and heat transfer systems, entropy is said to be generated because of irreversibility in the 

system, such as viscous dissipation and thermal gradients (Bejan, 1996). Various researchers have investigated 

entropy generation in fluid flow and heat transfer due to its diverse applications. For instance, Fatunmbi (2019) 

studied the problem of entropy generation in hydromagnetic micropolar fluid flow over an inclined permeable 

stretching surface with variable viscosity. Ullah et al. (2021) studied the problem of entropy generation and heat 

transfer in the flow of a non-Newtonian fluid, namely power-law fluid. The problem was solved numerically using 

the finite difference method. The study showed how the non-Newtonian characteristics of the fluid affect the 

entropy generation. Fatunmbi and Salawu (2022) studied the problem of entropy generation in hydromagnetic 

micropolar nanofluid flow over a nonlinear stretching sheet with Navier slip. From the above problems and their 

solutions, it is clear that the concept of entropy generation is important in characterizing the irreversibility of fluid 

flow systems. The concept of entropy is strong enough to be extended to financial systems. This view gives us a 

powerful analogy in financial markets, where uncertainty is constantly generated and propagated through market 

activities. Recent thermodynamic models of financial markets have been developed by incorporating market 

temperature and entropy in relation to order book behaviour, where entropy is said to be related to liquidity and 

activity in financial markets (Li et al., 2023). 
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In addition, there is a strong similarity between financial markets and transport phenomena in fluids. The flow of 

capital between assets and markets can be seen as analogous to the flow of fluids, and the spread of information 

can be seen as analogous to the flow of heat. Empirical evidence also shows that there is a strong similarity 

between the spread of information and the process of financial price formation, which follows a diffusion process. 

These facts were shown in the works of Cont (2001) and Farmer, Lillo, & Mike, 2005; Olbryś, 2022;). However, 

there have been some new contributions to this subject, and entropy was used in financial time series forecasting 

and pattern recognition. The results show that there is an improvement in the prediction and information extraction 

capabilities of the system. Similarly, entropy and complexity were used to show the emergence of warning signals 

for financial crashes and changes, especially in cryptocurrency markets (Bera & Park 2008). 

 

Nevertheless, the majority of the research in this area considers entropy as a statistical measure rather than a 

dynamic field governed by transport and generation equations. The study of the interrelation between entropy 

generation and diffusion processes, similar to those in fluid dynamics and heat transfer, is still in the infancy stage. 

Recent advances in stochastic thermodynamics and econophysics have indicated that the financial market is a 

non-equilibrium thermodynamic process in which trading activities are the sources of entropy generation and 

constraints, similar to the laws in physics. However, the unified equation that governs the spatiotemporal evolution 

of financial entropy is still unknown. 
 

From the perspective of practical application, the implications of the entropy-based financial modeling approach 

are far-reaching, particularly with respect to risk management, optimization, and policy formulation. Recent 

studies have demonstrated the potential of the entropy-based approach as a tool for the detection of structural risks, 

the identification of hidden dependencies, and the generation of early warning signals of potential instabilities. In 

particular, the development of the entropy-based network models has shown the potential of the approach as a 

tool for the anticipation of regime shifts in the financial system. These developments underscore the potential of 

the entropy-based approach as a fundamental approach to the modeling of financial systems. 
 

In light of these considerations, the present study aims to develop a thermodynamic approach to the modeling of 

financial systems, based on the principles of entropy generation and transport, as derived from the theory of fluid 

flow and heat transfer. A governing equation of the spatiotemporal evolution of financial entropy is proposed, 

with volatility, friction, and information asymmetry as the primary sources of entropy generation. In addition, 

dimensionless parameters, analogous to the classical transport numbers, are introduced as a means of 

generalization of the approach. This work makes a notable contribution to scientific knowledge by creating a 

unified entropy transport model that connects thermodynamic irreversibility in fluids to financial markets 

behaviour. The treatment of financial entropy as a variable field means this paper provides a way to physically 

interpret uncertainty in markets as well as new tools for examining financial stability, inefficiency, and crisis 

development. 
 

2. Mathematical Formulation and Model Assumptions 
 

In order to develop a thermodynamic theory for financial systems, the following assumptions are made: 
 

• The financial market is modelled as a continuous medium with numerous interacting agents. 

• The evolution of market uncertainty is based on entropy laws, similar to thermodynamic systems of fluid 

flow and heat transfer. 

• The spreading of information in the market is analogous to heat transfer in fluid flow. 

• Market inefficiencies, such as volatility, transaction costs, and information asymmetry, are modelled as 

entropy generation in the system. 

• The system is unsteady, with possible spatial variations to represent various interconnected markets or 

sectors. 
 

The fluid-Finance Analogy is presented in Table 1. 
 

Table 1. Fluid & finance analogy 
 

Fluid Mechanics Financial Interpretation 

Entropy generation Market inefficiency 

Viscous dissipation Transaction costs 

Thermal irreversibility Information loss / asymmetry 

Flow instability Market volatility 
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2.1 Definition of Financial Entropy 
 

The uncertainty associated with financial returns is quantified using an entropy measure derived from information 

theory. The financial entropy is defined as 
 

𝑆(𝑡) = − ∑  

𝑁

𝑖=1

 𝑝𝑖(𝑡) ln 𝑝𝑖(𝑡) ,                                                                                                                                  (1) 

 

where 𝑝𝑖(𝑡) denotes the probability of the 𝑖-th return state at time 𝑡, and 𝑁 is the total number of possible market 

states. This definition provides a statistical measure of disorder or uncertainty within the financial system. 
 

2.2 Entropy Balance Equation 
 

In analogy with entropy transport in fluid flow and heat transfer, the governing equation for entropy evolution in 

a financial system is given by 

 
𝜕𝑆

𝜕𝑡
= 𝛽∇2𝑆 + 𝑆̇𝑔𝑒𝑛 + Φ(𝑡) − 𝑃(𝑡),                                                                                                                      (2) 

 

where 𝛽  denotes the financial diffusivity coefficient, Φ(𝑡)  represents information inflow, and 𝑃(𝑡)  represents 

dissipation or stabilization effects. The entropy generation term is defined as 

 

𝑆̇𝑔𝑒𝑛 = 𝛼𝜎2 + 𝜁𝜇𝑓 + 𝛾𝐻𝑎 ,                                                                                                                                     (3) 

 

where 𝜎2 represents market volatility, 𝜇𝑓 denotes market friction, and 𝐻𝑎 represents information asymmetry. The 

coefficients 𝛼, 𝜁, and 𝛾 quantify their respective contributions. 

 

To non-dimensionalized the governing equation, the following dimensionless variables are introduced: 
 

𝑆∗ =
𝑆

𝑆0

, 𝑡∗ =
𝑡

𝑡0

, 𝑥∗ =
𝑥

𝐿
.                                                                                                                                      (4) 

 

The substitution of of (3) into (1), and taking cognizance of (2) results to 

 
𝜕𝑆∗

𝜕𝑡∗
= 𝐾0∇2𝑆∗ + 𝑉𝑐 + 𝑓𝑐 + 𝐵𝑠𝑓 + Φ∗(𝑡∗) − 𝑃∗(𝑡∗),                                                                                        (5) 

 

Where 

 

𝐾0 =
𝛽𝑡0

𝐿2
, 𝑉𝑐 =

𝛼𝜎2𝑡0

𝑆0

, 𝑓𝑐 =
𝜁𝜇𝑓𝑡0

𝑆0

, 𝐵𝑠𝑓 =
𝛾𝐻𝑎𝑡0

𝑆0

.                                                                                         (6) 

 

Here, 𝐾0  is the financial diffusion number, while 𝑉𝑐 , 𝑓𝑐 , and 𝐵𝑠𝑓  represent the dimensionless contributions of 

volatility, friction, and asymmetry, respectively. 
 

The initial and boundary conditions for the governing equation are respectively given in equations (6) and (7). 

 

𝑆(𝑥, 0) = 𝑆0(𝑥),                                                                                                                                                       (7) 

 

𝑆(0, 𝑡) = 𝑆1, 𝑆(𝐿, 𝑡) = 𝑆2,                                                                                                                                      (8) 
 

The financial stability parameter is the Reynolds-type number which is defined as 
 

𝑅𝑒𝑓 =
𝜎𝐿

𝜇𝑓

,                                                                                                                                                                  (9) 

 

where low values indicate stable market conditions and high values indicate instability. 
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3. Numerical Scheme 
 

An explicit finite difference method is employed. The spatial domain [0, 𝐿]  is discretized into 𝑁𝑦  points with 

Δ𝑥 = 𝐿/(𝑁𝑦 − 1), and time is discretized with step Δ𝑡. 

 

The spatial derivative is approximated by 

 

𝜕2𝑆

𝜕𝑥2
≈

𝑆𝑖+1
𝑛 − 2𝑆𝑖

𝑛 + 𝑆𝑖−1
𝑛

(Δ𝑥)2
,                                                                                                                                   (10) 

 

and the time derivative by 

 

𝜕𝑆

𝜕𝑡
≈

𝑆𝑖
𝑛+1 − 𝑆𝑖

𝑛

Δ𝑡
.                                                                                                                                                      (11) 

 

Substituting gives the explicit scheme: 

 

𝑆𝑖
𝑛+1 = 𝑆𝑖

𝑛 + Δ𝑡 [𝛽
𝑆𝑖+1

𝑛 − 2𝑆𝑖
𝑛 + 𝑆𝑖−1

𝑛

(Δ𝑥)2
+ 𝜎 + 𝜙 + Φ(𝑡𝑛) − 𝑃(𝑡𝑛)].                                                              (12) 

 

Here, the friction term is approximated as 

 

         𝜙 = 𝜁𝜇𝑓 , 

 

and the entropy generation is simplified as a linear combination of volatility and friction effects. 
 

For stability, 
 

Δ𝑡 ≤
(Δ𝑥)2

2𝛽
.                                                                                                                                                            (13) 

 

Thus, the initial and boundary conditions respectively transform to (14) and (15). 
 

𝑆𝑖
0 = 𝑆(𝑥𝑖 , 0),                                                                                                                                                    (14) 

 

Boundary conditions: 
 

𝑆1
𝑛 = 𝑆1, 𝑆𝑁𝑦

𝑛 = 𝑆2.                                                                                                                                          (15) 

 

The computational procedure for this study is: 
 

1. Initialize spatial grid and time step. 

2. Impose initial and boundary conditions. 

3. Update solution using the explicit scheme. 

4. Repeat until final time is reached. 

5. The governing equations were solved numerically using Python.  
 

The computational parameters are selected to ensure stability and physical relevance. The diffusion coefficient 𝛽, 

volatility parameter 𝜎, and friction parameter 𝜙 are chosen as small positive constants. The time step satisfies the 

stability condition. The source Φ(𝑡) and sink 𝑃(𝑡) represent external shocks and stabilization effects, respectively. 
 

3.1 Model Interpretation 
 

The model establishes an analogy between thermodynamic entropy and financial markets. Diffusion represents 

information spread, while entropy generation captures inefficiencies due to volatility and friction. The numerical 

simulations are based on the dimensional form, while dimensionless parameters are related through scaling 

transformations as described in equation (5). The source term Φ(𝑡) and sink term 𝑃(𝑡) are included for modeling 

the inflow of external information and the stabilization mechanisms, respectively. For this particular study, the 



 
 

 

 
Fatunmbi et al.; J. Econ. Manage. Trade, vol. 32, no. 4, pp. 118-128, 2026; Article no.JEMT.155912 

 

 

 
123 

 

functions are defined and fixed, and no parameter variation is applied. This is done in order to focus the analysis 

on the main effects of the diffusion, volatility, and friction on the entropy evolution 

 

4. Results and Discussion 
 

To further understand the interplay between the governing parameters, some graphs have been sketched under this 

section.  

 

 
 

Fig. 1. Effects of Diffusion term (𝜷) on Financial Entropy (𝑺) 

 

The plot of the entropy generation versus market depth (𝑦) for various values of the diffusion parameter 𝛽 is 

shown in Fig. 1. It is noticed that an increase in 𝛽 causes a substantial increase in the entropy profile within the 

domain. This implies that an increase in financial diffusivity increases the spread of information, thereby creating 

uncertainty within the market. It is also noticed that higher values of 𝛽 make the gradients of entropy smooth, 

indicating that uncertainty is uniformly spread within the market.  It is evident that for higher values of 𝛽 the level 

of entropy is considerably higher compared to lower values of 𝛽. This shows that diffusion is a source parameter 

in the entropy balance equation, which increases the rate of generation of entropy within the system. At the 

boundary points, (𝑦 = 0, 𝑦 = 1), all curves converge again. This is due to zero entropy, which is a state of minimal 

activity, and maximum entropy, which is a state of a developed market. This implies that the effect of 𝛽is minimal 

at the boundary points, but within the domain, the effect is strong. 

 

Besides this, as the values of 𝛽 decrease, it is seen that the entropy curve experiences a slow rise at first and then 

a steep rise at higher values of 𝑦. This implies a lag before the onset of disorder and then a swift transition to a 

highly entropic state. On the other hand, as the values of 𝛽 increase, it is seen that the entropy rises uniformly and 

at an early stage. This implies a swift onset of complexity and disorder. Thus, 𝛽 plays a vital role as a controlling 

agent of the rate of generation of entropy within the system. Though market depth regulates the overall 

advancement of the system toward equilibrium, it is seen that 𝛽 regulates the rate and intensity of the onset of 

uncertainty within the system. 

 

In Fig. 2, the relationship between the entropy generation (𝑆) and market depth (𝑦) is illustrated for various values 

of volatility term (𝜎). For different values of 𝜎(0.01, 0.02, 0.05), observations from the graph shows that entropy 

increases with market depth 𝑦 for all 𝜎.  The growth is nonlinear, starting slowly at small 𝑦 and accelerating as 

𝑦 → 1. From this figure, the monotonically increasing pattern of entropy with respect to market depth indicates 

that information disorder or uncertainty increases with the depth of the market. For smaller values of (𝑦), the 

entropy is relatively lower; therefore, shallow markets are more certain or less complex. However, with further 

increases in (𝑦), the rate of entropy generation increases rapidly, signifying the increased interactions among 

agents, transactions, and price signals. 
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Fig. 2. Effects of (𝝈) on Financial Entropy (𝑺) 
 

Furthermore, the effect of 𝜎 is found to be significant. Higher values of 𝜎 such as (𝜎 =  0.05), show relatively 

higher entropy levels for most values compared to lower values of 𝜎 such as (𝜎 =  0.01) or (𝜎 =  0.02). This 

implies that volatility is a driving factor for entropy generation, which increases uncertainty and disarray in the 

market. Physically, this is comparable to a thermal system, where an increase in diffusivity or fluctuation intensity 

increases entropy generation. It is interesting to see that all curves intersect at the boundary conditions (𝑦 =  0) 

and (𝑦 =  1). When (𝑦 =  0), the entropy is zero for all 𝜎 which implies that the system is in a state of minimal 

activity or complete order, where no meaningful transactions or interactions exist. At (𝑦 =  1), the entropy is a 

normalized maximum (𝑆 =  1), which implies that the system is in a state of complete development, where the 

effect of volatility is not discernible. 
 

Moreover, the gap between the curves is more visible in the intermediate area (0.2 <  𝑦 <  0.8), which again 

emphasizes that the effect of volatility is the greatest during the period of transition in the development of the 

markets. This is particularly important for financial markets because it implies that markets with intermediate 

depth are more susceptible to instability. Overall, the above analysis shows that both market depth and volatility 

play a crucial role in the control of entropy development, with the effect of volatility being positive for disorder 

development and the effect of market depth being responsible for the development towards equilibrium. The above 

analysis supports the theory behind entropy-based financial modeling. 
 

Fig. 3 depicts the variation of entropy generation (S) with the friction parameter 𝜙. It is noted that an increase in 

the friction parameter yields a systematic decrease in the entropy values. Moreover, the slopes of the entropy 

profiles also decrease. This phenomenon can be explained by the fact that an increase in the friction parameter 

yields a suppression in the entropy generation within the domain. This can be explained by the fact that the friction 

term in the entropy balance equation is a dissipative term. This term attenuates the growth and propagation of 

fluctuations within the system. This yields a suppression in the entropy generation. 
 

 
 

Fig. 3. Effects of (𝝓) on Financial Entropy (𝑺)  



 
 

 

 
Fatunmbi et al.; J. Econ. Manage. Trade, vol. 32, no. 4, pp. 118-128, 2026; Article no.JEMT.155912 

 

 

 
125 

 

Unlike 𝛽 and 𝜎 that stimulate entropy generation, 𝜙 has a stabilizing effect on the system. From a financial point 

of view, this implies that financial frictions may play a crucial role in limiting the rate of change and dampening 

large fluctuations in the system. This leads to a reduction in uncertainty growth and a stable system development. 

Thus, the findings verify that 𝜙 is a key parameter in regulating entropy generation through dissipation. 

 

 
 

Fig. 4. Effects of  (𝒕) on Financial Entropy (𝑺) 

 

The temporal evolution of entropy is shown in Fig. 4. Initially, the entropy is highly concentrated near the 

boundary. This suggests that at first, the disorder is localized, while the rest of the system is relatively ordered. 

With time, the entropy enters the interior region, resulting in a gradual increase in the level of disorder. This is a 

result of the combined effects of diffusion and internal interactions, which allow the entropy to be transferred 

from the region of high concentration to the rest of the domain. With time, the entropy profile becomes smooth 

and spatially uniform, indicating a tendency toward a steady or equilibrium state. 

 

 
 

Fig. 5. Combined parameters effects on Financial Entropy (𝑺) 

 

Fig. 5 demonstrates the combined effect of 𝛽, 𝜎, and 𝜙 on the entropy distribution function (𝑆(𝑦)). Unlike other 

figures, it is clear from Fig. 5 how these terms compete and complement each other in their effects on the market 

depth. From Fig. 5, it is clear that the entropy distribution is a result of a dynamic interplay of enhancement and 

suppression. Although the overall effect of 𝛽 and 𝜎 is to enhance entropy distribution across (𝑦), the inclusion of 
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(𝜙) ensures that this growth is checked or suppressed. This is so that it does not grow indefinitely or is suppressed 

completely. 

 

Fig. 6 displays the three-dimensional surface plot of the entropy distribution, highlighting the relationship between 

spatial and temporal aspects of the entropy evolution process. At early stages, the entropy is localized near the 

boundary, suggesting that disorder is initially localized, with the interior of the domain being relatively unaffected. 

Over time, the entropy increases and spreads into the interior of the domain, creating a smooth and continuous 

distribution of entropy in the market depth (𝑦). The significant gradient observed near the boundary indicates that 

the effects of the boundary, or external inputs, are the dominant sources of entropy generation. The gradient 

reduces as the simulation progresses, indicating the effect of the diffusion process on the entropy distribution. 

 

 
 

Fig. 6. Comparison of financial entropy surfaces for high and low 𝜷 

 

4.1 Discussion of Financial Implications 
 

The results demonstrate that financial entropy is governed by the combined behaviour of the diffusion, generation, 

and dissipation. The effect of the increase of the diffusion rate is to increase the spatial redistribution of the 

information, thereby increasing the level of market efficiency through the improvement of the information 

diffusion process. Conversely, the increase of the volatility rate leads to the enhancement of the entropy generation, 

resulting in the increase of the level of uncertainty in the system. The friction parameter has the effect of 

introducing the dissipation mechanism, which limits the fluctuations and the growth of the entropy, thereby 

stabilizing the overall system. The results obtained have provided the basis for the development of the overall 

framework for the understanding of the overall behaviour of the financial systems that are subject to the different 

influences. The results have, therefore, indicated that the overall behaviour of the financial systems is the result 

of the interplay of the different factors, rather than the effect of the single factors that have been considered in the 

past. 

 

5. Conclusion 
 

This study show that financial systems can be analyzed using a thermofluid perspective, with entropy quantifying 

market disorder and risk. The framework bridges engineering concepts—entropy, diffusion, and dissipation—

with economic theory, providing actionable insights into risk management and the trade-offs between market 

efficiency, volatility, and stability. An entropy-based framework for financial system dynamics is presented by 

incorporating fundamental mechanisms of diffusion, volatility, and friction. The results show that the evolution 

of entropy is a coupled process of spatial redistribution, internal generation, and dissipation. This process finally 

determines the dynamics of market uncertainty. 

 

The results of the parametric study show that the presence of diffusion increases the entropy transport across 

market depth, whereas volatility increases disorder by incorporating fluctuations. Moreover, friction is shown to 
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be a stabilizing factor by controlling the growth of entropy. The combined effect of these parameters indicates 

that financial systems maintain a state of delicate balance under competing dynamics. This balance finally governs 

their stability and predictability. 

 

From an applicative point of view, this model offers a deeper understanding of how regulatory actions (friction), 

flow of information (diffusion), and market fluctuations (volatility) affect financial system dynamics. This is of 

potential interest for risk management, regulation of financial markets, and forecasting of financial systems. These 

activities require controlling uncertainty and maintaining system stability. 

 

Overall, the research demonstrates that entropy modeling provides a scientific method for addressing financial 

complexity, thus providing a link between thermofluid dynamics and economics. This research contributes to the 

body of knowledge that is increasingly focusing on interdisciplinarity. 

 

6. Limitations to the Study 
 

Despite the insights provided, the present study has some limitations.  

 

First, a thermodynamic entropy analogy has been applied to develop the model used in this paper; the 

interpretation of physical quantities such as diffusion and dissipation in a financial context remains conceptual 

rather than strictly empirical.  

 

Second, the linear combination of volatility and friction in the calculation of the entropy generation term is a very 

simplistic way of handling numerous potentially important non-linear multi-factor combinations of financial 

variables are not considered.  

 

Third, the source and sink terms are prescribed functions of time and are not calibrated using real financial data, 

limiting direct applicability to specific markets. 

 

Fourth, the numerical simulations are carried out using an explicit finite difference scheme on a one-dimensional 

domain, which may not fully capture multidimensional market structures and network effects. 

 

 Finally, the parameter input data was selected to show qualitative behavior rather than being empirically derived, 

and therefore incapable of making empirical or quantitative estimates.  

 

Future studies could use actual market data while calibrating parameters, employ non-linear entropy generation 

processes and analytical methodologies, and use multi-dimensional analytic methodologies. 
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