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Abstract 
Integrating the two-dimensional Ising model with behavioral finance theory, 
this study uses investor sentiment to explain financial-market volatility. Spe-
cifically, spin flips in the Ising model are employed to simulate investors’ buy-
sell switching behavior in financial markets, thereby constructing a quantifia-
ble investor-sentiment variable, which is then embedded in a GARCH-X model 
to analyze stock-market volatility. The empirical results show that the price 
data simulated by the Ising model successfully reproduce typical statistical 
properties of financial markets, including sharp peaks, fat tails, volatility clus-
tering, and long memory. Meanwhile, during periods of elevated investor sen-
timent, the fat-tail effect becomes significantly stronger. Compared with the 
benchmark GARCH model, the GARCH-X model that incorporates the sen-
timent variable exhibits a markedly better goodness of fit, confirming that in-
vestor sentiment has significant explanatory power for volatility. These find-
ings indicate that investor sentiment drives changes in stock volatility and pro-
vide a new perspective for volatility research in financial markets. 
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1. Introduction 

Financial markets are a key sector of the national economy, and research on fi-
nancial-market volatility has gradually become one of the central topics in finance. 
Vagif and Rustamov [1] pointed out that volatility is not only a crucial parameter 
for risk control but also a key clue for identifying market opportunities. At pre-
sent, traditional research mainly relies on econometric methods for forecasting, 
such as ARCH- and GARCH-type models [2] [3]. Deep learning methods are also 
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increasingly used to improve predictive performance [4] [5]. 
However, traditional models display clear limitations in predicting extreme 

events such as the 2008 subprime mortgage crisis and the 2020 U.S. stock-market 
circuit breakers. The root cause is that they do not adequately characterize the 
impact of investors’ aggregate trading behavior—the foundation of the market—
on market volatility. This paper uses an agent-based Ising-model system to char-
acterize the market effect generated by investors’ trading behavior, namely inves-
tor sentiment, and projects this effect onto the irrational component of market 
volatility [6]. Such cross-scale research remains challenging for much of modern 
finance built on non-systemic approaches. 

Many studies have introduced the perspective of behavioral finance, emphasiz-
ing the important influence of investors’ psychological factors on stock-market 
volatility [7]-[9]. For example, Akin and Akin [10] examined the impact of behav-
ioral finance on U.S. stock-market volatility and revealed the link between inves-
tor behavior and stock-market volatility behind market anomalies. This suggests 
that behavioral finance offers a possible explanation for market fluctuations by 
identifying investors’ psychological biases and market anomalies. Although the 
explanatory role of behavioral finance in volatility has been recognized to some 
extent, some scholars argue that integrating behavioral finance with traditional 
financial theory remains difficult [11]. 

Against this background, this paper develops a system-modeling approach with 
investor networks as the micro-foundation. In addition to endogenously charac-
terizing market phenomena such as herding, bubbles, and crashes [12] [13], the 
resulting composite model also makes it possible to explore the irrational compo-
nent of market volatility [14]. In recent years, scholars have begun to combine 
behavioral-finance concepts and theories with the Ising model [15]-[18] to ex-
plain financial-market “anomalies.” Fang et al. [15], for instance, even used a 
three-dimensional Ising model to study stock-market volatility and its underlying 
mechanism. In domestic research on China’s financial markets, one-dimensional 
models have been used to simulate return characteristics [19]-[21], but in-depth 
discussion of volatility based on a stochastic two-dimensional Ising model re-
mains rare [22]. By using a two-dimensional Ising model, this paper better cap-
tures the dynamic characteristics of complex investor networks and offers a useful 
attempt to explain behavioral-finance anomalies and model volatility. 

The remainder of this paper is organized as follows. Section 1 introduces the 
financial-market model and the construction of the sentiment variable. Section 2 
presents the modeling results and simulation analysis. Section 3 evaluates the per-
formance of the GARCH-X specification. Section 4 concludes and discusses future 
research directions. 

2. Financial Market Modeling 
2.1. Simulating Market Behavior at the Microscopic Scale:  

The Ising Model 

In this study, the financial market is viewed as a complex system composed of 
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investors. A stochastic two-dimensional Ising model is used to construct the in-
vestor network and to characterize how interactions among investors affect stock-
price volatility. In this model, each investor is mapped onto a spin on a two-di-
mensional lattice of size L L× , yielding 2L  spins in total, and each spin is emo-
tionally coupled only with its four nearest neighbors (up, down, left, and right). 

The total energy of the system is described by the following Hamiltonian: 

,
i j

i j
t i

i
H J ss h s= − −∑ ∑  

where { }1, 1is ∈ − +  denotes the decision state of investor i, with 1is = +  indi-
cating a buy decision and 1is = −  indicating a sell decision; 0J >  denotes the 
interaction strength among investors and sets the scale of system energy and tem-
perature, following Fang et al. [15]; ,i j  denotes nearest-neighbor sites. h rep-
resents the external field. In the first-stage experiment, th  is set to 0 in order to 
focus on the endogenous mechanism through which investor interactions affect 
prices [18]. In the second stage of the real-market empirical experiment, to cap-
ture the feedback effect of historical prices on investor sentiment, we further in-
troduce a dynamic external field based on historical returns, specified as: 

1t m th rγ −=  

where th  is the dynamic external field at time t; 0mγ >  is the external field sen-
sitivity coefficient, which calibrates the impact intensity of historical returns on 
investor decisions; based on historical returns, in which the return 1tr −  is the log 
return of the HS300 Index at time t − 1. 

The probability of a given spin configuration is given by the Boltzmann distri-
bution: 

{ }( ) 1 1e ,H
i

B

P s Z
k T

β β− −= =  

where { }ei

H
sZ β−= ∑  is the partition function, Bk  is the Boltzmann constant,  

and T is the system temperature, which links investor sentiment fluctuations by 
governing the competition between energy and entropy. The critical temperature  

( )
2 2.26918

ln 1 2
c

BB

J JT
kk

= ≈
+

 is the point at which the system undergoes a  

phase transition [23]. 
The degree of investor irrationality is defined by the inverse temperature  

1

Bk T
β = . When the system is at low temperature ( 1β  ), low-energy configu-

rations dominate, investor sentiment becomes highly excited, and irrationality  
rises; investors are therefore more likely to be influenced by their neighbors and 
to herd blindly, generating extreme states such as market bubbles or crashes. 
When the system is at high temperature ( 1β  ), the probabilities of different 
configurations become similar, investor sentiment is more stable, rational inves-
tors dominate, decisions become more independent, and the market remains in a 
state of normal fluctuation in which prices follow a random walk. 
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This paper uses the Metropolis algorithm [13] [15] [24] to conduct Monte Carlo 
simulation of the two-dimensional Ising model. In the numerical simulation, the 
acceptance probability for spin flipping is: 

( )accept min 1,e EP β− ∆=  

where E∆  denotes the energy change induced by a spin flip. At low temperature 
(large β), only energetically favorable flips are likely to be accepted, so spins tend 
to stabilize and form an ordered structure. By contrast, at high temperature (small 
β), flips are easily accepted, spins change frequently, and the system becomes dis-
ordered. Thus, temperature T directly controls the flexibility of spin changes. 

2.2. Sentiment-Driven Price Formation Mechanism 

Based on the above sentiment-evolution process and drawing on the logic of com-
posite sentiment-index construction in behavioral finance [25], this paper con-
structs a investor-sentiment variable for the system. In essence, it quantifies the 
degree of consensus in investors’ opinions and thus represents the consistency of 
aggregate sentiment: 

,
2

1
t ij

i j
m s

L
= ∑  

Based on the spin configuration, we define the trading imbalance variable L(t), 
which quantifies the difference between long and short forces in the market at 
time t, with the exact calculation formula: 

( ) ( ) ( ) ( )1
L

iiL t L t L t s t+ − =
= − = ∑  

where ( )L t+  is the number of investors with spin state 1is = +  (buy decision) 
at time t, ( )L t−  is the number of investors with spin state 1is = −  (sell decision) 
at time t, and ( ) ( )L L t L t+ −= −  is the total number of investors in the market. 
( )L t  ranges from 0 to N, with a larger value indicating a more severe imbalance 

between long and short forces and stronger consistency in investors’ trading be-
havior. 

When the absolute value of the sentiment variable is large, investor sentiment 
is highly synchronized and market investment behavior becomes strongly aligned; 
when it is close to zero, market sentiment is dispersed and bullish and bearish 
forces are broadly balanced. 

Building on the Metropolis algorithm, this study follows the Ising-model price-
evolution framework proposed by Lan and Fang [18], incorporates the sentiment 
variable into the model, and establishes a stock-price dynamics model at time t so 
as to characterize the effect of sentiment on prices more precisely. The specific 
form is: 

( )
1e p tt m

t tS Sγ ξ
−=  

( )0
1

exp
t

t p t
k

S S t mγ ξ
=

 = ⋅  
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∑  
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where tS  is the price at time t, 0S  is the initial price, tm  is the investor-senti-
ment variable, and ( ) { }1, 1tξ ∈ − +  is the random news-shock term, with  
( ) 1tξ = +  indicating favorable news and negative values unfavorable news. 0pγ >  

is the market-depth parameter used to control the magnitude of daily return 
changes. To reflect China’s daily price-limit mechanism, 0.1pγ =  is set so that 
the simulated return fluctuations fall within the corresponding range. By mapping 
microscopic interactions onto macroscopic prices, the model effectively captures 
the price dynamics induced by sentiment transmission. 

Accordingly, the logarithmic return of the stock calculated by the Ising model 
at time t is given by: 

( )sim

1

ln t
p

t
t tr t mS

S
ξγ

−

 
= = 

 
 

2.3. Macroscopic Volatility Modeling: The GARCH-X Model 

The volatility of asset returns characterizes short-term uncertainty and risk, and 
particularly reflects price turbulence caused by the behavior of market partici-
pants. Traditional ARCH family models have shown good statistical forecasting 
performance in volatility modeling. The Generalized Autoregressive Conditional 
Heteroskedasticity (GARCH) model, proposed by Bollerslev (1986) [26], is the 
most important extension of the ARCH family model. A large body of existing 
financial empirical research shows that the GARCH (1, 1) model is sufficient to 
characterize the volatility clustering and heteroskedasticity of most stock return 
series, and is the most concise and robust benchmark specification for financial 
volatility modeling. Therefore, this paper selects GARCH (1, 1) as the benchmark 
model, with the specific form: 

2 2 2
1 1

t t

t t t

t t t

r
z

µ ε
ε σ
σ ω α ε β σ− −

= +
= ⋅
= + ⋅ + ⋅

 

where tr  is the logarithmic return at time t, µ  is the mean return term, tε  is 
the residual term at time t, tσ  is the conditional volatility at time t, tz  is the 
standardized residual, and the remaining terms , ,ω α β  are GARCH-model pa-
rameters. 

To further quantify the dynamic influence of investor sentiment on volatility, 
the sentiment variable constructed from the Ising model is introduced into the 
GARCH model, yielding the behaviorally enhanced GARCH-X specification: 

2 2 2
1 1 1

t t

t t t

t t t t

r
z

m

µ ε
ε σ
σ ω α βσ γ− − −

= +
= ⋅
= + + +

 

The sentiment variable tm  characterizes the degree of consistency in market 
sentiment and reflects the driving effect of microscopic investor sentiment on 
macroscopic volatility. This is an endogenous, self-organizing dynamic process 
that helps reveal the internal mechanism behind market fluctuations and en-
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hances the explanatory power of the model. 

3. Experimental Design and Simulation Results of the Ising  
Financial Model 

3.1. Experimental Design and Analytical Methods 

To ensure comparability between the simulation results and the empirical data, 
this study sets the trading horizon of the simulated system to match that of the 
empirical sample, and then compares statistical characteristics and model-fitting 
performance on that basis. The real-market data consist of daily observations for 
the CSI300 Index from January 2, 2014 to December 31, 2024, comprising 2675 
valid trading days. The actual return series of the CSI300 Index is defined as: 

real

1

ln t
t

t

Pr
P−

 
=  

 
 

In the model setting, each trading day is divided into 240 time steps, corre-
sponding to the scenario where the daily trading time in the real Chinese stock 
market is 4 hours. It is assumed that investors transact once per minute. At each 
minute step, all participants undergo one Monte Carlo update, including random 
site selection, calculation of the energy change, and spin flipping according to the 
Metropolis criterion. The daily price change is computed only after all 240 mi-
nute-level updates for a given trading day have been completed. 

3.2. Simulation Analysis of the Ising Model 

To verify whether the Ising model can spontaneously generate financial-market 
features in the absence of external feedback, this section provides a visual analysis 
of the statistical properties of the prices and returns generated by the model, as 
well as the nonlinear relationship between investor sentiment and stock prices. 

3.2.1. Statistical Properties of Prices and Returns Generated by the Ising  
Model 

Figure 1 compares the data generated by the Ising model with those of the CSI 
300 Index. First, in Figure 1(a), although the two price patCSI do not coincide 
exactly, they are highly consistent in structural characteristics: the simulated path 
exhibits typical nonlinear volatility, trend reversals, and multi-stage peaks, and is 
macroscopically similar to the real market, indicating that even without introduc-
ing actual price feedback, the model is capable of generating a realistic-market-
like price series. Second, the comparison of the autocorrelation function (ACF) of 
the absolute return series reveals volatility clustering, meaning that high-volatility 
periods tend to be followed by high-volatility periods and low-volatility periods 
tend to be followed by low-volatility periods. Figure 1(b) shows that the ACF 
curve of the simulated data decays slowly rather than dropping back to zero im-
mediately, indicating strong volatility memory. The ACF of the real market shows 
a similar pattern, though with slightly lower values, suggesting that market vola-
tility also exhibits clustering but contains stronger background noise and non-

https://doi.org/10.4236/ojapps.2026.165105


J. Y. Zhang, N. G. Mu 
 

 

DOI: 10.4236/ojapps.2026.165105 1907 Open Journal of Applied Sciences 
 

structural components. In particular, at lags 1 - 10, the correlation structure of the 
simulated data is highly consistent with that of the real data, indicating that the 
model can capture short-run volatility inertia. 
 

 
(a)                                         (b) 

Figure 1. Comparison between simulated data from the Ising model and real stock-market data. (a) Price 
path comparison; (b) Comparison of the ACF of the absolute return series. 

 

To further verify whether the model reproduces the long-memory characteris-
tics commonly observed in real market price fluctuations, this paper calculates the 
Hurst exponent and the detrended fluctuation analysis (DFA) exponent for the 
simulated price series and the real-market return series. The results are reported 
in Table 1. 
 
Table 1. Long-memory indicators of simulated data and real-market return series. 

Data source Hurst exponent DFA exponent 

Ising-model simulated data 0.556 0.508 

Real-market data 0.498 0.533 

 

The Hurst exponent is a classic indicator used to characterize whether a time 
series exhibits long memory. H > 0.5 indicates persistence, meaning that the cur-
rent trend is likely to continue in the future; H < 0.5 indicates anti-persistence, 
meaning that the series is prone to reversal; and H = 0.5 corresponds to a pure 
random walk. Table 1 shows that the Hurst exponent of the simulated data is 
0.556, indicating mild persistence, which is close to the value of 0.498 for the real-
market data. This suggests that even in the absence of feedback from the external 
field, the model can still generate volatility behavior with a certain degree of trend 
persistence. 

The DFA exponent does not directly assume stationarity and is more robust 
than the traditional Hurst estimate, especially for real financial data with trends 
or noise. When 0.5α > , the series exhibits long memory; the closer the value is 
to 1, the stronger the memory. In this study, the DFA exponents of both the sim-
ulated data and the real-market data are greater than 0.5, indicating that the model 
successfully reproduces the long-range correlation characteristics of real financial 
markets and confirming that collective behavior induced by sentiment transmis-
sion has persistent effects. 
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Taken together, the Hurst and DFA results indicate that the Ising model can 
dynamically reproduce the long-memory characteristics of real-market price fluc-
tuations. 

3.2.2. Nonlinear Relationship between Investor Sentiment and Stock  
Prices 

Figure 2 shows the evolution of the sentiment variable tm  simulated by the Ising 
model. The series fluctuates mainly around zero and exhibits upward or down-
ward deviations in several stages, reflecting bullish or bearish sentiment tenden-
cies among market participants during different periods, which in turn drive cor-
responding price fluctuations. This collective behavioral deviation is precisely the 
modeled manifestation of herding and trend-following behavior in financial mar-
kets. 
 

 

Figure 2. Magnetization series simulated by the Ising model. 
 

Figure 3 presents the evolution of spin configurations under different degrees 
of investor irrationality. Yellow spins denote 1is = + , meaning that investors are 
bullish and choose to buy, whereas blue spins denote 1is = − , meaning that in-
vestors are bearish and choose to sell. The figure clearly shows that when the de-
gree of investor irrationality 0.44β < , the numbers of buyers and sellers are rel-
atively balanced and spins of the same color do not form large clusters. As irra-
tionality approaches the critical point 0.44β = , same-color spins begin to cluster 
and a phase transition emerges. When irrationality 0.44β > , the system forms 
multiple clusters with the same orientation, and the aggregation of same-color 
spins becomes pronounced. Thus, the critical point c 0.44β ≈  serves as the sys-
tem threshold near which local investor structures begin to display sentiment con-
vergence. The larger the degree of investor irrationality, the more elevated inves-
tor sentiment becomes, the easier it is for investors to herd, and the stronger the 
clustering effect. 

Figure 4 shows the nonlinear relationship between stock trading imbalance 
( )L t  and the parameter β  representing the degree of investor irrationality. As 

shown in the figure, in the subcritical region 0.44cβ β< ≈  that below the criti-
cal point, trading imbalance remains low and changes smoothly, indicating that 
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the market as a whole stays in a relatively rational equilibrium state and that sup-
ply and demand tend to be stable. However, as investor irrationality increases, 
stock trading imbalance displays a clear nonlinear growth pattern. As the system 
approaches the critical point, the imbalance exhibits an accelerating accumulation 
effect, and its growth becomes significantly stronger than in the preceding phase. 
Once the system enters the supercritical region 0.44cβ β> ≈  that above the crit-
ical point, the imbalance rises rapidly and displays a typical phase-transition fea-
ture—that is, the system undergoes an abrupt transition from order to disorder. 
 

 

Figure 3. Evolution of spin configurations under different degrees of investor irrationality. 
 

 

Figure 4. Relationship between stock trading imbalance and the degree of investor irra-
tionality. 
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This critical point c 0.44β ≈  can be regarded as the threshold at which the 
market shifts from rational dominance to irrational dominance. Near the thresh-
old, investors’ emotional behavior triggers a positive-feedback mechanism that 
intensifies collective trend chasing and panic selling, thereby inducing systemic 
imbalance. Notably, in the supercritical region, the imbalance continues to rise 
and its volatility increases significantly, indicating that under a highly irrational 
environment the market becomes more imbalanced and far less stable, making 
extreme market episodes or sharp price turbulence more likely. This phenomenon 
is highly consistent with the critical phenomenon in complex-systems theory and 
suggests that the microstructure of financial markets may exhibit phase-transition 
characteristics similar to those of physical systems: small disturbances in investor 
irrationality can be amplified near the critical point into a violent response of mar-
ket structure, thereby revealing a potential source of market fragility. 

Figure 5 compares the probability density functions of logarithmic returns un-
der different degrees of investor irrationality with the Gaussian distribution. Be-
cause the scale changes discontinuously across the critical point, the results are 
displayed separately in Figure 5(a) and Figure 5(b) for visual clarity, with the 
critical point c 0.44β ≈  repeated in both panels to connect the phase-transition 
process. As shown in the figure, at the critical point c 0.44β ≈  the probability 
density function displays both a sharp peak and fat tails, which is highly consistent 
with the statistical regularities of real markets. When investor irrationality is low 
( 0.44β < ), the distribution is sharply peaked but has relatively thin tails, imply-
ing a low probability of extreme events. When irrationality is high ( 0.44β > ), the 
curve exhibits fat tails but lower kurtosis, and the concentration of volatility weak-
ens. 

 

 
(a)                                               (b) 

Figure 5. Comparison of probability density functions of logarithmic returns simulated under different degrees of investor 
irrationality. (a) Probability density function of 0.44β ≤ ; (b) Probability density function of 0.44β ≥ . 

 

This indicates that the critical point c 0.44β ≈  is the key threshold at which 
the system shifts from rationality-dominated ordered fluctuations to irrationality-
dominated disordered fluctuations. Through a positive-feedback mechanism, in-
teractions among investors dynamically couple volatility concentration with the 
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probability of extreme events, thereby accurately reproducing the coexistence of 
sharp peaks and fat tails observed in real markets. By contrast, regions away from 
the critical point display only a single characteristic and cannot match the com-
plex volatility pattern of real markets. 

Figure 6 further shows the evolution of the complementary cumulative distri-
bution function (CCDF) of absolute returns under different degrees of investor 
irrationality. The vertical axis of the CCDF represents the probability that fluctu-
ations exceed a given magnitude. If the tail of the CCDF curve is high, large fluc-
tuations are more likely to occur, implying higher market risk. The figure shows 
that as investor irrationality increases from 0.05 to 0.35 within the subcritical re-
gion, the tail of the distribution remains relatively low in ( )3 210 ,10− − . Once the 
critical point c 0.44β ≈  is reached, however, the tail rises abruptly, indicating an 
exponential increase in the probability of extreme returns. This confirms that 
when investors are in a highly irrational state—namely, during periods of elevated 
sentiment—the market’s fat-tail effect is significantly strengthened. 
 

 

Figure 6. CCDF of absolute returns simulated under different degrees of investor irration-
ality. 

4. Verification of GARCH-X Modeling Performance 
4.1. GARCH-X Fit Based on Simulated Data 

To further verify the validity of the sentiment variable under the endogenous 
mechanism of the model, this paper first constructs logarithmic returns sim

tr  
from the price series simulated by the Ising model and extracts the corresponding 
magnetization series as the sentiment variable tm . It then estimates the standard 
GARCH (1, 1) model and the GARCH-X model proposed in this study, and com-
pares them using the Akaike information criterion (AIC) and the Bayesian infor-
mation criterion (BIC), so as to test whether the sentiment variable possesses ex-
planatory power in a closed system. The results are reported in Table 2. 
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Table 2. Model-fitting analysis based on simulated data. 

Model AIC BIC 

GARCH (1, 1) −7083.50 −7059.93 

GARCH-X −7193.46 −7164.00 

 

The results show that the GARCH-X model that incorporates the sentiment 
variable has lower AIC (−7193.46) and BIC (−7164.00) values. Relative to the 
GARCH (1, 1) model, the AIC decreases by about 109.96 and the BIC by about 
104.07, both of which constitute very strong evidence in favor of the augmented 
model. Therefore, the GARCH-X model outperforms the conventional GARCH 
(1, 1) model on both information criteria and exhibits better overall fitting per-
formance, indicating that the sentiment variable has explanatory power in a closed 
system. 

4.2. Empirical GARCH-X Analysis Based on Real-Market Data 

To verify the effectiveness of the sentiment variable constructed by the Ising 
model in the real market, this paper uses the daily closing-price data of the CSI 
300 Index (2675 observations) to construct a logarithmic return series, which is 
then used as the external-field feedback to drive the Ising model and generate a 
synchronized sentiment series. Subsequently, the standard GARCH (1, 1) model 
and the GARCH-X model containing the sentiment variable are estimated sepa-
rately to test their explanatory power in volatility modeling. The results are pre-
sented in Table 3. 
 
Table 3. Model-fitting analysis based on real-market data. 

Model AIC BIC 

GARCH (1, 1) −16324.49 −16300.92 

GARCH-X −16334.83 −16305.37 

 

The empirical results show that, relative to the benchmark model, the AIC de-
clines by about 10.34 (strong evidence) and the BIC by about 4.45 (moderate evi-
dence), indicating that the sentiment variable also has significant explanatory 
power for volatility in the real-market environment and can improve the overall 
fit of the model. 

4.3. Comparative Analysis of Models and Mechanism Transfer 

Taken together, the results from the purely simulated stage and the real-market-
driven stage show that after incorporating the sentiment variable generated by the 
Ising model, the GARCH-X model outperforms the benchmark GARCH (1, 1) 
model in both environments. 

In the purely simulated stage, prices are driven entirely by the internal mecha-
nism of the Ising system, and the sentiment variable directly reflects the collective 
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state formed by local investor interactions. Its relationship with price volatility is 
therefore highly consistent. Accordingly, the GARCH-X model achieves a sub-
stantial improvement in fit at this stage (ΔAIC ≈ 109.96; ΔBIC ≈ 104.07), indicat-
ing that the sentiment variable can adequately explain changes in volatility within 
a closed system. 

In the real-market-driven stage, the sentiment variable is generated using actual 
market returns as the external field and can therefore reflect the dynamic evolu-
tion of investor sentiment in the market. In this more complex environment, alt-
hough the information captured by the sentiment variable is constrained by the 
model setting and the diversity of external shocks, the GARCH-X model con-
structed in this paper still outperforms the benchmark model in terms of goodness 
of fit (ΔAIC ≈ 10.34; ΔBIC ≈ 4.45), indicating that the sentiment mechanism con-
tinues to have significant explanatory power in real markets. 

5. Conclusions 

This paper constructs an investor-sentiment variable on the basis of a two-dimen-
sional Ising model and introduces it into the GARCH-X framework to character-
ize the generation mechanism of market volatility. In a purely simulated environ-
ment without external intervention, the resulting price series naturally exhibits 
typical statistical properties of financial markets, including sharp peaks, fat tails, 
volatility clustering, and long memory. At the same time, when investors are in a 
highly irrational state—that is, during periods of elevated investor sentiment—the 
market’s fat-tail effect becomes significantly stronger and market risk rises. More-
over, in GARCH-X estimation based on the purely simulated stage, the sentiment 
variable significantly improves the goodness of fit, demonstrating its structural 
explanatory power for volatility in a closed system. 

After introducing real-market external-field feedback, the generated sentiment 
variable still enables the GARCH-X model to outperform the benchmark GARCH 
model, and the improvement in fit is statistically meaningful, demonstrating the 
feasibility and robustness of transferring the mechanism from a purely simulated 
environment to the real market. This indicates that a sentiment variable generated 
from microscopic interaction mechanisms can retain important explanatory power 
for volatility even in more complex real-market settings. 

Theoretically, this study strengthens the reliability of the proposition that mi-
croscopic investor sentiment can affect macroscopic stock volatility, and it vali-
dates the effectiveness and transferability of the sentiment variable through mul-
tiple statistical indicators. In practical terms, the variable can serve as an explana-
tory enhancement factor for risk early warning and sentiment-index construction, 
and it has the potential to be extended further to multi-market and multi-asset 
environments. Future research may proceed by incorporating investor heteroge-
neity, refining sentiment-measurement methods, and exploring cross-market 
transfer, thereby improving market-modeling approaches driven by investor be-
havior. 

https://doi.org/10.4236/ojapps.2026.165105


J. Y. Zhang, N. G. Mu 
 

 

DOI: 10.4236/ojapps.2026.165105 1914 Open Journal of Applied Sciences 
 

Conflicts of Interest 

The authors declare no conflicts of interest regarding the publication of this paper. 

References 
[1] Rustamov, O.V. (2024) Understanding Volatility in Financial Markets: A Roadmap 

for Risk Management and Opportunity Identification. International Journal of Inno-
vative Technologies in Economy, 2, 1-15.  
https://doi.org/10.31435/rsglobal_ijite/30062024/8168 

[2] Akash, R.S.I., Mahmood, I., Ghafoor, M.M. (2020) Anomalous Behaviour and Vola-
tility in Stock Returns Are Still Live-Efficient Markets Hypothesis?: Perspective from 
Pakistan Stock Exchange (PSX). Journal of Accounting and Finance in Emerging 
Economies, 6, 381-389. https://doi.org/10.26710/jafee.v6i2.1182 

[3] Bhatia, D.V. (2020) Various Types & Dimensions of Volatility in Stock Markets: An 
Empirical Analysis. International Journal for Research in Applied Science and Engi-
neering Technology, 8, 264-270. https://doi.org/10.22214/ijraset.2020.32464 

[4] Tian, C., Niu, T. and Wei, W. (2023) Volatility Index Prediction Based on a Hybrid 
Deep Learning System with Multi-Objective Optimization and Mode Decomposi-
tion. Expert Systems with Applications, 213, Article 119184.  
https://doi.org/10.1016/j.eswa.2022.119184 

[5] Xu, Z., Liechty, J., Benthall, S., Skar-Gislinge, N. and McComb, C. (2024) GARCH-
Informed Neural Networks for Volatility Prediction in Financial Markets. Proceed-
ings of the 5th ACM International Conference on AI in Finance, Brooklyn, 14-17 
November 2024, 600-607. https://doi.org/10.1145/3677052.3698600 

[6] Beraich, M., Amzile, K., Laamire, J., Zirari, O. and Fadali, M.A. (2022) Volatility Spill-
over Effects of the US, European and Chinese Financial Markets in the Context of the 
Russia-Ukraine Conflict. International Journal of Financial Studies, 10, Article 95.  
https://doi.org/10.3390/ijfs10040095 

[7] Yang, T. and Su, Y. (2023) The Impact of Psychological Factors on the Asymmetry of 
Stock Market Volatility in China—An Empirical Study Based on EGARCH Model. 
Journal of Economics and Public Finance, 9, 124-139.  
https://doi.org/10.22158/jepf.v9n2p124 

[8] Ackert, L.F., Kluger, B.D. and Qi, L. (2019) Implied Volatility and Investor Beliefs in 
Experimental Asset Markets. Journal of Financial Markets, 43, 121-136.  
https://doi.org/10.1016/j.finmar.2019.02.001 

[9] Barberis, N., Jin, L.J. and Wang, B. (2021) Prospect Theory and Stock Market Anom-
alies. The Journal of Finance, 76, 2639-2687. https://doi.org/10.1111/jofi.13061 

[10] Akin, I. and Akin, M. (2024) Behavioral Finance Impacts on US Stock Market Vola-
tility: An Analysis of Market Anomalies. Behavioural Public Policy, 10, 337-361.  
https://doi.org/10.1017/bpp.2024.13 

[11] Chen, Y., Wu, J., McManus, R. and Liu, Y. (2025) Information Flows, Stock Market 
Volatility and the Systemic Risk in Global Finance. International Journal of Finance 
& Economics, 31, 151-173. https://doi.org/10.1002/ijfe.3132 

[12] Kaizoji, T., Bornholdt, S. and Fujiwara, Y. (2002) Dynamics of Price and Trading 
Volume in a Spin Model of Stock Markets with Heterogeneous Agents. Physica A: 
Statistical Mechanics and its Applications, 316, 441-452.  
https://doi.org/10.1016/s0378-4371(02)01216-5 

[13] Zhou, W. and Sornette, D. (2006) Self-Organizing Ising Model of Financial Markets. 
The European Physical Journal B, 55, 175-181.  

https://doi.org/10.4236/ojapps.2026.165105
https://doi.org/10.31435/rsglobal_ijite/30062024/8168
https://doi.org/10.26710/jafee.v6i2.1182
https://doi.org/10.22214/ijraset.2020.32464
https://doi.org/10.1016/j.eswa.2022.119184
https://doi.org/10.1145/3677052.3698600
https://doi.org/10.3390/ijfs10040095
https://doi.org/10.22158/jepf.v9n2p124
https://doi.org/10.1016/j.finmar.2019.02.001
https://doi.org/10.1111/jofi.13061
https://doi.org/10.1017/bpp.2024.13
https://doi.org/10.1002/ijfe.3132
https://doi.org/10.1016/s0378-4371(02)01216-5


J. Y. Zhang, N. G. Mu 
 

 

DOI: 10.4236/ojapps.2026.165105 1915 Open Journal of Applied Sciences 
 

https://doi.org/10.1140/epjb/e2006-00391-6 

[14] Sornette, D. (2014) Physics and Financial Economics (1776-2014): Puzzles, Ising and 
Agent-Based Models. Reports on Progress in Physics, 77, Article 062001.  
https://doi.org/10.1088/0034-4885/77/6/062001 

[15] Fang, W., Ke, J., Wang, J. and Feng, L. (2016) Linking Market Interaction Intensity 
of 3D Ising Type Financial Model with Market Volatility. Physica A: Statistical Me-
chanics and its Applications, 461, 531-542.  
https://doi.org/10.1016/j.physa.2016.06.065 

[16] Cividino, D. (2020) A Statistical Physics approach to financial Bubbles: Ising-Like 
Modeling of Social Imitation in an Agent-Based Multi-Asset Market. Politecnico di 
Torino. 

[17] Denys, M. (2021) Model of Cunning Agents. Physica A: Statistical Mechanics and its 
Applications, 574, Article 125987. https://doi.org/10.1016/j.physa.2021.125987 

[18] Lan, Y. and Fang, W. (2024) Mechanisms of Investors’ Bounded Rationality and Mar-
ket Herding Effect by the Stochastic Ising Financial Model. Physica A: Statistical Me-
chanics and its Applications, 648, Article 129947.  
https://doi.org/10.1016/j.physa.2024.129947 

[19] Li, Q. and Wang, J. (2007) Statistical Characteristics and Simulation of Stock Prices 
Based on the Ising Model. Journal of Beijing Jiaotong University, No. 6, 81-83, 87. (In 
Chinese) 

[20] Jin, H. and Lu, J. (2008) Application of the Ising Model in Econophysics. Journal of 
Shanghai Dianji University, No. 1, 66-70. (In Chinese) 

[21] Luan, Y., Jia, Z., Li, D., et al. (2018) Application of the Ising Model to Price Formation 
in Financial Markets. Journal of Shenyang Aerospace University, 35, 93-96. (In Chi-
nese) 

[22] Guimaraes, W.R.S. and Lima, L.S. (2021) Self-Organizing Three-Dimensional Ising 
Model of Financial Markets. Physical Review E, 103, Article 062130.  
https://doi.org/10.1103/physreve.103.062130 

[23] Onsager, L. (1944) Crystal Statistics. I. A Two-Dimensional Model with an Order-
Disorder Transition. Physical Review, 65, 117-149.  
https://doi.org/10.1103/physrev.65.117 

[24] da Silva, L.R. and Stauffer, D. (2001) Ising-Correlated Clusters in the Cont-Bouchaud 
Stock Market Model. Physica A: Statistical Mechanics and Its Applications, 294, 235-
238. https://doi.org/10.1016/s0378-4371(01)00118-2 

[25] Baker, M. and Wurgler, J. (2006) Investor Sentiment and the Cross‐Section of Stock 
Returns. The Journal of Finance, 61, 1645-1680.  
https://doi.org/10.1111/j.1540-6261.2006.00885.x 

[26] Bollerslev, T. (1986) Generalized Autoregressive Conditional Heteroskedasticity. Jour-
nal of Econometrics, 31, 307-327. https://doi.org/10.1016/0304-4076(86)90063-1 

 
 
 

https://doi.org/10.4236/ojapps.2026.165105
https://doi.org/10.1140/epjb/e2006-00391-6
https://doi.org/10.1088/0034-4885/77/6/062001
https://doi.org/10.1016/j.physa.2016.06.065
https://doi.org/10.1016/j.physa.2021.125987
https://doi.org/10.1016/j.physa.2024.129947
https://doi.org/10.1103/physreve.103.062130
https://doi.org/10.1103/physrev.65.117
https://doi.org/10.1016/s0378-4371(01)00118-2
https://doi.org/10.1111/j.1540-6261.2006.00885.x
https://doi.org/10.1016/0304-4076(86)90063-1

	Research on Stock Volatility Based on Investor Sentiment and Two-Dimensional Ising Model
	Abstract
	Keywords
	1. Introduction
	2. Financial Market Modeling
	2.1. Simulating Market Behavior at the Microscopic Scale: The Ising Model
	2.2. Sentiment-Driven Price Formation Mechanism
	2.3. Macroscopic Volatility Modeling: The GARCH-X Model

	3. Experimental Design and Simulation Results of the Ising Financial Model
	3.1. Experimental Design and Analytical Methods
	3.2. Simulation Analysis of the Ising Model
	3.2.1. Statistical Properties of Prices and Returns Generated by the Ising Model
	3.2.2. Nonlinear Relationship between Investor Sentiment and Stock Prices


	4. Verification of GARCH-X Modeling Performance
	4.1. GARCH-X Fit Based on Simulated Data
	4.2. Empirical GARCH-X Analysis Based on Real-Market Data
	4.3. Comparative Analysis of Models and Mechanism Transfer

	5. Conclusions
	Conflicts of Interest
	References

