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Abstract: This paper develops an analysis framework based on the principle of human behavior
dynamics and the jump-diftusion process. Based on empirical tests on Chinese stock markets, the paper
reveals a negative correlation between jump levels in the previous month and stock returns in the
tollowing month. On average, an increase of each 1 unit in the value of the jump component results in a
lower subsequent stock return of 58 basis points. Moreover, the long-short arbitrage portfolios based on
jump levels perform better than the market portfolio; the Sharpe ratio is 4 times that of the market
index, indicating that jump-based trading strategies have a great ability to pursue abnormal returns.
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1. Introduction

The Chinese stock market commenced its trial operations in 1989, heralding a remarkable journey
spanning nearly three decades of growth. By December 2022, the Shanghai and Shenzhen stock
exchanges boasted 4,917 listed companies, with a collective market capitalization of 78.8 trillion yuan.
Despite this impressive progress, there remains a notable disparity in the maturity of China's securities
market compared to developed economies in Europe and the United States. Nonetheless, it is evident
that the Chinese stock market, in its unceasing evolution and expansion, holds vast untapped potential
and will increasingly serve as a pivotal component of the financial landscape.

The stock market, a complex nonlinear dynamic system, has long been a research focus in finance,
aiming to predict the fluctuating trends of stock prices. Its dynamic nature is highly intricate, influenced
by a plethora of factors including economic conditions, political environments, national policies, investor
behavior, and peripheral markets. Traditional time series models often struggle to address such intricate
nonlinear challenges. Given the stock market's constant evolution, encompassing both significant
returns and substantial risks, it can, in certain scenarios, have a profound negative impact on the real
economy. Hence, accurately predicting stock price movements is of utmost importance for investors and
regulatory agencies alike. By precisely forecasting stock prices, investors can reap substantial returns in
trading, while regulatory agencies can effectively regulate and mitigate risks by anticipating the
direction of market operations and fluctuations.

The proposed ton model has been effectively implemented in the testing of time series-based option
pricing models, sparking considerable subsequent research. Ramezani and Zeng [17 introduced an
asymmetric jump diffusion model as a refinement to Merton's original jump-diffusion framework. Kou
[2] further advanced this concept by developing a double exponential jump diffusion model, where the
logarithm of the jump quantity, derived from Poisson processes, adheres to an asymmetric double
exponential distribution. This model aptly captures both peak and thick tail phenomena, as well as
volatility smiles, and facilitates the derivation of closed-form solutions for European options.
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Current research on jump diffusion models primarily revolves around the outcomes of jump
behavior, often assuming its occurrence to follow a Poisson process. The evolution of modern financial
economics from its classical counterpart primarily revolves around the modification of several
fundamental assumptions, including investor rationality, group behavior characteristics, and limited
arbitrage. An effective mathematical model should not only mirror the diverse phenomena observed in
financial markets, but also establish a link with the fundamental principles of financial economics.
Recent insights into human behavioral dynamics reveal that individual actions exhibit power-law
characteristics. This school of thought posits that the occurrence of events is characterized by high-
frequency intermittent activity, interspersed with longer intervals between two consecutive events. In
contrast, Poisson processes fail to capture such patterns. The variations in behavioral dynamics among
different investor groups within the market, under the general framework of human behavioral
dynamics, are indeed the primary market factors that drive market differences.

This paper has the following contributions. First, the paper aims to commence by exploring the
dynamics of human behavior, thereby establishing a comprehensive model that captures the intricate
patterns of stock price movements. With a focus on data derived from the Shanghai and Shenzhen stock
markets, it intends to dissect the temporal patterns of individual stocks, sectors, and the entire market.
Second, empirical research will be undertaken to examine the dynamics of human behavior that
influence the jump time interval of stock price fluctuations. Third, the analysis will delve into the
similarities in the time interval of stock price fluctuations across various spatial and temporal scales,
ultimately laying a solid theoretical foundation for macroeconomic predictions of stock prices.

The remainder of this paper is structured as follows: Section 2 reviews the existing literature in the
field of human behavioral dynamics and stock price movement. Section 3 establishes the data and
methodologies. Section 4 presents empirical results and discussion. Finally, Section 5 concludes the

paper.

2. Literature Review
2.1. Human Behavioral Dynamics

In recent years, numerous research fields have shown a keen interest in studying the statistical
characteristics of human behaviors. Contrary to the past belief that human behaviors occur randomly,
researchers have found that these behaviors, in fact, possess unique patterns. One notable observation is
that human behaviors, often described using a Poisson process, do not entirely conform to randomness.
As Oliveira and Barabasi [37] and Malmgren, et al. [47] investigated the inter-event time distribution—
the time intervals between consecutive events in daily life and work—they discovered that human
behaviors exhibit inhomogeneous features, characterized by bursts and heavy tails. Specifically, the
inter-event time distributions tend to follow a right-skewed power-law shape. Since then, human
dynamics research has garnered significant attention, focusing on both temporal scaling laws [5, 67 in
human communication, web access, work patterns, and circadian rhythms, as well as spatial scaling laws
[7-97 in human mobility. Moreover, various dynamic mechanisms have been proposed to elucidate the
genesis of this power-law distribution, including those by Brockmann, et al. [107]; Vazquez, et al. [117;
Zhou, et al. [87] and Wang and Guo [127].

In addition to the temporal-spatial scaling laws that have been explored from the standpoints of the
individual, the collective, and the group, the fractal nature of human behaviors has also garnered
significant attention from numerous scholars across various disciplines. For instance, Plerou, et al. [187]
conducted a groundbreaking study that uncovered long-range correlations in the alterations of stock
prices. In simpler terms, this implies that the trading activity tends to persist along the same trajectory
as it did in the past for an extended period. Building upon this foundation, Paraschiv-lonescu, et al. [14]
delved deeper into the fundamental patterns exhibited in human physical activity and discovered a
fractal structure that could potentially be disrupted by the onset of chronic pain.

Furthermore, more recent research by Rybski, et al. [157 has provided additional insights into the
presence of temporal correlations within the individual activity of short-message communications. They
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demonstrated that the dynamics of individuals who are more active exhibit clear long-term correlations,
turther reinforcing the notion that human behaviors possess fractal characteristics.

All these collective findings indicate that human behaviors inherently exhibit fractal characteristics,
manifesting in diverse aspects of our daily lives. Inspired by these groundbreaking studies, I have
embarked on a distinctive research endeavor, exploring the fractal nature of human dynamics from a
novel perspective, centered on library loans. This innovative approach enables us to delve into and
comprehend the intricate relationships and patterns within human behaviors, offering a profound
understanding of the intricate dynamics of human behavior. As people tend to repeat certain actions
over time, the number of these events can be viewed as a time series. Defined as a set of quantitative
observations recorded at specific time intervals and arranged in chronological order, time series holds
significant practical and theoretical importance in various fields, including physics, biology, economics,
and society. Theoretical physics serves as one of the fundamental origins of these ideas and methods,
and applications of physical theories have yielded remarkable achievements in this domain. The study of
time series is instrumental in discovering the underlying rules of observations and forecasting future
trends. Time series analysis may serve as a powerful tool to investigate the intrinsic relationship
between human behaviors across diftferent time periods, furthering efforts in predicting and managing
the intricate social system.

2.2. Behavioral Finance

De Bondt and Thaler [167] assert that investors' behaviors can significantly influence financial
markets through the lens of behavioral finance. If the tenets of behavioral finance are valid, it is
postulated that investors may exhibit excessive or inadequate reactions to price fluctuations or news,
extrapolate past trends into future predictions, disregard the fundamental value of a stock, and be
swayed by popular stocks and seasonal pricing cycles. These market factors, subsequently, shape the
decision-making processes of investors in the stock market. Waweru, et al. [17] further identifies the
factors that impact investors' decision-making: price variations, market intelligence, historical stock
trends, consumer preferences, exaggerated reactions to price changes, and the underlying fundamentals
of stocks.

Market efficiency, as defined by Trong Tuan [187] which postulates that market prices accurately
reflect fundamental market characteristics and that excess returns tend to be neutralized over time, has
been questioned by behavioral finance. Numerous studies have highlighted market anomalies that defy
explanation through traditional financial theory, encompassing aberrant price fluctuations in relation to
IPOs, mergers, stock splits, and spin-offs. Throughout the 1980s and 1990s, statistical anomalies
persisted, indicating that existing standard finance models, if not erroneous, are likely incomplete.
Research has shown that investors do not respond logically to new information, instead exhibiting
overconfidence and altering their decisions based on superficial changes in investment information
presentation [197. In recent years, for instance, there has been significant media interest in technology
stocks. Often, retrospective analysis reveals a positive bias in media assessments, potentially misleading
investors into making flawed investment decisions. These anomalies suggest that the fundamental
tenets of rational behavior underlying the efficient market hypothesis are not entirely accurate,
necessitating a review of other models of human behavior, as explored in various social sciences [207].

Normally, changes in market information, fundamentals of the underlying stock and stock price can
cause over/under-reaction to the price change. These changes are empirically proved to have a high
influence on decision-making behavior of investors. Researchers are convinced that over-reaction [167]
or under-reaction [217] to news may result in different trading strategies by investors and hence
influence their investment decisions. Waweru, et al. [17] conclude that market information has a very
high impact on making decision of investors and this makes the investors, in some way, tend to focus on
popular stocks and other attention-grabbing events that are relied on the stock market information.
Moreover, Barber and Odean [227] emphasize that investors are impacted by events in the stock market
which grab their attention, even when they do not know if these events can result good future
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investment performance. Odean [237 explores that many investors trade too much due to their
overconfidence.

These investors entirely depend on the quality of the market or stock information when making
investment decisions. Waweru, et al. [17] suggest that stock price fluctuations influence their
investment behavior to a certain extent. Odean [24] observes that investors tend to prefer purchasing
stocks that have experienced higher price changes over the past two years rather than selling them. In
this context, a change in stock price can be viewed as a market occurrence that captures investors'
attention. Furthermore, Caparrelli, et al. [257] postulate that investors are influenced by a herding eftect
and are inclined to follow the trend when price changes occur. Additionally, investors may revise their
inaccurate estimates of stock returns in response to price changes, thereby affecting their investment
decision-making process.

Many investors often gravitate towards popular or highly sought-after stocks in the market. As
Odean [[247] suggests, investors typically select stocks that capture their attention. Additionally, the
choice of stocks also hinges on investors' personal preferences. Momentum investors, for instance, may
favor stocks with robust recent performance, while rational investors tend to dispose of past losers, a
strategy that can aid in tax deferment. Conversely, behavioral investors prefer to sell their former
winners to mitigate the regret associated with potential losses stemming from their stock trading
decisions. Furthermore, Waweru, et al. [17] explore how past stock trends influence investors'
decision-making behavior to a certain extent. In this regard, investors often analyze past stock trends
through technical analysis methods before committing to an investment.

In general, market factors are not included in behavioral factors because they are external factors
influencing investors’ behaviors. However, the market factors influence behavioral investors and
rational investors in different ways, so that it is not adequate if market factors are not listed when
considering the behavioral factors impacting the investment decisions.

2.3. Herding Effect

The herding effect in financial markets is widely acknowledged as a clear tendency among investors
to mimic the actions of their peers. This behavior is not taken lightly in the industry, as it is understood
that excessive reliance on shared data, rather than individual insights, can significantly skew the pricing
of securities from their intrinsic values. Such distortions have the potential to negate numerous
promising investment opportunities that may arise in the current environment. Therefore, the
implications of herding investment prospects cannot be underestimated.

In the academic world, the herding effect also garners significant attention from researchers. This is
due to two primary reasons. Firstly, the herd mentality can have a profound impact on the fluctuations
of stock prices, thereby altering the risk-return characteristics of investment models. These changes, in
turn, have the ability to reshape the foundations of asset pricing theories. Secondly, the presence of
herding can foster various emotional biases among investors, including but not limited to the desire for
conformity, the need for consistency, cognitive dissonance, home country bias, and the dissemination of
rumors. These factors further compound the complexity of the investment decision-making process.

Kallinterakis, et al. [267] suggest that investors may follow trends, thinking it brings insights. But
financial experts' performance is assessed through subjective reviews. In this competitive environment,
mimicking peers may falsely boost reputation. Less skilled investors mimic experts to strengthen their
standing. In the security market, herding investors mimic mass decisions on stock trading. Conversely,
informed investors disregard herd behavior, enhancing market efficiency. Herding contributes to
inefficient markets marked by speculative bubbles. Herding investors resemble prehistoric men, lacking
knowledge and seeking safety in groups [257]. Elements affecting herding include overconfidence and
investment volume. Confident investors rely more on private information, reducing herd tendencies.
High-volume investors tend to follow the crowd for perceived risk reduction. Individual investors are
more prone to herds than institutional investors [27].
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Waweru, et al. [17] propose that herding can drive stock trading and create the momentum for
stock trading. However, the impact of herding can break down when it reaches a certain level because
the cost to follow the herd may increase to get the increasing abnormal returns.

Previous studies report that investors decrease the selling decisions of assets that get a loss in
comparison to the initial purchasing price, a trend called the disposition effect. Odean [237 confirms the
same conclusion that individual investors tend to sell stocks which their values, in comparison to their
original buying price, increase rather than sell the decreasing stocks. However, it is difficult to
demonstrate this phenomenon in the rational ground. It is not really reasonable to conclude that
investors rationally sell winning stocks because they can foresee their poor performance. Besides, he
also recognizes that the average return of sold stocks is greater than that of the average return of stocks
that investors hold on. Genesove and Mayer [287] state that investors who sell their assets at the price
less than original purchase price usually expect the selling price is more than other sellers’ asking price.
It is not only the expectation of the sellers, but also the correction of the market decides the selling
price: investors encountering a loss often do the transaction at the relatively higher price than others.
Coval and Shumway [297 find that investors, according to prospect theory, having gains (losses) in the
first half of trading day tend to take less (more) risk in the second half of trading day. Grinblatt and Han
[80] claim that the behavior of investors which is described as the disposition effect can be considered
as a puzzling characteristic of the cross-section of average returns, called momentum in stock returns.
In which, investors prefer selling stock that has helped them to gain capital.

Selling pressure can slow stock prices, leading to higher returns. In contrast, stockholders facing
capital losses may sell only when an expected price is met, initially raising prices but later resulting in
lower returns. Odean [247] offers insights on preferred stocks for individual investors. Selling decisions
prioritize winning stocks, while buying decisions consider both prior winners and losers. Buying
decisions may be driven by an attention effect, where investors buy stocks that catch their interest, often
due to significant past performance. According to Barberis and Thaler (317 individual investors seem to
be less impacted by attention-grasping stock for their selling decisions because the selling decision and
the buying decision are differently run. Because of short-sale restraints, when deciding to choose a stock
for selling, they can only focus on the stocks that currently belong to them. Whereas, with a buying
decision, individuals have a lot of chances to choose the wanted stocks from the wide range of selective
sources, this explains why factors of attention impact more on the stock buying decisions than the
selling decisions. Barber and Odean [227] already prove that the selling decisions are less determined by
attention than buying decisions in case of individual investors. To give this conclusion, they create the
menu of attention-grasping stocks with several criteria: unusually high trading volume stocks,
abnormally high or low return stocks, and stocks including news announcements. Eventually, the
authors explore that the individual investors in their sample are more interested in purchasing these
high-attention stocks than selling them. As such, from the viewpoints of behavioral finance, the investor
behaviors impact both selling and buying decisions at different levels, and then they also impact the
general returns of the market as well as the investment performance of individuals.

3. Data and Methodologies
3.1. Theoretical Background

To explore the attributes of stock returns and risk within the context of a jump-diffusion process, I
adopt the methodology outlined by Jiang and Oomen [327] to derive a continuous-time representation of
return and variance. Mathematically, under the established framework, the holding-period return can be
formulated as:

_ dst _ 1/2
Rt _S__ atdt+‘/t th +]tdqt (1)
t
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where a; is the instantaneous drift, V; is the instantaneous variance when there is no jump, J; is a
random variable representing jumps in the asset price and q;is a (&;)-counting process with finite
instantaneous intensity. Applying Ito’s lemma to equation (1), I obtain the corresponding dynamics
process of variance:

Var, = [dInS,)? = V. dt + J2dq,

(2)

From the Equations (1) and (2), the dynamics of stock return and variance depend both on a
continuous procedure, {dt,dW,} and a jump procedure dq;, and thus both return and variance should
theoretically follow certain dynamic procedures. Moreover, combine Equations (1) and (2) should
generate an implied relation between return and variance as:

Rt - F[Vart; {dt) thr th}]

(8)

Based on Equation (8), stock returns should be theoretically influenced by their variances under the
tramework of jump-diftfusion process.

3.2. Data and Summary Statistics

To analyst the properties of return movement comprehensively, I obtain daily, weekly, and monthly
data of close prices and holding period returns for all public-listed firms in Chinese markets form
CSMAR database. The sample period covers from January 2, 2018, to December 31, 2022. The
summary statistics for close prices and holding period returns are reported in Table 1.

Table 1.
Summary statistics.
Daily Weekly Monthly
Close price Return Close price Return Close price Return
(Yuan) (%) (Yuan) (%) (Yuan) (%)
Mean 19.69 0.06 19.63 0.13 19.54 0.48
Std. dev. 41.52 4.33 41.51 6.83 41.58 14.35
P5 2.76 -4.53 2.75 -9.49 2.72 -0.18
P25 5.70 -1.48 5.69 -3.46 5.63 -7.62
Median 10.23 0.00 10.20 -0.19 10.12 -0.99
P75 20.06 1.35 20.00 3.06 19.86 6.48
P95 60.61 4.91 60.40 10.75 60.23 23.51
N 5,007,117 1,060,226 249,187

Table 1 presents summary statistics of all the variables in this paper. For the close prices, the
average values of daily, weekly, and monthly are similar; the average stock price in Chinese market is
nearly 20 yuan. Moreover, comparing the average prices to the percentiles, the mean prices are much
larger than median prices, and almost equal to the 75% percentiles, indicating the closing prices are
heavily positively skewed. There are few firms with high stock prices and lots of firms with low stock
prices.

On the other hand, the return distributions are less skewed, but still unsymmetric. The average
stock returns are all positive (although very small), but the median returns are all non-positive; the
mean returns are all larger than median returns. FFurthermore, the standard deviation of returns is
around 50 times of mean returns, indicating stocks price occur small growth but large volatiles in the
past five years.
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4. Empirical Results
4.1. Data Fitting and Simulation

In this section, I firstly fit the real data of closing prices and returns into the structure of jump-
diffusion process and summarize the parameters and properties of the procedures. Table 2 shows the
parameters of jump-diffusion process using the daily, weekly, and monthly returns of all stocks in
Chinese market, as well as the errors of fitting.

Table 2.
Fitting of stock returns in jump-diffusion process.
| a; (%) | vi® | J, | Fitting error (%)

Monthly return
Market index 0.52 0.88 0.42 1.45
Individual average 0.66 1.81 1.52 9.59
Weekly return
Market index 0.13 0.28 1.02 1.66
Individual average 0.17 0.40 2.49 7.72
Daily return
Market index 0.03 0.05 3.22 2.83
Individual average 0.04 0.08 5.48 5.85

In Table 2, the fitting errors for all returns are relatively small; below 3% for the market index and
5%-10% for the individual stocks on average. The result suggests that the jump-diffusion process
captures most parts of the return movements for Chinese stocks.

Furthermore, the parameters of continuous procedure, {@;,V;} increase as the data frequency
becomes smaller, while the parameter of jump procedure, J; reduces as the data frequency becomes
smaller. For example, the average return of the market index increases from 0.08% in daily return to
0.52% in monthly return, but the jump of market index reduces from 3.22 in daily return to 0.42 in
monthly return. The result suggests that the continuous procedure has long-run impacts, and the
results are cumulated as the statistic window becomes longer. However, the jump procedure is
stochastic, and the long-run effects are smaller due to the offset of long-run results.

To investigate the fitting results clearly, I plot the cumulative density function of market returns.
Figures 1 to 3 represent the cumulative density function of real data and fitting data based on monthly,
weekly, and daily data, respectively. In all figures, the real distributions and fitting distributions are
very close; the real return increases a little faster in the middle range of the cumulative density
functions.

CDF

27 0.3
0.2
0.1

0
-0.22 -0.17 -0.12 -0.07 -0.02 0.03 0.08 0.13 0.18 0.23 0.28

Return

Figure 1.
Fitting for monthly return of market index.
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-0.17 -0.12 -0.07 -0.02 0.03 0.08 0.13

Return

Real ====-=Fitting
Figure 2.
Fitting for weekly return of market index

-0.1 -0.05 0 0.05 0.1

Return

Figure 3.
Fitting for daily return of market index.

4.2. Return Predictability of Jumps

To delve into the predictability of returns associated with the jump components in estimated
returns, | initially adopted a singular sorting methodology to construct equal-weighted quintile
portfolios. At the conclusion of each month, individual stocks are systematically categorized into five
distinct groups, contingent upon their respective jump components. The comprehensive findings are
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concisely presented in Table 8. The data in the designated column meticulously outlines the portfolio
returns during the formation month as well as the subsequent month, which are derived from the
sorting criteria encompassing both the aggregate daily jump within the formation month and its
average. It is imperative to note that due to the inherent variation in trading days among individual
stocks, the outcomes derived from these two sorting methodologies are not entirely congruent.
Specifically, the row labeled "5-1" encapsulates the disparity in average monthly returns between
portfolio 5 and portfolio 1. Additionally, the t-statistics are presented within square brackets for further
statistical analysis.

Table 3.
Post-one-month returns and variations of jump-sorted portfolios.
Rank !Sy mean of In-sample Out-of-sample By. sum of In-sample Out-of-sample
jump return return Jump return return
1 -1.44 0.52 -1.43 0.53
2 -1.59 0.81 -1.61 0.80
3 -1.02 0.71 -1.02 0.70
Ed 1.04 0.57 1.02 0.57
5 5.78 -0.06 5.80 -0.05
p 7.22%** -0.58% 7.28%%* -0.58%
ot [9.86] [-1.65] [9.91] [-1.66]

In Table 3, with the increase in jump values, the average monthly returns in the formation month
significantly increase, especially from portfolio 4 to 5. The main reason is that the jump is usually
positive for the region of positive return, while it is negative for negative return area for daily frequency
(shown in Figure 3). For the out-of-sample performances, the portfolio returns significantly decreased
as the jump components increase in the previous month, although the magnitudes are smaller than those
in the in-sample analysis. The results indicate that the stocks with large jumps tend to reverse in the
tollowing month.

4.3. Portfolio Applications

In portfolio management, market timing and arbitrage are two equally valuable strategies. In this
section, I employ empirical findings pertaining to the correlations between jumps and returns to devise
portfolios that adhere to these two strategies, with the aim of achieving superior returns.

Our market timing portfolio strategy involves constructing a portfolio by taking long positions in
stocks that fall within the bottom quantile, based on their jump levels (portfolio 1). Additionally, I
consider an arbitrage strategy for portfolio construction. When examining the relationship between
jumps and returns, I devise a long-short trading strategy that addresses the influence of jump levels.
Specifically, I simultaneously take short positions in the quantile with the highest jump levels (portfolio
5) and long positions in the quantile with the lowest jump levels (portfolio 1). Both of these trading
strategies involve rebalancing the portfolios at the conclusion of each month within our sample period.

Figure 4 depicts the evolution of the net portfolio value over time. Initially, all portfolios were
evaluated at $100 in January 2018. The solid black line depicts the value trajectory of the long-short
arbitrage portfolio, the solid gray line represents the pure-short market timing portfolio, and the black
dashed line illustrates the value of the market portfolio. According to the graphical representation, the
long-short portfolio exhibits a higher value than the market portfolio, while simultaneously
demonstrating the lowest volatility. Additionally, the pure-long portfolio also surpasses the market
portfolio in terms of value, albeit with a higher degree of volatility compared to the long-short strategy.
It is noteworthy that, prior to the inclusion of costs, the effective annual returns for the long-short
portfolio, the pure-long portfolio, and the market portfolio are 6.34%, 4.40%, and 0%, respectively. This
trend underscores the potential of a jump-based investment strategy to create a high-performing
portfolio and generate abnormal returns.
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Figure 4.
Values of jump-sorted and market portfolios.

I also compare the mean return, standard deviation, and Sharpe ratios of our jump-based portfolios
and market index in Table 4. Both pure-long and long-short portfolios show larger average returns and
lower standard deviations than the market portfolio; the Sharpe ratio of long-short portfolios are four
times as that of market index, and the Sharpe ratio of pure-long portfolios are also twice as that of
market index.

Table 4.
Return, risk, and Sharpe ratios of ESG trading strategies.
Average return (%) Standard deviation (%) Sharpe ratio

Mean-jump pure-long portfolio 0.52 5.70 0.06
Mean-jump long-short portfolio 0.58 3.6 0.12
Sum-jump pure-long portfolio 0.53 5.70 0.06
Sum-jump long-short portfolio 0.58 3.87 0.12
Market 0.44 9.38 0.03
3-month government bond rate (Risk-free) 0.17

To conclude, our empirical analyses have uncovered significant practical insights. Firstly, I have
scrutinized the post-one-year returns of jump-sorted portfolios, confirming a markedly negative
correlation between jumps and subsequent returns. Secondly, these findings hold immense potential for
portfolio strategies, enabling the construction of arbitrage portfolios that outperform traditional
benchmarks, including market indices.

5. Conclusion

The stock market transforms into a convoluted nonlinear dynamic system, predicting the
fluctuations of stock prices remaining a pivotal area of research within the financial realm. The market is
intricately influenced by a myriad of factors, including economic conditions, political landscapes,
national policies, investor sentiments, and adjacent markets, resulting in exceptionally intricate dynamic
characteristics. Conventional time series models struggle to adeptly tackle such intricate nonlinear
challenges. Consequently, this paper harnesses the principle of human behavior dynamics and constructs
an analytical framework rooted in the jump-diffusion process, aiming to discern the nuances of stock
returns.
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Theoretically, the process of stock price fluctuations is discontinuous, characterized by jumps rather
than continuous flow. The volatility of financial asset returns constitutes a pivotal aspect of asset pricing
and financial risk management, with jumps being a crucial component of yield volatility. The economic
rationale behind this jump component is intimately tied to the diverse market behaviors exhibited by
investors. This contribution is two-pronged. Firstly, the paper endeavors to embark on an exploration
of human behavior dynamics, thereby constructing a comprehensive model that encapsulates the
intricate intricacies of stock price movements. Secondly, the analysis delves into the similarities
observed in the time intervals of stock price fluctuations across various spatial and temporal dimensions,
ultimately laying a robust theoretical foundation for macroeconomic predictions pertaining to stock
prices.

On the empirical front, I demonstrate the existence of a reversal jump-return relationship and its
significant predictive capacity for next-month portfolio returns. Drawing from the data of the Chinese
stock markets, several notable regularities emerge. Firstly, a high jump level predicts lower returns in
the subsequent month. Secondly, portfolios constructed based on jump levels, including pure-long and
long-short portfolios, outperform the market portfolio. As a result, this finding is highly beneficial for
practitioners due to its low implementation requirements and substantial potential for generating
abnormal returns.

Transparency:

The author confirms that the manuscript is an honest, accurate, and transparent account of the study;
that no vital features of the study have been omitted; and that any discrepancies from the
study as planned have been explained. This study followed all ethical practices during writing.

Acknowledgements:
The author gratefully acknowledges all the participants that participated in the study.

Copyright:
© 2025 by the authors. This open-access article is distributed under the terms and conditions of the
Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).

References

1] C. A. Ramezani and Y. Zeng, "Maximum likelihood estimation of asymmetric jump-diffusion processes: Application
to security prices," Available at SSRN 606361, 1998. https://doi.org/10.2139/ssrn.606361

[2] S. G. Kou, "A jump-diffusion model for option pricing," Management Science, vol. 48, no. 8, pp. 1086-1101, 2002.
https://doi.org/10.1287/mnsc.48.8.1086.171

£s] J. G. Oliveira and A. L. Barabasi, "Human dynamics: Darwin and Einstein correspondence patterns," Nature, vol. 437,
p. 1251, 2005. https://doi.org/10.1038/nature03997

[47] R. Malmgren, D. B. Stouffer, A. E. Motter, and L. A. N. Amarala, "A Poissonian explanation for heavy tails in e-mail

communication,"  Proceedings of the National Academy of Sciences USA, vol. 105, p. 18153, 2008.
https://doi.org/10.1073/pnas.0801336105

[5] Z. Dezso, E. Almaas, A. Lukécs, B. Récz, 1. Szakadat, and A.-L. Barabasi, "Dynamics of information access on the
web,"  Physical Review E—Statistical, Nonlinear, and Soft Matter Physics, vol. 73, no. 6, p. 066132, 2006.
https://doi.org/10.1103/PhysRevE.73.066132

[6] M. C. Gonzalez, C. A. Hidalgo, and A.-L. Barabasi, "Understanding individual human mobility patterns," Nature, vol.
453, no. 7196, pp. 779-782, 2008. https://doi.org/10.1038/nature06958

7] X.-P. Han, T. Zhou, and B.-H. Wang, "Modeling human dynamics with adaptive interest," New Journal of Physics, vol.
10, no. 7, p. 073010, 2008. https://doi.org/10.1088/1367-2630/10/7/073010

[8] T. Zhou, H. A.-T. Kiet, B. J. Kim, B-H. Wang, and P. Holme, "Role of activity in human dynamics," Europhysics
Letters, vol. 82, no. 2, p. 28002, 2008. https://doi.org/10.1209/0295-5075/82/28002

[9] C. Song, Z. Qu, N. Blumm, and A.-L. Barabasi, "Limits of predictability in human mobility," Science, vol. 327, no.

5968, pp. 1018-1021, 2010. https://doi.org/10.1126/science.1184144
[10] D. Brockmann, L. Hufnhagel, and T. Geisel, "The scaling laws of human travel," Nature, vol. 439, no. 7075, pp. 462-
465, 2006. https://doi.org/10.1038/nature04292

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 9, No. 2: 670-681, 2025

DOI: 10.55214/25768484.v912.4569

© 2025 by the author; licensee Learning Gate


https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.2139/ssrn.606361
https://doi.org/10.1287/mnsc.48.8.1086.171
https://doi.org/10.1038/nature03997
https://doi.org/10.1073/pnas.0801336105
https://doi.org/10.1103/PhysRevE.73.066132
https://doi.org/10.1038/nature06958
https://doi.org/10.1088/1367-2630/10/7/073010
https://doi.org/10.1209/0295-5075/82/28002
https://doi.org/10.1126/science.1184144
https://doi.org/10.1038/nature04292

RN

[12]

[13]
[14]

[15]

[16]

[17]

(18]
[19]
[20]
[21]
[22]
[23]
[24]
[25]

[26]

[27]

[28]
[29]
[s0]
[s1]
[32]

681

A. Vazquez, J. G. Oliveira, Z. Dezs6, K.-1. Goh, I. Kondor, and A.-L. Barabasi, "Modeling bursts and heavy tails in
human dynamics," Physical Review E—Statistical, Nonlinear, and Soft Matter Physics, vol. 73, no. 8, p. 036127, 2006.
https://doi.org/10.1103/PhysRevE.73.036127

Q. Wang and J.-L. Guo, "Human dynamics scaling characteristics for aerial inbound logistics operation," Physica A:
Statistical Mechanics and its  Applications, vol. 389, no. 10, pp- 2127-21883, 2010
https://doi.org/10.1016/j.physa.2010.02.022

V. Plerou, P. Gopikrishnan, L. A. N. Amaral, X. Gabaix, and H. E. Stanley, "Economic fluctuations and anomalous
diftusion," Physical Review E, vol. 62, no. 3, p. R3023, 2000. https://doi.org/10.1103/PhysRevE.62.3023

A. Paraschiv-Ionescu, E. Buchser, B. Rutschmann, and K. Aminian, "Nonlinear analysis of human physical activity
patterns in health and disease," Physical Review E—Statistical, Nonlinear, and Soft Matter Physics, vol. 77, no. 2, p.
0219183, 2008. https://doi.org/10.1103/PhysRevE.77.021913

D. Rybski, S. V. Buldyrev, S. Havlin, F. Liljeros, and H. A. Makse, "Scaling laws of human interaction activity,"
Proceedings ~ of  the  National — Academy  of  Sciences  USA,  vol. 106,  p. 12640,  2009.
https://doi.org/10.1073/pnas.0902396106

W. F. De Bondt and R. H. Thaler, "Financial decision-making in markets and firms: A behavioral perspective,”
Handbooks in Operations Research —and Management Science, vol. 9, mno. 13, pp. 885-410, 1995.
https://doi.org/10.1016/S0927-6801(05)80006-1

N. M. Waweru, E. Munyoki, and E. Uliana, "The effects of behavioural factors in investment decision-making: A
survey of institutional investors operating at the Nairobi Stock Exchange," International Journal of Business and
Emerging Markets, vol. 1, no. 1, pp. 24-41, 2008. https://doi.org/10.1504/1JBEM.2008.018973

L. Trong Tuan, "Marketing effectiveness and its precursors," Asia Pacific Journal of Marketing and Logistics, vol. 24,
no. 1, pp. 125-152, 2012. https://doi.org/10.1108/18555851211201331

R. A. Olsen, "Behavioral finance and its implications for stock-price volatility," Financial Analysts Journal, vol. 54, no.
2, pp. 10-18, 1998

R. J. Shiller, "Survey evidence on diffusion of interest and information among investors," Journal of Economic Behavior
& Organization, vol. 12, no. 1, pp. 47-66, 1989. https://doi.org/10.1016/50167-2681(98)00015-2

M. Lai, "Are Malaysian investors rational?," Journal of Psychology and Financial Markets, vol. 2, no. 4, pp. 210-215,
2001. https://doi.org/10.1207/S15327760JPFM0204_4

B. Barber and T. Odean, "Boys will be boys: Gender, overconfidence, and common stock investment," The Quarterly
Journal of Economics, vol. 116, no. 1, pp. 261-292, 2001. https://doi.org/10.1162/003355301556347

T. Odean, "Volume, volatility, price, and profit when all traders are above average," The Journal of Finance, vol. 53,
no. 6, pp. 1887-1934, 1998. https://doi.org/10.1111/0022-1082.00078

T. Odean, "Do investors trade too much?," American Economic Review, vol. 89, no. 5, pp. 1279-1298, 1999.
https://doi.org/10.1257/aer.89.5.1279

F. D. Caparrelli, A. M. Arcangelis, and A. Cassuto, "Herding in the Italian stock market: A case of behavioral
finance," Journal of Behavioral Finance, vol. 5, no. 4, Pp- 222-230, 2004
https://doi.org/10.1207/815427579)pfm0504_2

V. Kallinterakis, N. Munir, and M. Radovic-Markovic, "Herd behaviour, illiquidity and extreme market states:
Evidence from Banja Luka," Journal of Emerging Market Finance, vol. 9, no. 3, pp. 805-324, 2010.
https://doi.org/10.1287/mnsc.48.8.1086.20610

C. Goodfellow, M. T. Bohl, and B. Gebka, "Together we invest? Individual and institutional investors' trading
behavior in Poland," International Review of Financial Analysis, vol. 18, mno. 4, pp. 212-221, 2009.
https://doi.org/10.1016/}.irta.2009.05.001

D. Genesove and C. Mayer, "Loss aversion and seller behavior: Evidence from the housing market," The Quarterly
Journal of Economics, vol. 116, no. 4, pp. 12338-1260, 2001. https://doi.org/10.1162/003355399556349

J. Coval and T. Shumway, Do behavioral biases affect prices? Ann Arbor, MI: Working Paper, University of Michigan,
2000.

M. Grinblatt and B. Han, The disposition effect and momentum, Working Paper. Los Angeles, CA: University of
California, 2001.

N. Barberis and R. Thaler, 4 survey of behavioral finance. In Handbook of the Economics of Finance, G. Constantinides, M.
Harris, and R. Stulz, Eds. Amsterdam: North-Holland, 2003.

G. J. Jiang and R. C. Oomen, "Testing for jumps when asset prices are observed with noise—a “swap variance”
approach," Journal of Econometrics, vol. 144, no. 2, pp. 352-370, 2008. https://doi.org/10.1016/].jeconom.2008.07.006

Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 9, No. 2: 670-681, 2025

DOI: 10.55214/25768484.v912.4569

© 2025 by the author; licensee Learning Gate


https://doi.org/10.1103/PhysRevE.73.036127
https://doi.org/10.1016/j.physa.2010.02.022
https://doi.org/10.1103/PhysRevE.62.3023
https://doi.org/10.1103/PhysRevE.77.021913
https://doi.org/10.1073/pnas.0902396106
https://doi.org/10.1016/S0927-6801(05)80006-1
https://doi.org/10.1504/IJBEM.2008.018973
https://doi.org/10.1108/13555851211201331
https://doi.org/10.1016/S0167-2681(98)00015-2
https://doi.org/10.1207/S15327760JPFM0204_4
https://doi.org/10.1162/003355301556347
https://doi.org/10.1111/0022-1082.00078
https://doi.org/10.1257/aer.89.5.1279
https://doi.org/10.1207/s15427579jpfm0504_2
https://doi.org/10.1287/mnsc.48.8.1086.20610
https://doi.org/10.1016/j.irfa.2009.05.001
https://doi.org/10.1162/003355399556349
https://doi.org/10.1016/j.jeconom.2008.07.006

