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Abstract

We introduce an innovative framework that leverages advanced big data techniques to

analyze dynamic co-movement between stocks and their underlying fundamentals using

high-frequency stock market data. Our method identifies leading co-movement stocks

through four distinct regression models: Forecast Error Variance Decomposition, trans-

action volume-normalized FEVD, Granger causality test frequency, and Granger causality

test days. Validated using Chinese banking sector stocks, our framework uncovers com-

plex relationships between stock price co-movements and fundamental characteristics,

demonstrating its robustness and wide applicability across various sectors and markets.

This approach not only enhances our understanding of market dynamics but also provides

actionable insights for investors and policymakers, helping to mitigate broader market

volatilities and improve financial stability. Our model indicates that banks’ influence

on their peers is significantly affected by their wealth management business, interbank

activities, equity multiplier, non-performing loans, regulatory requirements, and reserve

requirement ratios. This aids in mitigating the impact of broader market volatilities and

provides deep insights into the unique influence of banks within the financial ecosystem.
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1 Introduction

The co-movement of stock prices in the financial market refers to the correlation and

linkage between the prices of different financial assets (Engle 2002). This co-movement

reflects the influence of factors such as information transmission, investor behavior, and

market structure. In this paper, we focus on studying the co-movement of stock prices

within the same industry. Studying price co-movement offers insights into the underlying

mechanisms of financial markets, providing investors with more precise market forecasts

and risk management strategies.

Contrary to the prevailing focus in existing literature on stock price co-movement anal-

ysis using daily or lower frequency data, our study addresses a notable gap by proposing

a novel framework based on high-frequency data. This framework systematically and

rigorously investigates the relationship between stock price co-movement and fundamen-

tal characteristics within the same industry. Previous research often neglects the impact

of concurrent market index fluctuations on industry-specific co-movement. Additionally,

there is a scarcity of studies considering the role of industry-specific fundamental data in



analyzing stock price co-movement. The approach of our framework enables an in-depth

analysis of factors influencing co-movement within an entire industry. In our study, we

focus on the banking sector to validate the effectiveness of our innovative framework and

analytical methods. The distinct market dynamics and the extensive availability of rel-

evant data within the banking sector provide a robust testing ground for our approach.

By analyzing the nuances of stock price co-movements in this context, particularly within

high-frequency trading environments, we demonstrate the applicability and strength of

our model in uncovering industry-specific insights.

Understanding stock price co-movement is particularly important for the banking

sector due to its pivotal role in the financial system. Banks serve as crucial intermedi-

aries in the economy and act as barometers of financial stability. Their unique market

dynamics, including interactions with monetary policy, regulatory environments, and

macroeconomic conditions, make them an ideal subject for studying price co-movement.

The selection of the banking industry as the research subject is significant for several

reasons. Firstly, as a core component of the economic system, the banking industry

critically influences the stability and operational efficiency of the entire financial system.

Secondly, the banking industry’s distinctive business model and risk characteristics, as

noted by (Greenwood et al. 2015), make it a unique sector for study. Thirdly, the highly

homogenized business model among Chinese banks (Berger et al. 2010) offers a conducive

environment for identifying common patterns in stock price movements. The uniformity

in core business practices, such as loan issuance, wealth management, and interbank

transactions, reduces the variables that could potentially influence stock price behavior,

facilitating a more streamlined and focused analysis. This allows for a more accurate

identification of systemic factors and trends that influence not just individual banks but

the industry as a whole (Demirgüç-Kunt et al. 2021).

Studies have highlighted various dimensions of this co-movement. For instance, (Wang

et al. 2020) demonstrated that sharp declines in Chinese bank stock prices not only trigger

systemic financial risks in China but also destabilize global financial stability. Similarly,

(Acharya et al. 2024) showed that balance sheet liquidity risk was a major driver of U.S.

bank stock returns during the initial phase of the COVID-19 pandemic, underscoring the

sensitivity of bank stocks to liquidity conditions and the broader implications for financial

markets. The collapse of Silicon Valley Bank had systemic repercussions not only within

the banking industry but also across global capital markets, as evidenced by (Aharon

et al. 2023, Jiang et al. 2024).

Furthermore, (Borri and Giorgio 2022) provided evidence of a strong linkage between

sovereign default risk and the systemic risk of banks, emphasizing the dual role banks

play in both reflecting and propagating financial instability. These studies collectively

underscore the importance of examining bank stock price co-movements to gain insights

into the broader financial ecosystem. By understanding how bank fundamentals interact



with stock prices, investors and policymakers can better anticipate and mitigate systemic

risks. This is particularly relevant in a high-frequency trading environment where rapid

information dissemination and market reactions can amplify the effects of shocks.

However, while there is a wealth of literature on stock price co-movement and the

impact of bank fundamentals on stock returns, the exploration of the determinants of

this co-movement, especially the role of bank fundamentals, remains relatively limited.

By focusing on these determinants, our study provides valuable insights that can aid

in mitigating the impact of broader market volatilities and enhancing risk management

strategies within the banking sector. This research is not only academically significant

but also holds practical relevance for investors, policymakers, and financial institutions

aiming to understand and navigate the complexities of market behavior.

In terms of bank-specific factors, a significant body of literature has examined the

effects of earnings quality, transparency, and risk-taking behavior on bank stock returns

(Demirgüç-Kunt and Huizinga 2010, Pradhan et al. 2014). While research on the cor-

relation between bank fundamentals and stock returns is abundant and varied, certain

factors like asset quality, capital adequacy, earnings quality, and liquidity stand out as

notable influencers. However, their relationship with stock price co-movement has yet to

be fully explored.

We aim to bridge this gap by employing methods such as the FEVD (Forecast Error

Variance Decomposition) method and the Granger causality relationship (Granger 1969).

In this paper, we delve into the intricate dynamics between the co-movement of stock

prices and underlying bank fundamentals, with a particular focus on Chinese listed bank-

ing institutions. By selecting the banking sector as our primary field of investigation, this

study aims to elucidate not only the sector-specific behaviors and trends but also to val-

idate the efficacy of our analytical framework.

One of the objectives of this study is to identify the characteristics of market-leading

banks, known as “industry bellwethers.” These bellwether stocks often have a high market

impact and leadership position, and their price fluctuations may significantly influence

other same-industry stocks. By identifying these bellwether stocks, we can gain better

insights into the market structure and competitive landscape of the industry.

Another objective is to examine the fundamental characteristics of these banks. Bank

fundamentals encompass indicators such as financial condition, profitability, asset quality,

and risk management capability. Through an in-depth analysis of these fundamental

characteristics, we can assess the banks’ operational status, risk tolerance, and future

development potential (Berger and DeYoung 1997).

This study also aims to explore the relationship between fundamental characteristics

and stock price co-movement. Through correlation analysis and regression analysis, we

can evaluate the contribution of fundamental factors to the co-movement of bank stock

prices. This will help us understand the role and significance of fundamental factors in



industry price co-movement and provide investors with more comprehensive information

and a decision-making basis for investors and regulators.

While the aforementioned studies provide a comprehensive understanding of co-movements

(Aghabozorgi and Teh 2014, Barberis et al. 2005, Box 2018, Chen et al. 2016, Kumar

et al. 2013, Zhang and Du 2017), the influence of fundamental factors on stock price co-

movement, particularly in banking, is an area ripe for exploration. Bank-specific factors,

such as asset quality, capital adequacy, earnings quality, and liquidity, could potentially

influence stock price co-movement. Asset quality, for instance, directly reflects a bank’s

risk level, which may synchronize the bank’s stock return with others. Capital adequacy

could serve as a signal for bank stability, which, in turn, affects the co-movement of stock

prices. Similarly, earnings quality and liquidity could also lead to co-movement through

their impact on investors’ perception of bank risk and performance.

Our research introduces a novel framework for analyzing the fundamental data of

stocks and their co-movement within industries. Empirically, our findings, based on this

framework, suggest that investors show a marked preference for banks with lower capital

costs, a diversified revenue structure, and minimal dependence on single income sources,

all supported by a robust risk management system.

Interestingly, our framework also reveals that banks with significant exposure to high-

risk sectors, yet equipped with solid risk control mechanisms, tend to more profoundly

influence the stock trajectories of their industry counterparts. This highlights the intri-

cate expectations of investors in the banking sector, emphasizing a balance between risk

management, growth potential, and profitability. Banks adhering to overly conservative

models that neglect potential profit opportunities tend to face investor wariness. These

insights are particularly valuable for bank management and valuation, further demon-

strating the practical utility of our framework.

Looking forward, we plan to apply our framework to analyze the relationship between

stock price co-movement and fundamental data across various industries and countries.

We hope this framework will offer new perspectives in asset pricing across different sectors.

Additionally, we aim to explore its application in stock investment backtesting. For

instance, we plan to integrate cyclical prediction models (McMillan 2019, Yu et al. 2023)

with our framework to analyze whether buying industry-leading stocks at the bottom of

their price cycles can yield additional profits.

2 Literature Review

Co-movements in stock prices have long been a central point of focus across numer-

ous studies due to their inherent complexity and multi-dimensional impact. These co-

movements are typically attributed to a variety of factors such as the dissemination of

market-wide information, contagion effects, and herding behavior among investors, ac-



cording to the theoretical models (Aghabozorgi and Teh 2014, Green and Hwang 2009).

And the work of (Wahal and Yavuz 2013) delved deeper into the influence of style in-

vesting on this comovement phenomenon. Their research suggests a crucial role of style

investing in predicting returns, thereby pointing to its potential as a key driver of co-

movements in stock prices.

An essential contribution to this discourse comes from (Kumar et al. 2013), who un-

derscore the significant impact of both retail and institutional investors’ trading activities

on the co-movement of stock returns. Their research is particularly noteworthy for its

exploration of events like stock splits and changes in headquarters, which can significantly

influence the co-movement dynamics.

Engle et al. (2020) further expanded the scope of this discourse by examining the effect

of climate change news on stock price volatility across various industries, with a keen

focus on energy and finance sectors. In the context of rapidly developing countries like

China, this is an increasingly important issue given the high energy demand. The authors

devised and implemented a strategy to hedge against climate change risks dynamically.

They successfully derived insights from a series of climate news, constructed through

newspaper text analysis, and used a simulated portfolio approach to build climate change

hedging portfolios. They set a standard for this process by leveraging ESG ratings from

third-party companies to simulate their climate risk exposure. In parallel, the studies

conducted by (de Nicola et al. 2016) illuminate the co-movement dynamics of key energy,

agricultural, and food commodity price returns, contributing to our understanding of

co-movement beyond stock prices.

Furthermore, Zhao (2010)’s work provided significant insights into the dynamic re-

lationship between exchange rates and stock prices in China through the employment

of VAR (Vector Auto-regression) and Multivariate GARCH (Generalized AutoRegres-

sive Conditional Heteroskedasticity) models. The study reveals that there is no stable

long-term equilibrium relationship between exchange rates and stock prices in China,

which adds valuable insights into the short-term dynamic relationship between the two.

Intriguingly, Zhao’s research also divulges the existence of volatility spillover effects be-

tween these two markets, implying that fluctuations in exchange rates can markedly affect

stock prices, including those within the banking sector.

A broader investigation of co-movements has also been undertaken within the energy

sector. Zhang and Du (2017) specifically examined co-movements among the stock prices

of new energy, high-technology, and fossil fuel companies in China. Their work broadened

the understanding of co-movement to encompass an inter-industry level, spotlighting the

significant interconnections between the stock prices of companies operating in distinct

sectors.

The preponderance of the existing literature is primarily focused on market-wide and

industry-specific factors, often overlooking the elements causing co-movement within the



banking sector. However, the work of Greenwood et al. (2015), Pradhan et al. (2014)

fills this void by exploring the underlying attributes that prompt price co-movements

within the banking industry. Adding to this discourse, Battiston et al. (2012) introduces

a pioneering risk measurement methodology termed DebtRank. This novel metric is

geared towards determining systemically important nodes in financial networks and can

be instrumental in comprehending and predicting stock price volatility.

Taking a closer look at the Chinese landscape, Yao et al. (2014) utilized data from

the Chinese stock market to examine the conformity of investors. They scrutinized the

evidence of herd behavior, spillover effects related to herd behavior, and the conditions

under which herd behavior is driven by fundamental or non-fundamental factors. Their

research found that the herd effect is prevalent in both A-share and B-share markets.

Moreover, research by Huang et al. (2021) leveraged complex network theory to an-

alyze the co-movement and structural changes among individual stocks in the market.

Based on the insights drawn from Wahal and Yavuz (2013), these structural changes can

be influenced by a range of factors, including style investing, fundamental elements, and

industry-specific dynamics.

Broadening the discussion beyond the Chinese context, Raifu et al. (2021) delved into

how the global surge in COVID-19 cases and resultant deaths affected Nigerian stock

market returns. The introduction of health crises and related policy responses, such as

lockdown measures, adds a crucial dimension to the analysis of price co-movements within

the banking sector.

Pástor and Veronesi (2012), Pradhan et al. (2014) carried out an in-depth exploration

of the causal relationship between economic growth, banking sector development, stock

market development, and other macroeconomic variables, with a particular emphasis on

ASEAN countries. These factors play a considerable role in the co-movement in stock

returns, accentuating the need to consider a wider array of economic variables to perceive

the dynamics of price co-movement within the banking industry. This becomes especially

critical in light of the research on style investing by Wahal and Yavuz (2013).

Pástor and Veronesi (2012) provides crucial insights into how the uncertainty of gov-

ernment policies influences the volatility and co-activity of stock prices. This is of particu-

lar importance in countries like China, where government policies have a profound impact

on market dynamics. They introduced a general equilibrium model that includes uncer-

tainty in government policies and governments with both economic and non-economic

motivations, shedding light on how policy changes impact stock prices. Additionally,

Parsley and Popper (2020) probed into the shared co-movements of returns across mar-

kets, highlighting the effects of macroeconomic policy stability, the frequency of economic

crises, and trading activity levels. Their work extends the debate on co-movements in

stock returns by factoring in these external influences.

Inspired by the work of Kumar et al. (2013), this paper also evaluates how investors’



trading activities can induce excessive co-movements in stock returns, a crucial consid-

eration for comprehending price co-movements within the banking industry. Simultane-

ously, de Nicola et al. (2016) pinpointed a high dynamic co-movement between energy and

agricultural commodity price returns, introducing another important perspective when

analyzing price co-movements within the banking sector.

Echoing this sentiment, this review underlines the importance of studying investor

behavior trends to effectively understand price co-movements within the banking industry.

The complexity and multi-faceted nature of price co-movements demand an equally multi-

dimensional research approach.

In summary, the body of literature on stock price co-movements is extensive, covering

a broad range of factors influencing these co-movements. However, the field remains

ripe for additional exploration, particularly in light of the dynamic and rapidly evolving

economic landscape. As our understanding of these dynamics deepens, we can better

predict and mitigate potential risks, ultimately strengthening the stability and resilience

of the global financial system.

3 Methodology

Our methodology is structured into several key components: data requirements, data

processing techniques, model selection, definition of dependent and independent variables,

and cross-validation approaches.

3.1 Data Requirements

In our methodology analysis, we require one year of stock price data, recorded at five-

minute intervals, for all stocks that exhibit co-movement characteristics, typically those

within the same industry or sharing a common investment concept. Additionally, our

study incorporates fundamental data, which is categorized into three main types: financial

report data, regulatory data, and analyst forecast data.

3.2 Data Processing

Our methodology’s data processing procedure begins with the adjustment of stock price

data. We utilize a Post-Adjustment Factor to recalibrate the data for events such as

stock splits and dividends, ensuring the accuracy of our analysis. The five-minute return

data for each stock is then computed. To derive excess returns, our methodology asks

calculate the difference between each stock’s five-minute returns and the concurrent re-

turns of a benchmark market index. This approach enables us to isolate the stock-specific

performance from broader market movements.



Data cleaning is a critical step in our methodology. All stocks with excessive missing

values (over 1,000 within a year) are excluded, as they equate to a substantial amount

of trading time (approximately 20 trading days based on a 4-hour trading day). Our

methodology apply a zero-imputation method for other sporadic missing return values.

In cases of missing trading volume data, a ratio-based imputation method is employed,

using the stock’s previous day’s trading volume ratio as an estimator.

Furthermore, our methodology process financial report data by removing entries with

over 20% missing values, while those with less than 20% missing values are imputed using

average values from similar-sized stocks. To normalize data points with high average

values (over 100), logarithmic transformation is applied. Additionally, our methodology

employ one-hot encoding for variables present in fewer than a certain threshold percentage

of stocks (calculated as 4/n, with n being the total number of stocks). This encoding also

extends to Boolean variables, enhancing categorical clarity.

3.3 Model Selection and Variables

Our model selection criteria revolve around cross-validating outcomes across at least two

of the four proposed models. These models include Forecast Error Variance Decompo-

sition (FEVD), transaction volume-normalized FEVD, Granger causality test frequency,

and Granger causality test days. This strategy ensures a comprehensive and robust vali-

dation of our methodology.

In terms of variables, the dependent variable across all models is the series of 5-

minute excess returns for each stock, providing a granular view of stock performance. The

independent variables constitute a weighted aggregate of 5-minute excess returns from

other stocks, with the weights assigned based on the transaction volumes of each stock.

This design allows us to assess the influence of broader stock movements on individual

stocks. To mitigate the influence of liquidity on stock price volatility, we normalize output

metrics by their respective transaction volumes.

3.4 Cross-Validation

In our cross-validation framework, we evaluate the influence of fundamental data on

stock price co-movements. The outcomes generated by the FEVD and Granger causality

models serve as dependent variables, while the collected fundamental data act as indepen-

dent variables. This structure aims to pinpoint fundamental data elements significantly

impacting stock price synchronization.

A unique aspect of our methodology is our approach to multicollinearity detection.

Rather than conducting standard preliminary tests, we progressively eliminate the in-

dependent variable with the highest conditional number during the regression process,

continuing until the model’s conditional number falls below 100. This method ensures



a more organic assessment of data impact, free from premature constraints based on

theoretical assumptions.

For a variable to be considered significant in identifying leading stocks in price co-

movement, it must be validated in at least two of the four models. This criterion en-

hances the robustness and reliability of our findings by minimizing the risk of spurious

correlations. We also employ statistical significance tests like p-values and confidence

intervals to validate the variables within each model. Additionally, this cross-validation

approach allows us to assess the generalizability of our models across different datasets

and timeframes, thus improving the applicability of our methodology in varying market

conditions.

Data Requirements

Stock Price
Data: One year
of five-minute
interval data

Within the
same industry
or sharing
a common
investment
concept

Fundamental
Data: Financial

reports,
regulatory data,
analyst forecasts

Data Processing

Stock Price Ad-
justment: Post-
Adjustment

Factor

Excess Return
Calculation

Data Cleaning:
Handle missing
values, zero-
imputation

and ratio-based
imputation

One-Hot
Encoding: For
categorical
variables

Model Selection and Variables

Model Selection:
FEVD, Granger
causality tests

Dependent
Variables:
5-minute

excess returns

Independent
Variables:
Weighted of

5-minute excess
returns of
other stocks

Cross-Validation

Outcomes
from FEVD
and Granger
causality serve
as dependent
variables

Evaluate
Fundamental
Data Impact

Auto Multi-
collinearity
Detection

Statistical Sig-
nificance Tests

Figure 1: Flowchart of the research methodology.

4 Data

4.1 Data Type:

In this study, we focus on utilizing the 5-minute interval bank stock prices from the

2021 Chinese A-share market, specifically targeting the banking sector. This choice is

driven by several key factors: the accessibility of data from the Chinese A-share market,

the comprehensive coverage of banking stocks by securities analysts, stringent regulatory

oversight, and the high degree of operational homogeneity among Chinese banks (Berger

et al. 2010).

These characteristics not only facilitate our data acquisition and analysis but also

enhance the robustness of our framework’s testing.



Post-Adjustment Method

The Post-Adjustment method is employed to calculate the return on investment. This

method presupposes an investment strategy where the investor divests all holdings a day

before the ex-dividend date and reinvests the entire proceeds on the ex-dividend date

at the prior day’s closing price, thus not partaking in the dividend distribution. This

approach ensures the full utilization of the initial investment, which remains unaffected

by dividend payments or rights issues. Given the high dividend payout ratio and frequent

rights issues in the banking sector, excluding these elements from the stock price analysis

is essential to maintain the integrity of our research findings.

In the pursuit of designing a formula that encapsulates the outlined description, it is

imperative to incorporate a multitude of critical factors. Firstly, the Original Invest-

ment must be accounted for, signifying the initial capital allocated in the acquisition of

the stock. Secondly, paramount to our analysis is the Rate of Return, which stands

as the principal metric of interest in our data. Thirdly, the Ex-dividend Date plays a

crucial role; this is the specific date when dividends are dispensed to shareholders, con-

sequentially resulting in a typical reduction in the stock price by an amount equivalent

to the dividend issued. Additionally, the Closing Price of the Previous Day – the

market value of the stock after the trading session preceding the ex-dividend date – is an

essential variable in this context. It’s also noteworthy that certain elements, specifically

the Dividend Payout Ratio and Rights Issues, have been intentionally omitted to

preserve the research’s integrity and focus. This deliberate exclusion aids in maintain-

ing the ”purity” of the research by eliminating factors that might otherwise introduce

unwarranted complexities or confounding variables into the analysis.

Given these considerations, the rate of return R can be calculated as follows:

Post-Adjustment Method Formula:

R =
Nex-div × Pex-div −Nprev × Pprev

Nprev × Pprev

× 100 (1)

where:

• I represents the initial investment.

• Pprev denotes the closing price of the stock the day before the ex-dividend date.

• Nprev is the number of shares held the day before the ex-dividend date, calculated

as I
Pprev

.

• Pex-div is the closing price of the stock on the ex-dividend date.

• Nex-div represents the number of shares repurchased on the ex-dividend date, calcu-

lated as I
Pex-div

.



By doing these adjustments, our data excludes the impact of dividends and rights

issues, thereby aligning with the objective of maintaining the ”purity” of the research as

stated.

Then, this study utilizes a series of 5-minute interval excess returns (returns of the

bank stocks minus the change in the Shanghai Composite Index during the same period)

for all bank stocks listed on the A-shares of the Chinese Stock Market in 2021. These

returns are calculated using the price change rate adjustment method, to account for the

high dividend payout ratio and probability of rights issues in banks. In addition, a total

of 192 categories of bank financial report data were analyzed.

4.2 Data description:

The data for our study were sourced from the WIND database, public financial reports

of listed banks, official documents, and reports from regulatory bodies. Additionally, we

utilized advanced big data techniques, such as natural language processing for extracting

insights from textual data, and distributed computing systems for handling large-scale

data processing. These sophisticated methods allowed us to efficiently acquire and pro-

cess the extensive dataset, ensuring comprehensive coverage and high accuracy. Analysts’

insights and perspectives were also incorporated to enhance the robustness of our assump-

tions and conclusions. As shown in Table 9.

4.3 Banks name

We employed data from banks listed on the Chinese A-share market in the year 2021.

Banks with more than 1000 missing values were excluded from our study. Considering

that we utilize 5-minute interval data, where each trading day consists of 4 × 12 five-

minute intervals, any bank missing data for more than 21 trading days was omitted. For

the specific names and stock codes of the banks included in our analysis, please refer to

Table 1.

4.4 Data Processing

All data passed the Augmented Dickey-Fuller (ADF) and Variance Inflation Factor (VIF)

tests.

The excess return of each bank was treated as the dependent variable, while the

trading volume weighted return of other banks was the independent variable.



Table 1: List of Bank Names and Their Corresponding Codes

No. Code Bank Name

1 sh.600000 Pudong Development Bank

2 sh.600015 Huaxia Bank

3 sh.600016 Minsheng Bank

4 sh.600036 China Merchants Bank

5 sh.600908 Bank of Wuxi

6 sh.600919 Bank of Jiangsu

7 sh.600926 Bank of Hangzhou

8 sh.600928 Bank of Xi’an

9 sh.601009 Bank of Nanjing

10 sh.601077 Yu Agricultural Commercial Bank

11 sh.601128 Bank of Changshu

12 sh.601166 Societe Generale Bank

13 sh.601169 Bank of Beijing

14 sh.601187 Bank of Xiamen

15 sh.601229 Bank of Shanghai

16 sh.601288 Agricultural Bank

17 sh.601328 Bank of Communications

18 sh.601398 ICBC

19 sh.601528 Ruifeng Bank

20 sh.601577 Bank of Changsha

21 sh.601658 Postal Reserve Bank

22 sh.601665 Qilu Bank

23 sh.601818 Everbright Bank

24 sh.601825 Shanghai Agricultural and Commercial Bank

25 sh.601838 Bank of Chengdu

26 sh.601860 Zijin Bank

27 sh.601916 Zheshang Bank

28 sh.601939 Construction Bank

29 sh.601963 Bank of Chongqing

30 sh.601988 Bank of China

31 sh.601997 Guiyang Bank

32 sh.601998 China CITIC Bank

33 sh.603323 Sunon Bank

34 sz.000001 Ping An Bank

35 sz.002142 Bank of Ningbo

36 sz.002807 Jiangyin Bank

37 sz.002839 Zhangjiagang Bank

38 sz.002936 Bank of Zhengzhou

39 sz.002948 Qingdao Bank

40 sz.002958 Qingnong Commercial Bank

41 sz.002966 Bank of Suzhou



5 Experimental Design

By employing FEVD, we can quantitatively assess the proportion of movements in stock

price that can be attributed to shocks in its own fundamentals versus those in other or

external factors. This decomposition provides deeper insights into the dynamic interac-

tions and relative importance of various influences on stock price movements, which is

critical for understanding the systemic risk and interconnectedness within the banking

sector. FEVD has been widely used to study spillover effects between different variables.

For example, (Hanif et al. 2021) employed FEVD to study the dependence between

clean/renewable energy sector stocks and European emission allowance prices. Addition-

ally, (Wang et al. 2020) used FEVD to examine four global commodity futures markets

— gold, wheat, WTI crude oil, and copper, demonstrating that the interconnectedness of

commodities increases during financial crises, thereby weakening portfolio diversification.

The Granger causality tests are employed to determine whether past values of one

stock’s fundamentals can predict the future movements of another bank’s stock price.

This is essential for identifying leading indicators and potential spillover effects within

our target sector. By establishing causality, we can better understand the mechanisms

through which shocks propagate through the financial system, thereby enhancing our

ability to predict and manage systemic risk. For instance, (Cincinelli et al. 2022) used the

Granger causality test to show that sharp price fluctuations in Chinese listed financial

institutions can lead to spillover effects in the financial system, and severe declines in

the Chinese stock market have become a major source of instability in global financial

markets.

In the context of our study, the combination of FEVD and Granger causality tests

was chosen to leverage their complementary strengths, allowing us to construct a compre-

hensive picture of the dynamic co-movements and causal relationships in high-frequency

stock market data.

5.1 The Forecast Error Variance Decomposition (FEVD) re-

gressions

For Finance research, FEVD is particularly useful in policy analysis, risk assessment,

and economic forecasting. For instance, in a financial setting like bank risk control

management, understanding how shocks to interest rates affect loan defaults, and vice

versa, can be invaluable.

In the realm of Vector Autoregressive (VAR) modeling, Forecast Error Variance De-

composition (FEVD) is a commonly applied technique. A VAR(1) model can be expressed

mathematically as:

Yt = A0 +A1Yt−1 + Et (2)



where Yt is a k × 1 vector of endogenous variables, A0 is a constant term, A1 is a k × k

coefficient matrix, and Et is a k × 1 vector of error terms.

The impulse response function captures the effect of a one-unit shock in one variable on

all variables in the system at different time horizons. In the context of a VAR(1) model,

the Impulse Response Function (IRF) can be directly computed from the coefficient

matrix of the model. Specifically, for a VAR(1) model as described above, the IRF at

time lag h is given by:

IRF(h) = Ah
1 (3)

Here, h represents the time lag and Ah
1 is the h-th power of the coefficient matrix

A1. This function describes how the system would respond h periods after a unit shock

is introduced in the error term Et at time t.

The formula to compute FEVD usually involves decomposing the variance-covariance

matrix of the forecast error into orthogonal components attributed to each shock. Often,

the Cholesky decomposition is used for this purpose. Mathematically, this is represented

as:

FEVD(h) =

∑k
i=1 (IRFij(h))

2

Var(∆Yj(h))
(4)

(Lanne and Nyberg 2016)

In the segment dedicated to Forecast Error Variance Decomposition (FEVD) analysis,

we employ a nuanced approach to scrutinize the interconnectedness within the banking

sector. Specifically, the dependent variable is constituted by the 5-minute excess return

series for each individual bank. Conversely, the independent variables are composed of a

weighted aggregate of 5-minute excess returns from a pool of all other banks. The weights

are assigned based on the transaction volumes associated with each bank. To mitigate

the influence of liquidity on stock price volatility, the output metrics are normalized by

the respective transaction volumes.

The best lag order was automatically selected based on the Bayesian Information

Criterion (BIC) during the modeling process. In this paper, FEVD was analyzed over a

12-period (i.e., 1-hour) horizon. Our model was stable, meaning that the modulus of all

the eigenvalues of the Vector Autoregression (VAR) model were within the unit circle.

The residuals showed no autocorrelation, and the model was stable, but the residuals

did not meet the assumption of normal distribution. The basic theory of VAR and FEVD

does not require the data or residuals to conform to normal distribution. Therefore,

theoretically, the non-normality of the residuals does not directly affect the FEVD results.

This implies that FEVD can still provide useful information about the interactions among

variables, even when residuals are not normally distributed.

The FEVD output divided by the logarithm of the average trading volume and the

sum of FEVD were used as a set of dependent variables for our further research.



5.2 A Comparative FEVD Analysis of Commercial, Regional,

and State-owned Banks

From FEVD analytical results, we have selected three representative banks for data vi-

sualization, based on criteria such as market share, geographic distribution, customer

base, and financial performance. These banks are sh.600036 (Commercial Bank) Table

2, sz.002142 (Regional Bank) Table 4, and sh.601398 (State-owned Major Bank) Ta-

ble 3. Collectively, they offer a comprehensive view of the dynamics within the FEVD

sector. This selection highlights the diverse nature of the Chinese banking system, provid-

ing insights into the distinctive features of each bank type and underscores the interplay

between different banking tiers within the Chinese financial landscape.

5.2.1 Statistical and Model Stability Indicators: Comparative Analysis

This section provides a consolidated review and comparison of the statistical indicators

and model stabilities for three banks, reflecting their performance in time series forecast-

ing.

Durbin-Watson Statistics: For all three banks, the Durbin-Watson statistics approach

the value of 2, indicating a lack of significant autocorrelation within their residuals. This

suggests that each bank’s model effectively captures the dynamics of its time series.

Jarque-Bera Test: All three banks exhibit high Jarque-Bera statistics with negligible

p-values, strongly rejecting the normality hypothesis, a common trait in financial time

series due to their fat-tailed distributions.

Model Stability: The eigenvalues of all three banks’ VAR models are less than one

in modulus, confirming the stability necessary for accurate economic interpretation and

forecasting.

Forecast Error Variance Decomposition (FEVD): sz.002142 Figure 2: FEVD results

demonstrate that its returns are mostly explained by its own past values, indicating

minimal market-wide or sector-specific influences. SH.601398 Figure 4: Initially, returns

are solely explained by its own shocks, but over time, a slight external influence emerges,

stabilizing around 95.15% from its own past values. sh.600036 Figure 3: The returns are

largely self-explained (99.62% stable), showing a very minimal impact from other banks.

Interbank Dynamics: The influence of sz.002142 on other banks is minimal, yet the

market dynamics exhibit a non-negligible impact on sz.002142, highlighting a degree of

interconnectedness. SH.601398 shows minor external influence, with about 22.66% of

its forecast error variance initially affected by other banks, stabilizing over time. Con-

versely, sh.600036 impacts the weighted returns of other banks more significantly initially

(39.24%), but this stabilizes slightly higher at around 39.73%.

Conclusion: Overall, All of three models demonstrate no autocorrelation problems

and are stable for further analysis. Each VAR model’s residuals deviate from normality,



typical in financial time series. FEVD analysis reveals that while individual banks are

primarily influenced by their own historical shocks, there exists a varying degree of in-

terconnectedness within the banking sector. sh.600036 shows the most significant impact

on other banks, which may be attributed to its status as China’s most successful business

bank and its leading position in terms of trading volume and liquidity in the banking

sector. Yet, all banks are predominantly driven by their own dynamics, with external

influences remaining secondary.

Table 2: Summary of Statistics and Model Stability: sh.600036

Statistic/Test Value/Result
Durbin-Watson statistic [1.9979, 2.0000]
Jarque-Bera (sh.600036 Return) 997397.3546
Jarque-Bera (Weighted Return) 7307775.6395
Model eigenvalues [0.3600, 0.3107]
Eigenvalues of VAR(1) rep [0.0936, 0.0953]

Table 3: Summary of Statistics and Model Stability: sh.601398

Statistic/Test Value/Result
Durbin-Watson statistic [2.0023 2.0007]
Jarque-Bera (sh.601398 Return) 975842.0098
Jarque-Bera (Weighted Return) 5673875.1298
Model eigenvalues [0.2639 0.1773]
Eigenvalues of VAR(1) rep [0.3469, ,0.3766 ,0.3766 ,0.3370 ,0.3370 ,0.3885]

Table 4: Summary of Statistics and Model Stability: sz.002142

Statistic/Test Value/Result
Durbin-Watson statistic [2.0010 1.9992]
Jarque-Bera (sz.002142 Return) 471744.6355
Jarque-Bera (Weighted Return) 7442508.9832
Model eigenvalues [0.3728 0.3108]
Eigenvalues of VAR(1) rep [0.0965, 0.0980]

5.3 The Granger Causality Test

In the section concerning Granger Causality tests, we adopt a methodological framework

that aims to elucidate the causal relationships within the banking ecosystem. Specifically,

the excess return for each bank serves as the dependent variable. As for the independent

variables, we utilize the excess returns from other banks on the same trading day but

lagged by one period, i.e., a 5-minute lag, to conduct the causality tests.

For each lag order within a certain range (e.g., from 1 to 10), a Granger causality test

was attempted. The Schwarz Information Criterion (SIC) was used to select the optimal



Figure 2: FEVD Analysis Results for sz.002142.

Figure 3: FEVD Analysis Results for sh.600036.



Figure 4: FEVD Analysis Results for sh.601398.

lag order, i.e., the lag order that minimizes the SIC was selected as the optimal lag order.

For each trading day, banks with the most causal impacts on other banks were counted

and incremented by one to create a variable called “significant001 bool”. If there were

multiple banks with the same highest number of influences on other banks on a single day,

they were counted and incremented by one together. The total number of daily causal

impacts on other banks throughout the year was logged as “significant001 times log”.

5.4 Regression Analysis Steps

One variable was selected from the dependent variable set as the dependent variable for

each regression. The set of dependent variables, Y , included:

1. "Significant001 bool" Table 5

2. "Significant001 times log" Table 6

3. "Sum FEVD Results" Table 7

4. "Influence Per Unit Trade Amount" Table 8

The presence of multicollinearity was not pre-tested. Instead, all 192 independent vari-

ables were input at once during the regression. Variables were removed based on the

condition number until it was below 100. In the process, all variables with a p-value

above 0.5 were also excluded.



6 Experimental Results

6.1 The number of days and the frequency (log-transformed) of

interactions regression

Significant001 bool regression analysis in Table 5 concerning the total number of days

in 2021 that each of all banks had a causal impact on others. Significant001 times log

regression analysis in Table 6 concerning the natural logarithm of the total number of

times in 2021 that each of 37 banks had a causal impact on others.

We will initially utilize a significant causal relationship analysis, marked at the 1%

significance level, focusing on the number of days and the frequency (log-transformed) of

interactions among banks in 2021. This approach aims to uncover the intricate dynamics

in bank stock price co-movements and their underlying correlations with fundamental

banking data. The distinction between causality and correlation is crucial here, as our

analysis seeks to unravel more than just surface-level associations. By examining both

the frequency and the number of days of these interactions, we aim to gain insights into

the market structure and interdependencies among financial institutions. The use of log

transformation on frequency data aids in stabilizing variance, enhancing the robustness

of our regression models. The choice of econometric models, including Boolean and

log regression, is tailored to suit the nature of our data, ensuring effective and reliable

conclusions.

As we see the two results in Table 5 and Table 6, through the categorization and

analysis of variables with positive and negative coefficients, we can derive generalized

conclusions about the characteristics of the two regression results.

6.1.1 Common Patterns and Trends

Risk Management and Market Influence: Across both models, variables related to risk

management (such as the proportion of asset impairment losses and credit goods impair-

ment losses) significantly impact a bank’s market influence. Banks that are willing to

undertake more risk in their core operations are often associated with increased influence

in the banking sector.

Shift in Business Focus and Market Positioning: Variables that indicate a shift in

business focus (like the growth in wealth management and increased proportion of non-

credit goods impairment losses) are significant in both models. This suggests that banks

overly concentrating on non-traditional operations might diminish their influence among

other banks.

Regulatory Compliance and Market Trust: Variables related to regulatory compli-

ance (such as the Tier 1 capital adequacy ratio and capital adequacy ratio regulatory

requirements) are significant in both models. This reflects that adherence to regulatory



Table 5: significant001 bool Regression Results

Variable Coefficient Significance

Constant 27.6605 ***
Proportion of Impairment Loss of Non-Credit Goods in Profits -34.2440 ***
Proportion of Asset Impairment Losses 41.2697 ***
Proportion of credit goods impairment losses in profits 4.5611 *
Wealth Management YoY -18.6863 **
Wealth Management 21A vs 21H 23.3091 *
Proportion of Wealth Management in Total Assets -2.2779 **
Interbank asset growth rate 21A compared to 21H 5.9797 *
Interbank Assets Growth Rate of 21A vs 20A -3.7350 *
Personal loans 21A ratio 15.5145
Real Estate 13.4759 ***
Demand Deposits in 2021 -36.0139 **
Issued Bonds Interest 8.3228 ***
21A PE -17.3739 ***
Regulatory requirements for personal mortgages 3 -7.0732 **
Total loan regulatory requirements 1 4.1501 *
Decrease in Reserve Requirement Ratio Since December 2021 1 -4.9104 *
Reduction in Reserve Ratio Boosts Interest Spread 3 -11.2561 **
Tier 1 Capital Regulatory Adequacy Ratio 2 6.7148 **
Capital adequacy ratio regulatory requirement 1 4.4757 *
Years when core Tier 1 adequacy ratio hit regulatory floor 1 -12.6726 **
Year When Capital Adequacy Ratio Hits Regulatory Floor 1 9.9328 **
Total Loan Still Needs to Be Reduced Ratio bool 1 8.5300 ***

Significance Levels: * p < 0.1; ** p < 0.05; *** p < 0.01

requirements and maintaining healthy capital levels are crucial for a bank’s influence and

trust in the market.

Growth Strategy and Competitive Positioning: Variables linked to growth strategies

(such as real estate investments and bond interest income) are significant in both models.

This demonstrates that banks can enhance their market influence through aggressive

growth strategies, like expanding into real estate or increasing participation in the bond

market.

6.1.2 Consolidated Conclusion

In conclusion, a bank’s market influence is affected by a multitude of factors including

risk management strategies, business focus, regulatory compliance, and growth strategies.

A common theme in both models is that banks balancing risk and reward, adhering

proactively to regulatory norms, and focusing on core business growth tend to have

greater market influence. This reflects the necessity for banks in today’s rapidly changing

financial environment to find the right balance between staying competitive and ensuring

robust operation.



Table 6: significant001 times log Regression Results

Variable Coefficient Significance

Constant 7.2881 ***
Proportion of Impairment Loss of Non-Credit Goods in Profits -1.1437 ***
Proportion of Asset Impairment Losses 1.1879 **
Proportion of credit goods impairment losses in profits 0.1443 *
Consumer Credit and Other Ratio 0.7626 *
Wealth Management YoY -1.4713 ***
Wealth Management 21A vs 21H 1.3074 ***
Proportion of Wealth Management in Total Assets -0.1196 ***
Interbank asset growth rate 21A compared to 21H 0.2964 ***
Interbank Assets Growth Rate of 21A vs 20A -0.0470
Personal loans 21A ratio 0.3352
Real Estate 0.3663 **
Interbank Liabilities + Certificates Deposit in 2021 vs 20A -0.4046 ***
Demand Deposits in 2021 -0.8604 *
Issued Bonds Interest 0.3027 ***
21A PE -0.7534 ***
Total loan regulatory requirements 1 0.2767 ***
Decrease in Reserve Requirement Ratio Since December 2021 1 -0.1532
Reduction in Reserve Ratio Boosts Interest Spread 3 -0.3613 **
Core Tier 1 adequacy ratio regulatory requirement 4 -0.3241 **
Tier 1 Capital Regulatory Adequacy Ratio 2 0.1232
Capital adequacy ratio regulatory requirement 1 0.1054
Years when core Tier 1 adequacy ratio hit regulatory floor 1 -0.3642 **
Years when Tier 1 capital adequacy ratio hit regulatory floor 1 -0.1205
Years when Tier 1 capital adequacy ratio hit regulatory floor 3 -0.1311
Year When Capital Adequacy Ratio Hits Regulatory Floor 1 0.4692 ***
Year When Capital Adequacy Ratio Hits Regulatory Floor 2 0.0618
Total Loan Still Needs to Be Reduced Ratio bool 1 0.2398 **
Personal mortgage still needs to reduce ratio bool 1 0.1141

Significance Levels: * p < 0.1; ** p < 0.05; *** p < 0.01

6.2 FEVD regressions

While the Granger causality tests in the significant001 bool and significant001 times log

models provide valuable insights into the temporal precedence and potential predictive

power of various banking variables, they might not fully capture the intricate interde-

pendencies and dynamic interactions inherent in financial data. Here, the VAR model’s

strength lies in its ability to model multiple time series simultaneously, offering a more

holistic view of the system dynamics.

The FEVD aspect of the VAR model further enhances our analysis by decomposing

the variance of each variable’s forecast error into proportions attributable to shocks in

every other variable in the model. This decomposition allows us to understand the relative

importance of each variable in forecasting the others, over time.

We propose two specific implementations of the FEVD within a VAR framework:

1. Sum FEVD Regression for Bank Stock Prices (1-hour maximum lag):

This model, referred to as Table 7, will analyze the stock prices of all banks in



2021, capturing the immediate and lagged effects within a short-term horizon. This

approach is particularly useful in understanding rapid market responses and the

impact of short-term events.

2. Influence Per Unit Trade Amount Regression: In this model, denoted as

Table 8, we take a novel approach by dividing each bank’s influence by the mean

value of its transaction amount, using this as the dependent variable. This model

offers a unique perspective, focusing on the relative influence of banks weighted

by their transactional significance, thus providing insights into how transaction

volumes might modulate market impacts.

Table 7: Sum FEVD Regression Results

Variable Coefficient Significance

Constant 0.7420 **
Corporate deposit ratio -0.2502
Proportion of Impairment Loss of Non-Credit Goods in Profits 0.4496 *
Proportion of Asset Impairment Losses -0.1737
Proportion of credit goods impairment losses in profits -0.1464 **
Consumer Credit and Other Ratio -0.1389
Wealth Management 21A vs 21H 0.7919 **
Proportion of Wealth Management in Total Assets -0.0035
Interbank asset growth rate 21A compared to 21H 0.0790
Personal loans 21A ratio -0.4698 *
Infrastructure category 0.0984
Real Estate -0.0754
Interbank Liabilities + Certificates Deposit in 2021 vs 20A -0.0377
Demand Deposits in 2021 0.5338 *
Issued Bonds Interest -0.1215 *
Equity Multiplier Changes 0.0109
21A PE -0.3083 ***
Regulatory requirements for personal mortgages 3 0.1254
Total loan regulatory requirements 1 -0.1138 *
Decrease in Reserve Requirement Ratio Since December 2021 1 -0.0402
Reduction in Reserve Ratio Boosts Interest Spread 3 0.2920 *
Core Tier 1 adequacy ratio regulatory requirement 4 -0.1606
Tier 1 Capital Regulatory Adequacy Ratio 2 0.0361
Years when core Tier 1 adequacy ratio hit regulatory floor 1 0.2572 *
Years when Tier 1 capital adequacy ratio hit regulatory floor 1 0.0068
Years when Tier 1 capital adequacy ratio hit regulatory floor 3 0.3087 **
Year When Capital Adequacy Ratio Hits Regulatory Floor 1 -0.0779
Year When Capital Adequacy Ratio Hits Regulatory Floor 2 -0.1063
Total Loan Still Needs to Be Reduced Ratio bool 1 -0.3594 ***
Personal mortgage still needs to reduce ratio bool 1 0.0861

Significance Levels: * p < 0.1; ** p < 0.05; *** p < 0.01

6.2.1 Common Conclusions from FEVD Models

Role of Risk and Financial Strategy: Both models highlight the critical role of

a bank’s risk management strategies and financial operations (like issuance of bonds



Table 8: Influence Per Unit Trade Amount Regression Results

Variable Coefficient Significance

Constant 0.0466
ImpLossNonCredit -0.0091
CreditGoodsImpLoss -0.0023
WealthMgmtYoY -0.0327 **
WealthMgmt21Avs21H 0.0417 **
WealthMgmtInTotalAsset -0.0031
InfrastructCategory 0.0028
InterbankLiabPlusCD -0.0182 *
IssuedBondsInterest 0.0095
EquityMultipChange 0.0037
Bad/Delinquent -0.0269 **
21A PE -0.0078 ***
TotalLoanRegReq 1 0.0082
TotalLoanRegReq 3 0.0284 **
DecreaseInReserveReq 1 0.0166 *
ReducInReserveRatio 1 -0.0163 *
ReducInReserveRatio 2 -0.0199 *
CoreTier1 1 0.0087
CoreTier1 2 -0.0083
Tier1Capital 4 -0.0296 **
CARRegReq 3 0.0061
YearsWhenCoreTier1 1 -0.0202 *
YearsWhenTier1 3 0.0193 *
YearWhenCARF 1 0.0242 **
PersonalMortgage 1 0.0047
YearsWhenCoreTier1 1 -0.0071

Significance Levels: * p < 0.1; ** p < 0.05; *** p < 0.01

and handling of bad/delinquent loans) in influencing its stock market performance and

broader market influence.

Impact of Regulatory Compliance and Market Dynamics: Variables related

to regulatory requirements and market dynamics, such as reserve ratios and capital ade-

quacy, are crucial in both models. They illustrate how compliance and strategic responses

to market regulations can significantly impact a bank’s influence.

Significance of Asset Management and Growth Approaches: The focus on

wealth management and asset growth strategies, as indicated by variables related to

wealth management and real estate investments, underscores the importance of these

areas in shaping a bank’s market presence and influence.

Detailed Conclusion: In synthesizing the findings from both models, it is evident

that a bank’s influence on stock prices and the financial market is a multifaceted phe-

nomenon. It is shaped by a complex interplay of risk management, financial strategies,

regulatory compliance, and growth approaches. Banks that adeptly manage their risk

exposure, align their financial strategies with market and regulatory dynamics, and ef-

fectively balance their asset management and growth initiatives are likely to have a more

significant influence on the stock market. This influence is further nuanced by the relative



weight of their transactional activities, as seen in the ”Influence Per Unit Trade Amount

Regression” model.

6.3 The results total summary

From the four regression models, we can observe several general patterns.

First, the growth of banks’ wealth management business may reflect their strategies

to expand their business scale and improve service quality, thereby exerting a certain

influence on other banks. However, if the proportion of wealth management business in

total assets is too high, it may lead to excessive reliance on a single business and lack of

business diversification, thereby weakening its influence on other banks.

Second, the increase in interbank liabilities and interbank deposits may indicate the

enhanced activity of banks in the interbank finance market. However, this could result in

excessive reliance on interbank business, leading to a reduced influence on other banks.

The increase in the equity multiplier may reflect the level of banks’ return on equity

(ROE), thus potentially enhancing their influence on other banks. On the other hand,

under the same conditions, banks with higher price-earnings ratios may have fewer causal

relationships with other banks, indicating that bank investors undervalue banks with

lower valuations and prioritize financial statement data.

The increase in non-performing/default loans may reflect a decline in banks’ risk

management capabilities, thus potentially reducing their influence on other banks.

The strictness of loan regulatory requirements may reflect regulatory agencies’ focus

on bank risks. Stricter loan regulatory requirements may prompt banks to enhance their

risk management capabilities, thereby increasing their influence on other banks.

The decline in reserve requirement ratio may reflect improvements in the macroeco-

nomic environment and relaxed regulatory policies. This may provide banks with more

funds for business expansion, thereby increasing their influence on other banks. On the

other hand, the reduction in reserve requirement ratio may lead to higher interest rate

spreads, indicating improved profitability for banks. However, if this reduction is due to

a decline in the reserve requirement ratio, it may reflect a decrease in banks’ risk-bearing

capacity, thereby potentially reducing their influence on other banks.

7 Contributions and Practical Applications

Our study distinguishes itself from the Fama-French research in several key aspects.

While the Fama-French model primarily focuses on explaining long-term average stock

returns across the entire market using risk factors such as market size and book-to-market

ratios, our research zeroes in on the short-term comovement of stock prices within the

banking sector. Specifically, we investigate whether the price fluctuations of certain bank



stocks can predict or influence the price movements of other banks, with a particular

emphasis on identifying the determinants that enable some bank stocks to emerge as

”leader stocks.” Additionally, our study uncovers banking-specific patterns and relation-

ships, such as the impact of regulatory compliance rates and non-performing loan ratios

on price leadership, which are not addressed by the Fama-French model. Furthermore,

we incorporate the time dimension by examining the dynamic relationships of stock price

movements over short-term periods, capturing transient market sentiments and industry-

specific competitive dynamics that the Fama-French framework does not encompass.

The findings of our research offer several practical applications that extend beyond

theoretical insights. Firstly, we propose the development of predictive models to iden-

tify potential leader stocks within the banking sector, enabling investors to allocate funds

more effectively during market volatility to achieve excess returns. Secondly, based on the

characteristics of leader stocks, we suggest designing more precise hedging strategies to

mitigate portfolio risk by taking positions on leader and follower stocks according to dif-

ferent economic cycles. Additionally, our research can assist regulatory bodies in assessing

the potential impact of new policies on the stock structure within the banking industry.

Furthermore, the identification of leader stocks facilitates the creation of specialized bank-

ing indices, enhancing the accuracy of investment benchmarks and structured financial

products. Lastly, our study provides a foundation for statistical arbitrage strategies by

exploiting the correlated price movements between leader and follower stocks, allowing

for risk-hedged trading opportunities.

8 Conclusion

In this study, we have developed an innovative framework to examine the interconnection

between fundamental data and stock price co-movements, applying it to the Chinese

banking sector’s stock prices and fundamentals in the year 2021. The analysis revealed

enlightening outcomes that contribute to our understanding of the complex dynamics

within specific industry sectors.

First, we introduce an innovative framework designed to systematically and scientifi-

cally detect stock price co-movement within the same industry. By leveraging extensive

datasets and multiple models, we enhance the robustness of our analytical conclusions.

We believe that our method significantly reduces the workload involved in analyzing co-

movement of stock prices within the same industry. Moreover, it is highly portable and

can be applied to any industry. We anticipate extending our research to explore stock

price co-movement across different countries and industries in the near future.

Second, our research delineates the connections between a stock’s fundamental char-

acteristics and its capacity to influence other stocks. We demonstrate how intrinsic traits

such as wealth management business, interbank activities, and equity multiplier signifi-



cantly impact the co-movements within the banking sector (Barberis et al. 2005). There-

fore, we shed light on how these intrinsic traits might affect the broader financial ecosys-

tem. By employing high-frequency data (Engle 2002) and focusing on a cross-sectional

perspective, this study departs from traditional daily or monthly time frames prevalent

in the extant literature, providing a novel lens to view these phenomena (Acharya et al.

2012).

Third, the findings from our study provide pivotal insights for investment managers

deliberating portfolio strategies. For instance, during bullish phases of the banking sec-

tor, our model suggests selecting bank stocks that exhibit the strongest ability to lead

co-movement. Conversely, during bearish cycles, it recommends avoiding these leading

stocks. By employing such a dynamic allocation approach, investment managers can sub-

stantially bolster portfolio performance—amplifying returns and reducing volatility—all

while maintaining a consistent sectoral weight for banking(Brunnermeier 2009).

Such strategic shifts in asset allocation, based on the cyclical dynamics of an industry,

exemplify the nuanced strategies that can potentially optimize portfolio outcomes. Given

the intricate interplay of factors in the financial markets, embracing such informed, data-

driven strategies becomes paramount for investment success.

Nevertheless, we acknowledge the limitations of our study. Future research could

incorporate panel data to generate a more robust and nuanced analysis of these rela-

tionships, which could further enrich our understanding of the forces shaping stock price

co-movements. Moreover, in today’s interconnected and complex financial world, a grow-

ing imperative exists to consider the potential impact of geopolitical risks on stock price

co-movements within the banking sector (Demirgüç-Kunt et al. 2021). The ripple ef-

fects of international incidents—be it the trade disputes between China and the U.S.,

escalating geopolitical tensions worldwide, or the unexpected downfall of a major insti-

tution like Silicon Valley Bank (Jiang et al. 2024, Aharon et al. 2023)—can markedly

sway co-movements in bank stocks (Bekaert et al. 2013). Grasping the implications of

these events can extend beyond purely theoretical interest; they bear tangible, practical

relevance for an international cohort of investors, financial managers, and policymakers

(Pástor and Veronesi 2012).

It is also crucial to recognize that the leading stock driving the comovement may

vary depending on the cyclical state of the industry (Choudhry et al. 2016). In an

upward industry cycle, stocks with promising growth prospects are likely to spearhead

the industry’s comovement. Conversely, in a downturn, stocks that are on the brink of

bankruptcy or facing severe challenges could potentially lead the comovement. This dual-

natured leadership in comovement necessitates a more versatile and dynamic framework

for understanding and modeling these relationships (Cieslak et al. 2019).

In conclusion, our study makes a substantive contribution to the literature on stock

price co-movements, illuminating the intricate web of connections that bind banks and



their fundamental characteristics. As we navigate an increasingly complex and inter-

dependent financial landscape, such insights become even more critical. We hope that

our findings spur further research in this area, catalyzing new approaches, theories, and

applications for any stock sector, as long as focus on fundamental characteristics. More

immediately, we trust that our work will empower investors with a sharper understanding

and more effective tools for investment decisions and risk management within the banking

sector, thereby contributing to the financial resilience and stability of our economies.



Appendix A Summary Statistics of Independent Vari-

ables

Table 9: Summary Statistics of Independent Variables

Variable name mean std min 25% 50% 75% max

Past growth rate of corporate loans 0.12262162 0.06153515 0.012 0.086 0.112 0.153 0.296

Corporate Loan Proportion 0.56021622 0.10385143 0.326 0.503 0.559 0.631 0.805

Corporate loan business return rate 0.04664223 0.00533063 0.0384 0.0425 0.048 0.0493 0.0592

Comprehensive Cost Rate of Funds 0.02255676 0.00310703 0.0159 0.0217 0.0229 0.024 0.029

Corporate deposit ratio 0.57975676 0.17848738 0.115 0.486 0.589 0.74 0.866

Cost Rate of Corporate Deposits 0.01796528 0.00325368 0.0117 0.0152 0.01843846 0.02 0.0241

Corporate Loans/Deposits 0.91662162 0.32115429 0.456 0.697 0.842 1.018 1.866

Non-interest income ratio for corporate 0.11168468 0.074454 0.005 0.046 0.097 0.16911111 0.247

Personal mortgage ratio 0.17596216 0.08368624 0.043 0.128 0.152 0.209 0.373

Changes in the Proportion of Personal Mortgages in 2021 -0.0006841 0.0117515 -0.0391 -0.0067 -0.0022 0.0073 0.0346

Regulatory requirements for personal mortgages 1.08108108 1.03758208 0 0 1 1 3

Personal mortgage still needs to reduce ratio 0.02240721 0.01269734 0 0.02136667 0.02136667 0.027375 0.0532

Total Loans 0.2312973 0.0953196 0.051 0.182 0.231 0.282 0.466

Total loans proportion change in 2021 -0.0097054 0.01689656 -0.0648 -0.0169 -0.0095 0.0003 0.0311

Total loan regulatory requirements 1.08108108 1.03758208 0 0 1 1 3

Total Loan Still Needs to Be Reduced Ratio 0.03354973 0.01546349 0 0.035 0.03705 0.03744 0.0662

Profit growth rate 0.15008108 0.1015875 -0.091 0.055 0.147 0.22 0.307

Impairment Loss of Non-Credit Goods in 2019 35.7810811 43.9868973 -0.5 4.7 11.5 62.4 168.5

Impairment Loss of Non-Credit Goods in 2020 67.8216216 94.7557566 -19.6 5 13.2 102.9 308.4

Impairment Loss of Non-Credit Goods in 2021 72.3216216 93.3419256 -30 4 35.4 104.9 343.6

Proportion of Impairment Loss of Non-Credit Goods in Profits 0.25256757 0.26086901 -0.039 0.072 0.187 0.37 1.099

Proportion of Asset Impairment Losses 0.22081081 0.16702259 -0.05 0.08 0.2 0.32 0.55

Proportion of credit goods impairment losses in profits 0.70837838 0.49659683 -0.53 0.5 0.7 1.06 1.71

Loan Loss Provision Ratio 0.03467297 0.00755056 0.0231 0.029 0.034 0.0403 0.0486

Investment Asset Provision/Non-Standard + Credit Bond) 0.05025135 0.06486631 0.0012 0.0216 0.0343 0.0595 0.3857

General Impairment Provision 0.03804595 0.00706378 0.0265 0.0326 0.0376 0.0427 0.0544

Provision coverage ratio 3.0338 1.2402639 1.4396 1.9742 2.8842 4.0288 5.6771

Overdue Rate 0.0142 0.00604681 0.0049 0.0094 0.0123 0.0188 0.0298

Estimated General Overdue Provision Rate 3.30783784 1.81534529 1.17 1.83 2.74 4.33 8.1

Retail loans growth in past 3 years 0.20583784 0.08685829 0.058 0.123 0.197 0.274 0.417

Mortgage Loans Ratio 0.4731027 0.18725648 0.112 0.366 0.46 0.594 0.866

Operational Loans Ratio 0.23523784 0.15933272 0.028 0.108 0.1999 0.358 0.653

Consumer Credit and Other Ratio 0.24941261 0.16625814 0.011 0.129 0.216 0.317 0.66

Retail Loan Yield 0.05841878 0.00818546 0.0467 0.0521 0.0573 0.0622 0.0749

Proportion of Demand Deposits 0.29932973 0.10864208 0.172 0.235 0.264 0.3451 0.695

Retail Deposit Cost Rate 0.02470782 0.00501488 0.0108 0.0224 0.0245 0.02762308 0.034

Retail Loan-to-Deposit Ratio 1.06067568 0.64317844 0.324 0.552 0.783 1.602 2.48

Wealth Management YoY 0.11882883 0.156619 -0.19 0.032 0.125 0.18 0.515

Wealth Management 21A vs 21H 0.1010695 0.14719208 -0.137 0.02 0.075 0.161 0.72

Proportion of Wealth Management in Total Assets 0.43768108 1.81268046 0.062 0.087 0.1392 0.172 11.16
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Variable name mean std min 25% 50% 75% max

Loans Ratio 0.52827027 0.06665527 0.403 0.487 0.549 0.577 0.657

Interbank Assets 0.04545946 0.0207707 0.013 0.031 0.043 0.054 0.086

Investment Assets 0.33154054 0.07003872 0.22 0.283 0.323 0.364 0.48

Other Asset Structure of Listed Banks in 2021A 0.02924324 0.01396902 0.012 0.019 0.026 0.035 0.071

Asset Scale Growth Rate of 21A vs 21H 0.02781818 0.04629638 -0.17 0.015 0.031 0.051 0.099

Asset Scale Growth Rate of 21A Compared to 20A 0.1042285 0.05376776 -0.051 0.073 0.101 0.136 0.239

Loan Growth Rate of 21A vs 21H 0.04510811 0.02948802 -0.005 0.028 0.037 0.063 0.132

Loan Growth Rate of 21A vs 20A 0.14432432 0.06721072 0.049 0.107 0.131 0.173 0.372

Interbank asset growth rate 21A compared to 21H 0.05143243 0.36424889 -0.578 -0.154 0.003 0.206 1.289

Interbank Assets Growth Rate of 21A vs 20A 0.14481081 0.49307149 -0.524 -0.181 0.108 0.362 2.105

Investment Assets 21A vs 21H 0.03697297 0.07412058 -0.229 0.01 0.037 0.078 0.179

Investment Assets 21A vs 20A 0.08671171 0.11112306 -0.299 0.037 0.09633333 0.124 0.285

Personal loans 21A ratio 0.37478378 0.10397493 0.184 0.294 0.382 0.425 0.624

Bill discount 21A ratio 0.06489189 0.03268349 0.01 0.043 0.069 0.085 0.14

Corporate Loan 21A vs 21H Changes -0.016366 0.0161402 -0.055 -0.027 -0.015 -0.008 0.02

Personal Loan 21A vs 21H Changes 0.00952252 0.00988313 -0.01 0.004 0.009 0.014 0.037

Corporate Loans in Manufacturing Industry 0.10877297 0.06295797 0.0471 0.0719 0.0892 0.1205 0.3109

Wholesale and retail industry corporate loans 0.06650541 0.03274048 0.0201 0.0371 0.0604 0.0911 0.1303

Infrastructure corporate loans 0.22432703 0.08428032 0.0245 0.186 0.2129 0.2832 0.4353

Corporate loans real estate 0.05831892 0.03407443 0.0018 0.0415 0.0586 0.0747 0.13

Other corporate loans 0.10839189 0.06148173 0.0345 0.07 0.0944 0.145 0.3678

Manufacturing Industry -0.0024108 0.01018236 -0.0312 -0.0051 -0.0009 0.0041 0.0158

Wholesale and retail industry -0.0001676 0.00809063 -0.0182 -0.0062 -0.0014 0.006 0.0198

Infrastructure category -0.0583486 0.38934237 -2.36 -0.0027 0.004 0.0094 0.0713

Real Estate -0.0489676 0.24370961 -1.49 -0.0152 -0.0066 -0.0017 0.0073

Other 0.03081892 0.21823 -0.0421 -0.0086 -0.0038 0.0005 1.32

Housing Loans 0.17242162 0.07681999 0.043 0.128 0.152 0.209 0.344

Operating Loans 0.08751274 0.07430739 0.01 0.035 0.0772 0.101 0.398

Credit card loans 0.04640268 0.04785464 0.003 0.01677778 0.024 0.075 0.203

Changes in the Structure of Housing Loans 0.00103153 0.00443554 -0.0066 -0.0025 0.0008 0.0052 0.0097

Changes in the Structure of Operating Loans 0.00394973 0.0075852 -0.0088 0.0005 0.0027 0.0067 0.0355

Government Bonds 0.14967568 0.04543802 0.082 0.116 0.144 0.183 0.273

Financial bonds 0.05228378 0.03276697 0.003 0.033 0.048 0.065 0.139

Corporate Bonds 0.03354668 0.0199976 0.008 0.016 0.0295 0.047 0.087

Total bonds 0.23708108 0.04703095 0.16 0.199 0.24 0.259 0.374

Fund category 0.04100386 0.02413406 0.001 0.024 0.039 0.055 0.113

Non-Standard within the Table 0.05539537 0.04352306 0.002 0.017 0.047 0.084 0.178

Total Investment Assets 0.33108108 0.0711713 0.201 0.282 0.329 0.363 0.479

Changes in Government Bond Structure 0.00912973 0.01165335 -0.017 0.004 0.006 0.013 0.04

Changes in Financial Bond Structure -0.0009189 0.00752543 -0.017 -0.005 -0.001 0.002 0.025

Enterprise bond structural changes -0.0005609 0.0044123 -0.013 -0.002 0.001 0.003 0.005

Structural changes in total bonds 0.00364865 0.01684606 -0.056 -0.004 0.008 0.013 0.038

Fund category structural changes 0.00398982 0.00663045 -0.008 0.001 0.003 0.00635714 0.02

Changes in Non-Standard Structure within the Table -0.0031595 0.02512668 -0.05 -0.008 -0.003 -0.0003333 0.13

Changes in the Total Structure of Investment Assets 0.00140541 0.02029567 -0.058 -0.007 0.006 0.012 0.037
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Variable name mean std min 25% 50% 75% max

Deposit Liabilities Ratio 0.70427027 0.10283364 0.551 0.624 0.668 0.81 0.963

Interbank Liabilities Ratio 0.11402703 0.06058854 0.02 0.071 0.11 0.145 0.272

Payable Bonds Ratio 0.12637838 0.06377014 0.007 0.057 0.139 0.179 0.218

Central Bank Borrowings Ratio 0.03443243 0.01804091 0.001 0.024 0.032 0.044 0.076

Other liabilities 0.021 0.01891208 0.003 0.01 0.015 0.024 0.112

Total Liabilities 2021A vs 21H 0.02808108 0.03604039 -0.103 0.01 0.029 0.05 0.095

Total Liabilities in 2021A vs 20A 0.09897297 0.06047795 -0.06 0.066 0.103 0.134 0.237

InterbankLiabilities&CertificatesofDepositin2021vs21H 0.07920721 0.18194677 -0.545 0.012 0.083 0.16 0.536

InterbankLiabilities&CertificatesofDepositin2021vs20A 0.18556757 0.26081768 -0.505 0.008 0.146 0.366 0.859

Deposits in 2021 vs 21H 0.02159459 0.02602825 -0.017 0.003 0.016 0.036 0.09

Deposits in 2021 vs 20A 0.09586486 0.04886044 0.015 0.059 0.096 0.127 0.223

Personal deposits in 2021 0.38737838 0.17682451 0.133 0.232 0.382 0.49 0.885

Time deposits in 2021 0.55602703 0.08204758 0.337 0.495 0.545 0.62 0.717

Demand Deposits in 2021 0.40991892 0.08182786 0.281 0.353 0.39 0.473 0.663

Changes in Proportion of Current Deposits (vs 21H) -0.0048893 0.02577871 -0.067 -0.011 -0.0067857 0.001 0.082

YoY revenue growth rate in 2021 0.08154865 0.08213102 -0.0873 0.0217 0.0891 0.1163 0.2837

Year-over-year Growth Rate of PPOP in 2021 1.02623514 4.10984406 -0.1291 0.0048 0.0608 0.1169 18.05

YoY growth rate of net profit attributable to mother in 2021 0.15003514 0.10162229 -0.0912 0.0554 0.1473 0.2196 0.3072

Loans within 1 year ratio 0.44324324 0.10314645 0.25 0.38 0.46 0.5 0.65

Proportion of Loans from 1-5 Years 0.29064449 0.07226097 0.16 0.25 0.28 0.32461538 0.49

Proportion of Loans for More Than 5 Years 0.26611227 0.10658712 0.12 0.19 0.25 0.31 0.58

Proportion of Deposits within 3 Months 0.56683992 0.08307273 0.38 0.51769231 0.56 0.61 0.76

3 months to 1 year deposit ratio 0.18817048 0.04557592 0.09 0.16 0.19 0.21 0.31

1-5 years deposit ratio 0.24378378 0.08179756 0.1 0.2 0.24 0.29 0.53

Impact of LPR Decrease on Loan Interest Rate -0.0010204 0.00012308 -0.0012 -0.0011 -0.001 -0.0009846 -0.0005

Impact of LPR Decline on Interest Spread -0.000595 0.00011431 -0.0009 -0.0007 -0.0006 -0.0005 -0.0002

ImpactofSelf-DisciplineMechanismReformonDepositInterestRate -0.000784 0.00014385 -0.0012 -0.0008692 -0.0008 -0.0007 -0.0005

ImpactofSelf-DisciplineMechanismReformonInterestSpread 0.00054324 0.00011912 0.0003 0.0005 0.0005 0.0006 0.0008

DecreaseinReserveRequirementRatioSinceDecember2021 0.40540541 0.64375027 0 0 0 1 2

Reduction in Reserve Ratio Boosts Interest Spread 0.75675676 0.89459505 0 0 1 1 3

Comprehensive impact of interest spread 0.00011559 0.00020818 -0.0002 -0.0001 0.0001 0.00026667 0.0006

Impact on profits 0.00931393 0.01759261 -0.025 -0.005 0.011 0.02153846 0.042

Loan Interest 0.05066486 0.00557072 0.0383 0.0471 0.0508 0.0536 0.0624

Investment Interest 0.03721081 0.00475089 0.0294 0.034 0.0372 0.0397 0.0521

Interbank Assets Interest 0.02061892 0.00701997 0.0086 0.015 0.0202 0.0249 0.0429

Interest-bearing Assets Interest 0.04294324 0.00427093 0.0325 0.0406 0.0427 0.0453 0.0525

Deposit Interest 0.02096757 0.0031541 0.0141 0.0197 0.0209 0.0227 0.0279

Interbank Liabilities Interest 0.02258649 0.00418404 0.0135 0.0206 0.0224 0.0243 0.0341

Issued Bonds Interest 0.11705811 0.52260694 0.0275 0.0298 0.0305 0.0319 3.21

Net Interest Margin in 2021A 0.02109459 0.00304448 0.0156 0.0188 0.0213 0.0227 0.0306

2021H Net interest margin 0.02139189 0.00300845 0.0155 0.0193 0.0213 0.0229 0.0302

ROE Weighted 2021/12/1 0.11438378 0.02364169 0.0659 0.1015 0.1098 0.1233 0.176

ROE Weighted as of 2020/12/1 0.1109 0.0221419 0.0681 0.0958 0.1081 0.1195 0.1594

Change in ROE Weighted 0.00348378 0.01012479 -0.0241 -0.0025 0.0043 0.0123 0.0193

Annualized ROA as of 2021/12/1 0.0083973 0.00176155 0.005 0.0072 0.0082 0.0098 0.0137

Continued on next page



Table 9 – continued from previous page

Variable name mean std min 25% 50% 75% max

Annualized ROA 2020/12/1 0.00805135 0.0015493 0.0052 0.0069 0.0077 0.009 0.0124

Change in Annualized ROA 0.00034595 0.00070695 -0.0012 1.00E-04 0.0003 0.0007 0.0029

Equity multiplier 2021/12/1 13.7516216 1.84402717 9.56 12.36 13.53 15.14 18.55

Equity multiplier 2020/12/1 13.8835135 1.92081322 10.51 12.26 13.87 14.74 19.85

Equity Multiplier Changes -0.1318919 0.92308913 -2.47 -0.56 -0.08 0.47 2.52

Return on Average Equity 0.10535135 0.02140122 0.062 0.095 0.102 0.113 0.16

Net interest income 0.01950811 0.00307728 0.0144 0.0177 0.0191 0.0213 0.0294

Interest income 0.03995405 0.00406028 0.0309 0.0372 0.0394 0.0427 0.0505

Interest expense -0.0204649 0.00303317 -0.0265 -0.0223 -0.0208 -0.0199 -0.0138

Net Fee and Commission Income 0.00293514 0.00200599 0.0006 0.0014 0.0028 0.004 0.0107

Management Fee -0.0077081 0.00228672 -0.0157 -0.0079 -0.0072 -0.0064 -0.0047

Income tax -0.0012162 0.00074106 -0.0031 -0.0019 -0.0011 -0.0006 -0.0001

Asset impairment -0.0079676 0.00256104 -0.0157 -0.0091 -0.0079 -0.0061 -0.0034

Other factors causing ROE changes 0.00265405 0.00123189 0.0008 0.0017 0.0024 0.0035 0.0062

Bad loan rate 0.01248378 0.00299773 0.0077 0.0098 0.0125 0.0144 0.0185

Attention rate 0.01658108 0.01036334 0.0029 0.0091 0.0148 0.0217 0.0559

Bad Generation Rate 0.00861081 0.00558449 0.0007 0.0042 0.008 0.0127 0.0203

Overdue Generation Rate 0.0096 0.0062861 -0.0001 0.0046 0.0085 0.0142 0.0235

Bad/Delinquent 0.97567568 0.30999588 0.49 0.75 0.92 1.15 2.04

Bad/Delinquent 90+ 1.49189189 0.46673712 0.91 1.22 1.36 1.61 3.52

Provision Coverage Ratio 3.03432432 1.24051858 1.44 1.97 2.88 4.03 5.68

Non-Credit Asset Provision Ratio 0.04761892 0.0651782 0.0012 0.02 0.0303 0.0537 0.3857

Capital adequacy ratio 0.1442973 0.0154414 0.12 0.134 0.141 0.152 0.18

Tier 1 Capital Adequacy Ratio 0.11718919 0.01381191 0.098 0.107 0.113 0.13 0.149

Core Tier 1 capital adequacy ratio 0.10159459 0.01472613 0.081 0.089 0.099 0.107 0.136

Core Tier 1 capital adequacy ratio at the end of 2021 0.10154054 0.01467131 0.0813 0.0891 0.0986 0.1065 0.1359

Tier 1 capital adequacy ratio at the end of 2021 0.11712703 0.01384705 0.0984 0.1073 0.1127 0.1297 0.1494

Capital adequacy ratio at the end of 2021 0.14426216 0.01548349 0.1195 0.1337 0.1411 0.152 0.1802

Core Tier 1 adequacy ratio regulatory requirement 2.32432432 1.22597023 0 1 3 3 4

Tier 1 Capital Regulatory Adequacy Ratio 2.32432432 1.22597023 0 1 3 3 4

Capital adequacy ratio regulatory requirement 2.32432432 1.22597023 0 1 3 3 4

Years when core Tier 1 adequacy ratio hit regulatory floor 0.62162162 1.13898959 0 0 0 1 3

YearsWhenTier1capitalAdequacy RatioHitRegulatoryFloor 0.54054054 0.86905423 0 0 0 1 3

Year When Capital Adequacy Ratio Hits Regulatory Floor 0.75675676 0.92512478 0 0 0 2 2

Assumed future profit growth rate 0.13527027 0.04982896 0.053 0.094 0.145 0.177 0.22

Assumed future dividend ratio 0.28702703 0.06000115 0.122 0.26 0.3 0.306 0.392

Assumed future RWA growth rate 0.11394595 0.05303874 -0.009 0.08 0.11 0.141 0.216

21A PE 0.71648649 0.31520026 0.33 0.5 0.65 0.79 1.78

Dividend Yield Rate 0.0433973 0.01471835 0.0117 0.0318 0.0442 0.0556 0.0658

Total Loan Still Needs to Be Reduced Ratio bool 0.27027027 0.45022517 0 0 0 1 1

Personal mortgage still needs to reduce ratio bool 0.2972973 0.46337319 0 0 0 1 1

YearsWhenCoreTier1Adequacy RatioHitRegulatory bool 0.27027027 0.45022517 0 0 0 1 1

YearsWhenTier1capitalAdequacyRatioHitRegulatory bool 0.35135135 0.48397751 0 0 0 1 1

YearWhenCapitalAdequacyRatioHitRegulatory bool 0.43243243 0.5022472 0 0 0 1 1

Influence Per Unit Trade Amount 0.01383 0.00812569 0.00040592 0.00617715 0.01336654 0.02021445 0.02907799
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Variable name mean std min 25% 50% 75% max

Sum FEVD Results 0.21052262 0.11867249 0.00732306 0.10136022 0.21522556 0.30139113 0.40654127

Total corporate loans log 8.63096299 1.65103143 6.15909539 7.31188616 8.55294636 9.97622673 11.7113418

Corporate Deposits log 8.77207512 1.73993578 6.13339804 7.26892013 9.0347958 10.2901096 11.80047

Impairment Loss of Credit Goods in 2021 log 4.64034421 1.67700473 2.07944154 3.4339872 4.57471098 6.21860012 7.43248381

Total general provision for asset impairment log 6.09190389 1.58881262 3.68887945 4.55387689 6.03548143 7.26892013 8.97106744

Loan’s general provision for asset impairment log 5.84300217 1.5943684 3.61091791 4.4308168 5.85220248 7.00850518 8.90476585

General Provision for Non-Credit Assets log 4.39386241 1.69267456 0.69314718 3.21887582 4.61512052 5.78074352 6.63594656

Total Retail Loans log 8.20948403 1.84032508 5.36597602 6.63463336 8.11102784 9.84723461 11.2869905

Non-principal-guaranteed wealth management scale log 7.82571272 1.64819645 5.25749537 6.44730586 8.09285103 9.27565984 10.2318916

Mean Trade Amount log 15.6007813 1.03907047 13.9614101 14.8695384 15.5085294 16.1394104 18.0405979

significant001 bool 9.83783784 7.76213571 1 4 8 12 36

significant001 times 1359.32432 296.813639 782 1183 1300 1517 2077

Amt Vol 11506257.6 12317933.7 1517983.84 3620303.01 7673754.61 12403969.4 56723435.9

Amt mean 10600654.5 14225476.1 1157080 2869184.54 5435865.77 10215435.6 68380477.6

abs Vol 0.00180008 0.00043734 0.00121121 0.0014467 0.00167815 0.00218801 0.00268462

abs Mean 0.0017107 0.00026624 0.00123277 0.00149111 0.00170794 0.00189067 0.00227758

excess returns mean -1.00E-05 1.29E-05 -5.17E-05 -1.56E-05 -9.94E-06 -5.00E-06 1.61E-05

Appendix B Bank Fundamental Data One-Hot Vari-

able Meaning Table

Table 10: Bank Fundamental Data One-Hot Variable Meaning Table

Variable Value One-Hot Value

Regulatory requirements for personal mortgages 32.5% 3

Regulatory requirements for personal mortgages 12.5% 2

Regulatory requirements for personal mortgages 20.0% 0

Regulatory requirements for personal mortgages 17.5% 1

Total loan regulatory requirements 40% 3

Total loan regulatory requirements 27.5% 0

Total loan regulatory requirements 22.5% 1

Total loan regulatory requirements 17.5% 2

Decrease in Reserve Requirement Ratio Since December 2021 -1% 1

Decrease in Reserve Requirement Ratio Since December 2021 -0.75% 0

Reduction in Reserve Ratio Boosts Interest Spread 0.03% 2

Reduction in Reserve Ratio Boosts Interest Spread 0.02% 1

Reduction in Reserve Ratio Boosts Interest Spread 0.01% 0

Core Tier 1 adequacy ratio regulatory requirement 8.50% 4

Core Tier 1 adequacy ratio regulatory requirement 8.25% 2

Core Tier 1 adequacy ratio regulatory requirement 8.00% 0



Core Tier 1 adequacy ratio regulatory requirement 7.75% 1

Core Tier 1 adequacy ratio regulatory requirement 7.50% 3

Tier 1 Capital Regulatory Adequacy Ratio 9.5% 4

Tier 1 Capital Regulatory Adequacy Ratio 9.25% 2

Tier 1 Capital Regulatory Adequacy Ratio 9.00% 0

Tier 1 Capital Regulatory Adequacy Ratio 8.75% 1

Tier 1 Capital Regulatory Adequacy Ratio 8.5% 3

Capital adequacy ratio regulatory requirement 11.50% 4

Capital adequacy ratio regulatory requirement 11.25% 2

Capital adequacy ratio regulatory requirement 11.00% 0

Capital adequacy ratio regulatory requirement 10.75% 1

Capital adequacy ratio regulatory requirement 10.50% 3

Years when core Tier 1 adequacy ratio hit regulatory floor no 0

Years when core Tier 1 adequacy ratio hit regulatory floor 2033-2027 3

Years when core Tier 1 adequacy ratio hit regulatory floor 2026 2

Years when core Tier 1 adequacy ratio hit regulatory floor 2024 1

Years when Tier 1 capital adequacy ratio hit regulatory floor no 0

Years when Tier 1 capital adequacy ratio hit regulatory floor 2026 3

Years when Tier 1 capital adequacy ratio hit regulatory floor 2024 2

Years when Tier 1 capital adequacy ratio hit regulatory floor after 2026 1

Year When Capital Adequacy Ratio Hits Regulatory Floor no 0

Year When Capital Adequacy Ratio Hits Regulatory Floor afeter2025 2

Year When Capital Adequacy Ratio Hits Regulatory Floor 2024-2025 1

Total Loan Still Needs to Be Reduced Ratio bool no 0

Total Loan Still Needs to Be Reduced Ratio bool yes 1

Personal mortgage still needs to reduce ratio bool no 0

Personal mortgage still needs to reduce ratio bool yes 1

Years when core Tier 1 adequacy ratio hit regulatory floor bool no 0

Years when core Tier 1 adequacy ratio hit regulatory floor bool yes 1

Years when Tier 1 capital adequacy ratio hit regulatory floor bool no 0

Years when Tier 1 capital adequacy ratio hit regulatory floor bool yes 1

Year When Capital Adequacy Ratio Hits Regulatory Floor bool no 0

Year When Capital Adequacy Ratio Hits Regulatory Floor bool yes 1
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