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Abstract. Stock trading volume, as a key indicator reflecting market trading activity, is
widely used in market trend analysis and investment strategy formulation. In recent
years, many scholars have conducted research on it, and the existing methods mainly
include parameter statistics and machine learning algorithms. This article applies
nonparametric statistical methods such as kernel density estimation and the single sample
Kolmogorov- Smirnov (KS) test to analyze the daily hourly trading volume of A-shares.
It is found that the Johnson-U distribution has the best fit to the data, which is of great
significance for understanding and analyzing the trading behavior of the stock market.
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1 Introduction

The stock market, as a core component of the financial system, plays multiple roles such as
resource allocation, financing, and investment. Many domestic and foreign scholars have
conducted research on the distribution of various indicators of stocks. Mandelbrot and Fama
[1,2,3] proposed that although normal or Gaussian distributions are the most familiar and
easily computable stable distributions, they are often assumed to describe actual distributions.
However, asset returns often exhibit thicker tails or higher kurtosis than Gaussian
distributions, which naturally leads people to consider non-Gaussian stable distributions. The
research of Zhao and Zeng [4] shows that the peak and thick tail characteristics of stock
returns make the Laplace distribution more accurate in describing its distribution
characteristics than the normal distribution. Similarly, Wang et al. [S] found through empirical
research that stable distributions can more effectively handle the thick-tailed distribution
characteristics of stock returns. The research of Wang and Song [6] revealed the peak and
thick tail distribution characteristics of the Chinese stock market and pointed out that the
investment risk in the Shenzhen market is relatively high. Qiu [7] proposed a nonlinear
statistical model that describes the relationship between returns and trading volume changes in
the stock market and pointed out that the return distribution can converge to a linearly stable
distribution. Hu and Han [8] further developed this model and explored the dynamic
relationship between stock returns, historical trading volume, and other stocks. Uchaikin and
Zolotarev [9] theoretically discussed the hypothesis that financial asset returns may follow a
stable distribution, emphasizing the application of the central limit theorem in financial
models.
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In order to more accurately capture the peak and thick tail characteristics of stock returns and
their risks, multiple studies have adopted nonparametric kernel density estimation methods.
Ren and Zhang [10] characterized the asymmetric tail correlation between financial assets by
constructing a Copula Kernel model and conducted an in-depth analysis of portfolio
investment risks in the Chinese stock market. Researchers such as Liu and He [11], Wang and
Wang [12] have revealed the distribution changes of stock returns under the influence of the
limit up and limit down system through kernel density estimation, as well as the characteristics
of the Shanghai and Shenzhen stock markets in terms of returns and risks. Gao [13] and Xia
[14] conducted an accurate analysis of the volatility of stock returns in specific industries by
applying nonparametric estimation methods. The study by Niu and Hu [15] demonstrated the
effectiveness of nonparametric estimation methods in expressing the distribution of A-share
returns in the Shenzhen and Shanghai stock markets. Huang's [16] empirical research further
proves the advantage of non-parametric kernel density estimation over normal distribution in
capturing market risk characteristics.

In recent years, multiple studies have explored the distribution characteristics of stock market
returns and their changes in different economic cycles through statistical testing methods. Yan
et al. [17] found that during the periods of 2004—-2006 and 2007-2009, the daily logarithmic
return of stock indices was more suitable to be fitted with a t-distribution rather than a normal
distribution, especially during financial crises when the risk of stock indices significantly
increased and the degree of freedom value was usually less than 2. Li et al. [18] verified the
non-normality, homogeneity, and high correlation of the returns of the Chinese and American
stock markets through statistical analysis and found that non-parametric kernel density
estimation can more accurately reflect market risk characteristics. Wang's [19] research shows
that the mixed Clayton Gumbel Frank copula function can effectively describe the asymmetric
tail correlation between the Shanghai Composite Index and the CSI 300 stock index futures.
The work of Cao and Chen [20] confirmed the existence of weekend effects in the Shanghai
and Shenzhen stock markets and explored their causes. The studies of Han and Yan [21], as
well as Yan et al. [22], further support the non-normality of the distribution characteristics of
stock market returns from the perspectives of high dimensional dynamic Vine Copula
modeling preparation and volatility similarity in the stock market. The research by Du and
Zhang [23] supported the use of the t distribution to describe stock return data through the KS
test.

With the development of the stock market, trading volume has gradually become one of the
most important indicators for market participants and investors. [24,25] However, research on
the distribution types of trading volume in the Chinese stock market is still relatively limited.
Previous studies have mainly relied on parameter statistical methods, usually based on
assumptions about specific distribution types. However, finding the distribution type that best
fits the distribution of stock trading volume is very difficult, and this method has limitations
when facing market complexity and volatility. This article aims to analyze the distribution
types of daily hourly trading volume in A-shares through non-parametric statistical methods,
especially kernel density estimation and the single-sample KS test. They do not rely on
assumptions about specific distribution types and are more suitable for analyzing complex
data. By combining multiple continuous distribution types, they can comprehensively explore
the essential characteristics of stock trading volume data, thereby enhancing their
understanding of the operating laws of the stock market.



2 Data analysis

As of March 2024, there are a total of 3054 stocks in the A-share market, and the collected
data is the daily hourly trading volume of A-shares (all with over 4700 data), sourced from
Dongfang Wealth Network. With randomly selected data on the trading volume of 601318
stocks on March 12, 2024, and calculated statistical indicators such as central trend and
dispersion, the distribution of stock trading volume can be preliminarily understood. The
example results are shown in Table 1:

Table 1. Statistical indicators of Stock trading volume for 6013181

Stock Average

Median Mode Range Skewness Kurtosis
code value

601318 143 79 30 15791 27 1305

From the above indicators, it can be seen that a skewness of 27 positive values indicates a
longer right tail of the data distribution, with more extreme values on the right and fewer
extreme values on the left. This means that most of the data is concentrated on smaller values.
The kurtosis is 1305, indicating an extremely sharp distribution of data. According to the
range of 15791, it is speculated that there are outliers in the data. With the help of the box plot,
it can be visually seen as shown in Figure 1. Further draw a histogram to remove the largest
outliers (which do not affect the overall distribution trend), as shown in Figure 2. According to
the indicator results and histogram, it can be seen that the distribution of stock trading volume
does not follow a normal distribution.[26]
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Fig. 1. 601318 Stock trading volume Box chart Fig. 2. 601318 Stock trading volume Histogram

3 Kernel density estimation

3.1 Kernel density estimation theory

Kernel density estimation is a commonly used nonparametric estimation method that does not
require any assumptions about the data. By smoothing the density function of the sample data,
the overall density function can be obtained.[27] The kernel density estimation equation (1) is
as follows:
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where K (+) is the kernel function and h is the bandwidth.

3.2 Experimental results
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Multiple datasets were selected for testing on March 12, 2024, including mainboard stocks,
ChiNext stocks, small and medium-sized board stocks, and science and technology innovation
board stocks. The specific experimental results are as follows:
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Fig. 3. Kernel density estimation images of trading volume for stocks in different sectors

From Figure 3, it can be seen that all four images have only one sharp peak located near 0,
indicating a large number of data points concentrated around 0 values. The distribution is right
skewed, gradually decreasing to the right (larger values), and the long tail extends to larger
values, indicating the presence of some outliers or extreme values in the data. Based on the
above characteristics, this distribution may resemble a lognormal distribution, a Pareto

distribution, or other long tailed distributions.



4 Single sample KS test

4.1 Single sample KS test theory

Single sample KS test is a commonly used hypothesis testing method used to test whether a
sample conforms to a theoretical distribution, using KS statistics to measure the difference
between the sample and the selected distribution type. [28] The KS statistic is defined as
equation (2):

D = max|F, (x) - F(x)|, @

where Fn(X) is the cumulative distribution function of sample experience, F(X) is the

cumulative distribution function of the selected distribution type.
4.2 Experimental results

This study first selected 2400 stocks as the training set, obtained trading volume data at a
certain time on a certain day from Dongfang Wealth Network, conducted KS tests on 100
distribution types, and counted the proportion of stocks that met the conditions. The results are
as follows:

Table 2. The proportion of stocks of different distribution types in the training set

Distribution type The proportion of stocks that match the distribution

type
Johnson-U distribution 88.75%
Inverse gamma distribution 87.25%
Normal inverse Gaussian 86.88%
distribution
Non-central t distribution 86.42%
Johnson-B distribution 85.96%
Generallzgd inverse Gaussian 83339
distribution
other <80.00%

From the results in Table 2, it can be seen that for the distribution types of daily trading
volume of stocks, the Johnson-U distribution, inverse gamma distribution, normal inverse
Gaussian distribution, non-center t distribution, Johnson-B distribution, and generalized
inverse Gaussian distribution have better fitting degrees.

Subsequently, more than 600 other stocks were used as test sets for the same processing, and
the results are as follows:

Table 3. The proportion of stocks with six distribution types in the test set

Distribution type The proportion of stocks that match the distribution

type
Johnson-U distribution 88.50%
Inverse gamma distribution 85.83%

Normal inverse Gaussian distribution 86.17%




Non-central t distribution 84.67%

Johnson-B distribution 84.67%
Generallzqd inverse Gaussian 84.67%
distribution

According to the results of the test set in Table 3, the Johnson-U distribution with the highest
probability is selected as the distribution type that best fits the daily hourly trading volume
distribution of A-shares.

Using the QQ chart to further verify [29], it is still recommended to select stocks from the four
sectors shown in Figure 3 above. From the results in Figure 4 below, most of the points of the
four stocks are concentrated on a straight line, with some outliers at the tail that deviate from
the theoretical distribution line. Overall, the data distribution fits the theoretical distribution
well. By comparing the 0.5 and 0.75 quantiles of the data with the corresponding quantiles of
the theoretical distribution, the correspondence is good and the data conforms to the selected
theoretical distribution.[30]
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Fig. 4. QQ chart of trading volume for stocks in different sectors

The previous analysis was based on the hourly trading volume data of stocks on March 12,
2024. In order to further prove that the Johnson-U distribution is not only applicable to that
day but also to data from other dates, considering that only the hourly trading volume data of



the last five trading days can be found on the website, 1000 stocks were randomly selected
every day from March 8, 2024, to March 14, 2024 (with 9 and 10 days as rest days and no
data). Calculate the proportion of stocks that fit the Johnson-U distribution type, as well as the
proportion of stocks that perform well in the inverse gamma distribution on the training and
testing sets. For comparison, the results are shown in Table 4.

From the results in Table 4, it can be seen that the proportion of 1000 randomly selected stocks
that conform to the Johnson-U distribution from March 8, 2024, to March 14, 2024, remained
stable at over 80%, while the proportion that conforms to the inverse gamma distribution was
slightly lower than that of the Johnson-U distribution. This further confirms the effectiveness
of selecting the Johnson-U distribution as the daily hourly trading volume distribution for
stocks.

Table 4. Proportion of stocks that meet distribution types

Date Johnson-U distribution Inverse gamma distribution
March 8th, 2024 84.30% 80.80%
March 11, 2024 86.80% 86.10%
March 12, 2024 87.50% 85.80%
March 13, 2024 87.90% 86.00%
March 14, 2024 84.70% 80.90%

5 Conclusions

This article analyzes the hourly trading volume data of A-shares on a certain day. Based on
kernel density estimation in nonparametric statistics and the single sample KS test, it is
believed that the Johnson-U distribution fits the best, and the inverse gamma distribution and
normal inverse Gaussian distribution fit relatively well. Further research was conducted on the
trading volume data of multiple dates and different stocks, and it was found that the
Johnson-U distribution has the strongest applicability to the data. This result is of great
significance for understanding and analyzing the trading behavior of the stock market.
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