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Abstract—Traditional investment analysis
algorithms usually only analyze the similarity between
financial time series and financial data, which leads to
inaccurate and inefficient analysis of investment
characteristics. In addition, the trading volume of
financial securities market is huge, the amount of
investment data is also very large, and the detection of
abnormal transactions is difficult. The aim of feature
extraction is to obtain mathematical features that can
be recognized by machine. Different from the
traditional methods, this paper studies and improves
the big data investment analysis algorithm of abnormal
transactions in financial securities market. After
processing the captured trading data of financial
securities market, the big data feature of abnormal
trading is extracted. Combined with the abnormal
trading and the financial securities market, the
investment strategy is determined. The optimization
objective function is set and the genetic algorithm is
used to improve the investment analysis algorithm. The
simulation experiment verifies the improved investment
analysis algorithm, and the average Accuracy of
investment analysis is increased by at least 11.249%, the
ROI is significantly improved, and the efficiency is
higher, which indicates that the proposed algorithm has
ideal application performance.

Keywords—financial securities market; abnormal
trading; big data feature; investment analysis
algorithm; algorithm improvement.

I. INTRODUCTION

As the development of economy gets better and better,
people’s income is also rising. The traditional bank savings
have been unable to meet the needs of most people’s
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financial investment. More and more people put their funds
into the financial securities market. The financial securities
market is a place where all kinds of securities are issued
and exchanged, including stocks and bonds. With the
continuous accumulation of liquidity in the financial
securities market, many illegal acts are also born. In our
country, the CSRC is relied on to supervise the abnormal
trading behavior of the financial securities market, so as to
ensure the fair operation of the financial securities market
and safeguard the Ilegitimate rights and interests of
investors [1]. Mathematical finance is a branch of finance
system.

Investment advisors help clients design and manage their
portfolios by understanding their investment and financial
needs, their risk appetite, and their financial knowledge.
Artificial Intelligence (AI), with its enhanced “camera
decision-making” capabilities, not only provides every
customer with differentiated investment strategies, but also
has the potential to greatly improve the quality of service
by going beyond the developer’s cognitive model. Al
customer service has rapidly become a new business
growth point for financial investment services. In the era of
big data, "data is power", people can solve problems
directly based on big data, not on the premise of
transforming data into knowledge. In view of the huge
amount of transaction data in the capital market, it is
meaningful to use the big data framework to find rules and
make judgments from the transaction data to support the
investment portfolio decision-making of investors, which is
also the source of the core competitiveness of the business.

In recent years, related theories of finance have been
developing with the emergence of portfolio and other
models. In the past related research, there are still more
investment problems. Mean-variance portfolio is mainly
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used in the following two situations, namely, the
investment behavior requires the market environment to
consider the purchase of products as simply as possible.
However, with the gradual diversification of people's
consumption behaviors, investors are unable to keep a
rational mind when making investments and keep calm in
the face of risks. Therefore, such a form of investment
portfolio is no longer applicable to the modern market. It
also makes the relevant researchers continue to optimize
and upgrade the investment theory, the theoretical system
of comprehensive analysis of the problems and take
corresponding measures to improve and implement the
related to portfolio theory and the effective expansion of
the securities investment behavior research contents,
mainly on how to optimize and improve the content of the
portfolio theory.

However, with the continuous increase of trading volume
in the financial securities market, in order to obtain more
benefits, the issuers in the financial securities market will
disturb the order of the financial securities market through a
variety of abnormal trading behaviors. In addition, the
non-standard operation of some listed companies will lead
to the lack of investment function of the securities market.
These abnormal trading behaviors in the financial securities
market not only seriously disturb the normal operation
order of the market, but also seriously damage the return of
ordinary investors in the financial securities market.

Literature [2] puts forward the optimal investment view
under the condition of variable adjustment and minimum
insurance. Generally speaking, there are small batches of
operations before abnormal transactions occur in financial
securities market, so this method cannot analyze the data of
transactions. Literature [3] proposed an investment analysis
method based on empirical analysis of real options. This
algorithm requires a large number of prior data, and its
processing and analysis efficiency is relatively low, so
there are certain limitations when it is used. Literature [4]
proposes to select "Internet finance" and "big data" concept
stocks based on the limited attention theory in behavioral
finance, design corresponding matching stocks with the
help of propensity score method, and compare and test the
causal correlation model between investors' attention and
stock market trading volume and yield. Through empirical
analysis, it is found that: (1) investors' attention
significantly affects concept stocks rather than matching
stocks, and has a "plate phenomenon"; (2) Investors'
attention has a strong causal relationship with the trading
volume of concept stocks, and is related to the return of
concept stocks at the significant level of 10%; (3) The
relationship between investors' concern and the trading
volume of concept stocks is asymmetric, but it does not
exist with the yield of concept stocks. This study uses big
data to analyze the behavior characteristics of investors, but
can not screen out abnormal transactions.

At present, the amount of trading data in the financial
securities market is increasing, but the traditional
investment analysis algorithm can not meet the needs of the
current investment managers. Combined with the nature
and feature of trading data in the financial securities market,
this paper uses big data analysis technology to extract the
data feature of abnormal trading behavior in the financial
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securities market, so as to optimize and improve the
investment analysis algorithm. Therefore, based on the
above analysis, in order to improve the reliability of the
investment analysis algorithm, this paper will study the
improvement of big data feature investment analysis
algorithm for abnormal trading in the financial securities
market.

II. RESEARCH ON THE IMPROVEMENT OF BIG DATA
FEATURE INVESTMENT ANALYSIS ALGORITHM FOR
ABNORMAL TRADING IN THE FINANCIAL SECURITIES
MARKET

A. Capture abnormal trading big data in the financial
securities market

In the process of capturing trading data in the financial
securities market, due to a variety of reasons, market
trading data will appear missing, inconsistent and other
data, affecting abnormal data detection and capture. In
order to eliminate the interference of noise data on anomaly
detection and capture results, the following steps are used
to clean the market transaction data. For data type error,
coding error, format error and other forms of direct data
error, the cause of the error can be directly corrected. In
addition, in order to avoid the impact of inconsistent data
specifications on the accuracy of feature extraction of
abnormal trading big data in the financial securities market.
Through data cleaning, financial securities market trading
data specifications are unified and content is abstracted.
That is, the same securities, stocks and other trading
behavior data are made to have the same data object name
and type, and the data value unit, format and length are
consistent. If a certain type of securities and stocks in the
financial securities market are in the period of closing
adjustment, the transaction data is empty, and the data is
filled in the form of 0 code. After data filling, the data is
compressed on the premise of ensuring data integrity. Data
compression can effectively reduce the amount of data and
improve the processing, storage and transmission rate of
subsequent data.

The trading data of the financial securities market
contains multiple categories, and the features of different
categories of data are different. The data features are coded
by hot coding. N-bit 0 and 1 binary codes are used to
represent the state of scheduling data. If each feature of the
trading data in the financial securities market corresponds
to possible feature labels with the number of n, the data
features are transformed into n-dimensional binary feature
sequences after the exclusive hot coding [5].

Because the trading data of financial securities market is
dynamic and will change constantly. Therefore, it is
necessary to preprocess the network big data stream.
Window technology is simple and easy to understand, and
it usually takes the latest data as the main data, which meets
the requirements of capturing abnormal trading big data
stream in the financial securities market. When the new
data arrive, the oldest data in the window will be deleted
from the window and the new data will enter the window.
By keeping the amount of data in the window fixed, the
data in the current window can be processed and the
processing efficiency can be improved. In view of the
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higher efficiency of the sliding window processing method,
this paper chooses the sliding window method to process
the data flow to be detected in the network [6].

Assuming that the trading data flow of financial
securities market is DS=d,,,--,d,;,"--.d the
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The Figure 1 shows the schematic diagram of using the
function sliding window to process the trading data flow of
the financial securities market.
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Figure 1. Schematic diagram of sliding window processing
network big data flow

When the sliding window is used to process the trading
data stream of the financial securities market, the average
value of the data in the window is calculated according to
the time sequence of the data stream. The difference
between the average value and the average value of all the
data on the normal trading day of financial securities
market is made. If the difference is greater than the
previous difference, the data point is regarded as a
candidate outlier. Due to the difference of data point
distribution feature in different time periods of data stream,
when a data point is determined as a candidate abnormal
data point in a window, the data point may be normal when
the window slides to the next time [8]. Therefore, only
when the point is judged as a candidate abnormal data point
in the subsequent multiple sliding windows, can the point
be regarded as the abnormal data point to be tested. After
capturing abnormal trading data stream of the financial
securities market by using sliding window technology, the
features of data stream are extracted.
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B. Extract the features of abnormal trading big data in
the financial securities market

Due to the real-time, heterogeneous and large amount of
data, it is more difficult to extract abnormal behavior data
features from the trading data of the financial securities
market. In order to improve the efficiency of investment
analysis algorithm, this paper uses machine learning
principle to extract the features of abnormal trading big
data in the financial securities market.

Machine learning reduces the difficulty of trading big
data feature processing by reducing the dimension of
trading data in the financial securities market. First, the
probability distribution of abnormal trading big data in
high-dimensional space in the financial securities market is
calculated, and the calculation formula is as follows [9].

e -xl
exp S
2
D exp (_"Xi - Xk%_iz J

k=i
In the formula (1), X, and X; are any two data in the

p”i = (1)

big data of abnormal trading in the financial securities
market. X, is another trading data selected randomly. o, is
the Euclidean distance between the two abnormal trading
data x and X; in the financial securities market.
According to the above calculation results, the probability
distribution of data in high-dimensional space can be
obtained, so as to measure the similarity of data in the
whole data. Similarly, according to the principle shown in
the formula (1), the same data probability distribution is
constructed in low dimensional space, and the calculation
formula is as follows [10].
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In the formula (2), y; and y; are the two trading data
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corresponding to the low dimension space and the high

Yk
dimension space. When calculating the probability
distribution of data in high and low dimensional space, the
final probability distribution value should be as close as
possible. Then, the probability distribution divergence is
calculated according to the following formula to determine
the feature difference between abnormal trading data and
normal trading data.

The calculation formula of probability distribution
divergence is as follows.
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According to the probability distribution divergence of
data in two spatial dimensions, the distance between all
data in two spatial dimensions is calculated by clustering
algorithm, and the calculation formula is as follows [11].
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In the formula (4), z, is the cluster center
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high-dimensional space. zg' is the cluster center in low

dimensional space, that is, the adjacent sample to the

cluster center. X; is the feature vector of abnormal trading

data. The cluster centers are constantly changed. The
distance between the cluster center and the sample to be
clustered is calculated iteratively until the calculated
clustering distance is constant, and the cluster stops. The

larger the clustering distance d( 9> ,) is, the lower the

similarity between the features of the trading data to be
clustered and the feature vector of the cluster center is. The
probability distribution divergence of financial trading data
in two spatial dimensions is taken as the threshold of
clustering algorithm. If the clustering distance is greater
than the threshold, the data feature is the abnormal trading
data feature of financial securities market. After extracting
the features of abnormal trading big data in the financial
securities market, combined with the common investment
methods, the investment strategy under abnormal trading
behavior in the financial securities market is determined.

C. Determine the investment strategy under abnormal
trading behavior in the financial securities market

At present, the commonly used investment strategies in
the financial securities market can be divided into
benchmark strategy, chasing-up strategy, chasing-down
strategy, pattern matching strategy and meta learning
strategy. This section will analyze the specific use of these
five strategies to determine how to invest in the case of
abnormal trading behavior in the financial securities
market.

Benchmark strategy mainly refers to an investment
strategy in which investors do not intervene too much.
Generally, it can be divided into purchase holding strategy
and fixed proportion strategy. The purchase holding
strategy refers to that after a certain amount of initial
capital is invested in the financial securities market, the
proportion of capital investment is no longer adjusted
according to the operational risk of the market. This kind of
investment strategy is an ideal post event strategy which is
not suitable for large amount of investment in the case of
abnormal trading behavior. Fixed proportion strategy is to
adjust the proportion of investment funds in different risk
assets in each fixed trading period, so as to obtain the
cumulative rate of return. However, this kind of investment
method often results in higher operating trading costs [12].
Therefore, the investment proportion can only be adjusted
in a specific trading period.

Chasing-up strategy is to increase the investment
proportion of risk assets with better performance in each
investment trading period, in order to obtain higher
investment returns. This kind of investment strategy is risky
and easy to cause the investment funds to be locked up. The
chasing-down strategy is a kind of investment method
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which can appropriately increase the proportion and weight
of the risk assets when it is not good in the current
investment trading period. But it is predicted to be good in
the future growth trend. This kind of investment strategy
requires high investment ability of investors. Pattern
matching strategy needs more accurate prediction of the
future financial securities market. Generally, this kind of
investment strategy has a longer investment period and
higher requirements for investors’ investment psychology
[13]. Meta learning strategy is to use the learning algorithm
of artificial intelligence, which needs a lot of prior
knowledge and is not suitable for ordinary investors.

When there is abnormal trading behavior in the financial
securities market, benchmark strategy, chasing-down
strategy and pattern matching strategy should be combined
and used as the main strategies. Catch-up strategy is used
as the supplemental strategy to invest. According to the
investment strategy in the case of abnormal trading
behavior in the financial securities market, the investment
analysis algorithm is improved.

D. Complete the improvement of investment analysis
algorithm in the financial securities market

The essence of investors’ investment behavior in the
financial securities market is to hope that the net present
value of the risk assets they choose will increase, so as to
improve the return on investment. Therefore, this paper
takes the maximum net present value as the objective of
investment analysis algorithm improvement and
optimization, and establishes the following optimal
objective function [14].

max NPV = -1 5
=1 (l+ k) %)

In the formula (5), n is the investment period set by the
investor for the current purchase of risky assets. k is the

minimum capital return rate required for the investor when
selecting the investment strategy. C, is the capital return

of the investor within the set investment period. | is the
investment expenditure. Genetic algorithm is used to
optimize the above objective function solving algorithm, so
as to improve the investment analysis algorithm.

According to the process of biological evolution,
individuals in the population are selected according to the
size of adaptability, and the probability of individuals being
selected can be calculated by the following formula
[15-17].

(6)

In the formula (6), f(xj) is the individual fitness

value. The higher the fitness value is, the more likely the
individual will be selected. The selected individuals are
arranged according to the fitness value, and the selected
individuals are crossed and mutated. A random number is
selected in the [0, 1] interval. If the random number is less
than the individual selection probability, the individual is
selected as the crossover parent, and then the parent is
randomly paired according to the following formula.
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In the above formula, ¢ is a random number on the

interval [0, 1]. v, and v, are the two cross variant

parents. v; and v, are offspring after cross mutation.

When the fitness function value of the genetic operator no
longer changes, the iteration is stopped, and the
improvement of the investment analysis algorithm based on
genetic algorithm is completed. Through the above content,
this paper completes the research on the improvement of
big data feature investment analysis algorithm for abnormal
trading in the financial securities market. The performance
of the algorithm will be tested as follows [18-20].

III. SIMULATION EXPERIMENT AND ANALYSIS

This paper studies the improvement of big data feature
investment analysis algorithm for abnormal trading in the
financial securities market. This section will verify the
improvement effect of the above algorithm through
simulation experiments.

A. Experimental environment and data processing

This paper selects the historical trading data stored in a
financial securities market as the research object, and
selects the trading data of all trading days in the financial
securities market from March 14, 2017 to March 14, 2018
from the trading data storage terminal of the financial
securities market as the test data of the simulation
experiment.

Volume 16, 2022

The experiment is carried out on the simulation platform
with Intel Core i7, CPU at 3.89 GHZ, 16 G memory and
500G hard disk storage. The experimental simulation
platform is equipped with professional securities simulation
operation software, which is used to verify the investment
analysis algorithm of the financial securities market.

B. Experimental process

This experiment uses the traditional investment analysis
algorithm mentioned in literature [2] and the traditional
investment analysis algorithm mentioned in literature [3] to
compare with the improved big data feature investment
analysis algorithm of abnormal trading in the financial
securities market to complete the simulation example
verification. In Tongdaxin Securities simulation software,
three investment analysis algorithms are used to make
investment. By comparing the rate of return on investment
and Accuracy of investment analysis, the practical
application effect of the three algorithms is compared.

C. Experimental results

The actual data of three investment analysis algorithms
are shown in the table below. By analyzing the data in the
table, the final conclusion of this experiment is obtained.

Table 1. Comparison of simulation application verification data of three investment analysis methods

Investment Literature [2] algorithm Literature [3] algorithm Algorithm in this paper
behavior Return on Accuracy of  Returnon  Accuracy of  Return on Accuracy of
number investment/ investment  investment/  investment  investment/ investment
% analysis/% % analysis/% % analysis/%
1 0.186 59.4 0.328 63.7 0.985 75.7
2 0.206 59.6 0.513 66.2 0.898 78.4
3 0.229 60.2 0.377 64.4 0.977 79.5
4 0.209 58.7 0.332 65.6 0.911 74.6
5 0.222 57.3 0.449 65.8 0.916 76.9
6 0.352 60.8 0.514 67.0 0.969 75.2
7 0.184 59.1 0.359 65.5 0.963 79.6
8 0.214 58.7 0.469 65.3 0.944 77.3
9 0.215 61.1 0.454 67.4 0.996 76.1
10 0.202 58.6 0.436 65.8 1.006 75.8

It can be seen from the above table that when the
algorithm mentioned in the two pieces of literature is
used for investment, the return on investment is far lower
than that of the method in this paper. The average
Accuracy of investment analysis of the algorithm in
reference [2] is 59.35%, the average Accuracy of
investment analysis of the algorithm in reference [3] is
65.67%, and the average Accuracy of investment analysis
of the algorithm in this paper is 76.91%, which is higher
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than the other two algorithms. Combined with the
Accuracy of investment analysis of the algorithm and the
data change, the practical application effect of this
method is better. To sum up, the big data feature
investment analysis algorithm for abnormal trading in the
financial securities market studied in this paper has good
data processing effect, can at least improve the Accuracy
of investment analysis of about 11.24%, and effectively
improve the return on investment.
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On the basis of the above experimental results, the
algorithm in reference [2] and the algorithm in reference
[3] are used as comparisons to compare the analysis
efficiency of the proposed algorithm with the
characteristic investment analysis efficiency of the big
data of abnormal transactions in the financial securities
market, so as to verify the application performance of
different algorithms. In this experiment, memory index is
used to reflect the efficiency of different algorithms. The
smaller the memory occupied by the algorithm, the higher
the efficiency of the algorithm. The unit of memory is
MB. As is shown in Figure 2.
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Figure 2. Comparison of evaluation of memory of different
algorithms

According to the experimental data in Figure 2, during
400 experimental iterations, the fluctuation range of
memory occupied by the algorithm proposed in reference
[2] for big data feature investment is 600MB ~ 800MB.
The fluctuation range of memory occupied by the
algorithm proposed in reference [3] for big data feature
investment is 600MB ~ 1200MB. Compared with the
other two traditional algorithms, the algorithm proposed
in this paper occupies less memory when analyzing the
big data characteristics of abnormal transactions in the
financial securities market. In the experimental process,
the memory occupied by the proposed method is always
less than 300MB. This shows that the proposed method
occupies less memory in practical application and has less
impact on the running efficiency of the server. Therefore,
the experimental results show that the algorithm has more
ideal application efficiency and better applicability.

IV. DISCUSSION

The core of big data technology is prediction. When
the scale of information data provided is large to a certain
extent, the possibility of events directly reflected in the
database can be predicted. With the rise of big data
technology, more and more hedge funds and other
institutional investors around the world have used it to
determine specific investment strategies, and have also
obtained more considerable investment returns than
before. In this context, this paper designs a new
investment analysis algorithm. The designed simulation
experiments show that the average investment analysis
accuracy of this algorithm is 76.91%, which is
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significantly higher than the literature algorithm. The big
data characteristic investment analysis algorithm for
abnormal transactions in the financial securities market
studied in this paper can improve the accuracy of
investment analysis by at least 11.24%. Compared with
the other two traditional algorithms, this algorithm
occupies less memory for the investment analysis of big
data characteristics of abnormal transactions in the
financial and securities market, and has ideal application
efficiency and better applicability.

V. CONCLUSION

In order to improve the problems of inaccurate and
inefficient analysis of investment characteristics in the
traditional investment analysis algorithm, this paper
improves the big data characteristic investment analysis
algorithm of abnormal transactions in the financial
securities market. Combined with abnormal trading and
financial securities market, determine the investment
strategy. The optimization objective function is
established, and the genetic algorithm is used to improve
the investment analysis algorithm to complete the
analysis of the characteristics of abnormal trading big
data in the financial securities market. Simulation
experiments are designed to verify the application
effectiveness of the proposed algorithm. The
experimental results show that the average accuracy of
investment analysis under the proposed method is
improved by 11.24%, the return on investment is
significantly improved, the efficiency is higher, and the
situation of financial securities market is changing rapidly.
In the future research, it is still necessary to deeply study
the implicit rules in the trading of financial securities
market in order to improve the performance of the
algorithm.
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