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Abstract. Technical indicator factors can quickly reflect the transformation of
current market behavior. The application system in quantitative trading has become
increasingly mature in recent years. Back testing is widely used in factor validity
tests because of its validity. However, the current research on the effectiveness of
technical indicator factors has ignored the adaptability to the model timing strategy,
and the use of factors is not differentiated enough. How to carry out reasonable and
effective factor validity research has become a difficult problem for many scholars
to discuss. This paper first selected representative technical indicators as the
research object and crawled the trading data of Chinese A-share listed companies
through Python. It then calculated the sample data using computer databases such
as Pandas and NumPy. Furthermore, this paper confirms the optimal interval of each
factor with the method of back testing. On this basis, it tests the income distribution
of each factor and the maximum pullback. It introduces the timing method of the
simple moving average for comparison and discusses the feasibility of using a
technical indicator strategy to conduct stock selection trading.
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1. Introduction

Compared with fundamental indicator factors, technical indicator factors focus more on
the use of stock prices, trading volumes, and other indicators in the market to reflect
changes in market behavior ['l. In contrast, back testing is an empirical way to substitute
trading strategies or models into historical data for reverse testing for cross-validation 2/,

At present, the back testing research on factors mainly focuses on verifying the
effectiveness of factor stock selection 131 while ignoring the adaptability of factors and
timing strategies. Even if the factors with high stock selection effectiveness have low
adaptability to the timing strategy in the model, the ability of the trading model to obtain
excess returns and control the maximum back testing is difficult to be guaranteed. And
among many technical index factors, some have strong stock selection ability, and some
have an outstanding ability to make profits at the right time. However, many researchers
have not accurately distinguished and applied these factors. Therefore, this paper will
study the above issues, and further improve the application system of technical index
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factors in the field of stock quantification. It will explore more effective stock
quantification strategies based on technical index factors, providing a useful experience
for more scholars to conduct in-depth research.

2. Sample Selection and Data Processing

2.1 Selection of Technical Indicators

Since technical indicators are a kind of indicators derived from historical market data such
as stock price, trading volume, and turnover, and there are many types and quantities of
technical indicators, it is necessary to use models to analyze different types of technical
indicators. Technical indicators can be divided into price momentum, price reversal,
trading volume, and price volume. Therefore, when building the model, this paper mainly
takes the classical indicators of the four types as the research object of the factor validity
test. MACD and MTM are price momentum indicators. KDJ and WR are price reversal
indicators. VWAP and volume price correlation coefficient (hereinafter referred to as
“CCOQAP”) are price volume indicators, and the standard deviation of BIASVOL is
trading volume indicators. The above indicators are defined in the following table (Table
1).

Table 1. Definitions of technical indicators selected in this document.

Indicator Name Indicator Definition

The timing of buying and selling is studied and judged by the convergence and
MACD separation between the short-term index moving average and the long-term index
moving average of the closing price.

The momentum of the price is measured by the difference between the price of
the day and the price of N days ago.

It is used to measure the position between the lowest price and the highest price
of the current closing price in the past N days. The higher (lower) the value, the
closer it is to the highest (lowest) price in the past N days. When the value is too
high or too low, the price may reverse.

It is used to measure the strength of the market and the state of overbought and
oversold. It is generally believed that when WR<20, the market is overbought;
When WR > 80, the market is oversold; When WR is between 20 and 80, it is
more balanced.

The weighted average of prices is calculated with the trading volume as the
VWAP weight. If the current price crosses VWAP upward, buy; if the current price goes
down through VWAP, it is sold.

MTM

KDJ

WR

Volume price
correlation
coefficient

Pearson correlation coefficient between the closing price of stock resumption
and the daily turnover rate of stock in the past half month.

The turnover version of the BIAS indicator. If BIASVOL6>5, BIASVOL12>
BIASVOL 7 and BIASVOL24>11, a buying signal will be generated; [f BIASVOL6<<-5,
BIASVOL12<-7 and BIASVOL24<-11, a sell signal is generated.

2.2 Sample Data Processing

This paper takes all the stocks of listed companies of A-share before December 14, 2022,
as the research object, and the research range is from January 1, 2010, to December 14,
2022. In this research interval, China’s stock market has experienced many bull-bear
transitions, almost covering all the trends of the stock market under different systematic
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risks. The data in this paper is from Tencent Finance, and the data analysis software is
Python.

In this paper, we first use the crawler to obtain the opening price, closing price, lowest
price, and highest price of the stock. Then, we use the recovery factor to calculate the
recovery price of the four indicators in turn. After obtaining the recovery price, this paper
uses Pandas, NumPy, and other computer databases to calculate relevant technical
indicators, including MACD indicators, WR indicators, KDJ indicators, VWAP, MTM
indicators, volume price correlation coefficient indicators, and BIASVOL indicators, and
takes these indicators as the research object of factor test. Then this paper divides these
indicators into five equal parts, with an interval span of 0.2. It describes the income
distribution of each major indicator in different intervals in the form of bar charts.

3. Back Testing

3.1 Distribution of Factor Income

Before building the model, use Python to back test the above indicators with the interval
from January 1, 2010, to December 14, 2022. According to the stock selection frequency
of ten stocks per week, we count the returns of each research object in different intervals
and judge whether it is suitable for China’s A-share market according to IC and IR
rankings. This paper lists the income distribution map of MACD and KDJ indicators
(Figure 1 and Figure 2) (61,

IC is the abbreviation of the Information Coefficient, which represents the correlation
between the predicted value and realized value ). The larger the absolute value is, the
better the prediction ability of the indicator is ¥l When 1C>0.05, the indicator can be
regarded as an effective indicator. IR is the abbreviation of Information Ratio, which
refers to the ratio of the mean value of excess return to the standard deviation, representing
the ability of indicators to obtain stable Alpha. When IR>0.5, the indicator has a strong
ability to stably obtain excess returns.
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Figure 1. Income distribution map of MACD indicators.
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Figure 2. Income distribution map of KDJ indicators.

It can be seen from the income distribution map of the seven indicators that MACD
indicators and KDJ indicators show a normal distribution, with the largest income in the
range of 0.4-0.6. However, the returns of MTM indicators, volume price correlation
coefficient, and BIASVOL decrease with the increase of the range, showing a right bias
trend. WR has the largest return in the 0.6-0.8 range, showing a left bias trend. The VWAP
index gains the most in the 0-0.2 range, but the distribution trend is not obvious.

According to the IC and IR of each technical indicator (Table 2), this paper finds that
MACD, MTM, KDJ, VWAP, volume price correlation coefficient, and BIASVOL have
positive IC values. Among them, the IC values of MTM and BIASVOL are >0.05, which
can be used as effective factors and have good stock forecasting ability. In terms of IR,
MTM, volume price correlation coefficient, and BIASVOL index have a strong ability to
obtain excess returns.

Table 2. IC and IR of technical indicators.

Factor IC IR
MACD 0.0372 0.3159
MTM 0.0695 0.5381
KDJ 0.0406 0.2886
WR -0.0267 -0.3467
VWAP 0.0203 0.1220
corr;;:;)tlilz)lrlllif:f%ecient 0.0479 0.5975
BIASVOL 0.0749 0.5754

3.2 Factor Validity Test

In this paper, according to the income distribution chart of indicators, all factors are
limited to their optimal intervals. The model is used to calculate the annualized income
and maximum rollback generated by each factor in the optimal interval.
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VWAP 8.92%
WR 7.10%

KDJ 10.13%

Volume price
correlation 12.28%
coefficient

MTM 14.30%
MACD 11.89%

BIASVOL 17.64%

Figure 3. Comparison of annualized returns of major factors within the optimal range.

From Figure 3, this paper finds that BIASVOL, a technical indicator of trading
volume, has achieved an annualized return of 17.54% in the 12-year back testing interval.
In contrast, MTM, volume price correlation coefficient, MACD, and KDJ indicators can
all achieve an annualized return of more than 10%, which can be used as a signal indicator
for the stock market to go long, while WR indicator does not have relatively high
annualized returns. Furthermore, the maximum pullback of 7 indicators is measured.

VWAP

WR

KDJ

Volume price correlation coefficient
MTM

MACD

BIASVOL

-72.00% -70.00% -68.00% -66.00% -64.00% -62.00% -60.00% -58.00% -56.00%
Figure 4. Comparison of maximum rollback of major factors in the optimal interval.

From Figure 4, this paper finds that the maximum rollback rate of these seven
indicators is basically within the range of 60% to 70%, and the maximum pullback rate of
the WR indicator ranks first. This shows that the WR indicator is not suitable for stock
selection strategy in China’s A-share market. The volume price correlation coefficient,
MACD, and MTM indicators can make the back testing effect maintain a high annualized
rate of return while controlling the maximum rollback rate at a low level. Then this paper
adds a simple moving average timing strategy to observe the effect of its factors under
timing conditions.
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Figure 5. Comparison of timed annualized returns of major factors in the optimal interval.

From Figure 5, this paper finds that the returns of most factors will shrink under the
condition of timing, but the annualized returns of MACD indicators and VWAP indicators
will increase rather than decrease. This shows that MACD indicators and VWAP
indicators are more suitable for use in combination with timing trading strategies.
Furthermore, the maximum pullback of 7 indicators under timing conditions is measured.

B Maximum withdrawal
(with timing)

Maximum withdrawal

-80.00% -70.00% -60.00% -50.00% -40.00% -30.00% -20.00% -10.00% 0.00%

Figure 6. Comparison of maximum withdrawal of each major factor in the optimal interval.

From Figure 6, under the condition of timing, VWAP indicators can greatly reduce
the maximum pullback and effectively reduce the losses of investors. At the same time, it
is worth mentioning that although the yield of the BIASVOL indicator decreases under
the condition of timing, its maximum rollback can be reduced to half of the original level
under the condition of timing, and the optimization effect is more significant.

4. Conclusion
By comparing the results of back testing, the following conclusions are drawn in this paper:

First, the effectiveness of the WR indicator is low, whether in terms of the ability to
obtain excess returns or the ability to control the maximum rollback.
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Second, MACD, MTM, KDJ, and volume price correlation coefficient indicators

have a good ability to obtain excess returns and control maximum pullback but have poor
adaptability to timing strategies. They are more suitable for building stock selection
models.

Third, VWAP indicators and BIASVOL indicators have a better ability to obtain

excess returns and control the maximum rollback. They are more adaptable to timing
strategies, which is more suitable for the construction of timing trading models.
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