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Abstract: Despite the future price of individual stocks has long been proved to be unpredictable
and irregular according to the EMH, the turning points (or the reversal) of the stock indices trend
still remain the rules to follow. Therefore, this study mainly aimed to provide investors with new
strategies in buying ETFs of the indices, which not only avoided the instability of individual stocks,
but were also able to get a high profit within weeks. Famous theories like Gann theory and the Elliott
wave theory suggest that as part of the nature, market regulations and economic activities of human
beings shall conform to the laws of nature and the operation of the universe. They further refined only
the rules related to specific timepoints and the time cycle rather than the traditional analysis of the
complex economic and social factors, which is, to some extent, similar to what the Chinese traditional
culture proposes: that every impact on and change in the human society is always attributable to
changes in the nature. The study found that the turns of the stock indices trend were inevitable at
specific timepoints while the strength and intensity of the turns were uncertain, affected by various
factors by then, which meant the market was intertwined with both certainty and uncertainty at
the same time. The analysis was based on the data of the Shanghai Index, the Second Board Index
and the Shenzhen Index, the three major indices that represent almost all aspects of the Chinese
stock market, for the past decades. It could effectively reduce the heteroscedasticity, instability and
irregularity of time series models by replacing 250 daily high-frequency data with the extreme points
near every twenty-four solar terms per year. The forecasts focusing on the future stock trend of
the all-solar-terms group and the eight-solar-terms group were proved accurate. What is more, the
indices trend was at a high probability to turn in a range of four days at each solar term. The alert
period also provided the readers with a practical example of how it works in the real investment
environment.

Keywords: n-day extreme point; valid time radius; ARIMA–ARCH model; efficient-market hypothe-
sis; adaptive market hypothesis

1. Introduction
1.1. General Survey of the Study

According to the efficient-market hypothesis (EMH) and the adaptive market hypoth-
esis (AMH), the future price of an individual stock is impossible to predict and, as the
efficiency of the market goes high, the market tends to be more stochastic and disordered,
and there are no methods to make any valid prediction ahead from the present. Even
though the market is not that efficient in the real world, the prediction is still very hard
and unrealistic to make [1].

On the contrary, many researchers have been studying and proved that stock indices
are rather predictable to some extent in terms of volatility, revenue, returns, etc. [2,3]. Stock
indices are comprehensive special-type stocks that represent a category of individual stocks
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instead of the stocks belonging to a certain company. Stock indices are more stable and
regular and also reflect a country’s overall development of the economy and finance.

Furthermore, our study mainly focused on the turns and reversal of trend of the three
major Chinese stock indices (i.e., whether they would rise or fall in the future or fluctuate
with no obvious rise or fall but not the forecast of a certain price or point or an analysis of a
numeric error).

The three major indices are the Shanghai Index, the Second Board Index and the
Shenzhen Index.

There are around 3000 stocks totally in China’s stock market covering all categories of
companies and businesses while the three indices are the only three indices that generally
represent the 3000 stocks.

The Shanghai Index and the Shenzhen Index cover a range of state-owned companies,
big industrial companies, bank securities, energy and resources companies, manufacturing
companies, etc. They show the basic power of a country. The Second Board Index includes
some startup enterprises, high-technology companies, innovative companies, service in-
dustries, environmental protection companies, etc. It shows the advanced technology of
China.

Although there are also other smaller indices, they are actually the sub-indices of the
three indices above. However, the new Tech Innovation Index only appeared in 2020, so it
lacks a great deal of samples.

These three indices are like DJI, IXIC and SPX 500 in the US and therefore we do not
need to care about any individual stocks but focus on the three indices.

In general, we selected those three indices that are capable of showing the comprehen-
sive status of China’s stock market. They are all-round and stable, covering all kinds of
stock categories.

With the results of indices, we can invest in the ETFs that belong to them which
are the Shanghai 50 ETF (510050), the Second Board 50 Fund (159949) and the Shanghai–
Shenzhen 300 Fund (000300). Those funds are exactly coincident with the indices they
correspondingly belong to. Since the indices are not available to invest, we buy their ETFs.
In other words, if the index rises, the ETF rises correspondingly. Figuring out the rule of
index reversal can simultaneously reflect on the ETFs, bringing direct financial profit to
investors.

The major finding and philosophy of the study is that market rules and economic
activities of human beings conform to the laws of nature and the operation of the universe.
There are both certainty and uncertainty intertwining in the stock market and, in fact,
that also exists in every aspect of the world, and that is the nature philosophy. Nothing
remains without changes, like the stock market, but if we figure out when it is possible to
have a reversal or what is the signal before turning points, that would be enough for our
investment. Therefore, our philosophy in the study was to find out those aspects that will
not change apart from the uncertainty.

In this paper, we started with defining the trend and turning points of stocks which
many investors only judge by their intuitive feeling or depending on the shape in the
software. We first transferred the intuitive feeling to strict definition, and it could be
applied in further related studies. We then made a series of statistics to show the correlation
between the stock trend and solar terms as well as the probability. We later introduced the
concept “alert period” which was actually a practical example to tell the readers how to
operate in the real investment environment. We also discussed the EMH and the AMHA
in detail, confirming that our study was based on the rationality and feasibility theories.
Meanwhile, we explained why time factor was important beyond other regular human
factors. In the last part of the study, we used a time series analysis to make further forecast
and assessment.

This study mainly took the Shanghai Stock Index (000001) as an example to make a
detailed process discovering the relationship between the solar term and the turning points
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of the index trend, and used the solar term for the time series analysis to predict the future
trend.

Meanwhile, we also tested the Second Board Index and the Shenzhen Index as evi-
dence of applicability of our study. However, for convenience, we only show the results of
these two indices directly with the same approach as dealing with the Shanghai Index.

1.2. Introduction of Chinese Twenty-Four Solar Terms

The Chinese traditional twenty-four solar terms are the theory and wisdom of natural
climate and the turning points of seasons summarized by the ancient Chinese people.

With the arrival of one solar term after another, farming, planting and other agricul-
tural activities also usher in one key timepoint after another. The twenty-four solar terms
provide people with crucial time information such as when to sow, when to enhance farm-
ing, when to rest and stop farming and when to harvest. Moreover, the temperature and
climate of each year also change significantly in these 24 solar terms, forming fluctuations.
The seasonal cycle of rising and falling, annual cooling, heating, rainfall and snowfall often
occur at a time very close to or exactly at the solar term.

Twenty-four solar terms have been widely used in the field of traditional Chinese
medicine [4], which makes us more firmly believe that the natural law represented by the
Chinese twenty-four solar terms, as the traditional culture, has already had a potential
impact on various aspects of human society [5]. Our study uses the twenty-four solar terms
to discover the possible impact on the stock market [6,7].

Today’s twenty-four solar terms are based on the position of the sun on the ecliptic.
That’s the annual motion track of the sun which is divided into 24 equal parts, each 15◦

is one part (Figure 1), each one is a solar term; the first one is Chunfen and the last one
is Dahan. On 30 November 2016, the twenty-four solar terms were officially listed in the
UNESCO representative works on intangible human cultural heritage.

In the time cycle theory of Gann theory [8], the division of Gann’s wheel and the date
or time cycle corresponding to the angle often lead to the turning of stock trend. Gann’s
wheel can represent the cycle of one year, ten years or even thirty years, and the division of
Gann’s wheel in one year as a cycle is exactly the same as with the 24 solar terms in China,
and the most important eight angles also perfectly match the most important eight solar
terms in the 24 solar terms.

We were inspired by Gann theory, but we were more willing to propose a Chinese-style
method and theory. Therefore, in the following parts of the study, we mainly discussed the
relationship between the solar terms and the stock reversal.

Making significant analysis and achievement on solar terms may also inspire other
researchers to apply them in other fields, and the philosophy of the time factor is really
important in guidance. We reviewed it in the Discussion part of the paper.

1.3. Data

The data we used in Chapter 2 are as follows:
Shanghai Index (code 000001): daily closing price (point) of marketing days from

3 January 1995 to 14 August 2020, 6463 datapoints in total.
Second Board Index (code 399006): daily closing price (point) of marketing days from

1 June 2010 to 9 February 2021, 2693 datapoints in total.
Shenzhen Index (code 399001): daily closing price (point) of marketing days from

3 January 1995 to 3 February 2021, 6439 datapoints in total.
The data we used in Chapter 5 are as follows:
Based on the data above but differently, we only used the price near each solar term

which is the biggest n-day extreme point in a 4-day time radius of each solar term.
The last several solar terms were used as the test group.
The data are open and easily found on many websites such as https://money.163.com,

accessed on 28 February 2021; readers that are not in China may also download them for
free; to find them, enter the stock code.

https://money.163.com
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1.4. Time Cycle Theory and Division of Time

In this section, we introduce an innovated philosophy in stock analysis, which actually
was not that new in ancient China, the main refrain throughout our study. The philosophy
is that time matters at all times. According to our previous experience and the Chinese
traditional culture, human society is affected by natural factors at every moment, and one
of the factors is time (including the time cycle, timepoints and time periods).

Despite the fact that the absolute price of a stock is generally supposed to be unpre-
dictable, the turning points and reversal of trend of stock indices have rules to follow. Gann
theory [9–14] suggests that the cycle of time is almost everywhere in the stock market, like
our pulse cycle and four seasons of the year. Nobody denies the existence of the time cycle
as it retains its rationality and regularity in the nature. Whether or not we know, the regular
shocks and vibrations in the stock market caused by time do happen.

In our paper, we only analyzed the trend and turning points of the Shanghai Index
rather than a certain stock or an absolute stock price. We supposed that the index is a wide
and general performance of the stock market which eliminates many extreme and irregular
cases.

Many theories have focused on calendar effects [15–17], and all of them show the
effort in searching for the independent time factors over regular human factors that may
affect the stock market. However, such a division of time is so modern that the turns do not
always falls on them. Besides the solar terms, in China, we have 12 zodiacs (corresponding
to a 12-year cycle), lunar months (corresponding to the monthly change of the moon),
10 heavenly stems and 12 earthly branches as well as the constellation of both the Chinese
version and the Western version (Figure 2). Thus, we can see that throughout the history,
ancient people were always doing tremendous work in summarizing many kinds of time
cycles in order to survive, forecast and develop their civilization.
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For this reason, we had no need to summarize anything anew. We simply adapted the
solar terms of the ancient people and firmly believe that the 24 solar terms are already an
effective division of time periods which have potential influences on other aspects of life
not only in the agriculture, but also in the stock market, human body, mood, stability of
the society, etc. Therefore, in this paper, we made an effort to figure out whether there is a
link and correlation between the turning points of the Shanghai Index trend and the solar
terms.

Finally, we made an example to explain the concept of time in four-dimensional space
as follows:

We say that altitude is not equal to temperature (i.e., it gets colder with height), but
imagine a two-dimensional worm being moved up and down by someone else in the air;
it may get confused about what makes it feel cold for a while as it is not able to detect
that it is actually the change in altitude that causes the change of temperature. Therefore,
we, the human beings, also lack the ability to discover the cause in time (i.e., time is a
four-dimensional factor that may cause volatility in our three-dimensional world), and we
believe that while we are moving ahead along the time axis (t axis), we may come across
many specific timepoints that influence certain aspects of our world (e.g., the stock market,
investors’ mood, efficiency of the market, world events, etc.); that is the reason why Gann
and Elliott both stressed the time cycle, the wave cycle, etc.
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2. Turning Point and Extreme Point
2.1. Time Cycle Theory and Division of Time

Definition 1. Price (point) of a stock (index). Let the price of a stock per day x = x(t) be a function
of date.
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P.S. Based on the fact that we only focused on indices in this paper, we did not
distinguish between the price and the point, the stock and the stock index.

Definition 2. Extreme point of range. Extreme point of range P = P(n, t) is an extreme point
over n days before and after, t is a date. We call it an n-day extreme point, where n is an integer, i.e.,
∃ t∗ s.t. ∀t ∈ [t∗ − n, t∗ + n]
If:

x(t) < x(t∗), P+(n, t∗) is a high n-day extreme point;
x(t) > x(t∗), P−(n, t∗) is a low n-day extreme point.

Usually, we call them both n-day extreme points in brief.

The names of these 24 solar terms are only shown in pinyin and the readers can easily
find the explanations online (Table 1). Every solar term has its significant and irreplaceable
meaning in the Chinese culture.

Table 1. Names and order of the 24 solar terms.

Lichun Yushui Jingzhe Chunfen Qingming Gu’yu
3 4 5 6 7 8

Lixia Xiaoman Mangzhong Xiazhi Xiaoshu Dashu
9 10 11 12 13 14

Liqiu Chushu Bailu Qiufen Hanlu Shuangjiang
15 16 17 18 19 20

Lidong Xiaoxue Daxue Dongzhi Xiaohan Dahan
21 22 23 24 1 2

What is more, the names of solar terms in the table are ordered according to the
Chinese lunar calendar, where Lichun is the first term in a lunar year, Yushui is the second
term and Dahan is the last term. However, for convenience, the numbering of solar terms
is according to the international solar calendar, in which Xiaohan is the first, happening
around 5 January each year while Dongzhi is the last, taking place near 22 December each
year. The order above is just for convenience in later mathematical equations.

Definition 3. Strong turning point. When n = 20, we call an n-day extreme point a strong turning
point P = P(20, t).

We finally screened out 174 strong turning points. The sequence of strong turning
points is

{
p20

k
}

, k = 1, 2, 3 . . . , 174; 6436 daily closing prices of the Shanghai Index were
taken from 3 January 1995 to 14 August 2020 (the day this study began); the sequence is
xn = xn(tn), n = 1, 2, 3 . . . , 6436, representing the order of market trading days.

We then fitted the daily price based on the interpolation of these 174 strong turning
points:

For the adjacent solar points p20
k−1, p20

k , we set up a linear polynomial:

Lk(x) = ax + b (1)

Lk(xk−1) = p20
k−1 (2)

Lk(xk) = p20
k (3)

Altogether, from all Lk(xk), we eventually obtained 6436 interpolated price data
(including 174 strong turning points themselves).

We obtained the correlation coefficient ρ = 0.9878

ρ =
∑6436

i=1 (hi − hmean)(xi − xmean)√
∑6436

i=1 (hi − hmean)
2
√

∑6436
i=1 (xi − xmean)

2
(4)



Mathematics 2021, 9, 1713 7 of 24

We refined 174 strong turning points to replace 6436 daily price data, which seems to
lose a great portion of information; however, it appeared that the 174 strong turning points
could still fit the trend of the index in the previous 25 years well. That was because most
of the daily price data simply belonged to the link between two adjacent extreme points
(may have been strong turning points) and did not have extra information (i.e., every trend
had already been presented by two extreme points). Instead, more meaningless price data
only bring in more instability, volatility and error that may interfere with the investors’
observations (Figure 3).
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That provides a reference for long-term investors: when the price does not reach the
extent of a strong turning point (in fact, we often choose n = 10 or 15 for different terms of
investment), the index would not have a strong reversal, and the investor can keep holding
their stock. When the index goes over or falls below this extent, one would better not
expect it to restore soon and it is a time to buy or to sell.

Definition 4. Valid time radius: m-day valid time radius: when an n-day extreme point is close to
the nearest solar term point within m days (before or after), we believe that this n-day extreme point
is related to that solar term point and the solar term is valid (Figure 4).
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2.2. Valid Extreme Point

TQ refers to the total quantity of n-day extreme points of a stock index while VQ
stands for the valid extreme points among those total n-day extreme points. We then used
the proportion to estimate the probability of validity (p = proportion = VQ/TQ) which
means the probability of p that a solar term causes the reversal of the trend of the stock
index.

Here, we showed the proportion of valid turning points and valid 10-day extreme
points (Tables 2–6).

Table 2. Proportion of valid strong turning points of the Shanghai Index.

m-Day Valid Time Radius Quantity of Valid Extreme Points (VQ) Quantity of Total Extreme Points (TQ) Proportion (p)

3 days 115 173 66.1%
4 days 145 173 83.3%

Table 3. Proportion of valid 10-day extreme points of the Shanghai Index.

m-Day Valid Time Radius Quantity of Valid Extreme Points (VQ) Quantity of Total Extreme Points (TQ) Proportion (p)

3 days 216 342 63.1%
4 days 277 342 80.1%

Table 4. Proportion of valid 5-day extreme points of the Shanghai Index.

m-Day Valid Time Radius Quantity of Valid Extreme Points (VQ) Quantity of Total Extreme Points (TQ) Proportion (p)

3 days 472 724 65.2%
4 days 599 724 82.7%

The result of the China Second Board Index was similar to the Shanghai index, and
that showed the applicability to Chinese stock indices.

Table 5. Proportion of valid 5-day extreme points of the Second Board Index.

Probability 5-Day Extreme Points 10-Day Extreme Points Strong Turning Points

3-day valid time radius 63.9% 71.9% 69.8%
4-day valid time radius 80.1% 83.1% 80.2%

Table 6. Proportion of valid 5-day extreme points of the Shenzhen Index.

Probability 5-Day Extreme Points 10-Day Extreme Points Strong Turning Points

3-day valid time radius 64.8% 65.4% 66.1%
4-day valid time radius 82.7% 81.6% 82.2%

In the medium-term and long-term stock investment, the radius conditions of three
days and four days were enough to provide a strong reference for investment strategy. The
n-day extreme points of different n values often occurred near the solar term point, and
investors should pay more attention to the three or four days before and after the solar
term. If the price is too high (too low), then we need to be alert. After several verifications
with different n, the proportions were similar where the probability was over 80% with the
4-day valid time radius while it only occupies a half of the days between two solar terms
(i.e., 4 days before and after occupy 8 days in 15 workdays between adjacent solar terms).

In this way, we supposed that solar terms have an impact on the stock trend and it
is like damping, forcing the stock trend to turn or at least hinder its present trend status.
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With a solar term every 15 days, the stock trend was suggested to have a major change,
forming what we saw, ups and downs in serrated fluctuations.

In this section, we verified that a turn or a reversal (i.e., an n-day extreme point, n ≥ 5)
always occurred near solar terms.

2.3. Alert Period

In this chapter, we show a practical example of how to react and make actual stock
index investment decisions. As we confirmed before, predicting a certain price is almost
impossible; thus, we estimated a relative index. Furthermore, we needed to be dynamic,
which meant that every movement and change was possible, and we did not set up a goal
that it will rise or fall by a specific time; the philosophy is that we judge by the present
status, as well as welcome the use of news and other message for assistance.

Based on the efficient markets theory (Eugene Fama, 1970), we were not able to predict
the absolute price, but with the statistics above, we were able to provide a relative trend-
turning strategy, in which we assess the n value in every daily closing price in the recent
days to make dynamic qualitative analysis of the probability of reversal of the coming solar
term.

As time goes forward, when it comes to 4 days before a coming solar term, we are in
the alert period and when we are 4 days after this solar term, we are out of the alert period.

The period at most lasts for 8 to 9 days but may end earlier if there’s already a
significant reversal (or turning point) taking place during the period. As time moves
ahead, combine the biggest n value so far in the present alert period and the quantity of
the remaining days in the present period; the probability of forecasting whether there is a
reversal of the present trend in the period (or turning point) converges to 100%.

Event At stands for the predictability of the existence of n-day extreme points in one
alert period of a solar term. Right now is No.t day of the present alert period.

Event Bk stands for no significant reversal of the trend in the first k days in the alert
period.

Event Cm stands for the biggest n value of the n-day extreme point in the present alert
period which we call m for clarity (if the stock index enters an alert period after rising, then
we only focus on the low n-day extreme point to be m, and vice versa.)

P.S. At only means the possibility to make a right judgement or forecast of the trend
reversal (i.e., there are n-day extreme points or not) rather than to predict the existence of
n-day extreme points. The word “predictability” makes a big difference in the definition.
The n value is chosen by investors according to their investment term.

For long-term investment, we suggest it to be over 15, for medium-term investment, it
should be around 10, and for short-term investors, n can be around 5.

P(At) = P(At|Bk) ∗ P(Bk) = P(At|Bk) ∗ P(Bk|Cm) ∗ P(Cm) (5)

Generally, the alert period of each solar term is no more than 9 days (i.e., 4 days after,
4 days before plus the solar term itself)

Therefore, we have:

lim
t→9

P(At) = lim
t→ 9
k→ 9

[P(At|Bk) ∗ P(Bk)] = lim
t→ 9
k→ 9

m→ +∞

[P(At|Bk) ∗ P(Bk|Cm) ∗ P(Cm)] = 1 (6)

In fact, when we use the concept of conditional expectations above, the real probability
in the statistics Tables 2 and 3 is much higher.

The equation provides a dynamic qualitative analysis as we are never sure about the
real P(A) under Bk and Cm which appears not to contradict the efficient markets theory.
The stock market contains both relative rules and absolute irregularity at the same time.
The best for investor is to use the relative rules as much as possible.
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The orange arrows mean the probability to rise or fall and the longer an arrow is, the
higher the probability it stands for.

This is a virtual case; we made it to better explain our strategy and vividly show how
our method works in real trade (Figures 5 and 6).

Mathematics 2021, 9, x FOR PEER REVIEW 11 of 27 
 

 

 
Figure 5. Practical example of the alert period (stock falling case). 

In that case, we found that the actual reversal point (actually, it was a 13-day extreme 
point) reached the m value of 13 where the price was much lower than that outside the 
alert period; it also had a very long time to another similar low price. 

As the m value becomes bigger and the time is closing to the solar term, we suppose 
that the possibility of reversal is higher. There may be several signals to show the potential 
turns and reversal such as t = 5 (goes high after a very low price with a large m value) and 
t = 9 (the actual turning point). Therefore, the decision should be made dynamically, ac-
cording to the m and k values in the past. Significant reversals in the alert period are al-
ways the real reversal points in stock indices. 

Figure 6 shows a very frequent case where the index does not have a reversal near 
the solar term; although there are high price and low price when t = 3 or t = 7, it is not low 
enough compared with a recent extreme point (e.g., the day before t = 1 and 5 days before 
t = 1). Despite the fact that t = 3 or t = 7 correspond to the two lowest prices in the alert 
period, there are other lower prices outside the period very close to them, so they do not 
work. 

Figure 5. Practical example of the alert period (stock falling case).

In that case, we found that the actual reversal point (actually, it was a 13-day extreme
point) reached the m value of 13 where the price was much lower than that outside the
alert period; it also had a very long time to another similar low price.

As the m value becomes bigger and the time is closing to the solar term, we suppose
that the possibility of reversal is higher. There may be several signals to show the potential
turns and reversal such as t = 5 (goes high after a very low price with a large m value)
and t = 9 (the actual turning point). Therefore, the decision should be made dynamically,
according to the m and k values in the past. Significant reversals in the alert period are
always the real reversal points in stock indices.

Figure 6 shows a very frequent case where the index does not have a reversal near
the solar term; although there are high price and low price when t = 3 or t = 7, it is not low
enough compared with a recent extreme point (e.g., the day before t = 1 and 5 days before
t = 1). Despite the fact that t = 3 or t = 7 correspond to the two lowest prices in the alert
period, there are other lower prices outside the period very close to them, so they do not
work.
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The case contradicts the common sense, that is, buying on the low and selling on the
high; the case proved it only in the alert period, and it is necessary to assess it not according
to how many days the stock has been falling in total, but combine the m value it creates
with the distance to the solar term.

In other words, while getting closer to the solar term, there is a higher possibility to
have a reversal of the trend, but if the biggest n is not so big so far, the probability is always
low no matter how close to or far from the solar term it is. The conclusion turns out to be
a turbulence but not a reversal or turning point and, in this way, investors can hold their
stock at least until the next alert period and the stock index will keep its trend like before
the alert period.

2.4. Non-Marketing Day

According to the turnover of the Shanghai Index (actually, it works for all stocks), it
is very easy to find out that the turnover in the next day after a weekend or a holiday, in
the preparation phase and the first few minutes are very much higher than that in normal
marketing days. Thus, we believe that there is still capital flow and transactions allocating
for the next marketing day even though they fall on weekends or holidays.

Therefore, we regard each continuous holiday and weekend as one day regardless of
whether it contains a solar term. All the statistics described (e.g., the valid time radius)
above are applied in this way.

3. Arguments on the Efficient Markets Theory (Hypothesis)
3.1. General Survey of the Efficient Markets Theory (Hypothesis)

The efficient markets theory was first systematically proposed by Eugene Fama (1970)
and summarized three forms of the market which are weak form efficiency, semi-strong
form efficiency and strong form efficiency. With higher efficiency, the stock price is sup-
posed to be unpredictable and investors do not stably make money through a rule. The
efficient markets theory provides us with a fair competing model where everybody is smart
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and eager to earn money, so there is no exception for one to find out a better way than
others.

In a weak form efficient market, stock price cannot be predicted by technological stock
analysis (i.e., by applying a mathematical model or numeric analysis to its historical price).
In a semi-strong form efficient market, investors only win through inside information and
other unfair or illegal methods, and in a strong form efficient market, the stock price is
definitely unpredictable at any time.

3.2. Adaptive Market Hypothesis and Imperfection of Efficient-Market Hypothesis

The adaptive market hypothesis (AMH) was proposed to show the predictability
and operability of the stock market and its profit [18–20]. The AMH also gives us a more
realistic perspective compared with the EMH. In fact, the efficient markets theory or the
EMH is based on an idealistic model which markets in almost all countries are not yet
able to realize; both in developing markets like China and in the developed market of the
US, the stock market is only likely to reach the weak level or the semi-strong level which
means that there is still a tremendous possibility for regular investors to win [21–23], and
we accept this possibility, acknowledging that the we still have hope, but we are not going
to apply this viewpoint in this paper. In fact, the efficient markets theory has little impact
on the time cycle theory and our 24-solar-term method. There is also a study that shows
the nonuniversality of the efficient markets theory and found cases to contradict it [24].

First of all, speaking of the efficient markets theory, it always links to historical
price and future price (i.e., an absolute numerical value), whereas we focus on the turns
and reversal of the trend and the regular changes between the stock and some specific
timepoints; we are more likely to conduct a statistics research on the relationship between
the stock trend and time which is a relative concept (i.e., when to turn and which timepoint
matters more), not an ordinary numeric prediction. Therefore, we talk about neither the
historical stock price nor the open financial report, insider information or turnover, we are
interested in revealing independent time factors based on the stock market; the time goes
forward, and if we handle a rule, we know that something big may happen at a specific
timepoint in advance. For example, we know the stock trend probably changes around
Chunfen (6), but we have few ideas about the exact time it will take place and what level of
price the stock will eventually reach after the effect of Chunfen (6) term, which not only
proves that time factors matter but is also consistent with the efficient markets theory.

This was exactly what we wrote in the abstract, “the turns of the stock indices trend
were inevitable at specific timepoints while the strength and intensity of the turns were
uncertain, affected by various factors by then”, in which we emphasized the certainty of
time factors and the remaining uncertainty about the stock.

Secondly, we focused on stock market indices, which were general collections of the
stock market, as we knew that a specific stock is surely impossible to predict, but the
uncertainty and irregularity are greatly neutralized when it comes to a stock index. The
only difference is that if the market efficiency is really weak, our regular analysis would be
our second tool, an assistance tool, after the time factor theory (i.e., the time cycle and solar
terms theory).

3.3. Why Time Factors Are Superior to the Efficient Markets Theory (Hypothesis)

As we mentioned repeatedly before, the time factor is a four-dimensional factor having
an overwhelming impact on our three-dimensional world. Although we can act against
the impact it brings, time will forever take the dominant place in the result.

There are several conditions or assumptions in the efficient markets theory about the
investors’ mentality, the flow of information and the transactions of money. When all of
these conditions are ready, the theory works and the stock becomes unpredictable, but the
reality is that the cycle of time and some specific timepoints (i.e., 24 solar terms) always
interfere with these conditions, making the efficient markets theory hard to realize in real
markets. The tides of moon cause reactions in the human body, and specific timepoints may
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also lead to emotional instability and irrationality [25,26]. Gann knew the logic and made
286 stock transactions within 25 marketing days from October 1909 and won 264 times
under the supervision of The Ticket and Investment Digest [27].

With all the discussion above, we regard the time factor as a natural factor to the
human world and prove in this paper that the analysis and forecast on stock trends are
practicable.

4. Time Series Analysis of Solar Terms
4.1. Grouping of Solar Terms

Eight of the Chinese 24 solar terms are very prominent, namely, Chunfen (6), Xiazhi
(12), Qiufen (18) and Dongzhi (24), which represent the most vigorous timepoints in each
season and are the most important four solar terms; the other four are Lichun (3), Lixia (9),
Liqiu (15) and Lidong (21). These four represent the beginning of each season and are the
second important four solar terms.

To our surprise, the importance of these eight solar terms exactly coincides with the
wheel of the cycle theory in Gann theory. In Gann’s wheel, the most important four angles
are 90◦, 180◦, 270◦ and 360◦ (0◦), and the corresponding timepoints of each year are exactly
the four solar terms of Chunfen (6), Xiazhi (12), Qiufen (18) and Dongzhi (24). The second
important four angles, 45◦, 135◦, 225◦ and 315◦ exactly correspond to the four solar terms
of Lichun (3), Lixia (9), Liqiu (15) and Lidong (21). Regardless of the angle in Gann theory
or solar terms, they all point to a common rule, that is, the stock trend is most likely to turn
at these eight points. We can summarize the above results as follows: variable or more
significant extreme points often occur at the solar term point, and the solar term point
usually makes the stock trend turn according to its strength, and the turning strength is
large or small.

For convenience, we took the Shanghai Index as an example to present the detailed
process of analysis step by step while results of the Second board Index and the Shenzhen
Index were directly showed in the following table together with the Shanghai Index using
the same approach.

The data we used, as mentioned before, were 6436 daily closing prices from 3 January
1995 to 14 August 2020 of the Shanghai Index (Figure 7); however, we only selected the
biggest extreme n-day points near every solar term. In other words, we wanted to select
the data of each solar term at the beginning, but since there were bigger n-day points in the
4-day radius, we chose the extreme points to replace every solar term. The total number
was not changed.
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4.2. Strategy in Analysis

In this chapter, based on the method of random chain [28], analyzing autocorrelation
of the price series [29–31], we suggested to apply the ARIMA–ARCH time series model to
fit and forecast the index as time series analysis is a modern tool for predicting. Time series
models, meanwhile, can introduce long-term correlation cases and their volatility dealing
with price, production, population growth, etc.

In general, the autocorrelation (hereinafter referred to simply as the “correlation”) of a
stock index is long-term; thus, it may involve a great deal of data for a regular time series
analysis, making the model extremely complicated and inaccurate.

Besides, the traditional time series fitting is based on high-frequency data (i.e., daily
closing prices) on continuous marketing days. However, most of the high-frequency data
are meaningless as they are only the trend connection between two turning points and
have no special significance. Those high-frequency data contribute nothing but add more
error, volatility and turbulence that mislead investors into believing them to be a turn.

Considering the intervals are almost equal between two solar terms, it is suitable to
use the extreme points around each solar term as items in the time series. By doing this, we
actually extract representatives of every trend and magnify the period in the analysis (i.e.,
two solar terms cover around 15 days; that is 15 times more than when simply applying
two daily prices).

Throughout this paper, we only focused on the forecast of the index trend, not the
price.

For the stationary time series after the difference, we used the ARIMA model to fit [32].
ARIMA is the autoregressive integrated moving average model denoted ARIMA(p,d,q).

Φ(B) = ∇dxt = Θ(B)εt
E(εt) = 0, Var(εt) = σ2

ε , E(εtεs) = 0, s 6= t
E(xsεt) = 0, ∀s < t

(7)

where ∇d = (1− B)d; Φ(B) = 1 − ϕ1B − . . . − ϕpBp is the autoregressive coefficient
polynomial of the ARIMA model; Θ(B) = 1− θ1B − . . . − θqBq is the moving average
coefficient polynomial of the ARIMA model.

The sequence after the d-order difference is

∇dxt =
d

∑
i=0

(−1)iCi
dxt−i =

Θ(B)
Φ(B)

εt (8)

where {εt} is the white noise sequence with the zero mean.
For the residual sequence with heteroscedasticity, we have the autoregressive condi-

tional heteroskedastic model ARCH(q) [33]. By using an ARCH(q) model, we can charac-
terize the conditional variance changing with time.

The structure of the ARCH(q) model is as follows: assuming that the historical data
are known, the sequence of the zero mean residuals has heteroscedasticity.

E(εt) = 0, Var(εt|εt−1, εt−2 . . .) = ht (9)

ht = λ0 +
q

∑
i=1

λiε
2
t−i (10)

The ARCH(q) model requires existence of non-negative variance and unconditional
variance.

Var(εt|εt−1, εt−2 . . .) = λ0 +
q

∑
i=1

λiε
2
t−i ≥ 0 (11)

where λ1, λ2, . . . λq ≥ 0,
Var(εt) = σ2 (12)
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where 0 ≤ λi < 1, λ1 + λ2 + · · ·+ λq < 1.
The 24 solar terms were divided into four groups: the all-terms group (all 24 solar

terms), four-terms group A (Lichun (3), Lixia (9), Liqiu (15) and Lidong (21)), four-terms
group B (Chunfen (6), Xiazhi (12), Qiufen (18) and Dongzhi (24)) and the eight solar terms
group (altogether, there were eight solar terms). The historical data were divided into the
experimental group and the test group (the last five solar terms).

4.3. Time Series Analysis of the All-Terms Group

According to Cramer’s decomposition theorem (Cramer, 1961), nonstationary se-
quence can be decomposed as follows:

xt =
d

∑
j=0

β jtj + ψ(B)αt (13)

where {αt } is the white noise sequence with the zero mean.
We found that the stock data had an upward trend, so it was necessary to make a

first-order difference to meet the stationarity of the series [34].

∇xt = xt − xt−1 (14)

In this database, we had 615 solar terms through about 25 years, thus, xt stood for the
price of each solar term (Figure 8).

In fact, we used the biggest n-day extreme price with a 4-day radius to represent the
price of one solar term, and we did not distinguish them in the following part, calling all of
them the price of a solar term.
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Figure 8. Result after the first-order difference of the Shanghai Index (daily revenue).

The daily return of the Shanghai stock index fluctuated around the average value of 0,
and the fluctuation was different in different periods. It fluctuated sharply in 2007–2008
and in 2015 while it was relatively stable in other periods (Table 7).
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Table 7. General statistics of Chinese indices.

Stock Indices Mean Daily Revenue Standard Deviation of the Daily Revenue Kurtosis of the Daily Revenue

Shanghai Index 3.57 163 10.69
Second Board Index 7.25 157.73 13.29

Shenzhen Index 20.6 685.2 13.221

The p-value of the Jarque normality test was close to zero, which showed that the
stock data did not follow the normal distribution. The p-value of the ADF test was much
lower than 0.05. We thought the stability was satisfactory then.

Null hypothesis: H0 : ρ ≥ 0 while H1 : ρ < 0.
The ADF test statistics value was calculated as follows:

τ =
ρ̂

S(ρ̂)
(15)

where S(ρ̂) is the standard error of ρ̂.
If it is stationary, the result is ρ < 0.
Due to its obvious cluster of volatility, experience and common sense, we generally

think that stock data are heteroscedastic, so we need to carry out next a heteroscedasticity
test. As shown in the figure, the square sequence of the stock data showed significant
autocorrelation (Table 8 and Figure 9).

Table 8. General tests of Chinese indices.

Stock
Indices

p-Value of the ADF Test of the Daily Revenue
(All Lags)

Test Statistic of the Jarque Normality Test
(Chi-Squared)

p-Value of the Jarque Normality
Test of the Daily Revenue

Shanghai
Index <0.01 1593.0 <2.2 × 10−16

Second
Board
Index

<0.01 1164.5 <2.2 × 10−16

Shenzhen
Index <0.01 2080.6 <2.2 × 10−16
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Since the residual may be autocorrelated, we used the autoregressive model to fit the
sequence of the square residual.

ε2
t = ω +

q

∑
j=1

λjε
2
t−j + et (16)
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Null hypothesis: H0 : all λi = 0 while H1 : at least one λ = 0

LM(q) ∼ χ2(q− 1) (17)

We then looked at the sequence after the one-order difference. We conducted the
LM test: the p-value of the ARCH–LM test was 2.2 × 10−16, so we rejected the original
hypothesis and accepted there was the ARCH effect. In conclusion, the return sequence of
the Shanghai stock index (i.e., the price sequence after the first-order difference) had the
ARCH effect (Table 9, Figures 10 and 11).

Table 9. The result of the ADF test of daily revenue, square sequence and of the LM test.

Stock Indices Test Statistics of the ADF
Test of Square Revenue

p-Value of the ADF Test
of Square Revenue

Test Statistics of the LM Test
(Chi-Squared) p-Value of the LM Test

Shanghai Index −3.20 (>40 lags) 0.06+ (>40 lags) 212.72 <<0.01
Second Board Index −2.09 (>40 lags) 0.05+ (>40 lags) 94.68 6.077 × 10−15

Shenzhen Index −3.40 (>37 lags) 0.0539 (>37 lags) 138.81 <<0.01
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Firstly, we established an ARIMA model [35] for the mean value of the series of the
all solar terms group of the Shanghai stock index and selected the last five solar terms to
examine the forecast. After a repeated comparison, we chose ARIMA(36, 1, 12) and in fact,
in some mathematical forecasts, the parameters were often large [36] as our data were very
complicated and was never auto-correlated only in the short term [37–41].
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We found that the ARCH(2) model made a good fit for the residual of several periods
with obvious fluctuation (Figure 12). The Ljung–Box test showed that the p-value was
much bigger than 0.05, that is, the residual and the square of the residual after the process
of the ARCH model were white noise sequences, which indicated that the original sequence
information was fully extracted by the ARCH(2) model.

Although GARCH(1,1) is also used in many economic analyses, ARCH(2) still did a
good job in reflecting volatility in the index as the volatility we forecast was just a quality
analysis and we only needed to know the comparative value (i.e., when it is bigger, when
it is lower) rather than a certain degree of volatility. GARCH(1,1) is for long-term volatility
fitting, but the way we established our model (i.e., using extreme points near solar terms)
already made the term long enough, so the coefficient of GARCH(1,1) resulted in an
insignificant level.
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Finally, we obtained the following ARIMA(36, 1, 12)–ARCH(2) model for the all-terms
group (Table 10):

Mean model:

∇xn =
36

∑
i=1

ai·∇xn−i +
12

∑
j=1

bj·εn−j+εn (18)

Variance model:

εn =
√

hnen , en is an i.i.d. random variable with X ∼ N(0, 1) (19)

hn = 7071 + 0.5220ε2
n−1 + 0.2657ε2

n−2 (20)

Table 10. Parameters of the ARIMA model of the all-terms group.

a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 a11 a12
0.3453 0.0826 −0.1808 −0.4352 −0.362 0.5318 −0.029 −0.2256 −0.4321 −0.0133 0.4535 −0.7389

a13 a14 a15 a16 a17 a18 a19 a20 a21 a22 a23 a24
0.1671 −0.0873 −0.0442 −0.0140 0.1065 0.1481 −0.1670 −0.1647 0.7616 0.0644 0.1055 −0.2275

a25 a26 a27 a28 a29 a30 a31 a32 a33 a34 a35 a36
−0.0661 0.0259 −0.0690 −0.0528 −0.0865 −0.0446 0.0157 −0.1216 −0.0275 −0.0707 0.0430 −0.0356

b1 b2 b3 b4 b5 b6 b7 b8 b9 b10 b11 b12
−0.425 −0.1062 0.3482 0.4383 0.2371 −0.6237 0.1711 0.4217 0.4134 −0.033 −0.4812 0.9222

According to the model, the forecast of five periods in the future is as follows
(Table 11 and Figure 13).
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Table 11. Forecasts of the all-terms group of the Shanghai Index.

Period in the Future Solar Terms Date Real Price Forecast Volatility Trend Forecasting

1 Mangzhong (11) 5 June 2020 2933.20 2885.48 113.05 Good
2 Xiazhi (12) 21 June 2020 2959.71 2902.43 227.54 Good
3 Xiaoshu (13) 6 July 2020 3450.59 2919.50 174.06 Good
4 Dashu (14) 22 July 2020 3196.77 2908.75 90.40 Good
5 Liqiu (15) 7 August 2020 3361.22 2942.28 95.24 Good
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Now we make analysis of other groups (Tables 12 and 13)

Table 12. Forecasts of the all-terms group of the Second Board Index.

Period in the Future Real Price Forecast Volatility Trend Evaluation

1 2716.15 2720.12 112.44 Good
2 2882.44 2777.35 105.15 Good
3 3067.30 2789.20 99.56 Good

Table 13. Forecasts of the all-terms group of the Shenzhen Index.

Period in the Future Real Price Forecast Volatility Trend Evaluation

1 14,930.08 14,148.27 578.71 Good
2 15,710.19 14,002.82 588.81 Not good
3 15,233.15 14,010.34 669.58 Good

We would like to make an explanation here since the figure may be a bit small. The
orange line is the real trend that links orange points which are the daily closing prices of
the index while the blue line links several blue points which are the forecast prices on solar
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terms. Every forecast price on each solar term was matched to the real price, showing the
gap in the price and the shape of the trend.

We found that there was a certain difference in forecasting the future stock price at the
future solar terms by using the historical solar terms; however, the forecast of the trend
was very accurate, and the trend in the future period was consistent with the real trend.

In that case, we were informed what the next trend would be like so that, combined
with the methods in the chapters before, we would have a better handling of our investment.
This was a quality analysis as we were never able to calculate the profit, costs, risks, etc. in
the future; otherwise it would contradict the efficient markets theory.

The time series analysis in this paper was for trend reversal, so we paid more attention
to the turning of the trend at solar terms rather than to the absolute price.

4.4. Time Series Analysis of the Eight-Terms Group

As mentioned before, the time series plot of the eight important solar terms each year
also described the historical trend of the stock well.

In the ACF, PACF test and the ACF, PACF test of residuals, the results of the eight solar
terms group highly coincided with those of the all solar terms group, so we still used the
ARIMA(36, 1, 12)–ARCH(2) model to process the data in the same way. Here, the model
parameters and formulas were omitted, and the results were as follows (Tables 14–16 and
Figure 14):

Table 14. Forecasts of the eight-terms group of the Shanghai Index.

Period in the Future Solar Terms Date Real Price Forecast Volatility Trend Forecasting

1 Lichun (3) 4 February 2020 2746.61 2893.62 108.22 Good
2 Chunfen (6) 20 March 2020 2660.17 2738.28 60.94 Good
3 Lixia (9) 5 May 2020 2856.25 2532.92 307.79 Not good
4 Xiazhi (12) 21 June 2020 2959.71 2779.38 132.16 Good
5 Liqiu (15) 7 August 2020 3361.22 2908.02 219.59 Good
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Table 15. Forecasts of the eight-terms group of the Second Board Index.

Period in the Future Real Price Forecast Volatility Trend Evaluation

1 2813.99 2539.15 146.55 Good
2 2882.44 2884.49 149.74 Good
3 3128.86 3007.35 214.16 Good

Table 16. Forecasts of the eight-terms group of the Shenzhen Index.

Period in the Future Real Price Forecast Volatility Trend Evaluation

1 14,141.1529 14,317.92 1064.31 Good
2 14,134.8495 14,208.60 919.57 Good
3 15,233.1493 14,518.74 828.33 Good

We could see that, like in the all-terms group, the time series analysis had some errors
in forecasting, but it could better forecast the trend of stocks in the future. In fact, there
were two trends from the first period to the second period in the future, falling one by one.
However, the stock finally bottomed out on 22 March. The forecast trend of the second
period to the third period in the future was wrong, showing a certain delay. However, by
the fourth period in the future, the forecast value increased sharply, showing the correction
of the previous error. When the fifth period in the future was reached, the trend forecast
coincided with the actual trend.

4.5. Time Series Analysis of the Four-Terms Group

After many attempts, the forecast was still not good, indicating an obvious deviation
with the real data of the test group. Therefore, we believe that it would be better to forecast
using all solar terms or eight solar terms. The data is lost to a great extent if we use very
few solar terms to forecast. Thus, we do not recommend conducting a time series analysis
with few solar terms.

5. Conclusions

Individual stocks were confirmed to be unpredictable and stochastic according to the
EMH and AMH. Even though the efficiency of the stock market around the world did
not reach an idealistic level, generally speaking, it was still very hard and ineffective for
investors to forecast a certain stock. Analyzing the three major indices of the China’s stock
market was a good tool to cover all stock categories in the market while making the study
more practicable and reasonable.

However, stock indices proved to be rather predictable to some extent. Therefore,
according to the study, investors can invest in ETFs that belong to the indices as an ETF is
completely coincidental with the index it belongs to. Furthermore, ETFs provide investors
with a variety of options of risk and profit. The Shanghai ETF is smooth whereas the Second
Board 50 Fund fluctuates a lot. Investors are able to get a high profit from individual stocks
as well through implementing the results of this study.

The correlation between the turning points of indices and the Chinese 24 solar terms
was positive (ρ = 0.9878).

Turning points always occur near solar terms. Through testing n-day extreme points
with a different n value, the sharp turns of the trend often happened near the solar terms,
and if we choose 4 days as the valid time radius, the probability is about 80%. Investors
should be alert for four days before and four days after a solar term. If the price is too high
(low), it is more likely to be affected by the coming solar term, and the higher (lower) the
price is, the more instability the trend then would have.

However, solar terms are not always strong turning points, but they might cause
weaker turning points. In other words, solar terms might not cause a sharp reversal of the
stock trend; strong turning points were just some exceptions. Usually, the turning points
were not that strong but sufficient for medium-term and short-term investors.
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The alert period provided investors with a good strategy for short-term and medium-
term trading. When judging the upcoming reversal, it should be dynamic. According to
the practical examples in the alert period, investors should also notice significant signals
such as the present n-day extreme points combined with the distance to the solar term. By
understanding the alert period carefully, investors would have a positive profit in their
future investment.

The 24 solar terms in each year and their links accurately fitted the trend of the stock
in that year. Using 24 price datapoints instead of nearly 250 daily datapoints of the whole
year could make the daily data of high frequency more concise and easier to process.
With 250 high-frequency daily datapoints, there is strong volatility, which leads to the
obvious heteroscedasticity of the data and increases the complexity of data analysis. The
use of 24 solar terms instead of annual data also greatly reduces this unstable and irregular
fluctuation. This also coincides with Gann theory.

The forecast of future trends in the all-terms group and the eight-terms group was
precise, but there remained a gap with the absolute price. We were only able to forecast
the timepoints and the turning points; as for the absolute price, we hardly made it. This is
because the stock market involves a great deal of instability and is extremely complicated.
Besides, through the failure of the four-terms group, we found that we should not choose
too few solar terms and that every solar term is equal, having its own meaning and function,
and all of them represent trends of certain periods.

6. Philosophy and Deeper Discussion

This chapter is an extension of Section 1.4; we make a brief review and discuss
something valuable that we may be able to apply in other studies.

The fact is that the turning of the stock trend has rules to follow, which is the inevitable
result at specific timepoints, while the strength and intensity of the turning is uncertain,
affected by various factors at that time. The stock market contains both certainty and
uncertainty at the same time, where natural instincts play a role as the inner factor while
the environment—as an outer factor. Like the EMH and the AMH, they mainly focus on
the outer factor, in other words, they prefer to look at those changeable things. However, as
we were inspired by Gann, Elliott and the Chinese 24 solar terms, we would rather look for
those that do not change, and that is the key to have a better understanding and cognition
of our real world, of course, including the stock market.

For this reason, it is the higher dimensional time factor and time cycle that produce
an overwhelming impact on the stock market, so it reminds us of taking into account
the importance of time when conducting such a study. That is why Gann summarized a
tremendous amount of time periods to inform the possible reversal in the capital market
while the ancient Chinese figured out 24 divisions of a year as 24 solar terms which all
solely point to time.

In addition, the ancient Chinese elaborated a complex system, and there are actually
many other divisions of time, years, months, etc. in the Chinese culture. For example, the
ten heavenly stems and the twelve earthly branches decide what a year would be like, and
that is a 60-year cycle as there are 60 different combinations of one out of the ten heavenly
stems with one out of the twelve earthly branches. By the way, one combination is called
Gengzi, which is supposed to be the year of disasters and conflicts; the latest Gengzi year
was 2020.

We encourage other researchers to explore and apply our approach to other fields to
see whether there is a rule to follow based on time factors. We will also demonstrate our
method to other foreign stock markets. We also suggest that researchers read more ancient
works, books and references related to time divisions and time factors, hoping our study
will open a brand-new door in financial analysis.
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