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Abstract

Human activities widely exhibit a power-law distribution. Considering stock trading as
a typical human activity in the financial domain, the first aim of this paper is to vali-
date whether the well-known power-law distribution can be observed in this activity.
Interestingly, this paper determines that the number of accumulated lead-lag days
between stock pairs meets the power-law distribution in both the U.S. and Chinese
stock markets based on 10 years of trading data. Based on this finding this paper
adopts the power-law distribution to formally define the lead-lag effect, detect stock
pairs with the lead-lag effect, and then design a pure lead-lag investment strategy as
well as enhancement investment strategies by integrating the lead-lag strategy into
classic alpha-factor strategies. Tests conducted on 20 different alpha-factor strategies
demonstrate that both perform better than the selected benchmark strategy and that
the lead-lag strategy provides useful signals that significantly improve the perfor-
mance of basic alpha-factor strategies. Our results therefore indicate that the lead-lag
effect may provide effective information for designing more profitable investment
strategies.

Keywords: Power-law distribution, Lead-lag effect, Stock market, Complex network,
Investment strategy

Introduction

The lead-lag phenomenon, a phenomenon in which a security leads the price movement
of another with some time delay, has been empirically evidenced as widely existing in
financial markets (Gong et al. 2016). Although the “lead—lag effect” concept has been
adopted in many studies (Kobayashi and Takaguchi 2018), few have provided a formal
definition of this concept, and its underlying meaning is not always consistent. Some
studies have focused on how to generate greater stock returns by utilizing the “lead—lag
phenomenon” (Stiibinger 2019) but have often failed to mine its embedded features. To
this end, this study aims to answer the following questions: (1) Are there several stable
patterns in stock markets that are characterized by the lead—lag phenomenon? (2) How
can we formally define the lead—lag effect to provide a solid foundation for detecting
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such an effect? (3) Can detecting the lead—lag effect enable the design of more profitable
investment strategies that are more likely to earn excess returns?

The definition of the “lead—lag effect” is not equivalent to that of the “lead—lag rela-
tionship” That is, if one stock’s volatility today mimics another stock’s volatility yester-
day, the two stocks are said to have a “lead—lag relationship” over the two successive days
in which the former is the follower, and the latter is the leader. In fact, it is quite com-
mon for one stock to follow another stock some days during a year. Thus, an occasional
lead-lag relationship could be regarded as random, which would not be very meaning-
ful. However, if the lead—lag days of one stock pair are long enough to differ significantly
from a random event, an effect can be deemed to exist between the pair. Accordingly,
the first motivation of our work is to define the lead—lag effect by providing a statistical
testing model, the goal of which is to judge whether the days characterized by a lead—lag
relationship (hereafter, “lead—lag days”) are significantly long in statistics.

Once the definition of the lead—lag effect is scientifically determined, a method for
detecting stock pairs characterized by the lead—lag effect can be proposed. However,
two questions must first be addressed. These are: (1) how do external variables affect the
detection results and (2) are the detection results sensitive to these influential external
variables? The answers to these two questions will deepen our understanding of the pro-
posed detection model. The patterns of external variables that influence the results will
enable us to adopt the proposed model by selecting the appropriate variable values. The
robustness of the proposed model is notable for its usage in investment practices in real-
world stock markets because a model’s robustness is desirable for designing investment
strategies. Accordingly, the answers to these two questions will reveal the properties of
the proposed model.

As a typical application, the detected lead—lag effect aims to be adopted in guiding
investments in real-world stock markets. Apparently, detecting stock pairs with a sig-
nificant lead—lag effect can benefit investors because the price movements of followers
will mimic those of their leaders. Thus, this study will first examine the performance of
the pure lead-lag strategy and then judge if it is satisfactory. If it is satisfactory, we will
regard the detected lead-lag effect as an enhancement signal, and then add it to some
classic investment strategies to propose enhancement investment strategies. Generally,
when a basic strategy is enhanced by another strategy, we refer to it as a single-enhance-
ment investment strategy. The alpha-factor strategy is selected as the basic strategy, and
our proposed lead—lag strategy is adopted to enhance it. Accordingly, the third motiva-
tion is to design profitable investment strategies based on the detected lead-lag effect,
and then test its performance in a pure investment strategy and the proposed enhance-
ment strategies.

To sum up, the contributions of this study are as follows: (1) The features of the lead—
lag phenomenon are explored in the context of both the U.S. and Chinese stock markets.
As a result, the number of stock pairs characterized by the lead-lag relationship meets
the well-known power-law distribution, which offers novel evidence that the power-law
distribution exists widely in the real world (Clauset et al. 2009) and specifically in the
financial domain (Gabaix et al. 2003). (2) A formal definition of the lead-lag effect is
provided according to the principles of statistical testing, and a detection approach is
proposed based on this definition. It is worth noting that most existing studies regard



Li et al. Financial Innovation (2022) 8:51 Page 3 of 36

the lead-lag relationship between stocks as a phenomenon (Scherbina and Schlusche
2020; Dao et al. 2018; Huth and Abergel 2014), whereas this study elevates this phenom-
enon into an effect. Accordingly, the lead—lag effect must be formally defined via statisti-
cal testing, which lays a foundation for future studies to compare and detect the lead-lag
effect in various scenarios. The rationality and robustness of the proposed detection
approach are carefully examined by determining how external variables influence the
lead-lag effect. (3) A few profitable investment strategies are designed and validated
based on the detected lead-lag effect, in parallel to previous design and validation stud-
ies such as Shen et al. (2017), Xiong et al. (2020), Flori and Regoli (2021), and Zhang
et al. (2021). Here both the pure lead-lag strategy and the enhancement strategies report
sound results regarding the functionality of the detected lead—-lag effect.

The remainder of this paper is organized as follows. “Section Related work” reviews
the related work to clearly delineate the aforementioned contributions; “Section Method
for detecting the lead—lag effect” defines the lead—lag effect and proposes a detection
methodology; “Section Main results and validation in real-world stock markets” explores
the features of the lead—lag phenomenon based on a selected real-world dataset, applies
the proposed detection method, and tests the method’s robustness; “Section Investment
strategies based on the detected lead—lag effect” designs investment strategies and vali-
dates their performance to reveal the functionality of the detected lead-lag effect; and
“Section Conclusions and future work” summarizes the study and discusses potential
future work.

Related work

Our work is directly related to two fields of existing studies: this includes the lead-lag
phenomenon in stock markets and the focused alpha-factor strategy widely adopted in
stock markets. Each field is reviewed individually in the following sections.

Lead-lag phenomenon in stock markets

The lead—lag phenomenon is a classic financial topic that has attracted the attention of
numerous researchers (Conlon et al. 2018). First, one fundamental question has been
widely examined in the literature: does the lead—lag phenomenon exist in the stock mar-
ket? Generally, the lead—lag phenomenon can be observed in high-frequency data such
as 5-min stock price movements. Both Jong and Nijman (1997) and Huth and Abergel
(2014) deemed that the lead—lag relationship is an essential stylized fact at high frequen-
cies. Fonseca and Zaatour (2017), Dao et al. (2018), Buccheri et al. (2019), Campajola
et al. (2020), and many others do not mention the existence of the lead—lag phenomenon
in high-frequency data, the influencing factors, or even its potential origins. However,
when observed in high-frequency data, this phenomenon is often called the “lead-lag
relationship” rather than the “lead—lag effect” In most cases, the lead—lag relationship is
unstable in high-frequency data. Since, according to Téth and Kertész (2006) and Curme
et al. (2015), its appearance is likely to be occasional, our work aims to formulate a new
approach to finding a stable lead-lag relationship over a long time period based on sta-
tistical testing and to rename such stable lead—lag relationship “the lead—lag effect” as an
indication of its statistical significance.
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Second, the existing literature explores how to take advantage of the lead—lag phe-
nomenon in designing investment strategies for real-world stock markets. Typically,
investment strategies that utilize the lead—lag phenomenon are often variations on the
high-frequency trading strategy, which is in accord with the results. Stiibinger (2019)
developed an optimal causal path algorithm and designed statistical arbitrage strate-
gies for high-frequency data based on the lead—lag phenomenon. However, designing
an investment strategy based on high-frequency data still has drawbacks. According to
Krauss (2017), high-frequency trading strategies are associated with greater commission
fees and a higher transaction threshold for investors.

In contrast, the stable lead—lag effect discovered in low-frequency data facilitates the
practices of small and medium investors because of its ample optional trading time and
low technical threshold. Scherbina and Schlusche (2020) and Gupta and Chatterjee
(2020) have pointed out that the lead-lag relationship enables out-of-sample forecasting
and thus helps in the design of investment strategies. From this perspective, this study
can also be seen as the development of our previously published work (Li et al., 2021),
which focuses on identifying the factors that cause the lead—lag phenomenon. However,
this study aims to develop new investment strategies by utilizing the lead—lag phenom-
enon, and thus the two have divergent research aims. In contrast to the successive lead—
lag days analyzed in our previously published work, this study considers the number of
cumulative lead—lag days that would benefit extending the application of the model in
real-world stock markets.

According to the aforementioned literature and gaps in the existing research, we
believe that it is meaningful and even necessary to study the lead—lag effect in low-
frequency data for the following reasons: (1) the definition of the lead—lag effect is not
unified or discussed in depth in the existing literature, and thus the underlying signifi-
cance of the lead—lag phenomenon often differs despite their use of the same name; (2)
traditional studies on detecting the lead—lag phenomenon are conducted using classi-
cal econometrics or empirical research methods, and thus the use of data-driven tech-
nical analysis to detect the lead-lag effect can supplement existing studies with a new
perspective; and (3) building on the traditional methods of designing investment strate-
gies by using the discovered lead—lag phenomenon, our study may identify effective sig-
nals, which will have a guiding significance for the development of investment strategy.
Accordingly, this study contributes to the literature by providing a unified and solid defi-
nition of the lead—lag effect and by utilizing the lead—lag effect to design profitable trad-
ing strategies in real-world stock markets.

Alpha-factor strategy

Concerning our targeted enhancement investment strategies, the alpha-factor strategy
that originated with the capital asset pricing model is chosen as the primary strategy
due to its popularity and effectiveness in real-world investment practices (Sharpe 1964;
Makarov and Plantin 2015). The alpha factor in the alpha-factor strategy reacts to one
or some stock attributes; in other words, different alpha factors reflect different stock
attributes. Thus, the alpha-factor strategy consists of numerous specific strategies using
various alpha factors. Since alpha factors are used as buying and selling signals in the
alpha-factor strategy, its choice is the core of the strategy. Generally, existing studies
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focus mainly on the following two types of alpha factors: value alphas and transactional
alphas.

Value alphas are derived from the fundamentals of one stock and describe its value
attributes. Value alphas include but are not limited to value factors (Balatti et al. 2017;
Eisdorfer et al. 2019), size factors (Liu et al. 2019), growth factors (Fama and French
1998), profitability factors (Hou et al., 2015; Fama and French 2015), and momentum
factors (Fama and French 2012; Berggrun et al. 2020). Based on the mature factor model,
value alphas provide not only a valuable tool for stock valuation, but also a reasonable
explanation for the cross-section of stock returns (Harvey et al. 2016). Accordingly,
when value alphas are adopted in a strategy, it indicates that the investor cares about
the value investment’s underlying factors (Fama and French 2016). In contrast to tradi-
tional value alphas, transactional alphas pay more attention to the patterns embedded
in trading behaviors (Casgrain and Jaimungal 2019). Transactional alphas are obtained
by means of technical analysis and derived from transaction data. With the current pro-
gression of computer science, millions of transactional alpha factors have been identified
by automated algorithms. Despite the lack of a good explanation, the marginal revenue
contributed by transactional alpha factors is relatively satisfactory (Kakushadze 2016);
large financial institutions favor such transactional alphas. For example, the 101 alpha
factors proposed by the World Quant and the 191 alpha factors from Guotai Junan Secu-
rities have been welcomed by many institutions and investors.

The alpha-factor strategy is always used for stock selection. The proposed lead—lag
strategy in our work helps allocate the weight of each selected stock in an investment
portfolio. Therefore, it is convenient to combine the two strategies when designing an
enhancement strategy. Since the alpha-factor strategy includes numerous specific mod-
els with various alpha factors, we select it as the primary strategy to demonstrate repre-
sentativeness. The lead—lag effect falls into the category of technology-driven analysis
and therefore resonates with transactional alphas, which are determined by technical
analysis.

For this reason, it would be more natural to combine the lead—lag trading strategy with
transactional alphas. Accordingly, this study focuses mainly on transactional alpha-fac-
tor strategies, regarded as the basic strategies when designing enhancement investment
strategies. Our work exploits the great potential of the existing alpha factors and pro-
vides a framework for enhancement strategies by integrating the lead—lag effect into the
existing alpha-factor strategies.

Method for detecting the lead-lag effect
The daily lead-lag network
Let r;, denote the yield rate of stock i on day ¢. Its mathematical expression is as follows:

Pit — Pit—-1
-
Pit—1

Tig = (1)
where p, , denotes the closing price of stock i on day ¢. Here, the adopted stock price is
restoring the right price rather than the price of ex-rights. If a suspension occurs for
stock i on day ¢, then both r;, and r;,,, are set to “NAN. Next, given a manufactured
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threshold A (0 <A<1), the definition that stock j follows stock i on day ¢ is defined as
follows:

Definition 1 The conditions for forming a lead—lag link. If and only if the following
condition holds:

(1= A)rje1 <rit <A+ A)rjs1, whenry > 0;
A+ MNrjs1 <riy <A — A)rj1, whenr;; <O0. )

then, stock i follows stock j on day ¢.

Definition 1 states that if the difference between the yield rate of stock i on day ¢ and
that of stock j on day ¢-1 is within the given threshold, A, stock i is judged to follow
stock j on day ¢. Further, let G, denote the lead-lag network on day ¢, and its element g;;,
reflects the status of stock i following stock j on day ¢. If stock i is judged as the follower
of stock j on day ¢ according to Definition 1, then g;;,=1; otherwise, g;,=0. Our model
allows one stock to follow itself, and thus it is possible that g;; ;=1 holds. Then, given the
closing prices of all concerned stocks during the sequential 741 trading days, we can
achieve T lead-lag networks according to Definition 1.

During the targeted period (e.g., the total number of T+ 1 trading days), the achieved
T lead—lag networks can tell us how many days stock i follows stock j in total. Formally,
let d;; denote the number of accumulated days that stock i follows stock j during the tar-

geted period, which can be calculated as follows:
T
dij = Zgij,t‘ (3)
t=1

G, is an asymmetrical matrix in most cases, considering that d;; is not often equal to d;.

Concerning the manufactured threshold A, a larger A will cause the achieved daily
lead—lag networks to have more directed links than a smaller A, thus the threshold A
affects network density. Because it is an artificial variable, we will explore how it affects
the results and check whether our method is robust under different threshold values
in Sect. 4.2.1. The mainstream literature defining the relationship between stock pairs,
such as Huang et al. (2009), Kumar and Deo (2012), Peralta and Zareei (2016), Xia et al.
(2018), Deev and Lydcsa (2020), and many others, has often adopted the correlation
coefficient. Note that most existing literature related to this definition uses data from a
defined period to calculate the so-called “correlation coefficient,” whereas our study uses
daily data to define each day’s lead—lag relationship between stock pairs. Therefore, the
novel idea of using the selected data (i.e., “daily usage to define the lead—lag relationship”
or “usage together to calculate a correlation coefficient during the selected period”) leads
to one of the differences between our study and the existing literature.

Definition and detection of the lead-lag effect

As explained in the introduction, when d;; (which is defined in Eq. (3)) is long enough to
be significantly distinct from the amount achieved in a random event, we tend to believe
that the lead—lag effect from stock j to stock i holds, where stock j is the leader and stock
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i is the follower. However, the criterion for judging whether d;; is sufficiently long or not
should be determined before formally defining the lead-lag effect. Fortunately, statistical
testing enables us to formulate the following criterion: the null hypothesis is set to “all
the links in the daily lead—lag networks are randomly formed,” the null hypothesis will
allow us to obtain the distribution of the accumulated days of all stock pairs. Then, given
the statistical significance level (e.g., 0.10, 0.05, 0.01, etc.), the criterion can be imme-
diately achieved in the obtained distribution. To clarify, let d denote the criterion. The
meaning of the term “lead-lag effect” is provided in Definition 2.

Definition 2 Lead-lag effect. Based on the calculated d, for any pair of stocks (e.g., i
and ), if the dij achieved from Eq. (3) satisfies d;; > cAL the lead-lag effect from stock j to
stock i is judged to hold. If d;; > d, the lead-lag effect from stock i to itself is judged to
hold.

Note that the principles of statistical testing imply that it is almost impossible for a
rare event to occur in one random trial. Given the null hypothesis and the statistical sig-
nificance level, the criterion for judging whether an event is rare or not can be achieved.
Then, if a rare event occurs in the analyzed real-world data, we can reject the null
hypothesis under the given statistical significance level, or we can determine that the
rare event has a statistically significant effect. In fact, few studies have formally defined
the lead-lag effect. As mentioned in the Related Work section, the lead—lag phenom-
enon or relationship was more often examined in the existing literature rather than the
lead-lag effect. We detected the lead—lag effect via formal statistical tests and null refer-
ence networks, but the existing literature adopted different approaches to detecting the
lead-lag relationship, such as the Granger test (Scherbina and Schlusche 2020; Zeng and
Atta Mills 2021) and the optimal causal path algorithm (Jiang et al. 2019). Accordingly,
the approach adopted leads to different definitions, so our definition is new in this field.

Table 1 shows the detailed process of achieving criterion d. Random networks are first
generated to achieve the distribution of the accumulated days between all stock pairs
under the null hypothesis. Then, criterion d can be obtained given the statistical signifi-
cance level in Step (1). Here, we refer to the configuration model proposed by Newman

Table 1 The process of achieving the criterion d

Input: the total number of stocks N, the daily lead-lag network G, achieved from real data (t=1, 2, ..., T), and
the statistical significance level &

Output: the criterion d
Steps:

(1) Random directed network RG, on day t is generated by retaining the node degree distribution of G, via the
configuration model. The code can be directly achieved from https://networkx.org/documentation/stable/
modules/networkx/generators/degree_seq.htmlitdirected_configuration_modmo. Note that the case of fol-
lowing oneself is also considered

(2) By repeating the steps (1) from t=1to T, a series of random networks RG;, RG,, ..., RGy can be obtained.
Then, the accumulated following days of each pair (denoted as rdy,i,j=1,2, ..., N) are achieved based on
the above series of random networks via Eg. (3). As a result, one group of simulation is completed with the

obtained set {rdj};;_,

(3) Hundred groups of simulations can be conducted (e.g., 500 groups) as above and then all the accumulated
following days of each pair obtained from each group are put together to get their distribution. Given the
statistical significance level &, the corresponding criterion d can be immediately achieved



https://networkx.org/documentation/stable/modules/networkx/generators/degree_seq.html#directed_configuration_modmo
https://networkx.org/documentation/stable/modules/networkx/generators/degree_seq.html#directed_configuration_modmo

Li et al. Financial Innovation (2022) 8:51 Page 8 of 36

Fig. 2 Graphs of 10 sequential random networks

et al. (2001). The generated random networks retain the characteristics of the daily net-
work as much as possible. Although the network indicator of the real-world lead-lag
network changes each day, the adopted configuration model guarantees that each day’s
random network and the same day’s real-world network share an almost identical node
degree distribution, which is superior to the model that retains only the same edge num-
ber. Next, the statistical significance level ¢ is set to 0.001 since a lower significance level
means a more rigorous criterion for determining the lead—lag effect. Once output d s
achieved based on the process shown in Table 1, Definition 2 directly judges which stock
pair features the lead—lag effect. Hereafter, the stock pairs detected with the lead-lag
effect are called “lead—-lag stock pairs”

Example

A simple example is presented to show how the proposed detection method works. This
example analyzes the closing price of 10 stocks on 11 sequential trading days, and then
obtains 10 daily lead—lag networks using Eq. (2). As displayed in Fig. 1, each node rep-
resents one stock, and the direction of the link points from the leader to the follower.
The color of the node distinguishes between differences in the node out-degree (i.e., the
number of followers): the more significant the out-degree, the darker the color.
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Following Steps (1) and (2) in Table 1, one group of simulations can achieve the fol-
lowing 10 sequential random networks, as shown in Fig. 2. Here, each day’s random net-
work retains the node degree distribution of the same day’s real-world lead—lag network,
which can be checked by comparing the counterpart in Figs. 1 and 2.

Then, by conducting 500 groups of simulations according to Step (3) in Table 1, the
distribution of all the achieved accumulated days is achieved and displayed in Fig. 3.
When the statistical significance level () is set to 0.001, the criterion d is equal to 6,
based on the achieved distribution in Fig. 3. Accordingly, the detected leader—follower
pairs are 3—4,4— 5,and 6 — 7.

Main results and validation in real-world stock markets

To apply the previous simple example to real-world stock markets, this section selects
the stock markets of mainland China and the U.S. as the targets of analysis. This sec-
tion applies the proposed method to detect which stock pairs are characterized by the
defined lead-lag effect and explores how the man-made variables embedded in the
detection method affect the results. The following subsections introduce the process
of data selection, report the main results in different stock markets, and discuss these
findings.

Data preparation and main statistical results

Data preparation

Two stock sets are selected for the application and validation of the proposed method.
One is the set of 300 stocks contained in the China Securities Index 300 (CSI 300), con-
sidering that these 300 stocks are the most liquid stocks in mainland China’s A-share
stock market; therefore, they are often used to reflect its overall performance. The other
is the set of stocks included in Standard & Poor’s 500 Index (S&P 500), which helps us
understand the proposed method’s performance in the U.S. stock market. Note that the
stocks in the CSI 300 and the S&P 500 are not permanent, although adjustments to the
stock set are quite infrequent.
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(¢) The overall lead-lag network for 10 years in the CSI 300  (d) The overall lead-lag network for 10 years in the S&P 500
Fig. 4 The lead-lag networks achieved in the two selected stock sets (A=10.20)

The closing price of each stock in the two selected stock sets is collected on each
trading day between January 1, 2010, and December 31, 2019 (i.e., over 10 years). The
data were obtained from the Compustat database at https://wrds-www.wharton.upenn.
edu/; each year has an average of 250 trading days. The stocks featured in each stock
set changes over time because new stocks were added and others were removed during
the chosen period. Almost every trading day witnessed stock suspensions due to some
reason or rule, and thus the size of the daily lead—lag network fluctuates. As shown in
Fig. 4, different stock sets feature different overall directed lead—lag networks in terms of
their diameter (DM), density (DS), average path length, average node degree (ND), and
clustering coefficient.

Recalling Egs. (1-2) in Sect. 3.1, the daily lead—lag networks can be immediately
achieved in each stock set based on the above-prepared data once the man-made thresh-
old A is given. Here and hereafter, taking A =0.20 if no special statements are provided,
the upper part of Fig. 4 displays the lead—lag networks achieved in each stock set on
December 12, 2019. The overall lead—lag network can be obtained in each stock set by
summing up each day’s lead—lag network. The bottom part of Fig. 4 shows the overall
lead—lag network of each stock set during the entire period; the link thickness is propor-
tional to the number of cumulative days on which one stock followed the other in this
directed link.

To display more results under different values of the man-made threshold, A, Fig. 5
shows the achieved lead-lag networks in the two selected stock sets when A=0.10.
By comparing Figs. 4 and 5, we find that different values of A cause only slight changes
in the overall lead—lag networks and their corresponding indicators in both markets,
except that the average ND decreases with a decrease in A. However, the change in A has
a significant impact on the daily networks of both markets because the daily network is
not as robust as the overall network.
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(a) The lead-lag network of Dec. 12, 2019 in the CSI 300 (b) The lead-lag network of Dec. 12, 2019 in the S&P 500
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(c) The overall lead-lag network for 10 years in the CSI 300  (d) The overall lead-lag network for 10 years in the S&P 500
Fig.5 The lead-lag networks achieved in the two selected stock sets (A=0.10)

Power-law distribution

Before formally describing the detailed analysis, we will first recall basic knowledge
about the random network, the scale-free network, and the power-law distribution that
is often seen in the fields of complexity science and network analysis. First, a random
network indicates that the links in the network are randomly formed; in other words,
the links are generated with a given probability (Barabasi and Albert 1999). The random
network is often used as a testable null hypothesis about network structure (Volz 2004).
Its link distribution is thin-tailed, and our work follows this idea. In contrast to a ran-
dom network, a scale-free network refers to one with a degree distribution that meets
the power law, at least asymptotically (Barabési and Bonabeau 2003). Roughly speaking,
the distribution discrepancy between a random network and a scale-free network often
originates in human activity, that is, human activity causes the change from a thin-tailed
to a heavy-tailed distribution (represented by the power-law distribution). In addition,
human activity also makes the power-law distribution more prevalent and special in the
field of complexity science, and even the power-law distribution is viewed as a signature
of complexity by noting that such a distribution can reflect the underlying pattern of a
complex process (Rickles 2011). Our study considers the function of human activity in
the stock market and thus tests the power-law distribution as stated below.

Although the overall lead—lag network of each stock set is unique, we wonder whether
some identical patterns exist for different stock sets. If they do, we can call the discov-
ered identical pattern a feature, because different stock sets do not alter the features
embedded in the lead-lag phenomenon. To answer this question, we will focus on the
link thickness displayed in Fig. 4 and examine its distribution. The distribution of the
concerned link thickness is equal to that of variable d;; defined in Eq. (3) by carefully con-
sidering the meaning of link thickness. Figure 6 displays the distribution in each stock
set using A=0.20. As displayed in Fig. 6, the points in the tail of each distribution are
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Fig. 6 Distribution of the link thickness in each stock set as well as the test results

almost in a line in the log—log coordinates (i.e., a feature of the power-law distribution),
indicating that the tested distribution is quite likely to meet the power-law distribution.

Next, according to the mainstream testing methods used in the existing literature
(Clauset et al. 2009; Malevergne et al. 2011; Toda 2012) to verify the power-law dis-
tribution, we apply three methods to obtain sound results: the Kolmogorov—Smirnov
Test (K-S), the Kuiper Test (Kuiper 1960), and the Anderson-Darling test (A-D)
(Scholz and Stephens 1987; Coronel-Brizio and Hernandez-Montoya 2010). Recalling
Eq. (2), the manufactured threshold, A, affects the achieved daily lead-lag networks
as well as the overall lead—lag networks in both markets. Here, we test whether the
power-law distribution holds under different values of A. Table 2 shows the results:
none of the three methods rejects the null hypothesis that “the data meets the power-
law distribution” at the statistical significance level of 0.05. Therefore, we believe that
the power-law distribution can be regarded as a stable pattern underlying the lead—lag
phenomenon.

In addition, we conduct additional tests to exclude the other possible distributions
and provide additional evidence supporting the discovered power-law distribution.
As both markets witnessed steep decays in the log—log coordinates shown in Fig. 6,
two possible discrete and thin-tailed distributions such as the Poisson distribution
or the binomial distribution are estimated and tested using the three testing meth-
ods. To make our results sound, we change the value of A to test the sensitivity of the
results to this manufactured parameter. The results for the two tested distributions
are shown in Tables 3 and 4. When the statistical significance level is 0.05, the two
distributions are rejected in both markets in most cases, although several exceptions
exist for the binomial distribution at A=0.15 under the Kuiper Test. In summary,
these results provide more evidence that the verified distribution is likely to meet the
power-law distribution.

Based on these findings, we now address why the discovered power-law distribu-
tion is important in our work. Our proposed detection approach is more meaningful
when facing a power-law distribution than a thin-tailed distribution because very few
stock pairs (the number is negligible) can be detected as having a lead—lag effect with
a thin-tailed distribution, but the power-law distribution guarantees that a consider-
able number of stock pairs may be detected. As expected, more detected stock pairs
implies more opportunities to utilize the information contained in the lead—lag effect

Page 12 of 36
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Table 5 Robustness results in CSI 300

DD 0.15 0.20 0.25 0.30 0.35
(p)
0.10 0.112 0.191 0.252 0.301 0.342
(0.142) (0.070) (0.000) (0.000) (0.000)
0.15 0.081 0.144 0.196 0.240
(0.880) (0.247) (0.136) (0.070)
0.20 0.064 0.117 0.162
(0.942) (0.836) (0.596)
0.25 0.054 0.100
(0.999) (0.999)
0.30 0.047
(0.999)

Table 6 Robustness results in S&P 500

DD 0.15 0.20 0.25 0.30 0.35
(p)
0.10 0.230 0.284 0.327 0.364 0.403
(0.999) (0.974) (0.774) (0.390) (0.348)
0.15 0.206 0.259 0.291 0.322
(0.999) (0.969) (0.606) (0.556)
0.20 0.189 0.246 0.272
(0.999) (0.957) (0.929)
0.25 0.176 0.237
(0.999) (0.998)
0.30 0.166
(0.999)

to improve earnings, which lays a foundation for designing more profitable invest-
ment strategies.

Main results and validation

By recalling the proposed detection approach, two manufactured variables will affect
the detection results: the threshold A and the period (. As we have explained, the
threshold, A, influences the achieved daily lead—lag networks. The period, {, is also
an influencing factor because the predictability is likely to differ when different peri-
ods are chosen. The following two subsections will explore how these variables affect
the detection results. These findings can also partially answer questions related to the
model’s robustness and the predictability of the results.

Detection results as a function of A

Recalling Eq. (2), the manufactured threshold A will affect the link formation in a daily
lead-lag network to further influence the distribution of the variable d;s (by recalling
Eq. (3) or Fig. 6). This subsection focuses on how the manufactured threshold A affects
the aforementioned distribution. If the distributions obtained under different values of
A differ significantly, the output of our model is sensitive to A, or, in other words, is not
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robust, and vice versa. To this end, DD(A,, Aj) is defined in Eq. (4) by following the K-S
test (Massey 1951) to measure the difference in the distribution as follows:

DD(A;, Aj) = max |cdf (d; i) — cdf (d; A))). @)

where cdfld, A;) and cdf(d, A)) denote the cumulative distribution function under thresh-
olds A; and A, respectively. Because the measurement defined in Eq. (4) is a K-S statistic,
the K-S test can be conducted to check whether the difference is significant. Consider-
ing different combinations of A; and A, Tables 5 and 6 report the statistic DD(A;, A)) of
each combination and its corresponding p value using the K-S test.

The numbers in bold in Tables 5 and 6 indicate that the difference between the
two distributions is not significant at the significance level of 0.05. In addition, when
|A; — A;| < 10%, none of the distribution differences under different combinations are sig-
nificant, implying robustness, especially when the deviation of the two threshold values
is not too large. Moreover, not surprisingly, DD(A;, A)) increases with [A;— A in all the
combinations in the two stock markets, and, even if the deviation of the two threshold
values is as great as 20%, the distribution under some combinations is also insignificant.
Overall, the achieved distributions are robust considering that they are not quite sensi-
tive to the parameter A.

Detection results as a function of {

Before discussing the function of {, we first focus on the prediction task: the detected
leader during period ( serves as a signal, and the price movements of the detected fol-
lowers act as the predicted target. Specifically, if leader stock i and its follower stock j
are one of these detected lead-lag stock pairs during the given period { (i.e., { months),
the price movement of stock j on day ¢ can be inferred from that of stock / on day 1.
Then, we compare the real price movement of stock j with the movement predicted by
its leader i on each trading day in the targeted month; thus, the prediction accuracy of
the month can be calculated. To simplify the problem, we use 1, — 1, and 0 to denote the
three price movements without considering the degree. In addition, if one follower has
multiple leaders, the movement direction of the follower is determined by the majority
of the leaders. When half of the leaders move up and half move down, the movement of
the follower is predicted to be 0. Finally, by averaging all followers’ prediction accuracy,

moving forward one month and repeating the prediction method

- —— | - —d_
| I/ | \I/ \I
I I I
N N \ J
T 1 -1
¢ months one month

conducting the moving process
(for detecting the lead-lag pairs) | (for prediction) and completing the prediction

conducting the above described prediction method task in each month

averaging all the prediction accuracies achieved in each month to get the overall accuracy

Fig. 7 The detailed process of the prediction task
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Fig. 8 Prediction accuracy under different values of {in each stock set

Table 7 Results of one-sample T tests by comparing the mean value to 0.50 in two stock sets

{ CSI 300 S&P 500
Mean value Std error T value Mean value Std error T value

1 0511 0.069 1.746* 0.628 0.054 26.095%**
2 0511 0.07 1.719% 0.635 0.051 29.176%%*
3 0.52 0.068 3.203*** 0628 0.054 25.784***
4 0.525 0.065 4.202%** 0.639 0.054 28.277%**
5 0.523 0.064 3.023*** 0634 0.055 26.448***
6 0.524 0.065 4.028%** 0.623 0.053 25.627%**

" p<0.10; ** p<0.05; *** p<0.01

we obtain the performance of the prediction task in the targeted month. The detailed
process of the prediction task is displayed in Fig. 7.

Note that the detection results on the lead—lag stock pairs are dependent on the vari-
able (. Thus, this subsection will explore the optimal value of { to achieve the best pre-
diction performance. The performance is measured based on the overall accuracy shown
in Fig. 7. On the one hand, the answer to this question will unveil the function of { on the
detection results and even the accuracy of the simple prediction task, laying a founda-
tion for designing profitable investment strategies; on the other hand, the answer will
enable us to understand how much information is contained in the detected lead-lag
stock pairs, although the prediction task is quite simple. If the mean overall prediction
accuracy, as expected, is significantly greater than 50% (or say, a random guess), we tend
to believe that the detected lead—lag stock pairs contain valuable information; a higher
value means that they will be more helpful in designing profitable investment strategies
in practice. Otherwise, we should consider how to better utilize and mine the informa-
tion contained in the detection results.

Following the prediction task, Fig. 8 displays prediction accuracy under different val-
ues of { in each selected stock set. Here, the box plot under each value of { is achieved by
120 accuracy values, that is, the set of the overall accuracy obtained for each month (for
prediction, as displayed in Fig. 7) over the 10 years between January 2010 and Decem-
ber 2019. As shown in Fig. 8, the medians of overall accuracy under different values of
( are only a little higher than 0.50 for the CSI 300 and much higher than 0.50 for the
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Fig. 9 Prediction accuracy under different combinations of two parameters in each stock set

S&P 500. Accordingly, the one-sample t-test is needed, especially for the CSI 300, to
check whether the mean values of overall accuracy are significantly higher than 0.50 for
every value of (, as stated in the previous paragraph. To this end, the results are listed in
Table 7, showing that all the mean values are significantly higher than 0.50, at least under
the significance level of 0.10, regardless of the stock set and the value of {.

Combining the results reported in Fig. 8 and Table 7, we find that the information con-
tained in the detected lead—lag stock pairs helps design profitable investment strategies.
In addition, the performance is robust to the manufactured variable { by noting that the
discrepancy between the highest and lowest mean accuracy values is within 2% in both
stock sets. Furthermore, the accuracies achieved in the S&P 500 are all higher than those
in the CSI 300, implying that the detected lead—lag stock pairs will be much more ben-
eficial in the S&P 500, which will be validated in “Section Investment strategies based on
the detected lead—lag effect”.

In addition, following the prediction task, different combinations of the two param-
eters (i.e., A and {) will yield varying accuracies. More importantly, the result in which
combination has the best preformation will be useful for selecting parameters in design-
ing investment strategies (see the next section). The two thermodynamic graphs dis-
played in Fig. 9 show the results for each stock set. According to Fig. 9, the prediction
accuracy first increases and then decreases with an increase in (, in most cases, when
A is fixed. The prediction accuracy increases with a decline in A, on average, but there
are some exceptions when ( is fixed. All the achieved accuracies are greater than 50%,
demonstrating that the detected lead—lag stock pairs are helpful, even with the simple
prediction task. Interestingly and more importantly, the best accuracy is achieved with
the same parameter combination in the two stock sets; thus, the combination of A=0.10
and (=4 will lead to the most profitable lead—lag stock pairs, which will be adopted to
design a more complicated investment strategy in the next section.
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Investment strategies based on the detected lead-lag effect

The simple prediction task, described in Sect. 4.2.2, can be regarded as one of the most
straightforward investment strategies because it only considers the direction of the pre-
dicted price movement without considering the trading details. In addition, the simple
prediction task lays a foundation for designing more complicated investment strategies
by revealing that the detected lead—lag stock pairs will yield more profitable informa-
tion when A=0.10 and {=4. Based on the achieved parameter combination, this section
extends the aforementioned simple prediction task into two types of practical invest-

”

ment strategies: the so-called “pure lead-lag strategy” and “enhancement strategies,’
which are determined by integrating the pure lead—lag strategy into well-known alpha-
factor strategies. The following subsections will first present the two strategies designed
in this study and then report their performance to guide investors’ practices in real-

world stock markets.

Pure lead-lag strategy
Our designed pure lead-lag strategy consists of three main steps based on the detected
lead—lag stock pairs. The steps are listed in detail below.

Step 1:  Calculate the strength of the influence of the leader on the follower.

A bipartite graph model is adopted to depict the leaders, followers, and their relation-
ship, where the set of leaders and followers is denoted as N and M, respectively. For any
p € N and q € M, d,, denotes the number of accumulated days that stock g follows
stock p during the analyzed period by recalling Eq. (3). Then, let s, represent the influ-
ence strength of leader p on follower g with the following mathematical expression:

dP‘I
ZpeN,qu dl’q

Spq = (5)

According to Eq. (5), a greater number of accumulated days indicates a stronger influ-
ence. Once the detected bipartite graph is determined, the strength of the influence of all
detected lead—-lag stock pairs is also determined.

Step 2: Calculate each day’s accumulated influence on the follower.
Let w,, reflect the accumulated influence of the leader set on follower ¢ on day ¢, which
can be calculated as follows:

W,lzzr,ts )
q pitopq (6)

PEN

where r,,, is the yield rate of stock p on day ¢ according to Eq. (1). Then, similar to Eq. (5),
normalizing the calculated w,, achieves the following ratio variable v, which helps to
determine the holding position of the follower stock g on day ¢. Equation (7) shows the
specific expression for v, , as follows:

Vgt = _ Mt
ot = . 7
2qem Wait @
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Step 3:  Adjust the holding position of follower stock q based on v, ,.

At the end of trading day ¢, the holding positions of all follower stocks can be adjusted
based on the calculated v, ,. Here, we assume that our adjustments can be instantly com-
pleted according to each follower’s market price at the closing of the stock market that
day. Let C, denote total assets just before adjusting stock positions on trading day ¢ gen-
erally, C, contains the holding stocks and currencies. Taking follower stock g as a repre-
sentative example, the rule for adjusting stock positions is as follows: (1) when v, , >0, the
market value of stock g held in hand is adjusted to v, ,C, through buying or selling, where
the market value is measured at trading time; (2) when Vi< 0, the amount of stock g
held in hand should be adjusted to 0.

Enhancement strategy

As mentioned in Sect. 2.2, the alpha-factor strategy selects stocks by calculating and
ranking the value of the adopted alpha factor. Interestingly, the pure lead—lag strategy
provides the selected stocks and the buy-and-sell signal. Naturally, the buy-and-sell
signal can be adapted to the stock sets selected by both the alpha-factor and lead-lag
strategies. As a result, the enhancement strategy can be designed by combining the
buy-and-sell signal and stock selection, as explained previously. In addition, the trading
framework of the commonly used alpha-factor strategy requires that the calculated value
of the concerned alpha-factor should be updated each month. In practice, the value of
the concerned alpha factor is calculated at the end of each month based on the technical
data of that month, and then stock selection and trades are immediately made. There-
fore, the trading day in the pure lead—lag strategy is identical to the alpha-factor strategy.
The two strategies are coherent in terms of trading time when forming the enhancement
strategy.

There are a total of four steps to conducting the enhancement strategy. The first step
is to detect the lead—lag stock pairs based on the preceding work of this study and then
determine the set of follower stocks, denoted as Q. The second step is to choose one
alpha factor and then calculate the alpha value of each stock in set Q. Without any loss
of generality, let a, denote the calculated alpha value of stock g for any stock g € Q. The
third step is to achieve the variable value v, (for any g € Q, hereafter) by following the
first two steps in the pure lead—lag strategy as stated in Sect. 5.1. The last step is to pro-
vide the trading rules based on a,, and v, achieved in the foregoing steps and then use the
rules to adjust the holding position of stock g.

Table 8 The process of calculating the alpha-01 value of each stock set Q in month 7T

Input:  For any stock i in one stock market, the two vectors OP; and TV, consist of daily opening price
and daily trading volume of stock i on all the trading days of the month TT, respectively

Output:  The value of alpha-01 of stock i, which is denoted as a!

Process:

(1) For each stock i in the stock market, the correlation (denoted as CORR) between OP;and TV, is calcu-
lated

(2) The achieved correlations of all the stocks are sorted in descending order, and then each stock i gets a
rank number (denoted as RK) in the sorted vector

(©) Then, oz,mcan be calculated as a,m = % — % 8)

where N is the total number of stocks traded in the selected market
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Here, we take our designed alpha-01 as an example to describe the aforementioned
steps of the enhancement strategy to present them more clearly. We assume that the first
step has been conducted and designated the follower stock set Q. Then, according to the
second step, Table 8 describes the detailed process of calculating the alpha-01 value of
each stock belonging to set Q.

Before conducting the steps of the proposed enhancement strategy, we first pay atten-
tion to the achieved a?l. On the one hand, if CORR, is low among all stocks, RK; will be
a large number and thus a?l will be high. In other words, if one stock’s opening price is
not consistent with its trading volume in the analyzed month, the calculated alpha-01
value of this stock will be high. On the other hand, Eq. (8) guarantees that the calcu-
lated alpha-01 value ranges between — 0.5 and 0.5; half of the stocks traded on the stock
market have a positive alpha-01 value. Note that different alpha factors have different
calculation processes. Our study adopts 20 different alpha factors by following Kakush-
adze (2016) to ensure that our results are sound. Their detailed calculation processes are
presented in Appendix 1.

Performance
This section aims to validate the performance of our proposed lead—lag strategy and test
whether this strategy improves the performance of the pure alpha-factor strategies in
the formed enhancement strategy. As in the work of Stiibinger (2019), the trading cost
is set to 0.25%, and the naive buy-and-hold investment strategy (MKT) is chosen as the
benchmark. In addition, we choose the upper 5% daily return rate, or the Sharpe ratio,
of a series of random investment operations as another benchmark, where a random
investment operation means buying one stock on a random day and selling it on a later
random day. With the aim of obtaining sound results, we designed 20 different alpha-
factor strategies (see Appendix 1) for validation and chose a testing period of 10 years
(i.e., from January 2010 to December 2019).

Because the alpha-01 strategy is the example in Sect. 5.2, this section first focuses
on the performance of the pure lead-lag strategy (PLL), the pure alpha-01 strategy
(Pure-01), and the enhancement strategy of alpha-01 (Enhan-01). Table 9 reports their

Table 9 The performance of PLL, Pure-01, Enhan-01, and MKT in each stock market

Indexes CSI 300 S&P 500

PLL Pure-01 Enhan-01 MKT PLL Pure-01 Enhan-01 MKT

Mean return  8.80E—05 —0.00011 0.00031 8.60E—05 0.00116 0.00101 0.00153 0.00074
Std error 0.00855 0.01542 0.00692 0.01021 0.00887 0.00897 0.00985 0.00930

Minimum —0.06331 —0.09457 —0.16219 —0.06051 —0.06344 —0.06638 —0.05837 —0.06663
Quartile 1 —0.00335 —0.00689 —0.00197 —000531 —0.00330 —0.00339 —0.00368 —0.00327
Median 0.00017 0.00014 9.38E—05 0.00046 0.00085 0.00077 0.00094 0.00060

Quartile 3 0.00397 0.00759 0.00252 0.00582 0.00503 0.00515 0.00540 0.00505
Maximum 0.04431 0.06640 0.04199 0.05251 0.06771 0.05064 0.15993 0.04960

Skewness —088929 —0.64429 —536223 —029767 —0.23049 —036344 1.30722 — 040880
Kurtosis 11.05965  7.63471 132.602 5.76534 8.25482 743435 326182 745357
Sharperatio  0.14670 —0.17437 0.70335 0.14780 0.87648 0.82865 1.13450 0.80963

Max-draw 041724 0.56303 0.29421 0.36,258  0.21234 0.19062 0.17300 0.19778

“Max-draw” is an abbreviation for “maximum drawdown.”



Li et al. Financial Innovation (2022) 8:51 Page 23 of 36

performance in the two target stock markets, where “mean returns” are achieved by
averaging the daily return rate. By comparing the mean returns of each strategy, we find
that the enhancement strategy performs best in both markets. Therefore, this finding
indicates that the proposed lead—lag strategy significantly improves the performance of
the pure-01 factor strategy. Furthermore, PLL performs better than MKT in both mar-
kets in different degrees in terms of mean returns, meaning that PLL contains valuable
information for investment. However, when the signals provided by the lead—-lag strategy
are added to the pure-01 factor strategy, the achieved enhancement strategy performs
better, which implies that the value of the information contained in the lead-lag strategy
is superior to that of the pure strategy. Considering the other indices listed in Table 9,
the positively higher values of skewness and the Sharpe ratio in Enhan-01 displays a
more desirable property for any potential investor in both markets (Cont 2010; Fievet
and Sornette 2018). In addition, compared to Pure-01, the usage of the signal from the
PLL significantly reduces the max-draw of Enhan-01, and thus, increases the advantage
afforded by the enhancement strategy.

Next, we conduct random investment operations in each stock market during the
selected 10-year period, record the average daily return rate (mean returns) and the
Sharpe ratio of each operation, and then rank them in the figures. Figure 10 displays
the results of 5,000 simulations, and the upper 5% of the ranked mean return value, or
Sharpe ratio, is set as the threshold. When the corresponding value of one proposed
strategy is above the threshold, we deem that the performance of the proposed strategy
is significantly better than the benchmark at a significance level of 0.05. Recalling the
performance results of Enhan-01 shown in Table 9, the mean values are 0.00036 and
0.01257 in both the U.S. and Chinese stock markets, respectively, which is higher than
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Fig. 11 Performance of each selected alpha strategy and its enhancement strategy in each market

the corresponding highlighted thresholds reported in Panels (a) and (c) of Fig. 10. Con-
cerning the Sharpe ratio, a similar result holds.

Following this analytical process, the performance of the remaining 19 alpha-factor
strategies and their corresponding enhancement strategies is also tested. All perfor-
mance results are listed in Tables 10 and 11 for the two stock markets. To facilitate
comparison, Fig. 11 displays the mean return of each selected alpha factor in each
market as well as for the two types of benchmarks. Here, it is not difficult to find that
the benchmark from random investment operations is higher than that from MKT.
According to Fig. 11, we can obtain the following findings: (1) all of the enhancement
strategies perform better than the two benchmarks in both markets, demonstrating
the usefulness of the proposed strategies; and (2) almost all of the enhancement strat-
egies perform better than the corresponding pure alpha-factor strategies, illustrating
that the signal provided by the lead—lag strategy that we proposed does improve the
performance of pure alpha-factor strategies in most cases.

Discussion
Section 4.2.2, Fig. 8, and Table 7 show that the overall prediction accuracy is sig-
nificantly higher than 50% (i.e., better than a random guess) in each case, implying
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that the stocks with the lead—lag effect provide useful information for prediction and
strategy design. However, a degree of more than 50% is not exceptionally high, par-
ticularly in the CSI 300; thus, some stock pairs perform worse than a random guess in
each prediction period. Inspired by this result, we provide a refined process in which
the stock pairs (i.e., the detected lead-lag relationship with effect) with a prediction
accuracy less than 50% are eliminated from the selected stock set. Accordingly, the
refined process makes the set of stock pairs with the lead—lag effect more minor by
deleting those with inferior prediction performance in the trained data. Then, put-
ting the refined process into the enhancement strategy proposed above, the so-called
refined strategy is proposed and the test of its performance is like what was done in
Sect. 5.3.

All performance results are listed in Table 12 for each market, and Fig. 12 displays
the mean returns of each enhancement strategy and its corresponding refined strategy
in each market with the two selected benchmarks. According to Fig. 12, the refined
strategies have different degrees of improvement in profit over the original enhance-
ment strategies in the CSI 300, indicating that the refined process does provide more
practical information for investing in the CSI 300. However, for the S&P 500, most
refined strategies outperform the original enhancement strategies, but some perform
worse than the original enhancement strategy, especially when the original strategy
is already very profitable. This result implies that the refined process does not always
work better than the original process, possibly because some helpful information may
be dropped during the refinement process.

Furthermore, in the risk analysis, Table 12 shows that the refined strategy gener-
ally improves the Sharpe ratio and reduces the maximum draw-down rate in the CSI
300. In contrast, improvement is not evident in the S&P 500. These results indicate
that the refinement process effectively discards risky lead—lag signals, but its perfor-
mance depends on the application scenario. Overall, the refined strategy is more suit-
able for the CSI 300, but for the S&P 500, it may serve as an alternative to the original
enhancement strategy.

Conclusions and future work

The power-law distribution is often observed in human activity, which explains its wide-
spread existence in stock markets. Interestingly, this study finds that the number of accu-
mulated lead—lag days between stock pairs fulfills the power-law distribution in both the
U.S. and Chinese stock markets based on 10 years of data. Because the power-law distri-
bution features a heavy tail, this study also formally defines the lead—lag effect via statis-
tical testing and then proposes a new method for detecting stock pairs characterized by
the previously defined lead-lag effect. Robustness and the functions of the parameters
embedded in the detection method are tested and explored. As an application, a PLL
investment strategy is first proposed based on stock pairs identified with the lead—lag
effect. Although the proposed lead—lag strategy can beat a naive buy-and-sell strategy,
its leading edge is too limited to be satisfied. To this end, enhancement strategies are also
designed by integrating the lead—lag strategy in the selected basic alpha-factor strate-
gies. Then, a series of validations are conducted on 20 different alpha factors to guaran-
tee sound results. The results demonstrate that the enhancement strategy significantly
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Fig. 12 Performance of each enhancement strategy and its refined strategies in each market

improves the performance of the basic alpha-factor strategies and the PLL strategy in
most cases.

In theory, the discovered power-law distribution implies that the lead—lag phenom-
enon common in stock markets is attributable not only to random factors but is also
influenced by human behaviors such as irrationality, herding, gaming behavior, and
many others. Importantly, this finding provides new evidence in support of behavioral
finance theory. The proposed detection method can be considered solid and credible
because it originates from the principle of statistical testing, contributing to the existing
methods for detecting the lead—lag phenomenon or effect. In practice, because the lead—
lag effect is demonstrated in this study to provide effective information, it will benefit
the designing of innovative and effective investment strategies that are especially suita-
ble for low-frequency data due to its maneuverability. The idea of an enhancement strat-
egy (i.e., a basic strategy supplemented by the lead—lag strategy) provides investors with
a new framework for strategy design with potentially positive back-tested performance
and practicality.

Our study does have some limitations. Although we selected two representative stock
markets as the targets for this examination, the analysis and validation of additional
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stock markets is required. In future work, we will study the characteristics of the lead—
lag phenomenon in different emerging markets at different stages of economic develop-
ment. Many previous studies have confirmed that there are more opportunities for profit
in emerging markets than in mature markets; thus, if our proposed strategy will be effec-
tive in various emerging markets remains a question of interest. Although our proposed
lead-lag strategy and enhancement strategies exhibit a significant improvement com-
pared to the selected benchmarks, the type of basic investment strategy (i.e., the alpha
strategy) is relatively singular in this work. In future work, other investment strategies
can be selected as the basic strategy that will be enhanced by implementing the lead—
lag strategy to design more competitive stock market investment strategies. As this is a
preliminary examination into these two directions, more colorful findings and profitable
investment strategies are welcome in the future.

Appendix 1: The designed 20 alpha factors and their expressions
We present the designed 20 alpha factors in details here by providing their formulaic
expressions. Specifically, Table 13 shows symbolic descriptions of the variables related
to the collected data, and Table 14 shows the operators and functions adopted in these
formulaic expressions of alpha factors.

Accordingly, the designed 20 alpha formulas are expressed one by one as below.

+ Alpha-01: Rank(—1 * Correlation(Open, Volume, 20)) — 0.5

+ Alpha-02: Rank(—1 x Correlation(Rank (Delta(Volume, 10)), Rank( C"”Oe;e‘jpe” ),20)) — 0.5

« Alpha-03: Rank(—1 * Ts_Rank(Low, 20)) — 0.5

+ Alpha-04: Rank(—1 * Correlation(Open, Volume, 20)) — 0.5

+ Alpha-05: Rank (Sign(Delta(Volume, 1)) * (—1 * Delta(Close, 20))) — 0.5

+ Alpha-06: 0.5 — 1 * Rank(Covariance(Rank(Close), Rank(Volume), 20))

+ Alpha-07: Rank((—1 * Rank(Delta(Returns, 10))) * Correlation(Open, Volume, 20)) — 0.5

+ Alpha-08: 0.5 — 1 * Rank(Correlation(Rank(High), Rank(Volume), 20))

+ Alpha-09: 0.5 — 1 * Rank(covariance(Rank(High), Rank(Volume), 20))

+ Alpha-10: 0.5 — 1 * Rank(Correlation(Ts_Rank(Volume, 5), Ts_Rank(High, 5), 15))
+ Alpha-11: Rank(Correlation(Adv20, Low, 5) 4+ ((High + Low)/2) — Close) — 0.5

+ Alpha-12: Rank(Correlation(Delay((Open — Close), 1), Close, 20)) + Rank((Open — Close)) — 0.5
+ Alpha-13: Rank(—1 * Rank(Std(High, 20)) * Correlation(High, Volume, 20)) — 0.5
+ Alpha-14: Rank(—1 * Correlation(High, Rank(Volume), 20)) — 0.5

+ Alpha-15: Rank(—1 * Delta((2 % Close — Low — High)/(Close — Low), 20)) — 0.5

. Alpha—16: Rank(Correlation((Low — Close) % (Open®), (Low — High) = (Close®),20)) — 0.5

+ Alpha-17:0.5 — Rank(Correlation(Rank(Maxg&;;}%ﬁ%ﬁ:&i; 12)), Rank(Volume), 6))

+ Alpha-18: Rank(Correlation (Close — Open, High — Low), 20) — 0.5
« Alpha-19: Rank(2 — Rank(Std (Returns, 7) /Std (Returns, 20)) — Rank(Delta(Close, 7))) — 0.5
« Alpha-20: Rank(Ts_Rank(Volume/Adv20, 20) * Ts_Rank(—1 * Delta(Close, 7),7)) — 0.5
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Table 13 Symbolic descriptions of the data variables
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Name Descriptions

Open Daily open price
Close Daily close price
High Daily high price

Low Daily low price
Volume Daily trading volume
Returns Daily returns

Adv20 Average daily trad-

ing volume in past

20 days

Table 14 Operators and functions in the formulaic expressions

Operator and function Description Type
+, =5 LN Add, subtract, multiply, divide, power
Correlation(x, y, n) Correlation of the variables x and y for the past n days Scalar
Covariance(x, y, n) Covariance of the variables x and y for the past n days Scalar
Delay(x, n) x value of ndays ago Scalar
Delta(x, n) x value of current day minus its value of n days ago Scalar
Rank(x) Rank value of the variable x of all the stocks and the achieved rank  Vector
value is transformed into the range between 0.0 and 1.0. For exam-
ple,Rank([20.2,15.6,10.0,5.7,50.2,18.4])is [0.8,0.4,0.2,0.0, 1.0, 0.6]
Sign(x) 1ifx>0,—1ifx<0,and 0if x=0 Scalar
Std(x, n) Standard deviation of the variable x for the past n days Scalar
Ts_Rank(x,n) Rank the values of the variable x over the past d days and then all Scalar
the rank values are transformed into the range between 0.0 and 1.0.
Finally, the rank value of the variable x in current day is returned
Max(x, n) The maximum value of the variable x over the past d days Scalar
Min(x, n) The minimum value of the variable x over the past d days Scalar

Appendix 2: List of ababreviations

See Table 15.

Table 15 Abbreviations and their full names

Abbreviation

Full name

CSI300
S&P 500
K-S test
MKT

PLL
Pure-01
Enhan-01

Max-draw
DM

DS

PL

ND

cc

China Securities 300 index
Standard & Poor 500 Index
Kolmogorf-Smirnoff test

The naive buy-and-hold investment strategy

The pure lead-lag strategy
The pure alpha strategy No. 01

The enhancement strategy based on the

alpha strategy No. 01
Maximum drawdown
Diameter of a network
Density of a network
Average of path length
Average of node degree
Clustering coefficient
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