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strength of their bonding, including but not limited to trading volume and vol-
atility. In order to build a more robust portfolio formation framework, in this
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stock market (HKG). Toda-Yamamoto Granger test (TY-Granger test) was
conducted by using the constituent stocks of the Hang Seng Index (HSI). The
data set contains the prices, trading volume, and volatility from February 2020
to December 2024, where 60 monthly Granger (involving approximately 20
trading days per month) causality networks were constructed. By combining
each daily Granger causality matrix within that month using an e-value-based
method, stocks were classified via multi-layer directed causal network feature
extraction by Gaussian Mixture Model (GMM) based unsupervised clustering
into three different types of clusters: Influential, Affected, and Isolated. Such
classification has proven to be useful in supporting the formation of portfolio
under different market conditions.
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1. Introduction

Since Granger (1969) proposed the causality test, it has been widely applied in the
causality analysis of financial assets, risk transmission, and market microstructure
studies (Granger, 1969; Sims, 1980). Granger causality test is a statistical based
time series analysis, designed to determine whether one variable can predict the
changes in others. The majority of previous studies have focused on cross-market
relationships, such as those between stock indices and commodities like oil and
gold, or among different stock markets. For example, Zhang et al. (2023) found
that during COVID-19, both the stock market and the bond market acted as net
transmitters of risk spillovers. There are some studies focus on causal relation-
ships at the individual stock level. Bai, Cui, & Zhang (2018) combine the K-means
algorithm with the Granger causality test to analyze the mutual relationships among
the returns of forty individual stocks on Shanghai A-shares based on the cluster.
Additionally, complicated network models have been widely adopted based on
Granger causality to identify the asset clustering (Gao et al., 2018; Tang et al., 2019;
Huang et al., 2021; de Pontes & Régo, 2022). These approaches aim to construct a
network where various assets form nodes and significant Granger-causal relation-
ships form edges. Examining these edges’ strength identifies asset clusters, unveil-
ing the asset influence and risk pathways across different market phases. Bu, Tang,
& Wu (2019) used complex network analysis, Granger causality tests and the im-
proved PageRank algorithm on CSI 300 Index constituent stocks from 2006 to
2016. Their study revealed China’s stock market co-movements intensified during
this period and the strength of institutional buying power increased. However,
existing Granger test focuses more on the causal relationship between variables in
one or two dimensions and lacks consideration of the causal relationship between
variables in multiple dimensions. Moreover, existing stock clustering methods based
on complex networks typically overlook the discrepancy of strengths of causal re-
lationships across different clusters.

As an Asian financial hub, Hong Kong SAR, China serves as a pivotal window
for capital flows between China and Western countries. This paper focuses on
researching the causal relationship between Hang Seng Index (HSI) constituent
stocks. The study aims to explore the evolution of stock causality and the factors
affecting its strength. In this study, we not only construct a novel three-dimen-
sional Granger causality framework but also propose a novel framework that in-
novatively combines e-value method (Vovk & Wang, 2021) to construct monthly
Granger matrix. Based on the monthly Granger matrix, we further employ a multi-
layer directed causal network feature extraction method combined with Gaussian
mixture model (GMM) to cluster stocks, and we divide stocks into three clustering
types based on their Granger causality strength. Through our research, we have
found that the relationships between HSI constituent stocks exhibit significant
time-varying characteristics and structural differences, especially with the adjust-
ment of HSI weighted stocks after 2021.

This paper makes the following three contributions: Firstly, we pioneered the

DOI: 10.4236/jss.2026.144046

908 Open Journal of Social Sciences


https://doi.org/10.4236/jss.2026.144046

P. M. Huang, Y. Liu et al.

construction of a Granger causality matrix incorporating stock returns, trading
volume and return volatility. The Granger method is enriched by our considera-
tion of the three-dimensional causal relationships between stocks.

Secondly, we propose a novel approach to merge daily Granger causality matri-
ces into a monthly Granger matrix by leveraging the e-value merging method that
can more accurately reflect the causal strength of stocks over a month. Based on
monthly Granger matrix and GMM clustering method, we innovatively categorized
HSI constituent stocks into three cluster types (Influence, Affected and Isolated)
that reflect the direction and strength of causal relationships between stocks.

Thirdly, analysis of stock clustering results shows that role allocation has time-
varying and cyclical characteristics. During external shocks or periods of rapid
expectation shifts, constituent stocks undergo more concentrated role rearrange-
ments. Moreover, research findings indicate that the volatility of high market
value and low isolated stocks is similar to that of the HSI, while low-isolated stocks
show better anti-risk performance. The excess returns of low market value and
low isolated stocks are better than those of low market value and high isolated
stocks.

The remainder of this paper is structured around 4 main parts. Section 2 re-
viewed the existing results of Granger causality test, the main application scenar-
ios of GMM and complex network. Section 3 introduces the methodology and
data we used in this research. Section 4 discusses empirical results. Finally, Section

5 concludes the study.

2. Literature Review

2.1. Granger Effects

Numerous studies have combined the Granger causality test with other econo-
metric techniques like co-integration theory, the vector autoregressive (VAR)
model and the vector error correction model (VECM) to explore the relationship
between different financial variables, especially in asset price. Ben Jebli & Ben
Youssef (2016) explored the short and long-run relationships between carbon
emissions, economic growth, and energy consumption in Tunisia from 1980 to
2011 by using the VECM. The results showed that there was a long-term bidirec-
tional relationship among the variables and there was a long-term bidirectional
causal relationship between all the considered variables. Ahmed et al. (2017) con-
ducted an analysis on Pakistan’s KSE 100 Index, finding that interest rate variables
exhibit a significant unidirectional Granger causality on the stock index. However,
the limitation of the above research is that they don’t really get into how these
cause-and-effect relationships change over time.

Another limitation of the traditional Granger causality test is its requirement
that input variables must be stationary or cointegrated, but many market data
cannot meet this requirement. In 1995, Toda & Yamamoto (1995) proposed the
TY-Granger test model that does not require the input data to be stationary and

allows for integration of any order. This approach mitigates biases arising from
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non-stationarity in traditional methods, making it particularly suitable for analyz-
ing non-stationary time series. Le & Chang (2015) employed the TY-Granger test
to examine the causality between oil and stock prices. Ghosh & Kanjilal (2016)
combined nonlinear threshold cointegration and TY-Granger test to examine the
causal relationships among international crude oil prices, SENSEX, and the rupee-
dollar exchange rate across three phases partitioned by the 2008 financial crisis.
The study found that crude oil prices exhibited unidirectional causal effects on
both the Indian stock market and the rupee-dollar exchange rate in each phase.

In addition to studying the Granger causality between asset prices, the trading
volume and volatility of assets are also considered variables. Trading volume is an
important indicator reflecting market activity, and the size of trading volume di-
rectly reflects the supply and demand relationship and trend of the market. Sil-
vapulle & Choi (1999) employed linear and non-linear Granger causality tests in
the South Korean market, revealing a significant bidirectional causal relationship
between stock returns and trading volume. Giindiiz & Hatemi-J (2005) used TY-
Granger test to study stock prices and trading volume in Central and Eastern Eu-
rope and Tiirkiye, finding significant differences in causal links across different
markets. Rashid (2007) focused on the dynamic relationship between stock prices
and trading volumes at the Karachi Stock Exchange. He discovered that trading
volumes have major nonlinear predictive power over stock returns, whereas stock
returns display linear causality towards trading volumes. Abinaya et al. (2016) uti-
lize TY-Granger test to study the causality between stock prices and trading vol-
ume by using high-frequency minute data of Nifty 50 companies from July 2014
to June 2015. The study confirmed causal relationships between profitability and
leverage for all 29 firms.

In financial markets, volatility measures the magnitude of price or return fluc-
tuations of an underlying asset over a certain period of time. Bedowska-Sdjka &
Kliber (2019) first confirmed bidirectional liquidity-volatility causality in emerg-
ing markets, with liquidity’s impact on volatility more pronounced. Shahzad et al.
(2021) employed a time-varying Granger causality test to examine dynamic return-
volatility causality across three commodity indices: energy, agriculture, and pre-
cious metals. The analysis indicates that energy exhibits more frequent associa-
tions with the other two categories compared to agriculture’s connections with
precious metals. Khurshid & Kirkulak-Uludag (2021) employed Granger causality
test and VAR-GARCH model to investigate the volatility spillover effects between
oil price fluctuations and stock market returns in China, Brazil, and the other five
countries. The results show that all seven countries’ stock markets exhibit positive
but low constant conditional correlations with oil assets. Dutta (2018) identified
key links between global oil prices and the U.S. energy sector via various volatility
indices, finding significant short- and long-run causal relationships between
Global Oil Volatility and U.S. Energy Sector Equity Volatility, with the oil market
leading the energy sector equity market during turmoil. Similar research by Dai

et al. (2020) illustrated that the fear index had a significant impact on realized
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stock market volatility in five selected developed markets.

Although numerous scholars have conducted Granger causality analyses
among asset price or return, trading volume, and volatility, no existing research
has simultaneously incorporated these three important elements to examine
causal relationships between assets or stocks. If only a single factor is considered,

the causal effects of other variables may be overlooked.

2.2. P-Value Merging Methods

Multiple testing of a single hypothesis is typically formulated as the task of inte-
grating a set of p-values. The Fisher method is a classical statistical approach for
aggregating multiple independent p-values into a single comprehensive conclu-
sion. An alternative to Fisher’s method is Stouffer’s method (Stouffer, 1977). The
idea is to transform the p-values to z-scores, then compute a combined z-score by
averaging the individual z-scores. However, the above two methods both have two
limitations: First, the method is highly sensitive to extremely small p-values, which
can lead to the erroneous conclusion that Granger causality is significant for an
entire month based on only a few significant days within that month. Secondly,
even if no daily p-value is below 0.05, accumulating relatively small ones may still
reject the null of significant monthly Granger causality, thereby increasing the risk
of a Type I error.

The Bonferroni method (Dunn, 1961) is another classic and fundamental sta-
tistical method in the field of multiple tests and comparisons. Its primary objective
is to strictly control the family-wise error rate (FWER) occurring in multiple tests.
The Holm Bonferroni method (Holm, 1979) is a dynamically optimized version
of the traditional Bonferroni method. It has higher statistical power while main-
taining FWER control. However, the Bonferroni and Holm methods cannot be
applied to sequential data, and these methods are essentially corrections used for
multiple hypothesis testing rather than for consolidating evidence.

Vovk & Wang (2021) proposed a novel merging method based on E-values. E-
values are non-negative random variables calibrated to directly quantify the
strength of evidence against a null hypothesis, which allows flexible and valid
combination through convex mixtures (e.g., arithmetic mean) without strict in-
dependence assumptions and is less sensitive to extreme values. Unlike p-values,
e-values provide a continuous and interpretable measure of evidence strength that
larger values indicate stronger evidence for zero. They further demonstrated that
the merging performance of e-values is superior to traditional p-value merging
methods such as fisher method and Bonferroni method, as it can directly quantify

the strength of evidence and avoid subjective threshold dependence.

2.3. Network-Based Causal Modeling

Network-based finance has increasingly modelled inter-asset dependence as
graphs, with Granger causality naturally yielding directed networks that encode

predictive influence rather than symmetric co-movement. Papana et al. (2017)
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A: Data & Preprocessing

illustrate this perspective by constructing time-varying financial networks from
causality measures and demonstrate that network connectivity is regime-depend-
ent, with stronger connectivity during crisis periods. Given that stock interactions
propagate through multiple channels, multilayer network theory provides a prin-
cipled justification for representing different relation types as separate layers in-
stead of collapsing them into a single graph (Kiveld et al., 2014; Boccaletti et al.,
2014). In accordance with extant literature on the subject, the methodology em-
ployed in this study involves the mapping of each stock into a causal-role feature
space via multi-layer directed Granger-causality network feature extraction (a
process which captures both influence exerted and influence received using stand-
ard directed-network importance measures such as PageRank and HITS) (Page et
al., 1999; Kleinberg, 1999). Subsequently, a Gaussian Mixture Model (GMM) is
employed to identify distinct latent role groups in a probabilistic, model-based
manner (McLachlan & Peel, 2000). Finally, in order to mitigate spurious month-
to-month label switching, temporal persistence is imposed using an HMM and a
stable role path is decoded via the Viterbi algorithm (Rabiner, 1989; Forney, 1973).
This framework directly addresses the limitation of similarity-driven clustering
by separating stocks according to explicit influence/affectedness patterns in the
causal network, ensuring stocks are classified by their causal functions in the port-

folio.

3. Data and Research Methodology
In this section, we present a comprehensive overview of the methodological frame-

work and techniques employed to construct stock clusters, shown in Figure 1.

B: 3D Granger Causality & Monthly Matrix C: Multilayer Network Role Identification

HSI Constituents (Yearly Updated)
2020-01 to 2024-12 (60 Months)

A

Daily Data Collection
(Yahoo Finance):
Price, Trading Volume

LogReturn (P;/P;_; — 1)

Toda-Yamamoto —d Multilayer Directed Network

> Granger Test Construction (3 Layers)

(VAR-based) &
Node-level Feature Extraction:
v Out/In-strength, PageRank, HITS
Daily Granger P-value N E-value Calibration &L
M3tce(3-34), pet day p—e) Robust Normalization (Median/IQR)
l + Cross-layer Aggregation
E-value Merging -
(Daily — Monthly) GMM Clustering (K=3)
via Arithmetic Mean — Latent Role Groups

Previous ~20 Trading Days
(per day)

LogVolume (V;) VL—‘ ‘L

s ; Map Clusters to Roles:

Volatility (5-day rolling std Monthly Granger Causality Matrix M; Influential / Affected / Isolated
of log returns) Thresholding to Binary Adjacency 7
l l Temporal Smoothing: 3-state HMM
(Sticky Transitions) + Viterhi Decoding
Rolling Window Construction:

ling Window C ' 2 (TS P !

Figure 1. Experimental framework.

Downstream Analysis:
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3.1. The Toda Yamamoto Granger Causality Test

We used Toda and Yamamoto’s (1995) causality test to examine the causality be-
tween each stock’s daily log return, daily log trading volume and volatility calcu-
lated by the 5-day rolling standard deviation of daily logarithmic returns. Suppose
there are N (N represents the total number of selected stocks) stocks with 3*N
variables: For any two different variables X, and Y,, we conduct a pairwise
Granger causality test. For any pair of variables X, and Y,, we establish follow-
ing two equations:

Equation (1): Test whether Y Granger-causes X.

Xo=o+ 20 BiXe+ Zi‘fpdﬁ“ Bi X+ 20,0 + Zi’:‘:pdzlax OYeit+ey. (1)
Equation (2): Test whether X Granger-causes Y.

Yo =0+ Zip:lintfa + Zi’f:ff‘x oY + zip:]_pi Xeit erdflax PiXeitey (2

In Equation (1) and Equation (2), the p represents the optimal lag order, where
d

rameters in the VAR model. The items o, ¢, B;, 6,, o;, p; are scalar coef-

max 18 the global maximum order of integration; both of which are essential pa-
ficients for the model. Additionally, error items are presented by &, ~ N (0, G;)
and €, ~N (O,csf2 ) .

To implement TY-Granger test, the following testing procedures are as follows:

(1) Optimal Lag Selection

The VAR model requires selecting the optimal lag order. Insufficient lags may
lead to residual autocorrelation and model specification bias, while excessive lags
can result in loss of degrees of freedom, multicollinearity, and reduced test power.
We determine the optimal lag p using the corrected Akaike Information Criterion
(AICc) (Hurvich & Tsai, 1989) that is well-suited for addressing the small-sample,
high-parameter dataset analyzed. Compared to the standard Akaike Information
Criterion (AIC) (Akaike, 1974), AICc incorporates an additional small-sample
correction term, which mitigates the small-sample underestimation bias inherent
in AIC.
2k (k+1)

AlCc=-2In(L)+2k .
c n(L)+ +(s—k—1)

3)
where L is the likelihood function value of the model; & denotes the total number
of parameters to be estimated in the model; srepresents the sample size.

(2) Stationarity test and determination of the maximum integration order

The VAR model requires that the data must be stationary. The range of the dif-
ferencing order d we select is [0, 1, 2] because Economic variables will not exhibit
random trends of order three or higher. For each variable X, and Y,, we respec-
tively introduce the Augmented Dickey-Fuller (ADF) test and Kwiatkowski-Phil-
lips-Schmidt-Shin (KPSS) test to examine whether the differenced sequences gen-
erated by the differencing orders d satisfy stationarity. Only when the ADF tests
reject the “non-stationary” null hypothesis and the KPSS test fails to reject the “sta-

tionary” null hypothesis is a differenced sequence considered stationary.
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(3) Hypothesis Testing
In the TY-Granger test, we test the null hypothesis H,: X, does not Granger-
cause Y, or Y, does not Granger-cause X, against the alternative hypothesis

H,: X, does Granger-cause Y, or Y, does Granger-cause X,.

3.2. Construction of Monthly Granger Causality Matrix

(1) Daily Granger Causality

We calculate the daily Granger causality matrix for the day using data from 20
days prior to the trading day. The data contains 3 dimensions for the constituent
stocks of HSI. For each pair of variables X, and Y,, the TY-Granger test is per-
formed on the data window. Importantly, each test produces a p-value. The p-
values of all variable pairs are populated into an 3N x 3N matrix P, which is
referred to as the daily Granger causality matrix. Through the above procedure,
we obtain a total of 2daily Granger causality matrices F,P,,...,P,, for the month.

(2) Daily Granger Causality Monthly Granger E-value Merging Method

To enhance the robustness of the study and mitigate the interference of short-
term noise and extreme values, we aggregate the daily Granger causality matrix into
a monthly Granger matrix. In this paper, we used e-values method Vovk & Wang
(2021) to merge the daily Granger matrix to monthly Granger matrix. For each var-
iable pair X, and Y, inthe monthly integration matrix M, we prior to extract the

p-values for the same variable X, and Y, from n2daily matrices to form a p-value

sequence with length plxY) = [ pl(XHY‘), ngﬁY‘),..., pr(]xﬁy‘)]- p%) - con.
tains the independent statistical evidence for the causal relationship “ X, —»VY,”
X¢—>Yr)

on all trading days. Then convert all p-value in p'
integral calibration Equation (4) (Vovk & Wang 2021):
1-p+pln
e=F(p)=—PPOP (4)
p(In p)

to an e-value using the

And we get the X% sequence with length n:

e(xl‘)Yt) — |:efxt‘)\{l) ’ egxt"\{t) . egxt"\{t)] .

Secondly, we merge the daily e-values into a single monthly e-value using the
arithmetic mean method (Equation (5)) (Vovk & Wang 2021). The Equation for
merged monthly e-value for “ X, =Y, ” is:

~xov) _ g xoy
g*>v) = Hziﬂei . 5)

Thirdly, we consider a causal relationship significant at the monthly level if e-
value is larger than J10. This threshold corresponds to “substantial evidence”
against the null hypothesis that introduced by Vovk & Wang (2021).

Finally, we iterate through all 3Nx3N variable pairs, repeat the above processes,

and complete the construction of the entire monthly Granger causality matrix M.

3.3. Multilayer Directed-Network-Based Classification of Stock Role

This chapter converts monthly Granger-causal relations among return, trading
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volume, and volatility into a multilayer network, extracts node-level features, and
assigns each stock a monthly economic role. A 3-state Hidden Markov Model
(HMM) smooths role sequences over time.

(1) Construction of the Multilayer Directed Network

For month 7, let the set of constituent stocks be &, = {1, 2,..., Nt} . We represent
the three market dimensions as three separate directed layers: ¢ =1 (LogReturn),
¢=2 (LogVolume), and /=3 (Volatility). Let (i,ﬂ ) - ( Js m) denote a signifi-
cant monthly relation from stock | inlayer ¢ tostock j inlayer m.

For each layer ¢, we construct a weighted adjacency matrix Wt([) = (V\li(j[)) by
counting significant links from (i,/) tostock j across target layers:

w =37 1{(i, ¢) > ( j.m) is significant}, i . (6)

1J m=1
Hence Wi(jf) e {0,1, 2,3} . The monthly multilayer directed network is repre-
sented by {W1(1) ,Wt(z),Wt(a)}, and is used for feature extraction and role identifi-

cation.

(2) Node-Level Structural Features

For each month t and each layer ¢, a compact set of directed-network fea-
tures is computed in order to capture influence exerted and influence received.
These features include weighted out/in-strength, weighted PageRank, and HITS
hub/authority scores.

Weighted Out-Strength and In-Strength

OISO RN

iout — j=1 0 i,in

_ NN ()
= 2. a Wi (7)

Given Wl(f) , the weighted out-strength and in-strength of stock 1 are:

Weset W) =0 to exclude self-loops.

Weighted PageRank:

Let P") be the row-normalised transition matrix derived from Wt(ﬁ) (with
standard handling of zero-outdegree nodes). With damping factor o e (0,1) ,
PageRank satisfies:

O — o (PO p (e o)t1 8
p = aP) p (-0 (8)

Here 1 denotes the all-ones vector.

HITS Hub and Authority Scores:

The HITS model differentiates between strong “senders” (hubs) and strong “re-
ceivers” (authorities). For each layer ¢, hub and authority vectors are obtained

via the coupled updates:
al < (Wt("))T h(), ht") <—W[(’)a("). 9)

The iterations are normalised and repeated until convergence, yielding h")
and a').

(3) Robust Normalisation and Cross-Layer Aggregation

In order to obtain comparable features across stocks within the same month, it

is necessary to robustly normalise each raw feature using the median and
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interquartile range (IQR):
X—m

ZZW. (10)

where m is the sample median and € >0 is a small constant for numerical sta-
bility. For each feature f e F ={out,in, pagerank,hub,authority}, we compute

z) withinmonth t and aggregate acrosslayersby 7, ; = median, ., , Zi(y[f) . We

also define a composite connectivity score motal; => . &, and the final fea-

jeF i

ture vector:

X =(Z 2 Z 77 total),. (11)

i i,out? <i,in? “i, pagerank ' “i,hub’ “i authority

(4) Unsupervised Role Discovery via Gaussian Mixture Model

For each month t, we fit a K =3 component Gaussian mixture model
(GMM) to {x}"" with parameters 6={(m,,U,,Z,)¥_, . The posterior responsi-
bility of component k for stock 1 is:

m N (% [y, 2y )
Z;“eN(Xi |Henze)

We assign a hard cluster label by ¢ = argmax

Yie :Pl’(Zi :k|Xi;9)= (12)

123) Vs> while retaining vy, as
an uncertainty indicator if needed.

(5) Mapping Cluster Centres to Economic Roles

The three GMM components are mapped to economically interpretable roles
using the component-wise feature means L, . The initial identification of the

most isolated component is as follows:

kiso =arg r{mn Mk,total' (13)

ke(1,2,3)

Among the remaining components, we define an influence score:
Sk = p‘k,out + ”k,hub + Mk,pagerank - uk,in’ k € {lv 2! 3} \ {kiso } (14)

Let Kk =argmax S, . We label component K, as Influence, component
ki, asIsolated, and the remaining component as Affected. The monthly role la-
bel for stock i is Category;, =role(¢,).

(6) Temporal Smoothing of Role Sequences

It is important to note that, due to the independent nature of the clustering pro-
cess conducted on a monthly basis, the raw sequence {Categoryiyt} may exhibit
short-lived fluctuations. The smoothing of roles over time is achieved by means
of a 3-state HMM with a sticky transition structure:

1-
ﬂ(s’ #5). (15)

Tss = pstay' Tss’ =

Using emission probabilities proportional to y;, , we decode the most probable
role path via the Viterbi algorithm and obtain smoothed labels Category . The
monthly role labels serve as the grouping variable for downstream cross-role com-

parison.
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Number of Stocks

5

0

3.4. Dataset

The stock portfolio we select is the HSI, the most representative benchmark index
for the Hong Kong (SAR, China) stock market (HKG). The observation period
spans from January 1, 2020, to December 31, 2024, encompassing 1227 trading
days, and the average trading days of each month are about 20 days. As the daily
Granger causality matrix requires data from the previous 20 trading days, the actual
data range starts from December 2019. The data was first partitioned into daily ob-
servations for each month, and for each trading day within a month, the TY-
Granger test was carried out using the data from the previous 20 trading days. Stocks
that have been suspended for more than 10 days will be excluded. To ensure data
continuity, a forward-filling method is employed: the price of a suspended stock on
the trading day in question is filled with the price from the previous trading day,
while the trading volume is set to 0. In order to eliminate dimensional differences
between variables, we performed logarithmic processing on the daily return and
trading volume. We annually update our selection of HSI constituent stocks based
on the HSI year-end reports from 2020 to 2024. The number of constituent stocks
stood at 52 in 2020, 64 in 2021, 76 in 2022, 82 in 2023, and 83 in 2024. The source

of daily stock data and the stock market capitalization data is from Yahoo Finance.

4. Empirical Results

4.1. Cluster Result

Figure 2 shows the change in the number of cluster stocks over five years. The
horizontal axis represents the year and month, while the vertical axis represents

the number of stocks in cluster.
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Figure 2. Change in the number of cluster stocks from 2020 to 2024.
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Figure 2 reveals that the quantities of all three stock types exhibited significant
volatility over time; Among them, the numbers of affected stocks and isolated
stocks fluctuated sharply, while the quantity of influence stocks showed relatively
mild fluctuations. Additionally, from 2020 to 2024, Isolated Type stocks were the
majority, while Influence Type stocks were the minority. Most stocks were in a
“weak link” in the causal network. The dominance of isolated stocks also indicates
the significant effect of the HSI adjustment and optimization plan implemented
after 2021. This optimization focuses on introducing more representative stocks
from different industries to ensure that the industry distribution of constituent
stocks is closer to real market conditions. This optimization improves the cover-
age of the index to the overall market, while also achieving a reasonable level of
representativeness for individual industry groups to better reflect the overall trend
of the HKG. The results also indicate that in most of the time, especially during
the period from August 2021 to December 2022, affected stocks show a negative
correlation with isolated stocks, reflecting that the market was mainly undergoing
style rotation between trend-following and non-trend-following stocks, while In-
fluence Type stocks may exert significant impacts on other stocks under specific
conditions as their market behavior and performance can potentially guide or re-

shape relevant trading trends.

4.2. The Relationship between Cluster Type and Market Value
Factor

Market value is an important indicator for measuring the value of a company.
Since market capitalization exhibits a strong correlation with stock price move-
ments and considering our goal of constructing stock clusters that can aid in pre-
dicting future price trends, we integrate market capitalization with cluster types
for a more comprehensive analytical framework. Figure 3 provides an intuitive
representation of the intrinsic correlation between market capitalization scale and
clusters. The x-axis denotes the average market capitalization of each stock during
the observation period. The y-axis represents the proportion of 60 months in
which each stock was classified as isolated. The color of each scatter point indi-
cates the proportion of months in which the stock was categorized as either influ-
ential or affected. We can see that the higher the market value, the lower the over-
all isolation of stock.

We further examined stocks distributed across the four regions defined by high
and low market capitalization and high and low isolation values (a total of 35
stocks). The selected stock is present at Table 1.

The beta coefficient is used to measure the sensitivity of assets to market fluc-
tuations (Sharpe 1964). Introducing beta coefficient helps us further analyze the
discrepancy in four different stock market capitalization categories of stocks. Fig-
ure 4 presents the 5-year average beta coefficients of the four stock types, and it
illustrates that the beta coefficients of high-market-cap stocks are larger than 1,

whereas those of low-market-cap stocks are smaller than 1.
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5-Year Average: Market Cap vs Isolated Ratio
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Figure 3. 5-year average: market cap vs isolated ratio (33.3% and 66.7% percentiles).

Table 1. High and low market value and high and low isolated stocks.

Grid Region Type

Stock

High Market Cap - Low Isolated

High Market Cap - High Isolated

Low Market Cap - Low Isolated

Low Market Cap - High Isolated

0016.HK, 0700.HK, 0960.HK, 1398.HK, 2007.HK, 2388.HK, 9618.HK, 9633.HK, 9888.HK,
9988.HK

0883.HK, 1211.HK, 2269.HK, 3690.HK, 3988.HK, 9999.HK

0006.HK, 0316.HK, 0322.HK, 1209.HK

0384.HK, 0836.HK, 0857.HK, 0881.HK, 0968.HK, 1044.HK, 1088.HK, 1177.HK, 1378.HK,
1997.HK, 2018.HK, 2359.HK, 3692.HK
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Figure 4. 5-year average beta value of four types of stocks.
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This indicates that high-market-cap stocks exhibit greater volatility relative to
HSI, while low-market-cap stocks fluctuate less than the market. For high-market-
cap stocks with low-isolated characteristics, their beta is close to 1, showing a strong
correlation with the HSI movements. In contrast, high-market-cap stocks with high
isolation characteristics have a higher beta (beta = 1.11), meaning their price fluctu-
ations are more dramatic than the market average. For Low-isolated stocks, they
demonstrate better anti-risk performance because of low beta (less than 1).

Alpha is a core indicator in finance for measuring excess returns of investment
portfolios. The higher the Alpha, the better the return performance of the asset
compared to the market average return (Jensen 1968). Figure 5 reveals that among
low-market-cap stocks, the 5-year average alpha of low-isolation stocks exceeds
that of high-isolation stocks, which indicates that low-isolated stocks have better
return performance thanks to capital spillover effects from other constituent

stocks.

Average Annual Alpha (Low Market Cap Stocks, 2020-2024)
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Figure 5. 5-year average annual alpha of two low market cap categories.

4.3. Temporal Evolution of HSI Constituent Role Changes and
Event Mapping (2020-2024)

This section looks at changes in the roles of HSI constituents from 2020-2024. It
uses the monthly role-change ratio as the main indicator, with the monthly count
of stocks that switch roles for extra information. The analysis considers the annual
expansion in index constituents and links fluctuations to major market events. A
higher ratio changed suggests widespread role changes and major changes to key
nodes and causal paths, whereas a lower value shows more localized changes
within an established structure. Figure 6 clearly illustrates the changes in the role
of cluster from 2020 to 2024.
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Role changes of Hang Seng Index constituents: counts and ratios (2020-2024)
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Figure 6. Monthly counts and ratios of role changes among HSI constituents (2020-2024).

(1) 2020 - Pandemic shock, then convergence

In Q1 of 2020, there was a surge in role changes as a result of the rapid repricing
of “influence” in the network caused by the news of the pandemic, restrictions,
and the global sell-off. The cyclical and financial sectors experienced weakening,
while parts of the technology, health care, and telecommunications sectors tem-
porarily became new influence nodes, pushing the ratio of influence to a high. This
was followed by a stimulus-driven rebound in the months of April to July, which
led to elevated reshuftling via sector rotation. However, from August to Decem-
ber, expectations stabilized and role changes fell, with most of the reshuffling oc-
curring within existing roles.

(2) 2021 - Gradual adjustment under regulation and property stress

The early months of 2021 were characterized by liquidity and reopening, which
kept the structure broadly stable with moderate turnover. However, from May
onwards, platform regulation (internet, education, and data) and real-estate credit
risk led to persistent but dispersed role migration, with some large platforms be-
coming less influential and others gaining prominence. Volatility was moderate,
without the “collapse and rebuild” that occurred in 2020.

(3) 2022 - Second major break in March

Inflation, tightening expectations, and geopolitical uncertainty all culminated
in a “plunge and rebound” in the months of March, creating sharp inflection
points in returns and volatility and forcing widespread rewiring of causal links.
The ratio of influence spiked to an exceptional level. After April, the market di-
gested the new valuation regime, and role changes quickly cooled into frequent
small adjustments rather than single-month extremes.

(4) 2023 - Policy-expectation rotation

The months of January and February saw role changes towards consumption
and offline services, driven by optimism about reopening. However, as recovery
disappointed and uncertainty persisted, changes became fine-tuning within an es-
tablished structure, and the ratio of influence remained low to moderate for most

months.
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(5) 2024 - capitulation to reconstruction
Early year historic lows triggered “cleansing” and defensive dominance with ele-
vated role turnover. Subsequent policy support and recovery expectations drove a

second reshuffling as financial.

5. Conclusion

By employing the TY-Granger test and GMM clustering method, we obtained the
monthly clustering types of each constituent stock, finding large market cap and
low isolated stocks have better market performance compared to other stock
groups, as they can better reflect market trends and the effectiveness of investment
diversification. Moreover, systemic risk events including the COVID-19 pandemic
and the conflict between Russia and Ukraine had a significant impact on the
strength of Granger causality among stocks.

Firstly, under the framework of the HSI, Isolated Type stocks constitute the
predominant market segment, whereas the number of Influence Type stocks is
scarce. This structural characteristic is primarily attributable to the index’s imple-
mentation of a weight cap mechanism and its ongoing sector diversification strat-
egy. By diversifying the industry categories and increasing the total the number of
constituent stocks, both the representativeness and stability of the HSI are re-
markably enhanced.

Secondly, there is a significant correlation between market value and stock clus-
tering types. By virtue of their high index weights and robust liquidity character-
istics, large market cap stocks substantially outperform low market cap stocks in
terms of market attention and trading activity, thereby establishing themselves as
popular targets for investment focus. In addition, the average beta coefficient of
low market cap stocks is less than 1, which indicates that the volatility amplitude
of their stock price movements is significantly lower than the market’s average
volatility level. Further analysis using alpha reveals that the return performance of
low market cap and low isolated stocks is better than that of low market value and
high isolated stocks.

Thirdly, the results of the monthly clustering indicate that the causal role of the
HSI exhibits significant time-varying and event-driven characteristics rather than
remaining static. The monthly role change rate is utilized to quantify “structural
reorganization intensity,” thereby identifying two significant events of large-scale
reorganization: firstly, the impact of the pandemic in early 2020, and secondly, the
escalation of the Russia-Ukraine conflict alongside macroeconomic tightening in
March 2022. During these periods, role transitions were found to be highly con-
centrated, indicating a non-stationary state in the causal network. By contrast,
shifts in 2021 and 2023 were characterized by greater dispersion and moderation,
aligning with the gradual changes in regulation, credit conditions, and policy ex-
pectations. In 2024, a two-stage role reconfiguration was observed. Following an
unusually subdued phase, policy measures were implemented, resulting in the res-

toration of market activity and a partial rebound in network restructuring intensity.
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This evidence suggests that portfolio construction and risk monitoring should
adapt to differing market environments. When ratio shifts are abrupt, relying on
a single fixed causal structure becomes riskier, and in such cases, shorter-window
updates or scenario-based diversification strategies may be more appropriate.
Conversely, when roles remain stable, historical causal structures hold greater
value for asset allocation and hedging strategies. It is evident that the intensity of
role transition provides a signal that is interpretable in terms of identifying struc-
tural risk events, determining the timing of rebalancing, and monitoring the
emergence of “impact” factors during periods of stress.

In conclusion, this study pioneers the construction of a three-dimensional
Granger causality framework to investigate the dynamic trends within the HKG.
This method not only fills a gap in existing approaches to HKG research and stock
cluster but also provides a meaningful new avenue for advancing research in
Granger causality study, stock markets analysis and risk management, offering

practical and theoretical value to the field.
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