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Abstract 
Stock returns exhibit nonlinear dynamics and volatility clustering. It is well 
known that we cannot forecast the movements of stock prices under the con-
dition that market is efficient. In most research, it is concluded that stock mar-
kets are efficient and accordingly stock returns are not predictable. However, 
using some clustering techniques and choosing the stock returns in the cluster 
giving us high returns, in this paper we examine whether stock returns are pre-
dictable or not. To address this issue, we combine various data preprocessing 
techniques with three clustering methods (i.e., one K-means and two K-me-
doids clustering algorithms) in Japanese Nikkei 225 financial market. As a re-
sult, we cannot predict stock price returns, but we can predict volatility of stock 
returns. This result is consistent with a lot of past studies.  
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1. Introduction 

Empirically, stock returns display significant nonlinear dynamics and stochastic 
volatility. Phenomena such as volatility persistency pose significant challenges to 
traditional statistical methods. Time series clustering has emerged as an effective 
tool for identifying structural similarities among stock returns, offering investors 
deeper insights into market structures. A comprehensive review by Liao (2005) 
systematically examines various clustering techniques, addressing crucial aspects 
including data representation, similarity measures, clustering algorithms, and 
clustering validation criteria. The importance of adapting these techniques to spe-
cific analytical contexts is particularly emphasized. In financial research, cluster-
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ing methods are widely used to uncover underlying market structures and classify 
assets based on their return characteristics. Early foundational work by Mantegna 
(1999) introduces the minimum spanning trees to identify hierarchical correlation 
structures among stocks, laying the theoretical groundwork for analyzing market 
correlation structures. Subsequent studies expanded on this framework with dif-
ferent practical emphasis. 

For example, Tola et al. (2008) utilize hierarchical clustering explicitly for port-
folio construction, demonstrating enhanced investment performance. Tum-
minello et al. (2010) analyze asset correlations to improve portfolio diversification 
and risk management. Brida and Risso (2009) examine structural relationships 
among the returns of major North American companies. However, these studies 
typically used datasets limited to specific markets, thus restricting the generaliza-
bility and robustness of their conclusions. 

Recent empirical studies investigated practical applications of clustering meth-
ods. Chen et al. (2021) compare various clustering algorithms using extensive data 
from China’s A-share market. They conclude that clustering-based classifications 
could effectively replace traditional industry classifications and enhance portfolio 
performance. 

Marti et al. (2016) investigate how varying time window lengths affect cluster-
ing results, highlighting substantial impacts on both clustering performance and 
interpretability. The clustering methods such as K-means and K-medoids mini-
mize sum of the distances between sample data and their clustered sample mean, 
where we often utilize sum of squared differences between sample data and their 
sample mean, so-called the Euclidean distance or L2 distance. Shi and Xiao (2022) 
integrate the dynamic time warping distance (hereafter, DTW) into the K-means 
algorithm, enhancing its capability to capture temporal shifts in financial data. 
Paparrizos and Gravano (2015) develop the k-shape method utilizing the shape-
based distance (hereafter, SBD), employing normalized cross-correlation as a dis-
tance metric to improve clustering stability. Thus, not only the Euclidean distance 
but also DTW and SBD are investigated as the distance metrics. López-Oriona et 
al. (2025) propose a forecast error-based distance metric, emphasizing the align-
ment of distance metrics with specific analytical objectives. Paparrizos et al. (2024) 
observe that many studies evaluate clustering techniques in isolation. They rec-
ommend integrating traditional clustering methods with deep learning approaches 
and evaluating all methods using consistent criteria for fair comparison. Similarly, 
Drago (2024) proposes to ensemble clustering strategies to improve robustness, 
emphasizing the need for systematic method comparisons. 

While a lot of existing studies have significant strides, few studies have system-
atically analyzed how combinations of data preprocessing techniques and distance 
metrics impact clustering results, particularly across varied market environments. 
To address these problems, this paper systematically investigates the interplay be-
tween data preprocessing techniques and distance metrics, evaluating their joint 
impact on both clustering results and clustering-based portfolio construction. 
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Specifically, this paper considers seven data preprocessing techniques (i.e., simple 
returns, Mean-Min-Max, Min-Max, Z-score, L1-norm, L2-norm, and robust scal-
ing shown in Section 2) combined with three distance metrics (i.e., Euclidean dis-
tance in K-means clustering method, and DTW and SDB in the K-medoids clus-
tering method in Section 3). The combinations between the data preprocessing 
techniques and the clustering methods are compared with respect to their effec-
tiveness and common usage in financial research. We implement these methods 
on the stock return data constructing Japanese Nikkei 225 index. The empirical 
findings illustrate the impact of methodological choices on clustering results, of-
fering practical insights for investors and researchers interested in reliable analyt-
ical methods. Through comparative analysis across various market environments, 
this study contributes to a deeper understanding of the robustness and practical 
use of clustering methods in finance.  

It is well known that stock market is efficient, which implies that we cannot 
forecast stock returns. In contrast, applying machine learning techniques, Chun 
et al. (2025) and Zhang et al. (2024) discuss volatility forecasting, which indicates 
that we can forecast volatilities. Tan et al. (2024) also mention about prediction of 
volatilities. In this paper, we find that we cannot predict stock price returns but 
we can predict volatility of stock returns. These results are consistent with a lot of 
past studies. 

The remainder of this paper proceeds as follows. Section 2 introduces data pre-
processing techniques, which are applied to stock daily returns. Section 3 dis-
cusses clustering algorithms, distance metrics, and evaluation of clustering. Sec-
tion 4 describes the datasets, experimental design, and the empirical results. Fi-
nally, Section 5 gives us the summary and concluding remarks. 

2. Data Preprocessing Techniques 

Data preprocessing helps reduce scale differences among financial time series, 
mitigate the impact of outliers, and enhance the discernibility of temporal pat-
terns, such as “shape”. This section presents seven data preprocessing techniques 
to enhance clustering effectiveness in time series analysis. Each data preprocessing 
technique is described as follows. 

1) Simple Returns 
We utilize daily stock closing price in a trading day. tiP  is defined as the thi  

stock price at time t . The raw return tir  is calculated directly from daily stock 
price, preserving the original economic meaning of the data as follows: 

 1,

1,

100 ti t i
ti

t i

P P
r

P
−

−

−
= ×  (1) 

for 1,2, ,t T=   and 1,2, ,i n=  . This transformation is intuitive and retains 
the direct financial interpretation of returns. However, it fails to mitigate scaling 
issues and outlier effects, while also lacking efficacy in enhancing temporal pattern 
discernibility. 
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2) Mean-Min-Max Normalization  
Let ( )1 , , , ,i i ti Tir r r r ′=    denote an 1T ×  vector representing a generic time 

series of the thi  stock returns. 

ir  indicates the sample mean of the thi  stock returns for 1, 2, ,t T=  , i.e., 
( ) 11 T

i titr T r
=

= ∑ . ( )max ir  and ( )min ir  denote the maximum and minimum 
values in the T  elements in vector ir , respectively. Using the tir  defined in 
Equation (1), Mean-Min-Max normalization can be computed as: 

 
( ) ( )max min

ti i

i i

r r
r r

−
−

 (2) 

for 1,2, ,t T=   and 1,2, ,i n=  . 
This method unifies the scale of different time series while preserving their rel-

ative trends. However, it remains sensitive to outliers, as extreme values can sig-
nificantly affect ir  and expand ( ) ( )max mini ir r−  then destabilize comparisons 
between time series. 

3) Min-Max Normalization 
Using the same notation defined previously, Min-Max normalization scales the 

data solely based on its minimum and maximum values, constraining the normal-
ized values within the interval [ ]0,1 . 

 
( )

( ) ( )
min

max min
ti i

i i

r r
r r
−

−
 (3) 

for 1,2, ,t T=   and 1,2, ,i n=  . 
This method facilitates direct comparisons of volatility ranges across distinct 

time series but sacrifices information regarding absolute return levels. Compared 
to Mean-Min-Max normalization, this method more explicitly highlights differ-
ences in the magnitude of fluctuations. 

4) Z-Score Normalization 
Z-score normalization (also known as zero-mean standardization) scales the 

data with mean zero and variance one. 

 ti i

i

r r
s
−  (4) 

for 1,2, ,t T=   and 1,2, ,i n=  , where is  denotes the sample standard devi-
ation of ir . 

This method produces a dimensionless series with zero mean and unit standard 
deviation, making direct comparisons across different series more straightfor-
ward. Although it is widely used in statistical analysis, this method is sensitive to 
outliers as extreme values can distort the mean and standard deviation values, po-
tentially compromising the reliability of subsequent analysis. 

5) L1 Normalization 
L1 normalization (also known as Norm1) scales a time series by its L1 norm. 

Norm1 is denoted as: 

 
1

ti

i

r
r

 (5) 
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for 1,2, ,t T=   and 1,2, ,i n=  , where 
1ir  is defined as 

1
T

tit r
=∑ . 

The Norm1 highlights the relative scale and distribution of fluctuations within 
a time series by emphasizing proportional changes. However, it may be less effec-
tive in scenarios where distinguishing differences in absolute volatility across time 
series is crucial. 

6) L2 Normalization 
L2 normalization (also known as Norm2) scales a time series to have a unit 

length in terms of its L2 norm. Norm2 is calculated as: 

 
2

ti

i

r
r

 (6) 

for 1,2, ,t T=   and 1,2, ,i n=  , where 2
12

T
i titr r

=
= ∑ , which emphasizes the 

direction of trends rather than their magnitude. 
The Norm2 is particularly suitable for identifying similarities in the directional 

trends of time series while disregarding differences in their overall magnitude. 
Compared to Norm1, Norm2 puts more weight on larger deviations, thereby em-
phasizing dominant trend patterns rather than proportional fluctuations. 

7) Robust Scaling 
Robust scaling reduces the influence of outliers by using robust statistics to scale 

data. Robust scaling can be calculated as: 

 
( )median

3 1
ti i

i i

r r
Q Q
−

−
 (7) 

for 1,2, ,t T=   and 1,2, ,i n=  , where ( )median ir  denotes the median of 

tir , 1,2, ,t T=   in vector ir , 1iQ  and 3iQ  represent the first quartile (i.e., 25 
percentile) and the third quartile (i.e., 75 percentile) of ir , respectively. Thus, 

3 1i iQ Q−  is the interquartile range of the thi  stock price returns. 
Robust scaling is particularly suitable for financial returns characterized by fre-

quent sharp fluctuations or occasional extreme spikes, as it significantly reduces 
the influence of outliers. However, because this method emphasizes the central 
portion of data distribution, it can reduce sensitivity to information in the tails, 
potentially affecting analysis that rely heavily on tail behavior. 

3. Clustering Analysis Methods 

This section presents the cluster analysis methods used in this paper. Clustering 
enables grouping stocks with similar characteristics and provides a foundation for 
further analysis. 

3.1. Clustering Algorithms 

This study focuses on two partition-based clustering algorithms, i.e., K-means and 
K-medoids. These algorithms determine cluster centers differently, but both share 
the common objective of minimizing dissimilarity within clusters. 

1) K-means 
The K-means algorithm, introduced by MacQueen (1967), groups data points 

https://doi.org/10.4236/jss.2025.1310031


J. Liu, H. Tanizaki 
 

 

DOI: 10.4236/jss.2025.1310031 537 Open Journal of Social Sciences 
 

by minimizing squared distances between data points and their cluster centers. It 
starts by choosing K  random points as initial cluster centers. Then it repeats 
two steps: each data point is assigned to the nearest center and each cluster center 
is recomputed as the mean of all data points assigned to it. These steps are repeated 
until all cluster centers no longer change or a maximum iteration limit is reached. 

The K-means algorithm is given by solving the following problem: 

 
1 2

2, , , 1
min

K
i k

K

i k
k r C

r
µ µ µ = ∈

−µ∑ ∑


 (8) 

where K  is the number of clusters, ir  is the time series data vector (i.e., 1T ×  
vector), kC  is the set of points in cluster k , and kµ  is the center vector ( 1T ×  
vector) of cluster k . 

The K-means algorithm is efficient, simple, and widely applicable. 
However, it is sensitive to initial cluster center selection and can be negatively 

affected by outliers. The method of updating cluster centers by averaging intra-
cluster data points in K-means is typically valid under Euclidean distance. When 
the other distance metrics are applied, the cluster center update mechanism based 
on arithmetic averaging may cause divergence. 

2) K-medoids 
Due to the sensitivity of K-means to outliers and distance metrics, alternative 

robust methods like K-medoids have been developed. Introduced by Kaufman 
and Rousseeuw (1987), K-medoids selects actual data points as cluster centers in-
stead of means. Initially, it randomly selects K  data points as cluster centers. 
Each data point is then assigned to the closest cluster centers. Subsequently, for 
each cluster, the algorithm selects a new cluster center that minimizes the total 
distance from the cluster centers to other cluster points. This iterative process 
continues until the cluster centers stabilize or the maximum iteration threshold is 
reached. 

The K-medoids algorithm solves the following minimization problem: 

 ( )
1 2, , , 1
min ,

K
i k

K

i k
k r C

D r
µ µ µ = ∈

µ∑ ∑


 (9) 

where kµ  denotes the center of the thk  cluster, which is different from the kµ  
in K-means, and ( ),i kD r µ  indicates the distance metrics between two vectors 

ir  and kµ . Appropriate distance metrics allow us to accurately capture similari-
ties between time series, which is essential for constructing effective portfolios. In 
this paper, we consider ( ),DTWD ⋅ ⋅  and ( ),SBDD ⋅ ⋅  for ( ),D ⋅ ⋅ , which are as fol-
lows: 

a) Dynamic Time Warping (DTW) Distance: The DTW distance, introduced 
by Sakoe and Chiba (1978), measures similarity by allowing flexible nonlinear 
alignment between two time series along the temporal dimension. DTW effec-
tively captures similar patterns occurring at different speeds or times by stretching 
or compressing segments of the time series to find an optimal alignment. 

This feature is particularly beneficial in financial markets, where stocks may 
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exhibit similar trends asynchronously. 
DTW uses dynamic programming to construct a cumulative distance matrix 

and identify the optimal alignment path with the minimum total distance between 
two time series, ( )1 2, , , Tx x x x ′=   and ( )1 2, , , Sy y y y ′=  . Let us denote the 
DTW distance by ( ),DTWD x y , which is defined even in the case of T S≠ , but 
we consider the case of T S= . In this paper, x  and y  correspond to the 

1T ×  time series data vector of the thi  stock price and the 1T ×  mean vector 
in cluster k , respectively. 

Let ,t sd  denote the cumulative distance between tx  and sy , which is ob-
tained as the followings. 

Step 1: Given 1t = , we compute 1,sd  for 1,2, ,s S=   as follows: 

1 1
1,

1 1, 1

, 1
    , 2,3, ,s

s s

x y s
d

x y d s S−

 − ==  − + = 

 

Step 2: Given t , we compute ,t sd  for 1,2, ,s S=   as follows: 

( )
1 1,1

,
1 1, 1 , 1 1,

, 1
min , , , 2,3, ,

t t
t s

s t s t s t s

x y d s
d

x y d d d s S
−

− − − −

 − + ==  − + = 

 

The above procedure is repeated for 2,3, ,t T=  . 
Step 3: The DTW distance between x  and y  is given by ,T Sd , i.e.,  

( ) ,,DTW T SD x y d= . 
DTW computes the minimal cumulative distance between the two time series 

by evaluating all possible alignment paths connecting the starting point ( )1 1,x y  
and the ending point ( ),T Tx y . The paths move to the right, down or diagonal 
from ( )1 1,x y  to ( ),T Tx y . 

The flexibility of DTW allows it to capture similarities effectively even in the 
presence of temporal distortions, which simpler metrics such as Euclidean often 
fail to accommodate. However, this flexibility comes at the cost of significantly 
increased computational complexity, particularly for long time series, because the 
algorithm must evaluate a vast number of potential alignment paths. Moreover, 
DTW can be sensitive to short-term anomalies, as isolated outliers might dispro-
portionately influence the optimal alignment and lead to an inflated total distance. 

b) Shape-Based Distance (SBD): The SBD proposed by Paparrizos and Gravano 
(2015) measures similarity by comparing the overall shapes of two time series us-
ing normalized cross-correlation (NCC). NCC quantifies how closely one series 
resembles another at various time offsets. Specifically, NCC is defined as: 

 ( ) ( )( )
( ) ( )

   1
2 2

   1 1

NCC
T

t tt
xy T T

t tt t

x x y y

x x y y

−τ
+ τ=

−τ −τ
+ τ= =

− −
τ =

− −

∑
∑ ∑

 (10) 

for 0, 1, 2,τ = ± ±  , where τ  denotes the time offset. x  and y  are the mean 
values of time series data x  and y , respectively. NCC values range from −1 to 
1. The NCC close to 1 indicates a high similarity after optimal alignment, while 
the NCC near 0 or negative indicates low or inverse similarity. The SBD between 
time series x  and y , denoted by ( ),SBDD x y , is defined as: 
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 ( ) ( ), 1 max NCCSBD xyD x y
τ

= − τ  (11) 

Thus, ( ),SBDD x y  ranges from 0 to 2. Two time series x  and y  indicate 
identical shapes after optimal alignment in the case of ( ), 0SBDD x y = , while they 
represent completely inverse shapes or trends in the case of ( ), 2SBDD x y = . By 
emphasizing overall shape similarity, SBD effectively captures common cyclical 
patterns and directional trends, making it particularly useful in financial applica-
tions where identifying synchronized behaviors is essential. However, this dis-
tance metric can be sensitive to short-term fluctuations or noise, potentially re-
ducing its effectiveness in capturing longer-term trend similarities. Therefore, 
smoothing or filtering techniques are sometimes applied before using SBD to mit-
igate the influence of short-term volatility and emphasize underlying trends. 

Compared to K-means, K-medoids offers enhanced robustness to outliers and 
compatibility with arbitrary distance metrics, though at the expense of higher 
computational complexity. Both algorithms require pre-specifying the number of 
clusters. 

In Section 4, (8), (9) + DTW and (9) + SBD are utilized as clustering methods. 

3.2. Cluster Evaluation Method: Silhouette Coefficient 

Prior to clustering, the clustering quality under different numbers of clusters re-
quires evaluation to determine the optimal number of clusters. To this end, we 
can use the silhouette coefficient, which provides a widely accepted measure of 
clustering quality. 

The silhouette coefficient is introduced by Rousseeuw (1987), measuring both 
cohesion within clusters and separation between clusters. For each data point i , 
the silhouette coefficient ( )is  is calculated as: 

 ( )
( ) ( )

( ) ( )( )max ,

i i
i

i i

b as
a b
−

=  (12) 

for 1, 2, ,i n=  , where ( )ia  is the average distance between data point i  and 
all other data points within the same cluster and ( )ib  is the average distance be-
tween data point i  and data points in the nearest cluster. When the thi  stock 
is in cluster k , note that the nearest cluster indicates the cluster which includes 
the cluster center nearest to the thi  stock, where cluster k  is excluded. 

That is, suppose that kC  is defined by a set of the stocks included in cluster 
k  and ( )kn C  is given by the number of the stocks in cluster k . ( )ia  repre-
sents the sample average between the thi  stock in cluster k  and the other 
stocks in the same cluster k , which is given by: 

( )

( ) 2

1
1 j k i j

i
i j

r C r rk

a r r
n C ∈ ∩ ≠

= −
− ∑  

for 1,2, ,k K=   and , 1, 2, ,i j n=  . Note that ( ) 0is =  when ( ) 1kn C = , i.e., 
when the i th stock only is in cluster k . 

Let k−  be the cluster nearest to the thi  stock, kC−  be a set of the stocks 
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included in the cluster nearest to the thi  stock, and ( )kn C−  be the number of 
the stocks included in kC− . 

( )ib  is given by: 

( )

( ) 2

1

j k

i
i j

r Ck

b r r
n C

−∈−

= −∑  

for 1,2, ,k K=   and , 1, 2, ,i j n=  . 
For evaluation of the number of clusters, the average of the silhouette coeffi-

cients are used. That is, we choose the K  which maximizes the average of ( )is  
for 1, 2, ,i n=  . The average of the silhouette coefficients ranges from −1 to 1, 
where the values close to 1 indicate well-defined and clearly separated clusters and 
the values close to −1 suggest poor clustering with overlapping clusters. 

The main advantage of the silhouette coefficient is its clear interpretability and 
its balanced consideration of intra-cluster cohesion and inter-cluster separation. 
However, its effectiveness diminishes in the case of highly overlapping clusters or 
complex data structures, which are common situations in economic data. It can 
also be computationally intensive for large datasets. 

4. Empirical Studies Using NIKKEI 225 Stock Data 

Stock price data of the 225 companies based on the Nikkei stock average are uti-
lized in this paper, which are taken from NEEDS-FinancialQUEST  
(https://finquest.nikkeidb.or.jp/ver2/online/). Using the 225 stock return data 
from 28 May, 2024 to 17 December, 2024 and the clustering techniques, we per-
form the portfolio analysis. 

The experiment procedure is as follows: 
1) All the 225 stock data are divided into two periods. In this paper we call 

the first 120 trading day period (i.e., 28 May, 2024 to 19 November, 2024) the 
clustering period, and the last 20 trading day period (i.e., 20 November, 2024 
to 17 December, 2024) the prediction period. Note that 20 trading days indi-
cates about one month data. In this paper, we focus on prediction within one 
month. 

2) Using the first 120 daily data, the 225 companies are classified by the data 
preprocessing technique (1) shown in Section 2 and the clustering algorithm (8) 
in Section 3. As shown in Figure 1, the average silhouette coefficient is drawn for 

6,7, ,12K =   to obtain the number of clusters. As a result, 9K =  is chosen 
because the average silhouette coefficient is maximized at 9K = . 
 

 
Figure 1. Average silhouette coefficients: The Case of (1) and (8). 
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3) For the data preprocessing techniques (1) - (7) and the clustering algorithms 
(8), (9) + DTW and (9) + SBD, the 225 stock return data are classified into 9K =  
groups using the first 120 trading day data. The average returns and the average 
standard deviations are computed for both the clustering and prediction periods 
of each group.  

4) We examine whether we can forecast the prediction period from the cluster-
ing period. If we can forecast the stock returns and their standard deviations (i.e. 
volatilities), we might observe that there are strong positive correlations between 
the clustering period and the predicted period regarding the average return and 
the average standard deviation. It is well known that stock returns are skewed to 
the left (i.e., skewness is negative) in most cases and are fatter than normal distri-
bution in tails (i.e., kurtosis is greater than 3). That is, stock returns are not nor-
mally distributed. Accordingly, without specifying any distribution, we utilize the 
rank correlation to examine whether there is a correlation between the two peri-
ods. Thus, for both periods, each cluster is ranked based on the average returns 
and the average standard deviations. 

As mentioned above, it is well known that stock return data are not normally 
distributed, i.e., negative skewness and large kurtosis with comparison of nor-
mal distribution. In addition, critical values are explicitly obtained in the case 
of rank correlation. Therefore, it is more relevant to utilize the ranked data 
rather than the original return data. Moreover, if rank correlation is large, we 
can choose high-ranked stocks in the next period, which is of advantage for 
portfolio. 

In general, nonparametric tests have less power than parametric ones. However, 
it is well known that asymptotic efficiency of nonparametric tests does not show 
so bad performance (for example, see Hodges and Lehman (1956) and Chernoff 
and Savage (1958)). In addition, according to Tanizaki (1997), the Wilcoxon test 
is more powerful than the t-test even in the case of small sample and non-Gaussian 
sample. Therefore, in this paper we utilize the rank correlation and also the 

9K =  clusters might be enough. 
AVE in Table 1, denotes the rank correlation of the average stock returns in 

each cluster between two periods (i.e., clustering period and prediction period). If 
the high return cluster during the clustering period still stays in the high return 
cluster during the prediction periods, it might be better to purchase the stocks 
included in the high return cluster during the clustering period. That is, in this 
case we can forecast the stock prices (i.e., the market efficiency hypothesis in stock 
market is rejected). However, if there is no rank correlation between the average 
stock returns in each cluster between the two periods, we can conclude that we 
cannot forecast the future stock prices given the past ones (i.e., the market effi-
ciency hypothesis is supported). As a result, the rank correlations of AVE are in-
significant in all the cases of (1) - (7) for (8), (9) + DTW and (9) + SBD. That is, 
we can conclude that the stock market in Japan is efficient at least during the pe-
riod from 28 May, 2024 to 17 December, 2024. 
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Table 1. Rank correlations between clustering and prediction periods. 

Data 
Pre-Processing 

Techniques 

Clustering Methods 

(8) (9) + DTW (9) + SBD 

AVE SER AVE SER AVE SER 

(1) −0.133 0.433 0.050 −0.283 0.450 0.667** 

(2) −0.133 0.550** 0.067 0.150 −0.200 0.500* 

(3) 0.333 0.250 0.200 0.250 −0.183 0.567* 

(4) 0.000 0.483* −0.083 0.450 0.333 0.283 

(5) 0.283 0.517* −0.517 −0.083 0.217 0.350 

(6) −0.367 0.117 0.200 0.317 −0.333 0.600** 

(7) 0.117 0.400 0.017 0.067 −0.050 0.683** 

The clustering period is 2024/05/28-2024/11/19 (120 trading days) and the prediction pe-
riod is 2024/11/20-2024/12/17 (20 trading days). In the case of the rank correlation with K 
= 9, top 1%, 5% and 10% points are given by 0.7667, 0.5833 and 0.4667, which are denoted 
by ***, ** and * in the above table, respectively. 
 

In Table 1, SER indicates the rank correlation of the average standard devia-
tions (or volatilities) in each cluster between two periods. In the case of financial 
data, the generalized auto-regressive conditional heteroscedasticity model (here-
after, GARCH) and the stochastic volatility model (hereafter, SV) are often uti-
lized. These models represent that variances are time-dependent (especially, the 
present variance depends on the past one). That is, this fact indicates that we can 
forecast the variance (or standard deviation) given past one. It is known that var-
iance is a measure of risk, i.e., a measure of market unstability. Therefore, it might 
be important to know the movements of variances (i.e., volatilities). In this paper, 
we might obtain the results that volatilities are persistent because the rank corre-
lations of SER are significantly greater than zero in some cases (at least, the rank 
correlations of SER are larger than those of AVE in a lot of cases). 

Next, in Table 2 we take the three estimation periods and 100 trading days in 
addition to 120 trading days for the clustering period (or training period), in 
which (8) is taken for the clustering method. The column of 24/05/28-24/11/19 
(120) and 24/11/20-24/12/17 (20) is exactly same as (8) in Table 1, which is put 
for comparison with the other two columns. The results are almost same as Table 
1. A lot of SERs are significantly greater than zero while AVRs are not positive at 
all. That is, the Nikkei 225 stock market is efficient and accordingly the stock 
prices are not predictable. In contrast, stock price volatilities depend on the lagged 
ones, which implies that GARCH or SV models are appropriate for estimation of 
stock returns.  
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Table 2. Rank correlations between clustering and prediction periods. 

Clustering Method (8) 

Data 
Pre-Processing 

Techniques 

24/05/28-24/11/19 (120) 
24/11/20-24/12/17 (20) 

24/11/28-25/05/29 (120) 
25/05/30-25/06/26 (20) 

25/04/01-25/08/25 (100) 
25/08/26-25/09/24 (20) 

AVE SER AVE SER AVE SER 

(1) −0.133 0.433 0.183 0.150 0.450 0.933*** 

(2) −0.133 0.550** −0.267 0.267 −0.700 0.483* 

(3) 0.333 0.250 −0.083 0.200 −0.467 0.467* 

(4) 0.000 0.483* 0.000 0.317 0.300 0.600** 

(5) 0.283 0.517* 0.067 0.583** 0.250 0.767*** 

(6) −0.367 0.117 0.233 0.167 0.350 0.250 

(7) 0.117 0.400 −0.433 0.067 0.433 0.750** 

5. Summary and Concluding Remarks 

To examine whether the financial market is efficient, we usually estimate the au-
toregressive process with other explanatory variables, taking into account time-
varying heteroscedastic error terms such as GARCH or SV. 

In this paper, we take the different approaches where the cluster techniques are 
utilized. We construct K  clusters ( 9K =  is taken in this paper), rank the aver-
age returns of the K  clusters in order of size, and similarly rank them during 
prediction period. We check whether the ranks in the clustering period corre-
spond to those in the prediction period. Using the rank correlation, we test the 
correspondence between the ranks in the clustering and prediction periods. If the 
ranks in the clustering period are similar to those in the prediction period, we can 
conclude that we can forecast the stock returns given past information. As a result, 
it might be concluded from AVE in Table 1 that we cannot predict future stock 
returns given past stock returns, i.e., clustering with the present data do not de-
pend on clustering with the past data, because all the rank correlations of AVE are 
statistically zero. This result is consistent with the market efficiency hypothesis. 

In addition, the same procedure is performed regarding the standard deviations 
(i.e., volatilities). That is, we rank the average standard deviations of the K  clus-
ters in order of size, similarly rank them during prediction period, and compare 
both ranks. In the case of financial data, GARCH and SV are frequently utilized, 
which describe that the present variance explicitly depends on the past one. In 
other words, it is well known that the present volatility influences the future vol-
atility. In this paper, we obtain similar results through cluster analysis. 

In Table 2, taking different sample periods, we investigate whether stock re-
turns and their volatilities are predictable or not by clustering. The results are very 
similar to Table 1.  

Thus, in this paper, we can conclude that stock returns volatilities are predict-
able but stock returns are not. These results are consistent with the past studies. 
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