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Abstract 
 
The proliferation of trading strategies in many security markets has led to intense scrutiny of 
market price movements and their distribution. The increase in trading activities across financial 
markets around the world has enhanced the likelihood of behavioral biases and the tendency for 
stock prices to cluster around certain intervals. The purpose of this study was to investigate price 
clustering and psychological barriers in the NASDAQ Index, CAC 40 Index, DAX Index, JPX-
Nikkei Index 400, SSE Index, and the JSE Index from 2/01/2020 to 31/12/2021, during the height 
of the COVID-19 pandemic. Using chi-square and a Kolmogorov-Smirnov tests, the findings 
revealed evidence of price clustering in the JPX-Nikkei 400 and JSE Index, with further evidence 
of psychological barriers in the form of support and resistance in the JSE Index. This result implies 
that a retracement entry strategy is suitable for the JPX-Nikkei Index 400 and JSE Index, and a 
breakout strategy should be used in the NASDAQ Index, CAC 40 Index, DAX Index, and SSE 
Index. Security markets should actively promote UTP in order to promote price efficiencies. 
 
Keywords: Price Clustering, Psychological Barrier, Market Efficiency, Chi-Square, Kolmogorov-
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1. Introduction 
 
Many theorists have actively argued that the behavior of security market prices in financial 
markets has trends that give clues to the behavior of future market prices (Wong et al. 2003; Lin 
et al. 2010; Monteiro, 2014; Stankovic et al. 2015). Advocates of this theory argue that security 
market prices can be predicted, provided that the patterns can be appropriately understood 
(Fama, 1965). As such, this concept has been coined as technical analysis, which looks at 
historical price data as a guide for future price movements (Shynkevich et al. 2017). In technical 
analysis, price charts are used as a valuable tool to interpret the direction of trade and entry and 
exit points in the market. Despite its relevance, the technical approach involves a much subjective 
judgment. Many investment practitioners and analysts still believe that stock prices can never be 
predicted because they are not set as a result of some underlying factors but merely statistical 
ups and downs, known as a random walk (Caporin et al. 2011; Shah et al. 2019). The random 
walk hypothesis proposes that the behavior of security prices is unpredictable and that there is 
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no meaningful relationship between the past market price behavior and future prices (Fama, 
1965). The argument that market prices for securities are independent was supported by Kendall 
and Hill (1953), who claimed that stock prices behave as though they were produced by a planned 
roulette wheel, with each outcome being statistically independent of the past. The evidence of 
cyclical security prices is merely statistical and unconnected (Rozeff, 1975). The proposition put 
forward by Kendall and Hill (1953) accedes to the efficient market hypothesis theory, where all 
available sensitive information is reflected in security prices. Therefore, no investor can 
consistently outperform the market because stock prices are appropriate based on the available 
information (Nwaolisa and Kasie, 2012). In other words, investors cannot consistently beat the 
market, which makes it impossible to purchase undervalued stocks and sell overvalued stocks 
using real-time information. Hence, fundamental analysis and market timing are not helpful. In 
sharp contrast to the efficient market hypothesis and random walk, price clustering has been 
widely observed in many financial markets (Ascioglu et al. 2007; Lobão et al. 2019; Blau and 
Griffith, 2016; Hu et al. 2017).  

Price clustering is a phenomenon where security prices tend to conglomerate more 
around certain intervals and deviate from other intervals (Holý and Tomanová, 2022). According 
to Blau and Griffith (2016, there are mainly two reasons for price clustering: the preference for 
round-digits figures to attenuate cognitive processing cost and a preference to mitigate negotiated 
cost. The presence of price clustering in a market has both positive and negative effects. Where 
empirical evidence supports price clustering, investors, analysts, and investment practitioners can 
take advantage of market price aggregation around certain intervals and trade with the information 
(Ma and Tanizaki, 2022). That is to say, investors can purchase stock below the grouping price 
and sell when the prices move to the group. However, price clustering severely disrupts 
equilibrium prices, which may seriously impact financial markets (Blau and Griffith, 2016).  

Against this background, there is a growing interest among finance researchers in the 
impact of COVID-19 on financial markets that may be associated with price resolution (Demir et 
al. 2020). As well documented by Mandel and Veetil (2020), economic recovery is based on the 
formation of equilibrium prices. In line with the study of Hsu et al. (2018), this study contributes to 
the growing call for unlisted trading privileges (UTP) in markets where price clustering is 
discernible as fundamental prices are distorted due to cognitive biases. Promoting UTP serves 
as a measure to enhance price and market efficiency, which is essential for asset pricing. In 
addition, this study proposes a suitable trading strategy in which price clustering is evident. 
Finally, the study advances the literature on cognitive biases observed in financial markets during 
the COVID-19 era. As documented by Alzyadat and Asfoura (2021), the pandemic has disrupted 
many financial markets where price clustering is perceived to be present. The rationale of this 
study stems from the concept of market efficiency, which states that active managers cannot 
consistently outperform the market because prices tend to adjust to new information. However, 
there has been empirical evidence of price clustering in many financial markets for periods. This 
study also advances this frontier to the COVID-19 era to validate or disapprove the market 
efficiency hypothesis in another, to make suitable recommendations for investment practitioners. 
The next section highlights the literature review followed by the methodology, findings, and 
conclusion. 
 
2. Literature review 
 
The theoretical foundation used in this study is the hypothesis of market efficiency. The market 
efficiency theory states that all available information is already built into the current market price 
of financial security. Investment practitioners, market participants, and investors cannot 
consistently outperform the market (Fama, 1965). According to this theory, prices will adjust 
quickly to any new information in the market (Fama, 1965). Also, price aberrations are corrected 
quickly because investors will buy and sell incorrectly priced assets in a concise period. Market 
efficiency does not imply that security prices cannot deviate from the true market value. On the 
contrary, there can be high deviations, but this divergence is purely random and will quickly adjust 
to its original value. Also, investors can beat the market, but no particular investor can consistently 
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outperform the market (McManus, 2020). Given the number of investors in financial markets, the 
law of probability, in congruence with the market efficiency theory, suggests that market 
participants can beat the market consistently over a long period only by chance and not because 
of any investment strategy. To this end, it can be gleaned that market inefficiencies justify active 
management (Ang et al. 2011). With market efficiencies, fundamental analysis is ineffective and 
irrelevant. Therefore, relying on public information for investment appraisal decisions is not likely 
to be of significant help (Malkiel, 1989). 

On the contrary, some experts still believe that market analysis and information about 
security are essential ingredients in the stock selection process (Petrusheva and Jordanoski, 
2016). According to Kelikume et al. (2020), financial markets are not efficient because 
fundamentals still drive markets in the long term. The expectations of these fundamentals still 
move the market considerably (Teles and Leme, 2009). Trading on undervalued fundamentals 
drivers may seem beneficial in the future because investors perceive that these values may 
increase. The aspect of market sentiments further compounds the debate that markets are rarely 
efficient because the concepts of pessimism and optimism cannot be overlooked. Therefore, we 
expect to see price clustering in financial markets, especially during the era of COVID-19, where 
there is a possibility that investors may have been driven by behavioral biases such as greed and 
fear. As already mentioned in the introduction, price clusters have pros and cons. Table 1 
highlights empirical studies that implement similar methods to arrive at findings on price clustering 
conducted during the COVID-19 pandemic. 
 

Table 1. List of studies on price clustering 

Study Model Period Country Findings 

Ascioglu et al. 
(2007) 

Multivariate 
analysis 

01/2003-
10/2003 

Japan 

Significant evidence of 
price clustering, but 
not associated with 
direct negotiations. 

Lobão et al. 
(2019) 

Univariate 
and 

multivariate 
analysis 

31/07/2007-
25/03/2009. 

Austria, Denmark, 
Finland, Germany, 

Greece, Italy, 
Portugal, Romania, 
United States, and 

Spain. 

Evidence of price 
clustering across the 
United States and 
European markets 
contradicts the market 
efficiency theory. 

Blau and 
Griffith (2016) 

Multivariate 
test 

1995-2012 United States 
Presence of price 
clusters that is related 
to volatility. 

Hu et al. 
(2017) 

Multivariate 
test 

2003-2009 China 

No evidence of price 
clustering for high-
frequency trading, 
which is in line with 
efficient market 
hypothesis. 

Ma and 
Tanizaki (2022) 

Linear 
model with 

hour 
dummies 

2015-2020 Japan 
Presence of clusters 
around the '00' digits. 

 
Although studies listed in Table 1 are relevant, there is still a gap in the literature on 

whether there is any evidence of price clustering during the COVID-19 pandemic, which could 
have significant implications for asset pricing. Therefore, this study fills the knowledge gap by 
exploring the concept of price clustering in financial markets from January 2020 to December 
2021, which is linked to the COVID-19 pandemic. The presence of price clustering during periods 
of uncertainty such as the pandemic results in averaging down, where market participants use 
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round numbers as a proxy for the true value of the security (Bourghelle and Cellier, 2007). This 
behavior is usually a result of a lack of knowledge and greed, leading to serrated price distribution 
(Bourghelle and Cellier, 2007). The following section outlines the blueprint used in investigating 
this behavioral abnormality. 
 
3. Methodology 
 

The sample consists of the NASDAQ Index, the French stock market index (CAC 40 Index), 
Frankfurt stock exchange index (DAX Index), Japanese stock index (JPX-Nikkei Index 400), 
Shanghai stock exchange (SSE Index), and Johannesburg stock exchange (JSE Index). These 
markets represent the largest financial markets in the world on four continents. The opening, 
highest, and closing prices for each index are retrieved from Yahoo Finance from 02/01/2020 to 
31/12/2021. This period formed the crux of the COVID-19 pandemic. The empirical distribution of 
the opening, highest, and closing prices are compared to a uniform distribution to determine 
whether they occur at whole numbers and to analyze price clustering (Kong et al. 2011). More 
specifically, price clustering is evident when there is a significant rounding up or -down in the 
observed price distribution of security prices, resulting from a lack of knowledge about the asset 
price (Harris, 1991). 

For the analysis, chi-square and Kolmogorov-Smirnov tests are appropriate because the 
former compares the square deviation between the expected and observed price distributions, 
while the latter is suitable for investigating the distribution of data sets (Lanzante, 2021). Chi-
square and Kolmogorov-Smirnov tests are deemed appropriate because the latter compares the 
square deviation between the expected and observed price distributions, while the Kolmogorov-
Smirnov test is suitable for investigating the distribution of data sets (Mitchell, 1971). These 
methods are suitable for analyzing discrete sets of prices with a uniform distribution (Harris, 1991). 
The findings of the Kolmogorov-Smirnov test and the chi-square test are in harmony, 
demonstrating robust results and meaningful inference. Both Kolmogorov-Smirnov and chi-
square tests report significant positive results, indicating the presence of price clustering. A 
psychological barrier test is also carried out using the support and resistance level to determine 
if there are points in the market where prices change repeatedly. A bullish run in financial markets 
turns bearish when it meets resistance, and a bearish move turns bullish when it meets support. 
Chi-square and a Kolmogorov-Smirnov tests are also used to investigate psychological barriers. 
The formulas for a chi-square test and a Kolmogorov-Smirnov test are shown in Equations (1) 
and (2), respectively. 
 

∑
(𝑂𝑖 – 𝐸𝑖)2

𝐸𝑖

𝑛
𝑖=1  ~ 𝑥2(𝑛 − 1)                                                       (1) 

 
, where 𝑂𝑖 is the observed frequency and 𝐸𝑖is the expected frequency, whereas 𝑛 is the number 
of variables and x is the random variable. 
 

Max | 𝐹0(𝑋) - 𝐹𝑟(𝑋)| √𝑛                                                       (2) 
 

, where 𝐹0(𝑋) is the observed frequency distribution and 𝐹𝑟(𝑋) is the theoretical frequency 
distribution, and 𝑛 is the number of variables and x is the random variable. The results of the 
empirical analysis are presented in the next section. 
 

4. Findings 
 

Table 2 presents the findings from the chi-square and Kolmogorov-Smirnov tests. From the 
results, price clustering was evident in the JPX-Nikkei 400 and JSE during the period considered. 
The significance is evident in the p-values that are less than 5% from the chi-square and 
Kolmogorov-Smirnov test, hence inferring the presence of price resolution in these markets. 
These findings agree with the findings of Ascioglu et al. (2007), Lobão et al. (2019), and Ma and 
Tanizaki (2022) but contradict the findings of Hu et al. (2017), although they were not explicitly 
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conducted during the pandemic era. Results also support the findings of Enow (2021), stating that 
the JPX-Nikkei Index 400 is informationally inefficient, and investors can use fundamental 
analysis to profit. However, findings in the NASDAQ Index, CAC 40 Index, DAX Index, and SSE 
Index are mixed since the Kolmogorov-Smirnov test reported a significant positive result, whereas 
the chi-square test revealed an insignificant finding. These findings are also in line with the results 
of Enow (2021), which revealed that the NASDAQ Index, CAC 40 Index, and DAX Index are 
informationally efficient during the pandemic, and therefore price clusters are not expected.  

A psychological barrier is also established to determine the presence of support and 
resistance in the selected markets.  As seen in Table 2, there is sufficient evidence of 
psychological barriers in the JSE, which is supported by significant p-values for both the chi-
square and a Kolmogorov-Smirnov tests. In rare scenarios, the presence of psychological barriers 
may also be inferred to the JPX-Nikkei 400 because of mixed results in chi-square and a 
Kolmogorov-Smirnov tests. Therefore, price clustering in the JSE and JPX Nikkei Index 400 and 
psychological barriers in the JSE exist. 

 
Table 2. Findings from the chi-square and Kolmogorov-Smirnov tests 

Nasdaq Index   
 

    
  Open High Low Close 

Chi-square 10.35 6.74 5.52 4.81 
P-value 0.32 0.66 0.79 0.85 
Kolmogorov-Smirnov  70.72 72.19 71.56 117.67 
P-value *(0.00) *(0.00) *(0.00) *(0.00) 

Psychological Barriers 

 Chi-square Kolmogorov-Smirnov  
Resistance 2.85 5.94  

 
P-value 0.97 0.00  

 
Support 1.31 3.63  

 
P-value 0.998 0.00    

CAC 40 Index         
  Open High Low Close 

Chi-square 7.76 10.51 10.31 12.59 
P-value 0.56 0.31 0.33 0.18 
Kolmogorov-Smirnov  70.24 71.02 74.40 105.33 
P-value *(0.00) *(0.00) *(0.00) *(0.00) 

Psychological Barriers 

 Chi-square Kolmogorov-Smirnov  

Resistance level 1.281 3.768   

P-value 0.998 0.000   

Support level 2.03 5.27   

P-value 0.99 0.00   

JPX-Nikkei Index 400       
  Open High Low Close 

Chi-square 219.90 230.98 205.32 207.60 
P-value *(0.00) *(0.00) *(0.00) *(0.00) 
Kolmogorov-Smirnov  69.16 69.91 73.60 118.06 
P-value *(0.00) *(0.00) *(0.00) *(0.00) 

Psychological Barriers 

 Chi-square Kolmogorov-Smirnov  

Resistance level 0.42 2.04   

P-value 0.99 0.02   

Support level 1.08 2.97   

P-value 0.99 0.00   

Note: * denotes significance at 5%. 
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Tabe 2. Continued 

DAX Index         
  Open High Low Close 

Chi-square 5.64 13.22 4.89 11.10 
P-value 0.78 0.15 0.84 0.27 
Kolmogorov-Smirnov  72.24 71.75 78.90 114.95 
P-value *(0.00) *(0.00) *(0.00) *(0.00) 

Psychological Barriers 

 Chi-square Kolmogorov-Smirnov  

Resistance level 2.72 7.22   

P-value 0.97 0.00   

Support level 0.75 2.75   

P-value 0.99 0.00   

JSE Index       
  Open High Low Close 

Chi-square 527.64 58.33 100.17 262.26 
P-value *(0.00) *(0.00) *(0.00) *(0.00) 
Kolmogorov-Smirnov  96.00 79.15 220.96 161.16 

P-value *(0.00) *(0.00) *(0.00) *(0.00) 

Psychological Barriers 

 Chi-square Kolmogorov-Smirnov  

Resistance level 29.88 20.30   

P-value *(0.00) *(0.00)   

Support level 19.85 15.91   

P-value *(0.02) *(0.00)   

SSE Index     

  Open High Low Close 

Chi-square 13.69 6.70 9.53 7.01 

P-value 0.13 0.67 0.39 0.64 

Kolmogorov-Smirnov  73.31 71.74 81.92 117.83 
P-value *(0.00) *(0.00) *(0.00) *(0.00) 

Psychological Barriers 

 Chi-square Kolmogorov-Smirnov  

Resistance level 2.12 6.16   

P-value 0.99 0.00   

Support level 2.01 5.32   

P-value 0.99 0.00   

Note: * denotes significance at 5%. 
 
5. Conclusion 
 
The purpose of this study was to investigate the presence of price clustering and psychological 
barriers in the NASDAQ Index, CAC 40 Index, DAX Index, JPX-Nikkei Index 400, SSE Index, and 
JSE Index from a period of 0f2/01/2020 to 31/12/2021, which is associated with the COVID-19 
pandemic. The study used a combination of Chi-square and Kolmogorov-Smirnov tests to 
document a robust finding. The results indicated that there was no evidence of price clustering in 
the NASDAQ Index, CAC 40 Index, DAX Index, and SSE Index, but significant price clustering in 
the JPX-Nikkei Index 400 and JSE Index with further evidence of psychological barriers in the 
form of support and resistance in the JSE Index.  

From these findings, investors and market participants can trade profitably in the JSE and 
JPX-Nikkei 400 using a retracement entry strategy to profit from price movements. Retracements, 
which are short-term price corrections in the upward and downward trends, will be of significant 
value in the JSE and JPX-Nikkei 400 financial markets because they provide profitable 
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opportunities by entering into trades in the original trend direction at a better price before the run 
continues. However, a breakout strategy will be preferred in the NASDAQ Index, CAC 40 Index, 
DAX Index, and SSE Index because of the absence of price clustering and psychological barrier. 
Additionally, advisory authorities should actively promote the concept of UTP to promote market 
efficiency. 
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