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Abstract: The rising global concern for environmental sustainability has driven a surge in green investments' 

popularity. This study examines the multifractal characteristics and efficiency of various green stock indexes, 

such as Clean Science and Technology, ISE Clean Edge Global Wind Energy Index, iShares Global Clean Energy 

ETF, Nasdaq Clean Edge Green Energy, and Solactive Clean Energy. The research covers the period from 

October 4, 2021, to October 4, 2023. The central objective of this research is to evaluate the efficiency of clean 

energy stock markets and dissect their influence on investment decisions and market performance in the realm 

of green investments. To accomplish this, the study employs the Wright test (2000) and the Detrended 

Fluctuation Analysis (DFA) method. The findings indicate the presence of negative serial autocorrelation 

within the Rankings and Signals tests. Furthermore, the DFA analysis concurrently reveals long memory 

patterns in most green indexes, with the notable exception being the Nasdaq Clean Edge index, which exhibits 

tendencies toward anti-persistence. These results imply that prices inadequately incorporate available 

information, resulting in non-i.i.d. price fluctuations. These implications are significant for investors, as they 

indicate the potential for predictable returns and opportunities for arbitrage and abnormal profits, challenging 

the assumptions of random walk and information efficiency hypotheses. 

Keywords: serial autocorrelation; stock markets; green energy; sustainability 

 

1. Introduction 

The global financial crisis of 2008, coupled with escalating environmental degradation, 

prompted policymakers to formulate strategies aimed at promoting a green and sustainable 

economic paradigm. This involved the implementation of measures to curtail greenhouse gas 

emissions, epitomized by the Paris Agreement, and championing a circular economy, exemplified by 

initiatives like the American and European Green Deals. Consequently, businesses restructured their 

models to prioritize socially responsible and sustainable investments, now considered standard 

practice for market participants, drawing the attention of both investors and traders. Within this 

framework, environmental, social, and corporate governance, socially responsible investment, 

responsible investment, sustainable investment, and the adoption of clean energy are paramount 

themes [1,2]. 

The authors in study [3] emphasize the increasing demand for clean energy due to concerns 

about greenhouse gas emissions and reducing reliance on fossil fuels. Governments worldwide are 

setting higher targets for renewable energy and emissions reduction, leading to expanded investment 

opportunities in the clean energy sector. Companies involved in renewable energy solutions, such as 

solar panels and wind turbines, are experiencing rapid growth and offering attractive returns to 

investors. With growing environmental awareness, green investments are gaining popularity, 

particularly in the clean energy industry, which focuses on renewable sources such as solar, wind, 

hydroelectric, geothermal, and biomass [4]. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.
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The scarcity of fossil fuel reserves is another driving force behind the transition to clean energy. 

Although substantial reserves of oil, gas, and coal still exist in the ground, the extraction process has 

become more challenging and costly. This situation has resulted in fluctuating oil prices and concerns 

about energy security, especially for countries heavily reliant on fossil fuels, as they are susceptible 

to supply disruptions and price increases. Simultaneously, there have been remarkable 

advancements in clean energy technologies, particularly in the areas of solar and wind energy. These 

technologies have become increasingly profitable and efficient, making them a viable alternative to 

fossil fuels. Furthermore, there is a growing recognition of the economic benefits associated with 

clean energy, particularly in terms of job creation and the promotion of local economic development 

[5–7]. 

The global recognition of clean energy as an alternative to dirty energy sources, such as crude 

oil, has been driven by several factors, including climate change, fossil fuel scarcity, innovations in 

clean energy technology, and volatile oil prices. In the 2015 Paris Climate Agreement, a wide range 

of countries committed to transitioning to climate-resilient economies. Consequently, following the 

2015 Paris Climate Agreement, investments in clean energy stocks flourished due to the growing 

interest of investors and policymakers [8,9] 

The shift to clean energy represents a significant transformation in the global energy landscape. 

It is driven by a complex interplay of factors, each contributing to the underlying dynamics of this 

transition. At the heart of the transition is a growing recognition of the environmental consequences 

of continued reliance on fossil fuels. Greenhouse gas emissions, primarily carbon dioxide from the 

burning of coal, oil, and natural gas, have contributed to the warming of the Earth's atmosphere, 

leading to a range of adverse effects such as rising sea levels, extreme weather events, and disruptions 

to ecosystems. This heightened awareness of climate change has led to global efforts to reduce 

emissions and limit global warming, with the 2015 Paris Climate Agreement and subsequent 

conferences like COP26 serving as critical milestones [10–13]. 

The reduction in energy consumption has led to a decrease in prices and necessitated production 

cutbacks [14]. During this period, tensions escalated between Saudi Arabia and Russia, two major 

oil-producing nations [15]. Faced with the ongoing price decline, Saudi Arabia proposed reducing oil 

production by oil-producing nations to stabilize market prices. However, Russia's refusal led to 

heightened tensions between the two countries and worsened the economic impact on the sector. The 

post-pandemic resurgence of economic activity in 2021 resulted in an imbalance between energy 

supply and demand, causing higher prices and market instability. Study [15] provided compelling 

data that establishes a strong correlation between economic activity and energy usage. The energy 

crisis that followed the pandemic was further exacerbated by the outbreak of hostilities between 

Russia and Ukraine, officially declared in the early months of 2022. As a result of the conflict, Russia 

disrupted energy supplies to European nations. This not only caused an energy crisis in Europe but 

also led to instability in the global energy market, as threats and geopolitical actions have varying 

impacts on price volatility, as indicated by the study [16]. 

The environmental consequences stemming from the development and widespread use of 

primary energy sources, particularly fossil fuels, have grown increasingly severe, posing significant 

threats to human well-being. Consequently, sustainable energy sources have garnered substantial 

global attention. Clean energy stocks have emerged as a distinct asset class, notably among market 

participants with environmental concerns. However, prior research has largely overlooked the 

strategies that clean energy investors might employ to mitigate negative risks. One notable gap in the 

current literature is the limited understanding of the efficiency of clean energy stock markets. The 

importance of this matter is paramount within the context of renewable and non-renewable energy 

sources, as well as the advancement of renewable energy technology. The significance of this issue 

can be observed from several perspectives. The efficiency of clean energy stock markets can directly 

influence energy consumption and economic sectors, thereby promoting job growth. Moreover, the 

link between market efficiency and the accuracy of pricing information establishes a strong 

connection, implying that the impact of clean energy stock markets can have implications for other 

sectors, including the fossil fuel market, such as crude oil. Furthermore, the efficiency of clean energy 
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stock markets wields considerable influence over technological preferences and political support for 

renewable energy, thus impacting the trajectory of clean energy technology. Additionally, the extent 

of market inefficiency can serve as a significant tool for market regulators. By gaining a deep 

understanding of market inefficiencies, regulators can identify specific areas in need of improvement 

and strive to establish a more efficient market for renewable energy. 

Addressing the research inquiry regarding potential serial autocorrelation within the price series 

of green indexes is crucial to understanding the efficiency of clean energy stock markets. The primary 

objective of this research endeavor is to conduct a thorough assessment of these markets. By diving 

into the intricacies of these markets, the study aims to reveal critical insights into their functionality, 

their interaction with investment decision-making processes, and their overall impact within the 

sphere of green investments. 

The study comprises 7 distinct sections to systematically address the outlined research 

objectives. Section 2 explores an in-depth analysis of prior studies concerning the efficiency of clean 

energy stock indexes. Section 3 delineates the data utilized and the methodologies employed in 

addressing the research inquiries. Section 4 offers an extensive data analysis and interprets the 

acquired results. Section 5 engages in a comprehensive discussion of the findings. Section 6 presents 

well-grounded conclusions derived from the paper's results and discussions. Finally, Section 7 

scrutinizes the practical implications emerging from the study's outcomes. 

2. Literature Review 

The concept of market efficiency was initially proposed in study [17], suggesting that the value 

of stocks upon their public introduction reflected the most comprehensive information available, 

establishing the best estimate of their worth. Subsequently, mathematician [18], aligned with the 

notion of market efficiency, observed that asset price behavior fluctuates randomly and 

unpredictably, signifying independence from previous fluctuations, consequently formulating the 

random walk hypothesis. The [18] work significantly contributed to what would become one of the 

most prominent theories in finance - the market efficiency hypothesis. Later scholars such as [19,20] 

reinforced the random walk hypothesis, indicating that investors could not affect future returns 

based on historical prices, thereby being unable to exploit what seemed to be a "perfect" market to 

attain the sought-after extraordinary returns. Subsequent studies like [21,22] bolstered the random 

walk hypothesis, portraying asset price behavior as a stochastic process where future predictions of 

securities are unaffected by their historical prices. Subsequently, [23] empirically tested asset price 

behavior using the random walk model, examining daily quotes from 30 Dow Jones Industrial 

Average indexes between 1957 and 1962. The outcomes corroborated the random walk model, 

indicating that asset prices lack memory, rendering future prices entirely unpredictable based on past 

prices. Additionally, the work [24] emphasized that confirming the market efficiency hypothesis 

necessitates specific conditions: the absence of transaction costs, universal information availability to 

all market participants, and consensus on the impact of information on current and future securities 

values. While the verification of these conditions is considered adequate, it is not essential, as these 

premises are not entirely achieved in real market scenarios. 

Related Empirical Studies 

In recent years, global events such as the COVID-19 pandemic in 2020 and the volatility of 

energy markets in 2022 have brought significant attention to the intricate relationship between clean 

and dirty energy sources. The COVID-19 pandemic presented an unexpected and unprecedented 

disruption in the global energy landscape. Lockdowns and reduced economic activity led to a sharp 

decrease in energy consumption, temporarily reducing greenhouse gas emissions. While this resulted 

in lower pollution levels, it also underscored the global energy system's dependence on fossil fuels. 

The pandemic served as a warning, emphasizing the need to transition to cleaner energy sources to 

mitigate climate change. The year 2022 witnessed significant fluctuations in energy markets. This 

volatility, often influenced by geopolitical tensions and supply-demand dynamics, highlighted the 

fragility of relying on fossil fuels for energy security. The unpredictability of energy prices and supply 
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disruptions underscored the need for diversification and resilience in the energy sector. Renewable 

energy sources, with their inherent stability and sustainability, have gained prominence as a potential 

solution to mitigate such volatility. 

Studies [25–27] conducted investigations into long-term memory within cryptocurrency 

markets. Utilizing a sliding window approach, [25] highlighted that the generalized Hurst exponents 

in the Bitcoin market surpass 0.5, suggesting the presence of long-term memory. Furthermore, [26] 

identified multifractal characteristics within the series and indicated that both long-range correlations 

and the presence of fat-tailed distributions contribute to the multifractal behavior of Bitcoin. [27] 

underscored significant asymmetric features in cross-correlation, displaying persistence and 

multifractality in the majority of cases. Among cryptocurrencies, Bitcoin and Litecoin demonstrate 

the most multifractal behavior, whereas Monero and Ripple typically exhibit relatively lower 

multifractal characteristics. 

Refs [28,29] delved into the dynamics of efficiency and long-term memory in major globally 

traded currencies. [28] found higher efficiency levels in the JPY and CHF foreign exchange markets. 

They observed that the impact of trading volume on efficiency is only significant for JPY and CHF. 

The GBP seems to be the least efficient, followed by the EUR. [29] demonstrated that the four 

exchange rate series exhibit significant multifractal properties across timescales, and the yen has the 

lowest multifractal properties among the four exchange rate series, indicating the highest market 

efficiency. 

Studies [30,31] delved into the multifractal non-trending fluctuation of various international 

markets. [30] examined the comparative efficiency of 12 Islamic and conventional stock markets. The 

findings indicate that developed markets are relatively more efficient, followed by BRICS stock 

markets. The comparative efficiency analysis shows that almost all Islamic stock markets, excluding 

Russia, Jordan, and Pakistan, are more efficient than their conventional counterparts. [31] explored 

the market efficiency hypothesis for 22 sectors of the European credit market. The authors concluded 

that all Eurozone credit market sectors exhibit multifractal nature and are marked by a persistent 

long-memory phenomenon in their short and long-term components. 

The studies conducted by [32,33] examined the presence of long memory in both conventional 

markets and clean energy stock indexes. The investigation [33] analyzed the price of crude oil, the 

New York Stock Exchange (NYSE), and the S&P Global Clean Energy Index. The findings illustrate 

that the clean energy index appears to have a greater time series dependency than the others and is 

less exposed to the price of oil than the NYSE market. The authors in [32] examined market efficiency 

in its form in clean energy stock indexes. The authors revealed asymmetric multifractality in the US, 

European, and global clean energy stock indexes. They observed higher efficiency in the upward 

trend in European and global clean stock indexes, while the US market is less efficient when the 

market trends upward. The market inefficiency measure, varying over time, suggests that US clean 

energy reserves are becoming relatively more efficient over time. 

Studies [34,35] conducted evaluations pertaining to the efficiency of markets for renewable 

energy and fossil fuels. [34] have provided evidence indicating that the rising and decreasing patterns 

observed in China's clean energy stock indexes exhibit notable multifractal features. The Chinese 

clean energy stock market exhibits significant inefficiency, irrespective of the magnitude of changes. 

According to a study by [35], the negative effects of the pandemic are more severe for fossil fuel 

industries than for businesses involved in renewable energy. Moreover, it was seen that clean energy 

enterprises had superior success amongst the pandemic as a result of heightened investor focus, 

while fossil fuel corporations did not manifest any notable progress. 

The research conducted in studies [36,37] was aimed at examining the intricate interrelationships 

between indexes comprising clean energy stocks and metals that are pivotal in fueling the demand 

for clean energy solutions. In their study, [36] observed that the multifractality of markets 

experienced a notable increase during the upheavals caused by the 2020 pandemic, while market 

efficiency demonstrated a decline. A detailed analysis revealed that the S&P Global 1200 Carbon 

Efficient index displayed the highest degree of multifractality but the lowest efficiency. In contrast, 

the S&P Global Clean Energy index exhibited relatively lower multifractality but a greater degree of 
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efficiency. The insights provided by [37] highlighted statistically significant non-linear connections 

existing between the studied markets. Their research underlined that nearly all energy-sensitive 

metals, with the exception of cobalt, showcased significant and positive associations with indexes 

tracking clean energy stocks. This vital research emphasized the necessity of comprehending and 

examining the dynamic relationships between energy-sensitive metals and the stock markets focused 

on clean energy. This comprehension is particularly critical considering the substantial surge in 

investments being directed towards clean energy stocks and the frequent recurrence of periods 

marked by uncertainty within the financial markets. 

The study conducted by [38] brought to light some intriguing findings regarding the market 

dynamics of clean energy stocks. Despite the historical perception of this market as having lower 

liquidity compared to more traditional financial markets, their research revealed that the clean energy 

stocks index displayed a somewhat lower efficiency. This assessment was based on an analysis of 

short-term integration between clean energy stocks and another related market. Furthermore, 

considering the recent surge in investments within the clean energy sector, these findings hold 

significant implications. The research concluded by suggesting that the clean energy stock market is 

gradually progressing toward achieving parity in terms of price equilibrium and information 

discovery. 

Conversely, the study conducted by [39] delved into the evaluation of market efficiency by 

examining sustainable stock indexes in comparison to traditional markets. Their analysis 

encompassed a period spanning from 2018 to 2023. In the course of this study, the empirical data 

uncovered that the return data series exhibited indications of both efficiency and inefficiency, 

signifying a complex and multifaceted financial landscape. Furthermore, their research highlighted 

a distinct negative autocorrelation observed among specific markets, such as the crude oil market, 

the Clean Energy Fuels index, the global clean energy index, the gold market, and the natural gas 

market. 

In conclusion, the escalating environmental damage due to the widespread utilization of 

primary energy sources, particularly fossil fuels, has posed severe adverse impacts on human life. 

Consequently, the emergence and utilization of clean energies have garnered widespread global 

attention. Despite clean energy equities emerging as a novel asset class, particularly appealing to 

environmentally conscious investors, previous studies have given minimal consideration to how 

investors in clean energy markets can mitigate their negative risk. Overall, understanding the 

efficiency of clean energy markets holds significant importance, as it empowers investors to make 

informed decisions about investment placements. The act of making well-informed decisions has the 

potential to significantly impact the advancement and widespread adoption of clean energy 

technology. 

3. Material and Methods 

3.1. Materials 

The data employed in this investigation comprises daily price indexes. The sample encompasses 

various green stock indexes, including Clean Science and Technology (CLEA.NS), ISE Clean Edge 

Global Wind Energy Index (GWE), iShares Global Clean Energy ETF (ICLN.O), Nasdaq Clean Edge 

Green Energy (CELS), and Solactive Clean Energy (COLCLNNEP), spanning from October 4, 2021, 

to October 4, 2023. Examining sustainable energy indexes holds significant importance from the 

perspective of sustainability and innovation. These subsectors collectively represent a diverse 

landscape of sustainable energy solutions and studying them contributes to numerous critical 

aspects: fostering innovation, resource optimization, market insights, environmental impact, policy 

alignment, and technological convergence. The data were sourced via the Thomson Reuters Eikon 

platform and are represented in US dollars. 
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3.2. Methods 

The research will progress through several stages. Graphs of the markets will be constructed at 

both levels and returns to assess the evolution of the markets under analysis. The sample will be 

characterized using descriptive statistics to verify whether the data follows a normal distribution. To 

determine the stationarity of the time series, the panel unit test proposed by [40] will be employed, 

which involves the Fisher Chi-square and Choi Z-stat tests. The Fisher Chi-square, also known as the 

Pesaran and Pesaran test, evaluates the cross-sectional independence of panel data based on the 

Fisher chi-square statistic. In contrast, the PP-Choi Z-stat test, developed by [41], examines the 

presence of cross-sectional dependence in panel data. It is based on the Z-statistic and helps 

determine whether there is a correlation or interdependence among the observations of individuals 

in the panel. To detect structural breaks, we will employ the model by [42]. To investigate whether 

the price series of the green indexes show serial autocorrelation, we will conduct a non-parametric 

test developed by [43], which encompasses the rank test and the sign test for the heteroscedastic 

series. The application of these methods allows for more accurate estimations, particularly in cases 

where the sample size is small, providing higher statistical power compared to traditional variance 

ratio tests when serial correlation is present [44]. 

The methodology [43] involves two test types: the rank test for homoscedastic series and the sign 

test for heteroscedastic series. The rank test of the variance involves ordering the stock return series. 𝑟(𝑟௧) is considered as the position of return, 𝑟௧, between 𝑟ଵ ,𝑟ଶ ,… ,𝑟 : 

𝑟1௧′ = ቀ𝑟(𝑟௧) − 𝑇 + 1
2 ቁ

ඨ(𝑇 − 1)(𝑇 + 1)
2

12

 
(1) 

𝑟ଶ௧ᇱ = 𝛷ିଵ( 𝑟(𝑟௧)𝑇 + 1) (2) 

where 𝛷ିଵ  signifies the inverse of the cumulative standardized normal distribution, r_2t^' 

represents the standardized linear transformation of return positions, and r_2t^' is a standardized 

reverse transformation to a normal distribution. 

𝑅ଵ(𝑞) = ൮ 1𝑇𝑞 ∑ (𝑟ଵ௧ᇱ + 𝑟ଵ௧ିଵᇱ + ⋯ + 𝑟ଵ௧ି௤ᇱ )ଶ௧்ୀ௤ାଵ 1𝑇 ∑ (𝑟ଵ௧ᇱ )ଶ௧்ୀ௤ାଵ ൲ × ൬2(2𝑞 − 1)(𝑞 − 1)3𝑞𝑇 ൰ିଵ ଶൗ
 (3) 

𝑅ଶ(𝑞) = ൮ 1𝑇𝑞 ∑ (𝑟ଶ௧ᇱ + 𝑟ଶ௧ିଵᇱ + ⋯ + 𝑟ଶ௧ି௤ᇱ )ଶ௧்ୀ௤ାଵ 1𝑇 ∑ (𝑟ଶ௧ᇱ )ଶ௧்ୀ௤ାଵ ൲ × ൬2(2𝑞 − 1)(𝑞 − 1)3𝑞𝑇 ൰ିଵ ଶൗ
 (4) 

The rejection of the random walk hypothesis in relation to stock returns is generated by a 

simulation process, where the statistics 𝑟ଵ௧ᇱ  and 𝑟ଶ௧ᇱ  are substituted with the simulated values 𝑟ଵ௧ᇱ∗
 

and 𝑟ଶ௧ᇱ∗
. By employing bootstrap estimates, which include generating consecutive and random data, 

it becomes possible to imitate the statistical characteristics of the actual sample distribution. This 

allows for the approximation of the precise distribution of  𝑅ଵ(𝑞) and 𝑅ଶ(𝑞) at a certain confidence 

level. According to [43] method, an additional test known as the signal variance ratio is suggested. 

This test takes into account the sign of the returns 𝑟௧ in order to estimate the signal ratio, which 

exhibits heteroscedasticity. Therefore, the following statistical test can be employed: 

𝑆ଵ(𝑞) = ൮ 1𝑇𝑞 ∑ (𝑆௧ + 𝑆௧ିଵ + ⋯ + 𝑆௧ି௤)ଶ௧்ୀ௤ାଵ1𝑇 ∑ (𝑆௧)ଶ௧்ୀ௤ାଵ ൲ × ൬2(2𝑞 − 1)(𝑞 − 1)3𝑞𝑇 ൰ିଵ ଶൗ
 (5) 

Were, 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 October 2023                   doi:10.20944/preprints202310.1902.v1

https://doi.org/10.20944/preprints202310.1902.v1


 7 

 

𝑆௧ = 2𝜐(𝑟௧ , 0) (6) 

𝜐(𝑥௧ , 𝑝) = ൜ 0,5       𝑠𝑒 𝑥௧ > 𝑝−0,5       𝑠𝑒 𝑥௧ ≤ 𝑝 (7) 

The estimation of the distribution of 𝑆ଵ(𝑞)  can be approximated by employing bootstrap 

approaches, specifically by utilizing 𝑆ଵ∗(𝑞) and employing the ratio of variance by ranks. The value 

of 𝑆ଵ∗(𝑞) is derived from the sequence ሼ𝑆௧∗ሽ௧ୀଵ் , in which each element has an equal likelihood of being 

either 1 or -1. 

In order to fortify the resilience of our research question, we aim to explore whether the indexes 

representing clean energy stocks manifest persistency, thereby gauging their predictability. To 

achieve this, we intend to leverage the Detrended Fluctuation Analysis (DFA) methodology. DFA 

serves as an analytical tool that scrutinizes temporal dependencies inherent in non-stationary data 

sequences. By assuming the non-stationarity of time series, this approach mitigates the risk of 

generating deceptive findings when exploring extended datasets. The DFA exponent is elucidated as 

follows: 0 < 𝛼 < 0,5 implies an anti-persistent series, 𝛼 = 0,5 characterizes a series demonstrating 

a random walk, and 0.5 < 𝛼 < 1 connotes a persistent series. A prominent advantage of employing 

DFA is its proficiency in eliminating trends within data sequences that could potentially distort the 

actual correlation within random variable fluctuations. This technique facilitates the discernment of 

enduring correlations present in signals with underlying polynomial trends, which might otherwise 

obscure genuine correlations. In summary, the DFA methodology encompasses the following 

procedural stages: 

1. Consider a signal 𝑢(𝑖), where 𝑖 ranges from 1 to the total number of points 𝑁 in the series. 

Then, by integrating the signal, a new series is obtained. 

𝑦(𝑘) = ( )
=

k

i

iu

1  

(8) 

1. The integrated signal is segmented into boxes of equal length 𝑛. 

2. For each box of size 𝑛, we fit a polynomial of degree 1, denoted as 𝑦௡(𝑘), which signifies the 

trend within each box. 

3. Within each box, the signal 𝑦(𝑘) is subtracted from the signal 𝑦௡(𝑘). 

4. As a result, for each box of size 'n', we calculate its root mean square, namely 

𝐹(𝑛) = ඩ1𝑁 ෍[𝑦(𝑘) − 𝑦௡(𝑘)]ଶே
௞ୀଵ  (9) 

The calculation above is repeated for different box sizes (𝑛ᇱ௦). As a result, if 𝐹(௡) has a power-

law relationship, then such a function is proportional to 𝑛 raised to the power. 𝐹(𝑛) ∝ 𝑛ఈ (20) 
In this context, 𝛼 represents the exponent of long-range correlation, signifying the strong self-

similarity of the signal, with its interpretation outlined in Table 1. 

Table 1. Detrended Fluctuation Analysis interpretation (DFA). 

Exponent Type of signal αୈ୊୅ < 0.5  long-range anti-persistent  αୈ୊୅ ≃ 0.5 uncorrelated, white noise  αୈ୊୅ > 0.5 long-range persistent   

Source: Own elaboration. 

The hypotheses presented for Table 1 DFA results are as follows: 
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𝐻଴: 𝛼 = 0.5; 𝐻ଵ: 𝛼 ≠ 0.5  
These hypotheses are structured to test the significance of the scaling exponent (𝛼) derived from 

the DFA analysis. The null hypothesis (𝐻଴) suggests that the scaling exponent is equal to 0.5, implying 

a random or uncorrelated series, while the alternative hypothesis (𝐻ଵ) posits that the scaling exponent 

differs from 0.5, suggesting a non-random or correlated series within the analyzed data. This 

comparison is fundamental in determining whether the series exhibits characteristics of long-term 

memory or persistence in its behavior. 

4. Discussion 

4.1. Characteristic Statistics 

Figure 1 displays the evolution of daily returns for green stock indexes, including Clean Science 

and Technology (CLEA.NS), ISE Clean Edge Global Wind Energy Index (GWE), iShares Global Clean 

Energy ETF (ICLN.O), Nasdaq Clean Edge Green Energy (CELS), and Solactive Clean Energy 

(COLCLNNEP), observed between October 4, 2021, and October 4, 2023. A visual examination of the 

graph indicates a relatively stable mean return, hovering around zero. The data, however, shows 

significant variations that highlight the volatility to which these markets were subject, which was 

particularly noticeable in the first few months of 2022, coinciding with the impact of the 2022 Russian 

invasion of Ukraine. This suggests the presence of structural breaks in the time series. 
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Figure 1. Evolution, in returns, of the green stock indexes, from October 4, 2021, to October 4, 2023. 

Figure 2 presents the mean returns of green stock indexes, namely Clean Science and Technology 

(CLEA.NS), ISE Clean Edge Global Wind Energy Index (GWE), iShares Global Clean Energy ETF 

(ICLN.O), Nasdaq Clean Edge Green Energy (CELS), and Solactive Clean Energy (COLCLNNEP), 

during the period spanning from October 4, 2021, to October 4, 2023. Based on a graphical 

examination, it is apparent that the CLEA.NS, GWE, ICLN.O, CELS, and COLCLNNEP indexes 

exhibit negative mean returns, as indicated by their respective values of -0.001105, -0.001104, -

0.001155, -0.001069, and -0.000972. The anticipated result can be attributed to the market volatility 

resulting from the occurrences of 2022. 
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Figure 2. Evolution of the mean returns of the green stock indexes, from October 4, 2021, to October 

4, 2023. 

Figure 3 displays the standard deviations of various green stock indexes, namely Clean Science 

and Technology (CLEA.NS), ISE Clean Edge Global Wind Energy Index (GWE), iShares Global Clean 

Energy ETF (ICLN.O), Nasdaq Clean Edge Green Energy (CELS), and Solactive Clean Energy 

(CLNNEP), over the time span from October 4, 2021, to October 4, 2023. The findings indicate that 

the CELS index exhibits the highest standard deviation, with a value of 0.040134. This is followed by 

CLEA.NS (0.028600), ICLN.O (0.027019), COLCLNNEP (0.017126), and GWE (0.014992). The 

observed results exhibit a high degree of variability and deviate significantly from the mean, as 

anticipated given the prevailing uncertainty in global markets. 
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Figure 3. Evolution of standard deviations for green stock indexes, from October 4, 2021, to October 

4, 2023. 

Figure 4 displays the skewness observed in the green stock indexes, namely Clean Science and 

Technology (CLEA.NS), ISE Clean Edge Global Wind Energy Index (GWE), iShares Global Clean 

Energy ETF (ICLN.O), Nasdaq Clean Edge Green Energy (CELS), and Solactive Clean Energy 

(COLCLNNEP), during the time span from October 4, 2021, to October 4, 2023. By doing graphical 
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analysis, it has been shown that the green indexes CELS (-0.113715) and COLCLNNEP (-0.257882) 

exhibit negative asymmetries. Conversely, the indexes CLEA.NS (0.255947), GWE (0.035625), and 

ICLN.O (0.601671) demonstrate positive asymmetries. Nevertheless, it is important to acknowledge 

that the temporal data exhibits values that deviate from zero, indicating the presence of non-Gaussian 

distributions. 
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Figure 4. Evolution of skewness in green stock markets, from October 4, 2021, to October 4, 2023. 

In Figure 5, we can observe the kurtosis of the green stock indexes, Clean Science and 

Technology (CLEA.NS), ISE Clean Edge Global Wind Energy Index (GWE), iShares Global Clean 

Energy ETF (ICLN.O), Nasdaq Clean Edge Green Energy (CELS), and Solactive Clean Energy 

(COLCLNNEP), over the period from October 4, 2021, to October 4, 2023. Upon graphical analysis, it 

is evident that the green indexes CELS (14.50736), ICLN.O (12.65731), CLEA.NS (7.748667), 

COLCLNNEP (6.396084), and GWE (3.830488) exhibit values higher than 3 (the reference value), 

validating the outcomes of the asymmetries. This observation leads us to suggest that the time series 

of the green indexes do not follow Gaussian distributions. 
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Figure 5. Evolution of the kurtosis values in the green stock indexes from October 4, 2021, to October 

4, 2023. 
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4.2. Diagnostic 

Time Series Stationarity 

To assess the stationarity assumption of the green stock indexes, namely Clean Science and 

Technology (CLEA.NS), ISE Clean Edge Global Wind Energy Index (GWE), iShares Global Clean 

Energy ETF (ICLN.O), Nasdaq Clean Edge Green Energy (CELS), and Solactive Clean Energy 

(COLCLNNEP), over the period from October 4, 2021, to October 4, 2023. We used the panel unit root 

test proposed by [40]. Specifically, we utilized the Fisher Chi-square and Choi Z-statistic methods. 

The proposed methodology demonstrates a high level of resilience in accurately identifying the 

appropriate lag level for each individual time series, ultimately leading to the attainment of 

equilibrium characterized by a mean of zero and a variance of one. The findings suggest that the time 

series displays unit roots when assessing the original price series. In order to attain stationarity, a 

logarithmic transformation was applied to the initial differences, resulting in the rejection of the null 

hypothesis at a significance level of 1% (refer to Table 2). 

Table 2. [40] Fisher Chi-square and Choi Z-stat., in returns, concerning green stock indexes, from 

October 4, 2021, to October 4, 2023. 

Null Hypothesis: Unit root (individual unit root process)  

Method Statistic Prob. * 

PP - Fisher Chi-square  879.493  0.0000 

PP - Choi Z-stat -29.0333  0.0000 

Series Prob. Bandwidth Obs. 

CLEA.NS  0.0000  4.0  373 

GWE  0.0000  4.0  373 

ICLN.O  0.0000  2.0  373 

CELS  0.0000  4.0  373 

COLCLNNEP  0.0000  1.0  373 

Source: Own elaboration. Note: * Probabilities for Fisher tests are computed using an asymptotic Chi-square 

distribution. All other tests assume asymptotic normality. 

Unit root test with structural break 

The results of the unit root test conducted by [42] on various green indexes, namely Clean 

Science and Technology (CLEA.NS), ISE Clean Edge Global Wind Energy Index (GWE), iShares 

Global Clean Energy ETF (ICLN.O), Nasdaq Clean Edge Green Energy (CELS), and Solactive Clean 

Energy (KOLCLNNEP), during the period from October 4, 2021, to October 4, 2023, are shown in 

Figure 6. In summary, the green indexes that are being examined have experienced significant drops 

at different points in time. On April 15, 2022, the CLEA.NS index saw a decline, while the GWE index 

followed suit on February 28, 2022. The iShares Global Clean Energy ETF and the Nasdaq Clean Edge 

Green Energy index saw a decrease on July 4, 2022, while the Solactive Clean Energy index mirrored 

this trend a few days later, namely on July 13, 2023. These occurrences serve as indicators of times 

characterized by fluctuations and instability within the clean energy market. These phenomena are 

closely linked to the prevailing atmosphere of uncertainty in the global financial markets, which has 

been influenced by the Russian incursion into Ukraine. The authors [39,45,46] have provided 

corroboration for these findings, demonstrating the presence of significant volatility in green energy 

indexes, as well as fossil fuels and other related factors. 
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Figure 6. Summary graphs of the results of the structural break unit root test concerning green stock 

indexes under analysis, from October 2021 to October 2023. 

4.3. Methodologic Results 

Table 3 illustrates the outcomes derived from the application of the Rank and Sign tests, an 

analysis technique introduced by Wright in 2000, on a spectrum of green indexes encompassing Clean 

Science and Technology (CLEA.NS), ISE Clean Edge Global Wind Energy Index (GWE), iShares 

Global Clean Energy ETF (ICLN.O), Nasdaq Clean Edge Green Energy (CELS), and Solactive Clean 

Energy (COLCLNNEP). These assessments spanned a comprehensive timeframe, from October 4, 

2021, to October 4, 2023, investigating the potential predictability of stock prices in these 

environmentally inclined indexes. The Wright method, known for its non-parametric approach, 

involved conducting Rank Variance Ratio tests, examining homoscedastic conditions, and Sign tests, 

exploring heteroscedastic scenarios. These assessments were conducted over varying lag periods of 

2, 4, 8, and 16 days, meticulously examining the statistical characteristics of these green indexes. The 

results unveiled compelling insights. Firstly, they refuted the notion of a random walk within these 

indexes, challenging the theory that future stock prices cannot be anticipated from past prices. This 

is a significant deviation from the traditional assumption, opening up possibilities for investors to 

derive insights and make more informed decisions based on historical data. Further, the rejection of 

the random walk hypothesis was fortified by the Sign test (martingale), substantiating the assertion 
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that these data series do not follow an entirely random or unpredictable pattern. Instead, they 

demonstrated a discernible level of autocorrelation, suggesting that past price performance may offer 

indications of future movements. Another crucial finding was the presence of negative serial 

autocorrelation across all the indexes. This was confirmed by the variance ratios in both the Rank and 

Sign tests, indicating a phenomenon of mean reversion. When these indexes veer away from their 

historical averages, there's a proclivity for them to revert to those mean levels over time. Moreover, 

the study revealed a remarkable similarity in the serial autocorrelation and mean reversion patterns 

among the various green indexes examined. This implies that distinctions in price behaviors between 

these indexes may be minimal, potentially reducing the efficacy of diversification strategies among 

these indexes. In conclusion, these findings offer a valuable vantage point for investors in green 

indexes, potentially enabling them to leverage observed autocorrelation and mean reversion trends 

to optimize their trading or investment strategies. Additionally, researchers and analysts must 

consider these outcomes when evaluating the performance and predictability of these indexes within 

the context of sustainable and clean energy investments. 

Table 3. Summary outcomes derived from the Rankings and Signals Test [43] conducted on green 

stock indexes under analysis, from October 4, 2021, to October 4, 2023. 

Null Hypothesis: CLEAN SCIENCE and TECHNOLOGY is a random walk 

Joint Tests Value df Probability 

Max |z| (at period 2)  9.994939  374  0.0000 

Wald (Chi-Square)  100.2079  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2  0.483174  0.051709 -9.994939  0.0000 

 4  0.255180  0.096738 -7.699338  0.0000 

 8  0.158066  0.152957 -5.504395  0.0000 

 16  0.102001  0.227607 -3.945399  0.0000 

Null Hypothesis: CLEAN SCIENCE and TECHNOLOGY is a martingale 

Joint Tests Value df Probability 

Max |z| (at period 2)  6.308470  374  0.0000 

Wald (Chi-Square)  39.93788  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2  0.673797  0.051709 -6.308470  0.0000 

 4  0.508021  0.096738 -5.085668  0.0000 

 8  0.441176  0.152957 -3.653478  0.0000 

 16  0.443182  0.227607 -2.446405  0.0130 

Null Hypothesis: ISE CLEAN EDGE GLOBAL WIND ENERGY is a random walk 

Joint Tests Value df Probability 

Max |z| (at period 2)  8.178828  374  0.0000 

Wald (Chi-Square)  68.85653  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2  0.577083  0.051709 -8.178828  0.0000 

 4  0.289840  0.096738 -7.341051  0.0000 

 8  0.164139  0.152957 -5.464694  0.0000 

 16  0.089025  0.227607 -4.002407  0.0000 

Null Hypothesis: ISE CLEAN EDGE GLOBAL WIND ENERGY is a martingale 

Joint Tests Value df Probability 
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Max |z| (at period 2)  5.377712  374  0.0000 

Wald (Chi-Square)  31.30177  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2  0.721925  0.051709 -5.377712  0.0000 

 4  0.494652  0.096738 -5.223865  0.0000 

 8  0.379679  0.152957 -4.055535  0.0000 

 16  0.320187  0.227607 -2.986787  0.0030 

Null Hypothesis: ISHARES GLOBAL CLEAN ENERGY is a random walk 

Joint Tests Value df Probability 

Max |z| (at period 2)  9.417171  374  0.0000 

Wald (Chi-Square)  88.78441  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2  0.513050  0.051709 -9.417171  0.0000 

 4  0.273813  0.096738 -7.506716  0.0000 

 8  0.177030  0.152957 -5.380412  0.0000 

 16  0.125721  0.227607 -3.841181  0.0000 

Null Hypothesis: ISHARES GLOBAL CLEAN ENERGY is a martingale 

Joint Tests Value df Probability 

Max |z| (at period 2)  6.205052  374  0.0000 

Wald (Chi-Square)  39.82362  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2  0.679144  0.051709 -6.205052  0.0000 

 4  0.494652  0.096738 -5.223865  0.0000 

 8  0.433155  0.152957 -3.705920  0.0000 

 16  0.315508  0.227607 -3.007345  0.0010 

Null Hypothesis: NASDAQ CLEAN EDGE GREEN ENERGY is a random walk 

Joint Tests Value df Probability 

Max |z| (at period 2)  9.257230  374  0.0000 

Wald (Chi-Square)  85.71079  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2  0.521320  0.051709 -9.257230  0.0000 

 4  0.282798  0.096738 -7.413840  0.0000 

 8  0.171109  0.152957 -5.419128  0.0000 

 16  0.110758  0.227607 -3.906923  0.0000 

Null Hypothesis: NASDAQ CLEAN EDGE GREEN ENERGY is a martingale 

Joint Tests Value df Probability 

Max |z| (at period 2)  6.825558  374  0.0000 

Wald (Chi-Square)  47.55788  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2  0.647059  0.051709 -6.825558  0.0000 

 4  0.521390  0.096738 -4.947470  0.0000 

 8  0.467914  0.152957 -3.478670  0.0010 

 16  0.395722  0.227607 -2.654922  0.0050 
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Null Hypothesis: SOLACTIVE CLEAN ENERGY is a random walk 

Joint Tests Value df Probability 

Max |z| (at period 2)  7.740761  374  0.0000 

Wald (Chi-Square)  63.64372  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2 0.599735  0.051709 -7.740761  0.0000 

 4 0.295083  0.096738 -7.286844  0.0000 

 8 0.165171  0.152957 -5.457946  0.0000 

 16 0.078355  0.227607 -4.049289  0.0000 

Null Hypothesis: SOLACTIVE CLEAN ENERGY is a martingale 

Joint Tests Value df Probability 

Max |z| (at period 2)  5.170877  374  0.0000 

Wald (Chi-Square)  29.24052  4  0.0000 

Period Var. Ratio Std. Error z-Statistic Probability 

 2  0.732620  0.051709 -5.170877  0.0000 

 4  0.521390  0.096738 -4.947470  0.0000 

 8  0.418449  0.152957 -3.802064  0.0000 

 16  0.290775  0.227607 -3.116009  0.0010 

Source: Own elaboration. 

5. Discussion 

In Table 4, the results obtained from utilizing the monofractal Detrended Fluctuation Analysis 

(DFA) model on various green indexes between October 4, 2021, and October 4, 2023, are displayed. 

DFA, a statistical method for analyzing time series data, yields exponent values that offer insights 

into long-term memory or data persistence. Notably, Clean Science and Technology (CLEA.NS) 

showcases a DFA exponent of 0.53, while the ISE Clean Edge Global Wind Energy Index (GWE) 

presents a slope of 0.58, indicating extended memory within these indexes. Similarly, iShares Global 

Clean Energy ETF (ICLN.O) reveals a DFA exponent of 0.53, and Solactive Clean Energy 

(COLCLNNEP) displays a slope of 0.59, signifying pronounced persistence, with the latter exhibiting 

the strongest long-term memory presence. Contrastingly, the NASDAQ Clean Edge Green Energy 

index registers a slope of 0.48, suggesting anti-persistence and a likelihood of short-term fluctuations. 

Overall, most green indexes manifest long-term memory, excluding the CELS index, which displays 

anti-persistence and a distinctive behavioral pattern characterized by short-term fluctuations. These 

DFA exponents provide valuable insights into the statistical properties of these indexes during the 

specified duration. The results imply that green index prices do not fully encapsulate all available 

information, and price variations are non-independent and non-identically distributed. This 

divergence from the random walk theory and informational efficiency holds noteworthy 

consequences for investors, hinting at the potential predictability of certain returns. This scenario 

generates arbitrage opportunities and the prospect of anomalous returns, conflicting with the 

foundational assumptions of financial market theories. Essentially, these findings suggest exploitable 

patterns or trends in the market behavior of these green indexes. Authors [47,48], respectively, 

corroborate these findings in the cryptocurrency and international markets. 

Table 4. DFA results of green stock indexes under analysis, from October 4, 2021, to October 4, 2023. 

Green Stock Indexes DFA exponent (crisis period) 

CLEA.NS 0.53** ≌ 0.0079 (𝑅ଶ = 0.99) 

GWE 0.58** ≌ 0.0056 (𝑅ଶ = 0.99) 
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ICLN.O 0.53** ≌ 0.0023 (𝑅ଶ = 0.98) 

CELS 0.48** ≌ 0.0029 (𝑅ଶ = 0.99) 

COLCLNNEP 0.59** ≌ 0.0035 (𝑅ଶ = 0.99) 

Source: Own elaboration. Note: The hypotheses are 𝐻଴: 𝛼 = 0.5 and 𝐻ଵ: 𝛼 ≠. 

6. Conclusions 

The investigation rigorously evaluated a diverse range of green stock indexes, notably Clean 

Science and Technology (CLEA.NS), ISE Clean Edge Global Wind Energy Index (GWE), iShares 

Global Clean Energy ETF (ICLN.O), NASDAQ Clean Edge Green Energy (CELS), and Solactive Clean 

Energy (COLCLNNEP). Findings indicate the emergence of intricate and nonlinear movements in 

these indexes price behaviors. This complexity likely stems from various influential factors impacting 

these green stocks, such as political shifts, technological advancements, and investor sentiment. 

Of paramount importance in this investigation is the exploration of the interrelationship 

between past and future stock returns. The research uncovered a noteworthy pattern wherein the 

past performance of these indexes exerts a substantial influence on their subsequent returns, a 

phenomenon commonly referred to as serial autocorrelation. The implications drawn from this 

discovery indicate a tendency for underperforming indexes in the past to gravitate back towards an 

average performance level in subsequent periods, suggesting a discernible negative influence 

stemming from past performance on future returns. These empirical findings serve as the cornerstone 

of this study, offering profound implications for investors and analysts. They pave the way for 

strategic decision-making, encouraging a deeper understanding and utilization of the observed 

patterns within these indexes to inform future investment strategies. To ensure the robustness of the 

results, the analysis employed the monofractal Detrended Fluctuation Analysis (DFA) method. 

Outcomes from this analysis highlight the presence of long memory in the green indexes, except for 

the Nasdaq Clean Edge index, which demonstrated anti-persistence at 0.48. Long memory infers a 

sustained impact of past price movements on future prices, potentially fostering predictability in 

stock returns. The implications of these findings extend to investors, questioning the efficient market 

hypothesis (EMH) as stock prices in these green indexes might not fully assimilate available 

information effectively. Furthermore, the observed deviations from the random walk model and 

information efficiency hint at possibilities for traders to identify trading strategies that exploit these 

patterns. Potential arbitrage opportunities (capitalizing on price differences across markets) and 

abnormal returns (returns surpassing the anticipated level in an efficient market) could be discerned 

within these green stock indexes. 

In conclusion, the findings of this comprehensive analysis underscore the intricate and 

multifaceted nature of green stock indexes, portraying a complex interplay of market behaviors 

influenced by multifractal patterns. The evidence of past performance significantly impacting future 

returns in these indexes signifies the potential for informed investment strategies and predictive 

patterns. The long memory detected in most green indexes implies a sustained effect of historical 

stock movements on future pricing, offering a window into potentially predictable stock returns. 

Such insights raise substantial questions about the conventional Efficient Market Hypothesis (EMH), 

suggesting that green indexes may not swiftly absorb available information, opening avenues for 

traders to exploit these deviations for profitable strategies. The discovered anti-persistent nature of 

the Nasdaq Clean Edge index adds a layer of intriguing complexity to the discussion, indicating 

distinct behavior within this particular index. These conclusions collectively empower investors and 

analysts to refine their investment decision-making, uncover potential arbitrage opportunities, and 

possibly achieve abnormal returns within the realm of green stock markets, fostering an environment 

for strategic and informed investment decisions in this unique financial landscape. 

7. Practical Implications 

In the current era characterized by an escalating focus on sustainable investments and the 

transition towards greener economies, this study's insights hold profound significance. The analysis 
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of multifractality and efficiency in green stock indexes provides a critical understanding of the 

intricate dynamics governing these financial instruments. By shedding light on the intricate and 

nonlinear behaviors of these indexes, the research underscores the complex interplay of various 

factors, such as policy shifts, technological advancements, and investor sentiments, within the realm 

of green energy investments. The study's conclusions have a broad spectrum of practical implications 

that provide financial analysts, investors, and politicians with useful guidance while navigating the 

global field of green energy investments. Investors can make well-informed decisions by having a 

solid understanding of the enduring impact of past performance on future returns. Armed with the 

knowledge of serial autocorrelation, investors can adopt more strategic approaches, leveraging 

historical patterns to anticipate potential trends in green stock indexes. This understanding can guide 

portfolio adjustments and investment decisions, offering the potential to optimize returns and 

minimize risks within the evolving landscape of sustainable investments. The observed non-linearity 

and multifractality in these green indexes can be used by financial analysts to improve their 

prediction models. Including the study's long-term memory findings in their analytical models can 

improve forecasting precision and risk evaluations. These insights make it possible to assess market 

dynamics more thoroughly, which helps to produce more intelligent and well-rounded investment 

suggestions. These results can be used by policymakers to promote a more open and knowledgeable 

investment climate in the green energy industry. Authorities may take steps to improve investor 

information and market regulations in light of the constraints on market efficiency. Policymakers 

may enhance the resilience and sustainability of the investment landscape by encouraging more 

informed decision-making and guaranteeing transparent markets. 

Lastly, this study's practical consequences highlight the necessity of a sophisticated approach to 

investment strategies in the green energy industry. Through recognition and utilization of the noted 

trends and departures from market efficiency, stakeholders and investors can seize opportunities, 

mitigate risks, and promote the expansion and steadiness of sustainable financial markets. 
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