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Vandana Bhama (India)

DOES AN INCREASE IN PORTFOLIO

VOLATILITY CREATE MORE

RETURNS? EVIDENCE FROM INDIA

Abstract

The classical view of experts associates greater risks with greater rewards. The present
study explores whether increased volatility in portfolios can create more returns for
investors by using technical indicators or the buy-and-hold (BH) strategy. The study
used closing prices of National Stock Exchange (NSE) 500 index firms for a period of
16 years (2007-2022). Five portfolios ranging from low to high volatility were created
using standard deviation as a key measure. Findings indicate that as the volatility of the
portfolios increases, the moving average (MA) returns seem to be higher. Across the
various MA time frames, the 20-day MA seems to have generated the highest return
annually (36.53% before transaction costs and 31.05% after transaction costs) due to
reasonable trading opportunities with adjustable transaction costs. The CAPM also
generated positive alpha (after bearing transaction costs) in the case of 20, 50, and
100 days MA, with the values being 16.66%, 13.29%, and 12.09%, respectively, in the
case of highly volatile portfolios. On the other hand, while the BH strategy created
substantial returns in all scenarios, the risk factor was extremely high due to the high
standard deviation. Hence, it is suggested that investors/traders consider the BH strat-
egy more cautiously while choosing between technical analysis returns and BH returns.
Investors with high-risk preferences may have BH as their choice, while day traders
with managed risk appetites may prefer technical tools over BH returns.

Keywords portfolio risk, standard deviation, moving average,
technical analysis, buy-and-hold, transaction cost, alpha,
India

JEL Classification Gl11,G12, G14

INTRODUCTION

Modern portfolio theory provides insights for optimally balancing
risk and rewards for investment decision-making. The theory states
how the financial markets should work in ideal situations and how
a rational investor should construct a diversified portfolio to maxi-
mize expected return for a given level of risk preferences. The major
points of this theory were captured in the Efficient Market Hypothesis
(EMH) that stock prices reflect all available information. Accordingly,
markets are efficient and cannot be beaten. Contrary to this, technical
analysts do not pay much attention to the efficient market hypothesis.
These practitioners believe that certain price patterns repeat them-
selves and provide profit opportunities. Consequently, they pore over
historical data and draw charts using technical analysis tools. They
assume investors are rational and tend to have invariant preferences
while making investment decisions. Active traders generally find it dif-
ficult to outperform passive strategies such as buy-and-hold (BH) of
portfolio indices. To do so, this requires a differential insight, and they
focus on active trading strategies of technical analysis, such as moving
average techniques, to create returns for their risky portfolios.

Finance academia firmly believes that the higher the volatility, the
riskier the portfolio and the classical view associates greater risk with
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greater rewards. Therefore, conceptualizing the above observations, the study specifically explores
whether volatility decile portfolios could create more returns by using technical indicators such as mov-
ing averages. Since the studies are limited in the Indian context on portfolio riskiness and returns, the
present study comprehends the effect of transaction costs and the capital asset pricing model (CAPM)
on moving average returns and BH returns for volatility decile portfolios.

1. LITERATURE REVIEW

AND HYPOTHESES

Research related to stock market volatility and re-
turns has long been of interest to finance research-
ers. The prime focus of these studies is to either un-
derstand the technical analysis of various market-
based indices (Mitra, 2011) or analyze portfolio re-
turns based on time-varying beta (Agarwal et al.,
2023; Chakrabarti & Das, 2021). Few other studies
attempt to understand the factors behind crashes
and volatility in the markets. For instance, Wang
et al. (2009) examined how the market crashes af-
fected stocks with varying financial characteris-
tics. Arshanapalli and Doukas (1993) focused on
the stock market crashes and the international
co-movements of stock price indices, whereas
Pan et al. (2021) examined the rationale behind
variations in stock downfall in the stock market
through the lens of investor structure. The fore-
most assumption behind any event or crisis is in-
vestors’ sentiments that move markets (De Long et
al., 1990). Thus, the information asymmetrical as-
pect of an inefficient market is a contributory fac-
tor to its excessive volatility and return (Haritha
& Rishad, 2020). As a result, investor sentiments
play a vital role in determining the stock market’s
volatility (Kumari & Mahakud, 2016).

According to Fama and Blume (1966), investors
cannot beat market performance in the long run
due to the random walk hypothesis, which sug-
gests that past movements of stocks are indepen-
dent random variables, and this historical data of
return changes cannot be used to forecast future
movements. In contrast, Brock et al. (1992) found
their results inconsistent with the random walk
theory and other GARCH models and provided
strong evidence for technical tools, especially the
moving average. Thus, technical analysis has pre-
dictive power in measuring stock returns (Han et
al., 2021). It is a frequently used approach to pre-
dict market trends using historical trading data of
stock returns (Hung & Lai, 2022), and technical
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trading rules usually outperform in terms of re-
turns (Zhu & Zhou, 2009). The findings of Alanazi
and Alanazi (2020) were also consistent with the
linkage between market efficiency and profitabil-
ity of technical analysis.

Technical charts are used frequently for short-
term forecasting, and short-term technical trad-
ing rules have a better explanatory power as
compared to long-term trading (Han et al., 2021).
From among the various techniques of techni-
cal analysis, including moving average, relative
strength index, moving average convergence di-
vergence, etc., simple moving average turns out
to be highly used among investors. This tech-
nique gives early indications that help to create
meaningful returns (Marshall et al., 2017). Fifield
et al. (2008) found the moving average trends to
be more persistent for longer moving averages.
Likewise, Avramov et al. (2021) and Gencay (1998)
also found robust results of moving averages for
the long side as compared to the short side. They
also noted that nonparametric models of techni-
cal trading rules provided substantial profits as
compared to simple BH strategy; this resulted in
buy signal rules creating higher returns as against
sell signals (Brock et al., 1992). Han et al. (2013)
documented the application of the moving aver-
age strategy on portfolios which outperformed
the BH strategy. Contradicting the above findings,
Kwon and Kish (2002) are of the view that while
technical trading created more value to profit op-
portunities as compared to BH strategy, the profit
potential weakened over time across different pe-
riods. This indicated the efficiency of the market
in distributing information to more investors over
time. Further, examining the reasons behind the
weakening of the predictive ability of the moving
average rules, Urquhart et al. (2015) noted that the
market reacted to the prior day’s buy/sell signals as
against the days for which the actual signals were
generated. Thus, moving averages do have the po-
tential to generate returns, however, few studies
found their predictive ability to be low.

http://dx.doi.org/10.21511/imfi.21(2).2024.28
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Exploring the investors’ motivation to use tech-
nical analysis, Wang and Sun (2015) found that
many technical strategies provided substantial re-
turns to the investors. Stocks with greater asym-
metrical aspects and low liquidity generated large
returns for the investors. Besides, technical anal-
ysis has also been considered to be important
among trade dealers and fund managers in terms
of generating returns (Gehrig & MenKhoft, 2006).
Technical analysis supports them in fundamental
analysis by selecting the most dynamic firms in
the market (De Souza et al., 2018).

In the context of emerging and developing nations,
a few studies indicated their results for technical
analysis. For instance, Fifield et al. (2008) noticed
that the return pattern in emerging markets was dif-
ferent from that in developed markets. Metghalchi
et al. (2018) and Bessembinder and Chan (1995) no-
ticed that technical analysis revealed a robust pre-
dictive power for emerging market indexes, while
their results seemed to be weak in the developed
markets. Thus, technical trading rules can predict
better in the emerging stock markets as compared
to developed stock markets (Yu et al., 2013).

Contracting the above views, Jensen and
Benington (1970) indicated no relevance or power
of technical analysis on the market performance.
Alhashel and Almudhaf (2020) also failed to pro-
vide predicted profitability of technical trading -
the Gulf market showed a weak form of efficiency,
and this created implications for investors’ choice
in selecting different investment tools. Garg et al.
(2020) also noted that, due to an increase in the
breakage of trends over a while, the performance
of several assets and asset classes was impacted
negatively due to these trend-following strategies.
Thus, this evidence provided mixed results on the
relevance and use of technical tools.

Another major aspect that is significant to explore
is the impact of transactions’ cost on trading. The
majority of the technical trading rules can capture
the direction of market movements and provide
significant positive returns (Mitra, 2011). However,
the full exploitation of these returns is not pos-
sible due to the presence of real-world transac-
tion costs. Some aspects of transaction costs, like
bid-ask spread and brokerage fees, can never be
zero. The short-term moving average rule gener-

http://dx.doi.org/10.21511/imfi.21(2).2024.28

ates more trades, thus creating higher transaction
costs. According to Avramov et al. (2021), moving
average returns reasonably bear the trading costs.
Similarly, Han et al. (2013) noticed that portfolios
with higher volatility had higher abnormal returns
as compared to the famous CAPM and Fama and
French (1993) three-factor models. These returns
were found to be higher even after adjusting trans-
action costs (Jiang et al., 2017). In contrast to the
above findings, Yu et al. (2013) noticed that trans-
action costs could erode trading profitability thus
conveying a weak form efficiency. Park and Irwin
(2007) were of the view that despite having posi-
tive results from technical analysis, studies in the
literature were subject to problems such as the se-
lection of trading rules, data snooping, problems
in estimating risk, and transaction costs.

The various aspects of technical analysis have been
explored in previous research. However, the litera-
ture did not shed light on the risk (standard de-
viation) based portfolio volatility and returns us-
ing technical analysis tools such as simple moving
average aspect in the context of the Indian mar-
ket. Therefore, the present work aims to examine
whether increased volatility in risk-based portfo-
lios can create more returns for investors using
technical indicators rather than merely following
a BH strategy. Using this rationale, the hypotheses
framed for the study are:

HI: Highly volatile portfolios create more returns
than low volatile portfolios.

H2: The moving average technical tool creates
more profits than the buy-and-hold strategy.

2. METHODS

2.1. Data

The sample comprises National Stock Exchange
(NSE) 500 index firms spanning over 16 years
from 2007-2022. Firms were subject to filtration
each year based on the lack of data availability. As
the study was based on portfolios, each year, a new
set of firms with varying numbers was created us-
ing volatility (standard deviation) as a key variable.
Daily closing prices of firms were collected from
the Refinitive EIKON database.
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2.2. Methodology framework

Closing prices of stocks were used to calculate the
daily returns. Standard deviation was taken as a key
measure for segregating firms into different port-
folios each year. Firms with low standard deviation
were considered as low volatile firms, while those
with high standard deviation were categorized as
high volatile firms. Five portfolios were created each
year which ranged from low to high volatility. These
portfolios were used to create index values every day.
Simple moving average (SMA), a technical analysis
tool, was used to calculate returns on these index val-
ues. This method has been widely used by research-
ers (Avramov et al., 2021; Marshall et al., 2017; Han
etal., 2013; Gencay, 1998); it calculates the arithmetic
means of a given set of prices over a specific number
of days in the past.

SMA:A1+A2;"'+A”, O

where A is the average in period, and » is the num-
ber of periods.

The study used moving averages (MA) of 5 days,
10 days, 20 days, 50 days, and 100 days to under-
stand the implications of short-term to long-term
trading strategies in terms of the creation of re-
turns in a one-year time frame. The strategies
were then used to create buy and sell signals each
year. The short-term strategies created trading sig-
nals (buy and sell) more frequently as compared to
long-term strategies. The results were also tested
during the US recession and COVID-19 phases.
This is to understand whether extreme volatility
during these specific phases has provided more
opportunities to create returns. The study further
compared the buy-and-hold (BH) returns with the
moving average technical analysis to understand
whether the technical analysis is supportive in the
creation of better returns as against normal BH
strategy across various portfolios.

The study also considered transaction costs (on
30 basis points in the Indian context) an impor-
tant variable in trading strategies. Since there were
many signals during the year, especially in short-
term trades, transaction costs played a significant
role in creating returns. Other studies, such as
Balduzzi and Lynch (1999), used one point to 50
basis points as lower and upper bounds. Lynch
and Balduzzi (2000) considered a transaction cost
of 25 basis points.

2.3. CAPM model

The study used capital asset pricing model (CAPM)
regression of the with- and without-cost portfolio
returns on the market portfolio.

E(R,))-R, =a,+B,, (r-rf)+e, @

where E (Rp) is the expected return on a port-
folio, R . is the risk-free rate, mkt(r —rf ) is the
market premium.

The CAPM model has been used to understand
the creation of alphas in portfolios using technical
analysis strategies.

3. RESULTS

The results in Table 1 show the average returns
(without adjusting transaction costs) of 5 portfo-
lios from short to long trading periods. The mean
values are highest across highly volatile portfolios,
revealing the fact that high volatility or risk cre-
ates more returns. 20-day MA seems to generate
the highest return (36.53%) annually vis-a-vis oth-
er windows. MA of 50 days and 100 days have rela-
tively lower returns due to the occurrence of less
frequent trading signals. This is due to the limita-
tion of a one-year portfolio. Comparing the buy-
and-hold returns with moving average returns, it

Table 1. Portfolio returns (without transaction costs)

Volatility BH 5 Days 10 Days 20 Days 50 Days 100 Days
Rank AvgRet | SD :AvgRet SD :AvgRet: SD :AvgRet: SD :AvgRet: SD :AvgRet SD
low i 1636 3221 1319 1613 1080 . 1738 1347 1922 1488 2678 970 1484
2o 1948 3936 1550 2309 1247 2205 1848 | 2258 1904 2843 1203 1921
3 24.82 4678 © 1600 : 2491 | 1443 2593 i 20.87 : 2678 i 2027 : 3117 i 13.33 : 18.52
T s s mes mer e mal s stz mor ama mal
High 4460 | 7471 2595 3574 . 2927 3872 3653 4335 3218 4609 . 2618 : 30.75
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Portfolio Returns (without transaction costs)

60

40

2

o

o

5 Days 10 Days

Hlow m2 m3

20 Days 50 Days 100 Days

4 mHigh

Figure 1. Portfolio average returns without adjusting transaction costs

can be observed that the BH strategy has created
the highest returns across all portfolios, with the
maximum being at 44.60%. Equally interesting
to note is that the risk factor is extremely high in
the case of BH strategy (ranging from 32.21% to
74.71%). Figure 1 portrays similar findings.

Table 2 presents similar results to those presented
in Table 1. There is, however, a reduction in prof-
itability across all portfolios due to the effect of
transaction costs. The major impact can be seen in
the case of 5-day MA due to frequent trading sig-
nals. The returns seem to be negative (-1.28%) in
the case of a low volatile portfolio scenario. In fact,
in this case, the returns of a highly volatile port-

Table 2. Portfolio returns (after transaction costs)

folio reduced from 26% (Table 1) to 11.51% (Table
2) due to the impact of transaction costs. It can
be seen that as the tenure of the window increas-
es, the magnitude of transaction costs decreases.
Figure 2 portrays a similar impact graphically.

The study also tests the results during the 2007-
2008 recession, as can be seen in Table 3. This has
been done to understand whether or not techni-
cal analysis moves to provide an edge over the
normal BH strategy during a crisis period. From
the results, it can be inferred that during a down-
fall scenario like a recession, 20, 50, and 100-day
MA seems to provide better returns than the BH
strategy. These findings are consistent even after

Volatility BH 5 Days 10 Days 20 Days 50 Days 100 Days
Rank Avg Ret SD Avg Ret . SD Avg Ret . SD Avg Ret ) Avg Ret SD Avg Ret . SD
Low 15.71 © 128 © 126 L7411 11.76 783 1565
2 18.79 0.71 2.67 12.69 16.17 10.24 2005
3 24.15 0.94 491 14.86 17.36 11.60  19.07
4 29.82 4.11 10.68 23.35 24.87 1759 | 2771
High 43.82 1151 3597 i 20.02 31.05 29.23 2471 ¢ 3095
Portfolio Returns after Transaction costs
50
40
30
20
. “ =l I il i i
0 —— L] 1

5 Days 10 Days

-10

Hlow m2 m3

20 Days 50 Days 100 Days

4 mHigh

Figure 2. Portfolio average returns after adjusting transaction costs
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Table 3. Portfolio returns during the 20072008 recession

W|thout Transactlon costs

After Transaction costs

Rank

BH

Low . 7034 746 301 436

‘5 Days : 10 Days 20 Days 50 Days 100 Days
T 387 ; ;

‘5 Days 10 Days 20 Days ‘50 Days 1100 Days

1817 219 | =015

Table 4. Portfolio returns during COVID-19 (2020-2021)

W|thout Transactlon costs

After Transaction costs

Rank

‘5 Days

BH 5Days 10 Days 20 Days 50 Days : 100 Days

JLow 12.70

1040

10 Days 20 Days 50 Days 100 Days

adjusting transaction costs. Table 4 discusses the
results during the COVID-19 scenario. Here, the
results are more supportive of the BH strategy
(nearly 86% returns after adjusting transaction
costs), but the results are also substantial in the
case of MA (37% to 63%). These results indicate
that technical analysis is a useful indicator during
a crisis period since the volatility is pretty much
higher in the case of the BH strategy. Lento and
Gradojevic (2022) examined the technical trad-
ing potential to generate profits in the COVID-19
pandemic situation. Their results concluded that
technical trading had significant potential to cre-
ate more profits than the BH strategy.

Table 5 indicates the CAPM model’s alpha and
beta values of 5, 10, 20, 50, and 100-day MA strat-
egy without adjusting transaction costs. The alpha
values are positive in all the cases in Panel A. This

is aligned with the first hypothesis of the study
that highly volatile portfolios create more returns
than low volatile portfolios. The values are highest
in the case of 20-day MA (ranging from 3.96% to
22.10%). The values are significant at 1, 5, and 10%
levels. Thus, MA strategies do provide substantial
returns, especially in the case of highly volatile
portfolios. The returns decline in the case of 50
and 100-day MA due to fewer trading opportuni-
ties in a one-year time frame.

Table 6 presents results after the adjustment of
transaction costs. The moment transaction costs
are adjusted, the alpha values reduce significant-
ly in all the cases. It can be inferred that transac-
tion costs have a greater impact on returns due to
frequent trading signals, which is quite visible in
terms of negative alphas in the case of 5 and 10-
day MA. 20, 50, and 100 days have positive returns

Table 5. CAPM-based alpha and beta values (without TC adjustment)

Rank .5 Days . . 1D Days . . 2D Days. . 50 Days 100 Days

a B AdjR? a B AdjR% «a B iAdjR* «a B AdjR?: a B AdjR?
w2 a0, OF il | (59959) S o M2 0B gy 04 DI or
N g e L m  ae e
} (1452010)377;;; 078> ] o067 (? Si;) ?ch);g) 052(1322) ?592;; 067 §(287152) ?3422)* 046
C G e 07 s OO oo Dan ML o 140 000 0
o oo e oy T o

Note: t-statistics values are significant at 1, 5, and 10%, indicating ***, **,and *, respectively.
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Table 6. CAPM-based alpha and beta values (after TC adjustment)

: 5 Days 10 Days 20 Days 50 Days 100 Days
Ra"k§ B ’:Sj: « B AR o« B AR o« B AR a B AdR
ow it faaen O% (oo wam 0% (s oy 0% ot (s O (aumy e 04
7309 e 0% s (1o O ouen oy O s s O oo pasn) O
3 G 07 G i O osem wom O oy o 0% oamy esy 04
4 e s 07 (osig e 0% (o) o O (e 219 O wooe) (oss) O
wh oL 10U gg S0 10N g 1SS LI oo 132 136 g, 1209077 s

Note: t-statistics values are significant at 1, 5, and 10%, indicating ***, ** and *, respectively.

after bearing transaction costs; this is due to less
frequency of trading. The highest alphas can be
again observed in the case of the 20-day MA tim-
ing strategy. The alpha increases with an increase
in the portfolio volatility.

4. DISCUSSION

There are several studies in the past documenting
the irrelevance of technical analysis (Fama & Blume,
1996; Jensen & Benington, 1970; Garg et al., 2020;
Alhashel & Almudhaf, 2020) and indicating nega-
tive results in the case of various assets and classes.
Contrary to this, other studies have found technical
analysis to be a supportive tool to the fundamen-
tal analysis for value creation (Fifield et al., 2008;
Yu et al,, 2013; Metghalchi et al.,, 2018; Han et al,,
2021). The present study finds technical analysis as
a useful indicator for profit opportunities. Upon us-
ing the SMA technique, it can be seen that the re-
sults are consistent with the observations made by
Avramov et al. (2021), Marshall et al. (2017), and
Gencay (1998), which indicate that moving averages
give early indications to create meaningful returns.
As the portfolios become highly volatile and risky,
the returns increase significantly. Comparing the
MA performance with the BH strategy, the returns
seem to be more in the BH strategy across all port-
folios. However, the risk factor is extremely high, as
evidenced by high standard deviation. This is in line
with the second hypothesis of the study that moving
average technical tools create more profits than the
BH strategy. Thus, the BH strategy should be consid-
ered more cautiously before choosing between tech-
nical analysis returns and BH returns. Investors with

http://dx.doi.org/10.21511/imfi.21(2).2024.28

high-risk preferences may have BH as their choice,
while investors with relatively low-risk choices may
prefer the SMA tool.

Further discussing the impact of transaction costs,
Yu et al. (2013) and Mitra (2011) are of the view that
full exploitation of technical analysis returns is not
possible due to the presence of real-world transac-
tion costs. In this paper, it can be seen that short-
term moving averages such as 5- and 10-day MA
generated a greater number of trades, creating higher
transaction costs which seemed to cause a reduction
in profitability. As the tenure of the window becomes
longer, the magnitude of transaction costs reduces
due to fewer trading signals. The CAPM model also
depicts positive alpha values, which increase with the
increase in portfolio volatility. These results are in
tune with the findings of Jiang et al. (2017) and Han
et al. (2013). 20-day SMA would be recommended
for reasonable trade opportunities and lower trans-
action costs in one year. Once transaction costs are
adjusted, the alpha values reduce significantly in all
cases. Further, the testing of results during the US
recession and COVID-19 shows that technical analy-
sis is a useful indicator during the crisis period since
the volatility is much higher in the case of the BH
strategy. According to Lento and Gradojevic (2022),
technical trading has significant potential to create
more profits than the BH strategy.

Based on the above points of discussion, future
researchers could extend their scope of work to
more portfolios to find the changes in their piec-
es of evidence. Further, more tools of technical
analysis could be used to examine the relevance of
technical trading opportunities.

351



Investment Management and Financial Innovations, Volume 21, Issue 2, 2024

CONCLUSION

The present study uses volatility-based portfolios to examine whether increased volatility in the portfo-
lios could create more returns for the investors using technical indicators. The study also compares the
buy-and-hold returns with the SMA technical analysis tool in the Indian market. The results indicate
that highly volatile portfolios create more returns. MA strategies do provide substantial returns, espe-
cially in the case of highly volatile portfolios. Across various MA windows, a 20-day M A seems to gen-
erate the highest return annually due to reasonable trading opportunities with adjustable transaction
costs. It can also be seen that 5 and 10-day MA witnessed a higher transaction costing impact due to
frequent trading signals. The returns seem to be negative in low-volatile portfolios. As the tenure of the
window becomes long, the magnitude of transaction costs reduces. While the BH strategy also creates
substantial returns across all portfolios, the risk factor is extremely high.

The CAPM model also indicates positive alpha values; however, the alpha returns decline due to the impact
of transaction costs. Thus, MA strategies do provide substantial returns, especially in the case of highly vola-
tile portfolios. The moment transaction costs are adjusted, the alpha values reduce significantly in all cases.

The study contributes to the existing literature on technical analysis in two ways. First, it is the first
study to create various portfolios using standard deviation as a base in the Indian context. Second, it
tests the results using the CAPM method. The research is helpful to traders and investors in designing
their buy-and-sell strategy. For risk takers, BH could be beneficial, while for risk-neutral to high-risk
takers MA would prove to be useful for creating more benefits.
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