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Vandana Bhama (India)

CAN TECHNICAL ANALYSIS

CREATE RETURNS FOR BETA-BASED

PORTFOLIOS IN THE INDIAN
MARKET?

Abstract

Beta serves as a critical measure in portfolio optimization, capturing systematic risk
and underpinning numerous asset-pricing frameworks. The present study examines
the performance of beta-based portfolios of NSE 500 firms over 27 years using tech-
nical trading strategies — Simple Moving Average (SMA) and Exponential Moving
Average (EMA) - across short-to-long-time horizon windows. Portfolios are construct-
ed based on beta deciles to examine the relationship between systematic risk exposure
and trading-rule effectiveness. The study incorporates transaction costs, emphasizing
how trading frequency across five window lengths (5, 10, 20, 50, and 100 days) affects
net returns and multiple risk-adjusted performance metrics. The findings indicate that
technical trading strategies are more effective than the buy-and-hold (BH) strategy for
beta portfolios. The SMA and EMA strategies demonstrate substantial positive alphas
before transaction-cost adjustments. Mid-beta portfolios consistently show high re-
turns and statistically significant alphas (ranging from 7% to 14% for SMA and EMA),
confirming that technical strategies are most effective in beta portfolios with mod-
erate systematic risk exposure. Further, transaction costs erode much of the excess
returns generated by shorter-lag strategies. Despite this, selected mid-beta portfolios
continue to generate net positive alpha (ranging between 6% to 11% for 20 and 50-
day SMA/EMA) at longer windows, highlighting their resilience and practicality in
real-world scenarios. These findings are further validated using various risk-adjusted
performance metrics.

Keywords portfolio choice, investment decisions, technical
analysis, risk analysis, asset returns
JEL Classification Gl11, G12

INTRODUCTION

Professional analysts and technical traders believe that markets ex-
hibit identifiable trends and patterns that, if interpreted correctly, can
be exploited for profit. While price movements in speculative markets
often follow a random walk, technical analysis provides a mechanism
for information discovery, particularly when markets deviate from
market efficiency.

In practice, portfolio managers adopt various strategies to construct
profitable portfolios. Among these, beta-based portfolios have gained
significance in literature. Beta, a key measure of systematic risk, remains
fundamental to portfolio optimization and asset pricing. Academic fi-
nance generally holds that high-beta portfolios are inherently riskier
but offer greater return potential. As risk increases, the predictive power
of fundamental indicators weakens, prompting investors to rely more
heavily on technical indicators. Therefore, if these technical tools are
genuinely effective, their profitability should be evident in high-beta
portfolios. Building on these observations, the present study explores
whether technical indicators, particularly SMA and EMA, can generate
higher returns and significant alpha for high-beta portfolios.

http://dx.doi.org/10.21511/imfi.22(4).2025.21
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The practitioners further believe that a technical strategy is truly efficient if its returns exceed the costs
of execution. Including transaction costs in these technical strategies can significantly deteriorate port-
folio performance. Therefore, the study tests the impact of these real-world transaction costs on the net
returns of beta portfolios. This dimension, which remains underexplored in the Indian context, offers a
practical framework for identifying the most profitable trading windows.

1. LITERATURE REVIEW
AND HYPOTHESES

The random walk theory implies that histori-
cal prices cannot be used to predict future price
movements and that it is impossible for inves-
tors to consistently outperform the market (Fama
& Blume, 1966). In contrast, some investors ap-
ply technical analysis to identify recurring pat-
terns and exploit profitable trading opportunities
(Treynor & Ferguson, 1985). However, these fore-
casting patterns tend to be transient and unstable
over time (Timmermann & Granger, 2004).

Several studies have shown that technical indi-
cators outperform the traditional buy-and-hold
strategy, especially when adjusted for risk and
transaction costs (Metghalchi et al., 2018; Neely et
al., 2014; Park & Irwin, 2007; Kwon & Kish, 2002).
Wang and Sun (2015) found that certain technical
trading rules generate significant excess returns
and enhance portfolio value (Zhu & Zhou, 2009).
Examining return patterns across global markets,
Hafsal and Durai (2020) and Fifield et al. (2008)
observed that emerging markets exhibit distinct
return behaviors compared to developed mar-
kets. Trading rules tend to demonstrate stronger
predictive power in emerging economies, as evi-
denced by Ghanem et al. (2024), Metghalchi et al.
(2018), and Yu et al. (2013).

Examining the tools of technical analysis, Gencay
(1998) reported robust results for the moving av-
erage method. Marshall et al. (2017) found that
the moving-average technique provided earlier
signals conducive to generating meaningful re-
turns. Foltice and Dolvin (2021) employed a 200-
day simple moving average and observed excess
returns of 0.58%, even after accounting for mar-
ginal transaction costs. They also noted that the
200-day strategy achieved a higher Sharpe ratio.
Ghanem et al. (2024) and Zakamulin and Giner
(2023) affirmed that the simple moving average re-
mains one of the most effective and widely adopt-
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ed technical indicators in practice. Han et al. (2013,
2021) reported that such strategies outperform the
traditional buy-and-hold approach. Additionally,
their findings suggest that portfolios exhibiting
higher volatility tend to generate greater abnormal
returns. Svogun and Rudys (2023) also observed
superior returns associated with long-period mov-
ing-average strategies, further reinforcing their
relevance. Han et al. (2016) also found that mov-
ing average trends tend to be more persistent and
profitable when longer time windows are used. In
contrast, Yu et al. (2013) noted that technical trad-
ing rules applied to shorter time frames possess
greater predictive power.

Exploring the evidence on portfolio volatility, beta
remains a fundamental consideration in both tra-
ditional asset pricing models and advanced port-
folio optimization frameworks (Silva et al., 2024).
Numerous empirical studies have documented a
flat or even inverse risk-return relationship for
beta-based portfolios. For instance, Friend and
Blume (1970) and Black et al. (1972) demonstrated
that high-beta portfolios often generate lower re-
turns, resulting in negative alphas, whereas low-
beta portfolios tend to produce positive alphas. By
Contrast, more recent evidence suggests a posi-
tive outlook for beta-based strategies. Hafsal and
Durai (2020) reported that beta-sorted portfo-
lios outperform the traditional Markowitz (1952)
model, yielding higher Sharpe ratios under both
static and dynamic conditions. Terregrossa and
Eraslan (2016) identified a robust and systematic
relationship between beta and portfolio returns.
Fernédndez et al. (2023) indicated that technical
indicators tend to perform well during periods of
low financial uncertainty. However, when market
risk intensifies, investor preferences often shift
away from technical signals toward more funda-
mental or conservative strategies.

Based on the above discussion, technical trad-

ing rules generally can capture market direction
and generate significant positive returns. However,
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the full realization of these returns is often con-
strained by real-world frictions, particularly
transaction costs (Mitra, 2011). Key components
of transaction costs, such as bid-ask spreads and
brokerage fees, are inherent to financial markets
and can never be entirely eliminated. Rink (2023)
noted that once these transaction costs are con-
sidered, the performance of many strategies dete-
riorates significantly. These findings suggest that
even marginal trading costs can substantially
erode profitability (Bajgrowicz & Scaillet, 2012),
thereby reinforcing the notion of weak-form mar-
ket efficiency (Yu et al., 2013).

In the context of technical trading, short-term
moving-average strategies tend to generate more
frequent trades, which in turn increases exposure
to transaction costs. Barber et al. (2014) highlight-
ed the limitations of short-term trading, noting
that fewer than 1% of day traders consistently earn
abnormal returns once transaction costs are ac-
counted for. By contrast, Metghalchi et al. (2018)
observed that moving average-based technical
trading rules retain their predictive power and
can outperform the buy-and-hold strategy even af-
ter accounting for such costs. Similarly, Avramov
et al. (2021) reported that returns from moving
average strategies remain viable after incorporat-
ing trading costs. Han et al. (2013) also found that
these strategies continue to yield superior returns,
suggesting their resilience in cost-adjusted envi-
ronments. Jiang et al. (2017) also documented that
technical trading strategies can still generate sig-
nificant profits in the presence of transaction costs.
These findings collectively underscore the impor-
tance of incorporating transaction costs into per-
formance evaluations of technical strategies.

Although significant progress has been made in
the literature on technical trading strategies and
their returns, gaps related to the relevance and ef-
fectiveness of technical analysis specifically for
beta portfolios still need to be identified. Most ex-
isting research focuses on applying technical anal-
ysis to broad indices, sectors, and individual stocks
(Agarwal et al., 2023; Chakrabarti & Das, 2021;
Challa et al., 2018; Agarwalla et al., 2020; Mitra,
2011). However, the varying time frames of beta
portfolios-along with the implications of transac-
tion costs and risk-return analysis in an emerging
economy like India, remain underexplored.
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By addressing these issues, the present study ex-
amines the performance of beta-based portfolios
using technical trading strategies across short-to-
long-horizon windows. Specifically, it examines
the effect of transaction costs, emphasizing how
trading frequency across different window lengths
influences net returns and multiple risk-adjusted
performance metrics. Based on this rationale, the
study frames the following hypotheses:

HI: High beta portfolios create more returns due
to increased risk.

H2: High beta portfolios can absorb transaction
costs and generate positive alpha values.

2. METHODS

The study used daily stock price data for NSE 500
firms over 27 years, spanning January 1, 1996, to
December 31, 2023. The number of firms included
each year varied due to data availability. The da-
taset was obtained from the Refinitiv Eikon data-
base. For the analysis, the stocks were sorted an-
nually into ten decile portfolios by beta, ranging
from low to high.

Following the approach of Block and French
(2002), who argue that equal weighting is a more
equitable and consistent method across diverse
fund sizes and investment styles, this study em-
ploys an equal-weighting scheme for portfolio
construction. Once stocks are assigned to their
respective decile portfolios, portfolio index levels
are generated based on equal-weighted returns,
consistent with the methodology used by Han et
al. (2013). Each portfolio is held for a one-year pe-
riod and rebalanced at year-end.

To evaluate portfolio performance, the study com-
pares returns from the traditional buy-and-hold
strategy with those derived from technical trad-
ing strategies. Specifically, it applies two common-
ly used moving-average techniques: the Simple
Moving Average (SMA) and the Exponential
Moving Average (EMA). The calculation of the
SMA is represented in Equation (1), where the
moving average at time t with lag L is defined as
the arithmetic average of stock prices over the pre-
ceding L days.

http://dx.doi.org/10.21511/imfi.22(4).2025.21
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P +P +...+P,  +P,

A — Jt—L-1 Jt—L-2 Jt-1 , (1)
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where Ajt is the average return of the index, P, is
the corresponding portfolio prices (index levels).

An exponential moving average places greater
weight on the most recent data points. Therefore, to
assess the importance of recent information for re-
turns and investment decisions, the EM A was also
used in this study. Equation (2) shows the EMA cal-
culation of portfolio index values for each day.

EMA
= (T oday’s closing price — Previous EMA) )
xMultiplier + Previous EMA.

Smoothing

Multiplier = .
1+ Length

©)

Following Han et al. (2016), the present study
extends the time frames to 5-, 10-, 20-, 50-, and
100-day moving averages to address limited trad-
ing opportunities in a year. This captures the very
short-term to long-term impact of trading on re-
turns. On each trading day, if the last closing price
P, is above the MA price, A, a long position
is created in portfolio j for the next trading day .
Once the MA price is above the last closing price, a
sell signal is generated on the next day. One round-
trip trade is defined as a complete trade consisting
of abuy and sell signal. The SMA and EMA results
are compared with the buy-and-hold strategy.

The study further applies the Capital Asset Pricing
Model (CAPM) of Sharpe (1964) and Lintner (1965),
which highlights that the beta exposure must be
compensated by the market risk premium. Therefore,
to test the statistical significance of moving-average
returns across portfolios, CAPM and other risk-ad-
justed measures are employed. Equation (4) presents
the calculation of CAPM alpha.

E(Rpt ) = aj + ﬂj,mktrmkt,t + ejl’ (4)

where T ke

portfolios.

is the daily excess return on market

To capture the real-world implications of trad-
ing strategies, this study incorporates transaction

http://dx.doi.org/10.21511/imfi.22(4).2025.21

costs into return calculations. Transaction costs
generally consist of three primary components:
the bid-ask spread, brokerage fees, and market
impact costs (Zakamulin & Giner, 2023). In addi-
tion, other costs such as taxes, opportunity costs,
and short-term borrowing expenses may also af-
fect net returns. Previous studies have employed
a wide range of assumptions regarding transac-
tion costs, typically between 1 and 50 basis points.
For example, Condon (1981) estimated one-way
transaction costs at 1%, while Lynch and Balduzzi
(2000) used 0.25%. Bessembinder (2003) reported
average costs of 0.48% for NYSE stocks and 0.74%
for NASDAQ stocks. Similarly, Lesmond et al.
(1999) suggested a cost of 0.6%, and Berkowitz et
al. (1988), Chan and Lakonishok (1993), and Knez
and Ready (1996) estimated costs in the range of
0.23% to 0.25%.

Based on a synthesis of the literature and con-
sultations with industry professionals, the pres-
ent study applies a conservative transaction-
cost estimate of 0.30%. This assumption enables
a more realistic evaluation of trading strategy
performance by accounting for costs that would
materially affect net returns under actual mar-
ket conditions.

3. RESULTS AND DISCUSSION

Table 1 reports the buy-and-hold strategy re-
turns (before and after transaction costs) for
different beta portfolios. Given the negligible
trading frequency, the returns appear almost
similar in both scenarios. Alpha returns are sig-
nificant for portfolios 2, 4, 5, 6, 7, and 9 with
values of 12.34, 11.28, 8.26, 9.70, 6.32, and 8.47.
These results indicate that the buy-and-hold
(BH) strategy generates higher returns in the
mid-beta portfolios that outperform the mar-
ket. In contrast, very-low- and very-high-beta
portfolios exhibit negative and insignificant re-
turns, suggesting less effective long-term pas-
sive investing.

Table 2 presents SMA alpha returns across vari-
ous time lags before adjusting for transaction
costs. The results show substantial returns and
statistically significant positive alphas, par-
ticularly for mid-beta portfolios (Portfolios 2
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Table 1. BH returns (before and after TC)

Portfolio Market Market
. Alpha . Adjusted R2 Alpha R Adjusted R2
(Low to high Beta) P Premium ) P Premium J
: Before TC After TC
Low 0.24 0.84*** 0.74 -0.36 0.85**
2 12.90*** 1.05%** 0.79 12.34%** 1.05%**
3 7.69%* 1.13%** 0.76 3.31 0.13
3xk 0.62 11.28%** 0.94%**
1.04*** 0.89 8.26%** 1.04%**
6 10.26%** 1.02%** 0.85 9.70*** 1.03***
7 6.89** 0.92%** 0.75 6.32%* 0.92%**
8 0.93 1.04*** 0.89 0.34 1.05%**
9 9.03*** 0.77%** 0.81 8.47%** 0.76***
High -3.13 0.96** 0.68 -0.36 0.85**

to 6). For instance, Portfolio 2 stands out with
alphas consistently above 10% across all time
frames and above 15% in 10- and 20-day win-
dows, indicating strong market outperfor-
mance. Portfolios 4, 5, and 6 also demonstrate
high alphas (18.27% for Portfolio 4, 13.07% for
Portfolio 5, and 12.67% for Portfolio 6 at 20
days), with robust returns across short to me-
dium lags (10-20 days). These results suggest
that SMA strategies are effective in moderate-
risk portfolios with balanced exposure to mar-
ket factors. They also reject the first hypothesis
that high-beta portfolios generate high returns
(except for the 7th portfolios). Overall, the find-
ings are more favorable for mid-beta portfolios.

However, when transaction costs are account-
ed for (Table 3), performance deteriorates sig-
nificantly (Rink, 2023; Bajgrowicz & Scaillet,
2012), especially for low and high-beta portfo-
lios, rejecting the second hypothesis that high-
beta portfolios can absorb transaction costs.
The lowest beta portfolio’s alpha is negative
in all 5-day and 10-day lags; indeed, all alpha
values are negative except for portfolios 2 and
4. This trend highlights that frequent trading
with shorter lags incurs high costs, eroding ex-
cess returns. These findings are consistent with
Rink (2023), which shows that the performance
of technical strategies deteriorates significant-
ly after incorporating transaction costs. Some
mid-beta portfolios, such as 2, 4, 5, and 6, still
generate positive net alphas above 7% and 5%,
especially at the 20- and 50-day lags, making
them the most resilient to cost impact. Figure

264

1 presents the alpha values of various portfolios
before and after transaction costs.

Table 4 highlights the average returns and alpha
values before transaction-cost adjustment of the
EMA strategy across low- to high-beta portfo-
lios. The results indicate higher alphas at longer
EMA lags, particularly for mid-beta portfolios
(Portfolios 2-7), rejecting the first hypothesis that
high-risk portfolios generate higher returns; the
results show strong and statistically significant al-
phas (nearly 6% or more) for MAPs of 10, 20, and
50 days. This indicates potential mispricing that
could generate profitable trading strategies. The
highest return is observed for the 20-day MAP
with 16.62% in Portfolio 2; on average, alpha val-
ues exceed 11% for mid-level beta portfolios.

After adjusting transaction costs, the results of
the EMA strategy (Table 5) reveal that portfo-
lio alphas drop significantly. This is seen par-
ticularly at the shorter lags of 5- and 10-days;
by and large, alphas are negative for most port-
folios. For mid-beta portfolios, returns remain
sustainable for Portfolios 2, 4, 5, and 6 at the
20- and 50-day lags. These findings indicate that
transaction costs erode profitability, especially
with short and frequent trading. However, the
20- and 50-day MAPs are short enough to cap-
ture trends and long enough to avoid excessive
trading costs. This is consistent with the find-
ings of Avramov et al. (2021), Jiang et al. (2017),
and Han et al. (2013). Figure 2 presents EMA-
based alpha returns for all beta decile portfolios
before and after transaction costs.

http://dx.doi.org/10.21511/imfi.22(4).2025.21
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Table 2. SMA — Alternative Moving Average lag length before adjusting TC

Portfolio : P —
‘ Market ‘Adjusted: Market Adjusted Market Adjusted Market Adjusted Market ‘Adjusted
(Lowto i Alpha R : ,  Alpha : 5 Alpha : 5 Alpha : 5 Alpha . : 5
. : i premium : R ; premlum § R ; premlum § R ; premlum i R : i premium : R
high Beta): : : : : : : : ‘ ‘ ‘ ‘
E MAP 5 days MAP 10 days MAP 20 days MAP 50 days MAP 100 days
235 051 046 | 282 . 044 | 041 | 515 | 054%** 260 0277 _029%r | 029
LIBOTTT L 04STY 047 | 17407 | 046*F* 055 | 15457 | 036%r 13347+ 04ger 056
392 030%** = 033 | 583% | 035¥% . (33 . gQQFF* | 030 4.66 010 001
| 8.94%x* 0. 54*** 051 .“.14 04***.‘ 0.54*** 051 0.52%*x 14. 02*** o 44*** 019
LBSETT 0467t 068 9007t | 038 048 L034m 036 831 039 . 047
| 7.52%%* 0.28*** 8.29**  031** | 030 C022% 9.34%*x 0.45%** 046
5.38 0. 3*** 045*** 0.51 04 e 733** x
1.96 O 64*** 3. 0. 44*** 0.54 O 3 *x 1. 68 27**
........... 9 ...513" | 082t 067 367 . 0367 037 L0347 041 609%™ osL* 056
........ High 211 . 0497 | 06l 08 . 036" | 035 | 654 030" | 029 . 180 026** | 013

Note(s): This table describes the alpha and market premium beta values of the SMA strategy of beta decile portfolios for various time lags. The results have been shown before adjusting
transaction costs. MAP is the moving average portfolio for various 5, 10, 20, 50, and 100 lags. ***, **, and * indicate significance level at 1, 5, and 10 percent levels.

Table 3. SMA — Alternative Moving Average lag length after adjusting TC

r;:;tvaotlfé Alpha Market ‘Adjusted Alpha Market ‘Adjusted: Alpha Market Adjusted: Alpha Market Adjusted | Alpha Market Adjusted
high Beta)% : premlum S premium R? : premium | R premium R? premium R?
MAP 5 days MAP 10 days MAP 20 days MAP 50 days MAP 100 days
Low ¢ —12.‘.'7oj.*.* 048k 046  —678*F © 041%%* . 041 | 113 . -043 : ‘ : :
045+~ 0.42
0.29%** 0.27 . L 0.33%xx
053*** 0.47
046*** 0.66
028*** 0.23
051*** 0.40
065*** 0.56
* 054 0.68 ) .
ig 2.56%** 0.48*** :  0.56 0.30%** . H . H . H . : . H . i 012

Note(s): This table describes the alpha and market premium beta values of the SMA strategy of beta decile portfolios for various time lags. The results have been shown before adjusting
transaction costs. MAP is the moving average portfolio for various 5, 10, 20, 50, and 100 lags. ***, ** and * indicate significance level at 1, 5, and 10 percent levels.
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Alpha Values of Portfolios (Low to High Beta) Across Different Time Lags

Time Lag
17.5F —a— 5days
—a— 10 days
—e— 20 days
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Figure 1. SMA alpha of various portfolios before and after TC
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Table 4. EMA — Alternative Moving Average lag length before adjusting TC

Portfolio P .
(Low to Aloha . Market Adjusted Aloha Market Adjusted Aloha . Market Adjusted Aloha : Market :Adjusted: Aloha Market Adjusted
high Beta)g P premlum R P ‘premium :  R* P ‘premium: R P . premium : R* P . premium @ R?
MAP 5 days MAP 10 days MAP 20 days MAP 50 days MAP 100 days
Llow | 444 0.41%** 0.44 | 481% i 034%* i 045 | 586% | 040%** 049 : §0.28%* {033
""""" 2. 13-318*** 0.58 ' 051 16627 | 04ttt ﬁo SL. ﬁiﬁﬂéﬁﬁaﬁéfﬁ%ﬁfﬁf ! ﬁ 047
5577 0.21 Jo27 o anasr L 040t
.......... e 11,487+ 0:42 049 147t o 35***,‘,. DAL
.8 9.85%** 042 L0221 1a84vr 0227 L.
7.72%* 0.37 5 *fﬂ*
4.27% 041 e 2,032 Lo
384 04z 0.54 038 035%*r 043 044
2.24 ©0.31%%*% 1 045 0.20 0.40*** ¢ 0.40 0.40

Note(s): This table describes the alpha and market premium beta values of the EMA strategy of beta decile portfolios for various time lags. The results have been shown before adjusting
transaction costs. MAP is the moving average portfolio for various 5, 10, 20, 50, and 100 lags. ***, **, and * indicate significance level at 1, 5, and 10 percent levels.

Table 5. EMA — Alternative Moving Average lag length after adjusting TC

Portfolio : Market gj-\djusted

Market Adjusted Market djusted§ iMarket Adjusted Market gAdjusted§

hi(;:v;::a)é Alpha Premlum R? i Alpha ‘ premium R? Alpha 'premlum R? Alpha . premium R? Alpha . premium @ R?
f MAP 5 days MAP 10 days MAP 20 days MAP 50 days MAP 100 days

Low | —9.54%xk | 040%** 039 . L 0.34%xx , . =052 0.40*** . : . : {014 i 154 0.28*** 0.32

3 —8.34%*x 0.23%* 0.16 0.42 0.85 0.54% % 0.44
"""""""""" —4.17 0.44 047  670%*  053** . 058
-1.89 0.38 031 | 6524 | 039%* | 054
_3,"65 0.40 0.38 B PR s
75,63 0.33 019 i 219 0 9,.“.4ff,f ........ 042
.......... 8 S 50*** ,9:32,’.‘,.*.’4‘.“‘ 035 034 1014 ...022 1009

9 -9, 43*** 0.43%** 0.51 0.42 -161 0.50%** 0.44
"""" High | -11.37%** | 029*** . 036 | —627* . 033** | 015 . 138 | 040*** | 036 . -042 . 037*** . 027 . 207 . 042%** . 037

Note(s): This table describes the alpha and market premium beta values of the EMA strategy of beta decile portfolios for various time lags. The results have been shown before adjusting
transaction costs. MAP is the moving average portfolio for various 5, 10, 20, 50, and 100 lags. ***, **, and * indicate significance level at 1, 5, and 10 percent levels.
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Alpha Values of Portfolios (Low to High Beta) Across Time Lags
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Table 6. Break-even TC

(szf:::;hg BH Sdays 10 20 50 100 | Sdays = 10
Beta) %Returns% SMA days days days days EMA days
low 074 : 1713 17.64 21.48 16.71 14.86 © 2034 2060
2 0.79 34.65 42,55 35.64 37.73 33.69 3378 36.41
3 076 | 1802 21.23 25.66 18.14 20.02 20.68 2277
4 31.79 36.89 43.69 39.89 23.44 27.12 38.39
5 25.82 24.91 31.72 25.54 22.88 33.76 27.40
6 24.24 24.83 31.30 25.18 17.99 30.10 2878
7 26.91 24.52 30.10 23.53 21.64 27.72 30.05
3 14.07 18.27 20.29 14.37 16.72 18.63 18.99
9 27.01 17.70 24.05 2175 18.03 19.05 19.44
High 20.25 13.02 23.42 16.18 16.20 16.37 19.26

Higher break-even transaction costs (TC) indi-
cate greater robustness and profitability of a trad-
ing strategy compared to passive investing. Table
6 reports the break-even TC for BH returns, SMA,
and EMA strategies. The results indicate that in
low-beta portfolios, the BH return is just 0.74%,
whereas SMA and EMA returns range from 14%
to 22%. For medium-beta portfolios, BH ranges

Table 7. Sharpe ratio of portfolios

from 0.76% to 0.89%; SMA is as high as 43.69%
(portfolio 4, 20-day), and EMA is slightly higher
than SMA in most cases. This evidence indicates
that both SMA and EMA strategies significantly
outperform BH, even at longer windows such as
50- and 100-day. These are suitable for active trad-
ing, despite frequent signals, given the substantial
cushion for transaction costs. In mid- to high-beta

Portfolio - o 9 20 50 100 5 10 20 50 100
(LOWtOhIgh; :
Beta) i days days . days . days days days days : days . days days
Before TC After TC
Jlow . .020 0 023 . 039 . 020 =030 . 7002 | -002 000 .
2 0.74 0.68 0.49 0.55 0.53 0.61
3028 0.23 020 013 000 022
4 0.69 0.27
5 0.24 -0.07
6 0.47 -0.05
7 0.41 -0.05
0.13 -0.32
P 037 7035
High 0.36 0.15 -0.47
Table 8. Sortino ratio of portfolios
Portolio o 5 20 50 100 5 10 20 50 100
(Low to high : :
Beta) i days | days . days . days days days days : days . days days
Before TC After TC
Jlow .039 . 051 . 295 . 044 038 : 090 ' -060 . -006
2 289 199 4.06 .3:28 111 344
3 1.29 2.04 0.58 0.99 -0.42 0.34
LA 360 593 | 593 5% 082 . 146
2 351 374 0.76 368 -0.22 223
6 1.92 2.45 1.62 0.39 -0.13 0.95
7 127183 1 133 162 46 7011 091
LB 056 076 0.28 083 7118 -0.72 -0.07
oD i 1028 091 .8:46 0.84 W71 -0.80 071 0.4 : 9.77.
High 0.76 0.20 2.95 0.47 0.22 -1.02 —1.04 0.28 -0.03 0.11
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portfolios, active strategies remain attractive, es-
pecially EMA 20-50-day windows, which consis-
tently outperform BH; break-even TC margins are
in the 20-30% range.

To validate the study’s findings for specific port-
folios, multiple risk-adjusted performance mea-
sures, including the Sharpe Ratio, Sortino Ratio,
Treynor Ratio, and Information Ratio, were em-
ployed. These metrics provide a comprehensive as-
sessment of portfolio performance by accounting
for different dimensions of risk.

The analysis of Sharpe ratios across beta-sorted
portfolios in Table 7 reveals that technical strate-
gies using moving averages can significantly en-
hance risk-adjusted returns compared with the
buy-and-hold (BH) approach, particularly before
accounting for transaction costs. Among vari-
ous window lengths, the 20-day SMA consistently
demonstrates superior performance across low- to

Table 9. Treynor ratio of portfolios

mid-beta portfolios, with Sharpe ratios peaking at
0.85 before costs in Portfolio 5. This indicates that
mid-frequency strategies are more effective in cap-
turing short-term momentum without excessive
trading. However, after incorporating transaction
costs, a notable deterioration in Sharpe ratios is
observed, especially for short-window strategies
such as 5-day and 10-day SM As, which frequently
turn negative due to high churn; the lowest value
reaches -0.83. In contrast, longer windows like the
100-day SMA, while offering lower pre-cost per-
formance, exhibit greater robustness post-costs,
particularly in higher-beta portfolios. These find-
ings suggest that, for sustainable outperformance,
mid-frequency strategies like the 20-day SMA are
best suited for low to mid-beta portfolios, whereas
low-frequency strategies like the 100-day SMA are
more effective for high-beta portfolios, offering a
balance between signal quality and transaction
cost sensitivity. This is consistent with the findings
of Hafsal and Durai (2020).

P(‘L’;tvfft'f 5 10 20 50 100 5 10 20 50 100
high Beta) days days . days . days days days days . days . days days
§ Before TC After TC
Low 8.79 10.64 1649 1202 9.58 -2788 © -1529 : -080 : -—0.97 0.01
2 33.58 42.93 43.93 27.63 3030 -0.53 23.15 27.93 21.72 27.09
3 15211 13;92 32:;52 11140 105.67 —4i.08 —12428 8.::59 —o;11 58.40
4 2479 30.20 24.79 24.79 24.79 —4.28 12.74 2771 21.10 14.12
5 20235 23179 40::.17 9.::86 20170 —12.33 —3122 22:;68 9.::86 13.87
6 32.64 30.24 65.53 21.81 10.73 -24.62 -3.04 38.21 14.00 6.03
7 31.22 19.65 27.02 27.97 29.05 -14.17 -2.57 13.70 15.78 23.28
8 4.:77 1o;51 16;65 54::45 15;61 —34:1:480 —15.75 —1:;97 —4::.18 8.12
9 19.36 11.80 25.20 13.85 9.28 -9.94 -18.03 4.14 5.95 3.63
High 11.87 3.71 26.22 7.65 13.63 -19.26 —25.54 4.99 -0.48 5.93
Table 10. Information ratio of portfolios
'}t::ftlf 5 10 20 50 100 5 10 20 50 100
high Beta) days days . days . days days days days days days days
§ Before TC
014 002 . 003
0.72 0.58 0.39
0 om oo
0.31 0.31 0.31
061 024 023
0.52 045 0.16
0.19 0.24 0.06
020 oosois
023 029  -015
0.15 0.00 —0.01
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Table 8 presents the analysis of the Sortino Ratio.
The findings indicate that, prior to transaction
costs, the 20-day SMA strategy exhibits particu-
larly strong performance across multiple portfo-
lios, with notable Sortino ratios of 7.99 (Portfolio
2), 5.93 (Portfolio 4), and 8.46 (Portfolio 9), indi-
cating superior returns with limited downside
volatility. Similarly, 50-day and 100-day strategies
offer consistently high ratios in mid-beta portfo-
lios, suggesting these timeframes effectively fil-
ter noise and capture meaningful trends. Once
transaction costs are incorporated, a substantial
decline in Sortino ratios is observed, especially
for short-window strategies like the 5-day SMA,
whose ratios often turn negative due to excessive
trading. Despite this, the 20-day SM A retains rela-
tively strong performance post-cost in individual
portfolios, for instance, a ratio of 3.44 in Portfolio
2 and 2.23 in Portfolio 5, reaffirming its robust-
ness. Longer windows, such as the 100-day SMA,
also show moderate resilience (3.18 in Portfolio 2
and 2.26 in Portfolio 5), making them suitable for
high-beta portfolios where transaction cost sensi-
tivity is greater. Overall, the findings suggest that
the 20-day SMA offers the most effective trade-off
between capturing alpha and managing downside
risk, while longer-term strategies serve as viable
alternatives in cost-sensitive or higher volatility
environments.

Table 9 presents the performance of various port-
folios using Treynor ratios. The findings suggest
strong evidence of moving-average-based trad-
ing strategies, particularly in the 20-day and 50-
day windows before transaction costs. Portfolios
2, 3, and 6 stand out with exceptionally high
pre-cost Treynor ratios; for instance, Portfolio
2 records 43.93 (20-day), and Portfolio 6 shows
65.53 (20-day), indicating that these strategies
not only yield higher returns but do so efficient-
ly relative to market risk. The consistency across
mid-beta portfolios suggests that technical strat-
egies aligned with these windows are particular-
ly effective in capitalizing on momentum with-
out overexposure to market volatility. However,
the Treynor ratios decline sharply across most
portfolios when accounting after accounting for
transaction costs, especially in short-window
strategies such as the 5-day and 10-day SMAs,
where several values turn negative (-27.88 for
Portfolio 1, 5-day SMA).

http://dx.doi.org/10.21511/imfi.22(4).2025.21

Nevertheless, select strategies retain their efficien-
cy — most notably the 20-day SMA in Portfolio
2 (27.93) and Portfolio 6 (38.21), and the 100-day
SMA in Portfolio 3 (58.40) - highlighting their re-
silience and suitability for beta-sensitive trading
environments. These findings underscore the im-
portance of balancing trading frequency and mar-
ket exposure, as mid-frequency strategies like the
20-day SMA offer the most favorable Treynor ra-
tios even after trading frictions, while longer-term
approaches such as the 100-day SMA serve as ef-
fective alternatives in high-beta portfolios.

Table 10 presents the validation of portfolios in
the context of the information ratio (IR). The re-
sults reveal that, prior to transaction costs, the
20-day moving average stands out as the most
effective across multiple beta-based portfolios,
particularly in mid-beta ranges; portfolio 2 -
0.72, portfolio 5 - 0.61, and portfolio 6 - 0.52.
These elevated IR values suggest that the 20-day
SMA not only outperforms the benchmark on
average but does so with relatively stable returns,
making it a reliable strategy for active managers
aiming to generate excess returns while main-
taining disciplined tracking of benchmark vol-
atility. After adjusting for transaction costs, a
sharp deterioration in Information ratios is ob-
served, particularly in shorter-window strate-
gies such as the 5-day SMA, where values fre-
quently turn negative (-0.64 in portfolio 1 and
-0.91 in portfolio 9). Despite this decline, the 20-
day SMA maintains modest yet positive IRs in
select portfolios. For instance, portfolio 2: 0.48,
portfolio 4: 0.49, and portfolio 6: 0.32, under-
scoring its robustness and viability even in cost-
sensitive environments. These results reinforce
the superiority of mid-frequency strategies like
the 20-day SMA in balancing alpha generation
and tracking error, while highlighting the di-
minishing value of high-frequency strategies
when real-world frictions such as transaction
costs are accounted for.

Technical trading strategies are widely used by
fund managers, especially for short-term fore-
casting purposes (Gehrig & Menkhoff, 2006).
Several studies have documented that technical
indicators outperform the traditional buy-and-
hold strategy, especially when adjusted for risk
and transaction costs (Metghalchi et al., 2018;
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Neely et al., 2014; Park & Irwin, 2007; Kwon
& Kish, 2002). Consistent with this evidence,
the findings of the present study indicate that
SMA and EMA technical strategies (without
the impact of transaction costs) are effective in
medium-risk beta portfolios with balanced ex-
posure to market factors (Ghanem et al., 2024;
Zakamulin & Giner, 2023).

The mid-level portfolios demonstrate high alpha
with robust returns across short-to-medium
lags (10 & 20 days). However, when transaction
costs are accounted for, performance deterio-
rates significantly, especially for low- and high-
beta portfolios over a short time window, indi-
cating less effective long-term passive invest-
ing. This evidence aligns with Rink (2023) and
Bajgrowicz and Scaillet (2012), highlighting that
frequent trading with shorter lags incurs high
costs, eroding excess returns (Friend & Blume,
1970; Jensen & Benington, 1970; Black et al,,
1972; Blitz et al., 2013; Alhashel & Almudhaf,
2021). Further, 20- and 50-day MAPs are short

enough to capture trends and long enough to
avoid excessive trading costs. This is consistent
with the findings of Avramov et al. (2021), Jiang
et al. (2017), and Han et al. (2013).

Analyzing the risk-return relationship, the
Sharpe ratio indicates sustainable outperfor-
mance for mid-frequency strategies (20-day),
which are best suited to low- to mid-beta port-
folios, whereas low-frequency strategies like the
100-day SMA are more effective for high-beta
portfolios, offering a balance between signal
quality and transaction cost sensitivity. This ev-
idence is consistent with the findings of Hafsal
and Durai (2020). Similarly, Sortino ratio indi-
cates an effective trade-off between capturing
alpha and managing downside risk for the 20-
day window, particularly in Portfolios 2 and 4.

Based on the above points, mid-beta portfolios
exhibit resilience to transaction costs and pro-
vide an effective strategy for fund managers and
investors.

CONCLUSION

The study examines the performance of beta-decile portfolios across short and long-time horizons. It
contrasts the performance of the conventional Buy-and-Hold (BH) strategy with technical trading ap-
proaches, specifically Simple Moving Averages (SMA) and Exponential Moving Averages (EMA), ap-
plied across short- to long-term lag periods.

The findings provide strong empirical evidence that technical trading strategies based on moving av-
erages are more effective than the buy-and-hold (BH) strategy, especially for mid-beta portfolios. BH
returns are relatively stable in low-transaction environments due to minimal trading activity, but their
alpha-generating ability is mostly limited to mid-beta portfolios, suggesting that passive investing may
not be optimal across all risk categories. In contrast, SMA and EMA strategies demonstrate substan-
tial positive alpha values before transaction cost adjustments, particularly at the 10-, 20-, and 50-day
windows. Portfolios 2 to 6 consistently show high returns and statistically significant alpha values, con-
firming that technical strategies are most effective in portfolios with moderate systematic risk exposure.
Further, transaction costs erode much of the excess returns generated by shorter-lag strategies. Frequent
trading amplifies cost impacts, neutralizing alpha gains. Despite this, selected mid-beta portfolios con-
tinue to generate net positive risk-adjusted alpha over longer windows (20-day and 50-day), highlighting
their resilience and practicality in real-world scenarios.

The study has important implications for portfolio managers and academic researchers. First, mid-fre-
quency technical strategies, especially the 20-day SMA/EMA-are empirically validated as effective tools
for alpha generation in mid-beta environments. Second, the study advocates for a nuanced approach to
active portfolio construction, selecting optimal timeframes based on beta exposure and balancing return
potential against trading efficiency. This positions mid-frequency SMA/EMA strategies as viable alterna-
tives for active fund managers seeking to outperform passive benchmarks in moderately volatile markets.
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The scope of the study could be extended to different portfolios based on other factors, such as volatility
and firm size. Further, other technical analysis tools could be used to examine the relevance of technical
trading opportunities in a multi-country context.
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