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ABSTRACT

In modern finance, understanding the interplay between risk and return is
fundamental. Traditionally seen as the average variability of returns, volatility has
sained significance in investment decisions. However, the conventional view of
volatility as a constant has given way to the concept of conditional volatility,
acknowledging its time-dependent nature affected by various factors, including lagged

conditional variance and information shocks.

This study diagnoses the impact of incorporating deterministic structural shifts
while evaluating the persistence and leverage effect in the volatility of the Nepal

Stock Exchange, which was largely underrepresented in extant empirical works.

A family of asymmetric GARCH specifications were used to diagnose
persistence and leverage effect with and without deterministic structural shifts. The
results confirmed the downward adjustment of volatility persistence and leverage

ffect when such deterministic structural shifts are incorporated in the specification.

Moreover, persistence and volatility effects facilitated inferences regarding the

degree of market efficiency of the Nepal Stock Exchange, revealing a weak-form

inefficiency.
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CHAPTER ]

INTRODUCTION

Stock market volatility serves as an important metric in evaluating investment
Zecisions. It is directly related to market uncertainty and affects the investment
schavior of enterprises and individual investors. (Markowitz, 1952) and Sharpe

1964) undertook the earlier initiative to construct the relationship between risk and
return. Markowitz suggested that an investor should consider individual investments
= isolation and analyze how these investments interact and affect the overall risk and
==turn of the investment assets. Following the same contention, Sharpe (1964)
~rmalized the capital assets pricing model where a return was established as the
“mction of systematic risk factor associated with the securities. The classical notion

- msk often assumes that the variance is constant at different points in time.
““owever, with the development of financial theories and increasing empirical studies,

+zs found that the notion of constant risk needs to be revisited (Bollerslev, 1986;

~mz 2. 1982). An empirical study on the volatility of stock market return has attracted
sescarchers over several decades and garnered systematic research efforts to
“maracierize it in different market settings (Alberg et al., 2008; Assaf, 2016; Ewing &
Wi 2005: Hamilton & Susmel, 1994; Raddant & Kenett, 2021). It is a great
“wa=mge for investors to get a generalized maxim concerning volatility due to its
mimcate nature, which varies across different market settings. This intricate nature of

sy presents numerous avenues for further empirical research in characterizing

@iy across different markets.

“azamt studies have shown that the degree of stock market volatility was

SSsoned 5w Broader factors. such as politics (Bechtel, 2009; Chavali et al., 2020),




werromism (Chesney et al., 2011), natural calamities (Ferreira & Karali, 2015), earnings
s=nouncements (Dangol & Bhandari, 2019; Syed & Bajwa, 2018), financial crisis and
comiagion (Aggarwal et al., 1999; Fang et al., 2019; Samarakoon, 2011). Although the
-mpact of broader macroeconomic factors on variance was imminent, the degree and
==ture of impact was found to vary in intensity across different market settings.
_ampello (2007) research on the partisanship impact on stock markets’ behavior
surrounding the election period in a sample of 120 cases, including developed and less
Zeveloped countries, reported that investors respond to the election in the same way in
noth categories, while the magnitude of response was found to be stronger in
Zeveloping countries compared to that of less developed countries. The difference in
=zznitude and direction of effect also varied within and across the market. The study
conducted by (He et al., 2020) noted that the market performance across
Tansportation, mining, environment, electricity, and heating industries had sustained
3¢ adverse impact during the COVID-19 pandemic. In contrast, industries related to
mamulacturing, information technology, education, and healthcare were found to be
m=sient to the pandemic. These instances provide the rationale to undertake the

v stematic effort in deciphering the market-specific/index-specific volatility

SESSNOSIS.

Nepalese capital market is dominated by the banking and financial sectors,
w72 2 limited number of listed companies. Despite its relatively small size and
“mied number of scrips, the market has witnessed significant volatility over the past
secale The only organized stock exchange, Nepal Stock Exchange (NEPSE),
“messed 2 record high of 3199.03 on August 2021, retracting to as low as 1815.14

W 0 Sestemmber 2022 with a change of 1383.80 (-43.25%) over the period one year.

“amume | shows 2 ghimpse into the volatility of NEPSE over the penod of 2007 to
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— 22 The sustained increase in the NEPSE index from around 500 in late 2007 to as

~i2h as 3200 by mid-2021 witnessed varying volatility in the index-specific returns.
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The visual reference confirms the presence of volatility persistence and the
= aster around specific periods. Understanding volatility clustering and its persistence
owides an important insight into the market’s reaction to notable socio-economic
s political events. It provides the basis to evaluate the behavioral aspects of

“\emaiese investors concerning the events inducing the shocks in the return and its

- mowgh in s early stage. the Nepalese capital market has grown significantly

W e e decade. As of 09 November 2022, the Security Exchange Board of Nepal




SES0N) report showed that more than 1.51 million investors are registered in the
rzanized stock exchange of Nepal, with 1.04 million actively trading in the

SR i

secondary market (Securities Exchange Board of Nepal, 2022). With the progressive
wamsition towards digitizing stock trading in Nepal, the same report showed that the
sctve online trading investors stand at 0.76 million, which showed a growth of 68.99
mercent during the fiscal year 2022/2023 compared to last year. It is evident that a

crowing number of investors are participating in stock market investing. In this

comtext, it is important to understand the volatility aspect of Nepal Stock Exchange.

The seminal work from Bollerslev (1986) and Engle (1982) laid the

~=Zation for the systematic study of volatility as a time-varying conditional

'-\'-:.ce phenomenon. The methodological advancement in the forms of

“toregressive Conditional Heteroskedasticity followed by the development of
~emeralize Autoregressive Conditional Heteroskedasticity allowed the researcher to

“wer diagnose the nature of volatility in market-specific settings. There has been a

suianie development in methodologies and tools since 1982 to diagnose volatility in

at. YT

“ “orm of GJR GARCH (Bollerslev, 1987), EGARCH (Nelson, 1991), and

“ 7 ARCH (Ding et al., 1993). A significant restriction of the ARCH and GARCH

e fcation is that they are symmetric. Because of the squared residual term, the

“mmmetnic volatility models would only consider the absolute effect of innovation
winowt any information regarding the direction of change. Thus, the symmetric

Tdels cannot differentiate the effect on volatility from large positive or negative
S of egual magnitude. However, financial time-series data, which are highly

s S0 broader political and macro-economic factors, showed that negative

Shcis or bad news') in the market have a larger impact on volatility than positive

Scis o pood news’) of the same magnitude (Asteriou & Hall, 2021). GARCH-




sesed analytical frameworks (EGARCH, GITGARCH, APARCH) are able to capture
e effect of nonsynchronous trading, conditional heteroscedasticity in returns, and

zsymmetric response to positive and negative news (Chau et al., 2014).

Followed by these notable studies in diagnosing the volatility aspect of market
= international setting, several studies were accomplished in diagnosing the volatility
zunibute of the Nepalese capital market (Dangal & Gajurel, 2021; Dangol &
Shandari, 2019; GC, 2008; Rana, 2020). Despite broader examination of Nepal stock
=xchange from volatility perspective, these studies failed to account for deterministic
wructural breaks. The findings of Lamoureux and Lastrapes's (1990) study suggested
2t the failure to take into account of such deterministic structural shifts may cause
:\stimate of persistence to be overestimated. The identification of structural shifts
wz= extensively studied by the work of Bai and Perron (1998, 2003a, 2003b) which
“wher extended the rationale of considering for deterministic structural shifts in high-
~=zuency financial time-series data, like that of stock price and return. Several further
“uszs confirmed the effect in the persistence and leverage effect when deterministic
“uctural shifts are considered for when diagnosing the volatility (Abdennadher &

~= ara 2018: Assaf, 2016; Tripathy & Alana, 2015).

Considering the empirical studies that underscore the significance of
mwormerzting deterministic structural shifts when assessing volatility, this research is
mervsed 1o reevaluate the volatility persistence and the leverage effect within the
“wsme Siock Exchange, a dimension notably underrepresented in prior research
Smicwors wothin the Nepalese context. Moreover, incorporating all thirteen sub-

o = comumction with the NEPSE index enables this research to

Smmestemsely understand index-specific characteristics related to volatility




sersistence and the leverage effect. The findings regarding persistence and leverage
w75 deterministic structural shifts offer valuable insights for drawing inferences

200wt the level of market efficiency within the Nepal Stock Exchange.

Problem Statement

Markowitz (1952) provided an early account of the significance of volatility in
“etermining the optimum combination of expected return and variance in forming
=iHicient portfolios. Despite its vital importance in forming the investors' expectations
=2 affecting investment decisions, the concept of volatility is elusive and context
“ependent. Many studies (Bollerslev, 1987; Chau et al., 2014; Ding et al., 1993;

- :m 1991) laid the foundation for systematically diagnosing time-varying
~omditional volatility. Understanding the attribute of volatility is important in the
“ock market as the decisions of the stock market participants are highly affected by
= level of anticipated risk present in the market. Like any high-frequency financial

me-series data, stock market price and return exhibit volatility clustering (Asteriou
“ 21 2021), which signifies high volatility followed by high volatility and low
=ity followed by low volatility. The permanence of such a pattern of volatility
- wenng entails volatility persistence. Volatility persistence provides a unique

w25t into the market-specific volatility characteristics. Dangal and Gajurel (2021),

8]

¢ study of the volatility of daily Nepal stock exchange (NEPSE) index return
“ime e family of GARCH specification, noted that the conditional variance process
© pemsisient. Similarly, the findings of Rana's (2020) study on the dynamics of time-

T s weisnlny instock returns indicated that volatility persistence was present in

S L memarm of the NEPSE index; however, it failed to confirm the leverage effect.




The noble effort of these previous studies was significant in diagnosing the
woianlity of the Nepal Stock Exchange. However, failing to consider deterministic
sructural shifts in volatility severely questions the unbiased property of estimated
volatility parameters. Lamoureux and Lastrapes (1990) stated that the persistence in
wolzulity may be overstated because of the existence of, and failure to account for,
Seterministic structural shifts in the model. To the researcher's knowledge, the
“eterministic structural shifts have not been considered while diagnosing the volatility
= the Nepalese market setting. This research builds on this methodological gap and
~zznose the persistence and leverage effect of conditional volatility of the Nepal
~ock Exchange in the presence of deterministic structural shifts. The research
“mnes help to assess whether the parameters of persistence and leverage effect are
“wzsed upward in the absence of deterministic structural breaks, as suggested by

~amoureux and Lastrapes.

Further, previous volatility studies, in the context of Nepal, were limited to use
== composite NEPSE Index. Given that the NEPSE index is an aggregate of
“zen subsectors in the Nepal Stock Exchange, the persistence and leverage effect
wowd provide a meaningful attribution if evaluated at the sub-indices level. This
#uy 2dds value as it extends the level of analysis by including all the major sub-

@iices along with the broader NEPSE Index, which provides a more in-depth

“mderstanding of volatility attributes at the sub-indices level.

"5 benefit of this study is two-fold; firstly, the analysis of volatility
Srerstme Seterministic structural shifts provides an assessment of improvement in

S of Nepalese capital market-specific volatility. Secondly, it provides the

SEmmmes Lor e test of market efficiency considering the volatility aspect of the
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Several studies (Abdelzaher, 2021; Hashim & Mosallamy, 2020) in
remational market setting was used to test for market efficiency based on volatility
zutribute; however, not much of the research work in the Nepalese market setting
considered volatility as a measure of market efficiency. Although, notable works of
research delved into the test of market efficiency of the Nepalese capital market
considering broader macroeconomic and political factors such as cash and stock
Zividend announcement effect (Dangol, 2016; Dangol & Bhandari, 2019), the effect
of political events (Adhikari & Phuyal, 2016; Dangol, 2008), adaptive nature of
market efficiency (Jha, 2019), this study uniquely contributes towards testing for
—arket efficiency from the lens of volatility persistence and leverage effect with

;:i:\rministic structural shifts.

Research Question

The continuum of the former problem statement provides a pretext to stipulate
= measurable and objective research question. The heart of this empirical research
“== n diagnosing the volatility aspect of the Nepalese stock market. This study
uiiresses the key issue of considering deterministic structural shifts in diagnosing the
serwstence and leverage in Nepal Stock Exchange. In alignment with this research

“wous, the following research question serves as a guiding framework for this study.

““ow does incorporating deterministic structural shifts in measuring the
sersistence of volatility and the impact of leverage contribute to a more accurate

Sizzmosis of volatility attributes and assess the stock market efficiency within the

“epad Ssock Exchange (NSE)?




Research Objectives

The overarching research question has been subdivided into specific
objectives to address each aspect individually. The following research objectives have

been formulated to provide answers to the guiding research inquiry.

* To diagnose the impact of deterministic structural breaks in measuring
the volatility persistence in the Nepal Stock Exchange.
» To diagnose the impact of deterministic structural breaks in measuring
the leverage effect in the Nepal Stock Exchange.
* To evaluate the level of market efficiency in the Nepal Stock Exchange by
considering the volatility persistence and leverage effect in the presence of

deterministic structural breaks.

Significance of the Study

The research study is significant for understanding the Nepalese capital market
“ 1ts volatility dimension, particularly the persistence and leverage aspects
comsidering structural breaks. The research findings addressing the above research
cusstions and objectives will meaningfully contribute to both academia and the

sractical realm of finance.

Understanding the extent of volatility persistence of the Nepal Stock Exchange
“ wmcover the temporal volatility pattern. Understanding the persistence of
“ o m the presence of structural shifts is crucial for investors and market

Seicments as i allows them to anticipate and manage potential risks for given

SSimamc s noneconomic phenomena inducing such shifts.
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Further, diagnosing the leverage effect in the Nepal Stock Exchange is crucial
= understanding the essence of the asymmetric effect caused by market
mperfections. Understanding the relationship between price movements and
subsequent changes in volatility will shed light on how negative and positive price
—ovements have differing impacts on volatility. The knowledge of the leverage effect
=7ier incorporating structural breaks provides important insight for market participants
=nd regulators in identifying potential inefficiencies. It also provides insight into the
sehavioral aspect of market participants of the Nepalese capital market regarding the
—zgznitude of reaction to negative and positive price movements. The findings will be
== pful for market participants in designing the appropriate market interventions to

“ogce market efficiency.

Incorporating deterministic structural shifts in measuring volatility persistence
un leverage effect addresses the critical methodological gap and potential bias in
=want research conducted in the Nepalese market setting. By considering such
“uctural shifts, this research will assess the accuracy of estimates and enhance the
== zoility of the findings, thus adding to the existing knowledge of the stock market

aulity of the Nepal Stock Exchange.

The inference regarding the market efficiency of the Nepal Stock Exchange
susec on the volatility dimension provides a unique perspective to market

suriopants. This renewed perspective helps market participants and policymakers

Suies mspects, enabling them to devise policies and strategies accordingly.
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Organization of the Study
This research paper is organized over five chapters. Chapter I included the
sretext, introducing and problematizing the issue under study. Further, it outlines the
cding research question followed by research objectives to provide direction and
“=rectivity outlined in understanding the volatility aspect of the Nepalese capital
market. Chapter II extensively investigates the relevant literature concerning market
=Ticiency, from the earliest notable seminal studies to the latest developments in
sehavioral finance. Works of literature are presented chronologically to understand
netier the progression of the competing schools of thought and ideas. The literature
“=ew section also incorporates the leading arguments and critical frames of
“gssions to preserve the discussion context and build up the arguments. Chapter I11
~nes the research methodology used for this empirical study. This chapter further
“=ves into the specifics of sampling techniques, information regarding data
=ction, model specifications, and inherent constraints. In combination with
—rosoft Excel, and data processing software R has been used to accomplish this
“wscarch study. Chapter IV presents the results obtained using graphs and tables. It
" mes descriptive statistics along with concerned statistical results from the model
e fcation from Chapter II1. Chapter V comprises a comprehensive discussion of
s=ss and findings with critical assimilation. The final section of the research is
“omciaded with the summarized synthesis of all the significant characterization of
s retum volatlity in Nepal across major indices. Further, it provides the

“mmicston o existing and further research with due acknowledgement of major

i

sasoms mberited in this study.
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CHAPTER 11

LITERATURE REVIEW

This chapter discusses the relevant research works in the field of the stock
market and its efficiency dynamics. Understanding market efficiency has always been
an area of keen interest to investors and academicians. The estimation of the risk and
return of securities in the market with a reasonable degree of confidence may assist
mvestors in making a superior investment decision and increase the yield on their

“vestment, which is greatly dependent on how well the stock market is able to reflect
= available information in the prices of stock. However, the change in price of
“o0gs is subject to numerous exogenous and indigenous factors, ranging from simple
==mings announcements (Dangol & Bhandari, 2019; Syed & Bajwa, 2018) of the
~wmpanies to the complex psychological and behavioral aspects (Kahneman &
“versky, 1979; Lo, 2004; Odean, 1998) of market participants. A review of all the
=rature in the field of the securities market and its behavioral aspects would be a
wmidable task. This section provides a comprehensive overview of literature related
stock market efficiency in conjunction with an in-depth review of stock return

=ity dynamics and synthesizes prior studies to strengthen the groundwork for this

Empirical Reviews: Volatility Diagnosis

e foundation of volatility modelling lies in the Autoregressive Conditional

“sicdasucity (ARCH) and Generalized Autoregressive Conditional

-~ siesasuaty (GARCH) models (Bollerslev, 1986; Bollerslev et al., 1994).
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These models form the bedrock of understanding volatility patterns, capturing the

=herent clustering of financial data.

i= finance, the systematic study of volatility is a linchpin, weaving together various
~rucial facets of the financial domain. Its significance reverberates across investment
srategies, risk management practices, market regulations, and decision-making
~rocesses. By delving into the patterns and intricacies of market volatility, investors
zain a profound understanding of the inherent risks, enabling them to craft resilient
~ortfolios and make informed investment choices. However, amidst its paramount
mportance, the diagnosis of volatility remains an intricate and elusive pursuit.

Before embarking on analyzing volatility attributes within the Nepal Stock
“«change, an exhaustive review of pivotal empirical studies investigating various
“scets of volatility serves as a crucial preamble. This comprehensive account of

snificant scholarly endeavors establishes the essential context and lays the

——undwork for the subsequent exploration. By delving into these preceding research
-~ -rts, a nuanced understanding of the intricate dynamics of market volatility can be
= wwvated, offering a robust foundation upon which the present study builds its
maliviical framework.

Rana (2020) examined the properties of time-varying volatility of daily stock
woums in Nepal over the period of 2011-2020 using 2059 daily return observations of

e composite NEPSE index. Using symmetric and asymmetric GARCH family

s “cations. the findings indicated that NEPSE confirms the persistence of
v i daily returns over the sample period. Dangal and Gajurel's (2021) study
o wa oo clustering in the NEPSE Index, using symmetric and asymmetric

0 models also revealed a positive link between volatility and the expected
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return of the NEPSE index in the form of risk premium, confirming the persistence in
conditional variance. The growing body of research indicates a substantial focus on
investigating volatility persistence in the Nepalese stock market. These efforts are
driven by the market's expanding complexity and the increasing number of investors
and policymakers engaging with it. Furthermore, these studies reflect a broader trend
in the global financial research landscape, where emerging markets such as Nepal are
caining prominence due to their unique dynamics. The exploration of volatility
persistence in the Nepalese context aligns with international research endeavors,
fostering a comprehensive understanding of market behavior and contributing
valuable insights to the broader field of finance.

The volatility persistence in financial time series also allows for inferences
-=garding the "memory property," which holds considerable significance within the
-~=alm of volatility analysis. Assaf (2016) examined the volatility attributes in MENA
~ountries both before and after the 2008 financial crisis. The study's findings
- zhlighted persistence in volatility, as evidenced by absolute and squared returns,

«hereas the returns exhibited a comparatively weaker indication of long memory.

Advancements in the capital market, especially in trading mechanisms,
.~ierscore the critical need for a systematic exploration of volatility. With the rise of
= zn-frequency trading in the U.S. capital market, studies such as Zhang's (2010) have
~=w=zled a positive correlation between high-frequency trading and stock price

= v, even after accounting for firm fundamental volatility and other external
“wors mfluencing volatility. This underscores the significance of formulating trading

s s 1ailored to the expanding market to accommodate high-frequency trading.

= w—ore. this accentuates the necessity for in-depth studies on the volatility of the
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“epalese stock market, particularly given its promising growth in terms of trading
+olume and frequency.

Another aspect of volatility that has garnered significant attention is an
ssymmetric effect, commonly referred to as the leverage effect. The leverage effect
captures an asymmetry in volatility in response to 'good news' versus 'bad news'. The
study conducted by GC (2008) in the Nepalese capital market did not establish the
oresence of the asymmetric effect of volatility. This lack of confirmation can be
zuiributed to the methodology employed in the study. G.C. utilized the GARCH (1,1)
model, failing to capture the asymmetric effect adequately. The conventional GARCH
model analyzes the effects of squared error terms, giving equal weight to both positive
=nd negative market events. This method fails to capture the nuanced differences in
= market's response to positive and negative events. These constraints of ARCH and
== conventional GARCH model led to the development of methodologies capable of
~zpturing the asymmetric characteristics inherent in volatility. Prominent among these
= volatility specifications such as GJR GARCH (Glosten et al., 1993), eGARCH,
=2 TGARCH (Nelson, 1991), as well as APARCH (Ding et al., 1993).

Alberg et al. (2008) analyzed Tel Aviv Stock Exchange (TASE) indices

« mng diverse GARCH models. This study examined the aspects of market
== ityv. considering both mean returns and conditional variance. Symmetric models
were scrutinized alongside innovative asymmetric GJR and APARCH models,

==z on asymmetric effects. The results highlighted the pivotal role of asymmetric

ISy

_“% i models, particularly those incorporating fat-tailed densities, in enhancing the
wewoe of measuring conditional variance. Notably, the EGARCH was proficient in
S the asymmetric effects in comprehending the complexities of market

Sewor Further. the study of Dangal and Gajurel (2021) also confirmed the presence
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of a leverage effect on the return of the NEPSE Index. Chan et al. (2015) showed that
people hate to lose more than they like to win. Investor’s common mistake of selling
profitable stocks too soon and holding on to the unprofitable ones for too long
(Odean, 1998). Related to loss aversion is the tendency of people to attach a higher
value to an asset simply because it is in their possession, called the endowment effect.
It shows the tendency of the stock market to show lower trading volumes when equity
prices are declining and higher trading volumes when prices are rising. The
phenomenon is clearly due to situational motivation. These unique observations of
mvestment behavior delineate the importance of understanding leverage, which
directly concerns the assessment of market efficiency.

Market efficiency, a cornerstone concept in finance, asserts that asset prices
-=flect all available information—however, the presence and understanding of the
=verage effect challenge this notion. Asymmetric responses to positive and negative
~=ws can lead to exploitable market inefficiencies, where investors might gain
“sproportionate returns by strategically timing their trades based on the direction of
~=ws. Detecting and comprehending the leverage effect is crucial for regulators,
~vestors, and financial analysts. Regulators are required to be aware of these
= mmetries to design policies that ensure fair and transparent markets. For investors,
woomizing the leverage effect can be the key to devising effective risk management
wn wading strategies, improving their ability to navigate volatile market conditions.
“ mumcal analysts, armed with knowledge about the leverage effect, can offer more
wouree forecasts and recommendations, enhancing financial markets' overall
" wmov and stability. Therefore, diagnosing the leverage effect is not only a

Szl pursuit but a practical necessity that significantly influences the

“wsemomng and perception of market efficiency.
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Incorporating deterministic structural shifts is pivotal in accurately measuring
colatility persistence and the leverage effect. These shifts, often stemming from
significant economic, political, or regulatory events, introduce crucial nuances into
market dynamics. Ignoring these shifts can lead to biased estimates of volatility
persistence and the leverage effect. As noted in the study of (Lamoureux & Lastrapes,
1990), the estimate of persistence and leverage may be overstated when deterministic
structural shifts are not considered. Several other studies (Abdennadher & Hellara,
2018: Assaf, 2016) confirmed the validity of biased estimates of volatility attributes in
the absence of deterministic structural shifts. Results indicated that standard
)ARCH models applied to series with sudden volatility changes indicated higher
colatility persistence than actual. Aggarwal et al. (1999) and Ewing and Malik (2005)
=sed this methodology to detect shifts in the volatility of stock returns in emerging
—arkets and exchange rates, respectively, and concluded that volatility persistence is
~verestimated if these deterministic breakpoints are ignored. Hamilton and Susmel

1994) argues that a good model should account for structural or regime shifts. The
_ung-Box test for serial correlation is a useful diagnostic test for misspecification in
=z variance equation. Ewing and Malik conclude that accounting for volatility shifts
~-msiderably reduces the volatility transmission and, in essence, removes the spillover
=~=c1s. Ignoring regime changes may significantly overestimate the degree of

~ == lity transmission between the conditional variances of small and large firm
=== Failing to consider structural shifts may even lead to incorrect inference.
“vemeid and Inoue (2001) showed that the structural breaks in a series are
mwerpreted as the presence of long memory in a series. Long memory in a series

« woresented by an autocorrelation that decays asymptotically and represents

Lememciemce on its past values. A structural break in a series may instigate the slow
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iecay in the autocorrelation (Lamoureux & Lastrapes, 1990), and it may be construed
=5 the presence of long memory in a series (Granger & Hyung, 2004). Thus, assessing
the role of the structural changes in the models that estimate the long memory is
=<sential before the conclusions are drawn. Meanwhile, study of Granger and Hyung’s
study noted that models incorporating occasional-break performed marginally better,
however, the empirical results suggested a possibility such that, at least, part of long
memory may be caused by the presence of neglected breaks in the series. By
integrating these structural breaks into the analysis, researchers can capture the true
‘mpact of market events on volatility patterns and asymmetric responses to news. This
-onsideration is expected to enhance the analysis's precision and ensure that the
“ndings reflect the genuine complexities of market behavior. Therefore,
scknowledging and incorporating deterministic structural shifts are fundamental in
-onducting a comprehensive and accurate assessment of volatility persistence and the
=verage effect, providing valuable insights into market efficiency and investor

~chavior.

Considering the deterministic structural shifts and their impact on persistence
=4 asvmmetry raises a unique concern about what kind of events led to such shifts in
~==ms. Delving into existing research has unveiled various factors contributing to
== in stock market volatility. The detailed examination of studies focusing on
~ === causing such shifts in financial time series provides a foundation for delving

=1 “me broader literature encompassing various events that influence market

~=aeics and contribute to volatility fluctuations.
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Macroeconomic and Political Factors Affecting Stock Market

Raddant and Kenett (2021) outlined that the global financial system is
highly complex, with cross-border interconnection and interdependencies. This
interconnectedness has resulted in the more propagated transmission of financial
shocks and events into the global arena and might amplify into a global event. It

analyzed the dependencies among 4,000 stock markets from 15 countries. The
“indings suggested that the energy, materials, and financial sectors are leading in
-onnecting markets. This role has increased over time for the Energy and Materials
sectors. The study concluded that the dependencies are rather volatile and that
~=terogeneity among stocks is a non-negligible aspect of this volatility. It also noted
~at the transmission mechanism between financial markets could have been more
“=ble but governed by changing volatility and interdependence of stock contribution

2CTOSS countries.
Hashim and Mosallamy (2020), in a comparative study between the Egyptian

=3 15
—_—ra a2

e US markets on the impact of presidential election outcome announcements on
= stock market return and volatility, concluded that both markets efficiently
w==orhed the news and reflected it into stock prices and no statistically significant

== in volatility were detected. It was an effort to provide a comparative

“ersianding of different markets' behavior toward presidential outcome

-——teie g

smcements. It has provided a glimpse of whether the markets at different

wmemc development stages present similar efficiency in reacting to presidential
% 2=z and Hooy (2021) studied the market response towards different types of
w o coemected firms during political events. The author noted that in emerging

ST S a

norm for firms to be politically connected. More often characterized
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v a weak legal framework, corporations exploit the system by investing in political
rent-seeking. The study aimed to understand whether investors consider any value of
the firms' political connection and, if so, which information might influence investors
10 bid up the firms' stock prices. The research result indicated that the market reacted
more negatively towards government-linked companies and firms connected to family
members of the government leaders than other politically connected firms. The author
also presented that the stock market could have been more favorable towards firms
connected through the close relationship between businesspersons and government
leaders.

Kirana and Sembel (2019) study the effect of the presidential election on the
tock market performance of the Indonesian stock exchange. The study set out to
~xamine whether there was any abnormal return around the presidential election
~eriod. followed by an examination of whether abnormal return and trading volume
sctivity significantly differed before and after the presidential election period. The
~=search findings suggested no abnormal returns around the presidential election
~=riod and reported no differences in the average abnormal return before and after
==t events. Kirana reasoned that not finding a significant difference in abnormal
s during the election might be due to the irrelevance of information. Meanwhile,
. mesult showed a significant difference in average trading volume activity before
w =72r most of the events. Besides, the difference was found to be positive, as the
w5 showed an increase in average trading volume activity after the event period

- ==rv event. This led to the conclusion that the presidential election positively
« == the volume of stocks traded on the market around the event period.

“dhikari and Phuyal (2016) studied the influence of political events on stock

—_——
e ——

.= wolatility in Nepal. The authors undertook a survey approach to identify the
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‘nvestors' and brokers' perceptions of the factors affecting the volatility of stock
market return, followed by a multivariate analysis to test the significance of the
“actors identified in explaining the stock market volatility. Further, the authors
attempted to trace the relationship between political instability and stock market
volatility. The research result indicated that many investors and brokers identify
nolitical events as influencing factors in the share market. The authors indicated that
they failed to establish a linear relationship between the role of usual economic
variables on the variation of the NEPSE index. Meanwhile, the historical tracing of
~olitical events strongly influenced the share market volatility. Adhikari and Phuyal
=xamined the effect of change in the prime minister on the average NEPSE index
~om 2003/4 to 2013/14. The researchers noted the average NEPSE index value five
“avs before and after the commencement of the prime minister's term, along with an
verage of five days before and after the NEPSE Index value at the end of the term.
e research was a simple descriptive analysis of the change of prime ministers.
~=vertheless, the simple descriptive outlining of the events manifested few important

~servations. The study showed that the highest surge from 2003/04 to 2007/08 was
we=2 with the increase in the NEPSE index by 295.79 points in the event of the
- o= =2 of the comprehensive peace agreement. During that period, NEPSE reached
= = zhest of 1175.38 points till 31st August 2008. It showed that anticipation of a
woowz political environment greatly increases market confidence and growth.
“m arv_a decrease in the index was reported when an unstable political
wmment negated investors’ expectation of a stable political scenario.

“azir et al. (2014) investigated the relationship between uncertain political

“wmms i their positive, negative, or neutral impact on the stock market of the KSE-

' moew using the major political events. Using the mean-adjusted return model and
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=vent study methodology, the authors concluded that the Karachi Stock Exchange was
nefficient for a short period. It was reported that it usually took 15 days to reflect the
=ffect of information on the prices of the securities. The authors pointed out that
zlthough political events do not have any direct relationship with stock markets, they
are considered one of the main factors that may affect the stock market. It also
stipulated that a stable political situation has a low systematic investment risk,
=ncourages growth and capital investment, and improves the overall economy's
performance.

Bechtel (2009) in his work examined the relationships between democratic
~olitics and systematic investment (or capital) risk. Low risk was considered
~onducive to a well-functioning economy, facilitating capital investment, growth, and
~conomic performance. The study distinguished pre-electoral, post-electoral and
~stitutional factors and examined their influence on the systematic investment risk.

" e study results concluded that more favorable and reliable investment conditions
~uming the incumbency of right-leaning government lead to lower investment risk.

‘=anwhile, the left-leaning government was associated with less favorable and higher
= =stment risk. The grand coalition government, as well as periods of coalition
~rmation, triggered the higher investment risk.
Biatkowski et al. (2008) studied 27 OECD countries to examine the stock

=zt volatility around national elections. It was noted that several factors, such as a
memow margin of victory, lack of compulsory voting laws, change in the
owemmment's political orientation, or the failure to form a government with a
“wrwmentary majority, significantly contribute to the magnitude of election shock.

o market participants reacted more volatilely during closely contested races,

W were expected to result in a shift in the government's political orientation and




23

when governments did not secure parliamentary majorities. In contrast, the
compulsory voting laws led to reduced election shock. Researchers suggested that
enacting such laws led to higher voter turnout, which improved the accuracy of pre-
election surveys, reducing the volatility. The research findings concluded that markets
with short trading histories reacted more strongly to the national elections. The stock
prices reacted strongly in response to the unexpected result and were found to be
temporarily elevating the level of observed volatility.

Beaulieu et al. (2006) investigated the short-run effect of the Quebec
referendum on the return of the common stock of Quebec firms. The research
findings suggested that political events had a statistically significant and positive
impact on returns and trading volume of financial markets. The researchers argued
that the uncertainty surrounding the expected result of the referendum and the fact
that Quebec would remain within the Canadian federation probably yielded a
~ositive impact. It was further argued that if the market participants had negatively
~onceived the referendum outcome, there would probably have been no reaction,
= ven the large decrease in market level, when it became apparent that the

~=“=rendum outcome could not be anticipated. The result indicated that the political
mcertainty surrounding the major political events can have a short-run impact on the
==z of securities.

Onder and Simga-Mugan (2006), studying how political and economic news
“ows emerging markets, suggested that the effect is reflected in the volatility of
s and trading volume in the emerging market in varying degrees. The result of

“w s suggested that both economic and political factors, as well as specific

s cmaracteristics, should be considered by investors when making an

Eesament decision.
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Bartov et al. (2000) provided a more detailed interpretation from the traders’
perspective. After the quarterly earnings announcement, they observed the market
inefficiency as manifested in the amount of drift in abnormal securities return. They
suggested that the trading activity of unsophisticated investors was the main cause of
the changes in stock returns after earning announcements. However, it was observed
that institutional investors caused the continuation of the post-earnings announcement
to drift after they had processed earning information appropriately. The paper argued
that public news with clear information value implications will lead to lower trading
Volume and smaller drift. They found that the high residual volume generated due to
an earnings announcement implies a stronger drift, whereas low residual volume was
associated with a weaker drift. The authors indicated that in the case of the positive
carnings announcement, higher trading volume was observed after controlling for
orice changes and firm characteristics, suggesting a stronger drift. Meanwhile, in the
-ase of negative news, the author found no systematic relationship between trading
-olume and subsequent returns, possibly due to additional noise like institutional

=rangements such as constraints on a short sale.

Theoretical Review

Understanding market efficiency, even in its nominal form, is crucial for
~wmenz the impact of volatility on stock market prices and returns. Theories
“wmumding market efficiency and the behavioral tendencies of market participants
= » conceptual framework for evaluating financial markets and comprehending
W% mioemation is incorporated into asset prices. This conceptual understanding has a

“ wiomcal backdrop, dating back to the early 20th century. Notable contributors to

0 wm nclude Bachelier (1900), Cowles and Jones (1937), Kendall and Hill
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(1953), and Working (1934), who laid the foundation for the concept of the Random
Walk Hypothesis (RWH). The RWH posits that successive price changes in securities
are independent and random. Early empirical validations of the RWH primarily
focused on the statistical independence of securities prices, marking the test of the
weak form of market efficiency. Over time, attention shifted to the impact of publicly
available information on securities prices, reflecting the semi-strong form of market
efficiency. Researchers like Richards (1975) delved into the market-making
mechanisms, illustrating how efficient markets lead to prices converging with
intrinsic values due to competitive investor interactions. This convergence occurs
through rapid adjustments in response to new information, resulting in seemingly
random successive price changes. These theoretical developments serve as a backdrop
‘or understanding the intricate relationship between market efficiency, information

=ssimilation, and the nuanced influence of volatility on financial markets.

Random Walk Hypothesis

The controversy surrounding determining securities prices, rooted in the
“andom Walk Hypothesis (RWH) proposed in the late 1950s, has been a focal point
~ “nancial research. The RWH asserts that successive changes in security prices are
~w=:om. preventing investors from earning abnormal profits based on past behavior.
“ .+ empirical evidence supporting the RWH was presented by Roberts (1959) and
“omme (1959), highlighting the random characteristics of securities prices. Bachelier
%4 nitially explored this concept of randomness, suggesting that speculation in

“ oot commodity markets resembled a "fair game," where price changes were

“oww - kely 10 increase or decrease, implying unbiased future price estimates from

s =ces. Later studies, notably by Kendall and Hill (1953) and others (Cowles
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& Jones, 1937; Fama, 1991; Fama et al., 1969; Mandelbrot, 1966), reinforced the

independence and randomness of successive price changes in securities.

Theory and Development of Efficient Market

As the evidence supporting securities prices adhering to a random walk grew,
the scholarly focus shifted towards elucidating the market-making processes
underpinning this observed randomness. At the core of comprehending the seemingly
stochastic nature of stock prices lies a profound understanding of market-making
mechanisms. This systematic conceptualization and rigorous investigation of the
market-making mechanism laid the foundation for formulating the Efficient Market
Theory.

Samuelson's seminal work in 1965 demonstrated that current securities prices
comprehensively incorporate all available information in an efficient market, leading
o random price fluctuations. However, it became evident that this characterization
'nly partially mirrors real market complexities. Subsequently, Fama et al. (1969)
~=fined the conditions for market efficiency, asserting that information should be
. Ticiently accessible to investors, transaction costs must be reasonable, and
wmmetry in investor information should not consistently yield abnormal profits.

* hards (1975) emphasized that deeming a market efficient extends beyond price
= =pendence. While random securities pricing is a facet of market efficiency, the
vz« form of the Efficient Market Hypothesis (EMH) suggests that historical price

wouences do not offer superior value for investment decisions or predict future

Exploring further into understanding the Weak Form of Efficiency and the

wwrent randomness in securities prices, attention shifted to assessing market
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efficiency concerning the information derived from publicly available sources. This
shift led to the Semi-Strong Form test development within the Efficient Market
Hypothesis framework. The Semi-Strong Form tests are intricately concerned with
evaluating the extent to which securities prices promptly incorporate publicly
available information. The essence of the Semi-Strong Form Test lies in scrutinizing
the swiftness with which information adjusts securities prices in response to new
data. In a seminal study conducted in 1969, Fama et al. undertook a comprehensive
investigation outlined in their pivotal paper, "The adjustment of stock prices to new
information." Through this study, they sought to discern if there were distinct
patterns in the rates of return on split securities in the months surrounding the split
event and, if so, to what extent these patterns could be attributed to relationships
between splits and changes in other fundamental variables.

Their research revealed that historical stock splits were frequently linked to
significant dividend increases, creating a signaling effect wherein the split
=nnouncement indicated a growing stream of expected income from the shares. On
=verage, the market's assessment of the information conveyed by a split was fully
~corporated into share prices, typically by the end of the split month and often
—mediately after the announcement. Consequently, the study concluded that the

=ock market demonstrated efficiency, characterized by rapid adjustments of stock
~~ces to new information. Interestingly, when considering the information impact of
~udend changes, the apparent price effect of the split disappeared. It is indicated
“ux the split influenced price adjustment only to the extent associated with the
wcipated change in expected dividends. As a pioneering study in the semi-strong

~ st of market efficiency, the methods and outcomes of this research hold

o= “cant scholarly interest.
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In an efficient market, securities prices are anticipated to reflect their "intrinsic
value" based on all readily available information. Early advocates of market
efficiency, such as Mandelbrot (1966) and Samuelson (1965), envisioned an
idealized market scenario where information is freely accessible to all participants,
and these participants share homogeneous expectations regarding the impact of
current information on current prices and the future price distribution of each
security. The intrinsic value of securities may fluctuate due to the introducing of new
information. Rapid adjustments of prices to new information result in successive
price changes that appear random. However, if new information is introduced
gradually, successive price changes demonstrate dependence, weakening market
efficiency.

In the study conducted by Scholes (1972) on the impact of large secondary
offerings on securities prices, it was found that the subsequent fall in prices was not
due to additional share pressure, indicating no correlation between block size and
price decline. Instead, this price reduction was attributed to implicit information
within the offerings. Scholes argued that in an efficient market, trades are influenced
~v available information, yet the market's competitive nature prevents any single
~=ce of information from significantly affecting prices. Consequently, sales

~dicating possession of valuable information lead to share price drops, reflecting the
~pected value of the information. Similarly, buyers adjusting portfolios consider the
= ler's information value, affecting purchase prices. Large trades with higher
~“~rmation value are sold at reduced prices to account for the anticipated impact of

- information. In another study by Ball and Brown (1968), examining the impact of

w-ual earnings announcements on stock prices, it was observed that the market

«= congruently with deviations between expected and actual earnings, resulting in
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price declines for lower-than-expected earnings and vice versa. These findings align
with the Efficient Market Hypothesis (EMH), which posits that individual investors
form rational expectations, market information is efficiently aggregated, and
equilibrium prices reflect all available information. Despite these principles,
behavioral finance researchers challenge this assumption, contending that human
behavior introduces systematic biases and deviations from rational decision-making,

complicating the idealized efficiency of the market.

Behavioral Theories
Critics of the Efficient Market Hypothesis (EMH), notably Kahneman and

Tversky (1979), have significantly challenged the conventional market depiction of
=fficiency due to the prevalence of behavioral biases among individual investors.
These critics have underscored several inconsistencies about the foundational
orinciples of utility theory upon which the classical EMH is built. The real market,
“hev argue, exhibits investment behavior far more intricate than what is idealized by
—arket efficiency theories. One compelling argument against the EMH comes from
~-ospect theory, which elucidates the impact of behavioral biases on investors'
“=zision-making. This theory highlights that individuals tend to undervalue
- habilistic outcomes compared to certain outcomes. For instance, when presented
+ = investment alternatives "A" and "B," where "A" offers a guaranteed payoff of

). while "B" promises a $3000 profit with a 50% probability and nothing with a

srobability, test subjects consistently preferred the certain payoff of "A" over the

= ==~listic outcome of "B," despite the latter's higher expected payoff of $1500.

Similarly, in scenarios involving losses, individuals opt for probabilistic

wwomes that involve a certain loss over those with a higher expected loss,

Swwessng a tendency known as the certainty effect. A study by Chau et al. (2014)
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also revealed a noteworthy increase in the volatility of Islamic indices during political
unrest. In contrast, these uprisings had little to no significant effect on volatility in
conventional markets. This research indicates that market participants frequently
exhibit predictable and financially detrimental behavior, if not outright irrational,

challenging the assumptions of market efficiency.

Antony (2019), while characterizing the investors, it was evident that investors
were interested in optimizing returns. The proponents of behavioral finance
(Pasewark & Riley, 2010; Ricciardi & Simon, 2000; Thaler, 1999) argued that the
process of optimization of investment decisions involved cognitive illusions. These

cognitive biases cause asymmetry in market response.

Adaptive Market Hypothesis

The Adaptive Market Hypothesis (AMH), a relatively recent theory in
“nancial markets, challenges the conventional belief that market participants are
-onsistently rational and that markets operate efficiently. The AMH proposed by
“ndrew Lo in 2005 offers a comprehensive perspective on financial development.

~like traditional theories like the Efficient Market Hypothesis (EMH), which
«=sume rationality and perpetual market efficiency, the AMH acknowledges the
~—=act of human behavior on financial markets. Numerous studies have revealed the
~erent irrationality in human behavior and the occasional inefficiency of markets.
= AMH recognizes these irrational tendencies and illustrates how such behavior

~w» ==2d to market inefficiencies.

Moreover, the AMH provides a more realistic portrayal of financial markets.

.= the EMH, which presupposes constant market equilibrium, the AMH

W ates the dynamic nature of financial markets. It recognizes that markets are in
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constant flux, with participants adapting to evolving conditions. Empirical evidence
substantiates the AMH's viewpoint, indicating that markets frequently deviate from

equilibrium, underscoring the hypothesis's validity (Lo, 2004).

Despite its attempt to reconcile the Efficient Market Hypothesis (EMH) with
its behavioral critiques, the Adaptive Market Hypothesis (AMH) has faced criticism
due to its challenge in producing consistent deductive tests of hypotheses. There
needs to be more consensus among scholars regarding the appropriate methodologies
for testing AMH. Additionally, the AMH posits that market participants are not
always rational, a claim difficult to establish or refute conclusively. Another critique
centers on AMH’s broad and generic nature. While it aims to elucidate various
financial phenomena such as market efficiency, bubbles, and crashes, the
interconnections among these events and how the theory comprehensively explains

them remain unclear.

In contrast to the classical EMH, the AMH acknowledges the occasional
=mergence of arbitrage opportunities (Lo, 2004, p. 24), citing the observations of
srossman and Stiglitz (1980). These opportunities are crucial as they incentivize
~formation gathering, sustaining the essential aspect of price discovery in financial
—arkets. Adopting an evolutionary standpoint, the existence of active liquid financial
—arkets implies the presence of profit opportunities. As these opportunities are
~oloited and disappear, new ones continually arise due to the demise of certain
=arket elements, the emergence of new entities, and changes in institutions and
== ness conditions. Instead of the linear progression towards higher efficiency
w=_ cted by the EMH, the AMH suggests a significantly more intricate market

~ w=mic. This complexity involves cycles, trends, and phenomena such as panics,

=25 bubbles. and crashes, all commonly observed in natural market ecologies.
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The analysis of market volatility serves as a critical link between the
underlying theories of the Efficient Market Hypothesis (EMH), Prospect Theory, and
the Adaptive Market Hypothesis (AMH). The framework of the EMH, which posits
that all available information is already reflected in stock prices, is challenged by
periods of significant volatility in the index returns. Volatile market behavior
suggests that unforeseen events or human behavioral biases influence prices,
deviating from the EMH's expectation of market efficiency. On the other hand,
Prospect Theory illuminates the psychological factors at play during volatile periods.
Investors tend to be risk-averse in gain situations but risk-seeking in loss situations,
impacting their reactions to market fluctuations. Meanwhile, the AMH accommodates
market volatility within its adaptive framework. It recognizes that markets are not
always in equilibrium, allowing for the emergence of arbitrage opportunities and
=xplaining the dynamic nature of market volatility. By integrating these theories, an

~-depth understanding of market volatility emerges, revealing the intricate interplay

~etween rationality, human behavior, and market adaptability in shaping financial

markets.
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CHAPTER 11

RESEARCH METHODOLOGY

Research Design

This study uses a longitudinal research design. The daily sequential return and
volatility dimension is measured over twenty years, from 2003 to 2023. The nature of
the study requires us to investigate the temporal dimension of the volatility aspect of
the Nepalese capital market to decipher time-\{arying volatility. This study takes a
positivistic approach to evaluate the volatility using the various asymmetric models in
the GARCH family, such as GIRGARCH, EGARCH, and APGARCH. Further, the
breaks in volatility clusters are identified based on the approach suggested by Bai and

Perron (2003b, 2003a).

Population and Sample
The data set consists of daily returns calculated based on NEPSE and
‘mirteen sub-indices from 2003-07-17 to 2023-03-14 obtained from the Nepal Stock

~«change (NSE) repository. Following is the list of indices used in this study.

i -_?:e 1
* of Indices

e Observation Period
=PSE Index 4525 2003-07-17 to 14-03-2023
mmercial Bank Index 4525 2003-07-17 to 14-03-2023
=w=lopment Bank Index 4525 2003-07-17 to 14-03-2023
sance Index 4525 2003-07-17 to 14-03-2023
=is Index 4525 2003-07-17 to 14-03-2023
“w.aro Power Index 3597 2007-07-03 to 14-03-2023
=sament Index 483 2021-02-25 to 14-03-2023
» I=surance Index 4525 2003-07-17 to 14-03-2023
smefacturing Index 4525 2003-07-17 to 14-03-2023
=wfmance Index 1414 2017-01-11 to 14-03-2023
sl Fund 634 2020-07-16 to 14-03-2023
fe Insurance 1062 2018-07-17 to 14-03-2023
=s Index 4525 2003-07-17 to 14-03-2023

fine Index 4525 2003-07-17 to 14-03-2023
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The Nepal Stock Exchange has been publishing the index data since February
12, 1994. This study, however, considers the period from 2003 to 2023 due to the
availability and completeness of daily data. High-frequency daily data are better able
to provide granular information and capture short-term fluctuations concerning the
daily price movement. Including all the sub-indices and the NEPSE index in
evaluating the volatility dynamics can provide a more comprehensive understanding
of Nepalese capital market behavior and offer insights into specific sectors. The
objective of this study is limited to the diagnosis of volatility from a macro
perspective; hence, it does not include the analysis of data at the scrip level, which

could limit the ability to provide the inference of volatility on individual stocks.

Research Hypotheses

The following research hypotheses are set out to provide inference based on the

research questions.

H1: Volatility persistence in the Nepal Stock Exchange is biased upward in the
absence of deterministic structural breaks. (Lamoureux & Lastrapes, 1990)

H2: The leverage effect in the Nepal Stock Exchange is biased upward in the absence
of deterministic structural breaks. (Lamoureux & Lastrapes, 1990; Abdelzaher,
2021)

“3a: The measure of volatility persistence with structural breaks indicates the weak
form of market inefficiency in the Nepal Stock Exchange.

“*5: The measure of leverage with structural breaks indicates the weak form of

market inefficiency in the Nepal Stock Exchange.
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From the graphical representation of returns in Figure 1, which pertains to
the NEPSE Index as a whole, it is evident that there is a discernible pattern of
conditional volatility. This pattern includes extended periods of low volatility
followed by subsequent periods of both low and high volatility, thus indicating a
cyclical nature in the volatility levels. The subsequent section delineates the
specifications of the volatility modeling and its underlying intricacies employed in

this study to assess the volatility characteristics within the Nepal Stock Exchange.

Model Specification

The time-series data exhibit characteristics such as volatility clustering and
memory properties, where past innovations impact expected volatility positively or
negatively. It is essential to consider specifications capable of capturing time-varying
conditional volatility. Some notable models are the Autoregressive Conditional
Heteroskedasticity (ARCH) model introduced by Robert F. Engle in 1982 and the
Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model
sroposed by Bollerslev in 1987. These models, which consider lagged squared
~=siduals and volatility, primarily capture the effect of information shocks, and lagged

-onditional volatility.

Volatility clustering, on the other hand, is a prevalent phenomenon observed
= nigh-frequency daily stock return data. It is characterized by alternating periods of
- zh and low volatility. The sequence of high volatility followed by high volatility
= low volatility followed by low volatility, as documented by Asteriou and Hall

21). is a distinctive feature signifying volatility persistence. The study of volatility

~~=:stence and the analysis of the differential impact of 'positive shocks' versus
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'negative shocks' provide valuable insights into how market participants react to

varying market conditions.

The applicability of ARCH specification is of limited use as it considers only
the impact of past information shocks. GARCH specifications improvise to capture
the effect of lagged conditional volatility and information shocks measured by
squared error terms. However, the benefit of standard GARCH is limited to measuring
the symmetric effect. Due to this limitation, various families of GARCH
specifications capable of capturing the asymmetric effect are used to diagnose the
volatility of the Nepal Stock Exchange. Specifically, three widely recognized models,
namely GJRGARCH (Glosten et al., 1993), EGARCH (Nelson, 1991), and APARCH

(Ding et al., 1993), are used to evaluate the asymmetric effect of volatility.

Engle’s model suggested that the variance of the residuals at time ¢t depends
on squared error terms from the past periods. Engle suggested modeling both the
mean and the variance simultaneously when it is suspected that the conditional
variance is not constant (Asteriou & Hall, 2021, p. 311). The diagnosis of index return

is based on the average daily price return, which is evaluated as follows:

It — lt-l

=
T

Where, I, represents the index value of indices at time t.

The Ljug-Box test statistic is used to test the serial correlation, signifying the
. 2CH effect in the series. Since the return series is calculated as the first difference

“the subsequent index value, it constitutes the integrated series of order 1 [I(1)].

The GARCH framework uses the residuals from the best-fitted mean model.

determine the optimal AR(p) and MA(q) order, this study uses the R 4.3.0
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“forecast” package “auto. arima” function in “R Software”™ to evaluate the ARMA

order.

ARMA Model Specification
The following equation is regarded as a mean equation in GARCH

framework;
r=pu+E 8imi + I Ve e | el = iid N(0,07)

Where,

u represents the constant mean return of the series, 7;_; represents the lagged
return of pt" order, e,_; represents the error term of ¢** order. The variance of error
term is expected to have independently and identically distributed with zero mean and

of variance which is affected by the new information set at time t represented by ;.

Standard GARCH Model

Previous research has demonstrated the efficacy of the GARCH (1,1)
specification as a parsimoniously parametrized model (Bollerslev et al., 1994). The
finding of the study by Hansen and Lunde in 2005 further reinforced this empirical
finding. Their study rigorously tested the predictive performance of 300 different
volatility models, comparing them to the GARCH (1,1) model. Surprisingly, their
analysis revealed that none of the widely recognized volatility models exhibited a
significant superiority over the GARCH (1,1) model when it came to forecasting
=xchange rate and stock market volatility. Therefore, this study uses the GARCH

1.1) parametrization for exploring both ARCH and GARCH effects.

re=u+IL Siri + 2L viei e
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2Ll 2 2
of = w+ B0, + ajef_4

Bi=20;a, 20,8 +a; <1

The model specifies that the volatility of the current period is affected by the
lagged squared error term (acting as a new set of information) and lagged variance.
The persistence is measured as the sum of 8; and a,. The standard GARCH
considers only the absolute aspect of innovation signified by the squared lagged error
term. Thus, the large positive shock (positive error term) will have a similar effect on
expected volatility compared to that of large negative shocks (negative error term).
However, for the financial time series data, it is expected that negative shocks (“bad
news”) in the market have a larger impact on volatility than do positive shocks (“good
news”) of the same magnitude as postulated by Prospect Theory (Kahneman &

Tversky, 1979).

Therefore, the standard GARCH would be of limited use in diagnosing the
stock market volatility characteristics in terms of studying the behavior of market
narticipants. For this purpose, this study employs the variation of the GARCH

‘ramework, which is capable of accounting for asymmetric effects in volatility.

GJR GARCH

Glosten, Jagannathan, and Runkle (1993) proposed the variant of GARCH
=odel to capture the asymmetries in terms of negative and positive shocks. The model

~ecification of GJR GARCH is as follows.

re=p+E 8+ ziQ=1Yiet-i + e
e.| Q; = iid N(0,0?)

e 2 2 2
of =+ pr0f_y +61ef_1dy + 1874

B, =0;a,=0;6,20; py+a,+6, <1
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Where, d,_, is the dummy variable which takes value 1 for e,_; < 0 and 0
otherwise. This differentiates the impact of goods news and bad news. The above
model specification can be extended to the following two equations to further its

understanding.
When e,_; > 0 = 02 = 0 + p10% 1 + a1el,
While e,_; < 0 = 02 = @ + B107, + (6, + ay)ef;

Thus, the sum of 8, + a, shows that the impact of bad news is higher by 6,
compared to that of good news. For value statistically significant (8, > 0 ) coefficient
implies the presence of leverage effect in evaluating volatility. The presence of
leverage effect indicates the asymmetric market reaction to “good news” vs “bad
news” of equal magnitude. The persistence is indicated by the sum of p; + 8, +

0.5 X a;.

Exponential GARCH (EGARCH)

Nelson (1991) initially proposed the concept of exponential GARCH

EGARRCH). The model is specified as;
e =p+I 6 + z?:ﬂ’iet—i + e
e.| Q, = iid N(0,0?)

( €r—1 ) €t-1
VOi, Vot

EGARCH also captures the asymmetric effect present in volatility. In

In(6f) = w + B, In(af,) + @,

+ 6,

=GARCH, it considers the log of variance in evaluating the leverage effect. This

—akes the leverage effect exponential rather than quadratic, which ensures that the

~<timates of conditional variance are always non-negative. The parameter capturing
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the leverage effect in above model is 6,. For 8; = 0 implies the absence of leverage
effect. Meanwhile, 8; < 0 implies the greater impact of negative shocks whereas,
6, > 0 implies the greater impact of positive shocks in expected volatility. The

persistence in volatility is indicated by GARCH parameter ().

Asymmetric Power ARCH Model (APARCH)

Ding et al. (1993) proposed the Asymmetric Power ARCH model. This model
can well express fat tails, excess kurtosis, and leverage effects. The model

specification used in this study is as follows;

n=p+ZL6mi+ Z?:ﬁ’iet—i +e;

e.| Q, = iid N(0, 6?)

0}¢ = + ‘310'?_1 + a;y(lee—q| — 93t—1)¢

The 6, indicates the leverage term. For 8; parameter captures the effect of
past conditional volatility. The persistence of the model is given by, B; + a;k; where
i, is the expected value of the standardized residuals z; under the Box-Cox

rransformation of the term which includes the leverage coefficient 8; (Ghalanos,

2022).

Following the methodology proposed by Cappiello et al. (2006), an exhaustive
—odel selection process was undertaken to determine the most appropriate volatility
secification for each sub-index. The best-fit model was selected based on a
~omprehensive assessment of criteria that included Log-Likelihood, Akaike
~‘ormation Criterion (AIC), and Bayesian Information Criterion (BIC). However, it

worth to note that there is no consensus on the superiority of one model over

wother (Kohonen, 2013).
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Structural Breaks

Bai and Perron (2003a, 2003b) have defined structural shifts as deterministic
changes in the parameters or characteristics of a time series data-generating process.
These shifts often manifest as abrupt and significant alterations in time series
volatility, typically resulting from changes in external economic, financial, or social

factors affecting the returns of financial assets.

It is noteworthy that previous research has underscored the potential
overestimation of parameter estimates due to such structural shifts (Abdelzaher,
2021). Additionally, an analysis of daily stock-return data and a Monte Carlo
Simulation experiment have lent empirical support to the hypothesis that GARCH
measures of variance persistence can be highly sensitive to the misspecification of
models caused by the omission of deterministic breaks (Lamoureux & Lastrapes,
1990). These findings underscore the importance of accounting for structural shifts in

modeling and parameter estimation processes.

In the context of our analysis, structural breaks were identified using the
method developed by Bai and Perron (1998, 2003a, 2003b). Subsequently, these
dentified structural breaks were incorporated into the analysis of volatilit;' models.
The 'strucchange' package built-in R 4.3.0 was employed to identify the deterministic
structural shift processes suggested by Bai and Perron. This method offers distinct
zdvantages, primarily due to its capacity to internally detect multiple structural shifts
~hile also providing the means to account for heterogeneity and autocorrelation

within the residuals.

The methodology assumes that there are m breakpoints where coefficients

=111 from one stable regression relationship to another one. The process will produce
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m+1 segments in which the regression coefficients are constant, and the model can be

presented as:
Vi =x,-B,-+ei (l =ij_1+1, ...,ij, j= 1, ...,m+1)

Where, j denotes the index of segment. The number of segments signified by
i; are usually estimated endogenously. The breakpoints are estimated as such the
residual sum of squares (RSS) of the above equation is minimum. The R
documentation states that the algorithm for computing the optimal breakpoints given
the number of breaks is based on a dynamic programming approach. The main
computational effort is to compute a triangular RSS matrix, which gives the residual

sum of squares for segment starting at observation i and ending at i’ with i < i".

Bayes Information Criteria (BIC), Akaike's Information Criterion (AIC) and
Residual Sum of Squares (RSS) were used to select the optimal number of breaks.
Caution was made in using the BIC, as it was found to choose a much higher value
than the true one in the presence of serial correlation (Bai & Perron, 2003a). In
addition to information criteria, the "sequential” method was used to validate further
the optimal number of breaks, which was proven to be a more appropriate

characterization for detecting the break in the study by Bai and Perron. Initially,
breaks were estimated with h = 0.15 followed by referring to supreme F (k + %)

test performed to detect the presence of (k + 1) breaks conditional on having k
sreaks. Based on the test statistics, the optimal breaks were identified for rejecting k
nreaks over (k + 1) breaks. That implied the sum of k squared residuals, over all the
=zments, including an additional break, was sufficiently smaller than the square of

~< residual sum from the model with k breaks. The dates selected represent the

~oundary dates at which the breakpoints were identified.
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Later, such structural shifts are retrospectively associated with the broader
macroeconomic and political events surrounding the dates of identified structural
shifts. It provides additional insight in characterizing the impact of broader
macroeconomic and political events on leverage and the persistence of volatility in the
capital market of Nepal. The results of this study enable us to infer the market
efficiency of the Nepalese Stock Market. The study does not investigate further into
the identified events surrounding the break dates and their nature of impact on

volatility attributes.

Incorporating Structural Changes

The asymmetric GARCH specifications are re-estimated after considering
structural breaks with the dummy variables in variance equation, which is set to 1
from the break date forward, zero otherwise. The econometric specification of the
mean and variance equation used is outlined as follows;

re=u+EL6m+ Ziqzﬂ’iet—i + e
e.| Q, = iid N(0, 6?)
General formulation of asymmetric GARCH with dummy in variance is

specified as;

0 = w + B0t + 0168 1dey + i dpiDp + arefy
B1=20;a,20;0,20; f+a; +6; <1
The comparative change in log-likelihood values is used to evaluate model
—provement due to the incorporation of such structural breaks. Based on the previous

~udy (Abdennadher & Hellara, 2018), incorporating structural breaks is expected to

=prove the model fit of asymmetric GARCH.
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Normality Test

The Jarque-Berra test is used to assess the normality of the financial time
series. It can help determine if the residuals or errors of a financial time series model
exhibit departure from normality. While evaluating the volatility specifications, the
errors were assumed to be normally distributed, meanwhile, extant literature showed
that results can be improved when error distribution addressing the fat-tailed data such

as student-t distribution and standardized student t-distribution can be considered.

Stationarity Test

The Augmented Dickey-Fuller test is employed to examine the presence of a
unit root, particularly in unadjusted index data, which is anticipated to exhibit non-
stationary properties. Given that the modeling focuses on the return series of the
respective indices, the application of the first differencing ratios is utilized to mitigate

the issue of non-stationarity.

Autocorrelation Test

The Ljung-Box Q test, as introduced by Ljung and Box (1978), is applied to
assess the presence of autocorrelation. This evaluation, performed on both unadjusted
ndex and return series, confirms the presence of the Autoregressive Conditional
“eteroskedasticity (ARCH) effect within the series. Following the fitted volatility
model, the Ljung-Box test is subsequently utilized to appraise the appropriateness of
= model's specification and to assess its goodness of fit. The absence of serial
correlation in the residuals derived from the fitted volatility model indicates an

~timal model fit and allows for the examination of any remaining autocorrelation

thin the series.
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CHAPTER IV
RESULTS AND FINDINGS
A unit root persists across all the indices, as indicated by the statistically
insignificant Augmented Dickey-Fuller coefficient. Moreover, the indices' data
exhibit non-normal distribution characteristics, as evidenced by the divergent values
of skewness and kurtosis and the Jarque-Bera Test statistics. Additionally, the Ljung-

Box Test statistics reveal the presence of autocorrelation in all the indices.

The process of detecting and identifying structural breaks in the indices data
followed the methodology proposed by Bai and Perron (2003a), selected for its
capacity to account for heterogeneity and autocorrelation within the residuals. The
study encompasses the period from July 18, 2003, to March 14, 2023, with a
maximum daily observation count of 4524 for the NEPSE index and a minimum of
483 for the Investment sub-index. Detailed descriptive statistics for the NEPSE index

and returns are presented in Table 2;

Table 2

Descriptive Statistics Index

ADF  Ljung Box

Index Mean Std. Dev. Skew Kurt Jarque-Bera N

Test Q

Commercial Bank 836.98 482,79 0.52 228 -2.25 451747*** 298.11*%%* 4524
Development Bank 1182.10 1176.02 1.76 5.86 -2.11 4513.61***  3875.13*** 4524
Finance 656.21 52595 211 17796 -2.12 4511.87%**  762291*** 4524
Hotel 1197.85 99899 0.61 221 -2.29 4515.04**=* 402.52*** 4524
Hvdropower 1537.24 740.16  0.58 240 -3.30 3585.05*** 252.44*** 3596
Investment 82.10 1805 020 1.82 -228 476.60*** 31.25*** 483
_ife Insurance 404493  4656.17 129 396 -2.87 4518.85%** 1425.33*** 4524
\Manufacturing 1655.31 1742.12 153 453  -2.50 4518.03***  2213.46*** 4524
Microfinance 3062.88 1584.33 0.33 142 -236 1405.95*** 150.79*** 1231
“utual Fund 13.95 1.83 -041 240 -0.67 62633*** 26.96*** 634
NEPSE 975.52 692.17 1.08 3.55 -1.48 4517.94*** 935.30*%** 4524
“.on-Life Insurance 842202 323265 0.52 195 -1.36 1058.39*** 96.55%%* 1062

her 758.74 45293 1.64 580 -2.32 4510.15**%*  3515.10*** 4524
Trading 528.32 87591 266 9.18 -1.80 4515.74*** 12536.90*** 4524

= =<0.001, **p=<0.01, *p<0.05

Augmented Dickey Fuller (ADF) Test measured the stationarity. Ljung Box Test measured the presence of
worrelation, and Jarque Berra Test measured the normality of distribution of indices.
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Table 3 presents the descriptive statistics for the return series, which are
computed using the index data. The returns are calculated as relative percentage
changes with a lag order of one. The incorporation of first differencing in the return

calculations effectively mitigated the challenge of non-stationarity.

Table 3

Descriptive Statistics Index Return

Mean gzdv Skew Kurt  ADFTest  Jarque-Bera Ig:;‘% N
R_COMM 0.0005 00156 05106 888  -15.60%* 6706*** 259.39%++ 4523
R_DEV 0.0008 00196 85146  461.60  -14.52%*  39689599*** 125.65*** 4523
R FINANCE 00006 00156 2.8446 15241  -13.46**  4213144%*+  1136%** 4523
R_HOTEL 0.0007 0.0155 32822 6144  -15.18** 651715%*+ 174 4523
R_HYDRO 00005 0.0184 0.6577 638  -13.22%+ 1969***  110.44**+ 3595
R_INV 20.0007 0.0208  0.7055 435 -7.49% 7744+ 5.82%% 482
R_LIFE 0.0010 0.0190 9.8035 49636  -15.00%*  45943742%**  21.40%** 4523
R MANUF  0.0008 00163 42486 20160  -1576%*  7446824***  8420%** 4523
R_MICRO 0.0007 0.0174  0.6572 633  -9.08%* 658**%  1879%*+ 1230
R_MUTUAL  0.0005 0.0103 12953 9.50  -7.75%+ 129]+++ 778 633
R_NEPSE 0.0006 0.0127  0.3394 702 -14.73%* JI31%%%  227.65%%* 4523
R_NONLIFE  0.0005 0.0191  0.6189 535 -8.07** 3I1%%%  9.81*** 1061
R_OTHER 0.0012 0.0373 30.6689 142128  -22.38%* 380000000*** 6.44%¢ 4523
R TRADING 00008 00168 69291 18681  -1570%*  6403524%** 109.52%** 4523

“** p<0.001, **p=0.01, *p<0.05

Vote: Augmented Dickey Fuller (ADF) Test measured the stationarity, Ljung Box Test measured the presence of
autocorrelation, and Jarque Berra Test measured the normality of distribution of indices.

The standard deviation (Std. Dev.) is an important indicator of volatility in the
return series. Indices such as "R_OTHER" and "R_FINANCE" exhibit relatively
higher standard deviations, signifying greater price variability. Conversely, indices
like "R_MUTUAL" and "R_NEPSE" have lower standard deviations, indicating more

stable returns.

The Jarque-Bera Test statistics indicate that the return data for all indices do
~ot follow a normal distribution. This highlights the need to consider alternative
“:stributional assumptions when modeling volatility. Skewness measures the
ssvmmetry of the return distribution. As observed in some indices, positive skewness

~zoests a longer right tail and implies occasional large positive returns. Negative

- =wness indicates a longer left tail and the possibility of larger negative returns. High
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kurtosis values, prominently observed in indices such as "R_OTHER" and "R_LIFE,"
indicate "fat tails" in the distribution. It suggests a greater propensity for extreme
returns, both positive and negative. The observed Fat-tailed distributions could be

associated with heightened market volatility and uncertainty.

A statistically significant Augmented Dickey-Fuller coefficient indicates the
absence of a unit root in the return data series for all indices. This implies that the
return data series for each index is stationary, which is a fundamental assumption for
time series analysis. Furthermore, statistically significant Ljung-Box Q coefficients
were observed for all indices except for the Hotel and Mutual Fund Indices. These test
statistics confirm the presence of the Autoregressive Conditional Heteroskedasticity

(ARCH) effect, a prerequisite for volatility analysis.

Notably, the ARCH effect in the Hotel and Mutual Fund Indices was
identified in the unadjusted data, characterized by coefficients of 3889.04 (p <0.001)
and 1077.88 (p < 0.001), respectively. However, this effect did not retain statistical
significance when the data was transformed into a return series, employing
differencing with a lag order 1. The absence of the ARCH effect in these two indices
nost-transformation may be attributed to data transformation. Consequently, the return
scries of the Hotel and Mutual Fund Indices were subjected to regression analysis

ith a constant mean ARMA (0,0) model. Furthermore, an assessment of the

~stribution of the return series indicated a departure from normality.

The determination of the optimal autoregressive (AR) order (p) and moving

s zrage (MA) order (q) is accomplished through the application of the Akaike

~“ormation Criterion (AIC) and Bayesian Information Criterion (BIC). Subsequently,
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the identified best-fit ARMA order is incorporated into the mean equation during the

formulation of the model specification for asymmetric volatility models.

The 'auto.arima’ function, integrated within the R 4.3.0 software, is harnessed
for assessing a multitude of ARMA model combinations to identify the best-fit model
specification. Table 4 comprehensively presents the ARMA (p, q) specifications that
yield the lowest AIC and BIC values and the corresponding maximum Log-likelihood

value.

Table 4

Empirical Result of Model Fit on Return Series

AR MA AIC BIC LogLik
R_COMM 0 1  -2510534 -25086.09 12555.67
R DEV 3 1 2522463 -25186.13 1261832
R FINANCE 3 1  -24861.99 -2482349 12436.99
R_HOTEL 0 0 -24850.75  -24837.91 12427.37
R_HYDRO 0 2  -18633.67 -18615.11 9319.84
R_INV 2 2 238252 -2361.63 119626
R_LIFE 2 2 2305023 -23011.73 1153112
R MANUF 3 1  -2451253  -24474.03 1226227
R_MICRO 3 -6498.09  -6472.52  3254.05
R MUTUAL 0 0 -4006.04  -3992.68  2006.02
R _NEPSE 0 2 2694593  -2692027 13476.97
R NONLIFE 1 3 542321  -5398.37  2716.60
R_OTHER 0 1  -16924.76 -16905.51  8465.38
R TRADING 1 2 -24221.584 -24189.5  12115.79

“ore: AR represents autoregressive, and MA represents moving average. The ARIMA order has been
«=lected based on optimal information criteria parameters AIC, BIC, and Log-Likelihood criteria.

Table 4 presents the results of the Autoregressive (AR) and Moving Average
“{A) orders, along with the corresponding Akaike Information Criterion (AIC),
“zvesian Information Criterion (BIC), and Log-Likelihood values for each index
«thin the Nepal Stock Exchange (NSE). These model specifications capture the
~=an equation for subsequent volatility modeling. The best fit ARMA order of Hotel

w2 Mutual fund with the highest log-likelihood value is (0,2) and (1,1); however, due

<atistically insignificant Ljung Box test of autocorrelation, the return series of




49

these two indices are regressed with constant mean. Further, the Log-likelihood value

is not the highest when regressed with a constant.

In financial time series analysis, the suitability of asymmetric GARCH models
has been underscored by studies like Chau et al. (2014). These models are known for
their ability to capture asymmetric volatility dynamics, overcoming the limitation of
standard symmetric GARCH specifications. The current study focuses on GJR
GARCH, eGARCH, and APARCH models among the array of asymmetric volatility
models available. This study aims to determine the best-fitted asymmetric volatility
model among GJR GARCH, eGARCH, and APARCH that accurately approximates
the inherent volatility attributes within the Nepal Stock Exchange (NSE) return series.
An exhaustive model selection process is undertaken to achieve the best-fitted
models. For this purpose, each identified asymmetric volatility model is estimated
using the Nepal Stock Exchange return data. The selection process is characterized by
evaluating model fit criteria, including the Akaike Information Criterion (AIC),
Bayesian Information Criterion (BIC), and Log-Likelihood. The model exhibiting the
most favorable AIC, BIC, and Log-Likelihood values will be identified as the optimal
fit for the asymmetric volatility specification. This rigorous approach ensures
precision in modeling and enhances the credibility and depth of the subsequent
analysis, contributing to a robust understanding of volatility dynamics within the

Nepal Stock Exchange.

Table 5 presents a comprehensive overview of the estimated information
criteria parameters and Log-Likelihood values for each asymmetric volatility
specification considered in this study. In the specific case of the Development Bank

‘ndex, it is noteworthy that all the model-fit criteria indicated using standard GARCH

~ecification as the best-fit model. However, it is essential to note that the primary
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objective of our analysis revolves around capturing the leverage and persistence
effects inherent in the volatility series. However, the standard GARCH cannot capture
the leverage effect. Thus, selecting the second-best model specification from among
the available asymmetric volatility models for the Development Bank Index was
decided. This judicious selection aligns with our objective of effectively modeling the

leverage and persistence effects in the volatility series.

Notably, in most cases, all model fit parameters unequivocally indicated the
adoption of asymmetric volatility specifications as the superior choice for modeling
volatility dynamics. An exception emerges in three cases where the Akaike
Information Criterion (AIC) indicates standard GARCH and another instance where
the Bayesian Information Criterion (BIC) suggests standard GARCH as the preferred
choice. To ensure clarity and ease of comparison, Table 5 comprehensively displays
the information criteria values, including AIC, BIC, Hannan-Quinn (H-Q), and Log-

Likelihood (LogLik).

The final column of Table 5 delineates the selected model for each index
based on the outlined information criteria. This systematic model selection process
aligns with the framework proposed by Abdennadher and Hellara (2018). It is,
however, essential to acknowledge the absence of a unanimous consensus regarding
the superiority of one model over another, as noted by Kohonen (2013). This rigorous
approach to model selection enhances the precision and reliability of the analysis,

ltimately contributing to a more robust understanding of volatility dynamics within

“he examined indices.




" J9POIAl Pa199as,, UWN|0d Y}

ur papiodas st uoneayIvads [ppow HOY VO 1 1599 Pajdajas ayy afiym pjoq ut parySiySiy st uorianiio yorea 03 Surpioooe [apowt 1s2q ay L ‘(D1g) BLAILID uoneWIOju]
sakeq pue (D]V) BLOILID UOHRULIOJU] 3YIBYY JO WNWIUIW pue pooyi|ay![-S0| WNwWIXew Uo Paseq i UONII|IS [IPOW Y | S|9POW HOYVIY PUB HOMVO-L
‘HOYVD- dtowwiAse ay yim paredwod sem [apow (HOYVOS) HOWVD PIepurls oy | '1s9) uonest}12ads Sppojy HOY VYD SAISUIXS Y3 SAUI[INO 3|qe) Y], S2I0N

HOYVD? SL6EL  OLL1'9-  LTIL'9-  SSLI'9-  TL6EL  90L1'9- TE91'9- 9VLI'9-  E€pEPI  LPEE'9- €LIE9- LBEEC9- ONIAVYL ¥

HOMVOUID  8¥6T1  061L°S- 9TZIL'S- STIL'S- 9T0E1  TPSL'S- LSPL'S-  TLSL'S-  86£T1  LILV'S- TILY'S-  L6LY'S- YAHLO ¥
HOYVdV 7087  6SYT'S- 891T'S-  9£9T'S-  66LT  8EPTS-  OLITS-  L6STS-  66LT  LEVT'S- SLITS-  L6ST'S- AAIINON ¥
HOYMVD?  I€€p1  $6TE9-  1TTE9-  OPEE9-  LIEkl  91TE9-  TSIEC9-  ISTE9-  PPEPI  TIEE9-  L6IE'O-  L6EE9- 4SdAN ¥
HOMYD? T20T  9TSE'9-  I81E€9-  PPLE9-  800T  9£0£9- SELTO-  LTTE9-  9TOT  PO9E'9-  €OEE9-  S6LE9-  TIVNLAW ¥
HOYVD? SLEE  ISSP'S-  T6TY'S-  8OLP'S-  89EE  ELPY'S-  OVIV'S-  PI9V'S-  PLEE  08SP'S-  9PEP'S-  1TLP'S- OUDIN ¥

HOMVOUMD  SLOEL  19LL'S-  699L°S-  1I8L'S-  TLIPL  I8ST9-  86VT9- 979T'9-  TS9El  €8T0°9- 00Z0'9- 8ZE0'9-  ANNVI ¥
HO¥VdY  €€6€1  9ISI'9-  PTPI'9-  99SI19-  L98€1  bETI'9- ISI1'9-  6LTI'9-  L68EL  L9EI'9- #8TI'9- TIvI'9- 417 ¥
HOUVAY  SO0TI  6VZ6'b- €TL8P- 6856t~  SOTI  €IS6'P-  6£88°b- 0796  ¥OTI 0626~ LIS b~  L6S6H- ANI Y
HO¥VdY  8€L6  I80P'S- €66€'S- I€IP'S-  9TL6  LTOV'S- 0S6E£S-  0LOV'S-  PEL6  690V'S-  166€S- 11IFS-  OAAH ¥

HOMVOUMD  Sepp  SSS6°1-  00S6'1-  S8S6°'1-  SL6ET  OSLI'9-  HOLI'9-  SLLI'9-  T69El  S6v0°9-  6¥00°9-  0TSO9- T4LOH ¥
HOYVDR  OvIvl  ILVT'9-  6LET9- 1TST9-  LPOSI  TSP9'9-  OLE9'9-  L6V9'9-  S90SI  TE€S9'9- 0SH9'9- LLS9'9- HONVNIA ¥

HOMVOUID  THPEl  TPE6'S-  1ST6'S-  T6E6'S-  TPIEL  STO8'S-  TH6L'S-  0LO8'S-  L8EEl  1116'S- 8206'S- 9SI6'S- Add Y
HOUVD?  OLEEl  0606'S- 0668'S- 6806'S- TTEEl  TS88'S-  L6LY'S- T888'S-  9LEEI  8806'S- £€06'S- 8IIG'S- WWOD ¥

1807 O-H o1d oIV 11807  O-H old JlV. 18071 O-H old olv
o HOMVdV HOYVD ¥D HOYVD?
paida|as

U01122]2S UO1DIY122dS 1POJN I14AUWAS

"Hov _




52

Figure 2 represents the estimated volatility of the NEPSE index under each of

the four volatility specifications.
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Figure 2. Series with 2 Conditional SD Superimposed

While informative, the visual representation of conditional standard deviation
superimposed with the return series of the NEPSE Index in Figure 2 did not
conclusively establish which model specification better represents the realized
volatility series. However, upon referring to Table 5, a noteworthy observation
emerges: the Log-Likelihood estimates for the eGARCH model (14344) exhibit

improvement compared to those for the GJR GARCH (14311) and APARCH (14331)

models.
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Drawing upon this model-fit parameter, we have selected the asymmetric
volatility estimate using the eGARCH specification to analyze the persistence and
leverage effect of volatility within the NEPSE index. This selection process has been
consistently applied across all 13 subindices.

Table 6 summarizes estimated volatility parameters derived from the selected
asymmetric specifications. In the first row, the names of the indices are listed, while
the second row specifies the chosen volatility specifications. It is worth highlighting
that the concurrent estimation of mean and variance equations aligns with Engle's
recommendation, particularly when there are indications of non-constant conditional

variance (Demekas & Nerlich, 2020, p. 311).

The mean equation incorporates essential elements, including the constant
term () and the selected AR (p) and MA (q) orders, determined through the criteria
outlined in Table 4. Simultaneously, the variance equation comprises key parameters,
such as unconditional volatility (®), ARCH term (@;), and GARCH term (f3;). In the
context of asymmetric GARCH specification, the leverage effect is represented by
Theta (6,), while Phi (¢) denotes the power term. Table 6 also provides insights into
volatility persistence, leverage effect, and information criteria estimate for each

selected volatility specification.

The result indicated that Development Bank, Other, and Trading Indices did
not exhibit statistically significant parameters capable of capturing either volatility
nersistence or leverage. The row designated for "persistence” in the table presents

NA (Not Applicable) values for those model specifications where the estimated

~arameters related to persistence are statistically non-significant.
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The parameter denoted as omega (o) measures unconditional volatility
inherent in the time series data. Among the 14 analyzed indices, six exhibit
statistically significant levels of unconditional volatility. Notably, when assessed
under the eEGARCH model specification, the Finance Index displays the highest
unconditional variance, recorded at 0.6392 [e~%4633 ]. In contrast, the Manufacturing
Index, employing the GIRGARCH specification, demonstrates the lowest

unconditional variance, approximately approaching zero.

Of particular interest is the observation that several indices, including the
Commercial Bank, Finance, Microfinance, Mutual Fund, and NEPSE, exhibit
negative omega values when analyzed within the eGARCH framework. Further, most
of the indices employing GJR GARCH and APARCH specification resulted into
statistically insignificant omega (@) term whereas only one index in the case of
eGARCH. This analysis sheds light on the diversity of unconditional volatility levels
across different indices and offers valuable insights into the long-term volatility

behavior in different indices in the absence of structural breaks.

In the analysis of 14 indices, it was observed that only four of them, namely
Hydro, Life Insurance, Manufacturing, and Non-Life Insurance, exhibited statistically
significant parameters for both ARCH (a;) and GARCH (,). These findings imply
that past information shocks and past conditional volatility play a substantial and
statistically significant role in explaining the expected conditional volatility within the
respective return series. It indicates that historical information shocks and conditional

volatility are not random but possess meaningful explanatory power in forecasting

future returns.




56

However, the relatively low number of indices displaying significant
persistence may suggest that while some sectors or sub-indices exhibit noticeable
patterns of volatility clustering, others may not conform to such behavior. It
underscores the complexity and heterogeneity of financial markets, where different
sectors may react differently to information shocks and structural shifts. It is
interesting to explore further by considering deterministic structural shifts, which
could enhance the market-wide volatility dynamics and provide more robust insights

into the factors driving market behavior.

Of those indices showing statistically significant GARCH parameters, the
higher degree of persistence in volatility can be attributed to the influence of past
conditional volatility, as evidenced by the larger estimated values of the GARCH
coefficients (f;). This phenomenon aligns with the concept of volatility clustering,
where periods of elevated volatility tend to be followed by subsequent periods of
heightened volatility, while relatively calmer intervals succeed periods of lower
volatility. These volatility clusters are of particular interest in the context of this
research, as they serve as a basis for identifying deterministic structural shifts in

volatility patterns throughout the series.

To visually illustrate these volatility clusters, Figure 3 has been provided,
+hich delineates the volatility patterns in the NEPSE Index series from 2003 to 2023.
“he vertical lines in the figure denote the identified break dates, and it is noteworthy
~at a maximum of five breaks have been considered for this analysis. This visual

~=oresentation aids in comprehending the clustering behavior of volatility in the

=PSE series over the specified time frame.
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NEPSE Volatility Cluster
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Figure 3 NEPSE Volatility Clusters across the Break Dates

When a greater degree of persistence in volatility is attributed to the GARCH
(Generalized Autoregressive Conditional Heteroskedasticity) effect as opposed to the
ARCH (Autoregressive Conditional Heteroskedasticity) effect, it signifies that the
volatility patterns in a time series data are predominantly influenced by past
conditional volatility (GARCH) rather than by past information shocks (ARCH).

Volatility clustering is a common phenomenon in financial time series data,
characterized by periods of high volatility followed by extended periods of high
volatility, and similarly, periods of low volatility succeeded by prolonged periods of
low volatility. The GARCH effect is well-suited to capture this characteristic as it
emphasizes the persistence of past and present volatility patterns.

Furthermore, financial markets exhibit a form of memory whereby recent

volatility conditions persist into the near future. If there is elevated volatility in recent

neriods, it is more likely to persist, and the same applies to low-volatility periods.
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This concept aligns with the notion of "market memory," where past volatility
significantly influences future volatility. The prevalence of the GARCH effect reflects
this memory.

In addition, while ARCH models quantify the influence of new information
shocks on volatility, GARCH models account for how past shocks continue to impact
current and future volatility. Participants often respond to recent price movements in
financial markets, resulting in a carryover effect from previous volatility. GARCH
models are better equipped to capture this sustained influence.

Moreover, in highly efficient markets, where prices adjust swiftly to new
information, ARCH effects may dominate since new information quickly affects
volatility. However. in less efficient or more complex markets, GARCH effects can
take precedence, as they capture the persistence of historical volatility patterns, even
in the presence of new information.

Considering the research findings, the higher contribution of the GARCH
effect to persistence suggests that recent information shocks do not solely shape
current market volatility but are also influenced by the enduring patterns of past
volatility. It indicates that market participants pay considerable attention to historical
volatility trends, implying a certain level of market memory and suggesting that past
volatility patterns remain relevant in contemporary market dynamics. It implies that

investors are more concerned with adjusting their investment strategies based on past

realized volatility instead of random information shocks.
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The Theta parameter (6,) measured the asymmetric term (leverage effect) in
GARCH specification. The Theta parameter (6, ) in the GARCH specification
measures the asymmetric term, commonly referred to as the "leverage effect." The
results reveal that several indices, namely Commercial Banks, Finance, Microfinance,
Mutual Funds, and NEPSE, exhibit statistically significant asymmetric terms in their
volatility specifications. The finding underscores the presence of an asymmetry in the

response to "good news" and "bad news" within these indices.

Specifically, the positive and statistically significant leverage parameter
signifies that these indices display a heightened sensitivity to "bad news" relative to
"good news." In other words, adverse developments or negative information have a
more pronounced impact on these indices' volatility than positive developments or

good news.

Figure 4 provides a visual reference to the leverage effect using the news
impact curve of the NEPSE index. This visualization offers insights into how the
index responds differently to positive and negative news, highlighting the pronounced
impact of negative news on its volatility. It is important to note that this representation
of the news impact curve is before accounting for deterministic structural breaks,

emphasizing the significance of this asymmetry in the indices' volatility dynamics.

News Impact Curve
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Upon visual inspection, one can discern a subtle difference in the impact of
negative information shocks (e,—; < 0) compared to positive information shocks
(e,—; > 0). While the news impact effect may not be distinctly pronounced in the
graph, the presence of an asymmetric coefficient (B)P*F = 0.5244,p < 0.0000)
confirms the differential impact of "good news" versus "bad news". This coefficient
attests to the statistical significance of the dissimilarity in the influence exerted by
positive and negative news on the NEPSE index's volatility, as indicated by the
EGARCH model. The results indicated the similar readings can be observed across
other indices with statistically significant leverage parameters.

The persistence in the expected conditional volatility involves the joint
consideration of ARCH, GARCH, and Leverage effects. A higher value of the
persistence parameter, closer to 1, indicates a greater dependency. When past
information shocks and volatility significantly influence the expected conditional

volatility, it implies a weak form of market inefficiency.

Examining the volatility specification represented by EGARCH (Commercial
Bank, Finance, Micro Finance, Mutual Funds, and NEPSE), the ; parameter
signifies persistence. The parameter ranges from a high of 0.9427 to a low of 0.8037.

It suggests that a higher level of persistence stems from past volatility information.

In the case of the volatility specification captured by GJIR GARCH (observed
in the Hotel and Manufacturing Index), persistence is determined as the sum of
ARCH (a;), GARCH (f,), and half of the Leverage parameters (6,). Notably, the
Manufacturing index records the highest persistence value of 0.9972, primarily from

ARCH and GARCH parameters. Conversely, the persistence of the Hotel index

(0.8910) is predominantly attributed to the GARCH parameter alone.
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Finally, for the volatility specification modeled with APARCH (of Hydro
Power, Life Insurance, and Non-Life Insurance), persistence is assessed as the sum of
GARCH and ARCH coefficients, adjusted with k;, which represents the expected
value of standardized residuals under the Box-Cox transformation of the term. It also
includes the leverage coefficient 8,. Across all the indices modeled with APARCH, it
is observed that ARCH (a,), GARCH (f3,), and the Power (¢) term significantly

contribute to the persistence in volatility.

Prior research, including the work of Lamoureux and Lastrapes (1990), has
shed light on the application of univariate GARCH models to financial data, revealing
a notable degree of persistence in conditional variance. The prevalent high persistence
in these models may be attributed to discrete structural breaks within the conditional

variance series.

Except for the Commercial Bank, Hydropower, Mutual Fund, and NEPSE
indices, the persistence coefficient for all other indices closely approaches 1. The
observation underscores the necessity to explore the presence of volatility clustering
by integrating deterministic structural shifts into the analysis. It becomes imperative
to ascertain whether incorporating structural shifts impacts the measurement of the
persistence parameter, a phenomenon highlighted in the research of Lamoureux and

Lastrapes.

Table 7 provides the results of detecting deterministic structural breaks in the
volatility series, employing the methodology prescribed by Bai and Perron (2003a,

2003b). The analysis incorporates three distinct statistical tests aimed at identifying

“hese structural breaks.
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The first row of the table presents the Supremum (Sup) F test statistics alongside the
corresponding count of structural breaks identified when comparing the "I + 1"

number of breaks against the "[" number of breaks.

Table 7

Empirical Results of Bai and Perron's (1998, 2003) Test

Test COMM DEV FINANCE HOTEL HYDRO INV LIFE
Sup FT(1+1/]) 4 5 4 5 4 4 4

SIC 5 5 4 5 4 4 4

LWZ 5 5 4 4 4 4 3

11/23/2006  2/25/2007 4/23/2007 12/19/2007 11/08/2009 6/15/2021 12/24/2006
10/29/2009 17282010 4/05/2010 3/03/2011 11/21/2013 9/30/2021 3/07/2013

Break Dates
12/26/2012 1/15/2013 7/02/2014 2/10/2014 2/28/2018 5/02/2022 3/10/2016
12/29/2015 1/17/2016 2/09/2020 3/212017 12/08/2020 8/28/2022 2/09/2020
2/9/2020 2/9/2020 2/09/2020
Test MANUF MICRO MUTUAL NEPSE NONLIFE OTHER TRADING
Sup FT(1+1/1) 4 4 4 4 5 3 2
SIC 4 4 5 5 5 4 2
LWZ 4 o 5 5 5 B 1
3/09/2008 8/07/2018 1/06/2021 12/13/2006 6/23/2019 11/14/2006  4/27/2008
8/06/2012 1/16/2020 573012021 11/18/2009 2/16/2020 10/21/2009  2/09/2020
Break Dates

8/11/2015 172172021 10/21/2021 12/27/2012 1/13/2021 9/20/2012
2/09/2020 4/28/2022 5/1212022 12/31/2015 9/08/2021 2/09/2020
9/18/2022 2/09/2020 5/18/2022

Note: The optimal break selection methodology was based on Bai and Perron (2003a, 2003b). A maximum five number of
breakpoints were allowed. The trimming parameter used was 0.15 with level of significance set to 0.05.

Global information criteria, namely the Schwarz criterion and the LWZ
criterion, were employed to assess the optimal number of structural breaks, as detailed
in the second and third rows of Table 7. These distinct methods yielded varying
results regarding the ideal number of structural breaks. In this context, the number of
structural breaks confirmed by any two methods was selected as an ideal number for
categorizing the series data into clusters with differing levels of volatility. A
maximum of five breaks were considered, with a trimming factor 15, and the

significance level set at 5%. Of the 60 identified breakpoints, nine were on September

2, 2020.
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The events surrounding the break dates were identified with major
macroeconomic and political events. On March 24, 2020, a nationwide lockdown was
initiated, suspending regular trading on the Nepal Stock Exchange (NEPSE) on March
22, 2020. Trading remained halted for 51 days, with the first resumption occurring on
May 12, 2020. However, NEPSE's attempt to resume regular trading was short-lived,
lasting only two days (May 12 and 13, 2020). Following a second trading halt,
NEPSE resumed full operations on June 29, 2020, after a 48-day closure. This
reopening witnessed a significant increase of 75.77 points, immediately followed by a

decrease of 80.41 points on the subsequent trading day.

Over the subsequent 415 days, NEPSE experienced remarkable growth,
reaching a high of 3198.60, representing an approximately 2.69-fold increase. This
period marked the highest volatility in the history of NEPSE and was reflected in

identifying a deterministic structural break in the return series of NEPSE indices.

Additionally, a subdued impact of COVID-19 was noted in the hydro sector,
particularly in August 2020. Analyzing the historical data spanning the past five
years, it becomes evident that the identified break dates coincide with significant
macroeconomic and political events that influenced the stock market and the broader

economy.

Significant developments in the capital market have led to substantial shifts in
the volatility of various indices. Notably, the period from February to August 2018
witnessed the introduction of CASBA and the NEPSE Online Trading System
(NOTS), marking a significant milestone in Nepal's capital market development as it

transitioned toward an automated trading system. Additionally, events with political

implications were found to have caused significant structural shifts in the indices. The
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dissolution of parliament on December 20, 2020, and May 22, 2021, resulted in
notable structural shifts, with a substantial decline of 131.50 points observed in the
first incident. Furthermore, announcing a populist budget in May 2021 during a
transitional government period spurred a market growth of 166.20 points. In the
weeks following this transition, NEPSE reached its highest point on August 18, 2023,
reaching as high as 3199 points. However, on June 17, 2021, following significant
growth in the NEPSE index, the Securities Exchange Board of Nepal (SEBON)
published a list of 51 companies categorized as risky assets, leading to a substantial
52-point decline. Subsequently, due to pressures on foreign currency reserves and
concerns regarding the speculative use of bank and financial institutions' lending in
the stock market, the Nepal Rastra Bank (NRB) issued provisions limiting lending to
four crore per bank and 12 crores in total per borrower through monetary policy on
August 13, 2021, resulting in a 108-point index decline by September 4, 2021, with
the structural shift date marked as September 8, 2021. NRB's regulations to restrict
foreign currency reserve depletion and control growing interest rates included a
circular issued on October 21, 2021, imposing a maximum 10% ceiling on interest
rate changes. Structural shifts observed in April to May 2022 coincided with local-
level elections. Furthermore, the dissolution of parliament on September 17, 2022,
and the subsequently scheduled general election caused NEPSE to experience a
structural break on September 18, 2022, resulting in a decline of 127.7 points by the
end of the month. A timeline detailing significant broader macroeconomic and

political events surrounding the break dates is presented in Figure 5.

Upon analyzing the break dates, it is observed that these events do not

necessarily affect all indices simultaneously. For example, the first break in the

Commercial Bank index occurred in November 2006, while the Development Bank
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index experienced its initial break two months later, and the Finance index followed
four months afterwards. The pattern of breaks observed across the indices of banks
and financial institutions suggests that the Commercial Bank indices tend to exhibit
the initial deterministic structural break, followed by the Development Bank and
Finance indices, with an average lag reaction of three months. It indicates a sectoral
rotation of trading within Nepal Stock Exchange. The only identified breaks that had a
widespread impact across most indices on the same date occurred on February 9,
2020, coinciding with the nationwide COVID-19 lockdown. The break dates of the

Commercial Bank indices and the broader NEPSE index align closely.

This alignment can be attributed to the fact that a significant portion of
NEPSE's market capitalization is represented by banks and financial institutions,
primarily led by Commercial Banks. This observation affirms the prominence of
sectoral rotation and investment shifts, although it does not conclusively establish a
definitive sequence or pattern for such rotations or shifts. A careful examination of
events coinciding with the identified structural break dates has revealed that the
Nepalese capital market is particularly sensitive during elections, regulatory changes
related to interest rates, foreign reserves, money supply, pandemics, and technological
shifts in capital market development. The scope of this study is limited to the
diagnosis of the aggregate volatility attributes of univariate return series. The

identified accounts of events surrounding the break dates are used to provide the

validation to the breaks identified by the methods employed in this study.
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Once these deterministic structural shifts have been identified, the suitable
selected ARMA(p, q) — GARCH (1,1) models are re-estimated, incorporating the

relevant dummy variables. The results of these re-estimated models are outlined in

Table 8.

When structural shifts are accounted for, a significant reduction in the
unconditional variance () is observed for several indices, specifically Commercial
Bank, Finance, Hydro, Life Insurance, Microfinance, NEPSE, and Trading. In
contrast, the unconditional variance for the remaining indices does not exhibit
statistical significance. The presence of statistically significant dummy variables
indicates a shift in the unconditional variances within distinct periods demarcated by

structural shifts. The lagged volatility term (f;) exhibits statistical significance

across all indices, now significantly explaining the expected conditional volatility.
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Similarly, the parameter representing the influence of lagged information
shocks (a._1) demonstrates significant explanatory power in expected conditional
volatility, except for Finance, Microfinance, and NEPSE indices. Moreover,
significant leverage effects are observed in 10 of the 14 indices, in contrast to the
previous scenario, where only five indices exhibited this behavior when structural
shifts were not considered. These findings affirm that the influence of lagged
information shocks, lagged conditional volatility, and news impacts become more

pronounced when volatility specifications account for deterministic structural shifts.

Table 9 provides a concise overview of the comparative changes in estimates
of persistence and leverage effect, accompanied by alterations in model fit
parameters. When structural shifts are considered, 10 of the 14 indices observe
improved model fit parameters. However, a decrease in Log-likelihood parameters is
noted for the Hydropower, Non-Life Insurance, and Trading indices. In the case of the
Investment index, although the model fit parameter remained unchanged, the
volatility parameters became statistically significant, addressing a previous deficiency

observed when structural breaks were not considered.

It is important to note that the persistence measures for the Hotel and Other
indices exceed 1, which indicates spurious results, as a persistence value exceeding 1
suggests an explosive series. Furthermore, the volatility persistence values have
decreased in 7 cases; meanwhile, in three cases, the persistence values have become
statistically significant, in contrast to the scenario when structural shifts were not
incorporated. The decrease in the persistence measure in most cases validates the

findings of Lamoureux and Lastrapes (1990), which further establishes the rationale

for this study. Apart from the downward adjustment of parameters, the statistical
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significance of parameters measuring volatility attributes showed statistical

significance when deterministic shifts are considered.

Table 9

Difference in Variance Parameters with and without Dummy

Log Likelihood Statistics Persistence Leverage
: ; : Without With Without With Without With
fatioos  Sreoiontion. il eeisl Siractursl Structural  Structural  Structural  Structural
Breaks Breaks Breaks Breaks Breaks Breaks
COMM eGARCH 13376 13476 100 0.8037 0.7436591 0.6271*%** 0.609%**
DEV GJRGARCH 13142 13294 152 NA 0.9935 NA 0.085%**
FINANCE eGARCH 15065 15436 371 0.9427 0.8627544 0.4870** 0.458%**
HOTEL GJRGARCH 13975 16359 2384 0.891 1.34535 NA 0.397%**
HYDRO APARCH 9738 9713 -25 0.8613 0.9443425 NA NA
INV APARCH 1205 1205 0 NA 0.9526981 NA 0.283*
LIFE APARCH 13933 14010 77 0.9944 0.8940008 NA NA
MANUF GJRGARCH 14172 20307 6135 0.9953 0.9242597 NA 0.684%**
MICRO eGARCH 3374 3380 6 0.9313 0.9022681 0.3399*%*# 0.330%**
MUTUAL  eGARCH 2026 2032 6 0.8049 0.7854263 0.2135* NA
NEPSE eGARCH 14344 14420 76 0.8877 0.7967197 0.5244 %%+ 0.545%**
NONLIFE  APARCH 2802 2797 -5 0.9292 0.9654187 NA NA
OTHER GIJRGARCH 13026 13107 81 NA 1.0328083 NA 0.06]1***
TRADING eGARCH 14343 14055 -288 NA 0.9717563 NA 0.221%%¢

Note: NA represents the absence of persistence in volatility as the parameters yielding the volatility is statistically not significant.

The results of the change in the volatility attribute of the Nepal Stock
Exchange (NEPSE) and its constituent indices incorporating deterministic structural
shifts have yielded several significant insights. One of the notable findings of
introducing structural shifts is the increased responsiveness of the NEPSE and its
subindices to recent information and shocks, signified by the decrease in the
persistence parameters of most of the indices, if not for all.

Incorporating structural shifts often results in an improved fit of the volatility
model to the data. This enhanced model fit is valuable for accurately capturing
financial markets' complex and evolving nature. It can enhance risk assessment,
forecasting accuracy, and the development of effective trading strategies.

The increased significance of volatility parameters underscores the importance

of robust risk management practices. Investors should exercise heightened vigilance
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during periods of structural shifts, as market dynamics can evolve rapidly and
unpredictably.

Except for the Hydropower, Hotel, and Non-Life Insurance indices, the
analysis revealed an expected improvement in the persistence of volatility. The
indices representing Commercial Banks, Finance Companies, Life Insurance,
Manufacturing, Microfinance, Mutual Funds, and NEPSE exhibited a reduction in the
persistence value. It implies that, in these cases, the persistence of volatility decreased
when accounting for deterministic structural shifts. However, it is important to note
that the Development Bank index, Investment Companies, Other, and Trading indices
showed a statistically significant persistence estimate, which was insignificant in the
absence of structural shifts. The result aligns with the findings of prior research
conducted by Aggarwal et al. (1999), W. Fang et al. (2008), and Hammoudeh and Li

(2008).

Moreover, the result revealed that the asymmetric volatility, signified by the
parameter 6,, exhibited statistical significance for 10 of the 14 indices. Observation
showed that all the 6, coefficients were positive, implying that investors in these
indices tend to react more strongly to "bad news" than "good news." This asymmetric
response to news events is a notable characteristic of these segments of the Nepalese

capital market.

Figure 6 shows the graphical representation of the news impact curve of the
NEPSE Index considering deterministic structural breaks. It highlights the
pronounced sensitivity of investors to negative news events, contributing to the

asymmetric volatility patterns observed in the analysis. Furthermore, the investigation

identified six additional statistically significant leverage parameters in indices when




72

structural breaks were considered. Notably, these six indices showed the absence of

leverage effect when structure breaks were not considered.

The findings implied that the leverage effect is multifaceted. On the one hand,
the increased sensitivity to negative news events suggests that investors in these
indices may adopt a more risk-averse stance when confronted with adverse
information, potentially resulting in sharper market reactions. The heightened
responsiveness to "bad news" could influence these segments' trading behaviors,

market sentiment, and overall market dynamics.

In addition to that, the presence of statistically significant leverage parameters
in more indices when structural breaks are considered may reflect a greater degree of
heterogeneity in market responses to news events. This increased variation in market
reactions could lead to divergent price movements and trading patterns across

different segments of the Nepalese capital market.
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Figure 7 shows the news impact of the rest of the nine indices having
statistically significant asymmetric effect in volatility. Similar reaction to ‘bad news’
is observed in rest of the subindices, signified by the asymmetric news impact curve.

Additionally, we present the ARCH LM statistics for the re-estimated
models in Table 10. The statistically non-significant p-values obtained from these
statistics imply that the residuals of the ARMA(p, q) — GARCH(1,1) models do not
exhibit any significant autocorrelation. This observation signifies that our models
have effectively captured and addressed the conditional heteroskedasticity in the
return series. Furthermore, it indicates that our models have successfully eliminated
any remaining systematic patterns in the volatility dynamics, affirming their adequacy

in modeling the underlying data.

Table 10

ARCH LM Statistics of Re-estimated GARCH Specification

Index Return Lag Order Statistic P-Value Index Return Lag Order Statistic P-Value
Lag3 1.2470 02641 Lag 3 0.0025 0.9600
R_COMM Lag 5 1.7000 0.5414 R_MANUF Lag 5 0.0060 0.9998
Lag 7 1.7970 0.7602 Lag 7 0.0090 1.0000
Lag 3 0.0052 0.9426 Lag 3 0.9308 0.3347
R_DEV Lag 5 0.0172 0.9989 R_MICRO Lag 5 1.2650 0.6562
Lag 7 0.0458 0.9999 Lag 7 1.6054 0.8000
Lag3 0.0006 0.9800 Lag3 0.7259 0.3942
R_FINANCE Lag 5 0.0016 1.0000 R_MUTUAL Lag5 0.8696 0.7720
Lag 7 0.0025 1.0000 Lag7 0.9539 0.9210
Lag3 0.0172 0.8957 Lag3 0.1403 0.7080
R_HOTEL Lag$5 0.0377 0.9967 R_NEPSE Lag 5 1.6284 0.5592
Lag 7 0.0493 0.9999 Lag 7 2.0582 0.7050
Lag 3 2.9790 0.0844 Lag3 0.3030 0.5820
R_HYDRO Lag 5 5.6810 0.0714 R_NONLIFE Lag 5 0.3106 0.9374
Lag7 7.2800 0.0756 Lag7 0.7223 0.9541
Lag3 1.4150 0.2342 Lag3 0.0003 0.9864
R_INV Lag 5 1.4650 0.6016 R_OTHER Lag 5 0.0007 1.0000
Lag7 3.0800 0.4985 Lag 7 0.0010 1.0000
Lag 3 0.0005 0.9829 Lag3 0.0100 0.9202
R_LIFE Lag 5 0.0014 1.0000 R_TRADING Lag5s 0.0199 0.9987

Lag 7 0.0021 1.0000 Lag7 0.0358 0.9999
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CHAPTER V
SUMMARY, DISCUSSION, AND IMPLICATIONS

The primary aim of this research was to examine the volatility characteristics
within the Nepalese capital market comprehensively. The research sought to address
key questions related to the extent of volatility persistence and the presence of a
leverage effect across various indices of the broader Nepal Stock Exchange. In pursuit
of a more nuanced understanding, this study also considered deterministic structural

breaks and studied their impact on the persistence and leverage parameters.

The results and findings from this study pertaining to the nature of volatility
were then synthesized within the context of two prominent theoretical frameworks:
the Efficient Market Hypothesis and the Adaptive Market Hypothesis. This synthesis
aimed to provide valuable insights into the level of market efficiency within the
Nepalese capital market, shedding light on the underlying dynamics and implications

for investors and stakeholders alike.

This chapter is segmented into five sections comprising summary, discussion,

conclusion, research implication and critique.

Summary

This study's objective was to empirically analyze the volatility within the
return series of major indices within the Nepal Stock Exchange. The longitudinal
research design encompasses a 20-year dataset of daily return series spanning from
2003 to 2023, with the primary objective of characterizing the volatility aspects

exhibited by these indices. This investigation delves into two fundamental dimensions

of volatility: persistence and the leverage effect. Families of GARCH specifications
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were used to capture the asymmetric effects. Previous studies have explored volatility
aspects within the Nepalese market (Dangal & Gajurel, 2021; GC, 2008; Rana, 2020).
This study is built on the methodological gap by incorporating deterministic structural
breaks, which signify volatility clusters, in its analysis—a facet previously

unexamined in extant studies.

Notable studies about volatility in stock market returns have recognized that
the persistence of volatility tends to be overestimated when models neglect to account
for deterministic structural breaks, a phenomenon elucidated by Lamoureux and
Lastrapes (1990). The findings of this study corroborate this observation, indicating
that, in several instances, if not all. the estimates of persistence parameters across 7

out of the 14 indices exhibit elevated persistence values.

This investigation's results reveal a leverage effect within the return series,
signifying an asymmetric impact of information shocks on expected volatility.
Specifically, "negative shocks" wield a more substantial influence than "positive
shocks". The impact was enhanced when deterministic structural shifts were
considered, adding five more indices to show the leverage effect, which was

previously absent.

In contrast to the assumptions of the efficient market hypothesis, wherein
investors are regarded as rational actors aiming to maximize the expected utility from
investments, this study highlights the propensity of investors to react differently to
various types of information shocks. Notably, reactions to positive information shocks

are more subdued than negative ones. The presence of a leverage effect is evident in

10 out of 14 indices, aligning with previous studies that have reported a similar
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pattern in investors' responses to "negative shocks" versus "positive shocks" (Alberg

et al., 2008; Ewing & Malik, 2005).

Furthermore, the concurrent presence of both persistence and leverage effects
suggests prolonged influences on expected volatility. These findings collectively
indicate that prices and return series in the Nepalese capital market do not adhere to a
truly random pattern; instead, they exhibit some degree of predictable patterns arising
from historical information shocks and volatility. Incorporating informational content

into price and return indices is gradual rather than instantaneous.

The existence of varying degrees of unconditional variance, ARCH effects,
and GARCH effects across different periods and indices indicates that identical events
or information shocks can yield varying levels of impact on volatility. This
observation indicated the lack of informational efficiency within the Nepalese capital
market. The observed friction, manifested as varying volatility parameters across
different indices at different points in time, reflects heterogeneous expectations
among participants in the Nepalese capital market. Consequently, this study posits
that the Nepalese capital market does not demonstrate a weak form of market
efficiency, aligning with prior studies conducted in the Nepalese capital market
context (Jha, 2019), while some studies have suggested that the market may exhibit

partial efficiency (Dangol, 2016, 2017).

The results and findings of this study offer valuable insights into the volatility
dimensions of the Nepalese stock market. While the empirical nature of the study
limits the generalizability of findings across different temporal dimensions, given the

unfolding nature of future events, the retrospective identification of events leading to

structural breaks underscores the significant impact of political and economic events
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on investment decisions. Further, considering such a deterministic structural shift

ensures a more accurate diagnosis of the volatility attribute of the Nepal stock market.

Discussion

The primary objective of this study was to conduct an in-depth analysis of the
volatility within the return series of various indices in the context of the Nepal Stock
Exchange (NSE). To achieve this extensive dataset spanning multiple years, focusing
on high-frequency daily return data from 14 different Nepal Stock Exchange indices
were gathered and analyzed. This granular dataset allowed us to capture event-driven
volatility and enhance the precision of the volatility measurements, expected to reduce
standard errors by accounting for short-term price movements, as suggested by

previous studies (Rossana & Seater, 1995: Zhang, 2010).

The analysis revealed noteworthy findings regarding volatility persistence. As
presented in Table 8, all persistence coefficients were close to one except for
Commercial Bank, Mutual Funds, and NEPSE Index. A persistence coefficient near 1
indicates that past shocks strongly influence current variance. Understanding the
persistence of volatility is crucial, as the impact of volatility on stock prices largely
depends on the permanence of variance shocks (Poterba & Summers, 1986).
Lamoureux and Lastrapes (1990) emphasized that short-term, transitory shocks have a
limited impact on securities prices, whereas more persistent volatility has a
pronounced effect. However, it is important to note that GARCH models applied to
high-frequency data often result in seemingly strong persistent shocks to variance.
Therefore, interpreting higher persistence coefficients at face value can be misleading.

With this caution, the study by Lamoureux and Lastrapes (1990) suggested that

failure to incorporate deterministic structural shifts can bias upward the GARCH
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estimates of persistence in variance. When these structural breaks were considered,
the average persistence parameter decreased to 0.90320, signifying a decrease of

0.0276 overall.

The analysis demonstrates that in 7 instances, the volatility persistence values
have decreased, while in three cases, these values have gained statistical significance,
in contrast to the results obtained without accounting for structural shifts. This
reduction in persistence measures in most cases aligns with the findings of
Lamoureux and Lastrapes, reinforcing the significance of incorporating structural
shifts in this study. Including deterministic structural shifts in analyzing the Nepal
Stock Exchange (NEPSE) and its constituent indices has provided valuable insights.
One noteworthy observation of structural shifts is the enhanced responsiveness of
both NEPSE and its subindices to recent information and shocks. This heightened
responsiveness is evident in the decrease in persistence parameters for most indices, if

not all.

Incorporating structural shifts frequently leads to an improved alignment of
the volatility model with the actual data. This enhanced model fit is of great
significance as it enables a more accurate representation of financial markets' dynamic
and evolving nature. It can enhance risk assessment, improve forecasting accuracy,

and facilitate the development of effective trading strategies.

The increased significance of volatility parameters emphasizes the critical
importance of robust risk management practices. Investors must exercise heightened

vigilance, particularly during periods characterized by structural shifts, as market

dynamics can undergo rapid and unpredictable transformations. Based on the above
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discussions, the first (H1) is partially accepted as the estimate of volatility persistence

is found to be biased upwards in the absence of deterministic structural breaks.

The results yielded significant insights into the leverage effect in volatility
within the context of the Nepal Stock Exchange and its constituent indices. Initially,
the results indicated the leverage effect in five of the 14 indices when deterministic
structural shifts were not considered. This observation highlighted the asymmetric
nature of market participants' reactions to positive and negative shocks, where

negative shocks had a more pronounced impact on volatility.

Meanwhile, introducing deterministic structural breaks into the analysis
brought further noteworthy findings. The re-estimation of the leverage parameter in
the presence of structural shifts showed the statistically significant asymmetric
parameters, denoted by 6, in Table 7, which revealed five additional indices with
statistically significant leverage effect. Ten indices, including the broader NEPSE
index, exhibited a leverage effect when structural shifts were considered. The
leverage effect underscores its significance in the Nepalese capital market to

characterize the investors' reaction to the good and bad news.

The findings of this research are in contrast with Rana (2020), which failed to
confirm the presence of the leverage effect using TGARCH (1,1) and EGARCH (1,1)
specifications. This difference in results may be attributed to the inclusion of
deterministic structural breaks in the analysis, unveiling the leverage effect that was

not previously detected.

The result indicates the nature of market participants in the Nepalese capital

market who tend to react asymmetrically to positive and negative shocks, with

negative shocks having a more significant impact on volatility. Moreover, including
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structural breaks in the analysis is crucial in accurately identifying the presence of the
leverage effect, highlighting the importance of considering market dynamics when
assessing such market anomalies. This evidence provides the partial support for
second hypothesis (H2) which stated that the leverage effect in Nepal stock exchange
is biased upward in absence of deterministic structural breaks. In four of 14 cases, the
measure of leverage parameters has decreased when structural shifts are considered.
While six more indices showed the statistically significant leverage effect, which was

absent when structural breaks were not considered for.

Hypothesis 3a (H3a) indicated that the measure of volatility persistence with
structural breaks indicates the weak form of market inefficiency in the Nepal Stock
Exchange. The analysis has yielded significant insights into the persistence of
volatility in the Nepal Stock Exchange (NEPSE) when accounting for structural
breaks. As outlined in the earlier discussion section, incorporating deterministic
structural shifts has reduced the persistence parameters of most NEPSE indices. This
reduction suggests that the influence of past shocks on current variance becomes less
enduring over time. The weakening of volatility persistence with structural breaks
suggests a more adaptive market responsive to recent information and shocks. In the
context of the weak form of market efficiency, this result implies that past price and
volatility patterns have a diminishing impact on future prices. Market participants in
the Nepal Stock Exchange appear to adjust new information, and the influence of past
volatility implies a gradual convergence to equilibrium. The decrease in volatility
persistence with the introduction of structural breaks supports Hypothesis 3a. It
indicates that the Nepal Stock Exchange leans toward the weak form of market

efficiency, where historical price and volatility patterns have limited predictive power

over future movements.
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Hypothesis 3b (H3b) indicated that the measure of leverage with structural
breaks indicates the weak form of market inefficiency in the Nepal Stock
Exchange. Analyzing the leverage effect in the Nepal Stock Exchange, both with and
without structural breaks, has provided valuable insights into market behavior. When
structural shifts were not considered, we identified a leverage effect in five of the 14
indices. However, introducing structural breaks revealed statistically significant
asymmetric parameters in five additional indices, suggesting that many indices,
including the broader NEPSE index, exhibit a leverage effect.

The presence of the leverage effect, particularly when structural shifts are
accounted for, carries significant implications for market efficiency. The leverage
effect signifies that market participants react differently to "bad news" than "good
news." The analysis confirmed the amplified reaction to negative information and a
subdued response to positive information, which aligns with the behavioral tendencies
outlined in the Prospect Theory.

Therefore, the results and findings of this study support the contention of
Hypothesis 3b, as the presence of the leverage effect, especially with structural breaks
considered, suggests a market that is not fully efficient in the weak form. Market
participants in the NEPSE exhibit behavioral biases that lead to deviations from the
purely rational and efficient behavior posited by the EMH. This departure from
market efficiency highlights the influence of investor sentiment and behavioral biases
on asset prices in the Nepal Stock Exchange.

The postulation of Adaptive Market Hypothesis (Lo, 2004) provided the
compelling argument to reconcile the observed difference between behavioral critics

and EMH. The AMH considers the influence of human behavior on financial markets

and explains how inefficiencies are exerted in the market. These inefficiencies give
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rise to arbitrage opportunities giving the market a much-required incentive to curb
those opportunities to obtain profit. As those arbitrage opportunities are exploited,
market inefficiency gradually disappears. But new opportunities are also constantly
created as institutions and business conditions change. Like the discourse shown by

nature as certain species die out, as others are born.

Conclusion

Considering the study's results and findings, it is evident that the Nepalese
capital market exhibits persistence and the leverage effect within the return series
across the study's period in the case of most of the indices. These results and findings
underscore the importance of past shocks and historical volatility as significant factors
influencing the expected volatility. Notably, when deterministic structural breaks
were introduced into the model, there was an enhancement in the model's fit and a

corresponding reduction in the estimates of persistence and leverage.

This methodological refinement addresses a crucial aspect often overlooked in
prior research conducted within the Nepal Stock Exchange context. Furthermore,
when examined retrospectively, these structural breaks were associated with
significant events, including general and local elections, changes in government,
alterations in monetary policies, regulatory adjustments affecting interest rates,
foreign reserve policies, and changes in lending practices, particularly concerning
margin loans. Additionally, the study unveiled the influence of the global pandemic

on the Nepalese capital market.

Based on these findings, it is reasonable to conclude that the Nepalese capital

market demonstrates signs of weak-form inefficiency. The higher persistence

parameters suggest that the market participants can gauge the expected volatility
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based on information concerning past conditional volatility and information shocks.
Meanwhile, the market exhibits an asymmetric response, reacting differently to "bad
news" compared to "good news," particularly when past information shocks are

considered in the analysis.

Implication of the Study

This study provides valuable insights for academic researchers and
practitioners to understand the nature of volatility of Nepalese capital market. The

major theoretical and managerial implications are described in the following section.
Theoretical Implication

This research provides a meaningful contribution to understanding the
Nepalese capital market from a volatility perspective. This research provides a unique
perspective by incorporating the deterministic structural breaks in estimating the
parameter, which should have been more considered in the extant research. It was
noted that the incorporation of deterministic structural breaks corrects for the
overestimation of the volatility parameters. The findings of this research provide a
new avenue for further research testing the reliability and validity of forecasts based
on identified volatility models. For instance, high-frequency daily financial time-
series data usually lacked normality with fat-tailed distribution; however, the
volatility analysis is based on the normal distribution in this study. Alberg et al.
(2008) showed that overall estimation can be improved by using the asymmetric
GARCH with fat-tailed densities for measuring conditional variances. Thus, further
studies can be conducted to find a suitable model considering the fat-tailed

distribution such as Student-t or skewed Student-t. The research methodology under

this study requires finding the deterministic structural shifts in the return series,
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signifying the volatility clusters. Later, the identified break dates were traced with the
events surrounding the break dates. which disclosed the events significantly affecting
the volatility. More comprehensive studies can be conducted across specific events to

understand event-specific volatility attributes.
Practical Implication

The findings of this research hold significant practical implications,
particularly in investment and risk management. Firstly, a deeper understanding of the
volatility attribute empowers investors to craft more sophisticated strategies for
managing the risk profiles of their portfolios. With insights into how volatility
behaves across different indices, investors can make more informed decisions
regarding asset allocation, diversification, and implementing hedging strategies. This
enhanced ability to manage risk can lead to more resilient investment portfolios better

equipped to withstand market fluctuations.

Furthermore, these research findings are not limited to investment: they are
relevant for regulatory bodies and policymakers. By identifying the events that trigger
substantial structural shifts in volatility, this study provides valuable information that
can be used to devise and refine regulations and frameworks to ensure financial
markets' stability. Policymakers can use these insights to design policies that mitigate

potential disruptions and enhance the overall resilience of the market structure.

Moreover, the study's observation of sectorial rotation and shifts in the impact
of events across various indices has practical implications for risk management.

Investors can use this information to adjust their portfolios in response to sector-

specific events, reducing their exposure to risks associated with industries or sectors.
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This adaptability can be valuable in managing risk and optimizing investment

strategies.
Critique of the Study

It is important to acknowledge the inherent limitations present in the current
study. The primary objective of this study was to analyze the volatility aspect of the
return series of the Nepalese capital market. For this purpose, all the major indices are
considered for the analysis. The aggregation of the stock price of individual assets in
the index might result in a loss of information due to offsetting the variance of one

stock for another.

The persistence and leverage effect results obtained for indices may not
completely reflect the volatility attribute of the individual stocks listed in NEPSE.
While evaluating the volatility models, the errors were assumed to be normally
distributed; meanwhile, extant literature showed that results could be improved when
error distribution addressing the fat-tailed data can be considered. This study limits
only the identification of the deterministic structural breaks and tracing it to the events
surrounding the event dates. It, however, did not consider the classification and
evaluation of such events and their degree of impact on the volatility for a given
period. The scope of this research can be furthered to analyze the event-specific
volatility. The empirical nature of the study limits the ability to deduce any

generalized attribute of volatility beyond the study period.

This study did not involve forecasting, which restricts the ability to test the
reliability and validity of the identified volatility models. This study further opens the

avenues for studying the contagion effect of any specific events on the volatility and

return attribute of indices. The asymmetry in response to volatility across the indices
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showed that the effects are not uniform and usually manifested in sectorial rotation, or
more specifically, contagion property is observed. This study cannot confirm the
deterministic sequence or order of such sectorial rotation and shifts, which may be a

valuable insight in understanding the investment pattern of Nepalese investors in

NEPSE.
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