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ABSTRACT

Logically speaking, financial time series data such as stock price returns is directly or indirectly affected by some
factors such as holidays (Valentine’s Day, Father’s Dayj, etc.). These effects have not been fully studied by researchers.
This paper utilizes GIR-GARCH (with dummy variables as holidays) and Prophet models on Nigeria and Chinese
stock price returns so that more realistic results and information on how the holidays affect the returns of stock markets
will be obtained. Results of the analysis reveal the existence of holiday’s effects on Thursdays (for NSE) and Mondays
and Fridays (for CSE) both under Generalized Error Distribution (GED) assumption of innovations. Additionally, no
leverage effect was found in the two returns series. Furthermore, the GJR-GARCH model under all the three
considered distributions of innovations on the two data sets shows volatility clustering and persistence. Thereafter,
evidence from the minimum RMSE and MAE, the GJR-GARCH model under NSE slightly outperformed the Prophet
model, while under CSE, the Prophet model performed better than the GIR-GARCH model.

Keywords: Holidays Effects, GIR-GARCH, Prophet model, NSE, CSE.

1.0 INTRODUCTION these reasons, different volatility models have been
A linear time series model, named, Autoregressive | established in order to estimate and forecast the volatility
Integrated Moving Average (ARIMA) is useful in | of a series returns. Fitting and forecasting volatility of
assessing linear dynamics of financial time series data, | time series is a crucial element in risk and portfolio
but failed to address some properties such as volatility. | management as well as equity pricing. Stock price returns
Volatility is a measure of unexpected dispersion of a | reflect all available information and the faster the
financial time series returns, and it accounts for the | absorbing new information they are, the better the
nonlinear component. The volatility of a series returns | efficient market is the stock market in allocating
may be affected by many factors which include holidays | resources.

(such as Valentine Day, Father’s Day, and many more),
weather abnormalities, natural disaster, unfixed | The conventional GARCH model is well-known in
government policies, among others. Fitting and | capturing stylized facts such as volatility clustering and
forecasting volatility of a series returns is of great | leptokurtosis but due to the symmetric assumptions of
important as it aids investors in making good decision | innovations of series returns, it failed to capture the
about time of entering and exit in a business. ARIMA | leverage effect. Another problem encountered when
model (i.e. the mean model) along sides with | using said GARCH model is the inability to fully
Autoregressive Conditional Heteroskedastic (ARCH) | embrace the thickness tails property of high frequency
and Generalized Autoregressive Conditional | financial time series returns. To overcome this problems,
Heteroskedastic (GARCH) models (as a volatility model) | Bollerslev (1987), Baillie and Bollerslev (1989), and
are mostly used in fitting and forecasting financial time | Beine et al. (2002) used the Student’s t-distribution.
series returns. Similarly, to capture skewness, Liu and Brorsen (1995)
used an asymmetric stable density. In order to fit both
Financial time series characteristics such as volatility | skewness and kurtosis, Fernandez and Steel (1998) used
clustering and leptokurtosis are commonly seen | the skewed Student’s t-distribution which was later
(Mandelbrot, 1963). Another element wusually | extended to the GARCH framework by Lambert and
encountered is the so called ‘leverage effects’ (Black, | Laurent (2000, 2001).

1976), which occurs when stock price changes are
negatively correlated with changes in variance. With
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The financial series return is a variable and usually
unstable by volatility, which is typically not constant. As
such, ARCH-type models must be used instead of the
traditional models with constant variance. The ARCH
model, established by Engle (1982) has the advantage of
taking the conditional volatility into account in the
model, but requires a large number of parameters to be
estimated, which may lead to over-parameterization.
Considering that the conditional variance depends on
both the squares of the series returns and the conditional
variances of just the past periods, the GARCH model
introduced by Bollerslev’s (1986) has an advantage over
the ARCH model. Though, it does not provide the variant
signs (negative or positive). The GIR-GARCH model
solves this problem as it makes it possible to examine
whether price changes are positive or negative. Similarly,
one of the statistical models, the EGARCH (Exponential

Generalized Autoregressive Conditional
Heteroskedasticity) model can as well assist in
explaining the time-varying changes in variance

(volatility) patterns of a series returns, (Yahaya et al.
2022; Mohammed et al. 2022; Adams et al., 2023; Tasi’u
etal., 2024).

Fitting and forecasting of stock price series returns using
time varying GARCH models established by Engle
(1982), Bollerslev (1986), by adding additional term in
the Engle (1982) ARCH model and extended by Nelson
(1991), Ding et al, (1993), Glosten et al., (1993), Zakoian
(1994), among others, has been recently gaining attention
by investors, financial analysts, academics and
researcher. This is as a result of the ability GARCH
model in capturing statistical regularities (stylized facts)
of time series returns such as volatility clustering,
persistence, mean reversion and asymmetric (leverage
effect). The price series and other financial assets
depends on the expected key measure of dispersion
(volatility) of returns.

Numerous scholars have released evidence relating to
variance model (GARCH) in the presence of structural
break across emerging and developed economies.
Lamoureux and Lastrapes (1990) revealed that not
incorporating structural breakpoints in the conditional
variance while fitting and forecasting volatility increased
persistence of volatility shocks whereas incorporating the
sudden shifts in conditional variance mitigated the
persistence of shocks in volatility models.

Yu et al, (2018) compared the forecast performance of
GARCH and LSTM models in forecasting the
fluctuations of China’s equity market. Huang et al.
(2019) respectively constructs time series models and
deep learning model, and compared the forecasted results
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of the two kinds of models from the perspective of
dynamic and static prediction based on SSE index data.
Their analysis revealed that GARCH model has more
average forecasting accuracy in static forecasting, while
the LSTM model accurately forecasted most in dynamic
forecasting, with a Root Mean Square Error (RMSE)
value of 0.0632. Shaik and Aditya (2020) studied the
strength of GARCH and artificial neural networks
(ANN) models in forecasting the volatility of Indian
stock market indexes. Their results revealed that GARCH
outperformed the ANN model. Nasrin et al. (2020)
employed the Autoregressive Conditionally
Heteroskedastic time-series (ARCH) model to accurately
forecast the data-driven models for monthly stream flow
in the Urmia Lake basin. Their analysis indicated that
ARCH-CHAID models outperformed all other models in
the two stations. Shen et al. (2021) investigated risk
management efficiency forecasting accuracy using RNN,
GARCH and EWMA models. The results showed that
RNN outperformed GARCH and EWMA on average
forecasting performance. However, it performed poorly
in Value at Risk forecasting, indicating that it may not
work well as econometric model in explaining severe
volatility. Furthermore, in capturing the Bitcoin market's
extreme occurrences, RNN is less effective.

In a similar manner, Zhou and Rui (2021) compared the
performance of GARCH and deep learning models to
forecast the volatility of SSE50 ETF options, and realized
the GARCH model to performed better. Zahid et al.
(2022) applied hybrid GARCH models and machine
learning to forecast Bitcoin changes in variance
(volatility). Their studied revealed that both the in-
sample and out-sample indicated the hybrid GARCH
models can accurately forecast how Bitcoin prices will
disperse. Chatterjee et al. (2022) applied time series
variance models (GARCH, EGARCH, and GJR-
GARCH) and LSTM model to forecast stock volatility in
three distinct industries. The studied revealed that the
LSTM model beats the considered GARCH models in
forecasting volatility in the pharmaceutical sector than in
the IT and banking sectors. Cai et al. (2023) studied stock
price prediction using GARCH, RNN and LSTM models
with the aimed of comparing their forecast performances
and advantages. The results revealed that RNN and
LSTM models outperformed GARCH model. Goel et al.
(2023) applied GARCH and Multilayer Perceptron
Neural Network models to forecast monthly returns
series and concluded that Multilayer Perceptron Neural
Network performed better than GARCH model. Tasi’u et
al. (2024) applied EGARCH and Prophet models to
assess the impact of holidays on Nigeria stock exchange
price returns using two different distributions of
innovations. With the help of RMSE, their studied
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revealed that EGARCH (1,1) under skewed student’s t
outperformed both EGARCH (1,1) and Prophet models
under normal assumptions of innovations. Furthermore,
they revealed there exist a positive and significant effects
of all the holidays that falls on Thursdays. Adams and
Uchema (2024) compared the efficacy of EGARCH(1,1)
and Recurrent Neural Network (RNN) based on long
short term memory (LSTM) models to fit and forecast the
volatility of Nigeria naira exchange rate with pounds,
Euro and US dollars. The results revealed that
EGARCH(1,1) outperformed LSTM model.
Furthermore, they found the existence of leverage effect.
Adams et al. (2024) applied EGARCH, TGARCH and
LSTM models to study the characteristics volatility of
Nigeria stock exchange returns. They considered
monthly data ranging from January, 1985 to December
2023. With the help of EGARCH(1,1) and
TGARCH(1,1), the volatility persistence was found and
realized that EGARCH(1,1) outperformed LSTM (160-
80-5) model.

Based on the reviewed literature so far, little or no studies
had empirically evaluated the effects of Holidays on the
returns of stock markets prices. Research shows that the
impacts of the holidays on the stock markets is enormous
and it should not be ignored. This paper is therefore
aimed to address this challenge.

2.0 MATERIALS AND METHODS

2.1 Material

The used data in this research are daily data of the
Nigerian Stock Exchange (NSE) price returns ranging
from 2016 to 2019 obtained from the Central Bank of
Nigeria, and Chinese Stock Exchange (CSE) price
returns from 2017 to 2022 obtained from Federal Reserve
Bank of St Lius, USA.

2.2 Method
Most studies on finance used the returns instead of asset
prices because returns are scale free and easier to handle

than prices, Bruno et.al (2023). Let’s assume [, and

P,_; be the present and past day’s price returns or asset

prices respectively. The log returns y;, is expressed as:

y, =log (LJ
Py
()

2.3.1 GJR-GARCH (1,1) model with Holiday’s
GJR-GARCH model was introduced by Glosten,
Jagannathan and Runkle (1993) as a variance model. The
conditional volatility of a series returns is defined as:
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positivity of the conditional variance (0 2 0), a; +

y; = 0. Leverage effect exists wheny;> 0. If there are no
asymmetries effects, y is not statistically significant and
the volatility equation is nothing but the equation of a
GARCH model. Dy is an indicator function implying Da
= 1 if day t is a Monday and 0 otherwise; D= 1 if day t
is a Tuesday; D3 = 1 if day t is a Wednesday, D4 = 1 if

day t is a Thursday and D5t =1if day t is Friday.

2.3.2 Prophet model

Prophet model (also called Facebook Prophet model) was
introduced by the Core Data Science organization
(Taylor and Letham 2017) in order to capture trend,
seasonality and holidays effects of financial time series
data. It is expressed as follows:

y(@) =g(@) +s(t) +h(®) +e -

As, g(t) model the trend function of non-periodic
changes in the value of the series returns, s(t) accounts
for periodic changes (e.g., weekly and vyearly
seasonality), and h(t) explain the effects of holidays
which take place on potentially irregular schedules over
one or more days. The error term ¢, represents any
idiosyncratic changes which are not explained by the
equation, y(t), represents the series returns. The three
functions g(t), s(t) and h(t) are statistically defined as

follows:
_ c(t)
G(t) = K +aj(t)Té‘)(t7(m +a,

1) 7 ))) .

f(
(4)
Where c(t) is a carrying capacity changing with time, k
is the rate of growth, m an offset parameter, 5 € R% is a
rate of vector adjustment, djis the varying rate that occurs
at time s;.. An indicator function, a;o, is defined as:

1 ift>s
aj (t) = .
0, otherwise
)

1+e(
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The seasonality function is defined as:

2znt 27nt

s(t) = i[am cos[%) +Db, sin [TD =X (t)

()
Where X(t), is a seasonality vectors matrix for each
value of t in the historical and future data,a,, and b,, are
parameters to be estimated , S is defined as;

ﬁ:[ai,bl,.--,aN'bN]T' (8)

The holidays function is given by:
h(t) = Z(H)K;
9)
where K; is an individual holiday’s impact, Z(t) is a
regression matrix given as:
Z(t) = [1(t € Dy),...,1(t € D})]
(10)

2.4 Measure of accuracy

The best model will be selected based on Root Mean
Square Error (RMSE) and Mean Absolute Error (MAE).
They are defined as follows:

ISSNp: 2488-9229; ISSNe: 3027-1118

(11)
3 1T+k 2 2 2
RMSE—\/kt_TZH(at o t)
12)
]

where o?, and o, are the actual and predicted

volatilities of the exchange rate returns at time ¢,
k forecasts are carried outfromt =T+ 1to T + k.

3.0 RESULTS AND DISCUSSION

The used data in this research are daily data of the
Nigerian Stock Exchange (NSE) price returns ranging
from 2016 to 2019 obtained from the Central Bank of
Nigeria, and Chinese Stock Exchange (CSE) price
returns from 2017 to 2022 obtained from Federal Reserve
Bank of St Lius, USA. The analysis done on these two
data sets are GJR-GARCH (1,1) and Prophet models.

3.1 Statistics and Data Analysis

The parameter estimates of GJR-GARCH model along-
side with holidays effects on Nigeria and Chinese stock
exchange price returns data under normal, skewed
student’s t and Generalized Error distributions (GED) of
innovations are explain in table 1.

Tablel: Parameter Estimates Of GJR-GARCH (1,1) Model with Holiday’s Effects Under Normal, Skewed t And GED Of
Innovations On Nigeria And Chinese Stock Exchange Price Returns

GJR-GARCH (1,1)
Nigeria Chinese
Parameters Estimate: Estimate: Estimate: GED | Estimate: Estimate: Estimate:
Normal Skewed Normal Skewed GED
student’s t student’s t

5. 0.003239 0.000827 0.000010 0.008527 0.011939 0.007078
1 (0.013001) (0.494195) (0.86500) (0.44948) (0.08383) (0.02076)
S 0.002556 0.002057 0.000051 0.001650 0.000282 0.000109
2 (0.080623) (0.138112) (0.96022) (0.85268) (0.96739) (0.97164)
S 0.003464 0.002191 0.001416 0.013778 -0.000164 0.000121
3 (0.027208) (0.130637) (0.62935) (0.18976) (0.98751) (0.97050)
S 0.001255 0.002869 0.001054 -0.001929 -0.003276 0.002651
4 (0.484108) (0.028864) (0.000000) (0.85572) (0.71114) (0.00000)
F) 0.000462 0.000518 0.000010 0.013906 0.009840 0.000005
5 (0.832087) (0.640569) (0.85238) (0.13764) (0.19657) (0.96783)
a 0.190110 1.000000 0.240828 0.377758 0.570104 0.508447
1 (0.000000) (0.000000) (0.000000) (0.00000) (0.00000) (0.00000)
/3 0.758207 0.498154 0.651225 0.650724 0.635606(0.00 | 0.610713
1 (0.000000) (0.000147) (0.000000) (0.00000) 000) (0.00000)
0] 0.000007 0.000086 0.000011 0.000520 0.000590 0.000552
(0.000000) (0.000182) (0.000000) (0.00000) (0.00000) (0.00000)
y -0.015757 -1.000000 0.064780 -0.285865 -0.521883 -0.427234
1 (0.565375) (0.000000) (0.24266) (0.00000) (0.00000) (0.00003)
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Persistence 0.9404385 0.998154 0.924443 0.885549 0.9447685 0.905543
AlC -6.5429 -6.5319 -6.6440 -2.8825 -3.0680 -3.0636
Shibata -6.5430 -6.5320 -6.6441 -2.8826 -3.0682 -3.0638
RMSE 0.009573327 0.009584331 0.009572166 0.1130218 0.1130101 0.1130112
MAE 0.006763846 0.006779455 0.00676212 0.05896728 0.05890874 0.05892409
Table 1 under Nigeria, depicts that the coefficient of
Mondays, &, and Wednesdays, J,, under normal are | Conclusively, —the GIJR-GARCH model under

positive and significant (indicating the series returns will
increase per unit change of the holidays that fall on these
days) while the rest are not significant. The coefficient of

Thursdays, 54 under skew student’s t is positive and

significant (implying the series returns will increase per
unit change of the holidays that fall on Thursdays) while
the rest are not significant. In the case of generalized error

distribution, the Thursdays coefficient, O, is also

positive and significant, implying the series returns will
increase per unit change of the holidays that falls on
Thursdays, while the rest are not significant. On the other

hand, ¢, coefficient is statistically significant at 5% level

of significant in the three-error distribution of innovation.
This appears to show the presence of volatility clustering

in GJR-GARCH model. The coefficient of /3 are

statistically significant in all the three error assumptions.
This appears to show that shocks to volatility are very
high. The persistence in the three error assumptions of
innovations is less than 1, indicating shocks to volatility

are not high. The coefficient,, is negative and

statistically significant at the 5% level in skew student’s
t while for the normal and generalized error distribution

7,1, is negative and positive respectively and shows non-
significant.

generalized error distribution is found to be the best
because it has lower forecast measures.

While under Chinese stock exchange price returns, all the
holidays that falls on Mondays down to Fridays under
normal and skewed student’s t distributions of
innovations shows non-significant effects at 5% level
while for the GED of innovations, all the holidays that
falls on Mondays (with effect 0.007078) and Fridays
(with effect 0.002654) are significant. Additionally, the
constant term of the GJR-GARCH model under the three

error assumptions are all positive and significant. ¢, are

statistically significant in the three error assumptions.
This indicates the presence of volatility clustering in

GJR-GARCH model. /3, are statistically significant in

all the three error assumptions. The persistence of the
GJR-GARCH model under the three assumptions are less
than 1, indicating the shocks to volatility are not high and

the variances are not stationary. The coefficient, y, are

negative and statistically significant at the 5% level in all
the three error assumptions.

Conclusively, the GJIR-GARCH model under skewed
student’s t distribution of innovations is found to be the
best based on lower forecast measures observed.

The parameter estimates of Prophet model on Nigeria and
Chinese stock price returns are explain in table 2 as
follows:

Table 2: Parameter Estimates Of Prophet Model On Nigeria And Chinese Stock Exchange Price Returns

Prophet
Parameters Nigeria Chinese
S, 0.037166(0.6777) 0.000019325(0.7514)
5, 0.019149(0.6418) 0.000019821(0.6983)
S, 0.050025(0.6539) 0.000017172(0.6629)
S, -0.064744(0.6539) 0.000013141(0.6983)
S -0.066770(0.6836) 0.000019264(0.7188)

From table 2, it shows that the effect of holidays of Mondays down to Wednesdays on Nigeria price returns is positive
(indicating the increment of the price returns per unit changes of the holidays that falls on Mondays down to
Wednesdays) while for the Thursdays and Fridays is negative (indicating the decrement of the price returns per unit
changes of the holidays that fall on Thursdays and Fridays). In addition, the parameter estimates are all insignificant

at 5% level.
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While for the Chinese price returns, the effect of holidays of Mondays down to Fridays are positive (indicating the
increment of the price returns per unit changes of the holidays that falls on Mondays down to Fridays), though they
are all insignificant at 5% level.

Since GJR-GARCH model under GED is seen to be the best, table 3 will explain the comparison of GJR-GARCH
under Generalized Error Distribution of innovations and Prophet models forecast performance as follows:

Table 3: Summary Of GJR-GARCH Under GED And Prophet Models Forecast Performance On Nigeria Stock Exchange
Price Returns

Loss Functions GJR-GARCH (1,1): GED Prophet
RMSE 0.009572166 0.009855862
MAE 0.00676212 0.007060411

With the help of RMSE and MAE in table 3, GIR-GARCH(1,1) model under GED of innovations slightly outperformed
Prophet model. Hence, considering different distributions of innovations to study the effects of holiday’s on Nigeria
stock exchange price returns is worth noting.

Since GJR-GARCH model under Skewed student’s t is seen to be the best on Chinese stock exchange price returns,
table 4 will compare GJR-GARCH under Skewed student’s t distributions of innovations and Prophet models forecast

performance as follows:

Table 4: Summary Of GJIR-GARCH Under Skewed Student’s t And Prophet Models Forecast Performance On Chinese
Stock Exchange Price Returns

Loss Functions GJR-GARCH (1,1): Skewed student’s t Prophet
RMSE 0.1130101 0.07326395
MAE 0.05890874 0.04370841

Evidence from table 4, shows that RMSE and MAE have
value of 11.30% and 5.89% respectively under GJR-
GARCH (1,1) model, while under Prophet model, the
RMSE and MAE have value of 7.3% and 4.37%
respectively. Hence, we can conclude that Prophet model
outperformed GJR-GARCH (1,1) model (under GED of
innovations).

4.0 CONCLUSION

For NSE price returns, results revealed the existence of
holiday’s effects of Mondays and Wednesdays to be
positive and significant (under normal assumptions of
innovations) while under skewed student’s t and
generalized error distribution of innovations, only
holiday’s that falls on Thursdays that are positive and

significant. Furthermore, ¢, and /3, revealed the

volatility clustering and persistence as they are all positive
and significant. Leverage effect exist only under GED,
though, non-significant at 5% level. In addition, among
the three distributions assumptions of innovations
considered, generalized error distribution is found to be
the best based on the forecast measures.

For CSE price returns, all the holidays that falls on
Mondays down to Fridays under normal and skewed
student’s t distributions of innovations shows non-
significant effects at 5% level while for the GED of
innovations, all the holidays that falls on Mondays (with
effect 0.007078) and Fridays (with effect 0.002654) are

significant.  Furthermore, volatility clustering and
persistence are observed and significant. The exist no
leverage effect in the three error distributions of
innovations considered. Additionally, based on the
forecast measured considered, the best distribution among
the three considered is the skewed student’s t distribution.

GJR-GARCH(1,1) model slightly defeated Prophet model
under NSE price returns data, while under CSE price
returns data, Prophet model defeated GJR-GARCH(1,1)
model.

With this regard, it is worth noting that considering series
returns factor (such as holiday’s: Valentine’s day, Father’s
day, etc.) in time series model (GJR-GARCH) and
applying  different  distributions  assumptions  of
innovations when analyzing financial series returns is
important as it will provide more realistic information.
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