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Abstract

Karachi rainfall and ENSO cycles have influenced on earth climates. The
effects of EI-Nino Southern Oscillation (ENSO) on the rainfall climate sys-
tem of the Karachi region are analyzed. The research is working on the ENSO
and rainfall Karachi region massive datasets information gathered for the
period 1961-2021, which are break down into cycles (1st— 10th). The novelty
of this study is to analyze the factor of the ENSO effect, which is parallel
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to the Karachi rainfall region, as well as other factors such as deforesta-
tion. ENSO-Rainfall Karachi region cycles are also measured via statistical
techniques. The estimate Model and forecasting of volatility through the
comparative study of AR(R) — GARCH (P, Q) and GARCH (P, Q) Models.
Effect of El Nino-Southern Oscillation (ENSO) on Karachi Rainfall as a case
study suitable to research on its behavior for estimating forecast evolution of
ENSO-Rainfall Karachi region cycles. The technique of AR(R) — GARCH
(P, Q) and GARCH (P, Q) process is feasible for ensuring the appropriateness
of the impacts on Karachi region rainfall and ENSO cycle. Different value of
AR(R) — GARCH (P, Q) and GARCH (P, Q) Models is used. RMSE, MAE,
MAPE and U Test are calculated to describe which technique provide the
maximum accuracy of forecasting and Predictions. Most of the forecasting
evaluation describe that GARCH (P, Q) has highest accuracy to predicting
and forecasting ENSO and Karachi Rainfall Cycles as comparative others
three models. This study confirms that, the duration of ENSO years, the
tendency of Karachi region rainfall is reduced. The study shows that the
relationship between ENSO-Rainfall Karachi region cycles are uncertainty.
In the immediate year following the El Nino event, the July and September
months, as well as the summer monsoon season, had a statistically significant
90% rainfall deficit.

Keywords: GARCH (P, Q), ENSO, Karachi region, RMSE, ENSO, Fore-
casting.

1 Introduction

ENSO (El Nifio-Southern Oscillation) is a climate phenomenon that occurs in
the tropical Pacific Ocean. It has a significant impact on global weather pat-
terns and can influence rainfall patterns in various regions around the world.
During EI Niio, the sea surface temperatures in the central and eastern tropi-
cal Pacific Ocean become unusually warm. This warming can lead to changes
in atmospheric circulation patterns, affecting global weather patterns, under
which we are examining its impacts on Karachi city which is on the edge of
El-Nino impact, while the rest of the country is out of the reach of its effects.
The main part of the study is to notice ElI-Nino’s impact on Rainfall of the
city. The impact of El Nifio on rainfall varies depending on the location, but
some general patterns have been observed. ENSO’s implications on shift of
Rainfall trends are commonly seen in the western Pacific, including Southeast
Asia and parts of Australia. These regions may experience drought conditions
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as the usual moisture-laden trade winds weaken, leading to reduced rainfall.
On the other hand, some areas in the eastern Pacific, such as parts of South
America, may experience above-average rainfall during El Nifio events [1].
Altogether, the effects of EI-Nino on precipitation vary in different regions of
the world. The study shows the deep association of ENSO with rainfall, seen
in the specific region. ENSO is affecting rainfall similarly as other factors do,
like deforestation.

ENSO, short for El Nifio-Southern Oscillation, is a climate phenomenon
that occurs in the tropical Pacific Ocean. It has a significant impact on global
weather patterns and can influence rainfall patterns in various regions around
the world [2, 3]. The counterpart phases of El Nifio and La Nifia occur
irregularly but typically last for several months to a year or more. During
El Nino, the sea surface temperatures in the central and eastern tropical
Pacific Ocean become unusually warm. It is reported that the change in the
static moment of ENSO is an important indicator of human-induced climate
change [4]. This warming can lead to changes in atmospheric circulation
patterns, affecting global weather patterns. Over the last century, ENSO
characteristics underwent significant changes [4]. El Nifio impact on rain-
fall varies depending on the location, but some general patterns have been
observed. Different studies have investigated non-linearity in the ENSO cycle
from different points of view [5, 6]. El Nifo is often associated with below-
average rainfall in the western Pacific, including Southeast Asia and parts of
Australia. These regions may experience drought conditions as the normal
moisture in trade winds got weaken, leading to reduced rainfall. On the other
hand, some areas in the eastern Pacific, such as parts of South America, may
experience above-average rainfall during El Nifio events. In contrast, La Nifia
is characterized by cooler than normal sea surface temperatures in the tropical
Pacific Ocean. La Nifia events generally have the opposite effect on rainfall
patterns compared to El Nifio. During La Nifa, there is often increased
rainfall in the western Pacific. Conversely, areas in the eastern Pacific, such as
parts of South America, may experience drier-than-normal conditions during
La Nifia events. It is important to note that El Nifio and La Nifia can have
a significant influence on rainfall patterns; still they are not the only factor
that determines regional climate variations. Local geography, topography,
and other climate systems also play a role in determining rainfall patterns
in specific regions. Overall, the impacts of ENSO on rainfall are complex and
vary across different parts of the world. Scientists and meteorologists closely
monitor ENSO events to better understand their effects on weather patterns
and provide more accurate forecasts.
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The impact of rainfall on the Enso (EI Nifo-Southern Oscillation) phe-
nomenon is significant. ENSO refers to the natural climate pattern that occurs
in the tropical Pacific Ocean, characterized by the warming and cooling of
surface waters in that region. It has a strong influence on weather and climate
patterns around the world [7]. During El Nifno events, which are part of the
ENSO cycle, the sea surface temperatures in the central and eastern Pacific
Ocean become unusually warm. This warming of the ocean has widespread
effects on global weather patterns [8]. El Nifio events tend to bring above-
average rainfall to the western coasts of South America, including Peru
and Ecuador. These regions experience heavy rainfall and may even face
flooding and landslides. Conversely, some areas in the western Pacific, such
as Indonesia and Australia, often experience drier conditions during El Nifo.
On the other hand, La Nifia events are characterized by cooler than normal
sea surface temperatures in the eastern and central Pacific [9]. La Nifia
can produce opposite impacts on rainfall patterns compared to El Nifio. It
often brings above average rainfall to the western Pacific, including parts
of Indonesia and northern Australia. It is important to notice that the exact
impacts of ENSO on rainfall patterns can vary depending on the strength and
duration of El Nino or La Nifia event, as well as other climate factors. Local
geography and atmospheric conditions can also influence rainfall within
the region. Therefore, it is essential to consider regional and local climate
characteristics when assessing the impact of ENSO on Rainfall.

2 Data Description and Research Methodology

The mean monthly data of EI-Nino Southern Oscillation (ENSO) and Rainfall
cycle Karachi region from 1961 to 2020 (cycles 1st-10th) is under observa-
tion. Pakistan Metrological department provide the Rainfall Karachi region
dataset and the El-Nino Southern Oscillation (ENSO) is collected form World
Data Center. The method of Box Jenkins is used to calculate the stationary
condition of AR-GARCH. The appropriate models of AR (R) and GARCH
are selected by Akike information Criterion (AIC), Schwarz Info Criterion
(SC) and Hann Quin (HIC). The forecasting tendency of each model for
each cycle would be observed by diagnostic tests like mean absolute error
(MAE). Root mean square error (RMSE) and Mean absolute percentage error
(MAPE) (Simon P. Neill in Fundamental of Ocean). Maximum log likelihood
is also used to ensure maximum values of AR-GARCH. The least values of
Akike Info Criterion (AIC), Schwarz and Hann criterion (SC) will show us
the adequacy of each modeling process. Forecast with the appropriate model
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of ENSO and Rainfall cycles of Karachi region are checked for accuracy by
RMSE, MAE and MAPE. An explanation of these error finding terminologies
are given. Hence AR-GARCH model is one of the best statistical methods
used in volatility [10]. A large dataset is analyzed using GARCH (P, Q)
model. The idea of AR (R) model is verily relevant to volatility modeling,
such that the GARCH model can be joined with AR (R) model. Selection of
model to guess the residue of the data sample depends on choosing the model
that has lowest chance of error. The model will be generalized autoregressive
if it is considered for error variance.

3 Statistical Analysis Description

This section covered the statistical analysis background.

3.1 Information Criterion

Akaike information criterion: Hirotogu Akaike in 1973 introduced an AIC
test. It is new form of the highly likelihood values. The condition of selection
is based on the minimum number of AICs. In the formula P is the parameter
numbers of model. Maximum values are measure of the better fit. The
likelihood is a factor of the fitted technique.

AIC = —2Log(likelihood) + 2P (1)

Hannan-Quinn criterion: HQC is like substitute of either AIC or SIC also
used for selection of model. Where P is parameter of model and N shows the
observations number.

HQC = —2Log(Likelihood) + 2(P + PIn(N)) (2)

Schwarz criterion: SIC check is performed to have accurate model. This
model works on the minimum values of SIC. Gideon E. Schwarz introduced
this useful criterion. It has much resemblance with AIC.

SIC = —2In(Likelihood) + ((P) + Pin(N)) 3)

3.2 Forecasting Evaluation

The predicting and forecasting tendency of each model for each cycle
would be observed by the test of diagnostic, for example, mean absolute
error MAE, root mean square error RMSE and mean absolute percentage
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error MAPE [11]. Forecast with the appropriate model of ENSO/Rainfall
cycles are checked for accuracy by RMSE, MAE and MAPE. A depiction
of these error finding expressions are given. Hence this variation of auto
regressive GARCH model is one of the best statistical methods used in
volatility [12]. A large dataset is analyzed using GARCH (1-1) model. The
idea of auto regression is verily related to volatility modeling, such that the
generalized autoregressive conditional Heteroskedacitic GARCH model can
be joined with simple AR model. Forecast with the best appropriate model
of ENSO Rainfall cycles are established for accuracy via RMSE, MAPE
and MAE while GARCH provides exact method of assessing volatility. Here
we need Box Jenkins method actually to process the stationary type of AR
(R)-GARCH (P, Q).

MAE (Mean Absolute Error) Extreme values of forecasting error are not
included in MAE.

1 n
MAE = —
=~ e “
I=1
RMSE (Root Mean Squared Error) The large individual error affects the total
forecast error (P.P Biemer, Quality Statistics).

&)

MAPE (Mean Absolute Percentage Error) Extreme deviations are not
arranged by MAPE (Koehler 2006). At this stage positive & negative error
will not match MAPE.

n

MAPE = EZ

n
t=1

S

t

x 100 (6)

Theil’s U-Statistics is described as

\/%E?:leg 0<U <1

U= <UL (7
VESL A i, v

3.3 Testing the Normality

This process is to test either there is normal distribution or not. This test
has basically relation with the magnitude of kurtosis and graphical view of
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skewness. Values closer to zero mean that data sets are normally distributed.
The Jarque—Bera test also tells us kurtosis and skewness.
Kurtosis shows the peakness of the dataset. Kurtosis is calculated as

—4
r(Y-Y
Kurtosis = Zz(nlﬁ Hot ) &)
Skewness shows the limit of asymmetry of the data set.
. _
v (Y —
Skewness = M )]

(n—1)Q?

JBS (Jarque—Bera Statistics test) is considered with the dataset normality
with excessive kurtosis that tends to zero and skewness equal to zero. Null
hypothesis is a normal distribution with excessive kurtosis and no skewness
occurs. Jarque—Bera test statistics are tabulated with two-degree freedom as
Chi squared distribution.

n(skewness)®>  n(kurtosis — 3)*

6 24 (10)

Jarque-Bera test =

4 Mathematical Models

This section consists of background of the techniques which are used in our
study. The basic procedure to execute AR-GARCH model for ENSO’s impact
on Rainfall are mentioned below

Time Series Dataset: The historical dataset for time series must be collected
for both indices of ENSO e.g. SOI or Nino Index; and Rainfall records in
specified region of Karachi. The ENSO/Rainfall data of 60 years is taken,
which is sufficient time period to tabulate different ENSO phases and their
impacts.

Autoregressive Components [AR]: The AR component deals the autocor-
relation in dataset, in which present values of variable are dependent on its
previous values. Thus Rainfall indices are taken as dependent variable, while
ENSO as independent variable in Autoregression. This tells the sensitivity of
interdependence between ENSO and respective Rainfall occurred.

Conditional Heteroskedasticity [GARCH]: Heteroskedasticity means to
change volatility in the data upon time. The GARCH model takes such
volatility. The volatility in Rainfall estimation can be examined, which
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increases in required ENSO epoch by including ENSO’s indices to be the
predictor of selected GARCH.

Model Estimation: It estimates the parameters of AR-GARCH model by
using statistical methods appropriately. The optimal lag orders of AR and
GARCH should be found first, also to estimate the coefficients that determine
the relation and measurements of rainfall.

Volatility Analysis: The GARCH model is then understand that how volatil-
ity in Rainfall spells change with different ENSO events. It provides an
insight of El-Nino episodes which are linked with more phenomenon or
intense Rainfall behavior.

Inference and Interpretation: when the model is estimated, hypothesis
tests are performed and assessed the validity of the estimations. Results are
deciphered to know the strength and nature of the interdependence between
Rainfall & ENSO; also the volatility trends are relevant with ENSO phases.

Forecasting and Scenario Analysis: The AR-GARCH model is also useful
in forecasting future Precipitation relied on predicted ENSO parameters.
Additional analysis can help estimate how variation in ENSO epochs that
exert Rainfall multifaceted.

Statistical techniques and making effective estimates and prediction
are mandatory for understanding time series data analysis of AR-GARCH
Model. Moreover, the reliability & quality of the datasets used in the
modeling play a pivotal part to obtain meaningful results.

4.1 AR (p)-GARCH (P, Q) Process

The autoregressive process (AR) is established via Yule [13]. An autoregres-
sive process AR (R) can be described via a sum of weighted lags; they are
earlier values and a white noise. The generalized Autoregressive process AR
(R) of lag p is described as mentioned.

Yi=arYii+aYio+ oY, + 7 (11)

Here ¢; is known as white noise along with mean E (7y) = 0, Variance
(1t) = o? and Covariance (1¢_g, 7t) = 0, if s # 0. For every t, let 7y is
independent of the Y;_1, Y;_o, ... 7 is uncorrelated with Y; for each s < ¢.

The AR (R)-GARCH (1, 1) technique was established by [14]. The
volatility of stochastic model was introduced by [15, 16]. The GARCH (P,
Q) model has more exactness to emphasize the turbulence of variances. AR
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(R)-GARCH (P, Q) model is favorable in studies of volatile grouping and
the relative forecasts’ volatility [17]. AR (R) — GARCH (1, 1) processes
have good forecasting capabilities than other traditional models [18]. AR(R)-
GARCH (P, Q) is most appropriate in multi periodic long term prediction.
AR (R) — GARCH (P, Q) model is generally calculated for forecasting and
modeling for different types of dataset-handling that includes climatological
and economic modeling. The GARCH (P, Q) of Y; is mentioned as:

Tt = Otfht (12)
Here €;~ IID(0,1)

The model:
0 =8+ P1f, +yot, withd+3+7>0 (13)

AR (R) - GARCH (1, 1) technique is a covariance-stationary along with
the process of white noise if and only if 3+~ < 1. The process of the variance
of the covariance-stationary is described as follow.

Variance(Y;) 0 (14)
t) =175
1-5—7

AR (R) -GARCH (P, Q) technique is stationary if it sustains stationary
conditions. The GARCH (1, 1) technique is mostly going with the leptokurtic
therefore the kurtosis greater is than 3 which means the behavior is heavy
tailed. GARCH (1, 1) technique is specified with AR (R); is defined as
follows (t = 0£1, £2,...).

Yi=aYi 1+, o+ +apY p+ 1 (15)

7 = oy with €, ~ IID(0,1) (16)

0p =0+ Bimig + Batio + -+ BTy + 1011 (17)

Where E(ry) = 0, Variance (177 1,77 5...) = o> and Covariance

(Tt—s>7—t) = 0, if s 7& 0.

The Box-Jenkins methods by the way of AR-GARCH -calculate more
techniques, to assess models and to predict the ENSO and Rainfall cycles
dataset. The AR-GARCH model is selected with a minimum square approx-
imation. This model works with all important techniques to make it fully
effective. For any distinctive criterion, that ensures the fitness of dataset in
such model with controlling errors by SE Regression. The values of AR
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(R) is often taken less than 4, simultaneously, GARCH functions normally
on values of 1 and 2 because in AR-GARCH merely least values will be
occurred [18]. The data are split into two tables first are primarily diagnostic
tests of this model for each 6-year period and all of the ten cycles are done
which gathered data sets between 1961 to 2020 and the behavior of ENSO-
Rainfall is judged easily. We have decided AR and GARCH each of which
is very feasible for modeling unpredictable fluctuations of ENSO and rain
interdependence. That’s why the volatility model is suitable to predict it and
by combining these forecasting capabilities of future rainfall because of the
effect of ENSO [19].

4.2 GARCH (P, Q) Process

This model is used when the variance is not constant for error terms. Het-
eroskedasticity shows the variation of irregular pattern in statistical model.
GARCH type models are specifically used for climatic modeling to notice log
returns [20], such models are found reasonable in terms of criteria. The non-
stationary situation of the conditional variance shows results of AR-GARCH
and according to criteria of either AIC or BIC the appropriate model might
be AR (1) — GARCH (1, 1). The differences of samples will be the mean
centered process, the white noise with a type of autoregression process has
conditional heteroskedasticity to seek for feasible model, and the parameters
p & q are actually order of noise.
Consider (Z,,) be the series of arbitrary variables such that

It is the generalized autoregressive conditional heteroskedasticity or
GARCH (q, p) process if;

Yi=0Z,t€Z (19)

Where (o) is a nonnegative process such that
ol =ag+ Y2 -+ oquf_q + Brot -+ 5paf_p, te Z (20)
ap>0,a;,=0i=1,...,¢8;>0i=1,...,p. (21)

Equation (2.2.1) clearly shows the stationery condition of Model GARCH
(1, 1), if (62 t) is also stationary. The process (02 1) is enough for analyzing
higher order moments and properties of GARCH. This theorem yields that
this equation can be used to keep the process (o2 t) stationery.
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5 Results Discussion

This method includes calculation and forecast the upcoming impact of El-
Nino on Karachi’s Rainfall with Box-Jenkins, AR (R) and -GARCH (P, Q)
models. The El-Nino Southern Oscillation cycle has been increasing climate
variability every year on some regions. ENSO episodes of above normal
and below normal events on specified regions of Karachi have risked ocean
and atmosphere; observing climatic systems for the tropical Pacific Ocean.
This study will observe that the trends in Rainfall over the city are due to
El-Nino events. The findings have shown that ENSO undoubtedly affecting
severely the rainfall of Karachi and the city receives less than a normal
rainfall during ENSO periods (Pakistan Meteorological Department). Dataset
given by world data center is quite facilitative in this case. The fitted and
appropriate model AR (R) -GARCH (P, Q) are selected by AIC, SC and HIC
using dataset cycle (1st-10th) with the application of AR (R) -GARCH (P,
Q) and individual GARCH (P, Q) process. The last values of Akike Info
Criterion, Schwarz and Hann criterion will show us the adequacy of each
modeling process. In this study, the goodness of fit of the AR (R)-GARCH
(P, Q) technique is calculated on the basis of residuals and the standardized
residuals. The Lagrange multiplier (LM) test for heteroskedasticity and the
test of Ljung-Box is calculated for serial correlation. In the stationary tech-
nique, the coefficient of determination is calculated to forecast and predict the
variable of dependent from the independent variable. One of the objectives of
this study was to estimate, calculate and forecast the future Rainfall Karachi
as a case study and ENSO cycles with Box-Jenkins AR (R) — GARCH (P,
Q) models. The autonomous model (GARCH) is mostly the three parameters
only that an unlimited number allowed of square roots to impact the existing
infinite variables.

5.1 AR(R)-GARCH (P, Q) Technique

Table 1 describes the Diagnostic Test for ENSO Cycles (1st — 10th) with
GARCH (P, Q) specification with AR(R) in which R-squared values are
determining the proportion of variance, which is then adequately adjusted
though. The SE-Regression is incorporated to measure the logical regression
within the dataset that shows a positive correlation between two variables and
the estimator of the parameter is derived by log-likelihood function. Along
all above tools, different information criteria are utilized to seek best fitted
model. The Durbin Watson statistics ranges from zero to four; clearly shows
the positive correlation here in the general run of ENSO episodes analyzed by
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AR-GARCH Model. The adequacy of the best fitted models is checked via
AIC, SC, HQC and Maximum log likelihood tests. The criteria of selection of
the most fitted model are least values of AIC, SC, and HQC, where DW value
should be less than 2. Majority of cycles followed the best appropriate model
is GARCH (1, 1) with specification AR (2) and AR (3). There are similar
values of log-likelihood all of them are negative, hence the goodness of the
model is ensured as long as no anomalous behavior is seen, the 4th cycle will
be called the better among all due to lowest from rest values. This way the
ENSO is calculated on its appropriate AR (R)-GARCH (P, Q) model.

Table 1 also describes that the values of R-squared except in few cycles
that seem to decrease lags among estimated sum of squares and total sum
of squares hence the degree of freedom is also increased by its adjustment.
The standard errors are apparently regressing moderately around unidentified
mean and the model fitness decided by each criterion is equivalent. The
dataset has positive autocorrelation by DWS test.

Table 2 shows the forecasting evolution of error involved in the modeling
process by every direction. These vales identify the accuracy of a predictive
model by quantifying the differences between predicted and actual values.
Lower values indicate better model performance, but the choice of value
depends on the specific characteristics of the dataset analysis.

Least values in every column are decisive for model’s accuracy. The Theil
index, on the other hand, is a measure used in economics and statistics to
quantify economic inequality. It is particularly used to assess the inequality
in the distribution of a set of values. The least values in the table of Theil’s
index are showing less difference with desired outcomes. Here the model has
conditional heteroskedasticity to control randomness in variance.

Table 3 shows the SE regression is calculated and opted that R-squared
efficient as SE-regression. However, the variables and the differences due to
some error are considerable with expected fluctuation. In the comparison of
goodness of cycles; 7th cycle is far better for log-likelihood technique, while
other samples are equivalent. Average difference between information criteria
is remarkable thus the model is best fitted for such model.

Table 4 shows that forecast evolution of Rainfall spells have weak cor-
respondence with better Thiel’s U outcome. It is to be mentioned that,
we applied Thiel’s-U by comparing the forecasted rainfall values with the
actual observed rainfall values, under ENSO’s auspices. The calculation is
maintained for both the errors in magnitude and the direction of change.
Other common metrics include MAE, RMSE, and MAPE. The choice of
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Figure 1 Actual values, fitted values and Residual value of AR (R) - GARCH (1, 1) Model
of ENSO Cycles.

metric depends on the specific characteristics of the data and the goals of
the forecasting effort.

Conclusively, when there is measuring accuracy of the system; econome-
tricians emphasize the importance of large errors also give a relative basis for
comparison with delicate forecasting methods. For example, the statistical
tool like Thiel’s U-Test has both factors of forecast and observation. In
tabulated values it is observed that the U-Test is hardly reaching to 1 which
shows that a model is very good fit for this dataset of both Rainfall and ENSO,
also if the test was exceeding 1.0 then we would not choose this forecasting
model as a basic methodology with considerable result. As we looking into
Theil’s inequality they are not more than 1 for both ENSO and Rainfall. The
inputs are examined which provides the information about quality of accuracy
measure and assumption to the model by comparing the output or a forecast
from the model. Also it seems necessary to check inputs to improve the model
as well as to check output for having the appropriate model.

Figure 1 describe that Actual values, fitted values and Residue graph of
ENSO Cycles which are shows that Actual values and fitted values have
same behavior that shows the given dataset is good predictable. Actual
values, Fitted values and Residue graph of AR (2) — GARCH (1, 1) Model
of ENSO Cycle (1961-1966). All three parameters move along with slight
deviation which exhibit efficacy of such model. Actual values, Fitted values
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Figure 2 Actual values, fitted values and Residual value of AR (R) - GARCH (1, 1) Model
of ENSO Cycles.

and Residue graph of AR (5) - GARCH (2, 1) Model of ENSO Cycle (1967—
1972). It shows tendency of appropriateness as the values of the three change
persistently. Actual values, Fitted values and Residue graph of AR (2) —
GARCH (1, 1) Model of ENSO cycle (1973-1978). In this cycle the fitted
values show some dissimilarity with actual and residues. For Actual values,
Fitted values and Residue graph of AR (1) - GARCH (1, 1) Model of ENSO
cycle (1979-1984). For this cycle there is minimum regression between fitted
values and actual values.

Figure 2 shows that for Actual values, Fitted values and Residue graph
of AR (3) — GARCH (1, 1) Model of ENSO cycle (1985-1990). There is
a slight contrast between actual and residual values though coincide as well
on some levels. For Actual values, Fitted values and Residue graph of AR
(3) — GARCH (2, 1) Model of ENSO cycle (1991-1996). Actual values
match with error terms involved in each calculation while it has minor uneven
distribution with fitted values. For Actual values, Fitted values and Residue
graph of AR (1) — GARCH (1, 2) Model of ENSO cycle (1997-2002). We
can see similarities between Actual and Fitted values on most of the points
with subsequent Residual error. For Actual values, Fitted values and Residue
graph of AR (2) — GARCH (1, 1) Model of ENSO cycle (2003-2008). There
are relative values of both actual and fitted values and some exact overlapping
can also be observed.
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Figure 3 Actual values, fitted values and Residual value of AR (R) — GARCH (1, 1) Model
of ENSO Cycles.
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Figure 4 Actual values, fitted values and Residual value of AR (R) — GARCH (1, 1) Model
of Rainfall Karachi Cycles.

Figure 3 describe for Actual values, Fitted values and Residue graph of
AR (4) — GARCH (1, 2) Model of ENSO cycle (2009-2014). The fitted
values tend to lag behind actual value with equivalent fluctuation. The Actual
values, Fitted values and Residue graph of AR (2) — GARCH (1, 2) Model of
ENSO cycle (2015-2020). Here fitted values turn round between limitations
of actual values and do not exceed on any of the point.

Figure 4 describe that Actual values, fitted values and Residue graph of
AR (R) — GARCH (1, 1) Model of Rainfall Karachi Cycles which show
that Actual values and fitted values have same behavior that shows the given
dataset is good predictable. Actual values, Fitted values and Residue graph of
AR (1) - GARCH (1, 1) Model of Rainfall Cycle (1961-1966). All of three
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Figure 5 Actual values, fitted values and Residual value of AR (R) — GARCH (1, 1) Model
of Rainfall Karachi Cycles.

regression parameters follow almost constant distribution. Actual values, Fit-
ted values and Residue graph of AR (12) — GARCH (1, 2) Model of Rainfall
Cycle (1967-1972). Here the fitted values follow the actual trends with
considerable difference on few iterations. Actual values, Fitted values and
Residue graph of AR (15) — GARCH (1, 1) Model of Rainfall Cycle (1973—
1978). In this cycle fitted values behave inactively in Rainfall months with
approximately followed residues. Actual values, Fitted values and Residue
graph of AR (16) — GARCH (1, 1) Model of Rainfall Cycle (1979-1984).
Fitted values vary similarly along actual values with low equivocation.
Figure 5 shows that the Actual values, Fitted values and Residue graph
of AR (13) — GARCH (1, 2) Model of Rainfall Cycle (1985-1990). Upon
changing parameters fitted values do not follow actual values except on few
stages. Actual values, Fitted values and Residue graph of AR (1) - GARCH
(1, 1) Model of Rainfall Cycle (1991-1996). By altering parameters, the
fitted values diverge from the actual values, with only a few terms exhibiting
alignment. Actual values, Fitted values and Residue graph of AR (10) —
GARCH (1, 2) Model of Rainfall Cycle (1997-2002). Fitted values occur
with low randomness so it can be termed as poor fitness of the Model. Actual
values, Fitted values and Residue graph of AR (12) — GARCH (1, 2) Model
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Figure 6 Actual values, fitted values and Residual value of AR (R) — GARCH (1, 1) Model
of Rainfall Karachi Cycles.

of Rainfall Cycle (2003-2008). This cycle’s distributions are apparently
compelling on same points thus shows good relevance between the values.

Figure 6 describe that the Actual values, Fitted values and Residue graph
of AR (10) — GARCH (1, 1) Model of Rainfall Cycle (2009-2014). The
fitted values consistently change along the actual values, demonstrating harsh
ambiguity. Actual values, Fitted values and Residue graph of AR (9) -
GARCH (1, 1) Model of Rainfall Cycle (2015-2020). Less relevance can
be seen in actual and found values, where residue terms move just along.

5.2 GARCH (P, Q) Process

Regression can actually be fitting a function in datasets and to make the
function workable, it needs analysis of regression to generate the relationship
of function to conclude the system of model bearing good outcomes. This
model is useful when the variance is not constant for error terms. Het-
eroskedasticity shows the variation of irregular pattern in statistical model.
GARCH models are specifically used for climatic modeling to notice log
returns (Zheng. Et.al 2018). The non-stationary situation of the conditional
variance shows results of AR-GARCH and according to criterions of either
AIC or BIC the appropriate model might be AR (1) — GARCH (1, 1). The
differences of samples will be the mean centered process, the white noise with
a type of autoregression process has conditional heteroskedasticity to seek
for feasible model, and the parameters p & q are actually order of noise. The
research is suggesting that ENSO/Rainfall forecasts which may have non-
stationary conditional variance, and the results of AR-GARCH indicate the
non-stationary persistence. The datasets alike Rainfall and ENSO which is
highly unpredictable hence GARCH model select with autoregression which
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Table 5 Diagnostic Test of GARCH (P, Q) for ENSO Cycles (1st to 10th)
Cycles GARCH  R? ADJR? SE-Reg. LogLikel. AIC. SC. HQC. DW.
1961-1966 (1,2) 0.87631 0.031785 0.935270 —87.25631 2.5626 2.72077 2.625 1.121
1967-1972 (1,1) 0.7876  0.000796 0.998029 —100.2851 2.8412 2.90449 2.866 0.611
1973-1978 3,1 0.9865  0.010225 1.228441 —109.2778 3.2021 3.39188 3.277 0.501
1979-1984 (1,1) 0.8457  0.001700 1.088290 —99.49280 2.8194 2.88248 2.844 0.597
1985-1990 (1,1) 0.9854  0.000008 1.099926 —106.0780 3.0021 3.06540 3.027 0.715
1991-1996 (1,1) 0.7566  0.026105 1.000268 —100.9962 2.8610 2.92424 2.886 0.907
1997-2002 (1,1) 0.76521 0.201814 1.385257 —106.9385 3.1094 3.26750 3.172 0.455
2003-2008 (1,1) 0.76521 0.001595 0.998962 —104.4412 2.9567 3.01994 2981 1.296
2009-2014 (1,1) 0.84654 0.069884 1.186764 —110.0817 3.0856 3.11722 3.098 0.796
2015-2020 (L,1) 0.96578 0.091745 0.949992 —97.39816 2.7610 2.82430 2.786 1.102

is Heteroskedasticity defined an uncommon sample of error term variability
or variance in a statistical form (Helmut Pruscha 2016). This paper analy-
ses classified autoregression period along with white noise and conditional
heteroskedasticity variance.

Table 5 Accordingly, by way of combining those models autoregression
and GARCH wherein AR (p) is applied to the time series variance at the
same time as GARCH (p, q) technique used in time series. The selection of
appropriate model technique depends on Durbin-Watson statistics test and by
values we see strong autocorrelation in the dataset. Least-square estimation
is also estimated for GARCH and it shows the diagnostic test which is
conducted with same method; model fitness is checked by AIC, HQC and
BIC; Information criteria. Lower values indicate better model fit. Likelihood
Ratio test compares the likelihood of the estimated model against a simple
model. It helps to determine if more complex GARCH model significantly
improves the fit. All cycles show that best appropriate model is GARCH (1,
1) process apart from few iterations.

Table 6 describe that the GARCH modeling is performed for climate
volatility along with evaluation metrics (RMSE, MAE, MAPE) and a measure
of inequality (Theil Index). MAE is often used when the emphasis is on
the magnitude of errors, while MAPE is useful when the emphasis is on
the percentage difference. Both climatic indices show less relation as values
are deviating from zero. Thus GARCH (P, Q) model is proving to be rarely
responsive for ENSO relation with other weather epochs.

Table 7 shows positive autocorrelation and standard error is regressed
minimally in 7th cycle; further endorsed by log-likelihood function. However,
on R-squared values shows that positive correlation. model fitness is checked
by AIC, HQC and BIC; Information criteria. Lower values indicate better
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Table 6 The Evolution of Forecast of ENSO Cycles by GARCH (P, Q) model of cycle (1st
to 10th)

Cycles GARCH RMSE MAE MAPE U-Test
1961-1966 (1,2) 0.9287 0.7405 227.98 0.7497
1967-1972 (1,1) 0.9910 0.806 99.366  0.97388

1973-1978 3,1 1.21988 1.0312 101.234  0.8445
1979-1984 (1,1) 1.0807 0.7916 248.71 0.6418
1985-1990 (1,1) 1.0922 0.8743 115.6 0.8844
1991-1996 (1,1) 0.9932 0.8319 479.90 0.4650
1997-2002 (1,1) 1.3756 1.0682 133.49 0.8132
2003-2008 (1,1) 0.99200 0.78441 125.519 09120
2009-2014 1,1) 1.1867 0.9498 100.00 1.0000
2015-2020 (1,1) 0.943372  0.79410 190.146  0.7235

model fit. Likelihood Ratio test compares the likelihood of the estimated
model against a simple model. All cycles show that best appropriate model is
GARCH (P, Q) process.

Table 8 indicates a slight correlation between the better Thiel’s U out-
come and the anticipated evolution of rainfall Karachi cycles. It should be
noted that, using ENSO’s guidance, we applied Thiel’s-U by contrasting the
predicted and actual observed rainfall values. Both the size and direction of
change mistakes are retained in the calculation. Additional popular measures
are MAE, RMSE, and MAPE. The objectives of the forecasting endeavor and
the unique properties of the data will determine which metric is used.

Figure 7 describe that Actual values, fitted values and Residue graph of
GARCH (P, Q) technique of all ENSO cycles which show that Actual values
and fitted values have same behavior that shows the given dataset is good
predictable. The actual values, Fitted values and Residue graph of GARCH
(1, 2) Model of ENSO Cycle (1961-1966). In this cycle the calculations have
shown absolute La-Nina condition. It might be this Model’s weakness. The
actual values and Fitted values and Residue graph of GARCH (1, 1) Model
of ENSO Cycle (1967-1972). The model is indicating La-Nina condition.
Actual values, Fitted values and Residue graph of GARCH (3, 1) Model of
ENSO Cycle (1973—-1978). Normal condition persisted by such model, which
is termed as La-Nina. Actual values and Fitted values and Residue graph of
GARCH (1, 1) Model of ENSO Cycle (1979-1984). No fluctuation shown
by fitted values.

Figure 8 describe that the actual values and the fitted values and residue
graph of GARCH (1, 1) Model of ENSO Cycle (1985-1990). Parameters of
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Table 8 The Evolution of Forecast of Karachi Rainfall Cycles by GARCH (P, Q) model (1st
to 10th)

Cycles GARCH (p,q) RMSE MAE MAPE  U-Test
1961-1966 (2,1) 46.67 18.518 23.228 0.9832
1967-1972 1D 61.136 19.269 37.543  0.9567
1973-1978 (1,1) 55.632  21.415 112.01 0.9351
1979-1984 (1,1) 52916  21.025 50.553  0.9965
1985-1990 (2,1) 28.060 12.42 103.62 0.8308
1991-1996 (2,1) 44.849 17.685 85.920 0.8771
1997-2002 (1,1) 13.049 6.917 110.15 0.7662
2003-2008 2,1) 51.000 19.472 58.658  0.9442
2009-2014 (1,1) 42202 22.265 225.12 0.7575
2015-2020 (2,1) 34.326 15.04 51.693  0.8923
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Figure 7 Actual values, fitted values and Residual value of GARCH (P, Q) Model of ENSO
Cycles.

merely previous year could not confirm ENSO’s existence. Actual values,
Fitted values and Residue graph of GARCH (1, 1) Model of ENSO Cycle
(1991-1996). No distribution at all for fitted values. Actual values, Fitted
values and Residue graph of GARCH (1, 1) Model of ENSO Cycle (1997-
2002). ENSO cycles extend by two to seven years; hence limited observations
cannot help find intensity of the phenomena. Actual values, Fitted values and
Residue graph of GARCH (1, 1) Model of ENSO Cycle (2003-2008). Same
results persist.
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Figure 8 Actual values, fitted values and Residual value of GARCH (P, Q) Model of ENSO
Cycles.
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Figure 9 Actual values, fitted values and Residual value of GARCH (P, Q) Model of ENSO
Cycles.

Figure 9 describe that the Actual values, fitted values and Residue graph
of GARCH (1, 1) Model of ENSO Cycle (2009-2014) are same results
persist. Actual values, Fitted values and Residue graph of GARCH (1, 1)
Model of ENSO Cycle (2015-2020). This model performs monotonously.

Figures 10 describe that Actual values, fitted values and Residue graph
of GARCH (P, Q) Model of Rainfall Karachi Cycles which show that Actual
values and fitted values have same behavior that shows the given dataset is
good predictable. Actual values, Fitted values and Residue graph of GARCH
(2, 1) Model of Rainfall Cycle (1961-1966). Fitted values resulted in no rain
at all. Actual values, Fitted values and Residue graph of GARCH (1, 1) Model
of Rainfall Cycle (1967-1972). Same situation persists. Actual values, Fitted
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Figure 10 Actual values, fitted values and Residual value of GARCH (P, Q) Model of

Rainfall Karachi Cycles.
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Figure 11 Actual values, fitted values and Residual value of GARCH (P, Q) Model of

Rainfall Karachi Cycles.

values and Residue graph of GARCH (1, 1) Model of Rainfall Cycle (1973—
1978). This model has identical behavior. Actual values, Fitted values and
Residue graph of GARCH (1, 1) Model of Rainfall Cycle (1979-1984).

Figure 11 describe the Actual values, fitted values and Residue graph
of GARCH (2, 1) Model of Rainfall Cycle (1985-1990). Actual values,
Fitted values and Residue graph of GARCH (2, 1) Model of Rainfall Cycle
(1991-1996). Actual values, Fitted values and Residue graph of GARCH (1,
1) Model of Rainfall Cycle (1997-2002). Actual values, fitted values and
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Figure 12 Actual values, fitted values and Residual value of GARCH (P, Q) Model of
Rainfall Karachi Cycles.
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Figure 13 Emerging Root Mean Square Error (RMSE) of GARCH (P, Q) and AR (R)-
GARCH (P, Q) model for ENSO Cycles (1st to 10th).

Residue graph of GARCH (2, 1) Model of Rainfall Cycle (2003—-2008) are is
persists.

Figure 12 described that the Actual values, Fitted values and Residue
graph of GARCH (2, 1) Model of Rainfall Cycle (2009-2014). Actual values,
Fitted values and Residue graph of GARCH (2, 1) Model of Rainfall Cycle
(2015-2020).

Figure 13 describe that the comparison of Emerging Root Mean Square
Error (RMSE) of AR (R)-GRACH (P, Q) and GRACH (P, Q) model of ENSO
Cycles (1st-10th). This figure shows that GRACH (P, Q) Model performed
better than its combined other model.

Figure 14 shows that the comparison of Emerging Root Mean Square
Error (RMSE) of AR (R)-GRACH (P, Q) and GRACH (P, Q) model of
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Figure 14 Emerging Root Mean Square Error (RMSE) of GARCH (P, Q) and AR (R)-
GARCH (P, Q) Model for Karachi Rainfall Cycles (1st to 10th).
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Figure 15 Emerging Mean Absolute Error (MAE) of GARCH (P, Q) and AR (R)-GARCH
(P, Q) Model for ENSO Cycles (1st to 10th).

Rainfall Cycles (1st-10th). This figure describes that GRACH (P, Q) Model
performed better than its combined form with other model.

Figure 15 describe that the comparison of Emerging Mean Absolute Error
(MAE) of AR (R)-GRACH (P, Q) and GRACH (P, Q) model of ENSO Cycles
(1st-10th). This figure clearly shows that GRACH (P, Q) Model performed
better than its combined form with other model.

Figure 16 explain the Emerging Mean Absolute Error (MAE) of GARCH
(P, Q) and AR (R)-GARCH (P, Q) Model for Rainfall Cycles (1st to 10th).
Majority cycles shows that the GARCH (P, Q) model performance is better
than others.
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Figure 16 Emerging Mean Absolute Error (MAE) of GARCH (P, Q) and AR (R)-GARCH
(P, Q) Model for Rainfall Cycles (1st to 10th).
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Figure 17 Emerging Mean Absolute Percentage Error (MAPE) of GARCH (P, Q) and AR
(R)-GARCH (P, Q) Model for ENSO Cycles (1st to 10th).

Figure 17 describe that the comparison of Emerging Mean Absolute
Percentage Error (MAPE) of AR (R)-GRACH (P, Q) and GRACH (P, Q)
model of ENSO Cycles (1st-10th). This figure clearly shows that GRACH (P,
Q) Model performed better than its combined form with other model.

Figure 18 explain the Emerging Mean Absolute Percentage Error
(MAPE) of GARCH (P, Q) and AR (R)-GARCH (P, Q) Model for Rainfall
Cycles (1st to 10th). Majority cycles shows that the GARCH (P, Q) model
performance is better than others.
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Figure 18 Emerging Mean Absolute Percentage Error (MAPE) of GARCH (P, Q) and AR
(R)-GARCH (P, Q) Model for Rainfall Cycles (1st to 10th).
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Figure 19 Emerging U Test of GARCH (P, Q) and AR (R)-GARCH (P, Q) Model for ENSO
Cycles (1st to 10th).

Figure 19 describe that the comparison of Emerging U Test of AR (R)-
GRACH (P, Q) and GRACH (P, Q) model of ENSO Cycles (1st-10th). This
figure clearly shows that GRACH (P, Q) Model performed better than its
combined form with other model.

Figure 20 describe that the comparison of Emerging U Test of AR (R)-
GRACH (P, Q) and GRACH (P, Q) model of Rainfall Cycles (1st-10th). This
figure clearly shows that GRACH (P, Q) Model performed better than its
combined form with other model.
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Figure 20 Emerging U Test of GARCH (P, Q) and AR (R)-GARCH (P, Q) Model for
Rainfall Cycles (1st to 10th).

6 Conclusion

This study addressed climatological condition due to ENSO and Rainfall,
both are studied with their datasets and conclusively their comparative study
is focused; that’s how they deal with each other especially, ENSO effecting
Rainfall on region of Karachi. This phenomenon may arise due to the exis-
tence of alternative specifications, which are differentiating its nature by the
time. The AR (R)-GARCH (P, Q) process time series model is suitable if
the time variable renders an autoregression which is considered for the error
variance. There is a methodological technique between ENSO and Rainfall
cycles dataset for a casual determination with practically observed forecasts
in limited time series dataset, which has resulted for the necessity of inferred
study of forecasting accurately and choosing any method for forecasting,
which behave simply as well as effectively. The practical methods based on
ENSO for precipitation noticed, are higher from Oct Dec, also the prediction
of rainfall is normal in the period; Jan to Sept, the combination of ENSO
impact on the period Jan till March and July to Aug by approaching to
excessive implication for many regions, in case of low stream flow from
Arabian Sea while there is an active El-Nino episodes going on. In these
Months; from July to August Karachi receives much Rainfall annually. Some-
times the spontaneous climatic vibes confirm the schematic representation
of sea surface condition of Indian Ocean and land surface of the specific
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region, while performing modeling about ENSO. El-Nifio usually reduces
rainfalls, droughts, and disturbs weather patterns. However, the results of
it on a specific location like Karachi depends on various other factors as
well, including the severity and duration of the ENSO episodes, along other
regional climatological factors. In August, 2020, Karachi had had highest
Rainfall of 366.8 mm (PMD; Karachi extremes, 2020), which is said to be
latest weather anomaly driven by ENSO to the city.

The generalized autoregressive heteroskedasticity, GARCH is an impor-
tant process of approaching volatility by an estimation of ENSO/Rainfall
dataset. In model of GARCH (P, Q) current volatility is affected by its
previous record as well as by its previous volatility variation of other time
series. We fixed GARCH model with time series preceding or subsequent to
the ten cycles, which assess an alteration in the heteroskedastic characteristics
of ENSO Index. GARCH model for the ENSO and Rainfall cycles are
numerically essential for both periods. It will make us better to infer the
relation of both time series, i.e., significantly ENSO/Rainfall and drought
condition. Otherwise, it can indicate a minor impact of ENSO on Rainfall
with respect to randomly correlated coefficient. Conclusively, the bivariate
GARCH models have shown stronger conditional correlation of ENSO on
Rainfall as compared to unconditional correlation. It’s important to note that
the impacts of ENSO events on local weather patterns are complex and can
vary from one event to another. Additionally, regional climate influences,
local geography, and other atmospheric patterns can also play a significant
role in determining how ENSO affects a specific area like Karachi.
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