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A BSTRACT

In October 1993, Kenya adopted a floating exchange rate system where the exchange
rates are determined by forces of demand and supply for the local currency. Exchange rate
forecasts are necessary to evaluate the foreign denominated cash flows involved in interna-
tional transactions. Therefore exchange rate forecasting is important to evaluate the ben-
efits and risks attached to the international business environment. This study therefore
sought to fit a Seasonal Autoregressive Intergrated Moving Average Model(SARIMA)(p, d,
q)(P,D,Q)[12] to United States Dollar vs Kenya Shilling exchange rate since it is the
most dominant exchange rate in Kenya. The secondary monthly data from January
1993 to March 2019 from Central Bank of Kenya official website was divided into two
parts namely the in-sample data and the out-sample data. The in-sample data was
used to fit the model while the out-sample was used to validate the model. Seasonal
Mann-Kendall test established that there was seasonal trend. A first regular difference
was used to stationarize the series since the ADF test established it was not stationary.
Autoregressive Intergrated Moving Average (ARIMA) and Seasonal Autoregressive Inter-
grated Moving Average (SARIMA) models were fitted in the data. ARIMA(1,1,0) and
SARIMA(1,1,0)(0,0,2)[12] were found to be the best models on the basis of Bayesian In-
formation Criterion(BIC) and Akaike’s Information Criterion(AIC). In the short run i.e 3
months, the Seasonal Autoregressive Intergrated Moving Average had the least Mean Ab-
solute Error(MAE), Mean Absolute Percentage Error(MAPE) and Root Mean Squared
Error(RMSE) values of 0.1651, 0.1636 and 0.2037 respectively. This study therefore
recommends the integration of the Seasonal Autoregressive Intergrated Moving Average
Model in forecasting United States Dollar vs Kenya Shilling exchange rate in Kenya in
the short run.
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DEFINITIONS

Exchange rate in this study referred to the value of a foreign currency versus the local

currency i.e USD/KES.

Fixed (pegged) exchange rate is where a currency’s value is fixed against either the
value of another single currency, a basket of other currencies or another measure of

value e.g gold.

Floating (flexible) exchange rate is a regime in which a currency’s value is allowed

to fluctuate in response to foreign exchange market mechanisms.

Foreign exchange (Forex) market is a market in which the participants are able to

buy, sell, exchange and speculate on currencies.

Exchange rate volatility is the tendency for foreign currencies to appreciate or depre-

ciate in value thus affecting the profitability of foreign exchange trades.

Time series forecasting is the use of a time series model to predict future values based

on previously observed values.
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CHAPTER ONE
INTRODUCTION
1.1 Background to the study

Exchange rate is the price of one currency in terms of another currency and so they can be
analyzed by the tools of demand and supply. Different countries use different mechanisms
to keep their currency stable by identifying an exchange rate regime that best suits their
economy. Basically there are two types of exchange rate regimes namely fixed exchange

rates and floating exchange rates.

Fixed exchange rates or pegged exchange rate system is one in which the exchange rates
for a currency is fixed by the government. The local currency’s value is fixed against either
the value of another single currency, a basket of other currencies or another measure of
value e.g gold, silver or other precious metal. To achieve stability, the government buys
foreign currency when the exchange rate becomes weaker and sells foreign currency when

the exchange rate gets stronger.

Floating exchange rate system is one in which exchange rate is determined by forces of
demand and supply of different currencies in the foreign exchange market i.e the value
of currency is allowed to fluctuate freely according to changes in demand and supply of
foreign exchange [1]. The volatility in exchange rates results increases exchange rate risks

and adversely affects the international trade and investment decisions [36].

The Kenya shilling was pegged to the sterling pound from 1966. The peg was changed to
the US dollar from 1971 to 1974 but after discrete evaluations the peg was changed to the
special drawing right (SDR) in 1975 [23]. In 1990, the dual exchange rate was adopted
where the fixed exchange rate was applied on the essential segments such as imports and

exports while the other sectors implemented the floating regime. This regime was used



until October 1993 where after further devaluations the official exchange rate was merged

with the market rate and the shilling was allowed to float[22].

According to data from CBK,in January 1999 the USD/KES currency exchange was going
for 61.802. The KES currency has been depreciating over time since in December 2018
this exchange rate was going for 102.2918. The leading factors that cause exchange rates

fluctuations include [18]:

e Demand and supply
The demand for the local currency indicates there is demand for local goods and
services. If this demand is high then the value of the local currency rises leading to
low exchange rates. The demand for the foreign currency appears from the need to
buy goods and services from other countries. If this demand is high then the local

currency depreciates leading to a rise in exchange rates.

o Inflation rate
This is the persistent rise in prices of commodities over time, resulting in a fall in the
purchasing value of money. Therefore a country with a lower inflation rate compared
to another exhibits a rising currency value as its purchasing power increases relative

to other currencies. This lowers the value of exchange rates.

o Interest rates
This is the amount charged by a lender to a borrower for the use of assets. Higher
interest rates in a country offer lenders in an economy a higher return relative to
other countries. This attracts foreign capital causing the value of the local currency

to rise leading to low exchange rates.

o Current account deficit
This is a measurement of a country’s trade where the value of the goods and services
it imports exceeds the value of the products it exports. This means that there is a
higher demand for foreign currency. This rise in demand for foreign currency leads

to the rise in the exchange rates.



o Public debt
This is how much a country owes to its lenders. A country perceived to have a high

national debt has high exchange rates.

o Terms of trade
This is defined as the ratio of export prices to import prices i.e the amount of import
goods an economy can purchase per unit of export goods. If this ratio is high it
means that a country exports more than it imports. Therefore the value of the local

currency appreciates leading to low exchange rates.

o Political stability and Economic performance
A country with these positive attributes draws foreign investment funds since foreign
investors seek out stable countries with strong economic performance. Therefore the

value of the local currency rises leading to low exchange rates.

For developing countries like Kenya, exchange rates play a highly significant role in the
ability of the economy to attain optimal productive capacity. Predicting exchange rates
is a challenging task to both traders and practitioners in modern financial markets. Sta-
tistical and econometric models have been used in the analysis and prediction of foreign

exchange rates.

Meese and Rogoff in 1983 [19] compared out-of-sample forecasts from both structural and
time series models. They found that although the models fit very well in-sample, none of
the models made more accurate point forecasts than a random walk, when the forecast
accuracy was compared by computing the root mean squared forecast error. Since then
many researchers have tried to refine models and some have found out that the ARIMA

models gives comparable accurate forecasts [3].

This study therefore fitted a Seasonal Autoregressive Integrated Moving Average model
to USD/KES that was used to forecast the exchange rate at least at a certain level of

confidence.



1.2 Statement of the Problem

The structure of a country’s exchange rate is one of the factors that affect the survival of
the country in the international trade. Exchange rate forecasts play a fundamental role in
nearly all aspects of international financial management. Therefore, exchange rate fore-
casting is very important to evaluate the benefits and risks attached to the international
business environment. High exchange rates have various consequences which include high
inflation rates, reduction of exports, slower growth in GDP and increased deficit in the
balance of payments. A number of studies and literature that have looked at forecasting
exchange rates claim that exchange rates are very difficult to forecast. This makes it dif-
ficult to estimate the future value assets and liabilities denominated in foreign currency.
This creates uncertainty about the magnitude of profits to be realized from international

trade.

1.3 Objective of the Study

The main aim of this study is to forecast the USD/KES exchange rates. The specific

objectives were:
1. To fit a SARIMA model to USD/KES exchange rate.
2. To forecast USD/KES exchange rates.

3. To determine the forecasting performance of the SARIMA model.

1.4 Significance of the Study

The results of this study are significant in several respects: First, the findings add to the
body of literature in the area under study. Second, policy makers may use these results
to adequately measure economic performance. Portfolio managers and corporate finance
managers whose clients’ cash flows are affected by exchange rate movements would benefit
from an estimate as this would provide a basis for decision making. Speculators involved
in Forex trade who profit from changes in exchange rates may also benefit from these

results.



1.5 Basic Concepts

1.5.1 Time series

A time series {X,} is a set of observations collected sequentially over time. If the obser-
vations in a time series are recorded at successive equally spaced points in time it is called

a discrete-time time series [6].

Notations

o B, backshift operator, means moving the element back one time i.e BX; = X; ;. If

we backshift p times then BPX; = X;_,,.

o V =1 — B is the differencing operator such that VX, = (1 — B)X; = X; — X;_1.
Differencing d times is written as V4X; = (1 — B)4X,

o V, =1— B is the seasonal differencing operator. Takes the difference between two

points in a season.

1.5.2 Stationary time series

A stationary time series is a time series whose statistical properties such as the mean,
variance etc. are constant over time. A non-stationary series time series is a time series

whose statistical properties are not constant i.e. they exhibit trend and seasonality.

1.5.3 ARIMA family time series models

The models below are as per [9].

Autoregressive (AR) models

These are models in which the dependent variable can be written as a weighted average

of the past observations of the dependent variable.



Let p be the maximum order lag of the AR model then AR(p) is written as

Xy = d0tw+ o Xi+...+ 0 X,

Xi—1Xo1— .= Xpp = 04wy
(1—¢1B—...—$,B") Xy = d+wy
Where ®(B) =1— ¢ B — ... — ¢,BP" is the general polynomial of an AR model.

Moving Average (MA) models

These are models in which the dependent variable can be written as a weighted average
of the current and past observations which are uncorrelated mean-zero random noises.

Let g be the maximum order lag of the MA model then MA (q) is written as

Xt = U + wy + 91wt_1 + ...+ qut_q
Xt — U = W + Qlwt,l + ..+ qut,q
Xi—p = 14+6B+...+60,BN)w

Xi—p = OB (1.2)

Where O(B) =1+ 60,B + 6,B% + ...+ 0,B4 is the general polynomial of an MA model.

Autoregressive Intergrated Moving Average(ARIMA )models

These are models that relate the present value of a series to the past value and past
prediction errors.
Let p be the AR order, ¢ be the MA order and d be the differencing order then an

ARIMA(p,d, q) is a discrete time linear equation with noise of the form
®(B)(1 — B)X, = O(B)w, (1.3)

A random walk is a special ARIMA(0,1,0) model [21]. It assumes that in each period
the variable takes a random step away from its previous value, and that the steps are
independently and identically distributed in size.
It is of the form

X=X +wy (1.4)
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1.5.4 Autocorrelation Function (ACF)

The autocorrelation function (ACF) for a series gives correlations between the series X

and lagged values of the series for lags of 1,2,.... It is given by
_
Yo
Where py, is the ACF at lag k, v, =Covariance(X;, X;_x) and 79 =Covariance(X;, X;) =Var(X;).

Pk

The estimate of the autocovariance is given by
1 T—k B _
Ck =T = T > (Xpwr — X) (X — X)
t=1
Where T is the total number of observations and X is the mean of the observations. The

sample ACF is given by

1.5.5 Partial Autocorrelation Function(PACF)

The partial autocorrelation between X; and X;_, is the conditional correlation between
X; and X;_g, conditional on X; ;,1,...,X; 1 the set of observations that come between
the time points ¢t and ¢ — k. For example a second order PACF is given by
Cov( Xy, Xi—2| Xi—1)
VVar(X X, o) Var(X,_| X, 1)

1.5.6 Trend detection
Mann-Kendall test

This is a non-parametric test used to identify trend in a time series. The hypothesis tested
is
Hy : There is no trend in the series

Hy, : There is a (increasing, non-null or decreasing) trend in the series

The computations assume that the observations are independent. The S statistic is

computed as

S = ni: > sign(X; — X;)

i=1 j=i+1



Where n is the number of observations, X; and X; are monthly data values in months i

and j respectively since monthly data was used in this study.

1if X, —X; >0

sign(X; — X;) =q0if  X;—X; =0

This test analyzes difference in signs between earlier and later data points. If a trend is
present, the sign values tend to increase constantly or decrease constantly. Every value is

n(n—1)

compared to every value preceding it in the time series which gives a total of ( 5 pairs

of data.

The variance of S is computed as
1 g
Var(S) = B n(n—1)(2n+5) = Y _t,(t, — 1)(2t, +5)
p=1

Where ¢ is the number of tied groups and ¢, is the number of observations in the p™

group. The mann-kendall test statistic is computed as follows

7z = 271 550
Var(S)
= 0ifS=0
1
= St g
Var(S)

The null hypothesis is rejected if |Z| > Z;_o/5. If the p-value is less than 0.05 then we
reject the null hypothesis and conclude that the series has a trend.
To measure the ordinal association between data points, the Kendall’s 7 coefficient is

calculated as follows

S
T=—
D
where s
1 1 2 12
D= [on(n—1)= Y tlt,— 1) an—D}
=i

Where ¢ is the number of tied groups and ¢, is the number of observations in the p™

group [12].



If the 7 value is positive then the series has an increasing trend. If the 7 value is negative

then the series has an decreasing trend.

Seasonal Mann-Kendall test

This is used to identify seasonal trend in the time series. The hypothesis tested is

Hy : There is no seasonal trend in the series

Hy, : There is a (increasing, non-null or decreasing) seasonal trend in the series

The seasonal statistic is computed by performing a mann kendall calculation for each
season, then combining the results for each season. The S statistic for the g*" season is

calculated as
n—1
Sy = Z Z sign(Xjg — Xig),9=1,2,....m
i=1 j=it+1

The variance of S, is computed as follows:

1 g
Var(Sg) = 18 "g(ng - 1)(2”9 +5) - Ztgp(tgp - 1)(2t9 +5)
p=1

where y, is the number of tied groups for the g™ season.

According to Hirsch et al.(1982), the seasonal statistic, S, for the entire series is given by

SZZS!/

g=1
with the variance

Var(S) = i\/ar(g)

where m is the total number of seasons.

The seasonal mann kendall test statistic is calculated as follows:

7 = 4§:£—ﬁ§>0

N

Var(5S)

= 0ifS=0
™ )
Var(S)

The null hypothesis is rejected if |Z| > Zy_q 5.

9



1.5.7 Augmented Dickey Fuller (ADF) test

This is a formal test of stationarity of a time series. This test examines the null hypothesis

of an ARIMA against stationary and alternatively. The hypothesis tested is

Hy : There is a unit root

H, : The time series is stationary

Consider the AR(1) model
Xi =X 1+ wy

where X; is the value of the time series at time ¢, ¢ is the AR(1) parameter and w; is the

residual at time ¢. If ¢ = 1, then the AR(1) process is said to have a unit root.

10



CHAPTER TWO
LITERATURE REVIEW
2.1 Introduction

During the period of Bretton Woods system which was implemented in 1945, exchange
rates were pegged to the USD as the key currency. Following the collapse of this system
on March 1973, fixed exchange rates among major industrial countries were abandoned
and floating exchange rate regime was adopted. Since then there has been a considerable
effort in forecasting the exchange rate movements where each model possesses a private

strong-point as well as a private weak-point.

2.2 Forecasting of exchange rates in other countries

Newaz(2008) made a comparison on the performance of time series models for forecasting
exchange rate for the period of 1985 — 2006. He compared ARIMA model, NAIVE 1,
NAIVE 2 and exponential smoothing techniques to see which one fits the forecasts of
exchange rate and revealed that ARIMA model provides a better forecasting of exchange

rate than either of the other techniques.

Shittu et al (2008) measured the forecast performance of ARMA and Autoregressive Frac-
tional Integral Moving Average(ARFIMA) model on the application to US/UK pounds
foreign exchange. They revealed that ARFIMA model was found to be better than ARMA
model. Their result revealed that ARFIMA model is more realistic and closely reflects the
current economic reality in the two countries which were indicated by their forecasting

evaluation tool.

Adetunde et al (2011) used time series analysis to obtain a forecast model for exchange

rates of the Ghanaian cedi to the US dollar, which they then used to produce a forecast

11



plot for 2011 and 2012, using the exchange rate data from 1994 to 2010. ARIMA(1,1,1)
was found to be the best model and their findings revealed that predicted rates were

consistent with the depreciating trend of the observed series.

Onasanya et al (2013) used Box Jenkins approach to forecast the naira/dollar exchange
rate in Naigeria for the period January 1994 to December 2011 using ARIMA. The result
revealed that there is an upward trend and basing on the selection criteria AIC and BIC,
the best model that explains the series was found to be ARIMA (1, 2, 1) model. A forecast
for period of 12 months terms was made which indicated that the Naira will continue to

depreciate within the forecasted time period.

Yao et al (2015) conducted a research on forecasting the exchange rate of the Ghanaian
cedi to the US dollar using seasonal ARIMA and the Random Walk models. The re-
searchers found modest differences between these two models based on the out-of-sample
forecast. However, both models performed similarly based on forecast values. Forecast
values showed that the exchange rate of the Ghana cedi to the American dollar would

increase continuously in the next three (3) years.

Tran et al (2016) developed an ARIMA model to forecast the foreign exchange rate
VND/USD using real foreign exchange rate data from 2013 to 2015. The model was used
to forecast the exchange rate between VND/USD for the year 2016. The results showed
that ARIMA model was suitable for estimating foreign exchange rate in Vietnam in the

short-time period.

2.3 Modeling exchange rates volatility in Kenya

Omar et al (2013) modeled monthly exchange rate in Kenya US; UK, Euro and Japanese
Yen data using Generalized Autoregressive Conditional Heteroscedasticity (GARCH) mod-
els for the period January 2001 to December 2010. Their results showed uncertainty of
exchange rates between 2001 to 2005, gaining relative stability upto 2008 where the shilling

12



became weaker against the foreign currencies due to post election violence. The results
also showed that the Kenyan economy undergoes a cycle of about five years approximately

i.e from one election period to the next. GARCH (1,1) was found to be the best model.

Kipkoech (2014) modeled USD/KES,EUR/KES and GBP/KES exchange rate volatility
under normal and student-t distributional assumptions. He used Exponential General-
ized Autoregressive Conditional Heteroscedasticity (EGARCH) model and noted that the
model is more favorable compared to the normal distribution because of evidence of the
heavy tailed nature of financial time series. He also claimed that the normal GARCH
model could neither explain the entire fat tail nature of the data nor could it explain
the asymmetric responses. The GBP/KES and the EUR/KES were both fitted by an
EGARCH(1,1) model while USD/KES was fitted by an AR(1)/EGARCH(1,1).

Sylvia (2014) modeled KES/USD exchange rate volatility using GARCH family models
where symmetric and asymmetric models were used to capture volatility characteristics
of exchange rates on data from the period October 1993 to March 2014. A compari-
son was made under four different conditional distribution assumptions namely Normal,
Skewed Normal, Student-t and Skewed Student-t distributions. The findings showed that
the asymmetric EGARCH model with skewed student-t distribution was the best model
based on AIC and log-likelihood.

Omari et al (2017) modeled USD/KES Exchange Rate Volatility using GARCH Mod-
els using daily observations over the period starting January 2003 to December 2015.
The performance of the symmetric GARCH (1, 1) and GARCH-M models as well as the
asymmetric EGARCH (1, 1), Glosten-Jagannathan-Runkle Generalized Auto Regressive
Conditional Heteroscedasticity (GJR-GARCH) (1, 1) and Asymmetric Power Autore-
gressive Conditional Heteroscedasticity (APARCH) (1, 1) models with different residual
distributions were applied to data. The most adequate models were found out to be the
asymmetric APARCH model, GJR-GARCH model and EGARCH model with Student’s
t-distribution.

13



2.4 Summary

The Vector Auotoregressive Models(VAR) were for a while the most dominant models in
forecasting exchange rates. However they proved to be complex and had varying predic-
tive performance. Models based on random walk later became popular. However they
produced poor short run forecasts and for some countries the hypothesis that exchange
rates were random could be rejected. Based on the above, some researchers have found

out that the ARIMA models gives comparable accurate forecasts.

According to Sarno and Taylor (2002), models perform differently with different curren-
cies i.e some models produce good out-of sample forecasts but when applied to different
currencies the satisfactory results can not be replicated. In Kenya, most studies have
concentrated on modeling the volatility of exchange rates. Little effort has been done in
forecasting exchange rates. This will fit a SARIMA model to the USD/KES exchange
rate and forecast the exchange rate to a certain level of confidence since ARIMA family

models give comparable accurate results.
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CHAPTER THREE
RESEARCH METHODOLOGY
3.1 Introduction

The main focus will be on the exchange rate USD/KES since it is the most dominant
foreign currency in Kenya according to CBK currency rankings. Secondary data of the

monthly exchange rate(period average) from Central Bank of Kenya (CBK) will be used.

3.2 Seasonal Autoregressive Intergrated Moving Average(SARIMA) model

This model incorporates both non-seasonal and seasonal factors. Seasonality in a time
series is a regular pattern of changes that repeats over S time periods, S defines the

number of time periods until the pattern repeats again.

This model is denoted ARIMA(p, d,q) x (P, D,Q)S where:[4]

p is the non-seasonal AR order.

q is the non-seasonal MA order.

d is the non-seasonal differencing order.

P is the seasonal AR order.

Q is the seasonal MA order.

D is the seasonal differencing order.
This model is of the form[4]

D p(B%)6,(B)VEVIX, = O(B%)6,(B)w (3.1)
where

o ®p(B%) = (1 - ®,B% —... — dpBF) is the seasonal AR polynomial operator of
order P.
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¢p =(1—¢1B—...— ¢,BP) is the regular AR polynomial operator of order p.

o VP = (1 - B%)P represents the seasonal differences.

e V%= (1— B)? represents the regular differences.

¢ Og(B%) = (1+60,B%+...+0B%?) is the seasonal MA polynomial operator of

order Q.

e« 0,(B)=(146,B+...+60,B9) is the regular MA polynomial operator of order g.

3.3 Stationarity Analysis

When an AR(p) is represented as wy = ®(B), then ®(B) = 0 is known as the characteristic

equation of the process. For the AR(p) process to be stationary, all the roots of the

characteristic equation must fall outside the unit circle. For example from Equation 1.1,

the AR(1) process written as X; = 6 + ¢ X;—1 + w; is stationary when |¢;| < 1 with a

constant:

« mean calculated as

« variance calculated as

Var(X;)

Y0

(1 — ¢°)

Yo

E(6+ ¢1 X1 + wr)

0+ ou

)
4]

-9

Var(d + ¢1 X1 + wy)

¢*vo + 0°
0_2

0.2

-

Since Var(X;) is always greater than zero, it follows that (1 — ¢?) > 0 implying that

|p1| < 1 1if the series is stationary.
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An MA(q) process is always stationary irrespective of the values of the MA parameters.
An ARMA(p, q) is stationary if all the roots of the characteristic equation ®(B) = 0 lie

outside the unit circle.

3.4 Fitting a SARIMA model

The steps used to fit this model are as follows:[32]

The first stage in fitting a SARIMA model is model identification. The objective of
this stage is determining the values of p, d, ¢, P, D and @ in ARIMA(p,d, q) x (P, D,Q)S.
The following are the steps involved in this stage.

Step 1:Plot a time series plot of the data and examine it for trend and seasonality.

Step 2: Do any necessary differencing.

For a data with seasonality and no trend, take a difference of lag S. Seasonality

appears in the ACF by tapering slowly at multiples of S.
o For a data with linear trend and no obvious seasonality, take a first difference.

o For a data with both trend and seasonality, apply a seasonal difference to the data

and then re-evaluate the trend. If a trend remains, take a first difference.

o For data with neither obvious trend nor seasonality, don’t take any differences.
Step 3:Look at the ACF and PACF of the differenced data.

o Non-seasonal terms :Look at the early lags to determine non-seasonal terms. Spikes
in the ACF at these low lags indicate possible non-seasonal MA terms. Spikes in

the PACF indicate non-seasonal AR terms.

o Seasonal terms: Look at the patterns at lags that are multiples of S. Spikes in
the ACF at lags that are multiples of S indicate seasonal MA terms. Spikes in the
PACF lags that are multiples of S indicate possible seasonal AR terms.

The next stage after model identification is parameter estimation. After making a guess

or two of a possible model, the next stage is to estimate the coefficients. An optimization
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criterion like maximum likelihood is used. Given a sample x1, xs, ..., x, of n independent
and identically distributed set of observations from a distribution f(z) with an unknown

parameter 6, then the joint density function is

flrr, 2o, 20;0) = f(21,0) f(22,0) ... f(20,0)

The likelihood function is given by

n

L(0;x1,29,...,2,) = f(z1,29,...,2,;0) = Hf(xl,e)

=1

In practice, the log-likelihood is more convenient to use:

Ln<97 L1, L2 - - - 7$n) = ZLnf(xza 6)
i=1

After the coefficients are estimated, look at their significance. For each coefficient calculate

estimated coefficient
anlc -

standard error of the coefficient

At a = 0.05 if |Zcare] > 1.96, the estimated coefficient is statistically significant.

The next step is diagnostic checking. This is done by analyzing residuals to determine

the goodness of fit to the data. The following procedures are done in this stage:

o Examine the ACF of the residuals. For a good model, the ACF of the residuals

should be non-significant.
o Plot a normal Q-Q plot to check whether the residuals are normally distributed.

e Plot the p-values of the Ljung-Box statistic. This statistic is a function of accu-
mulated sample autocovariances,r;, upto a specified time lag m. It is determined

as

SN

Q(m) = n(n +2) i '

==

where n is the number of usable data points after any differencing. @(m) has a
chi-square distribution with m degrees of freedom. The Ljung-Box tests the null
hypothesis that the residuals are random i.e they are independently distributed
against the alternative hypothesis that the residuals are not random. If the p-values

are greater than than 0.05 then the model is a good fit.
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Compare Akaike’s Information Criterion (AIC) or Bayesian Information Criterion (BIC)

values if you tried several models.
AIC = —2log(L) +2(p+q+ k+1)

and

BIC = AIC + log(T)(p+q + k — 1)

where L is the likelihood of the data, T is the total number of observations, £ = 1 when
p,q = 0and k =1 when p, g # 0. The model with smallest value is the best model. In the
two equations, the first part i.e —2log(L) is a measure of "lack of fit” while the remainder
part is for penalizing the number of estimated parameters. It is clear that BIC induces a

higher penalty.

The final step is forecasting using the selected model. Forecasting is done to predict
future values of a time series based on data collected to the present. A forecast error
is the difference between an observed value and its forecast. The forecasting procedure

assuming a sample size n is as follows;

for any w; with 1 < j < n, use the sample residue for time point j.

for any w; with j > n, use 0 as the value of w;.

for any X; with 1 < j < n, use the observed value of Xj.

for any X; with j > n, use the forecasted value Xj.

The accuracy of forecast is the degree of closeness of the statement of quantity to that
quantity’s actual value. Mean absolute error (MAE), Mean absolute percentage error
(MAPE) and Root mean square error (RMSE) will be used to determine the effectiveness
of the model. Accuracy of the forecasts can be measured using the following measures of

accuracy.

o Mean Absolute Error(MAE): This is the average vertical or horizontal distance
between each point and the identity line. It measures the average absolute deviation

of forecasted values from original ones i.e it shows the magnitude of overall error,

19



occurred due to forecasting. For a good forecast, the MAE should be as small as

possible. It is calculated as

12 A
ni4

o Mean Absolute Percentage Error(MAPE): This is the mean or average of the abso-
lute percentage errors of forecasts. The smaller the value, the better the forecast.

It is calculated as

100 &

X, — X
MAPE = — Y | =~
noi=

Xy

e Root Mean Square Error (RMSE): This is the standard deviation of the forecast
errors. the smaller the RMSE the better the model. It is calculated as

A 2
iy (X — Xy)
n

RMSE = J

where X; is the actual value at time ¢, X, is the forecasted value at time ¢ and n is the

number of observations.
This chapter has provided an outline and description of the research methodology used

in this project. The next task was to fit a SARIMA model using the above procedure and

determining the forecasting performance.
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4.1 Introduction

CHAPTER FOUR

RESULTS AND DISCUSSION

In this chapter the performance of the USD/KES exchange rate is analyzed using monthly
data available in the CBK official website from January 1993 to March 2019. The data
is divided into two parts, the training set from January 1993 to March 2016 and the test
set from April 2016. The training set is used to identify and fit the models while the test

set is used to test the forecast accuracy.

Table 4.1: Descriptive Statistics of USD/KES Exchange Rates

Mean 76.888198
SE Mean 0.853164
Median 77.262
Skewness -0.033745
Kurtosis -0.378534
Minimum 36.23
Maximum 105.275
Range 69.045
Count 315
Sum 24219.782493

Standard deviation 15.142163

The descriptive statistics presented in Table 4.1 revealed that the average rate of USD/KES
exchange rate is 76.888198 with a standard deviation of 15.142163. The largest and small-
est exchange rates within the selected period was 105.275 and 36.23 respectively, thus the
range was 69.045. The data was negatively and highly skewed since it had a skewness
value of —0.033745. The data had a kurtosis value of —0.378534 thus it had light tails.
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From the exploratory plots in Figure 4.1 and Figure 4.2, we noted that the USD/KES
exchange rate indicated an overall upward trend i.e USD/KES exchange rates increased
over time. This was also evidenced by the results of the mann-kendall test in Figure 4.3.
The p-value was less than 0.05 while the value of 7 was positive indicating an increasing
trend. The boxplot in Figure 4.4 showed that the exchange rates in the months of June,
July and August were slightly higher than the rest. There was no obvious seasonality
since the months seemed to have almost the same mean and variance. A correlogram was

plotted to determine stationarity.

USD/KES MONTHLY EXCHANGE RATES

a0
|

USD/IKES
70

50
|

[ I I I I I
1993 2000 2005 2010 2015 2020

Year

Figure 4.1: Time series plot of the USD/KES exchange rate

ACF plot in Figure 4.5 clearly showed that the autocorrelations were large at many lags
indicating lack of stationarity. Using the Augmented Dickey Fuller (ADF) test to test for
stationarity the result in Figure 4.6 was obtained. Since the p-value 0.2591 was greater
than 0.05 we did not reject the null hypothesis and concluded that the series was not

stationary.
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Decomposition of additive time series
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Figure 4.2: Decomposition plot
tau = 0.69, 2-sided pvalue =< 2.22e-186

Figure 4.3: Mann-Kendall test

Monthly USD/KES Exchange Rate Boxplot
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Figure 4.4: Boxplot

To achieve stationarity differencing method was used. In this case regular differencing was
used since there was no obvious seasonality in the series. The ADF test of the differenced

series yielded the result in Figure 4.7. Since the p-value 0.01 was less than 0.05 we rejected
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Figure 4.5: Correlogram plots

the null hypothesis and concluded that the differenced series was stationary.

Augmented Dickey-Fuller Test
data: cl.train

Dickey-Fuller = -2.7524, Lag order = 6, p-value = 0.2591
alternative hypothesis: stationary

Figure 4.6: Augmented-Dickey Fuller test of the series

Augmented Dickey-Fuller Test

data: cl.diffl
Dickey-Fuller = -6.7167, Lag order = 6, p-value = 0.01
alternative hypothesis: stationary

Figure 4.7: Augmented-Dickey Fuller test of the differenced series

24



Series after First difference
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Figure 4.8: Differenced series and Correlogram plots
Table 4.2: Behavior of ACF and PACF
Model ACF PACF
AR(p) Spikes decay toward zero. Spikes decay toward zero after lag p
Coefficients may oscillate.
MA(q) Spikes decay toward zero after lag ¢ Spikes decay toward zero.
Coefficients may oscillate.
ARMA(p, q) Spikes decay to zero Spikes decay to zero
after lag ¢ after lag q.

4.2 Autoregressive (ARIMA) Model

4.2.1 Statistics and Data Analysis

From Figure 4.8 the ACF and PACF had significant values at lags 1. From Table 4.2, the
AR terms are depicted by the PACF while the MA terms are depicted by the ACF i.e
The ACF cuts-off after lag ¢, MA terms, while the PACF cuts-off after lag p, AR terms.
The possible ARMA models were ARMA(1,0), ARMA(0,1) and ARMA(1,1). Including
the differencing term, possible ARIMA models were ARIMA(1,1,0), ARIMA(0,1,1) and
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ARIMA(1,1,1). Fitting these models yielded the results in Figure 4.9.

Sseries: cl.train
ARIMA(L,1,0)

Coefficients:
arl
0.2446
s.e. 0.0580
sigmas2 estimated as 2.917: Tlog likelihood=-542.82
ATIC=1089. a5 AICCc=1089. a9 BIC=1096.9
Series: cl.train
ARIMA(O,1,1)
Coefficients:
mal
0.2307
s.e. 0.0561
sigmar2 estimated as 2.931: Tlog likelihood=-543.44
ATC=1090, 89 AICCc=1090,93 BIC=1098.14
series: cl.train
ARIMA(L,1,1)
Coefficients:
arl mal
0.3966 -0.1632
s.e. 0.,2a660 0.2892

sigmar2 estimated as 2.925: Tlog likelihood=-542.69
ATIC=1091. 38 AICC=1091.46 BIC=1102. 26

Figure 4.9: Fitted ARIMA models

On the basis of AIC and BIC, ARIMA(1, 1,0) was the best model since it had less values.
From Equation 1.3, ®(B) = 1 — ¢; B and O(B) = 1 since the model consisted of AR and

differencing terms only. Therefore the equation was

(1-¢B)(1-B)X; = w
(1 — ¢1B>(Xt — Xt—l) = Wt
Xi—Xe -1 Xia + 01 X0 = wy

Xe =X+ 01 X1 — 1 Xy +wy (4.1)

From Figure 4.9 ¢y = 0.2446. Testing the significance of the coefficient we used the test
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statistic

estimated coefficient

A
cale standard error of the coefficient

0.2446
0.0580
= 4.2172

At a = 0.05, | Zcarc| > 1.96 therefore we concluded that the coefficient was significant.

Thus Equation 4.1 was

Xt = thl + 02446Xt71 - 02446Xt72 + Wy

4.2.2 Residual Analysis

Residuals from ARIMA(1,1,0)
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Figure 4.10: Residuals from ARIMA (1,1,0)

(4.2)

Plotting the ACF of the residuals in Figure 4.10 from ARIMA (1,1,0) showed that they

were uncorrelated since none of them were significant. The histogram of the residuals

showed that they were normally distributed. This was also verified by a normal Q-Q plot

in Figure 4.11. From Ljung Box test in Figure 4.12 it was clear that the residuals were

independently distributed since all the p-values were greater than 5% significance level.

This showed that ARIMA (1,1,0) is a good model.
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Normal Q-Q Plot
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Figure 4.11: Normal Q-Q plot of residuals from ARIMA (1,1,0)
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Figure 4.12: Ljung-Box test of residuals from ARIMA (1, 1,0)

4.2.3 Forecasting using ARIMA

Using Equation 4.2

28



e One-step forecast

Xt+1 = Xt + 02446Xt - 02446Xt_1 + W41
ngo = X279 + 02446X279 — 02446X278 + w280
= 101.485+ 0.2446(101.485) — 0.2446(101.932) + 0

= 101.3757

Where X;SO is the forecasted value of April 2016, X;_1 = Xorgs = Xorg — X;78 and

wi11 = wagg = 0 since the expected value of future residuals is not known.

o Two-step forecast

Xio = X +0.2446X, 1 — 0.2446 X, 4 wi o
X281 = X;go + 02446X;80 - 02446X279 + Wag1
= 101.3757 + 0.2446(101.3757) — 0.2446(101.485) + 0

= 101.3490

Where X;sl is the forecasted value of May 2016, and w2 = weg; = 0.

The following forecast plot in Figure 4.13 for the next three years was obtained. The
model produced more accurate results for the first few months. The long term forecasts

eventually went to a straight line. The MAE, MAPE and RMSE for the next three months

was as follows:

Table 4.3: ARIMA(1,1,0) Short-run Measures of Forecast Accuracy

MAE MAPE | RMSE
0.32067 | 0.3178 | 0.3836
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ARIMA(1,1,0) Forecasts
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Figure 4.13: Forecasts from ARIMA (1,1,0)

The MAE, MAPE and RMSE for the next three years was as follows:

Table 4.4: ARIMA(1,1,0)Long-run Measures of Forecast Accuracy

MAE | MAPE | RMSE
1.0327 | 1.0051 | 1.3203

4.3 Seasonal Autoregressive Intergrated Moving Average (SARIMA) model

4.3.1 Statistics and Data Analysis

In this study we considered that the time series is seasonal with a seasonality of 12 months.

We used the seasonal Mann-Kendall test to test for a seasonal trend. This tested

Hy : There is no seasonal trend in the monthly exchange rate series

H, : There is a seasonal trend in the monthly exchange rate series

From Figure 4.14, the p-value is significant since it is less than 0.05. Therefore, we
reject the null hypothesis and conclude that the series exhibited a seasonal trend. Since

7 = 0.714 we concluded that the series had an increasing seasonal trend.
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tau = 0.714, 2-sided pvalue =< 2.22e-16

Figure 4.14: Seasonal Mann-Kendall test results

From Figure 4.8, seasonality appeared in the ACF by tapering slowly at multiples of 12

months. There was a tapering around lag 12 which showed presence of a possible seasonal

MA(1) and a spike at lag 24 which showed presence of a seasonal MA(2). Therefore
possible SARIMA models were SARIMA(0, 1,1)(0,0,2)[12], SARIMA(1, 1,0)(0, 0, 2)[12]
and SARIMA(1,1,1)(0,0,2)[12]. Fitting the models yielded the following results in Figure

4.15.

Series: cl.train
ARIMA(L,1,00(0,0,23[12]

Coefficients:
arl smal smaz2
0.2318 -0.0882 0.1412
5.2, 0.0585% 0.0625 0.0607

sigman2 estimated as 2.866: log likelihood=-539.63
ATC=1087. 26 ATCC=1087.4 BIC=1101.77

series: cl.train

ARIMACD,1,13(0,0,23[12]

Coefficients:
mal smal smaz
0.2267 -0.0940 0.1461
s.e. 0.0574 0.0623 0.0604

sigmanr2 estimated as 2.871: log likelihood=-539.9
ATC=1087.8 ATCC=1087.95 BIC=1102.31

series: cl.train

ARIMACL,1,13(0,0,2)[12]

Coefficients:
arl mal smal smaz
0.2973 -0.0895 -0.0874 0.1399
s.e. 0.36811 0.3828 0.0627 0.0612

sigmas2 estimated as 2.876: Tlog likelihood=-539.61
ATIC=1089. 22 AICC=1089.44 BIC=1107. 36

Figure 4.15: Fitted SARIMA models

On the basis of AIC and BIC, SARIMA(1,1,0)(0,0,2)[12] was the best model since it
had minimum values. From Equation 3.1, the SARIMA(1,1,0)(0,0,2)[12] equation was
¢1(B)VX; = O5(B'?)w; where ¢1(B) =1—¢1B, V=1— B and 0,(B") =1+0,B"% +
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©,B%*. Therefore

(1-éB)(1-B) =

(1 —¢1B)(X;

Xi— X1 — 01 Xy + 1 Xy =
Xe— (14 ¢1)Xi1 + 1 Xp o =

Xt:

~ X)) =

(14 ©,:B" 4+ 0,B*)w,
wi + O1wp 12 + Oowi 24
wi + O1wi 12 + Oowi 24
W + O1wi—12 + Oowy 24

(14 ¢1)Xim1 — 1 Xi—o + wy

+0O1wi—12 + Owy_24
From Figure 4.15 ¢; = 0.2318, O, =

Xy =1.2318X,1 — 0.2318X;_9 + w; — 0.0882w;_12 + 0.1412w;_o4

4.3.2 Residual Analysis

Residuals from ARIMA(1,1,0)(0,0,2)[12]
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Figure 4.16: Residuals from SARIMA (1,1,0)(0,0,2)[12]
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—0.0882 and ©, = 0.1412. Hence Equation 4.3 was

(4.4)



Plotting the ACF of the residuals from SARIMA (1, 1,0)(0,0,2)[12], Figure 4.16, showed
that they were uncorrelated since none of them were significant. The histogram of the
residuals showed that they were normally distributed. Plotting the normal Q-Q plot of
the residuals also showed that they were normally distributed. The Ljung-Box Q test plot

showed that the residuals were independently distributed since all p-values were greater

than 0.05.
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Figure 4.17: Normal Q-Q plot of residuals from SARIMA (1, 1,0)(0,0,2)[12]
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Figure 4.18: Ljung-Box test of residuals from SARIMA (1,1,0)(0,0,2)[12]

This showed that SARIMA (1, 1,0)(0,0,2)[12] is a good model.

4.3.3 Forecasting using SARIMA

USD/KES
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| |
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Figure 4.19: SARIMA (1,1,0)(0,0,2)[12] in-sample forecasts

The model obtains good in-sample fit as evidenced by Figure 4.19. Using Equation 4.4
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e One-step out-sample forecast

Xt+1 = 12318Xt - 02318Xt_1 + W41 — 0.0882wt_11 + 0.1412wt_23
Xogog = 1.2318 X979 — 0.2318 X758 + wago — 0.0882wags + 0.1412wa56
= 1.2318(101.485) — 0.2318(101.932) — 0 + 0.0882(1.8177) + 0.1412(0.04676)

= 101.2277

Where X;SO is the forecasted value of April 2016, w; 1 = wsegy = 0 since the expected
value of future residuals is not known, w;_11 = wags = X268—X;68 and w;_923 = Wosg =

Xas6 — Xaso.
o Two-step out-sample forecast

Xt+2 = 12318X,;_1 — 02318Xt + Wty — 0.0882wt_10 + 0.14126015_22
Xog1 = 1.2318 X550 — 0.2318Xorg + was — 0.0882wsgy + 0.1412ws57
— 1.2318(101.2277) — 0.2318(101.485) — 0 4 0.0882(2.5749) + 0.1412(0.4963)

= 101.011

Where X;sl is the forecasted value of May 2016, w; o = wog; = 0 since the expected
value of future residuals is not known, w;_19 = wogg = Xogg — Xogo and wy_gy =

wosy = Xos7 — Xos7.

Appendix A provides the forecasted values for the next three years.

The following forecast plot in Figure 4.20 for the next three years was obtained. From
Figure 4.20, all the forecasts were well within the confidence limits. Similar to the ARIMA
model, this model produced more accurate results for the first few months. The long term
forecasts eventually went to a straight line. The MAE, MAPE and the RMSE for the

next three months was as follows:

Table 4.5: SARIMA(1,1,0)(0,0,2)[12] Short-run Measures of Forecast Accuracy

MAE | MAPE | RMSE
0.1651 | 0.1636 | 0.2037
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Figure 4.20: Forecasts from SARIMA (1,1,0)(0,0,2)[12]

The MAE, MAPE and the RMSE for the next three years was as follows:

Table 4.6: SARIMA(1,1,0)(0,0,2)[12] Long-run Measures of Forecast Accuracy

MAE | MAPE | RMSE
1.1933 | 1.1714 | 1.4080

4.4 Performance Criterion

Table 4.7: Performance criterion

Model MAE MAPE RMSE

3-months

ARIMA  0.3207 0.3178 0.3836
SARIMA 0.1651 0.1636  0.2037
3-Years

ARIMA  1.0327 1.0051 1.3203
SARIMA 1.1933 1.1714 1.4080
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It was clear that SARIMA performed better than ARIMA in the short run since the
values of the measures of forecast accuracy were less than those from the ARIMA model.

In the long run, there was no much difference among the two models as evidenced by the

values of MAE, MAPE and RMSE in Figure 4.7.
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CHAPTER FIVE
SUMMARY , CONCLUSIONS AND RECOMMENDATIONS

This chapter provides the summary of findings in this study. It also provides conclusions

of the study, suggestions for further research and recommendations.

5.1 Summary

The Mann-Kendall test established that the USD/KES monthly exchange rate series
had an overall increasing linear and seasonal trend. The ADF test established that the
USD/KES exchange rate was not stationary. Stationarity was obtained by taking a first

regular difference of the series.

The first objective of this study was to fit a SARIMA model to the USD/KES exchange
rate. Three possible models were found i.e SARIMA(0, 1, 1)(0,0,2)[12], SARIMA(1, 1, 0)
(0,0,2)[12] and SARIMA(1,1,1)(0,0,2)[12]. SARIMA(1,1,0)(0,0,2)[12] was found to
be the best model on the basis of AIC and BIC. An ACF plot of the residuals of this
model showed that they were uncorrelated since none of them were significant. The
residuals were also found to be normally distributed after plotting a histogram and a
normal Q-Q plot. The Ljung-Box Q test plot showed that the residuals were indepen-
dently distributed since all p-values were greater than 0.05. The form of this model was

X =1.2318X,_1 — 0.2318X,;_5 4+ w; — 0.0882w;_19 + 0.1412w;_94.

The second objective was to forecast the USD/KES exchange rates. Using the above
equation, a forecast plot for the next three years was obtained. It was observed that all
the forecasted values were well within the confidence limits. It was also clear from the

forecast plot that the model produced more accurate results in the short run.

38



The third objective was to determine the forecasting performance of the SARIMA model.
In the short run i.e 3 months this model had the least MAE, MAPE and RMSE values
of 0.1651, 0.1636 and 0.2037 respectively hence had higher forecasting performance than
ARIMA. In the long run i.e 3 years there was no much difference between the forecasting

performance of the two models.

5.2 Conclusions

The first objective of this study was to fit a SARIMA model to the USD/KES exchange
rate. The study concluded that SARIMA(1,1,0)(0,0,2)[12] was the best fitted model on
the basis of BIC and AIC. This was also evidenced by the residual analysis.

The second and third objectives were to forecast the USD/KES exchange rates and to de-
termine the forecasting performance of the SARIMA model respectively. It was observed
that time horizon plays an important role in forecasting. ARIMA family models are es-
sentially "backward looking” i.e the long term forecasts eventually goes to a straight line.
Thus it was concluded that ARIMA family models provide poor exchange rate forecasts

as the time horizon increases.

5.3 Recommendations

In light of the above, this study recommends the integration of the SARIMA model in

forecasting USD/KES exchange rate in Kenya in the short run.

Further studies are recommended to research on other exchange rate currencies in Kenya
such as the Sterling Pound against the Kenyan shilling and the European Pound against
the Kenyan shilling i.e STG/KES and EU/KES respectively. In Kenya the GARCH fam-
ily models have been used to model the volatility of exchange rates but not to forecast

the values of the exchange rates. Further studies are recommended to research on this.
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APPENDIX A: SARIMA(1,1,0)(0,0,2) OUT-SAMPLE FORECASTS

Point Forecast Lo 80 Hi 80 Lo 95 Hi 95
Apr 2016 101, 2276 99,.05796 103. 3973 97.90941 104, 5458
May 2016 101.0108 97. 56847 104.4532 95.74620 106. 2755
Jun 2016 100, 9289 96.49842 105.3593 94.15309 107.7047
Jul 2016 100, 6802 95.43053 105.9299 92.65151 108. 7089
Aug 2016 100.6153 94.65500 106, 5756 91.49982 109,7308
Sep 2016 100.4495 93, 85409 107.0448 90, 36271 110.5362
oct 2016 100,.6610 93.48638 107.8356 B9.68838 111.6336
Mow 2016 100, 8189 93.10843 108.5293 E9.02676 112.6110
Dec 2016 100,.9150 92.70353 109.1264 EE. 35667 113.4732
Jan 2017 101.0109 92, 32740 109.6945 E7.73062 114.2913
Feb 2017 101.0712 91.93988 110. 2024 &7.10607 115.0362
Mar 2017 101.1821 91.62403 110.7402 86.56430 115.7999
Apr 2017 101.4644 91, 55039 111. 3785 86.30221 116. 6267
May 2017 101.8934 91.64702 112.1398 86.22291 117.5639
Jun 2017 102.0655 91.49974 112.6313 E5.90656 118. 2244
Jul 2017 102.5391 91.66392 113.4143 E5.90694 119.1713
Aug 2017 102.7120 91.53608 113. 8880 E5.61989 119, 8042
Sep 2017 103.1228 91.65398 114.5915 E5. 58277 120. 60627
oct 2017 102.8124 91.05807 114, 5667 8B4.83572 120.7890
Mow 2017 102.7201 90.68704 114.7532 84.31711 121.1231
Dec 2017 102. 7081 90.40256 115.0136 83. 88841 121.5277
Jan 2018 102.7343 90.16225% 115.30684 83,50701 121.9616
Feb 2018 102.6717 89.83860 115.5047 §3.04519 122.2981
Mar 2018 102.6140 89,52517 115.7029 §2.59635 122.6317
Apr 2018 102.6007 89.19842 116.0029 §2.10369 123.0977
May 2018 102.5976 8E8.87399 116. 3212 E1.60915 123. 5860
Jun 2018 102. 5969 88.55582 116.6379 81.12294 124.0708
Jul 2018 102, 5967 88.24443 116.9490 80.604680 124, 5466
Aug 2018 102, 5967 87.93960 117.2537 80.18062 125.0127
Sep 2018 102, 5967 87.64097 117.5523 79.72391 125.46594
oct 2018 102.5966 87.34818 117.8451 79.27613 125.9172
Mow 2018 102. 5966 87.06091 118.1324 7E.E3679 126. 3565
Dec 2018 102. 5966 86.77886 118.4144 7E.40543 126.7879
Jan 2019 102. 5966 86.50175 118.6915 77.98162 127.2117
Feb 2019 102. 5966 86.22932 118.9640 77.56499 127.6283

Mar 2019 102.5966 85.96136 119.2319 .15518 128.0381

Figure 0.1: SARIMA(1,1,0)(0,0,2) Forecasts
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APPENDIX B: SARIMA(L, 1,0)(0,0,2) RESIDUALS

Jan Feb
0.052110360 0.233177375
0. 352700270 0.523140624

-0.209212456 0.168552918
0.783989901 1.309753060
-0.204807304 0.379367088
-1.811725884 -0.361055891
-0.651628770 0.611833559
-2.867632966 3.399017030
-0.259289320 -0.113030024
0.356251485 -0.816221199
-1.740774248 -0.512153853
0.238754417 0.101074174
-1.245727545 -0.483377603
-0.658595548 -0.259943374
0.723427817 -0.283491112
5.441710414 1.447252082
1.319538508 0.539804689
-0.457225591  0.705024496
0.209330996 0.323148509
1.388477691 -3.163854059
0.914360411 0.011223570
-0.258093798 0.533684850
0.650651828 -0.035339373
0.205590371 -0.486814020

Mar
=0.314501321
=1.513929052
-0.420192676
-0.073573704
-0.031692122
-0.234450379

1.337933620
0.774901649
-0. 535004093
-0. 269180730
-0. 002950007
0. 887724010
-1. 826331617
0.285552226
0.022387028
-6.327749439
0.031382232
0, 894328209
2.704571522
0. 567416066
-2.086318167
-0. 068028958
0.496182804
-0.305307538

Apr May
-0.149007410 10.190846811
=2.946327335 -2.934338895
-0.307127109 6.261529551

0.319693189 0.837109902
-0.432192607 -1.318871935
-0.505408777 2.875346158

1.305278727 3.227783840
-0.162388581 1.501622797
-0.337415281 0.776666434

0.254887285 -0.152766736
-0.797074760 -3.957272091

0.339574659 0.855204826

1.980339201 0.573873151
-0.960763510 0.616343950
-1.005495124 -1.246683910
-1.299946824 0.064364944
-0.776478557 -1.436134090

0.371719085 1.080039483
-0.807025321 1.914293964
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Aug sep
0.275304976 0.263571565
-0.358957046 -3.710585930
-1.650104400 -0,416002365
-0.259719821 -0.007440658
9,245519337 -5. 558020690
1.163483685 0.136011597
0.230898141 1.758655941
0.162106702 1.875238921
-0.214542312 -0.026721393
-0.295874758 0.017580762
0.979610707 1.668177652
0.796096500 -0.153824153
-0.389453927 -1.856582044
-0.992165117 0.036309875
-0.268826860 0.371594540
0.414332559  3.531678405
-0.049532753 -0.419999666
-1.143431600 0.164868416
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Figure 0.2: SARIMA(1,1,0)(0,0,2) Residuals
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Nov
0.574020788
-1.169053071
-0.178755119
0.048317699
1.587602280
-0.075970360
-0.987343085
-0.722077304
0.062813879
0.228656919
-0.983475430
-0.228544220
1.239002596
-0.886674533
-1.566671278
0.289577312
-0.174593358
-0.264396123
0.771316826
0. 506728058
1.216244260
0.681150352
-0.144092211

Dec
0.224011840
-1.564773038
0.094139510
-0.191928899
=1.210580081
2.162119990
-0. 303068760
-0.363279781
-0.260412389
-0.058547795
-0.449365214
-1.461847599
-1.935043861
-1.195028765
-1.705193991
-0.469813161
1.008334320
0.322170801
-7.304021182
-0.444785812
1.014142681
0.462690168
0.066264127



