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Abstract — A SARIMA model for forecasting daily
exchange rates of the British Pound (GBP) and the United
States Dollars (USD) is proposed and fitted. The realization
spans from 5™ February 2014 to 16™ October 2014. The time
plot of the series called herein PDER shows an initial upward
trend up to Saturday 5 July followed by a downward trend.
This means that prior to 5" July the dollar depreciated
relatively after which it appreciated. A seven-day
differencing of PDER yields a series herein called SDPDER
exhibiting a generally horizontal trend. The Augmented
Dickey Fuller unit root test adjudges PDER as non-stationary
and SDPDER as stationary. However the correlogram of
SDPDER shows evidence of non-stationarity in the series. A
non-seasonal differencing of SDPDER yields the series
DSDPDER which also exhibits a horizontal secular trend. It
is certified as stationary by the unit root test. Its correlogram
shows an autocorrelation structure of a stationary series.
Moreover there is an indication of seasonality of period 7
days and the involvement of seasonal autoregressive (AR)
and moving average (MA) components order one each.
Taking into consideration the duality of AR and MA models
suggestive models include (1) A Sarima (0, 1, 1)x(0, 1, 1); and
(2) A Sarima (0, 1, 0)x(1, 1, 1);. On Akaike’s Information
Criterion (AIC) grounds the latter model is the more
adequate. This model further yields a more adequate model:
Sarima(0, 1, 0)x(0, 1, 1);. Therefore the proposed model is the
Sarima(0, 1, 0)x(0, 1, 1);. Its residuals are mostly
uncorrelated indicating model adequacy. Forecasting of the
exchange rates may be based on this model

Keywords — Foreign Exchange Rates, GBP, SARIMA
Models, USD.

I. INTRODUCTION AND LITERATURE REVIEW

This work involves the modeling of the daily exchange
rates of the British Pound (GBP) and the United States
Dollar (USD). A model of the rates could be used for their
forecasting. Financial data such as these are known to
exhibit some seasonal tendencies. Seasonal autoregressive
integrated moving average (SARIMA) modeling could be
used to explain the variation within such data.

SARIMA models were proposed to model data that are
seasonal in nature. They have been used extensively of
recent to model such series. A brief review of some
relevant recent literature follows hereunder. Chandran and
Pandey [1] fitted a SARIMA(L, 1, 1)x(1, 0, 0);, model to
monthly potato prices in Delhi market. Wongkoon et al.
[2] proposed and fitted a SARIMA(2, 0, 1)x(0, 2, 0), to
monthly DHF incidence in Northern Thailand. Prista et al.
[3] modeled monthly fish catch off Portugal as a
SARIMA(O, 0, 5)x(1, 1, 0),,. Padhran [4] observed that the
SARIMA(1, 1, 1)x(2, 1, 4);, model he proposed to model
tourist footfalls in India outperformed other competing
models in forecasting. A SARIMA(1, 0, 0)x(1, 1, 1)},

model has been fitted to tomato prices in Turkey (See [5]).
Fannoh et al. [6] used a SARIMA model of order (0, 1,
0)x(2, 0, 0);; to model Liberian inflation rates. Oduro-
Gyimah et al. [7] modeled monthly microwave
transmission as a SARIMA(1, 1, 1)x(0, 1, 2);, model.
Khajavi et al. [8] applied a SARIMAC(1, 0, 0)x(0, 1, 1)1, to
model mean monthly temperature for Anzali and Babolsar
and a SARIMA(O, 0, 2)x(0, 1, 1);, for the Ramsar region.
Hassan et al. [9] forecasted coarse rice price in
Bangladesh on the basis of an adequate SARIMA(1, 1,
1)x(0, 1, 1)15. Li et al. [10] modeled outpatient numbers by
a SARIMA(O, 1, 1)x(0, 1, 1);, model. Monthly rubber
production in India may be forecasted using a SARIMA(2,
1, 2)x(1, 1, 10;; model (See [11]). Abdelghani et al. [12]
proposed a SARIMA(1, 0, 0)x(0, 1, 1), for monthly
incidence of cerebrospinal meningitis in Sudan. Otu et al.
[13] has modeled Nigerian inflation rates as a SARIMA(1,
1, 1)x(0, 0, 1), model. Malaria mortality rates have been
modeled by a SARIMA(1, 1, 1)x(0, 0, 1), model [14] and
tuberculosis incidence has been modeled by a SARIMA(O,
1, D)x(0, 1, 1);, model [15].

Foreign exchange rates have been modeled by
SARIMA models in the recent past. For example, Appiah
and Adetunde [16] modeled monthly Cedi-Dollar
exchange rates by an ARIMA(1,1,1)model. Etuk[17] fitted
a SARIMA(2,1,0)x(0,1,1); model to daily Naira-Dollar
exchange rates. A SARIMA(O,1,1)x(1,1,1);; model has
been fitted to monthly Naira-Euro exchange rates[18]. An
additive SARIMA model is used to model daily Ringgit-
Naira exchange rates[19]). Monthly exchange rates of the
Naira and Pound have been modeled as a
SARIMA(0,1,0)x(2,1,1)1, model[20] and finally monthly
XAF and USD exchange rates have been modeled as a
SARIMA(0,1,1)x(0,1,1);; model[21]. This is just to
mention a few cases.

I1I. MATERIALS AND METHODS

A. Data

The data analyzed in this work are 254 daily GBP and
USD exchange rates from Wednesday 5™ February 2014
to Thursday 16™ October 2014 obtained from the website
www.exchangerates.org.uk/GBP-USD-exchange-rate-
history.html. It is to be interpreted as the amount of USD
in one GBP.
B. Sarima Models

A stationary time series {X;} is said to follow an
autoregressive moving average model of order p and q if
X, -y X, —oX, , —.—a, X, =€ +Pg,

+B,€,_» +...+qut_q )]
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Model (1) is denoted by ARMA(p, q) and may be
written as

A(L)X, = B(Le, )
where A(L) =1 - ayL - opL” - ... - o, L” and B(L) = 1 +
Bigwr + Bagia + ... + Bygiq and LX, = X,y A(L) and B(L)
are respectively the autoregressive (AR) and the moving
average (MA) operators. The sequence of random
variables {g} is a white noise process. For model
stationarity and invertibility the zeros of A(L) and B(L)
must lie outside the unit circle respectively.

Most real-life time series are not stationary. If {X;} is
non-stationary, Box and Jenkins [22] proposed that
differencing up to a certain order d could make the series
stationary. Suppose that differencing up to the d™ order is
just enough to render the series stationary. If the d™
difference, {VX.}, of {X. satisfies (1) then {X,} is said
to follow an autoregressive integrated moving average
model of order p, d and g denoted by ARIMA(p, d, q). The
symbol V is the difference operator defined by V=1 —-L.
Suppose that {X;} exhibits some seasonality of period s,
Box and Jenkins [22] further proposed that it may be
modeled by

AL)YD(L)HVVPX, = B(L)O(L e, 3)

where (L) and ®(L) are seasonal AR and MA operators.
Suppose they are polynomials of orders P and Q
resoectively, and V, = 1 — L°, the model (3) is called a
seasonal autoregressive integrated moving average model
of order p, d, q, P, D, Q and s and denoted by a
SARIMA(p, d, @)x(P, D, Q),. D is the minimum order of
seasonal differencing for data stationarity.
C. Sarima Model Fitting

The fitting of the model (3) begins with the
determination of the orders p, d, q, P, D, Q and s.
Knowledge of the theoretical properties of the components
of the model (3) is used to estimate the orders. The
seasonal period s may be obvious from the time plot or
knowledge of the seasonal nature of the series. This is
seldom the case. An inspection of the series could reveal a
seasonal nature. The differencing orders d and D are often
such that their sum is at most 2. Before and after
differencing at each stage the series is tested for
stationarity using the Augmented Dickey Fuller (ADF)
unit root test. The AR orders p and P are respectively
chosen as the non-seasonal and the seasonal cut-off lags of
the partial autocorrelation function (PACF). Similarly the
MA orders q and Q are respectively chosen as the non-
seasonal and the seasonal cut-off lags of the
autocorrelation function (ACF).
The parameters of the model are estimated by the
application of a non-linear optimization criterion like the
maximum likelihood procedure of the least error sum of
squares procedure. After model fitting the model is
subjected to some diagnostic checking process to ascertain
the degree of its goodness-of-fit to the data. This is usually
done by residual analysis. If the model residuals are
uncorrelated and/or normally distributed, this is an
indication of an adequate model.
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All the analytical work herein shall be done using the
Eviews package. It uses the least squares procedure for
model estimation.

III. RESULTS AND DISCUSSION

The time plot of the realization PDER in Figure 1 shows
the series as made up of two parts: the first part up to 5"
July has a positive trend and the later part has a negative
trend. Clearly this is an indication that before 5™ July the
pound was rising in value and then decreased in value
comparatively. A 7-day differencing of PDER produces
the series SDPDER which exhibits a generally horizontal
trend (See Figure 2). The ADF test statistic values for
PDER and SDPDER are -0.77 and -3.66 respectively.
With the 1%, 5% and 10% critical values at -3.46, -2.87
and -2.57 respectively, the test adjudges PDER as non-
stationary and SDPDER as stationary. However the
correlogram of SDPDER in Figure 3
autocorrelation structure of a non-stationary series. Non-
seasonal differencing of SDPDER vyields the series
DSDPDER which is observed to have a horizontal trend in
Figure 4. Its correlogram of Figure 5 attests to a stationary
nature. Furthermore suggestive is seasonality of period 7
and the presence of seasonal AR and MA components of
order one each. Also there is evidence of a SARIMA(O, 1,
1)x(0, 1, 1); component, the autocorrelations at lags 6 and
8 in the ACF being comparable.

reveals an
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Autocorrelation  Partial Correlation AC  PAC Q-Stat Prob Xt _'07488t—1 +'920781‘—7 +'10738t—8 = 8[ (4)
— P I o o Estimated in Table II is the SARIMA(O, 1, 0)x(1, 1, 1),
Ly i— i 3 0529 -0.044 37688 0.000 :
= i 4 0389 0027 41514 0000 model given by
= ufl 5 0241 -0.152 42080 0.000
7] o 6 0.089 0123 431.90 0.000 Xt —.0052)([77 +'93098t—7 =& (5)
i " 7 -0.042 -0.042 43236 0.000
i /| 8 -0.042 0.393 43282 0.000 1
1 By B 0042 Da0e 43282 0000 Both models (4) and (5) point to a SARIMA(0, 1, 0)x(0, 1,
| | 10 0.011 -0.001 43292 0000 ioni i
o o 100011 0001 43292 0000 1); model because of the non-significance of some of their
i1 q 12 0073 0085 43481 0.000 ; ; ; ; ;
b kR 12 007 0085 43481 0000 coefficients. This latest model is estimated in Table III as
A i 14 0126 0039 44157 0000
1) 1=} 15 0131 0135 44611 0.000 X, +~93288,77 =& (6)
A o 16 0.135 0.019 45099 0.000 .
g ' 1701330015 45571 0000 where in (4), (5) and (6) X stands for DSDPDER. Clearly
‘| o 19 0127 0.007 46433 0.000 the model (6) is more adequate than either (4) and (5) on
A o 20 0.136 0.011 46939 0.000 .. .
A " 21 0128 -0.041 47388 0000
g gy 21 0128 D04t 47388 0000 minimum AIC grounds. .Bes1des, the correlogram of
[fn] " 23 0137 -0.040 48423 0000
B i+ 23 0137 -0.040 48423 0000 Figure 6 shows that the residuals are mostly uncorrelated.
a o 25 0.158 0.012 49731 0.000 .
B a % 0 bz ode7al 0000 . Table I: Estlmat.mn of SARIMA (0,1,1)X(0,1,1), .
P 4 T e abas Shoge Dooo Variable Coefficient  Standard Error t statistic
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d: o 32 0410 0.082 51201 0.000 MA(1) 0.0748 0.0635 1.1779
(=l g 33 -0.139 -0.070 517.55 0.000
o e 34 -0.148 -0.002 52384 0.000 02400
g | 35 -0.120 -0.008 528.04 0.000
" g 36 -0.061 0.165 52912 0.000 MA(7) ‘0.9207 0.0241 '38.2639
Fig.3. Correlogram of SDPDER 0.0000
MA(8) -0.1073 0.0628 -1.7087
02 0.0888
AIC =-7.8860
017 Table II: Estimation of SARIMA (0,1,0)X(1,1,1),
Variable  Coefficient  Standard Error t statistic
a4 Probability
AR(7) 0.0052 0.0692 0.0756
0.9398
=4 MA(7) -0.9309 0.0183 -50.8101
0.0000
-.02 T T T T T T T T T AIC = _7.8877
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Fig.4. DSDPDER .Table 11I: Est1mat1on of SARIMA (O,l,O)X(O,l,1)7. .
Variable  Coefficient Standard Error t statistic
Autocorrelation Partial Correlation AC PAC Q-3tat Prob PrObablhty
] ] 1 0124 0124 38508 0.050 MA(7) -0.9328 0.0164 -56.7210
K e 2 -0.043 0080 43195 0.115
g g 3 -0.084 -0.072 6.0753 0.108 00000
[ o 4 0029 0.048 62940 0178 —
' L 5 0.029 0012 65039 0.260 AIC=-7.8911
IE q 6 -0.063 0073 7.5131 0276
= = 7 -0473 0462 64700 0.000
g1 1 § -0.084 0.024 &6.527 0.000 Autocorrelation Partial Correlation AC PAC  0O-Stat Prob
e | 9 0.032 0004 66788 0.000
o o 10 -0.021 -0.123 66.899 0.000 M [ 1 0.056 0.056 0.7787
i o 11 0.007 0.045 66.914 0.000 i i 2 -0.052 -0.055 14497 0229
[N o 12 -0.005 0.004 66.921 0.000 o [=h] 3 -0.153 0148 7.3627 0.025
e q 13 -0.023 -0.094 67.056 0.000 e " 40020 -0.016 75731 0.056
o o 14 0093 -0150 69318 0.000 i i 5 0038 0026 79343 0094
| IR 15 -0.011 -0.051 69.350 0.000 e i 6 -0.006 -0.035 7.9448 0.159
i o 16 -0.003 0.004 69.353 0.000 AL H 7 0015 0013 79993 0238
H g 17 0.015 -0.080 69.411 0.000
i TR o 1 | s e e
e 1 19 -0009 -0.005 59.479 0.000 o o 10 -0.091 -D.102 11886 0.220
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g N 24 0020 0019 pa72s 0000 i i 15 0049 -0045 14195 0435
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i i 29 -0.057 0.003 80.651 0.000 hl o 19 0032 0023 15849 0.603
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Fig.5. Correlogram of DSDPDER " e 26 D041 0009 31503 0248
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Suggestive therefore are (1) a SARIMA(O, 1, 1)x(0, 1, ok " 32 001 0029 33983 0328
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model given by
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Source of Knowledge

IV. CONCLUSION

It is concluded that daily GBP-USD exchange rates
follow the model (6). This means that a current
DSDPDER value is dependent exclusively on the one-
week-away shocks value. The rates may be forecasted on
the basis of the SARIMA (0, 1, 0)x(0, 1, 1); model (6).
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