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Abstract — Price instability has been a major concern in most economies. Kenya's commodity
markets have been characterized by high price volatility affecting investment and consumer
behaviour due to uncertainty on future prices. Therefore, precise forecasting models can help
consumers plan for their expenditure and government policymakers formulate price control
measures. Due to the seasonality of Kenya's food and beverage price indices, the current study
postulates that the Seasonal Autoregressive Integrated Moving Average (SARIMA) model can
best be the best fit model for the data. The study used secondary data on Kenya's monthly food
and beverage prices index from January 1991 to February 2020 to examine the predictive ability
of the possible SARIMA models based on the minimisation of the Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC). A first-order differenced SARIMA (1,1,1)
(0,1,1)12 minimized these model evaluation criteria (AIC = 1818.15, BIC =1833.40). The cross-
validation test results of 6, 12, 18, 24, 30, and 36 step-ahead forecasts demonstrated that SARIMA
models are unstable for use in forecasting over a long-time period with a tendency of increasing
prediction errors with an increase in the forecast period. It is anticipated that the findings of the
current study will provide necessary valuable information to the policymakers and stakeholders
to understand future trends in commodity price.
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. INTRODUCTION

Price stability is the key objective of monetary policy formulation and implementation [1]. Reference [2]
investigated the relationships between product prices and inflation following the sharp increases in food
and oil prices between 2008 and 2011 using a Structural vector autoregressive (SVAR) and Granger
causality technigques. Food and oil prices were major contributors to persistent inflationary pressure in
Kenya. Due to the high price volatility in the commodity market, it is vital to develop price forecasting
models to aid in making informed decisions about consumptions, investments, and government policy
formulation [3]. As such, time series models have become useful tools in policymaking.

The Box and Jenkins' Seasonal Autoregressive Integrated Moving Average (SARIMA) is one of the
popular models that have been used in time series modelling to capture the seasonality aspect of time series
data [4] caused by aspects such as seasonality in production, as in the case of food prices. Reference [5]
used an ARIMA (2, 1, 0)12 models to predict annual sugarcane yields in India from 1950 to 2012. In 2013,
the fitted model predicted increased sugarcane yields but a significant decrease in 2014. Reference [6]
identified that SARIMA (2,1,2) (2,0,3)4 minimized the Akaike Information Criteria (AIC) hence the best
fit model to the quarterly sugarcane yields data for the period 1973 to 2014. They ascertained that SARIMA
models suit a time series with seasonal patterns.

In Turkey, [7] recommended ARIMA (1,1,1) (1,0,2) [12] model with drift as the best model, among
other competing SARIMA models, for forecasting monthly inflation rates (AIC—corrected (AICc) =
2405.96, Bayesian Information Criteria (BIC) = 2405.48). Based on the minimization of the Akaike
Information Criterion (AIC) [8], [9] found that the SARIMA (2, 1, 1) x (1, 0, 1)12 is the best fit for the data
from January 2003 to December 2016. The model minimised the prediction errors of tomato prices from
January 2011 to December 2011 (MAPE = 125.251, RMSE = 32.063, and MAE = 22.3). The study found
that the model is suitable for predicting future tomato prices in Nairobi County, Kenya. Given that
commaodity prices depict the seasonality component, this study evaluated the predictive ability of the
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SARIMA model using Kenya's monthly food and beverage prices index (FBPI) data.

Il. DATA AND METHODOLOGY

A. Data

The study conveniently relied on Kenya's monthly FBPI data from January 1991 to February 2020
extracted from the Kenya National Bureau of Statistics (KNBS) website [10]. To test the predictive ability
of the best-fit SARIMA model over a long-term horizon, the study adopted the cross-validation technique
where the dataset is split into a training set (used to estimate the model) and a testing set (used to test the
accuracy of the fitted model). The test period was 6, 12, 18, 24, 30, and 36 step ahead period forecasts.
Thus, the study had six sets of test and training datasets. For the six steps ahead, the train set data spanned
January 1991 to August 2019, whereas the test set spanned September 2019 to February 2020.
Consequently, the starting dates for the test sets for the 12, 18, 24, 30, and 36 were January 2019, September
2018, January 2018, September 2017, and January 2017, respectively.

B. Time Series Modelling

Time series data frequently contain trend, seasonal, or cyclical components, leading to the emergence of
statistical techniques used to model time series data [11]. Box and Jenkins pioneered the use of time series
models (1960). Model selection, parameter estimation, and model diagnostics are iterative steps in the Box
and Jenkins methodology.

1) Autoregressive Model

Reference [12] first introduced autoregressive (AR) models. The AR model dictates that a realization at
time t is a sequence of the p preceding occurrences plus some noise term. Autoregressive models represent
a given time series x; in terms of its lagged observations. In a study by [12], an Autoregressive process of
order p denoted as an AR(p) process, is defined as:

Xt = f+ P1xe-1 + LaXe-2+... +Ppxep + et ()]

Given that: p denotes the mean value of the given series x¢, 8i: i = 1,2, ..., p are the coefficients of the
regression equation, e; is a white noise process; e.~N(0, §2) andif p = 0, xt = e with no autoregression
term.

2) Moving Average Process

The Autoregressive (AR) models supplement Moving Average (MA) models [13]. The moving-average
model (MA) is a popular approach for modelling univariate time series in time series analysis [14]. The
MA model estimates the outcome variable as a linear combination of the current and various past values of
a random term. In a study by [13], a moving average process of order g, represented as an MA(q) process,
is defined as:

xt = U+ 601et-1 + O2ec2+... +04e14 2

Given that: p denotes the mean of the given series x: 6:: i = 1,2, ..., q are the coefficients of the
regression model and e: is a white noise process; e:~N (0, §2). Let the lag operator, denoted by B, is
commonly used to express the process's lagged values usually defined by BkX: = X, then, we define:

P
@B)=1—-<@;B =1— $1B — @2B2 — @3B3 —--- — @pBr 3)
=1

The equation @(B)X: = e, t = 1,2, ... , n gives the AR(p) process where; ®(B) is referred to as the
process's characteristic polynomial, and its roots ascertain whether or not the process is stationary.

3) Autoregressive Moving Average (ARIMA) Model

Reference [15] integrated both AR and MA processes into the ARMA processes could be used to model
a wide range of stationary time series. This implies that a general time series x: can be represented as a
linear combination of previous x: values and errors, e:. The combination of the AR and MA models results
in the ARMA (p, q) process, which is defined as;

Xt — P1Xt-1 — P2Xt-2 — -+ — PpXtp = et + O1er-1 + Ozet2 + -+ + Ogetq 4
Which can be summarized as;
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14 q
Xt = <@ixe-i + < Ojery (5)
i=1 =1

Applying the backward shift operator, denoted by B y: = ye«
[1— ¢1B — p2B2—... —ppBP]x: = [1 — ©1B — ©2B2—... —0O,B1]e: (6)

Therefore, we have ¢(B)x: = 6(B)e:. When ¢p(B) = 1, then the model ARMA (p, q) becomes an MA
(g) when ©(B) = 1, then the ARIMA (p, q) reduces to an AR process of order p that is AR (p). As a result,
an ARMA process models a series in terms of its past values and errors. The data used in the AR, MA, and
ARMA models must be stationary [16]. However, stationarity is corrected by differencing. Box and Jenkins,
therefore, introduced Autoregressive Integrated Moving Average models (ARIMA), which utilize the
differenced series.

4) Autoregressive Integrated Moving Average (ARIMA) Model

Reference [17] introduced ARIMA model, which describes a given process as a direct combination of
its own lagged observations of order p and its lagged error terms of order g. Specifically; ARIMA can be
decomposed into the following components:

1) AR part which uses past observations (x:-:) to fit a series x: with it» an optimal lag order i.

2) 1 (Integrated). Making a time series stationary by using raw observation differencing.

3) MA part. A model applies the dependency between an observation and a residual error from a moving
average model to lagged measurements.

Each of these elements is precisely defined as a parameter in the model. The ARIMA model with a
specific order is known as the ARIMA (p, d, gq) model, where the p, d, and q are integers greater or equal
to zero, respectively [19]. The parameter, p, denotes the number of autoregressive lags, d denotes the order
of integration that makes the data stationary, and q denotes the number of MA lags [20]. This model is
suitable for non-stationary data, where a given series has to be differenced to be made stationary. In a study
by Box and Jenkins on modelling, stationarity must be tested before fitting the model. A time series is
stationary if its mean and variance are constant over time. Differentiating a non-stationary series into a
stationary series entails computing the variation between consecutive observed values. The ARIMA class
of models is a modification of ARMA class of models for modelling non-stationary time series data. The
ARIMA (p, d, q) is described as [21]:

Adxy = B1Adxe-1 + B2A%% 2+ .. +LpAdxep + Z‘%=1 6; etj, ©)
Where: Ad is the differential operator of order d.
p denotes the order of the AR part.
q denotes the order of the MA part
The initial condition requires that: 8o = 1. This model is suitable for a series that has been differenced
to be made stationary and depicts linearity with its lagged values of order p and the error terms of order g
[22]. ARIMA (p, d, g) represents a non-seasonal ARIMA model, where p denotes the number of AR lags,
d gives the differencing lag, and q is the MA order, and it is given by;
Xt = Zﬁzl arXe-r + 2157:1 Ojec-j + ut + e, (€)]
This can be summarized by applying the backward shift operator as follows:

a(B)X: = 0(B)e: + s, )

Where a(B) =1— a1B — a2B?—... —ayB? and 6(B)=1—-601B—02B2—...—6q4Ba. If Z: is a
stationary series achieved by d differencing from the time series X:, we obtain:

Zt =ViX: = (1 —B)4X: (10)
As a result, the final form of the ARIMA (p, d, g) model could be shaped as follows:
(1 — B)da(B)X: = O(B)e: (11)

The above model accounts for past values that form the Autoregressive (AR) process and lagged values
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of the error terms forming the Moving-Average (MA) process. However, most time-series data, such as
commaodity prices like the food and beverage prices index, exhibit seasonal fluctuations over time. ARIMA
models were therefore not suitable for modelling the time series data with seasonal fluctuations. For such
a time series, SARIMA models are suitable. In a study by [23], the SARIMA model is suitable where a
given time series data exhibit seasonality, thus appropriate for modelling food and beverage prices index
with seasonal variations over time.

5) Seasonal Autoregressive Integrated Moving Average (SARIMA) Models

The SARIMA model extends the ARIMA model to fit seasonal time series data [24]. Seasonality is a
regular pattern of repeated movements over time in a given time series [25]. The seasonality is depicted by
most time-series data rendering the ARIMA model ineffective in forecasting a given series. The seasonal
ARIMA (SARIMA) model combines the Autoregressive term and Moving Average term in an ARIMA
model which predicts X using past values and noises with lags (h) as the periodicity of the series. The non-
seasonal ARIMA part is denoted as ARIMA (p, d, q), where p is the order of the AR part, d is the order of
differencing to make data stationary, and q is the order of the MA part. Thus, the SARIMA model combines
non-seasonal and seasonal components in a multiplicative model and is abbreviated as ARIMA (p, d, q) (P,
D, Q)h. where h denotes the number of seasons or the time span of the recurring seasonal pattern. The
SARIMA model equation is expressed in (12) below.

®(BY)@(B)X: — u = O(B™)O(B)e: (12)

Where @ (B") is the seasonal AR process; @(B)X: is the non-seasonal AR process; @(B™) is the
seasonal MA process; ©(B)e: is the non-seasonal MA process; X: is the actual observation at time t; B is
the backshift operator; e: is the white noise and h is the periodicity of the seasonal component. The
processes in (12) can be written using the backward shift operator as:

®(Br) =1— ®1B" - @B2h — ... — @pBrh
e(B)Xt = 1 —@1Xe-1 — - — @prXtp
O(B™) =1+ OB™ + 02B2m + -+ O¢Bgm

O(B)e: =1+ B1ec1 + -+ Ogerq (13)

C. Stationarity and Invertibility

Stationarity and invertibility are the essential components when modeling with the ARIMA class of
models and are discussed below.

1) Stationarity

In time series analysis, data must be evaluated for stationarity. If the mean and variance of a time series
are constant, it is stationary. Testing for stationarity can be done using a time plot or the Augmented Dickey-
Fuller (ADF) test [26]. Forecasting is challenging because time series are non-deterministic, implying that
we cannot anticipate what will happen in the future with certainty. If the time series is found stationary, one
can forecast that its statistical properties would be the same in the future as they were in the past. The
stationarity condition guarantees that the estimated model's autoregressive parameters are steady within a
given range and that the model's moving average parameters are invertible. The estimated model can be
predicted if this condition is met [27]. To test for stationarity, we typically look for the presence or absence
of a unit root. The series is considered stationary if the roots of the characteristic equation shown in (3) lie
outside the unit circle. This is equivalent to saying that the estimated model's coefficients have absolute
values lessthanonei.e., |@i| < 1 fori = 1,2, ..., p. The current study adopts the Augmented Dickey-Fuller
(ADF) test to test for the of unit root in the series. The stationarity is classified into two types: strictly
stationary and weakly stationary.

a) Strict Stationarity

Reference [28] highlighted that a time series {X: , t € Z} is thought to be strictly stationary when the
joint distribution of ( X¢, Xt, X¢, ... X¢,) is similar to that of (X:, X¢, Xt, ... Xy). In other words, strict
stationarity implies that the joint distribution is determined solely by the "difference™ h and not by the time
t1, t2, t3, ..., tk.

b) Weak Stationarity

The time series {X: , t € Z} is said to be weakly stationary if and only if the following conditions are
met:
4) E[X:?] < ooVt € Z
5) E[X:] = (constant)/u,Vt € Z
6) vx(s,t)= yx(s + ht + h); Vs,t,h € Z.

Additionally, a weakly stationary time series {X_t} should have three characteristics: finite variation, a
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constant first moment, and a second moment yx(s, t) that reliesonly on |t — s| rather than s or t [29].
Typically, the term stationary refers to a weakly stationary process, and when one wants to underscore that
a process is strictly stationary, they will appropriately use strictly stationary.

2) Invertibility

The stationary condition applies only to the AR part. Such that if we have a seasonal and a non-seasonal
AR (1) model, then stationary requires that [®:] < 1 and |¢:| < 1. Unlike in the stationarity regulation, the
invertibility condition applies to o the MA part of the SARIMA model. Thus, the parameter restrictions in
(13) are such that |6: | < 1 and @: < 1[7].

D. The Steps of Box Jenkins Methodology

The modelling process was carried out following the [17] methodology approach, which includes the
stages of identification of the model, model specification, model estimation, and model diagnostics with
preliminary steps of checking for stationarity of the data and the general specification of the class of the
models. The steps are discussed as follows;

1) Model Identification

Given that commodity prices are likely to depict seasonality due to seasonality of production or supply
chains, the current study postulates that the SARIMA model best fit the data under consideration. The
SARIMA model is designed for a time series that captures seasonality. It combines non-seasonal and
seasonal components in a multiplicative model and is abbreviated as ARIMA (p, d, q) (P, D, Q)h hence it
is essential to select or specify the optimal model as discussed below.

2) Model Selection and Specification Criteria

The model selection entails identing the best fit model to a given data. The principle of parsimony which
holds that the model with least parameters is favoured and used [30]. The first and initial step of modelling
is identifying the suitable order of the SARIMA (p, d, q) (P, D, Q)h model. The order specification and
selection of orders p and q entail plotting ACF and PACF or a correlogram of variables at various lag
lengths, while the order d is determined based on the Integration (1) or Integration (0) process [31].

These orders are determined by the stationary series' sample autocorrelation function (ACF) and partial
autocorrelation function (PACF). The ACF expresses the internal correlation between observations in a
time series separated by different lengths as a function of time lag [32]. These two plots indicate the type
of model we should create.

When inspecting the ACF and PACF plots, it is important to consider seasonal and non-seasonal lags.
Tables I and Il show how the ACF and PACF behave for seasonal and non-seasonal series [33]. The values
of d and D are determined by the order of differencing performed to make the series stationary at the no-
seasonal and seasonal levels, respectively.

TABLE I: ACF AND PACF BEHAVIOUR FOR NON-SEASONAL ARIMA (P, Q)

AR(p) MA(q) | ARMA(p,g)
ACF Tail off at lag k Cutsoffatlag q Tails off
PACF Cuts off at lag p Tails off at lag k Tails off

TABLE 1I: ACF AND PACF BEHAVIOUR FOR THE SEASONAL ARIMA (P, Q)

AR(P) MA(Q) ARMA(P,Q)
ACF Tail off at lag K Cuts off at lag Q Tails off
PACF Cuts off at lag P Tails off at lag K Tails off

3) Model Estimation

After identifying the model, the next step in SARIMA model construction is the estimation of chosen
model parameters. The maximum likelihood estimation (MLE) method was used to estimate the
parameters. Since the past lagged observations of the noise terms cannot be observed in a SARIMA model,
the MLE method is preferred over Ordinary Least Squares (OLS) regression analysis. Given T observed
terms, the log-likelihood (LL) function {y:(6)} is signified by:

T

Log L [y:(8)] = <eln[D(z:(0),v)] — 0.5 [In (02:(0)]! (14)
t=1

Where; 6 is a vector of the conditional mean, conditional variance, and density function parameters, and
is an independent and identically distributed (iid) random variable with zero mean and variance of one.The
Multivariate Normal Distribution (MND) with a given mean and covariance matrix is used to estimate the
parameters of 6 denoted by:
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1
V.=_Var[V In(f (X;6 ))D? (15)
n 71 % X 0
Where: In(f» (X; 6o) gives the log-likelihood of one observation from the sample, estimated at the
parameter 8o. Vo In(fx (X; 6o) isthe vector of the first derivatives of the log-likelihood. The Outer Product
of Gradients (OPG) estimate is used to estimate the asymptotic covariance matrix, and it is calculated as:

1
\9 " s ( ) L (16)
w — & <Volnrfx(X; OntuVeln fx(X; 600 )

n

i=1

4) Model Diagnostics

Following the estimates of the ARIMA model's parameters, the next step in the Box-Jenkins model
building approach is to check the model's adequacy, also known as model diagnostics. A model should
extract all systematic properties from the data. The residuals (the portion of the data that the model does
not explain) should be small [34]. Thus, the diagnostic check is built on the model's residuals. One premise
is that an adequate model's residuals ought to be white noise. If e: is a sequence of iid random variables
with discrete mean and variance; the noise is said to be white. If e; is normally distributed with a mean of
zero and a variance of ov, the series is referred to as Gaussian White Noise [35]. Another diagnostic check
is that of autocorrelation. A correlogram can be used to test the autocorrelation of the residuals. If there is
no serial correlation, autocorrelations and partial autocorrelations at all lags should be close to zero. A
statistical tool such as the Ljung Box Q statistic can be used to establish serial independence. In this case,
the Box-Pierce Q statistics and Ljung-Box LB statistics are used to determine the significance level of
individual coefficients. In the study by [36], the Box-Pierce Q statistics is denoted as;

m 2

szn(n+2)<ne_’f_2 17)
k=1

Where e implies the residual autocorrelation at given lag k, n denotes the number of residuals, and m
represents time lags. If there is no serial and all Q-Statistics ought to be insignificant [37]. Normality and
homoscedasticity tests among the residuals are evaluated using statistical tools like the Autoregressive
Conditional Heteroskedastic — Lagrange multiplier (ARCH—LM) test can be used [38].

5) Forecasting Using SARIMA

Forecasting is ultimate goal of any time series model. It is essential in the decision-making process. It is
also a planning tool, facilitating decision-makers to anticipate future uncertainty based on previous and
current observations' behaviour. Reference [18] defined forecasting as the foundation for business and
economic planning, inventory and production control, and industrial process enhancement. Forecasting is
the process of making predictions about unknown quantities. It is the practice of developing statements
about events whose results have yet to be seen. After passing the diagnostic checks for its adequacy, the
model can then be used for forecasting. For example, given the Seasonal ARIMA (0, 1, 1)(1, 0, 1)1z, the
next step ahead forecasts are as follows: [11].

Zt = Zt-1 + @(Zt-12 — Z-13) + €t — Oet-1 — Per-12 + Oer-13 (18)
The forecast one step ahead from the origin t is provided by:
ZYi41 =Ze + D(Z1-11—Z-12) — Ot — Per-11 + O&r-12 (19)
The next two step is
ZYi42 = Zpp1 + P(Zo10 — Z_41) — Pepqo + O gy (20)

and so on. The residual terms €13, €12, €11, ..., €1 enters the predictions for leading times denoted by [ =
1,2, ...,13 however, for | greater than 13, the AR part takes over.

ZYii1=Zogp1 + PLiy1 12— PZyy g3 for1>13 (21)
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Ill. RESULTS

A. Testing for Non-stationarity

The data analysis results presented in this section was done using R [39]. Fig. 1 shows the time plot of
the food and beverage index data from January 1991 to February 2020 (observed) alongside the associated
three components and random error (seasonal, trend, and random error). There is an overall increasing trend
in the series with two peaks linked with the 2008/09 global financial crisis and the 2007/08 post-election
violence. Given that the series has a seasonal component, the SARIMA model is appropriate since it
captures seasonality.

Decomposition of additive time series

A

MWW,
/V\WWH/\/WWI\)L/WM\I/MM

T T T T T
1995 2000 2005 2010 2015 z020

observed
200

100
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200
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@ g
@
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Time

Fig. 1. Decomposition of Kenya's FBPI series.

Fig. 1 depicts the monthly series of FBPI data evolution. The ADF unit roots test showed non-stationarity
of the series at level (ADF = - 0.87, p = 0.95). The first differenced (ADF = -7.89, p = 0.01), seasonal
differenced series of lag 12 (ADF = - 6.31, p = - 0.01) were stationary. The finding implies that D = 0 in
the Seasonal ARIMA (P, D, Q) model, whereas d = 1 in the non-seasonal ARIMA case. However, this
theoretical aspect is not quantifiable in forecasting. Thus, the selection criteria adopted are discussed in
section 3.2

B. Model identification

While the ACF and PACF can be used to select the order of the best fit model, it is not always accurate.
Thus, a grid search of possible orders was employed to identify the most parsimonious model out of a
combination of orders with the seasonal and non-seasonal parts. The selection of the best order of these
components was based on the minimization of AIC and BIC. The best order among the 17 competing
SARIMA orders was SARIMA (1,1,1) (0,1,1)12 (AIC = 1818.150, BIC =1833.40) (Table I1I).

TABLE 1lI: EVALUATION OF SARIMA MODELS USING AIC AND BIC

SARIMA MODEL AIC BIC
SARIMA (0,1,2) (1,0,0)x2 1860.97 1876.39
SARIMA (0,1,2) (0,0,1)12 1860.97 1876.39
SARIMA (0,1,2) (0,1,1)12 1820.37 1835.63
SARIMA (0,1,3) (1,0,1)12 1858.77 1881.90
SARIMA (1,1,0) (1,0,0)2 1858.57 187013
SARIMA (1,0,0) (0,1,1)12 1818.17 1829.64
SARIMA (1,1,0) (0,1,1)12 1818.17 1829.64
SARIMA (1,1,1) (0,0,1)12 1859.08 1874.50
SARIMA (1,1,1) (0,1,1)12 1818.15 183343
SARIMA (1,1,2) (1,0,0)12 1860.91 1880.18
SARIMA (2,1,0) (1,0,0)12 1859.30 1874.72
SARIMA (2,1,1) (1,0,0)12 1859.70 1879.00
SARIMA (2,1,1) (0,0,1)12 1859.72 1879.00
SARIMA (3,1,0) (1,0,0)12 1861.19 1880.46
SARIMA (3,1,1) (1,0,0)12 1861.71 1884.84
SARIMA (3,1,1) (0,0,1)12 1862.87 1886.00
SARIMA (0,1,3) (1,0,0)12 1862.97 1882.24

C. Model Estimation

The MLE method was used to estimate the model coefficients. The SARIMA (1, 1, 1) (0, 1, 1)12 includes
one non-seasonal and seasonal AR processes, one non-seasonal MA process, one non-seasonal difference
(d = 1), and one seasonal difference (D =1). The resultant parameter estimates for the fitted model
were; @1 = 0.5755, 01 = — 0.3045, 1 = —0.921. The resultant SARIMA (1,1,1) (0,1,1)12 model is as
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expressed in (22) below
Xt =0.576 Xt-1 — 0.305 et-1 — 0.921 €1 (22)

Where; X is the food and beverage price index at time t, X:-1 is the non-seasonal AR (1) process, e:-1
is the non-seasonal Moving average process of order 1, and e:-1 denotes the seasonal MA (1) process.

D. Model Diagnostics Check.

Two diagnostic tests were performed, particularly evaluating if the fitted model's residuals meet the
assumptions of normality and autocorrelation. The two robustness checks are discussed below.

1) Normality Test

The model residuals should be iid sequence with zero mean and constant variance. The Q-Q plot in Fig.
2 show that the residuals are approximately normally distributed since they lie along the 45° line.

Model: (1,1,1) (0,1,1) [12] Standardized Residuals
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Fig. 2. The fitted model’s residual plot and the resultant Q-Q plot.

2) Autocorrelation

The ACF plot of the residuals in Fig. 3 shows insufficient evidence of significant spikes. Thus, there is
no significant autocorrelation and partial autocorrelation coefficients between residuals and given past
residuals. The finding is supported by the Ljung—Box Q-test which shows insignificant Q-statistics (all p >
0.05). The finding suggests that residuals are purely white noise hence there is no need to fit the ARCH
model and that the fitted SARIMA (1,1,1) (0,1,1)12 model can therefore be used for forecasting. The
findings imply that residuals errors are not correlated and thus do not require ARCH class of models.

ACF of Residuals

1s
LAG - 12

p values for Ljung-Box statistic

vale

P

Fig. 3. The Ljung—Box Q-test and the ACF of model residuals.

E. Predictive Ability of SARIMA Models

As much as SARIMA models can be good candidates for modelling time series data, their consistency
in fitting data over a long-time horizon can be questioned. The test can be done using cross-validation,
where the dataset is split into a training set (used to estimate the model) and a testing set (used to test the
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accuracy of the fitted model). The approach suitably allows one to compare accuracy over a given time
horizon. Since predictive analytics looks into the future, the first n-sample points formed the hold-out
sample proportional to the h-step ahead periods. The accuracy metrics for the next 36 months are presented
in Table IV. The results show that SARIMA models are unstable for forecasting over a long-time period.
As indicated by RMSE, MAE, and MAPE, the prediction errors are relatively small in the 6-step ahead
compared to 12, 18, 24, 30, and 36 step ahead period forecasts.

TABLE IV: ACCURACY METRICS OF H-STEP AHEAD FORECASTS
h-step ahead forecasts

Parameter 6 12 18 24 30 36
Start period Sept 2019 Jan 2019 Sept-2018 Jan-2018 Sept 2017 Jan-2017
ARIMA (S=12) (1,1,0)(1,1,2) (1,1,1)(1,100 (1,4,1)(3,1,00 (1,1,0)(1,2,0)0 (1,1,0)0(3,1,00 (1,1,1)(1,1,0)
RMSE 2541 13.243 10.007 9.987 20.072 20.389
MAE 1.944 12.225 7.779 8.813 18.147 16.916
MAPE 0.769 4.730 3.021 3.603 7.497 7.164

Note: Model orders are autogenerated from the auto. Arima () function in R based on the minimization of AIC and BIC; The
accuracy metrics show the deviation of the forecasted values from the actual observation in the h-step ahead period.

Generally, there is a tendency of increasing prediction errors with an increase in the forecast period.
Nonetheless, the model is pertinent to the monetary policy committee (MPC) carrying out the frequent
intermittent evaluation of commaodity prices, say quarterly, to guide their policy options like price control.

F. Forecasting

The practice of forecasting helps in the planning and decision-making process since it gives an insight
into the future uncertainty [40]. Given that the model is resilient over a short-term period, the predictions
for the next 6 months from March 2021 to February 2021 alongside the one and two standard deviations
prediction bounds from the mean are overlaid in the dark and a light grey area, respectively (Fig. 4). The
forecast results depicted an increasing trend of FBPI from 269.89 in March 2012 to 273.95 in May 2021,
followed by a decreasing trend to 269.52 in November 2020. Thereafter, the models predict a rising to
273.92 as of February 2021. The FBPI shows an overall increasing trend over time and is likely to keep
rising in the future. The study finding is consistent with the past studies of [34], [41] and [42].

FBPI

2012 ' 2014 ' 2016 ' 2018 ' 2020
Time
Fig. 4. Actual time series plot of FBPI and the 24-step ahead period forecasts.
Note: The predicted values are in red with the 95 percent and 99 percent confidence intervals in dark and light grey areas,

respectively

IV. CONCLUSION

As a forward-looking practice in policy formulation, the Central banks design and implement monetary
policy actions such as interest rate setting and price controls considering the future course of market prices.
As such, forecasting models have become essential in policy formulation. Following the Box-Jenkins
approach, this study evaluated the predictive ability of the SARIMA models using the Kenya’s monthly
FBPI data from January 1991 to February 2020. The findings showed that the best order among the 17
competing SARIMA models was SARIMA (1,1,1) (0,1,1)12 (AIC = 1818.150, BIC =1833.40). The cross-
validation technique of evaluating the resilience of a model over a short- and long-term horizon
demonstrated that SARIMA models can be unstable for use over a long period due to increasing prediction
errors with an increase in the forecast period. Thus, SARIMA models are appropriate in making short-run
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forecasts. The model is pertinent to the MPC who carry out the quarterly assessment of price indices to
direct their policy actions, like the price controls.

RECOMMENDATION FROM THIS STUDY

The current study also carries important implications for practice. Since the FBPI depicts an upward
trend, the MPC should control inflation using fiscal tools such as capping interest rates, reduced government
expenditure, and sustainable taxes. There is also a dire need to strengthen food security, such as creating a
buffer stock of grains during great harvest to mitigate volatility in the global market supply. Trade
liberalization in regional and global agricultural products markets can also prevent tariffs-related costs that
push food prices. Lastly, international environmental protection has been global warming associated with
increased desertification. The government of Kenya ought to adopt advanced and sustainable agricultural
development and innovation in semi-arid and arid areas to supplement the food supply in the country.

FURTHER RESEARCH

Future studies can consider a hybrid model such as SARIMA and Support Vector Regression (SVR) that
include covariates to enhance the model's prediction of the consumer price index. The SVR model can
incorporate consumer price index predictors such as interest rates and taxes to account for more variation
in the commodity prices.
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