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Abstract

In this paper, the researchers have developed a short-term inflation forecasting (STIF) model using Box-
Jenkins time series approach (ARIMA) for analysing inflation and associated risks in Sierra Leone. The model
is aided with fan charts for all thirteen components, including the Headline CPI as communication tools to
inform the general public about uncertainties that surround price dynamics in Sierra Leone — this then make it
possible for policy makers to utilise expert judgments in a bid to stabilize the economy. The uniqueness of this
paper is its interpretation of risks to each of the disaggregated components, while also improving credibility of
decisions taken by policy makers at the Bank of Sierra Leone [BSL]. Empirically, Food and Non-Alcoholic
Beverages, Housing and Health components indicate that shock arising from within or outside of Sierra Leone
can significantly impact headline CPI, with immediate pass-through effect of high prices on consumers’
spending, at least in the short-run. The outcome of this empirical research shows uniqueness of the
disaggregated model in tailoring policy makers’ attention towards targeting sector-specific policy
interventions. Fan Charts produced have also highlighted degree of risks, which is based on confidence bands,
which shows deviation from the baseline forecast. The ultimate goal is to improve sectoral productive capacity,
while at the same time, monitoring price volatility spill-over through empirical disaggregation of the CPI
basket — in association with this, outcome from the study also shows that the use of multivariate models like
VAR would be welcome to monitor events on price dynamics in the national economy.
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1. Introduction

Price stability is, if not among others, one of the core objectives of central banks around the world, particularly
in ensuring monetary policy decisions are targeted appropriately to minimise burden on economic agents' well-
being (King, 2005 and Mwenese and Kwizera, 2018). This is very key as stabilisation of prices are critical for
investments and, in controlling the value of local currency against international currencies. In this vein,
management at the Bank of Sierra Leone is continually demonstrating commitments to ensuring its mandate
on price stabilisation is robustly addressed through empirical research undertakings carried out by staff in the
research and other policy-oriented departments.

Price stabilisation is very much a stochastic process given its dependence on various macroeconomic
components, which on many occasions, can be determined by economic agents’ persistent habit formation.
During periods of inflationary pressure, there is high risk of a country not being able to compete internationally,
which also add pressure on central government finances. As exemplified by Mordi et al (2012), there is a risk
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for balance of trade to worsen, with a likely negative impact on exchange rate dynamics and reduction in export
earnings, which ultimately result in high fiscal deficit (Jackson and Jabbie, forthcoming).

The occurrence of a volatile inflation is common to free market enterprise system and more acutely felt in an
environment with high inflation speculation, which may arise as a result of market failure and the continued
lack of confidence in an economic system (Coleman, 2007; Jackson, 2018; Jackson and Tamuke, 2018;
Jackson and Jabbie, 2019). In order to address the state of inflation in an economy, almost or nearly all
economic think-tank institutions have resorted to some form of empirical research venture in predicting future
outcomes of inflation in a bid to developing strategy or policy geared towards maintaining a balanced economic
state of affairs in support of decent well-being for citizens.

Forecasting macroeconomic indicators, especially inflation, provide interested economic agents with the
requisite information about future trends of these indicators to plan and rationalise economic decisions in a
coherent and organized manner. As noted by Hendry and Hubrich (2006), projections of macroeconomic
aggregates are not only utilised by central banks for policy making, but also very important to facilitate private
sector investments, while also serving as a guide government in the direction on policies relating to spending
and sectoral investments. The importance of forecast is been resounded all around the globe, given its relevance
in addressing the dynamics of macroeconomic variables and their significant implications for economic
stabilisation and decision-making.

Because of the relevance of macroeconomic projections, focus has now been renewed and directed towards
disaggregation forecasting; this is done by forecasting component indices and aggregates rather than just the
composite index (Hendry and Hubrich, 2006). Theoretically, it is believed that the disaggregated approach
improve forecast accuracy relative to aggregate forecasting, provided the data generation process is trustworthy
(Hendry and Hubrich, 2006; and Mercellino, Stock and Watson, 2003). Disaggregated forecast using ARIMA
has proved very reliable for predicting short-term inflation outcome by highly rated institutions like the Bank
of England, European Union and the Federal Reserve Board.

Significance of the Paper and Emerging Knowledge

Over the years, researchers at the BSL in particular and elsewhere (in the academia and independent institutions
both at national and international level) have dedicated efforts in applying both univariate and multivariate
econometric tools to inform policy decisions about the direction and persistence of inflation in the country
using aggregated CPI data (Bangura et al, 2012; Kallon, 1994; Jackson et al, 2018; Jackson and Tamuke, 2018;
Tamuke, Jackson and Sillah, 2018).

In view of the BSL's earlier focus on monetary aggregate targeting, the effort since 2011 has been directed at
ensuring price stability is set at the heart of future approach to effective economic management, while also
setting eyes on stabilising the financial system as addressed in the new BSL and Banking Acts of 2019. In this
regard, it is essential that effort is championed towards addressing inflation persistence in the economy as
mandated by the BSL, which is focused on price stabilisation. The use of a Short Term Inflation Forecast
(STIF) tool like ARIMA is one of the most robust means of addressing inflation dynamics and expectations
over the monetary policy period in an economy (Box and Jenkins, 1976; Jackson and Tamuke, 2018); at the
BSL, the Box-Jenkins ARIMA model is one of the most commonly used time series methodology applied by
staff to support monetary policy decisions, particularly in the short term.

In terms of the focus on emerging knowledge and motivation, the use of STIF in this study is aimed at providing
inflation forecast for each of the disaggregated components, while also taking cognisance of uncertainties
surrounding inflation dynamics with the use of Fan Charts. It is believed that this study will provide possible
answer to question pertaining to ‘which component in the CPI basket poses the most risk in stabilising price
dynamics in the Sierra Leone economy’. On this note, the study will identify suitable confidence bands on
which policy decisions can be directed in a bid to addressing persistently high inflation and expectations in the
economy, while also paying particular attention to those components, which seem to pose the most risks.

Objectives
This paper, has made its objective focus by ensuring:

» That contribution to emerging knowledge of disaggregated inflation forecasting in Sierra Leone is brought
to the fore by addressing uncertainties (using Fan Charts) that surround each of the disaggregated
components in the Consumer Price Index (CPI) basket [taking cognisance of weights attached to
components and their long terms impact on the overall inflation outcome].
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» Also, ensuring policy recommendations are directed at steering MPC deliberation(s) towards the
application of diverse methodologies aimed at unearthing on-going concerns around the sporadic nature
of inflation in the country.

Structure of the Paper

Going forward, the remaining sections of the paper is divided as follows: Section two provide an overview of
recent inflation trends in Sierra Leone. Section three provide a short review of theoretical and empirical
literatures. Section four addresses the methodology, which incorporate data collection and usage, model
specification and technique(s) of analysis. Section five present and discusses empirical findings, which include
the out-of-sample forecasts [the ARIMA program codes approach] and fan charts for communicating
uncertainties in support of effective policy deliberations (See Jackson and Tamuke, 2019 for varied
application). Section six conclude the paper with suggestions for future policy directions of inflation control /
management in Sierra Leone.

2. Overview of Recent Inflation Trends in Sierra Leone

Inflation and its sporadic nature have been a topical concern in Sierra Leone for decades, and more so in view
of its heightened hike above the revised 18% target set by MPC in the second half of 2018. In order to process
future outlook of inflation, which is used by the MPC for policy deliberation, researchers in the research
department have resort to utilising historical data compiled by Statistics Sierra Leone (SSL), weighted on their
influence to economic agents’ persistent habit as shown in Table 1.

Table 1. Classification of Individual Consumption by Purpose (COICOP) for Sierra Leone as at December

2018
CPI Disaggregated Items Weight (%)
Food &Non-Alcoholic Bev. 43.18
Alcoholic Beverages, Tobacco and Narcotics 2.33
Clothing and Footwear 7.73
Housing, Water, Electricity, Gas and Other Fuels 13.60
Furniture, Household Equipment and Household Maintenance 4.19
Health 12.63
Transport 4,72
Communication 2.05
Recreation and Culture 1.34
Education 3.06
Restaurant and Hotels 1.12
Miscellaneous Goods and Services 4.05
Total weight 100

Source of Information: SSL CPI Press Release, December 2018.

In terms of weights and the overall contribution to CPI in Sierra Leone as indicated in Table 1, three
disaggregated components, namely "Food &Non-Alcoholic Bev. (currently weighing 43.18%); Housing,
Water, Electricity, Gas and Other Fuels (currently weighing 13.60%); and Health (currently weighing
12.63%)" are the highest contributors in the basket as published by Statistics Sierra Leone in its December
2018 CPI release. In summary, this indicate that, as at the time of the published weights, these three
components were the most volatile influences in the overall CPI basket.

In order to address the sporadic outburst, MPC deliberations as at the end of 2018Q4 targeted policies to
address the situation. With the continued influence of externalities like shocks to the petroleum industry and
coupled with exchange rate fluctuations attributed to persistent weaknesses inherent in the country's real sector,
it has been a real challenge for authorities to get firm grip of the expected downward trend of inflation. Charts
1 and 2 below provide an outlook of the pendulistic state of inflation over the years with influential force like
exchange rate.
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Figure 1. Trend of Inflation in Sierra Leone [2007 M01 — 2018 M12]

Source: Statistics Sierra Leone.

Figure 1 typify inflation dynamics of the CPI disaggregated basket between 2007MO01 - 2018M12. The
disaggregated basket is a real attestation of the historical direction of inflation in Sierra Leone, which shows a
“fan-out” look of the CPI disaggregated basket from 2009MO01 to 2018Q4. Several empirical research outputs
have shown the macro-level influences of structural problems like exchange rate pass-through and also, the
legacy of fiscal indiscipline the country experienced between 2017-18, which invariably has given rise to the
country’s present state of high inflationary pressure (Bangura et al, 2012; Mansaray-Pearce Liu, 2015; Jackson
and Tamuke, 2018; Jackson Jabbie and Tamuke, forthcoming; Jackson and Jabbie, forthcoming). Based on
Figure 1, components like Transport and alcohol and tobacco recorded high impact on the overall inflation
than the headline CPI itself. This is as no surprise given the poor performance of the real sector, which has
paved the way for higher level imports to meet demand for local consumption.

In view of the above discussion about the historical state of inflation in Sierra Leone, Figure 2 below shows
that inflation is largely driven by movements in exchange rate. The greatest impact of inflation was felt around
the later part of 2015, which is indicative of the twin crisis shock of Ebola and commodity price slump
experienced in the country. With the weak state of the real sector and also coupled with the shocks, this has
manifested itself in a direct pass-through to high price movements in the country's commodity market, except
more recently in the last quarter of 2018 which witnessed a disinflation of almost above one-percent rate.
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Figure 2. Inflation Charted with Exchange Rate [2007M01 — 2018M12]
Source: EVIEW Output.

3. Literature Review

3.1. Theoretical Review. Inflation dynamics and forecast is a topical concern around the world, particularly
for central banks as it is one of the ways in which authorities can judiciously utilise resources [for example,
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professional staff knowledge and data] by engaging in empirical research needed to set realistic policy
measures in a bid to achieving prescribed inflationary target(s). In the developed economies, inflation can be
broadly perceived as a cause of money supply growth, while the situation in developing economies is a
contrast, with factors normally attributed to high fiscal imbalance and exchange rate depreciation surfacing
highly (Totonchi, 2011; Sergent & Wallace, 1981; and Montiel, 1989).

Theoretically, research tasks commissioned by various researchers have grouped the sources of inflation using
six-block analogy; monetary shocks, Demand side, supply-side (or real) shocks, structural and political factors
or the role of institutions (Totonchi, 2011; Humphrey, 1998; Sims, 1980; and Gordon, 1977). This typically
indicate that inflation can be a predominant factor of macroeconomic and institutional occurrences, which then
makes it very difficult for institutions like the BSL, in particular, to get firm grip of its up-swing cycle in
satisfying decent living standard for economic agents in the Sierra Leone economy. In order to address
concerns around the above sources / causes of inflationary movements, many central banks across the world
have and are continuously commissioning empirical research endeavours using historical data (both univariate
and multiple) and also, inflation expectation surveys to address the underlying causes of inflation.

According to Lim and Papi (1997: 7), the public finance approach in explaining inflationary pressure also
emphasised that, given the limits on domestic and foreign borrowing as dictated by financial market conditions
and solvency requirements, monetisation is the residual form of deficit financing. Rodrik (1991) noted that in
the 1980s, the consequences of a given finance deficit were further aggravated by a decline in the demand for
money-base, due partly to relaxation of foreign exchange regulations, which then resulted in portfolio
reallocation towards foreign currency; a situation currently experienced in the Sierra Leone economy, for
which the dollar currency seem to be the dominant factor in almost all sectoral dealings / transactions.

Rodrik (ibid) went further to argue that fiscal deficit is also affected by political influence and for which public
price policy has been used in this situation, by ensuring public prices are kept unchanged prior to elections and
with expectation of future increase thereafter. Therefore, there is a tendency (across the globe) for prices to be
adjusted at the higher end after elections because of the effects of public prices in the total price index, and,
the indirect effect of public prices through private prices.

Lim and Papi (1997: 8) noted in their study that structural and cost-push factors during inflationary process
can be explained by (i) the link between exchange rate and prices; (ii) the mark-up on final product prices on
account of oligopolistic industrial structure; and (iii) wage pressures stemming from indexation rules and deep-
rooted inflationary pressures. Equally, Rodrik (1991) demonstrated that rising inflation and continued
devaluation of the country’s Lira in the 1980s gave rise to the hypothesis of ‘devaluation-inflation’ spiral. This
can be attributed to high dependence on importation of capital and intermediary goods, normally dominated
by oligopolistic industrial structures that allow a mark-up over costs by manufacturing firms.

3.2. Empirical Review. The use of ARIMA has proved very popular in terms of its reliability to address short
term inflation forecast in a county. To prove this, empirical research conducted over the years by researchers
at the BSL and elsewhere (for example, in other central banks and the academia) have shown that inflation is
very well tracked with both univariate and exogenous component (ARIMAX) to address external influences
of the direction of inflation in a country over a given period of time (Jackson, 2018; Jackson et al, 2018;
Jackson and Tamuke, 2018; Bangura et al, 2012 and Kallon, 1994).

Specific to addressing risks associated with univariate inflation forecast, Jackson and Tamuke (2018 and
forthcoming) made attempt in their research to address risks associated with forecast outcome from the
composite headline CPI for Sierra Leone. Despite the fact that the study was not able to unearth the source(s)
of risks emanating from hike in a disaggregated CPI basket, it was able to address specific risks using specified
confidence bands, which was explained around the upper and lower bands in support of MPC decision on rate
fixing.

As the need to explore inflation dynamics intensify for many countries, particularly for central banks, where
price stability / inflation targeting is set as core objective, the use of disaggregated study seem to be taking a
central focus as a way of increasing forecast accuracy, which is mostly complemented with Fan Chart analysis
of associated risks around specified confidence bands. Espasa et al (2002) made use of cointegration analysis
to evaluate sources of non-stationarity in data used; their study revealed trending behaviour in the identified
components, which then allowed them to conclude that a disaggregated estimation could prove more accurate
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in forecasts. Their approach of univariate models out-performed the multivariate study in terms of forecast
accuracy than the more commonly used aggregated estimation approach to short and medium term processes.

Different empirical research outcomes seem to have produced mixed results in terms of the application of
appropriate approach, which meant either aggregate or disaggregate forecast can prove accurate for policy
decision, depending on the focus of the research. To address such mixed outcomes, Hubrich (2005) used
different AR and VAR specifications for the Euro area. In this study, she observed that none of the two outcome
out-perform a random walk on a twelve-monthly horizon. On a similar outcome, Benalal et al (2004) made
use of different univariate and multivariate specifications and in this, it was proved that direct forecast of
aggregate CPI outperform the disaggregated component approach for period more than twelve months, while
at the same time, mixed results were witnessed for shorter periods of less than twelve months.

Harvey (2012) also revealed some peculiarity about the behaviour of disaggregated outcomes from univariate
forecast of inflation study. The results from his study shows that direct forecasts of aggregate inflation out-
perform aggregate forecasts derived from aggregating forecasts from the subcomponents for all the steps of
the forecasts. The study shows that adding information from the subcomponents also has the tendency of
improving direct forecast of aggregate series for 1-step-ahead. The result also shows that for 6-stepahead and
12-step-ahead forecasts, direct univariate forecasts are superior to forecasts from all the models.

Similar to the focus of this study, Mordi et al. (2012) made use of STIF approach to forecast inflation, with
associated risks outputted from Fan Charts for each identified component; their study revealed that
disaggregated forecast approach can provide a more accurate means for policy decisions, where risks are
identified based on a given confidence bands. Given the stochastic nature of data used, outcomes from
empirical studies around inflation forecast and associated risks can help researchers explore different outcomes
on how data can respond to apriori expectations, while the underlying focus is to serve its purpose of addressing
core policy decisions in maintaining price stability as in the case with the BSL.

4. Methodology

4.1. Technique of Analysis. The main aim of this paper is to model STIF for Sierra Leone using disaggregated
components for CPI, which follows a robust autoregressive process of Box-Jenkins (univariate) Time-Series
approach; the weight of components are also taken into consideration so as to factor their influence in the
inflation forecast dynamics for the overall CPI basket. The importance of this technique is its benefit of
modelling disaggregated components of the CPI basket, which is new to supporting monetary policy decision
in the Sierra Leone economy.

This is based on the application of Structural Time-Series Model (STSM, similarly applied by applied by Mordi
et al; 2012; Mwenese and Kwizera 2018), expressed in the generic form as:

m, =, +0, +v, +¢, ssz(O,of) .

where the dependent variable™:  is expressed as summation of all components:
series; = trend; + cycle; + autoregressive; + irregular;

Individual component can equally be modelled as a State-Space, with the recursive solution algorithm in
Kalman filter (Rummel, 2011 and Mordi et al, 2012).

. = ~N(0,02
The trend is modelled as: % = %+ 7% M M ( *On ) (2),

where Tr =T +5, g,zN(O,(‘r;)

The cycle as expressed by Harvey and Jaeger (1993) and also by Mordi et al. (2012) is modelled as:
[Bi] o, [cos(lc) sin(?\.c):| |:81 :|+[Ki] =1..T

—sin(n,) cos(n,)| |0 K

0, t-1 ¢ (3)1
where K, K, =N (O,G]i )
. = = N 2
The autoregressive component can be expressed as: ** — PV *&E (O’GE ) (4).

Components in the disaggregated CPI basket for this study also follows an autoregressive process expressed
in the form of p lags (AR (p)), with varying p values for each component, determined from general to a more
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specific approach. The estimation process is achieved through an AR model, with embedded lag structures,
significantly tested to produce best component model that describe the inter-temporal dependence, while
components are thought to be exhibiting a form of simulated historical behaviour, which constitute a form of
white-noise process (Salam et al, 2006 and Mordi et al, 2012).

Based on the automated codes, this study has adopted optimal estimation of AR and MA processes by
specifying maximum of 12 lag specification [maxar = 12] that is representative of components sampled in the
CPI basket. The best model for individual components were automatically detected by specifying coded criteria
that allows one of the following criteria to be selected: “Akaike Information Criterion. Change to @schwarz
or @hq for Schwarz and Hannan-Quinn criteria”. The best model for individual components exhibited a
parsimonious characteristic that have mean reverting parameters, and adequately describe the data with white
noise residual process, with a reliably good out-of-sample forecasts.

The advantage of the STIF framework used in this study is its informative nature of forecasts that gives
credibility with the use of varying confidence band of Fan Charts, which then allow uncertainty to be
unearthed. This then make it possible for associated risks to be explained convincingly for policy deliberation
and eventually communicating expert decisions to the public (Prescatori and Zaman, 2011).

4.2, Data. The STIF framework for this study was based on monthly dataset comprising of 13 disaggregated
CPI components for Sierra Leone, covering the period from 2007MO01 to 2018M12. Table 1 shows that in
order of size, the three components with weighted size are “Food &Non-Alcoholic Bev. (43.18%); Housing,
Water, Electricity, Gas and Other Fuels (13.60%); and Health (12.63%)”; these in total account for 69.41% of
price level in the CPI basket. The time series of the price level for the twelve components are shown in Chart
1.

4.3. Model Specification. For the specified automated codes, each individual index has been modelled to
reflect their unique feature by incorporating constant, lag structure(s), first difference and seasonal
adjustment[s], typical of Rummel’s (2011) and other researchers’ efforts like that of Mordi et al., 2012.
Specific to this research paper, the univariate Box-Jenkins model examine characteristics of each components’
inflation process with a unique best equation as shown in section 5.1. The equations for the estimation were
produced through an automated process as excerpted below in Table 2, by selecting the best model through
several iterated processes (see in Appendix 1 for the complete codes).

Table 2: Best ARMA selection Code

if arma_li_'a_!m.@aic<!mininfocrit then
Ibesta = la
Ibestm = Im
Imininfocrit =arma_!i_'a_!m.@aic
Endif

Source: Model Iteration Code from EVIEWS [see Appendix 1].
5. Empirical Results

5.1. Estimation using Disaggregated ARIMA Code [Regression Test Outcomes]. With reference to
Appendix 2, each estimation has followed the normal econometrics approach of a regression output, with
estimated outputs for the out-of-sample forecast period periods (2019M01 — 2019M09) showing less than 50%
of strong R? values. This is due to the fact that the automated model was developed to output at either level or
first difference; uniquely, all outputs have satisfied basic statistical test characteristics like the Durbin-Watson
statistics, with values ranging between 0 and 2. The inverted AR and MA Root values also ranged between 0
and 0.99, which is an indication of a successful unit root criteria being satisfied. Incorporated Automated
features meant that the best models were outputted with reasonably low SC and AIC values as well.

The interpretation of ‘Residual, Actual and Fitted lines’ shows that adjusting for seasonality have made it
possible for the Fitted lines [as depicted on the blue staggered lines in Appendix 2] in all components to exhibit
minimal volatility in the data when compared to the actuals [as depicted on the blue lines]. The graphs also
show that all components are stationary at difference. The stability of the model was also confirmed as shown
for all the best models in Appendix 2.

5.2. Disaggregated Components Forecast. This section provides an indication of individual out-of-sample
forecast for all 13 components in the CPI basket. Figure 3 and Appendix 3 for forecast results for individual
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components shows that the Headline CPI is not the most worrying for policy makers, but more so ‘Food and
Non-Alcoholic Beverages [FNAB], Housing and Health’, which is reflective of weight attached to the said
components. The identified high forecast for the three components is an indication to show that policymakers
need to focus policies that may seek to control future hike in inflation for the said components given the fact
that the country is high importer of many of the items that makes up the FNAB component, while at the same
time, the uncontrolled price hike of dollarization requirement imposed by landlords for houses / apartments
and hotel accommodation is also a worrying concern. Weaknesses in government’s policy implementation for
good health facility is also making it quite worrying for the escalated prices levied for medical services in the
country as a whole (reference to Jackson, forthcoming).

The totality of moderate inflation forecast on the headline CPI as seen in the light blue line [indicated by INFL]
in Figure 3 can prove misleading to policy makers without in-depth study of individual forecast performances.
The disaggregated component forecast outlook provide an indication of the components that policy makers
can focus their attention on in a bid to address future inflation hike in the country. Assessment of risks element
from the Fan Charts as explained below can serve as a guide in helping policy makers to focus attention in
sectors or areas where policy should be directed given their risk element.

3. Fan Chart Communication for Disaggregated CPI Components
Table 3. Components Forecast and Interval Estimates [2019M01 — 2019M09]

Component Baseline Inflation Confidence Intervals

10% 90%

2019M01 | 2019M09 | 2019M01 2019M09 2019M01 2019M09

Lower Upper Lower Upper Lower Upper Lower Upper
Food &Non-Alcoholic Bev. | 15.23 13.58 15.15 15.31 13.24 13.93 14.24 16.22 9.21 17.96
Alcoholic Beverages, | 20.10 17.17 19.99 20.21 16.64 17.71 18.70 21.50 10.38 23.96
Tobacco and Narcotics
Clothing and Footwear 17.78 16.60 17.68 17.89 15.86 17.34 16.48 19.07 7.21 25.99
Housing, Water, Electricity, | 20.04 9.85 19.90 20.18 9.28 10.42 18.28 21.80 2.64 17.06
Gas and Other Fuels
Health 17.58 13.29 17.45 17.72 12.94 13.64 15.91 19.26 8.84 17.73
Transport 19.71 9.26 19.51 19.90 8.47 10.04 17.26 22.15 -0.70 19.22
Communication 11.87 9.89 11.78 10.97 9.45 10.34 10.63 13.11 4.23 15.56
Recreation and Culture 13.44 10.29 13.34 13.55 9.23 9.66 12.15 14.73 5.61 14.98
Education 15.36 8.72 15.23 15.48 8.26 9.18 13.76 16.95 281 14.56
Restaurant and Hotels 24.22 19.42 24.04 24.39 18.88 19.96 22.03 26.42 12.60 26.24
Miscellaneous Goods and | 13.70 10.43 13.61 13.78 10.09 10.83 12.61 14.78 5.38 15.49
Services
Headline CPI 16.91 14.41 16.97 16.85 14.01 14.80 16.11 17.71 9.42 19.39

Source: Estimation output from EVIEWS and MS Excel.

The identification of uncertainty emanating from fan charts, particularly for individual components in the CPI
basket (see summary in Table 3) is essential for researchers at the BSL and more so, MPC members in their
efforts to deliberate on effective policy stances. In this research, probability values [confidence bands] were
used throughout to address degree of risks emanating from the forecast using uncertainty / Fan Charts as
detailed in Appendix 4. These are considered a form of communication tool that inform the public and more
so, MPC members about uncertainties that surround the macro-environment and from which economic agents’
actions are considered critical. A well-documented risk around the Fan Charts can help policy makers and
other experts in a country to deliberate on realistic policy measures that can be tailored to support a stable
economic environment.

To summarise the extent of risks associated with each of the components, Table 3 above depict highlights of
the degree of deviation of forecast components from the baseline, which is explained in terms of ‘lower and
upper limits’; this can be used to gauge policy makers’ decision about measure(s) to ensure inflation revert
back to a specified target for the period under review. The justification for a shorter confidence bandwidth in
this study [20%] is to take account of the fact that ARIMA methodology is a STIF approach, which according
to theory (Box and Jenkins, 1976; Mordi et al, 2014) is considered very effective in forecasting outcomes for
shorter time period of less than one-year duration.

39



. . - . .“ ARMG PUBLISHING
Financial Markets, Institutions and Risks, Volume 3, Issue 4, 2019 “Thinking abesd"

ISSN (online) — 2521-1242 ISSN (print) — 2521-1250

Fan Charts referenced in Appendix 4 have revealed realistic picture of risks emanating from the forecast as
opposed to the usual restriction on the Headline CPI. This is considered a good way of assisting policy makers
in their strides to developing short, medium- and long-term strategies geared towards bringing inflation to a
targeted level as considered realistic by MPC members. The summary in Table 3 shows example of lower and
upper bandwidths using 10% and 90% as a way of addressing risks associated with each component in the CPI
basket.

The Fan Chart for headline inflation at 10% confidence interval indicate that Headline CPI is likely to be in
the range of 16.97 —16.88 and 14.01 — 14.80 [lower and upper bound] respectively during the observed forecast
periods of 2019M01 and 2019MO09. In the same token, at 90% confidence band, the Headline CPI is projected
to be in the range of 16.11 — 17.11 and 9.42 — 19.39 [lower and upper bound] respectively during the observed
periods of 2019M01 and 2019m09. Surprisingly for Transport, the Fan Chart shows that at 90%, there is a
chance of disinflation occurring in the range of -0.70 — 19.22 [lower and upper bound] for the period 2019M09.
With respect to component like Food and Non-Alcoholic Beverages, which represent the highest weight in the
CPI basket, there is a 10% confidence that inflation will fall within the range of 15.15—15.31 and 9.21 —17.96
[lower and upper bound] respectively during the observed periods of 2019M1 and 2019M09.

5.3.1. Discourse on Risks Associated with Fan Chart Communication. In view of the downward
asymmetric direction of risks associated with the Fan Charts produced for all components, there is high scope
for inflation to fall, but only with effective policy actions taken by committee members, which invariably
should provide critical assessment of the situations / events occurring in the domestic economy and global
community by taking cognisance of financial market dynamics, for example shocks. On a similar note, policy
direction must devote greater focus on high risk with components like Food and Non-Alcoholic Beverages,
Housing and Health, while at the same time, not ignoring the fact that lower projected inflation forecast for
other variables like Alcoholic and Tobacco [ALCTOB], Communication and Education components needs to
be monitored keenly in the event of associated spill-overs or unforeseen shocks to occurrences in the domestic
economy.

6. Conclusion and Policy Recommendations

This study has brought to the fore, the importance of applying STIF approach to forecasting disaggregated CPI
components using ARIMA in support of monetary policy decision making, which is geared towards anchoring
the BSL’s core objective of monitoring price stability. The utilisation of STIF approach should make it possible
for policy makers to judiciously factor downside and upside risks [reference to Appendix 4] as outputted from
the uncertainty charts. Given the independent role of the central bank in providing policy advice to the
government, there is possibility for the bank to exercise its authority as mandated in the revised BSL Act 2019
to deliberate on the most effective policy measure, which from time to time, may also involve collaboration
with the fiscal authority, in this case, the Ministry of Finance [MoF] in a bid to anchoring its core objective of
stabilising prices.

The use of disaggregated component approach is also a justified attempt to reassuring the general public and
more so, policy makers (including Think-tank researchers / institutions) in Sierra Leone about the BSL’s
continued effort to anchoring its core mandate of stabilising prices in the country. Outcome from this research
is very important given, the fact that disaggregated components from the CPI basket makes it possible for
policy actions to be directed at those components that seem to have proved very risky to the overall outlook of
inflation in the country. The most volatile components from the study [FNAB, Housing and Health] have
revealed the importance of how policy decisions can be tailored to minimise excessive volatility in the event
of shock[s], while also paying attention to policy stances that may also seek to sustain a reasonably targeted
price level with components that are not considered threatening to inflationary pressure in the economy. The
study has revealed the importance of correlation between high weight ascribed to components [reference to
Table 1and Figure 3] and their inherent risk of projecting high inflation in the basket, which ultimately will
affect headline CPl going forward into the medium- and longer-term period. Going forward, policy
recommendations must seek to monitor components in the basket that drives inflation on the high end; in this
case, such approach should pay premium to risks, which may emanate on account of supply or demand side
threats. On this note, it is hereby recommended that resources are diverted to components within the basket
that poses the highest risks in the CPI basket. In addition, continuous research efforts should be devoted using
a range of econometric methodologies — incorporating VAR and FPAS in supporting policy makers’ decision
towards achieving single-digit inflation target. A repeat of the study to reflect changes in weights attached to
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components in the CPI basket will also be a motivation for future research, given the fact that economic agents’
taste, expectations and also activities in the domestic economy might change with time (as seen quite recently
in the Government’s free tuition fees and subsidy on school buses).
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Appendix 1: EVIEWS code: ARMA selection

'Code for selecting optimal lag lengths for ARMA models
smpl @all 'Set sample period
scalar n1=@obs(cpi) 'Number of observations of CPI data
scalar components = 13 'Number of CPI components, including aggregate index
scalar maxar = 11
scalar maxma = 11
‘Rename series
series cpi_1 = fnab
series cpi_2 = alctob
series cpi_3 = cf
series cpi_4 = housing
series cpi_5 = furn
series cpi_6 = health
series cpi_7 =trans
series cpi_8 = comm
series cpi_9 = reccult
series cpi_10 = educ
series cpi_11 = rest
series cpi_12 = misc
series cpi_13 = cpi
'Seasonally adjust data
for 1i = 1 to components
cpi_li.x12(mode=m) cpi_!i
next
'For each component produce ARMA(a,m) with varying orders
for 1i = 1 to components

for la =1 to maxar '12

for Im = 1 to maxma '12

smpl 2007m1 2007m1+nl1-1
equation arma_!i_!a_!m.Is d(cpi_!i_sa) c ar(1 to 'a) ma(1 to 'm)
next
next
next
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'Identify the ARMA for each component with the optimal AR and MA orders according to the Akaike Information Criterion. Change to
@schwarz or @hgq for Schwarz and Hannan-Quinn criteria.
for !i = 1 to components
Imininfocrit = 9999
for la=1to maxar '12

for 'm = 1 to maxma '12

if arma_li_!a_!m.@aic<!mininfocrit then

lbesta = la

lbestm = Im

Imininfocrit = arma_!i_!a_!m.@aic

endif

next

next

'Save the equation with the best order structure
smpl 2007m1 2007m1+nl1-1
equation arma_best_!i.Is d(cpi_!i) c ar(1 to !besta) ma(1 to !bestm)
smpl 2019m01 2019m09
arma_best_!i.forecast cpi_forecast_!i
next
'Show best ARMA models for selected components
forli=1to13
show arma_best_!i
next
show exp(cpi_forecast_13)/exp(cpi_forecast_13(-12))*100-100
show exp(cpi_forecast_12)/exp(cpi_forecast_12(-12))*100-100
show exp(cpi_forecast_11)/exp(cpi_forecast 11(-12))*100-100
show exp(cpi_forecast_10)/exp(cpi_forecast_10(-12))*100-100
show exp(cpi_forecast_9)/exp(cpi_forecast_9(-12))*100-100
show exp(cpi_forecast_8)/exp(cpi_forecast_8(-12))*100-100
show exp(cpi_forecast_7)/exp(cpi_forecast_7(-12))*100-100
show exp(cpi_forecast_6)/exp(cpi_forecast_6(-12))*100-100
show exp(cpi_forecast_5)/exp(cpi_forecast_5(-12))*100-100
show exp(cpi_forecast_4)/exp(cpi_forecast_4(-12))*100-100
show exp(cpi_forecast_3)/exp(cpi_forecast_3(-12))*100-100
show exp(cpi_forecast_2)/exp(cpi_forecast_2(-12))*100-100
show exp(cpi_forecast_1)/exp(cpi_forecast_1(-12))*100-100

Appendix 2. Output for Estimated Components

Estimation Output Fitted Residual Output
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Coefficient covariance computed using outer product of gradients
Varistle Cosfficient  Std. Emor  bStatisfic  Prob.
(o3 0.008207 0.002306 2600300 0.0106
AR(1) -0.g62112 4.635188 -0.185004 o.esay
AR(Z) 0.137882 1.322808 0.104234 0.0171
MA{1} 0.990200 0.001331 751.2613 0.0000
SIGMASQ 0.000148 1.65€-05 2.o71284 0.0000
R-squsred 0082374 Mesn dependent yar 0008180 .02 4
Adjusted R-squared 0085776 5.D. dependent yax 0.012748 - -
SE. of regression 0012388 Akaika info criterion 5.801855 0 | A A 1 .HM n } U\ N J ‘\/
Sum squared resid 0021182 Schwarz criterion -5.788059 : YY) AV Vv ij L
Log likelihood 426.2832  Hepnan-Quinn crifar. -5.840552 V U vv M V VVV\/V W \'MV\[\I WW VV V
F-statistic 2.007019  Durbin-Watson stat 2007371 -.02 : : : : : : : : : : :
Pop-stafistic} 0017740 07 08 09 10 11 12 13 14 15 16 17 18
Inverted AR Roots 14
Inverted MA Roots 23 ‘ —— Residual —— Actual —— Fitted ‘

CPI1_8 [Communication Model] CPI_8 [Communication]

Dependent Vanable: DCPI_S)
Method: ARMA Maximum Likelihood (BFGS)
Date: 03/08/15 Time: 16:31
Sample: Z00TMO2 2018M12
Included obsensations: 143
< atter so0 sons
Coefficient covariance computed using outer product of gradients
variable Coetficient Sta. Errer +Statistic
< 0005112 o oozsss PREE—
ARCTY -0.203540 0. 1635749 -1.244327
ARC2Y 0. 464991 0142082 3 272691
ARC3Y 0.550363 0. 159357 3.453658
M) 0.507237 19 07993 0026
BAAC2Y -0 477545 E.812459 -0 070114
MAC3) -0.788543 5006932 -0 157490
nLACA) -0.169501 2103889 -0.020916
na(S) olasasaz 123206 oz1s
MACE) 0.243643 S.441209 0 023564
PAALT Y -0.252440 6. 034088 -0 041836
PACS) -0.377724 3. 123355 -0_ 120935
MLACD) -0.075094 12 13249 -0 005189
B 10) o/s5a531 113 15003 o osooar
siIGMAasa 5.94E-05 0001154 0050164 A | I 1 | | NI N
Fsaumea T ET ey m——_— et A ALY O T N | NN P | O 1| AP VLAY i
justed R-squar ‘D depencent var .
of regression oloos145 nfo criterion N TV TMNN PVVIVW TV WA T YY1V
Sum squarea 0.008491 Schwsarz criterion 1 Y
Log likelihood 487 9920 -Cruinn crifer
Fostatist 3931992 Durbinvvatson stat 02
F_statistic) o oooo1a . e A A R e
Inverted AR Roots 93 - 57-.52i - 57+ 521 07 08 09 10 11 12 13 14 15 16 17 18
Inverted M Roots @031 S0 151 S0 em s0+.63i
raurs Cdslem sy ras o5 7
56+ 30 26300 ‘ —— Residual —— Actual —— Fitted ‘

CPI1_9 [Recreation and Culture Model] CPI1_9 [Recreation and Culture]

Dependent Varisble: D{CFI_D)
Method: ARMA Maximum Likelihood (EFGS)
Date: 03/11/18  Time: 09:42
Sample: 2007M0Z 2012012
Included observations: 143
Convergence schiewed sfier 154 iterations
Coefficient covariance computed using cuter product of gradients
Varisble Coefficient Std. Eror  -Stafistic Frob.
c 0.005571 0.002068 2.603300 0.0080
AR(1) 1.040153 0.050457 1740430 0.0000
AR(Z) 0.010828 0.119070 7.54075T 0.0000
AR(Z) -1.043734 0.182503  -B.422841 0.0000
AR(4) 0.085400 0.002882 20.56051 0.0000
MA{1) -0.080357 0.044027  -22.47180 0.0000
MA(Z) -0.080007 0.008824  -149.3120 0.0000
MA{Z) 0.000841 0.040820 24 48875 0.0000
SIGMASQ 3.52E-05 4.27E-08 2.253033 0.0000
R-squarad 0.186822 Mesan dependent yar 0.005068
Adjusted R-squared 0.138275  S.D. dependent yac 0.006805
SE. of regression 0008132  Akaike info oriterion 7241932
Sum squared resig 0.005038  Schwarz criterion -7.055450
';"fhg"l'f:l'_'""“d gzsﬁ‘ggf g"?ﬂ-ﬁa‘;’:“ﬁ“- ’3'333;33 -2+
- statistic urbin- n sta
EralbF-statistic] 0.00041T 07 08 09 10 11 12 13 14 15 16 17 18

Inverted AR Roots 88 B "
Inverted MA Roots == ‘ —— Residual —— Actual — Fitted ‘

CPI1_10 [Education Model] CPI1_10 [Education]
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Dependent Varisble: D{CPI_10)
Method: ARMA Maximum Likelihood (BFGS)
Date: 03/11/18  Time: 09:42
Sample: 2007M02 2018M12
Included observations: 143
Convergence achieved sfter 04 terations
Coefiicient covariance computed using cuter product of gradients
Variable Coefficient Std. Error t-Statistic Prob.
c 0004503 0.004022 1.125162 0.2825
AR[1) -0.028785 0.007295 -3.043243 0.0001
AR(Z) 0971238 0.2090098 4644038 0.0000 03 L-.01
MA{1) 0.088048 2.56E-05 3533838 0.0000 :
MA(2) -0.001638 0.000420 -2147.547 0.0000 02
SIGMASQ 5.82E-08 5.44E-08 1069306 0.0000 7 A A A
R-squared 0082475 Mean depandent yar 0.003988 .01 A“
At Do L5 O 1 A w0 AL
S E of regression 0007704 Aksike info criterion 6814228 B v 3
Sum squared pesid 0008322 Schwarz criferion -6.080013 /j\J ! \"”/J\J \J L/\J \//L,\/V w Wv\j v v' W lN L\/\/ lflU l’\/\
Log likefihood 402.2173 Hangan-Quinn ghter. -8.783712 -014 L} '
F-statistic 2.482051 Durbin-VWstson stat 1.840243
PrabiF-stetistic) 0035501 2L
Imverted AR Roots o7 07 18
Inverted MA Roots .80
‘ —— Residual —— Actual —— Fitted ‘
CPI_11 [Restaurant Moddel CPI_11 [Restaurant]
Dependent Variable: D{CPI_11)
Method: ARMA Maximum Likelihood (BFGS)
Date: 03/1119 Time: 09:42
Sample: 2007M02 2018M12
Imcluded observations: 143
Convergence achieved after 18 iterations
Coefficient covariance computed using outer product of gradients
Variable Coafficient Std. Error t-Statistic Prob.
(=3 0.008318 0.008238 1.009804 0.3143
AR(1) 0087237 0.032322 30.54304 0.0000
MA1) -0.821775 0.085302 -13.65808 0.0000
SIGMASQ T.T1EQS 8.93E-00 11.04308 0.0000
R-squared 0207388 Mean dependent yar 0007138
Adjusted R-sguared 0.180282 S.D. dependent yar 0008200 A
5 E. of regression 0.008000 Akaike info criterion -6.6880565 : T
S mgreen | 000D Akma nfo e 5 sea0es O 1 1 P =, o L A f\IV\/\
Leg likelihood 473.6802 Hannan-Quinn griter. -8.535278 . TW 1> VAR ZA7an
F-statistic 1212322 Durbin-VWatson stat 1.837780 r/\J ‘/JU v W W
Prok{F-ststistic) 0.000000 -.01 4 L
Inverted AR Roots g -.02 T T T T T T T T T T T
Imverted WM& Roots E:1-] 07 08 09 10 11 12 13 14 15 16 17 18
‘ —— Residual —— Actual —— Fitted ‘
CPI1_12 [Miscellaneous] CPI_12 [Miscellaneous]
o
Dependent Varisble: D{CPI_12)
Nicihod: ARMA Meaximum Likelirood (BFGS)
Date: 03/11/10  Time: 09:42
Sample: 2007M02 2018M12
Included observations: 143
‘Convergence achieved after 342 iterations
Coeficient covariance computed using Guter Product of graments
arisbi= Cosfisent  Sta Smor  towmustc  Prob
c co0o@s4  OoosESS 1712044 00881
AR 0850407 O2szuze 2574305 0.0010
AR(2) -0.554877 0.004430 -5.873081 0.0000
AR 1085388 0139283 7540085 0.0000
AR(4) -0.402361 0.176232 -2.283128 0.0240
AR(S) 0007Z31 0403477 DO0S98ES 08444
MAT) 4camst 4026733 -00100Z5 0G0
MA(2) 0.540811 01.66160 0.005208 0.0053
M) Scapss  zez7é0s  -0OUSTHS  0.GST0
SIGMASQ 3.TGE-05 0.000417 0.000202 0.0282
R-squared 0.362673 Mean dependent yac 0.006807
Adjusted R-squared 0.318545 5.D. dependent yar 0.007709 1 A 1
S E of regression 0006380  Aksiks info criterion -7.178098 n” A A '\ WA “ AA \ '\A ] l nh/\ A
= d resid 0.005378  Sch iteri -6.67108 .00 A A AR A
Lo lkinsed 5232058 Hiannan Guinn coties 7 0ese0s ANV I WU YN V\I V“IIWWVVVV g/ VYTV WY T
F-statistic 8.409325 Durbin-VWatson stat 1881955 !
Erab(F-statistic) 0.000000
—— - R I L
09 10 11 12 13 14 15 16
Inverted MA Roots o1
‘ —— Residual — Actual —— Fitted
CPI1_13 [Headline CPI] CPI1_13 [Headline CPI]
Inflation Model 05
Dependent Variable: D{CF1_13) r04
Method: ARMA Msaximum Likelihood (BFSS) 0
Dste: 03/11/18  Time 09:42 [
Sample: 200702 2018012
Included observstions: 143 r02
Convergence achieved after 20 iterstions
Coefficient covariance computed using cuter product of gradients 01
Wariabla Coefficient Std. Error t-Statistic Frob. 044 I-.00
c 0007416  0.003531  1.8935T80  0.0540 034 L.o1
AR 09751685 0045612 21.37622  0.0000
ML) -0.858110 ©0.07285645 -11.03791  0.0000 024
SIEMASTO 3.91E-05 3.38E-06 11.57971  0.0000 o [\
R-squarsd 0.154311 Mean dependent wsr  0.007114 ' i ” ” i ‘l\ f\ i Il\ Al {\\ /‘\«
Adjusted R-squared 0138058 S.D. dependentvar 0008825 .00 M - MWWWU,J\V ¥
S.E. of regrassion D.008344 Akaike info criterion  -7.250343 AR TSI 2k V W W
Sum squared nesid 0005554 Schwsrs criterion -7 1874685 7.01,
Leg likelihood 5223055 Hapnsn-Quinn crifer.  -7.215868
F-statistic 8.454308 Durbin-VWWstson stat 1.257351 02 e
ProkiF-statistic) 0000034 07 08 09 10 11 12 13 14 15 16 17 18
Imvarted AR Roots g8
Imverted MA Roots BT —— Residual —— Actual —— Fitted

Source: Empirical Analysis in EVIEWS.
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Appendix 4. Uncertainty / Fan Charts from CPI Disaggregated Forecast Outcomes
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Source: Estimation Outcome.
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