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Abstract

Inflation forecasts are a relevant input for monetary policy decision in central
banks, particularly for those operating under inflation targeting. Therefore,
central banks must continuously evaluate the forecasting accuracy of the mod-
els used to produce inflation forecasts. In this study, we present the results
of an exhaustive evaluation of historical forecast performance for the most
important models used to forecast inflation at Banco de Guatemala. We find
evidence supporting the claim that time series models perform better for short
time horizons while conditional DSGE models (both structural and semi-struc-
tural) do better in medium and long time horizons.
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1. INTRODUCTION

on inflation targeting (IT) in 2005. Because of the forward-

looking nature of thatregime, central bank authorities should
base their policy decisions on reliable inflation forecasts. In fact,
Bancode Guatemalaemploysan array of models toforecastinflation,
whichinclude OLS, ARIMA, structural and semi-structural DSGE type
of models, as well as forecast combinations of all, or some of these
approaches. Since each of these models provides different informa-
tion about the future path of inflation, arigorous evaluation of their
performanceisrequiredin ordertodetermine theirreliability, so that
the centralbanksstaff could give more weight to more reliable models,
and improve the less reliable ones or get rid of them.

This document presentsthe results ofathorough evaluation of the
most frequentlyused models by Banco de Guatemalato forecastin-
flation. Our evaluation is divided according to the type of model
employed to produce aforecast. First, we evaluate models that pro-
duce unconditional forecasts, based on four different approach-
es: 1) forecasting accuracy and bias; 2) ability to predict a change
oftrend; 3) prediction similarity; and 4) forecast efficiency. Second,
we assess the performance of models that produce conditional fore-
casts, by generating in-sample projections for different scenarios
of exogenousand endogenousvariables. Our main findingsindicate
thattime seriesmodels perform better for shorttime horizons, while
the DSGE models are more efficient forecasting longer time horizons.

The remaining of this document is organized as follows. Section
2 presents a description of all unconditional and conditional mod-
elsemployed by Banco de Guatemala to generate inflation forecasts.
Section 3 describes the data and methodology employed for evalua-
tion purposes. Section 4 shows the results obtained. Finally, Section
5 concludes.

B anco de Guatemalaadopted amonetary policyframework based

2. FORECASTING EVALUATION AT THE
CENTRAL BANK OF GUATEMALA

The prediction of theinflationrateisveryimportantinthe case ofan
inflation targeting regime, because it allows the central bank to take
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the monetary policy actions to keep inflation on target and keep
the credibility of the regime. Therefore, Banco de Guatemala uses
an array of models to forecast the inflation rate. The main forecast
modelsare divided between those that produce unconditional fore-
casts and those producing conditional forecasts.

2.1 Unconditional-forecasts Models

In this section, we describe the main models used in this paper
toevaluate unconditionalinflation forecasts. We start by explaining
the three main models used to explain the inflation rate. The first
oneistheindicatorvariable (IV), which is the inflation forecast em-
ployed at Banco de Guatemalaasthe main short-term forecastin the
conduction of its monetary policy, and it is estimated by the De-
partment of Macroeconomic Analysis and Forecasts. The forecast
isbased onasetof time series models plus the expert knowledge that
the economicanalysts have aboutthe inflation series. In particular,
they complement the inflation forecasts generated by the models
with considerations about trend, seasonality, and temporaryshocks,
inaddition tothe overall domesticand foreign economic conditions.
Thesecond oneistheforecast combinationthroughindividual time-
varying efficient weights (EFP). Thismodelis based on assessing past
forecast performance efficiencyat each of eight quartersahead, ac-
cordingto analgorithm called the efficient forecast path (EFP), de-
scribed in Castilloy Ortiz (2017). The model is explained in detail
inAnnex 3, whichis delivered upon request. The third oneisthe av-
erage macroeconomic models (AMM), used by the Economic Re-
search Department (DIE'). The DIE uses two macroeconomic models
to make forecasts: the semi-structural macroeconomic model 4.0.1
(MMS) and the macroeconomic structural model (MME).

Furthermore, we evaluate inflation expectations with two mea-
suresavailable at Banco de Guatemala. Both are measured monthly.
Thefirstoneisfrom an Economic ExpertPanel (EEP). Banco de Gua-
temalasurveysanindependent panel of expertsfromthe private sec-
tor everymonth on economics, finance, and business in Guatemala.
The objective of the surveyis toassess their perception of the future
trend of inflation, economic activity, and public confidence in the
economy. The second one is from the DIE, which also carries out an
inflation expectations survey among its staff.
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2.2. Conditional-forecasts Models

In this section, we evaluate the performance of three conditional
modelsto predicttheinflationrate. The first modelisthe MMS4.0.1
whichisareduced form model, characterized byadifference-equa-
tions system, representing the transmission mechanisms of mone-
tarypolicyfor quarterlydata. The current version (MMS 4.0.1) is part
ofthe set of non-microfunded general equilibrium macroeconomic
modelsused at Banco de Guatemalathat have evolved from the first
version launched in 2006. It was built on the basis proposed by Berg,
etal. (2006aand 2006b), who provided a practical guide to non-micro
funded DSGE models and their implementations for central banks.
Inthisregard, the MMS 4.0.1 is a semi-structural model (non-micro
funded) forasmall, open economy, where monetaryauthorities op-
erate policywithinaninflation-targeting frameworkand implement
monetary policy through a Taylor-typerule. All variablesin the model
aresspecified inannual growthrates. The MMS4.0.1 has 40 equations
(and 40 variables), of which 28 (70%) are endogenous and 12 (30%)
are exogenousvariables. The model delivers forecasts for both core
inflationand headlineinflation, and itis currently used for produc-
inginflation and monetary policy interest rate forecasts thatare in-
puts for Banco de Guatemala’s monetary policymaking process.
Thosevariables that display high volatility are transformed through
amoving sum (or average) scheme in order to reduce that volatility
and avoid possible outliers. At that respect, we get smoothed series.

The second model is a macroeconomic model of inflation fore-
cast for Guatemala (PIGU). Itisalsoasemi-structural macroeconom-
ic model, very similar to the MMS 4.0.1. Variables in PIGU are also
expressed as annual rates of change. There are three main differ-
ences between PIGU and MMS 4.0.1: the set of exogenous variables,
the exogenous variables’ volatility, and the type of inflation. First,
the set of exogenous variables: Even though some exogenous vari-
ables are common to both models, others are not. For example,
foreign inflation in MMS 4.0.1 is the US core-PCE inflation, while
in PIGU is US Headline CPI inflation. Second, the exogenous vari-
ables’ volatility: manyMMS 4.0.1’s exogenousvariables are smoothed
(four-quarter averages), while PIGU uses quarterly variables. Final-
ly, the type of inflation: MMS 4.0.1 forecasts both core and headline
inflation, while PIGU forecasts headline inflation only. The model
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is currently available to all the central bank’s staff, through a cus-
tom-made interface.

The third modelis the macroeconomic structural model (MME),
which is a medium scale DSGE model, built within the new-Keynes-
ian framework. It features a financial accelerator a la Bernanke,
Gertler and Gilchrist (1999) and other frictions relevant for emerg-
ing or developing economies, such asdeviations from the law of one
price and the UIP. Itisamodel of heterogeneousagents; households
supply labor services to entrepreneurs. They consume domestic
and foreign goods, constitute deposits in domestic currency, take
foreign debtand collect remittancesfrom abroad. Firms, operating
inaperfectly competitive market, assemble differentiated varieties
to produce the home (or domestic) homogeneous final good. There
areother firms producingtheintermediate good, operatinginamo-
nopolistic competitive market; they buy a homogeneous wholesale
good from entrepreneurs to differentiate it and produce a particu-
larvariety. When these firms decide to change their prices, they face
adjustment costs, ala Rotenberg (1982), introducing nominal price
rigiditiesinto the model. Entrepreneursuse three inputs to produce
thewholesale good: capital, labor, and imported raw materials. They
buy capital from capital producing firms using their own wealth
and loans granted by banks since they are not able to self-finance
their entire capital purchases. The financial sector is comprised
of private banks divided into two activities: narrow banks that carry
out passive operations gathering deposits from households and retail
banks using those deposits to grant loans to entrepreneurs. There
isalso acentral bank setting the short-term interest rate-the policy
rate—according to a Taylor-type rule and a central government car-
rying out unproductive spending.

3. DATA AND FORECAST EVALUATION
METHODOLOGY

In this section, we describe the data and explain the methodology
choseninorderto examine the forecastingaccuracyof both the un-
conditionaland conditional models. In the case of the forecast evalu-
ation of unconditional models, the statistical tests are notincluded
in this paper; however, they can deliver uponrequest (see Annex 3).
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3.1 Data

First, we begin describing the dataset used for the unconditional
models. First, we use quarterly data to evaluate the forecasting ac-
curacy of the unconditional models. Each quarter, the IV and the
AMM model forecast inflation for the next eight quarters, starting
at 2011Q1 and finishing at 2017Q2. The EFP model starts forecast-
ing inflation every quarter for the next eight quarters only from
2014Q2 to 2017Q2. Then, we classify the forecasts of each quan-
titative model into different time-horizons (one, two, three, four,
and eight quarter)toevaluate the forecasting performance of each
time horizon, in order to find which model is best to forecast the in-
flation patternsin every one of them. The evaluation sampleisrath-
ershort, especiallyinthe case of the EFP’s forecasts, for which there
are only 13 quarters. Also, we evaluate how well the quantitative
models predict the inflation rate in December the current and the
nextyear.Second, we use the monthly data oninflation expectations
from both an economic experts’ panel (EEP) and the DIE to exam-
ine the accuracy of the inflation expectations in prediction the in-
flation of December over a one and two-year horizon. The sample
of forecasting errorsis from 2015M07 to 2017M06 in the case of the
one-year horizon and from 2016M07 to 2017M06 in the case of two-
year horizon predictions.

Second, we describe the datausedinthe case ofthe conditional mod-
els. For each of the three evaluated models, we generate quarterly
headline inflation forecasts with a sample from 2011Q1 to 2017Q2.?
In addition, we consider five forecasting horizons: One quarter,
two quarters, four quarters, six quarters, and eight quarters.

3.2. Forecast Evaluation Methodology

First,we explain the methodologyto evaluate the forecastingaccura-
cyoftheunconditional models. We evaluate the key properties of the
forecastingerrors;i.e., we perform precision, accuracy, directional

2 Afirst evaluation was conducted considering a wider sample (2006Q1-

2017Q2), but results from this exercise were not as expected, in par-
ticular for headline inflation forecasts. This could be due to some
periods of high volatility in headline inflation. For example, inflation
went from 14.16% in the third quarter of 2008 towards a negative value
(-0.73%) one year later (in August 2009). Therefore, in order to get
robust results, we began our evaluation from 2011Q1.
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change, and efficiencytests to evaluate which modelis best to predict
the future path ofinflation. We start examining the residuals distri-
bution of the forecast, checking for normality and skewness. Then,
we compare the root mean square error (RMSE) values to find which
model predictstheinflationrate best. After that, we use the Diebold-
Mariano (DM) test to examine ifthe difference between the MSE of the
two competing models is statistically significant at least at the 10%
level. Also, we use the Giacomini-Rossi fluctuation (GR) test to ex-
amine the forecastingaccuracybetween the two competing models
over forecasting horizons with rolling windows of four. With this
test, we examine if the forecasts of one model are better than an-
other in every rolling window or if there is a change (fluctuation)
in the accuracy. In addition, we use the Pesaran-Timmerman (PT)
testtodetermineiftheforecasts of the models can correctly predict
the directional change of inflation. Finally, we test the efficiency
of the forecasts by calculating the weak and strong efficiency tests.
Second, we explain the methodologyto evaluate the performance
of the conditional models to predict the inflation rate. The quality
of any variable’s conditional forecasts depends on two elements:
The performance of the forecasting model (as such) and the qual-
ity of the forecasting model’s inputs on which the forecasts are con-
ditioned (e.g., the quality of the exogenous variables’ forecasts).
We evaluate the forecasting model’s performance by generating
in-sample forecasts in hindsight for different scenarios for the ex-
ogenousvariablesand for some endogenousvariablesaswell. Some
of these scenarios involve historically observed values for the exog-
enous and some endogenous variables, to evaluate forecasts as if
we had the best possible forecast for these variables and thus, elimi-
nate one source of error. In the case of the semi-structural models
(MMS and PIGU), we plug, for each forecasted period, the historically
observed values of exogenousand some endogenousvariables. Inthe
case of the structural model (MME), exogenous variables are repre-
sented by stochastic processes, typically of autoregressive nature.
Therefore, alternative scenarios are only conditioned by historically
observed values of two endogenous variables: inflation and output.
First, the MMS4.0.1 considersthescenarios: free,anchor 1, anchor
2,and anchor 3. Inthe free scenario, the exogenousvariables’ fore-
castsare generated bythe model’slaws of motion and all endogenous’
forecastsare generated bythe model. Intheanchor 1 scenario, the ex-
ogenous variables’ forecasts are generated by the corresponding
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historically observed data, and some endogenous variables’ fore-
casts generated by the corresponding historically observed data:
monetaryaggregates and economic output. The anchor 2 scenario
considers that the inflation forecast for the first quarter in the fore-
casting horizon is anchored by the corresponding historically ob-
served data, besides the characteristics of the anchor 1 scenario.
The last scenario (anchor 3) considers that the monetary policyin-
terest rate is anchored by the corresponding historically observed
data, as well as the characteristics of the anchor 2 scenario.

Second, PIGU considers the scenarios: free, anchor 1, anchor 2,
and anchor 3. The free scenario contains the same characteristics
than in the case of the MMS 4.0.1. In the anchor 1 scenario, the ex-
ogenous variables’ forecasts are generated by the corresponding
historically observed data, and all endogenous variables’ forecasts
are generated bythe model.Intheanchor 2scenario, the exogenous
variables’ forecastsare generated by the corresponding historically
observed data, theinflation forecasts for the first two quartersin the
forecasting horizon are anchored by the corresponding historically
observed data, while all other endogenous forecasts are generated
bythe model.Intheanchor 3scenario, the exogenousvariables’ fore-
castsare generated bythe corresponding historically observed data,
theinflation forecastsfor the firsttwo quartersin the forecasting ho-
rizon are anchored by the corresponding historically observed data,
and all other endogenous variables’ forecasts are anchored by the
corresponding historically observed data.

Third, the MME considers two scenarios: freeand anchor 1. Inthe
freescenario, the exogenousvariablesforecastsare generated by the
model’slaw of motion. Intheanchor 1 scenario, the exogenous vari-
ables are generated by the model’s laws of motion; and the inflation
and output forecasts for the first quarterin the forecasting horizon
are anchored by the corresponding historically observed data.”

For each model’s horizon-scenario combination, we compute
the mean error and the root mean squared error. The quantitative
results allow us to compare the models’ forecasting performances
(provided that they are fed with the best possible inputs; i.e., they

Anchored values of inflation are slightly different from the correspond-
ing observed values because the inflation series generated by the model
has a quarterly frequency; hence, its annualized inflation rate is the
sum of four quarterly values rather than a 12-month variation rate.
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are fed with historically observed data for the relevant variables)
and toassess theinformative contribution of exogenous and endog-
enous variables for forecasting headline inflation.

4. RESULTS

In this section, we present the main results of the forecasting accu-
racy of both the unconditional and the conditional models. Most
of the tables and figures are presented in Annex 5, which do not ap-
pearin this paper. However, they are delivered upon request.

4.1. Unconditional Forecast Evaluation

We compare the forecasting performance to predict the inflation
patternsbetweenthe AMM, theV,and the EFP model. Also, we evalu-
ate theforecasting performance oftheinflation expectations gener-
ated byboth the EEP and the DIE. First, we compare the performance
of the forecasts of the models to predict inflation one, two, three,
four, and eight quarters ahead. Second, we analyze the accuracy
of the forecasts to predict the inflation rate in December in either
the current or the followingyear. The Decemberinflation forecastisa
monetary policy indicator variable at Banco de Guatemala; hence,
its evaluation is veryimportant.

4.1.1. Skewness and Normality

We start by evaluating the key properties of the forecasting error
distribution: normality and bias. To examine normality, we use
the JB test developed by Jarque and Bera (1980). The tables are in-
cluded in Annex 5, which is delivered upon request. First, we eval-
uate the properties of the forecasts through different forecasting
horizons. The forecast errors of the three models follow a normal
distribution according to the Jarque-Bera test, at the conventional
levels of significance. Also, the IV’s forecast shows a negative skew-
ness while the AMM’s and EFP’s forecasts show a positive skewness.
However, the skewness is low in all cases. Also, the forecast errors
of the inflation expectation predictions (both the EEP and the DIE)
also follow a normal distribution. There is a positive bias in the in-
flation expectations predictions in the case of the DIE in both one-
and the two-year horizons.
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Second, we evaluate the properties of the forecastsin the case of De-
cember evaluation. The forecast errors of the three models also follow
anormal distribution in all forecasting horizons. In addition, there
is a positive bias in the EFP’s forecast in the first three quarters while
there is no skewness in the remaining ones. IV’s and AMM’s forecasts
both tend to have a negative bias.

4.1.2. RMSE and MPE

We compute the RMSE and MPE to determine which forecasting model
performs best, in the case of both the quantitative and the inflation
expectations. The tables are included in Annex 5, which is delivered
uponrequest. Inthe case of the quantitative models, the forecasts of the
IVmodelarebetterinthe shortrun-oneand two quarters-based onthe
RMSE. In the middle run, the forecasts of the AMM model are more ac-
curate. However, in the long run-eight quarters—, the forecasts of the
EFP model outperform the others. Also, we also analyze the inflation
expectations predictions. Based on the RMSE, the EEP’s inflation ex-
pectations are more accurate than those of the DIE’s in both the one-
and two-years horizons

Second, we proceed toanalyze the forecastingaccuracy ofthe quan-
titative modelsin theirability to predict the inflation rate in December
forthe currentand the followingyear, based on the RMSE. We observe
that the forecasts of the AMM model are better than the others in the
first five forecasting horizons, while the IV’s forecasts are best for the
last three horizons.

4.1.3. Diebold-Mariano Test

First, we use the DM test developed by Diebold and Mariano (1999)
to compare the predictive accuracy between two competing models,
of both the quantitative and the inflation expectations predictions.
Thenullhypothesisisthat the two models have equal accuracy. The re-
sultsof the DM testin the case of the quantitative modelsare presented
inTable 1 (the p-values of the testare shown in parenthesis). In Column
2,itis shown the test between the AMM and the IV model. Onlyin the
case of four-and eight-quarter forward forecasting horizons, the DM-
statistic is negative and statistically significant at 5% level; therefore,
we reject the null hypothesis, and conclude that the forecasting accu-
racyoftheAMM modelisbestforboththeintermediate and longtime
horizons. Then, the DM-statist between the EFP and the IVmodelis pre-
sented in Column 3. The statisticis positive and statistically significant
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at5% levelinallforecasting horizons, whichmeans thatall MSE of the
IVmodel are lower than those of the EFP model; therefore, the fore-
casting accuracy of the IVmodel is best to predict inflation.

After that, the DM-statistic between the EFP and the AMM mod-
elis presented in Column 4. The statistic is only positive and sta-
tistically significant for the one-, two-, and three-quarter forward
forecasting horizons. This means that for those horizons, the MSE
of the AMM model are lower than those of the EFP model; therefore,
the AMM’s forecasts are best to predict inflation in the short run.
Also, we evaluate the predictive performance of the inflation expec-
tations of both the EEP and the DIE. The DM-statistic is only statisti-
callysignificant for the two-year horizon with asample of 12 months.
This means that the MSE of the EEP is lower than the MSE of the DIE.
Thus, we conclude that the inflation expectation predictions of the
EEP are more accurate than those of the DIE, only on this horizon.

Second, we compare the forecastingaccuracy of the quantitative
models to predict the Decemberinflation rate, from different hori-
zons. Theresults of the DM test are presented in Table 2. In Column
2,itisshownthetestbetweenthe AMM and the IVvmodel. The DM-sta-
tistics are negative and statistically significant starting from three-
quarter forward forecasting horizon, so the MSE of the AMM model
are lower than those of the IVmodel. Therefore, the forecasts of the
AMM model are best to predict inflation.

DM TEST, QUANTITATIVE MODELS

Forecasting
horizons in dm statistic dm Statistic dm statistic
quanrters (AMM-1V) (EFP1V) (EFP-AMM)
1 1.44 (0.15) 1.71 (0.087) 1.65 (0.09)
2 1.30 (0.19) 1.97 (0.049) 2.03 (0.04)
3 0.21 (0.84) 1.79 (0.074) 1.70 (0.09)
4 -2.95 (0.00) 1.76 (0.079) 1.61 (0.11)
8 -3.35 (0.02) 2.91 (0.004) -0.87 (0.38)

Sources: author’s elaboration, central bank’s forecasts.
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DM TEST, QUANTITATIVE MODELS

Forecasting dm statistic dm statistic dm statistic
horizons in quarters (AMM-IV) (EFP1V) (EFP-AMM)

1 1.44 (0.15) 2.10(0.036) 1.65 (0.10)

2 -0.95 (0.34) 2.70 (0.007) 2.55(0.01)

3 -4.60 (0.00) 2.62(0.009) 2.58(0.00)

4 -2.33(0.01) 4.75 (0.000) 7.32(0.00)

5 -3.20(0.00) 2.09(0.036) 3.16 (0.00)

6 -2.93 (0.00) -5.61(0.000)  -22.50(0.00)

7 -2.98 (0.00) -62.39(0.000) 2.58 (0.01)

8 -1.95 (0.05) = =

Sources: author’s elaboration, central bank’s forecasts.

Then, the DM-statistic between the EFP and the IV model is pre-
sented in Column 3. The statistic is statistically significant in all
forecasting horizons, which means that the MSEs of the IV model
are lower than those of the EFP model. Hence, we reject the null hy-
pothesis of equal accuracy. Also, the statistic is positive for the one-
to five-quarter horizons, which means that the MSEs of the IVmodel
arelower than those of the EFP. Hence, the IVmodelis more accurate
inits prediction of Decemberinflationrate in the shortand interme-
diate time horizons. Onthe other hand, the statisticisnegative from
six to seven quarters ahead; therefore, the EFP model is best in the
longrunto predicttheinflationrate. After that, the DM-statistic be-
tween the EFP and the AMM model is presented in Column 4. This
is statistically significant in all forecasting horizons, which means
that we reject the null hypothesis of equal accuracy. Also, in almost
allforecasting horizons, the MSEs of the AMM model are lower than
those of the EFP model. Therefore, the AMM modelisbestto predict
inflation rate in December.
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4.1.4. Pesaran-Timmerman Test

We use the PT test developed by Pesaran and Timmerman (1992)
toevaluate the directional forecasting of both the quantitative models
and theinflation expectations predictions. The critical valuestoreject
the null hypothesis ofindependence are + 1.645 for 10% level of signif-
icance. First, we examine the directional forecasting accuracyin the
caseoftheIvmodel (see Annex 1, Table A.1.1). The §, statisticis only
higherthanits critical valuein the case of one-, two-and three-quarter
horizons, sowe canrejectthe nullhypothesis ofindependence and con-
clude that the forecasts of theIVvmodel can predict successfully the di-
rection of inflation in the short run. Now, we evaluate the directional
accuracyinthe case ofthe AMM model (see Column 3). We observe that
the §, statisticis higher than its critical value onlyin the case of one-
and two-quarter horizons, so we can reject the null hypothesis of in-
dependence only forthose two horizonsand conclude thatthe model
cansuccessfully predictthe direction of theinflationin the shortrun.
We proceed to analyze the directional accuracy of the forecastin the
case of the EFP mode (see Column 4). The S, statistic is higher than
the critical value only in the case of one-quarter horizon; therefore,
we can only reject the null hypothesis of independence for this hori-
zon and conclude that the forecast of the EFP model can predict suc-
cessfully the direction of the inflation in the case of that particular
horizon. Also, we analyze the directional forecasting accuracy of the
inflation expectations predictions of both the EEP and the DIE. We re-
jectthenull hypothesis ofindependence onlyin the case of the EEP’s
forecasts in the case of a two-year horizon. Hence, we can conclude
that the panel can predict successfully the direction of inflation.

Second, we examine the directional forecasting accuracy of the
inflation rate for December (see Table Annex 2, A.2, which is deliv-
ered uponrequest) only for the case of the Ivand AMM models, since
we do not have enough dataforthe case of the EFP model. We start with
the Ivmodel (see the first column). We can reject the null hypothesis
ofindependence in the case of one-, three-, four-, five-, and six-quar-
ter horizons, so the model can predict successfully the directional
change ofinflationinthe shortand middle run. Then, evaluate the per-
formance of the AMM model (see the second column). We can reject
the null hypothesis of independence in the case of one-, two-, three-,
six-, seven-, and eight-quarter horizons, which implies that the model
can predict successfully the directional change of inflation in both
the shortand the long run.
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4.1.5. Giacomini-Rossi Fluctuation Test

We use the Giacominiand Rossi fluctuation test developed by Giaco-
miniand Rossi (2010) to examine the performance of two competing
models in the presence of possible instabilities. We use the IV model
asthebenchmark modelinthe case of the quantitative model, and the
inflation expectations’ predictions of the EEP in the case of expecta-
tions’ forecasts. The test is only used in some of the forecasting hori-
zons due to data availability. We set the rolling windows equal to four
quarterstomake theforecastinganalysis. Also, we use graphical anal-
ysis to examine the performance of the forecasts of the two compet-
ing models in the different rolling windows to see whether there isa
fluctuation in the forecasting accuracy. Thisis available in Annex 4,
which is delivered upon request.

First, we start with the forecastingaccuracy evaluation of the quan-
titative models (see Annex 1, Table A1.3). We define the loss function
between the AMM and the IV model in Equation 1. If the loss func-
tion turns out to be negative, we conclude that the forecasts of the
AMM model are more accurate than those of the IV model. On the
other hand, if the loss function turns out to be positive, the forecasts
of the IV model are better at predicting inflation than those of the
AMM model. We observe that we reject the null hypothesis of equal
forecastingaccuracy over everyforecasting horizon since the GR-sta-
tisticis higher than its critical value (see Table A1.3, Column 2). This
means that one model displays better predictive ability to forecastin-
flation in at least one period of time. Also, the graphical analysis re-
veals that the forecasts of the IV model are more accurate than those
ofthe AMM one step ahead. However, it seems that the forecasts of the
AMM model predict better the inflation patterns in four- and eight-
quarter horizons.

n Lz (éj—/z,RJ;j—h,R ) = MSEA;mu - MSEw,z

Then, we comparethe forecastingaccuracybetween the EFPand the
IV model with the use of the GR test (see Column 3). The loss func-
tion between the two models is defined by Equation 2. In this case,
the null hypothesis of equal accuracyisrejected in every forecasting
horizon since the GR-statistic is higher than the critical value. This
meansthat, atleastin one period, one model generates more accurate
forecasts of inflation. The graphical analysis shows that the forecasts
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oftheIvmodelare more accurateinalmostall the evaluation sample
in each forecasting horizon. Therefore, the forecasts of the IVmodel
seem to be more accurate than the EFP modelin all forecasting hori-
zons (see Annex 5, delivered upon request).

E L, (éj—h,R jfh,R ) = MSEEFP,: - MSEIVJ

Second, weuse the GRtestto examine the performance of theinfla-
tion expectations predictions from the DIE and the EEP. We consider
the EEP dataasabenchmarkmodel. ThelossfunctionissetupinEqua-
tion 3. The graphical analysis shows that there is a fluctuation of the
forecasting accuracy of the inflation expectations between the two
modelsinthe case of one-year horizon. However, the inflation expecta-
tions of the EEE predict better the inflation patternsin the case of the
two-year horizon (see Annex 4, delivered upon request).

L,(6

j—h,R ’};j—h,R) =MSE,, ~ MSEDIE,[

4.1.6. Weak Efficiency Test

We examine the efficiency of the unconditional forecasts of both
the quantitative and the qualitative models with avariant of the weak
efficiencytestdeveloped by Mincerand Zarnowitz (1969). First, we start
with the quantitative models (see Annex 1, Table Al1.4). From the sec-
ond column, we observe that AMMs forecasts satisfy the weak efficiency
hypothesis onlyin the case of one quarter ahead. From the third col-
umn, we analyze the weak efficiency of the IV forecasts (see the third
column) We observe that forecasts of the model satisfy the weak ef-
ficiency only in the case of one and two forecasting horizons. From
the fourth column, we evaluate the weak efficiency of the EFP fore-
casts (see the fourth column). We observe that the forecasts of the
model satisfy the weak efficiency in almost all forecasting horizons
with the exception of four quarters ahead. In sum, the forecast of the
EFP is more efficient than those of the other models based on the re-
sults of the weak efficiency test. Also, the forecast of the AMM and
the IV are weakly efficient in the short run. In addition, the inflation
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expectations predictions of both the EEP and the DIE model do not
satisfy de weak efficiency test at 5% level in all forecasting horizons.

Second, we test for the weak efficiency only in the case of the
AMM and the IVmodels, in the prediction of the inflation rate of De-
cember, because of data availability (see Annex 5, which is delivered
upon request). In the case of the AMM’s forecasts, we cannot reject
the null hypothesis of weak efficiency onlyin the case oftwoand three
quartersahead. Also, the forecasts of the IVmodel satisfy the weak ef-
ficiencytestsin five out of eight forecasting horizons. In sum, the fore-
casts of the IVmodel are more efficient than those of the AMM model
in evaluating the December predictability of inflation.

4.1.7. Strong Efficiency Test

We performthestrong efficiencytest for the two econometric models:
IVand EFP. The null hypothesis establishes that anewvariable (which
isnotincluded inthe econometric models) does not explain the fore-
casting error. Therefore, the rejection of the null hypothesis means
thatthe errorsarestrongly efficient. Otherwise, if the null hypothesis
isnotrejected, then the inclusion of anew variable can add informa-
tion to improve the forecasts. We consider five variables in logs of the
structural model of the Banco de Guatemala to make the test: con-
sumption, index of raw materials, investment, government spend-
ing, and credit.

First, westart with theIVmodel; thetestsare shownin Annex 5, Ta-
ble A5.7, whichisdelivered uponrequest. Inthe second column, we list
the coefficient of consumption. We cannot reject the null hypothe-
sis at the 5% level of significance in the case of one and two quarters
ahead. Therefore, the forecasts are strongly efficient for those hori-
zons. However, for three to eight quarters ahead, consumption does
explain the forecasting error, which means that theyare not strongly
efficient for these horizons. Similarly, in the third column, the null
hypothesis is not rejected at the 5% significance level. Therefore,
the forecasts are strongly efficient in those horizons. However, from
three to eight quartersahead, theinclusion of the raw materialindex
canimprove the forecasts, which mean that theyare not strongly effi-
cient. Then, in the fourth column, we observe that the null hypothe-
sisisnotrejected in one, two and three quartersahead, which means
that the forecasts are strongly efficient in those horizons. However,
from four to eight quarters ahead, investment explains the forecast-
ing errors, therefore; the forecasts are not strongly efficient. After
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that, in the fifth column, we observe that the null hypothesis is not
rejected inall forecasting horizons, which means that the forecasts
are strongly efficient, and the inclusion of government spending
will notimprove them. Finally, in the sixth column, we observe that
theforecastsare strongly efficientfrom one to three quartersahead.
However, from four to eight quarters ahead, the inclusion of credit
can improve the forecasts, which implies that they are not strongly
efficientin those horizons.

We continue with the EFP model; the tests are shown in Annex 5,
Table A5.8, which is delivered upon request. We observe that we re-
jectthenull hypothesisfor one-quarter predictions for the five vari-
ables, which means that the forecasts of the Ivmodel are not strongly
efficientand the inclusion of the consumption, raw materialindex,
investment, governmentspending, and credit can improve the fore-
castsfor thisforecasting horizon. However, the forecastsare strongly
efficientin the case of the remaining forecasting horizons for the five
variables, because we cannot reject the null hypothesis.

Second, we perform the strong efficiency tests in the case of the
evaluation of December, onlyfor the Ivmodel due to dataavailability
(see Annex 5, Table A5.9). We observe that we cannot reject the null
hypothesis for all forecasting horizons in the case of the raw mate-
rial index, investment, government spending, and credit, at the
5% level of significance, which means that the forecast are strong-
ly efficient. However, in the case of consumption, we cannot reject
the null hypothesis in all forecasting horizons except for the three
quarters ahead, which means that the forecast is strongly efficient
for most horizons.

4.2 Conditional Forecast Evaluation

We make aheadline inflation forecasting exercise in hindsightfor the
three models. Also, we consider four scenarios for both the MMS 4.01.1
and PIGU and two scenariosfor MME. The forecasting horizon begins
on 2011Q)1. First, we show the inflation patterns and the forecasts
of each model (see Annex 5, Figures A5.1, A5.2, and A5.3, which
are delivered upon request). Second, we calculate the ME and the
RMSE (see Annex 1, Tables A1.6, A1.7y A1.8).

In the case of the MMS 4.0.1, the model generates core inflation
forecasts, and therefore headline inflation is constructed based
onthose projections. This explains that, in the case ofanchor 2and
anchor 3, we have values different from zero in 1 and 2 quarters
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ahead for the ME and RMSE (see Annex 1, Table A1.6). PIGU model
minimizes the RMSE in the fourth scenario (anchoring exogenous
variables, all other endogenous variables and two quarters of infla-
tion) for all forecasting horizons (see Annex 1, Table A1.7). In this
case, the model’s forecasts are negatively biased for all relevant ho-
rizons (the first two horizonsare triviallyunbiased since the histori-
callyobserved inflationvaluesareimposed asthe model’s forecasts).
In order to compare the two models’ forecasting performances,
we pickthe bestscenario for each model. In particular, we compare
the MMS4.0.1’s performanceinthethird scenariowith the PIGU’s per-
formancein the fourth scenario. We focus on thelast three forecast-
ing horizons since PIGU’s RMSE for the first two horizons is trivially
equalto zero. Theresults showthat PIGU’s RMSE for the three relevant
horizons are less than the corresponding values for MMS 4.0.1 and,
hence, PIGU is preferred in this evaluation exercise, even though
itsforecaststend tounderestimate inflation (i.e., itsforecastsare neg-
atively biased). See Table 3.

Forthe MME, the ME suggests thatthereisa positive inflation bias
(see Annex 1, Table A1.8). Results also suggest that forecasts gener-
ated by the model can benefit from anchoring inflation and output
one quarter ahead since doingsoreducesthe RMSE (orits meanacross
differentforecasting horizons). Thisimprovementwill require that
better short-term projections (from outside the model) are available.

COMPARISON OF THE BEST SCENARIOS BETWEEN MMS 4.0.1 AND PIGU

Forecasting mms 4.0. 1, PIGU, anchoring exogenous and endogenous
horizons in years anchor 2 variables, plus two periods of inflation
4 1.37 0.61
6 1.36 0.62
8 1.57 0.65

Source: author’s elaboration, central bank’s forecasts.
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5. CONCLUSIONS

In this paper, we evaluated Banco de Guatemala’s most important
modelsused to forecastinflation. Forecastaccuracyfor uncondition-
al models (i.e., IV, AMM, and forecast combinations of OLS and time
series models) was evaluated for end of the year forecasts, and for
atwo-year forecasthorizon, usingavariety of measurementsand tests
(i.e., normality, RMSE, DM, PT, GR, and weak and strong efficiency
tests). Inthe case of a conditional forecast, we evaluated the forecast-
ing accuracy of three models: MMS 4.0.1, PIGU, and MME.

We found empirical evidence supportingahigher degree ofaccu-
racyfortimeseries models for the short forecast-horizons, and better
performance for models generating conditional-forecasts in lon-
ger forecast-horizons. The main purpose of this study was to assess
theaccuracyand precision of the maininflation forecasts generated
atBancode Guatemala. The nextstepisto take advantage of the ob-
tained results in order to improve the quality of the inflation fore-
casting models in use at the central bank. In particular, we should
continuously reevaluate model specifications, the quality of the
datasets, and the variable-transformation procedures. In addition,
we should perform a complete evaluation of the inflation forecasts
atleast once ayear, as some central banks already do.

ANNEX

Annex 1. Tables of the Unconditional Forecast Evaluation

PT TEST, QUANTITATIVE MODELS

Forecasting
horizons in quarters S, statistic (IV) S, Statistic (AMM) S, statistic (EFP)
1 4.28 3.98 2.41
2 3.77 2.93 1.62
3 2.57 1.54 0.73
4 0.00 0.88 -1.01
8 0.00 -1.49 -1.53

Sources: author’s elaboration, central bank’s forecasts.
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Table Al1.2
PT TEST, QUANTITATIVE MODELS, DECEMBER EVALUATION

Forecasting horizons in quarters S, statistic (1V) S, statistic (AMM)
1 1.67 1.67
2 1.02 1.67
3 -1.67 1.67
4 1.67 -1.46
5 -2.31 -1.33
6 -2.31 -2.31
7 - -2.31
8 = -2.31

Sources: author’s elaboration, central bank’s forecasts.

Table Al1.3
GR TEST, QUANTITATIVE MODELS

Forecasting horizons in quarters  GR statistic (AMM-IV ) GR statistic (EFPIV)

1 4.77 5.68
2 15.28 5.93
3 9.93 11.29
4 9.07 7.39
8 11.28 -

Sources: author’s elaboration, central bank’s forecasts.

Table Al.4
WEAK EFFICIENCY TEST, QUANTITATIVE MODELS

Forecasting horizons Weak efficiency Weak efficiency Weak efficiency

in quarters test (AMM) test (IV) test (EFP)
1 0.11 (0.89) 6.33 (0.24) 8 (0.08)
2 4.41 (0.02) 3.29 (0.12) 0.22 (0.89)
3 6.18 (0.00) 11.57 (0.01) 12.08 (0.97)
4 5.39 (0.01) 21.81 (0.00) =
8 104.62 (0.00) 62.16 (0.00) 0.20 (0.83)

Sources: author’s elaboration, central bank’s forecasts.
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WEAK EFFICIENCY TEST, QUANTITATIVE
MODELS, DECEMBER EVALUATION

Weak efficiency test Weak efficiency test

Forecasting horizons in quarters (AMM) (1v)
1 83.48 (0.00) 1.17E+12 (0.00)
2 1.36 (0.35) 1.5268 (0.32)
3 1.45 (0.34) 1.2242 (0.38)
4 8.87 (0.034) 9.5156 (0.03)
5 1.71E+11 (0.00) 14.1267 (0.03)
6 1.85E+11 (0.00) 1.6197 (0.33)
7 2.03E+10 (0.00) 0.9950 (0.47)
8 1.66E+10 (0.00) 1.8451 (0.30)

Sources: author’s elaboration, central bank’s forecasts.

Tables of the Conditional Forecast Evaluation

ME AND RMSE, MMS 4.01, 2011Q1-2017Q2

. Free model Anchor 1 Anchor 2 Anchor 3

Forecasting
horizons in

quarters ME RMSE ME RMSE ME RMSE ME RMSE

1 -0.11 0.73 -0.03 0.71 0.01 0.33 0.01 0.33

2 -0.13 1.21 -0.02 1.27 0.01 0.87 0.01 0.87

4 0.22 1.43 0.29 1.58 0.29 1.37 0.29 1.37

6 0.55 1.47 0.54 1.4 0.52 1.36 0.52 1.36

8 0.27 1.72 0.5 1.63 0.54 1.57 0.54 1.57

Mean 0.16 1.31 0.26 1.32 0.27 1.1 0.27 1.1

Sources: author’s elaboration, central bank’s forecasts.
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Table Al1.7
ME AND RMSE, PIGU, 2011Q1-2017Q2

Anchoring
Anchoring  exogenous and
€x0genous endogenous
Anchoring variables and  variables, plus
Forecasting . exogenous two penqu of two penqu of
horizons in ree model variables inflation inflation

quarters ME RMSE ME RMSE ME  RMSE ME RMSE

1 -0.22  0.83 -0.25 0.72 0 0 0 0
2 -0.3 1.26 -0.38 0.9 0 0 0 0
4 0 144 -047 088 -0.39 0.82 -0.27 0.61
6 0.34 1.11 -0.58 1.12 -0.56 1.13 -0.32 0.62
8 041 089 -0.79 1.29 -0.79 1.29 -0.38 0.65

Mean 0.05 1.11 -049 098 -0.35 0.65 -0.19 0.38

Sources: author’s elaboration, central bank’s forecasts.

Table A1.8
ME AND RMSE, MME, 2011Q1-2017Q2

Forecasting Free model Anchor 1
horizons in
quarters ME RMSE ME RMSE
1 0.3 0.62 -0.09 0.1
2 0.89 1.28 0.36 0.61
4 2.37 2.72 1.81 2.09
6 2.82 2.98 2.87 3.04
8 2.82 2.93 2.86 2.96
Mean 1.84 2.11 1.56 1.76

Sources: author’s elaboration, central bank’s forecasts.
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