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Abstract

This paper evaluates the forecasting performance of the time-varying parameter VARMA model
with stochastic volatility (TVP-VARMA-SV) of Chan and Eisenstat (2017) for Peru’s GDP
growth and inflation over 1994Q1–2019Q4. Seven model specifications are compared using den-
sity and point forecast evaluation metrics. The main results show that models with a moving-
average (MA) component generally deliver better forecast performance. Log predictive likeli-
hoods (LPLs) indicate that models with MA, stochastic volatility (SV), or both components
provide the best density forecasts at the one-quarter horizon, while simpler VARMA models
perform better at the four-quarter horizon. Mean squared forecast errors (MSFEs) and Theil’s
U are also lowest for models with an MA component. Probability integral transformation (PIT)
histograms show that models with MA and SV components achieve the best calibration at the
one-quarter horizon, while raw-moments tests indicate that the TVP-VARMA-SV, VARMA,
VAR, and Bayesian model selection (BMS) specifications perform best at the four-quarter hori-
zon. The model confidence set (MCS) frequently includes simpler models, particularly those
with an MA term, and Diebold-Mariano tests also tend to favor models with an MA com-
ponent. Overall, the BMS strategy improves forecast accuracy by dynamically selecting the
best-performing models. An extension to exchange rate growth forecasts shows that MA-based
models again perform best, with the TVP-VARMA-SV specification delivering the largest gains
at the four-quarter horizon.
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Pontificia Universidad Católica del Perú
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Abstract

Este art́ıculo evalúa el desempeño predictivo del modelo VARMA de parámetros variables en
el tiempo con volatilidad estocástica (TVP-VARMA-SV) de Chan y Eisenstat (2017) para el
crecimiento del PIB y la inflación de Perú durante el peŕıodo 1994T1–2019T4. Se comparan
siete especificaciones del modelo utilizando métricas de evaluación de densidad y pronósticos
puntuales. Los principales resultados muestran que los modelos con un componente de media
móvil (MA) generalmente ofrecen un mejor desempeño predictivo. Las probabilidades predicti-
vas logaŕıtmicas (LPL) indican que los modelos con MA, volatilidad estocástica (SV) o ambos
componentes proporcionan los mejores pronósticos de densidad en el horizonte de un trimestre,
mientras que los modelos VARMA más simples tienen un mejor desempeño en el horizonte de
cuatro trimestres. Los errores cuadráticos medios de pronóstico (MSFE) y el ı́ndice U de Theil
también son más bajos para los modelos con un componente de MA. Los histogramas de trans-
formación integral de probabilidad (PIT) muestran que los modelos con componentes MA y SV
logran la mejor calibración en el horizonte de un trimestre, mientras que las pruebas de momen-
tos brutos indican que las especificaciones TVP-VARMA-SV, VARMA, VAR y la selección de
modelos bayesianos (BMS) ofrecen el mejor rendimiento en el horizonte de cuatro trimestres.
El conjunto de confianza del modelo (MCS) suele incluir modelos más simples, en particular
aquellos con un término MA, y las pruebas de Diebold-Mariano también tienden a favorecer
los modelos con un componente MA. En general, la estrategia BMS mejora la precisión de las
previsiones al seleccionar dinámicamente los modelos con mejor rendimiento. Una extensión
a las previsiones de crecimiento del tipo de cambio muestra que los modelos basados en MA
vuelven a ofrecer el mejor rendimiento, con la especificación TVP-VARMA-SV proporcionando
las mayores ganancias en el horizonte de cuatro trimestres.

Clasificación JEL: C11, C22, C32, F47
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mación Bayesiana; Predicción; Perú.
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1 Introduction

Macroeconomic forecasts are essential for informed decision-making at both the micro and macro

levels. At the micro level, businesses and investors rely on inflation and GDP projections to guide

production, pricing, and budgeting decisions (Piazzesi and Schneider, 2009; Enders et al., 2022).

Trehan (2011) also notes that accurate inflation forecasts help households smooth consumption,

while Tanaka et al. (2020) show that the accuracy of firms’ forecasts affects their profitability and

productivity. At the macro level, central banks use forecasts to guide policy and communicate

their outlook to the public and financial markets. For example, higher inflation forecasts may

signal a likely tightening of future monetary policy. Improving macroeconomic forecasts therefore

contributes to overall economic welfare.

As in other countries, macroeconomic forecasting plays an important role in Peruvian monetary

and fiscal policy. Since 2002, the Central Reserve Bank of Peru (BCRP) has operated under an

inflation-targeting (IT) regime aimed at keeping annual inflation within the target range. BCRP

monetary policy decisions affect the Peruvian economy directly but with a lag (Winkelried, 2004;

Castillo et al., 2011; Lahura, 2012; Portilla et al., 2022; Pérez-Rojo and Rodŕıguez, 2024). Because

of these lagged effects, BCRP decisions are informed by projections of future economic condi-

tions, making the analysis and communication of macroeconomic forecasts—particularly inflation

forecasts—central to its policy framework. While the BCRP is the main institution responsible for

producing macroeconomic forecasts, the Ministry of Economy and Finance (MEF) also prepares

projections to guide fiscal policy. For example, the latest Multiannual Macroeconomic Framework,

a document with significant implications for the national budget and public spending priorities,

includes GDP and inflation forecasts for the global and Peruvian economies for 2026–2028, as well

as forecasts for the terms of trade, key commodity prices, the balance of payments, and other

relevant variables (MEF, 2025).

Peru is a compelling case study because it is a small, open, commodity-dependent emerging

market economy (EME) with high exposure to global markets and external shocks. Its reliance on

mineral exports makes it sensitive to global price fluctuations, offering insights into how external

factors affect domestic economic stability (Izquierdo et al., 2008; Justiniano et al., 2010; Rodŕıguez

et al., 2018; Rodŕıguez et al., 2023). Moreover, Peru’s economic history—marked by hyperinflation,

structural reforms, and a subsequent shift toward macroeconomic stability—provides a dynamic

and nonlinear setting for forecasting (Pérez Forero, 2024). Finally, the availability of relatively

high-quality data supports robust empirical analysis, making Peru a valuable case for improving

macroeconomic projections and understanding economic dynamics in South American economies

and other similar EMEs.

The time-varying parameter vector autoregressive model with stochastic volatility (TVP-VAR-

SV), as developed in Canova (1993), Cogley and Sargent (2001, 2005), Primiceri (2005), and Chan

and Eisenstat (2018), has been widely used for macroeconomic forecasting. However, Athana-

sopoulos and Vahid (2008), Athanasopoulos et al. (2012), and Kascha and Trenkler (2014) suggest

that VAR models with a moving-average (MA) component—VARMA models—can produce more

accurate forecasts. Adding time-varying parameters (TVP) and stochastic volatility (SV) to a

VARMA framework may further improve forecasting accuracy. The limited use of MA components

in forecasting reflects the difficulty of identifying and estimating VARMA structures. To address

this issue, Chan and Eisenstat (2017) propose a Bayesian approach that uses the state-space rep-

resentation of VARMA models developed by Metaxoglou and Smith (2007).
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This study uses the TVP-VARMA-SV family of models proposed by Chan and Eisenstat (2017)

to forecast Peru’s GDP growth and consumer price index (CPI) inflation. Variables relevant to

the Peruvian economy—including the nominal interest rate, the export price index (EPI), China’s

GDP growth, and the federal funds rate—are also included to capture the dynamics of a small

open economy. The paper contributes to the literature by providing one of the first applications of

the Chan and Eisenstat (2017) framework to forecast macroeconomic variables in an EME. This

represents a methodological improvement over much of the existing literature on EMEs, which

often uses models without an MA component (Aunsri and Taveeapiradeecharoen, 2020; Balcilar

et al., 2018; Feldkircher and Hauzenberger, 2019; Heydari and Parvin, 2008; Pérez Forero, 2021).

The Peruvian case also offers useful insights for understanding macroeconomic dynamics in other

South American economies and similar EMEs.

The joint density forecast analysis based on log predictive likelihoods (LPLs) shows that adding

MA and SV components improves one-quarter-ahead forecasts, especially when the interest rate

and the three external variables are included in the information set. Simpler VARMA models, by

contrast, perform better at the four-quarter horizon. Point forecast results based on mean squared

forecast errors (MSFEs) reinforce this finding, as models with an MA component consistently

deliver the lowest forecast errors for both GDP growth and inflation. Theil’s U statistic yields

similar results, with MA-based models outperforming the näıve benchmark in most cases.

Complementary evaluation metrics point in the same direction. Probability integral transforma-

tion (PIT) histograms show that models including MA and SV terms provide a better fit, although

signs of miscalibration remain in many specifications. Knüppel’s (2015) raw-moments tests indi-

cate that only at the four-quarter horizon is there sufficient power to distinguish among models,

with the TVP-VARMA-SV, VARMA-SV, VAR, and Bayesian model selection (BMS) specifications

showing the strongest calibration. The 10% model confidence set (MCS) of Hansen et al. (2011)

generally includes models with MA components. The Diebold-Mariano test also favors specifica-

tions that include an MA component. Across all exercises, the BMS strategy remains competitive,

as it dynamically updates model selection based on forecast accuracy over the most recent eight

periods.

Forecasting metrics for exchange rate growth also show that VARMA models consistently rank

among the best-performing specifications. For this variable, at the four-quarter horizon, the TVP-

VARMA-SV model—the most flexible specification—delivers the largest improvements relative to

the benchmark. Moreover, a smaller information set, including only three variables, outperforms

larger information sets.

The paper is structured as follows. Section 2 reviews the literature on forecasting with TVP-

VAR-SV and TVP-VARMA-SV models, as well as studies forecasting Peruvian macroeconomic

variables. Section 3 introduces the TVP-VARMA-SV model proposed by Chan and Eisenstat

(2017), together with seven competing models. Section 4 describes the data and hyperparameters

and discusses the empirical results. Section 5 extends the analysis to exchange rate forecasting,

and Section 6 concludes.

2 Literature Review

Empirical research on the forecasting performance of VAR models with TVP, SV, or both generally

finds that these specifications outperform their constant-parameter counterparts. Stock andWatson

(1996), Canova (2007), Clark (2011), D’Agostino et al. (2011), Abbate and Marcellino (2014), and
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Chan and Eisenstat (2017) show that incorporating these features improves forecasting accuracy

in advanced economies (AEs). Similar evidence has been found for EMEs, including Heydari and

Parvin (2008), Balcilar et al. (2018), Aunsri and Taveeapiradeecharoen (2020), Feldkircher and

Hauzenberger (2019), and Pérez Forero (2021).

One of the earliest studies in this area, Stock and Watson (1996), examines the advantages of

time-varying models for macroeconomic forecasting using 76 monthly US series from 1951 to 1993.

Comparing a bivariate TVP-VAR model with several constant-parameter models, they find that

including TVP significantly improves out-of-sample one-month-ahead forecast accuracy. Similarly,

Canova’s (2007) analysis of G-7 inflation forecasts from 1980 to 2000 shows that incorporating TVP

significantly reduces the MSFE in all countries studied when the information set includes external

variables.

Clark (2011) focuses on density forecasts for US GDP growth, inflation, and the federal funds

rate over 1961–2008. His study shows that adding SV to a VAR model notably improves one-

and two-quarter-ahead density forecasts. This improvement is more pronounced when forecast

performance is evaluated using log predictive density scores rather than root mean squared forecast

errors (RMSFEs), particularly at short horizons.

D’Agostino et al. (2011) compare the TVP-VAR-SV model of Primiceri (2005) with several

competing models using US data from 1948 to 2007. They find that allowing for TVP significantly

improves forecasts, particularly for inflation, for which the TVP-VAR-SV model outperforms a ran-

dom walk (RW) benchmark by an average of 30% across forecast horizons. Barnett et al. (2014)

extend this analysis to the United Kingdom, evaluating several nonlinear VAR specifications using

data from 1955 to 2010. They show that the TVP-VAR-SV model is generally competitive in fore-

casting GDP growth at one- and four-quarter horizons. For inflation, it delivers clear improvements

over constant-parameter models.

Related theoretical literature suggests that adding MA components to the TVP-VAR-SV model

can further improve forecasting performance. Cooley and Dwyer (1998) and Poskitt and Yao (2016)

show that inadequate lag lengths in VAR models often lead to poor approximations of the true

VARMA process. Fernández-Villaverde et al. (2007), Yang (2005), and Leeper et al. (2008) find

that dynamic stochastic general equilibrium (DSGE) models typically imply a VARMA rather than

a VAR structure. Chan and Eisenstat (2017) also show that any linear combination, aggregation, or

subset of variables following a VAR structure conforms to a VARMA structure. They further argue

that the MA component captures features of the autocovariance structure and shock propagation

that a VAR model, even with TVP, cannot fully represent.

Despite these advantages, VAR models are more commonly used than VARMA models in

forecasting because VARMA models are harder to estimate and identify. Chan and Eisenstat

(2017) note that even estimating a VMA model is challenging because of the nonlinear nature of

its parameters, often requiring approximate techniques such as those in Kascha (2012). Lütkepohl

(2005) further notes that combining a VMA model with a VAR model increases complexity. To

address these issues, Chan and Eisenstat (2017) propose a Bayesian approach based on the state-

space representation of a VMA model in Metaxoglou and Smith (2007) and an efficient Gibbs

sampler. Once the VARMA model is estimated, the TVP and SV components are incorporated

using Markov chain Monte Carlo (MCMC) techniques, yielding the TVP-VARMA-SV model.

As an illustration of their method, Chan and Eisenstat (2017) conduct a recursive forecasting

exercise for US real GDP growth and inflation over 1959Q3–2013Q2. They compare the LPLs of

several models against an RW benchmark, including a VAR model, a VARMA model, a TVP-
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VAR-SV model, two VARMA models with different SV specifications, and the TVP-VARMA-SV

model. Their findings indicate that adding an MA component improves the forecast performance

of VAR-based models, although the gains are smaller at longer horizons. Adding an SV component

also improves forecast performance, particularly for inflation. Overall, the model that delivers the

best one- and four-quarter-ahead joint forecasts is a VARMA-SV model.

Only two other empirical papers use the TVP-VARMA-SV model for forecasting: Balcilar et

al. (2022) and Çepni et al. (2023). Balcilar et al. (2022) use quarterly UK data on the yield

spread, income inequality, GDP growth, and stock returns over 1975Q1–2016Q1. They estimate

the same models as in Chan and Eisenstat (2017) and find, based on LPLs, that a VARMA-SV

model delivers the best one-quarter-ahead forecasts of income inequality, while a VARMA model

delivers the best two- and three-quarter-ahead forecasts. Çepni et al. (2023) use quarterly data on

GDP growth in the United States, AEs, and EMEs—the latter two treated as a block—together

with a constructed trade policy uncertainty index over 1984Q2–2019Q3. Comparing the same set

of models, they find that the VARMA-SV model provides the best GDP growth forecasts at all

horizons.

In Peru, the use of Bayesian methods to forecast macroeconomic variables began with Llosa

et al. (2006). The authors use Bayesian VAR models with Litterman priors to address the struc-

tural changes observed after the adoption of the IT regime in 2002. Using data for 1994–2004—

including Peruvian CPI inflation, real GDP growth, the real effective exchange rate (REER), and

the overnight interbank rate, among other variables—they find that a VAR model estimated with

these priors outperforms an RW model for inflation at all forecast horizons. This result, however,

does not hold consistently for GDP growth forecasts. Notably, the simplest VAR model, which

includes only four macroeconomic variables and metal prices, performs best in forecasting infla-

tion and GDP growth across different sample changes and evaluation criteria, such as MSFEs and

Theil’s U.

The BCRP currently uses the Quarterly Projection Model (QPM) as its main tool for mone-

tary policy analysis and forecasting. Developed by the BCRP’s Departamento de Modelos Macroe-

conómicos (2009), the QPM represents a small open economy with partial dollarization, rational

expectations, and price rigidities, allowing monetary policy to affect real variables in the short

run. Forecasts are updated monthly and published quarterly in the Inflation Report. Although

the QPM is the main forecasting tool, other approaches to forecasting macroeconomic variables in

Peru have also been explored in recent years.

Carrera and Ledesma (2015) extend the use of Bayesian methods by forecasting 174 CPI sub-

components over 1998–2013 using a large Bayesian VAR model. These subcomponents are grouped

into 18 categories and then aggregated into a single headline inflation forecast. Their results in-

dicate that optimal forecasts are obtained by forecasting each subcomponent separately before

aggregating them. In terms of RMSFEs, this approach outperforms headline inflation forecasts

without disaggregation and also outperforms a non-Bayesian VAR and an RW model for horizons

of up to 12 months.

Building on this work, Pérez Forero (2021) forecasts Peruvian GDP growth, CPI inflation, the

overnight interbank rate, and PEN nominal depreciation over 2002–2020 using a time-varying-mean

VAR model with SV. The study also incorporates long-term expectations for these four macroeco-

nomic variables. The fan charts produced by the model show strong forecasting performance for

inflation and output growth up to two years ahead, reflecting the inclusion of time-varying means,

SV, and expectations survey data.
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This paper contributes to the literature by providing the first forecasts of Peruvian macroeco-

nomic variables using VARMA-SV and TVP-VARMA-SV models. This represents a methodological

improvement in forecasting the Peruvian economy, as it incorporates an MA component—a fea-

ture widely recognized in the literature as relevant for forecasting performance but not previously

applied in the Peruvian context.

3 Methodology

This section outlines the models and provides key details on the estimation algorithm. Full details

are provided in Sections 2 and 3 of Chan and Eisenstat (2017).

3.1 The VARMA Model

Following the notation in Chan and Eisenstat (2017), the VARMA model with p VAR lags and q

VMA lags, denoted VARMA(p,q), is given by:

yt = µ+

p∑
j=1

Ajyt−j +

q∑
j=1

Θjϵt−j + ϵt, ϵt ∼ WN (0,Σ), (1)

where yt is an n × 1 vector of endogenous variables; µ is an n × 1 vector of intercepts; Aj is an

n× n matrix of coefficients associated with the j-th lag of the vector of endogenous variables; Θj

is an n× n matrix of coefficients associated with the j-th lag of the vector of errors; ϵt denotes the

innovations; and Σ is the n× n covariance matrix of the innovations.

As noted by Lütkepohl (2005), the VARMA(p,q) model described above may not be identified.

To address this issue, a canonical echelon form can be used by rewriting equation (1) as:

B0yt = B0µ+

p∑
j=1

Bjyt−j +

q∑
j=1

Θ∗
jϵt−j +B0ϵt, ϵt ∼ WN (0,Σ), (2)

where B0 is the n × n lower triangular matrix of contemporaneous coefficients with ones on the

diagonal, and Bj = B0Aj and Θ∗
j = B0Θj are both n× n matrices.

Following Metaxoglou and Smith (2007), and given the Kronecker indices, echelon-form restric-

tions can be imposed on the model in equation (2) by decomposing the MA component into two

parts: latent factors that still follow an MA process, f t, . . . ,f t−q, and an error term, ηt. This

procedure yields the expanded-form VARMA(p,q) model:

B0yt = B0µ+

p∑
j=1

Bjyt−j +

q∑
j=0

Φjf t−j + ηt,

(
f t

ηt

)
∼ WN

((
0

0

)
,

(
Ω 0

0 Λ

))
, (3)

where f t is n× 1; Ω and Λ are diagonal matrices with elements ω2
i ≥ 0 and λ2i ≥ 0, respectively;

and Φj is a lower triangular matrix of coefficients associated with the j-th lag of the latent factors,

with ones on the diagonal.1 This decomposition is used solely to make the model suitable for

Bayesian analysis; the latent factors have no economic interpretation.

1The transition from a standard to an expanded VMA representation, along with identification details, is described
in Section 2 of Chan and Eisenstat (2017).
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For forecasting purposes, equation (3) can be used directly, since the expanded-form VARMA

model yields the same predictive distributions as the standard representation. To identify the

model, we assume that the concatenated matrix of the p-th VAR coefficient matrix and the q-

th VMA coefficient matrix, [Ap : Θq], has full rank n, as in Hannan (1976). This assumption is

generally valid when q and n are relatively small. Given the objective of this paper, and because

we analyze only small systems, the assumption is appropriate. Moreover, Chan and Eisenstat

(2017) demonstrate that adding even a small number of MA components can significantly improve

forecasting accuracy.

3.2 The TVP-VARMA-SV Model

The TVP-VARMA-SV(p,q) model is given by:

yt =Xtβt +

q∑
j=0

Φj,tf t−j + ηt, ηt ∼ N (0,Λ), (4)

where Xt = In ⊗ (1,y′t−1, . . . ,y
′
t−p) containing the lagged variables and exogenous terms, and

βt = vec((µt,A1,t, ...,Ap,t)
′) is the vectorized form of the intercept and VAR parameters. Stacking

the variables for notational convenience, the model can be written as:

y =Xβ +Φf + η (5)

where y = (y1, . . . ,yT )
′, X = (X1, . . . ,XT )

′, β = (β1, . . . ,βT )
′, Φ = (Φ1, ...,ΦT ), f =

(f1, . . . ,fT )
′, η = (η1, . . . ,ηT )

′, Λ is a diagonal matrix, and Φt is a Tn × Tn lower triangu-

lar matrix with Φ0,1, . . . ,Φ0,T on the main diagonal block, Φ1,2, . . . ,Φ1,T on first lower diagonal

block, Φ2,3, . . . ,Φ2,T on the second lower diagonal block, and so forth.

Let ϕi,t denote the vector of free parameters in the i-th row of (Φ0,t,Φ1,t, ...,Φq,t). Consider

the transition equation:

ϕi,t = ϕi,t−1 + ξi,t, ξi,t ∼ N (0,ΨΦi), (6)

where ΨΦi = diag(ψ2
Φ,i,1, . . . , ψ

2
Φ,i,ki

). Equation (6) completes the state-space representation of the

MA process.

The SV component is incorporated by allowing the latent factors to have time-varying volatili-

ties, f t ∼ N (0,Ωt), where Ωt = diag(eh1,t , . . . , ehn,t). Each log-volatility then follows an indepen-

dent RW process:

hi,t = hi,t−1 + ζi,t, ζi,t ∼ N (0, ψ2
h,i). (7)

Allowing for Φ0,t,Φ1,t, ...,Φq,t and Ωt to be time-varying implies that Θ1,t, ...,Θq,t and Σt are

also fully time-varying. In addition, the normality of f t and ηt implies that ϵt is conditionally

normally distributed.

The TVP feature is introduced into the VAR coefficients by allowing βt = vec((µt,A1,t,...,Ap,t)
′)

to follow an RW process:

βt = βt−1 + ut, ut ∼ N (0,Ψβ) (8)

where Ψβ = diag (ψ2
β,1, . . . ,ψ

2
β,k).

For notational convenience, stack ψ2
ϕ = (ψ2

ϕ,1,1, . . . , ψ
2
ϕ,n,kn

)′, ht = (h1,t, . . . , hn,t)
′, h = (h1, . . . ,
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hT )
′, ψ2

h = (ψ2
h,1, . . . , ψ

2
h,n)

′, and ψ2
β = (ψ2

β,1, . . . , ψ
2
β,n)

′. Estimation is carried out conditional

on the initial observations y0, . . . , y1−p and under the assumption that the initial factors satisfy

f1−q = . . . = f0 = 0.

3.3 Estimation Algorithm: Gibbs-Sampling

Gibbs sampling is used to estimate the posterior parameters of the TVP-VARMA-SV model. The

algorithm partitions the parameters into blocks and estimates each block conditional on the updated

values of the other blocks. The sampling algorithm treats equation (4) as a latent factor model. The

Gibbs sampler is initialized by setting β = b̂, ϕ = 0, hi,1 = . . . = hi,T = log ŝij , for i = 1, . . . , n, and

f ∼ N (0,Oh), where Oh is a diagonal matrix whose first n diagonal elements are (eh1,1 , . . . , ehn,1),

the next n are (eh1,2 , . . . , ehn,2), and so on up to (eh1,T , . . . , ehn,T ). Here, b̂ denotes the coefficients

of a constant VAR estimated by OLS, and ŝij denotes the diagonal elements of the covariance

matrix.2

The algorithm proceeds as follows:3 (i) draw β and f jointly from p(β,f | y,ϕ,h,ψ2
h,ψ

2
Φ,ψ

2
β,

Λ) = p(β | y,ϕ,h,Λ)p(f | y,β,ϕ,h,Λ). To do so, first draw β, marginalized over f , from

(β | y,ϕ,h,Λ) ∼ N (β̂,Dβ). Then draw f , conditional on β and the other model parameters,

from (f | y,β,ϕ,h,Λ) ∼ N (f̂ ,K−1
f );4 (ii) draw ϕ from p(ϕ | y,β,f ,h,ψ2

Φ,ψ
2
h,Λ); (iii) draw the

log-volatilities h from p(h | y,β,f ,h,ψ2
Φ,ψ

2
h,Λ) using the algorithm of Del Negro and Primiceri

(2015); (iv) draw Λ, ψ2
ϕ, ψ

2
h, and ψ

2
β from p(Λ,ψ2

ϕ,ψ
2
h,ψ

2
β | y,β,f ,h,Φ) = p(Λ | y,β,f ,ϕ)p(ψ2

h |
h)p(ψ2

Φ | ϕ)p(ψ2
β | β); and (v) repeat steps (i)-(iv) N times.

For a VARMA-SV model without the TVP component, the parameters β are fixed over time;

and the Gibbs Sampler proceeds as follows: (i) draw β and f as above; (ii) draw ϕ from p(ϕ |
y,β,f ,h,Λ); (iii) draw the log-volatilities h from p(h | y,β,f ,ϕ,Λ); (iv) draw Λ, ψ2

ϕ, and ψ
2
h

from p(Λ,ψ2
ϕ,ψ

2
h) | y,β,f ,h,Φ) = p(Λ | ·)p(ψ2

h | h)p(ψ2
Φ | ϕ); and (v) repeat steps (i)-(iv) N

times.

Finally, for a VARMA-SV model without the TVP component and with ϕ fixed over time,

the Gibbs sampler proceeds as follows: (i) draw β and f ; (ii) draw the time-invariant ϕ from

p(ϕ | y,β,f ,Λ); (iii) draw h from p(h | y,β,f ,h,Λ); (iv) draw Λ and ψ2
h from p(Λ,ψ2

h |
y,β,f ,h,Φ) = p(Λ | y,β,f ,ϕ)p(ψ2

h | h); and (v) repeat steps (i)-(iv) N times.

3.4 Competing Models

We estimate seven classes of models with p VAR lags and one VMA lag: (i) a VARMA(p,1)

model, as given in equation (1); (ii) a VARMA(p,1) model with an SV component, in which the

latent factors have time-varying volatilities, f t ∼ N (0,Ωt), where Ωt = diag(eh1,t , . . . , ehn,t), and

each log-volatility follows the process described in equation (7), denoted VARMA(p,1)-SV1; (iii) a

VARMA(p,1)-SV2 model, which adds time-varying latent-factor coefficients (Φ0,t,Φ1,t, ...,Φq,t), as

in equation (6), to the previous specification; (iv) a TVP-VARMA(p,1)-SV model, which includes

both the SV and TVP features described in Section 3.2; (v) a VAR(p)-SV model; (vi) a VAR(p)

model; and (vii) an RW model. We also consider a Bayesian model selection (BMS) strategy based

on predictive likelihoods. Specifically, at each point in time, models are evaluated using the sum of

2The Gibbs sampler for models without an MA component is provided in Chan and Eisenstat (2017).
3Further details on computational efficiency are provided in Section 3 of Chan and Eisenstat (2017). The sampling

algorithm is described in Appendix C of Chan and Eisenstat (2017).
4The definitions of β̂, Dβ , f̂ , and K−1

f are provided in Section 3 of Chan and Eisenstat (2017).
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their predictive likelihoods over the previous eight quarters, and the model with the best forecasting

performance is selected.

For the VAR and VARMA classes, models are estimated with p = 1, 2, 3. For the VAR-SV,

VARMA-SV1, VARMA-SV2, and TVP-VARMA-SV classes, models are estimated with p = 1, 2.

This yields 16 competing specifications, including the RW benchmark and the BMS strategy.

4 Empirical Evidence

4.1 Data

The forecasting exercises for the competing models are conducted using quarterly data over 1994Q1–

2019Q4 and four information sets: (i) a set that includes only GDP growth (yt) and inflation (πt),

with n = 2; (ii) a set that also includes the reference interest rate (it), with n = 3; (iii) a set that

further includes EPI growth (p∗t ), with n = 4; and (iv) a set that also includes China’s GDP growth

(ycht ) and the federal funds rate (i∗t ), with n = 6. All variables except interest rates are transformed

using w1t = 100 × ln(w1,t/w1,t−4) to compute year-on-year growth rates. Real GDP is seasonally

adjusted using the Census X-12 filter. Quarterly interest rates are calculated as averages over the

corresponding quarter. Data on Peruvian GDP, inflation, and the interest rate are obtained from

the BCRP website, while the EPI is obtained from the IMF data portal, as in Gruss and Kebhaj

(2019). China’s GDP data are taken from OECD Stats, and the federal funds rate is obtained from

the Federal Reserve Bank of St. Louis.

Figure 1 displays all series. The sample period includes Peru’s adoption of IT and rules-based

fiscal frameworks, and both inflation and the nominal interest rate show a transition from high to

low volatility around 2002. GDP growth displays two slowdowns. The first occurred between 1998

and 2001, reflecting factors such as a severe El Niño episode and deteriorating external conditions.

The second occurred around early 2009, following the Global Financial Crisis (GFC). From 2017

onward, GDP growth became more volatile, reflecting the effects of Peru’s political crisis. EPI

growth was consistently positive over 2002–2011, driven by the commodity boom, although it was

interrupted by a brief downturn from mid-2007 to early 2009, when the GFC led to a sharp decline

in commodity prices.

4.2 Priors

We use Minnesota-type priors, which improve forecast performance, as shown by Litterman (1986).

Thus, we set β ∼ N (β0,Vβ), where β0 = 0 and the prior covariance matrix Vβ is diagonal.

Specifically, the intercept variances are set to 100, while the VAR coefficient variances are set to

1. This setup shrinks the VAR coefficients but not the intercepts. For ϕi, we set the normal prior

ϕi ∼ N (ϕ0,i,V ϕi), where ϕ0,i = 0 and Vϕi is the identity matrix. For the diagonal elements of

Λ = diag(λ21, . . . , λ
2
n), we assume an inverse-gamma prior IG(νλ,0, Sλ,0), with noninformative hyper-

parameters νλ,0 = 0 and Sλ,0 = 0.1. Similarly, for the diagonal elements of Ω = diag(ω2
1, . . . , ω

2
n),

we set an inverse-gamma prior IG(νω,0, Sω,0), with νω,0 = 3 and Sω,0 = 2. For the elements of ψ2
ϕ

and ψ2
h, we assume gamma priors ψ2

ϕ,i,j ∼ G(12 ,
1

2Sϕ,0
) and ψ2

h,i ∼ G(12 ,
1

2Sh,0
), with Sϕ,0 = 0.001 and

Sh,0 = 0.01. Finally, for the diagonal error variances in Ψβ associated with the time-varying VAR

coefficients, we also set gamma priors ψ2
β,i ∼ G(12 ,

1
2Sβ,0

), with Sβ,0 = 0.001.

8



4.3 Empirical Results

4.3.1 Joint Density Forecast Evaluation: Log-Predictive-Likelihoods

In this section, we compare the density forecast performance of the competing models through a

recursive out-of-sample forecasting exercise at one- and four-quarter-ahead horizons (h = 1, 4). At

each iteration within the forecast evaluation period, data up to time t, denoted x1:t, are used to

compute the h-step-ahead predictive density for a single variable, p(xt+h | x1:t). Density forecast

quality is assessed using the predictive likelihood, p(xt+h = xot+h | x1:t), that is, the predictive

density of xt+h evaluated at the observed value xot+h. If the observed xot+h is unlikely under the

density forecast, the predictive likelihood is low, and vice versa.

The predictive density p(xt+h | x1:t) can be estimated using MCMC methods. For VAR and

VARMA models, the conditional density of xt+h given the data and parameters, p(xt+h | x1:t,θ), is

Gaussian with known mean and covariance matrix. The predictive density is obtained by averaging

p(xt+h | x1:t,θ) over the MCMC draws of θ. For VARMA-SV models, at each MCMC iteration,

the parameters and states up to time t are used to simulate future log-volatilities from t+1 to t+h

using the transition equation in (6). Conditional on these simulated log-volatilities, yt+h follows a

Gaussian density. Averaging these densities over the MCMC iterations yields p(xt+h | x1:t).

Density forecasts are evaluated using the sum of log predictive likelihoods (LPLs), defined as

LPL =
T−h∑
t=t0

log p(xt+h = xot+h | x1:t), (9)

where t0 is the starting point of the out-of-sample forecast evaluation period. For each MCMC

run, we obtain 20,000 posterior draws after 5,000 burn-in draws. The estimation period runs from

1994Q1 to 2001Q1, and the evaluation period runs from 2001Q2 to 2019Q4.

We use LPLs because they offer important advantages over traditional point forecast measures:

they assess the full predictive distribution rather than a single predicted value. Unlike point fore-

casts, which are typically evaluated using error metrics such as MSFEs, LPLs evaluate how well

a model assigns probability to new observations, providing a more complete measure of predictive

performance. They also allow coherent model comparison, even for complex models such as the

TVP-VARMA-SV model used here, and are grounded in Bayesian decision theory, as noted by

Mukhopadhyay et al. (2005). Table 1 reports LPLs for the h = 1, 4 density forecasts of yt and

πt, for n = 2, 3, 4, 6, relative to an RW benchmark: yt = yt−1 + ϵt, where ϵt ∼ N (0,Σ). Positive

values therefore indicate that a model outperforms the benchmark.

For yt, the best performance is obtained by BMS, which achieves an LPL of 6.25 and out-

performs all other models. This suggests that allowing the model to switch dynamically across

specifications improves short-term forecast performance. The second-best result is obtained by

TVP-VARMA(2,1)-SV2, with an LPL of 5.32. By contrast, SV models without an MA component,

such as VAR(2)-SV and VAR(3)-SV, perform worse than the benchmark.

For πt, the highest LPLs are obtained by VARMA(2,1)-SV1 and VARMA(2,1)-SV2, with values

of 35.86 and 35.50, respectively. They are followed by TVP-VARMA(2,1)-SV2, with an LPL of

35.12. These results indicate that combining SV, TVP, and MA components generates clear gains in

short-term inflation forecasts. Models that include both MA and SV features perform particularly

well in this case, consistent with Chan and Eisenstat (2017), Balcilar et al. (2022), and Çepni et

al. (2023).
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At h = 4 BMS again dominates for both yt and πt, with LPLs of 18.77 and 28.87, respectively.

For yt, the VARMA(1,1) is also competitive, with an LPL of 13.72, showing that simple models

retain strong predictive power at longer horizons. Notably, TVP-VARMA(2,1)-SV2 and TVP-

VARMA(3,1)-SV2 perform poorly for yt, with negative LPLs. This suggests that including both

TVP and SV features may lead to overfitting at longer forecast horizons, to the point where these

models perform worse than the RW benchmark. This result differs from Chan and Eisenstat (2017),

Balcilar et al. (2022), and Çepni et al. (2023).

To evaluate the impact of including it on forecast accuracy, we repeat the exercise using the

information set comprising yt, πt, and it (n = 3). The results show that including it improves

forecast performance for both variables, with larger gains observed for πt. At h = 1, VARMA(1,1)

and BMS are competitive for short-term yt forecasts, unlike in the previous information set. At

h = 4, the model ranking remains consistent with the previous information set.

We conduct a similar forecasting exercise for the n = 4 information set, and the results differ

clearly from those obtained with the previous systems. For short-term yt forecasts and long-term

forecasts of both variables, simpler models without TVP are now preferred. This suggests that

adding external variables reduces the need for more complex features to improve forecasting per-

formance, because the additional variables are informative. Another notable difference is that,

unlike in the n = 3 information set, models with TVP perform worse than the benchmark, suggest-

ing possible overfitting or a lower relevance of time-varying effects in the expanded information set.

Overall, BMS and the VARMA(1,1) model are sufficient to produce accurate forecasts. One possible

explanation is that the underlying data-generating process includes a significant MA component.

As a result, a VARMA model without additional features is sufficient to forecast the variables in

the information set accurately, as suggested by Athanasopoulos and Vahid (2008).

Finally, we conduct a forecasting exercise using the n = 6 information set, which adds ycht and

i∗t . to the previous set. The LPLs show that, at h = 1, 4, yt forecasts—but not πt forecasts—

outperform those from the n = 4 system, except for the VAR(2)-SV and VAR(3)-SV models.

The fact that adding these two external variables to an information set that already includes the

EPI improves Peruvian GDP forecasts suggests that not only international export prices, but also

external interest rates and foreign demand, are relevant and informative for the variables of interest.

The main results from the previous information sets remain: BMS and VARMA models perform

better for h = 1, 4 GDP growth forecasts and for h = 4 inflation forecasts, while VARMA-SV

models perform better for h = 1 inflation forecasts.

An additional result across all information sets is that, unlike VAR-SV models, which benefit

from the inclusion of TVP, as noted by D’Agostino et al. (2011) and Barnett et al. (2014), adding

TVP to VARMA-SV models does not necessarily increase LPLs for joint density forecasts. Chan

and Eisenstat (2017) suggest that this may reflect the nonlinearities introduced into the VAR

coefficients by time-varying MA coefficients. Thus, adding TVP to a VARMA-SV model may lead

to overfitting by introducing unnecessary complexity.

Contrary to Chan and Eisenstat (2017), who find that BMS is superior only at longer forecast

horizons, the BMS strategy is competitive across all variables, forecast horizons, and information

sets. A possible explanation is that the best-performing model may change over the forecast

evaluation period. A strategy that dynamically selects models based on recent forecast performance

can therefore deliver greater accuracy.

Figure 2 plots cumulative relative LPLs to show the evolution of this metric over the forecast

evaluation period. A notable result is that relative LPLs for yt forecasts dip around late 2008 and
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early 2009 before increasing significantly. This pattern suggests that, after that period, the models

increasingly outperform the RW benchmark, which was not observed beforehand. Thus, the models

appear to be more effective for yt forecasts after the GFC. However, this dip is not as pronounced

when considering πt forecasts. Instead, the relative LPLs for πt rise more steadily over time, except

for VAR-SV models.

4.3.2 Point Forecast Evaluation: Mean Squared Forecasts Errors

In this section, we assess the predictive performance of the competing models using the h-step-ahead

MSFE, defined as

MSFE =
1

T − t0

T∑
t=t0

(xot+h − xt+h)
2. (10)

The MSFEs are reported in Table 2 as the main entries.5 For h = 1 forecasts of both variables,

several models perform well, including the TVP-VARMA-SV model, the BMS procedure, and the

VARMA model. At short horizons, both TVP and SV contribute to point forecast accuracy. At

longer horizons, however, only the VARMA models and the BMS approach continue to produce

lower MSFEs, suggesting that simpler but well-specified structures tend to forecast more reliably

as the horizon increases.

Across all information sets and forecast horizons, the models with the lowest MSFEs almost

always include an MA component. This feature appears essential for capturing short-run dynamics

that are not well represented by AR terms alone. The importance of the MA term is consistent with

the results from the previous exercise and with Athanasopoulos and Vahid (2008), Athanasopoulos

et al. (2012), and Kascha and Trenkler (2014), who find that models with an MA component

generally deliver better forecast performance.

Figure 3 presents the h = 1 point forecasts for six models. Visual inspection suggests that

differences in point forecast performance across models are not immediately apparent. For yt, the

TVP-VARMA-SV model and the two VARMA-SV models track the observed values most closely.

For πt, all models display broadly comparable performance, particularly in the later part of the

sample. Notably, as the number of variables in the system increases—especially in the six-variable

system—the models track inflation more closely, suggesting that the additional variables provide

useful information for improving forecast accuracy. This pattern also holds for the h = 4 inflation

forecasts shown in Figure 4. However, visual comparisons between forecast plots and the observed

series provide only a rough diagnostic and do not reliably indicate forecast accuracy, as emphasized

by Hewamalage et al. (2023).

4.3.3 Point Forecast Evaluation: Theil’s U Statistic

In this section, we compare the point forecast performance of the competing models using the

forecast accuracy statistic of Theil (1966), commonly known as Theil’s U, defined as

U =

∑T
t=t0

(xot+h − xt+h)
2∑T

t=t0
(xot+h − xt)2

. (11)

5Table 2 also reports the 10% MCS (p)-values, shown in parentheses. The corresponding results are discussed in
Section 4.3.4.3.
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Theil’s U statistic is the ratio of the h-step-ahead MSFE from a given model to the MSFE of

a näıve forecast, in which the observed value at time t is used as the prediction for t+ h. A value

of U greater than 1 implies that the näıve forecast outperforms the model, whereas a value below

1 indicates that the model produces more accurate forecasts than the benchmark.

The U values are reported in Table 3. Overall, most models outperform the benchmark. The

gains are larger at h = 1 than at h = 4, consistent with the forecasting literature showing that näıve

or RW forecasts are particularly difficult to beat at longer horizons (Hewamalage et al., 2023).

Forecasting gains are also generally more pronounced for yt than for πt, in line with the previous

results. For πt, although many models have U < 1, the improvements are comparatively smaller.

This reflects the difficulty of outperforming the näıve forecast in a relatively stable IT regime.

Overall, models with an MA component deliver superior forecasting performance, consistent

with the findings in Section 4.3.1. This result is expected, given that Theil’s U is based on the

MSFE. For example, the TVP-VARMA(2,1)-SV model has U = 0.649 and U = 0.512 for short-term

(h = 1) forecasts of yt and πt respectively. The BMS strategy also remains competitive.

4.3.4 Additional Forecasting Accuracy Metrics

The following subsections present additional forecast evaluation tools: PIT histograms, raw-moments

tests, the MCS, and the Diebold-Mariano test. These procedures provide complementary evidence

that helps verify or, in some cases, qualify the conclusions drawn from the LPLs. Their role is

secondary, as these methods are better suited to higher-frequency data and, in this application, are

subject to sample-size limitations.

4.3.4.1 Density Forecast Evaluation: Probability Integral Transformation

We compare the density forecast performance of the competing models using the probability integral

transformation (PIT), first proposed by Rosenblatt (1952). An observation zt is transformed into

a PIT value using the density forecast as follows:

PITt = zt =

∫ zt+1

−∞
ft(u)du, (12)

where the PIT follows a U(0, 1) distribution if the density forecast is correctly calibrated. The

method therefore consists of a graphical assessment of whether the histogram is consistent with

the uniform distribution. A U-shaped PIT histogram indicates that the predictive distribution is

too narrow relative to the true distribution, whereas an inverted U-shape suggests that it is too

dispersed, as noted by Gneiting et al. (2007). The PIT histograms for yt and πt forecasts, reported

in the Appendix available upon request, show that, at first glance, none of the distributions appears

uniform.6 We therefore assess the histograms by counting how many bars fall within the confidence

bands.

The PIT histograms for the bivariate information set lead to two main conclusions. First, models

from the VARMA-SV family perform best for h = 1 forecasts for yt and πt. Second, for h = 4

forecasts, models without SV, MA, or both components are preferred. Both results hold across all

information sets. As more variables are added, the PIT histograms for both yt and πt forecasts

align more closely with the uniform distribution, a result consistent with the LPL evidence. The

6This occurs because the method is designed for financial time series and requires large sample sizes.
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strong performance of nonlinear models for short-term macroeconomic forecasts under PIT-based

evaluation is also found in US data (Arora et al., 2013; Diebold et al., 2017).

An additional finding is that the importance of the SV and MA components diminishes for πt
and yt forecasts at h = 4, where simpler models provide a better fit. Similar results are reported

by Athanasopoulos and Vahid (2008), Kascha and Trenkler (2014), and Diebold et al. (2017),

who show that the forecasting advantage of nonlinear models over linear models weakens at longer

horizons in US data.

4.3.4.2 Density Forecast Evaluation: Raw-Moments-Tests

We compare the density forecast performance of the competing models using the raw-moments tests

introduced by Knüppel (2015). This methodology uses the first four raw moments and has several

advantages over approaches based on estimated moments. It improves the detection of certain

types of misspecification. Moreover, while estimates of skewness and kurtosis can be biased in small

samples, even in the absence of correlation, raw moments remain unbiased. The approach is also

more computationally efficient. The raw-moments tests are applied to the S-PIT transformation of

the density forecast, defined as

S − PITt = st =
√
12

[
zt −

1

2

]
. (13)

The four theoretical moments, denotedmi, are thereforem1 = 0,m2 = 1,m3 = 0, andm4 = 1.8.

The statistics proposed by Knüppel (2015) are denoted α0
12, α

0
123, and α0

1234. For each statistic,

the null hypothesis is that the corresponding moments are equal to their theoretical values. For

example, for α0
1234, the null is that the first four moments match their theoretical values. Rejection

of the null indicates model miscalibration.7

Table 4 reports the results of the raw-moments tests for each information set. The three columns

report the p-values of the α0
12, α

0
123, and α

0
1234 statistics for yt and πt. An important result is that, in

many cases, a model may fail to reject the α0
12 null but still reject the α

0
123 and α

0
1234 nulls, suggesting

that the third and fourth moments reveal model miscalibration. This finding supports the use of

raw-moments tests over PIT histograms, as the latter rely mainly on the first two moments. By

incorporating higher-order moments, raw-moments tests provide a more comprehensive assessment

of model performance, especially in identifying miscalibration arising from higher moments.

The first result from Table 4 is that, for h = 1 forecasts of yt and πt, no more than one of

the sixteen models rejects the null hypotheses across information sets. This suggests that, at short

forecast horizons, differences in predictive performance across models are relatively small, making

Knüppel’s (2015) tests unable to detect significant miscalibration. Similarly, for h = 4 forecasts

of πt using the n = 2 information set, only one model rejects any of the null hypotheses. For the

other information sets, however, several models do. This suggests that the additional variables are

informative for the two variables of interest, allowing the tests to identify miscalibrated models.

Regarding the best-performing models, the h = 4 forecasts of yt show that TVP-VARMA-

SV models and simpler models, such as VAR and VARMA, are correctly calibrated across all

information sets. A similar pattern is observed for the h = 4 forecasts of πt , where the absence of

miscalibration also extends to the BMS strategy. The correct calibration of both highly nonlinear

7Knüppel (2015) notes that these tests have sufficient power when the sample exceeds 200 observations, whereas
our sample contains only 76.
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and linear models under Knüppel’s (2015) tests is also found by De Castro and Aiube (2023) using

Brazilian data.

4.3.4.3 Point Forecast Evaluation: The Model Confidence Set

In this section, building on the results from Section 4.3.2, we assess the relative forecast accuracy

of the models using the 10% model confidence set (MCS) procedure introduced by Hansen et al.

(2011). This procedure uses a sequence of tests to construct a superior set of models for which

the null hypothesis of equal predictive ability (EPA) is not rejected at a given confidence level.

In essence, the MCS identifies the group of models with statistically indistinguishable forecasting

performance. This approach has advantages over conventional tests because it does not require a

benchmark model and allows for multiple best-performing models.

The procedure begins with an initial set of competing models, M0, consisting of m models. The

out-of-sample forecast loss, in our case the MSFE, is denoted by Lu,t for model u. For any two

models in M0, the relative loss is duv,t= Lu,t − Lv,t, and the average loss differential of model u

relative to all other models is du,t= (m−1)−1
∑

v∈M duv,t. The superior set of models, M∗ , is then

defined as the set of models that are not statistically worse than any other model in the set:

M∗ = {u ∈M0 : E(duv,t) ≤ 0 ∀v ∈M0} . (14)

The EPA null hypothesis is H0,M : E[duv,t] = 0 ∀u ∈ M , while the alternative is HA,M :

E[duv,t] ̸= 0 ∀u ∈M, where M is a subset of M0. Thus, the test evaluates whether the average loss

differentials across models in the set are zero. If the null is rejected, at least one model in M is

inferior, and the model contributing most to the rejection is eliminated from the set. This process

is repeated until M is equal to M̂∗
(1−α), where M̂

∗
(1−α) is the MCS at at confidence level α.

Hansen et al. (2011) define several statistics for the sequential testing of the EPA hypothesis.

We use TMAX,M = maxu∈M tu, where

tu =
d̄u√

v̂ar(d̄u)
, (15)

and d̄u = (m − 1)−1
∑

v∈M duv,t measures the average loss of model u relative to all other models

in M , while v̂ar(d̄u) is a bootstrapped estimate of var(d̄u). For a significance level α, a model is

included in the MCS if its p-value is greater than α; otherwise, it is excluded.8

The results are reported in Table 2, where MCS p-values at the 10% significance level are shown

in parentheses and the main entries correspond to MSFEs. At first glance, and similarly to the

raw-moments test results, almost all models are included in the 10% MCS for h = 1 forecasts of

both variables of interest across all information sets. A plausible explanation is that differences in

point forecast performance across models are not large enough for the MCS procedure to exclude

poorly performing models. For this reason, we rely on the h = 4 results to draw conclusions about

performance at longer horizons, as the procedure is less able to distinguish among models at shorter

horizons.

When the MCS becomes sufficiently selective—that is, when it includes only a reduced subset

of models—its composition reveals important patterns. For h = 4 forecasts of yt, the models

consistently included across all information sets are VARMA, VARMA-SV, and BMS models. This

8Hansen et al. (2011) point out that the method performs best with more than 500 observations.
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pattern is consistent with the findings from the other forecast performance metrics. By contrast, for

h = 4 forecasts of πt, the MCS is sufficiently selective only in the n = 6 information set, indicating

that the additional variables provide valuable information about the variable of interest. In this

case, the MCS includes generally simpler models: RW, VAR, VARMA, and BMS. This suggests

that simpler models tend to perform better at longer horizons, consistent with the LPL results.

Similar findings have been reported in the literature, including Marcellino (2007).

4.3.4.4 Point Forecast Evaluation: Diebold-Mariano (DM) Test

In this section, we compare the point forecast performance of the competing models using the

Diebold and Mariano (1995) test, which statistically compares the predictive accuracy of two fore-

casting models. Given two competing models with out-of-sample forecast losses Lu,t and Lv,t, in

our case squared forecast errors, and loss differential dt = Lu,t−Lv,t, the DM test evaluates the null

hypothesis that the two models have equal expected loss. The null hypothesis is H0,M : E[dt] = 0,

and the alternative is H0,M : E[dt] ̸= 0. The DM statistic, denoted S, is then constructed as

S =
d̄√
v̂ar(d̄)

T

, (16)

where d = 1
T

∑T
t=1 dt is the mean loss differential and v̂ar(d̄) is the estimated variance of d. At

significance level α, a p-value below α leads to rejection of the null hypothesis, indicating that the

two models differ significantly in predictive accuracy.9 It is important to note that the DM test has

been subject to criticism. Costantini and Kunst (2011) highlight a bias in favor of the benchmark

model, as the test often requires substantial evidence to reject the null hypothesis. Moreover,

in practical forecasting applications, the assumption that two competing models have identical

forecast errors is rarely realistic, which may make the null hypothesis potentially misleading.

Table 5 reports the p-values from the DM test for forecasts of yt and πt across all informa-

tion sets. Consistent with the findings from previous sections, models with an MA component,

particularly VARMA and VARMA-SV models, tend to deliver better forecast performance across

information sets, with gains being more pronounced for yt forecasts. Similar to the LPL results,

models with TVP rarely outperform the RW benchmark. Forecasting πt also appears to be more

challenging, as fewer models significantly outperform the benchmark than in the case of yt, a result

also found in the previous exercises.

5 Forecasting Peruvian Exchange Rate Growth

As an exploratory extension, we apply the same models and forecast performance metrics to Pe-

ruvian sol–US dollar exchange rate growth, denoted et, to assess whether the patterns found for

yt and πt forecasts also appear in et forecasts. To do so, we replace it with et in the n = 3, 4, 6

information sets, yielding three alternative information sets denoted n̂ = 3, 4, 6.

This exercise is particularly relevant for Peru, where the sol operates under a dirty float regime:

the BCRP allows the exchange rate to respond to market forces but intervenes to smooth sharp

fluctuations. In this context, the exchange rate is an important variable because it is the main

channel through which external shocks are transmitted to other Peruvian macroeconomic variables

9Diebold and Mariano (1995) indicate that, with (\alpha = 0.1), at least 128 observations are needed for acceptable
power.
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(Rodŕıguez et al., 2024). As a result, et reflects both global conditions and monetary policy patterns,

making its behavior time-varying. This setting is well suited to the TVP-VARMA-SV framework,

in which short-lived dynamics from external shocks are captured by the MA component, shifts in

policy and structure by the TVP component, and changes in volatility—especially during periods of

stress—by the SV component. Still, this section is intended as a complementary exercise to assess

the broader applicability of the framework, rather than as a comprehensive study of exchange rate

forecasting.

Exchange rate forecasts may benefit from methods better suited to high-frequency data, given

the nature of exchange rates as financial time series. However, empirical research also suggests

that incorporating lower-frequency macroeconomic variables, such as GDP or external factors, can

improve accuracy (Dal Bianco et al., 2012; Baku, 2019).

Table 6 reports the relative LPLs for et forecasts. Forecast performance is strongest at h = 1

and for the n̂ = 3, 4 information sets. VARMA models, with or without SV, consistently have

the highest relative LPLs in these cases, consistent with Newaz (2008). At h = 4, the results

are more mixed: some VARMA, VAR, and BMS models remain competitive, but performance is

less stable. Another notable finding is that expanding the information set worsens short-term et
forecast performance. For the best-performing et forecast models, relative LPLs fall from 7.13 with

the n = 3 information set to 5.52 and 2.02 with the n = 4, 6 information sets, respectively.

The MSFEs in Table 7 show that, across all information sets and horizons, the best or second-

best forecasts always come from models with an MA component. Forecast accuracy deteriorates

as the information set expands, particularly at h = 1, reinforcing the view that larger systems

introduce noise into et forecasts.

The 10% MCS p-values are also reported in Table 7. Consistent with the previous exercises,

nearly all models are included in the 10% MCS at h = 1 for et forecasts. This is not the case at

h = 4, suggesting that, at longer horizons, the models included in the MCS have a statistically

significant forecast performance advantage over the others.

Table 8 shows that, at h = 1, the RW benchmark is outperformed only marginally, with U values

close to 1. At h = 4, the largest improvements come from the TVP-VARMA-SV model, which yields

U values close to 0.5 across information sets. However, performance worsens in the n̂ = 6 system,

where many models yield U values above 1. Although other metrics point to meaningful gains from

models with an MA component, Theil’s U shows only marginal improvements in most cases, as its

relative scale can downplay small but statistically significant reductions in forecast errors.

The PIT histograms for yt, πt, and et are reported in the Appendix available upon request.

The most immediate finding is that VARMA-SV models consistently provide a better fit to the

uniform distribution across forecast horizons and information sets. In some cases, models with

TVP also perform best. Still, most PIT histograms show signs of miscalibration, although this

may partly reflect limitations of the PIT methodology itself, which are addressed by Knüppel’s

(2015) raw-moments tests.

Table 9 reports the p-values of Knüppel’s (2015) raw-moments-tests for forecasts of yt, πt, and

et. In line with the results for yt and πt forecasts in previous exercises, no more than one of

the sixteen models rejects the null hypothesis at h = 1 for et forecasts. Similarly, focusing on

the best-performing models, the analysis of h = 4 forecasts for et indicates that both the TVP-

VARMA-SV model and simpler alternatives, such as VAR and VARMA models, show no evidence

of miscalibration.

Table 10 reports the p-values from the DM test for all competing models and information
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sets. At h = 1, many VAR and VARMA specifications in the n̂ = 3 system significantly outper-

form the RW benchmark. At h = 4, the improvements are even more pronounced, especially for

TVP-VARMA-SV models, which consistently deliver highly significant rejections across systems.

However, in the n̂ = 4, 6 systems, most models fail to reject the null, with only a few models with

an MA component showing evidence of superior predictive accuracy.

Across all measures, three main results emerge. First, VARMA models consistently rank among

the best performers, regardless of horizon or information set. Second, at h = 4, the TVP-VARMA-

SV model delivers the largest gains, although accuracy weakens and results are less stable across

metrics. Third, expanding the information set generally worsens forecast performance, suggesting

that additional variables introduce noise into et forecasts, a result consistent with Engel et al. (2007)

and Engel et al. (2015). Overall, better et forecasts for Peru are obtained from relatively simple

models that capture short-run dynamics. Adding more variables does not improve performance,

whereas TVP and SV add value at the four-quarter horizon.

6 Conclusions

This study assesses the forecast gains delivered by the TVP-VARMA-SV family of models proposed

by Chan and Eisenstat (2017) for forecasting Peru’s πt and yt over 1994Q1–2019Q4. The perfor-

mance of this model family is compared with that of a standard VARMA model, two VARMA

models with different SV specifications, a VAR-SV model, a VAR model, and an RW benchmark.

To this end, we conduct a recursive out-of-sample density forecast evaluation using LPLs for h = 1, 4

across four information sets. We also evaluate forecast performance using MSFEs, Theil’s U statis-

tic, PIT histograms, Knüppel’s raw-moments tests, the MCS procedure, and the Diebold-Mariano

test.

The main conclusions are based on the LPLs, which provide the most reliable measure of model

performance in this application. The remaining forecast evaluation metrics serve as secondary

checks. Some of these metrics are sensitive to sample size, so their results should be interpreted as

complementary rather than definitive. They may either reinforce or qualify the conclusions drawn

from the LPLs..

The LPLs show that including MA components improves forecast performance, particularly

when the interest rate is included in the information set. For h = 1 forecasts, models with MA,

SV, or both components are preferred, while at longer horizons simpler models such as VARMA

perform better. The gains from incorporating MA or SV features also become more pronounced

after the GFC. Overall, the best-performing models across horizons and information sets include

an MA component and, in some cases, an SV feature. Notably, the top-performing model does not

necessarily include TVP.

The MSFEs reinforce this pattern: models with an MA component are consistently among the

strongest performers. Theil’s U statistic further indicates that most models outperform the näıve

benchmark at h = 1, especially those with MA terms, such as VARMA and VARMA-SV models.

Four additional forecast evaluation metrics support these results. Taken together, they indi-

cate that models incorporating an MA component generally produce more accurate forecasts than

models without one.

An additional result is that the BMS strategy provides a competitive alternative to relying on

any single model. A possible explanation is that the best-performing model may not remain stable

throughout the forecast evaluation period. A strategy that dynamically selects models based on
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forecast performance over the most recent eight quarters can therefore improve accuracy. In this

sense, BMS serves as a hedge against model misspecification, preserving robustness across horizons

and variables.

As an exploratory exercise, the exchange rate forecasting results show that VARMA models

consistently rank among the best performers for et. For h = 4 forecasts, unlike the results for πt
and yt, the TVP-VARMA-SV model delivers the largest gains relative to the benchmark. Moreover,

keeping the system small (n = 3) yields better results than expanding it, as additional variables

tend to reduce forecast accuracy across performance metrics.
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[15] Castillo, P., Pérez Forero, F., and Tuesta, V. (2011). Los mecanismos de transmisión de la
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Table 2. MSFEs and 10% MCS p-values for GDP Growth and Inflation Forecasts

n = 2 n = 3

h h = 1 h = 4 h = 1 h = 4

Model yt πt yt πt yt πt yt πt

RW 3.427

(0.760a)

0.616

(0.101a)

15.622

(0.095)

4.460

(0.000)

3.433

(0.872a)

0.613

(0.098)

15.644

(0.098)

4.488

(0.184a)

VAR(1) 3.593

(0.657a)

0.656

(0.143a)

11.677

(0.956a)

3.425

(0.945a)

3.588

(0.834a)

0.633

(0.123a)

11.186

(0.879a)

3.480

(0.779a)

VARMA(1,1) 3.593

(0.625a)

0.481

(0.784a)

11.784

(0.969a)

3.277

(1.000a,b)

3.343

(0.734a)

0.470

(0.824a)

10.719

(1.000a,b)

3.168

(0.833a)

VAR(2) 3.548

(0.660a)

0.467

(0.767a)

12.570

(0.873a)

3.660

(0.644a)

3.496

(0.851a)

0.491

(0.864a)

11.432

(0.795a)

4.220

(0.035)

VAR(2)-SV 3.481

(0.702a)

0.468

(0.798a)

12.061

(0.981a)

3.559

(0.928a)

3.423

(0.861a)

0.492

(0.848a)

11.270

(0.847a)

3.929

(0.254a)

VARMA(2,1) 3.561

(0.640a)

0.461

(0.713a)

12.559

(0.736a)

3.373

(0.979a)

3.522

(0.832a)

0.477

(0.881a)

11.279

(0.939a)

3.654

(0.702a)

VARMA(2,1)-SV1 3.580

(0.573a)

0.460

(0.614a)

12.560

(0.785a)

3.560

(0.929a)

3.441

(0.875a)

0.473

(0.877a)

11.465

(0.780a)

3.831

(0.462a)

VARMA(2,1)-SV2 3.561

(0.629a)

0.461

(0.660a)

12.611

(0.701a)

3.581

(0.853a)

3.376

(0.850a)

0.470

(0.884a)

11.314

(0.823a)

3.813

(0.566a)

TVP-VARMA(2,1)-SV 3.380

(0.565a)

0.442

(1.000a,b)

32.927

(0.000)

9.083

(0.000)

3.417

(0.883a)

0.454

(1.000a,b)

32.910

(0.000)

9.081

(0.002)

VAR(3) 3.905

(0.365a)

0.507

(0.296a)

14.759

(0.125a)

4.102

(0.001)

4.219

(0.293a)

0.534

(0.164a)

14.238

(0.034)

4.312

(0.106a)

VAR(3)-SV 3.835

(0.444a)

0.506

(0.213a)

14.245

(0.121a)

3.931

(0.066)

4.128

(0.450a)

0.536

(0.126a)

13.915

(0.014)

4.172

(0.174a)

VARMA(3,1) 3.949

(0.310a)

0.490

(0.810a)

14.872

(0.010)

3.744

(0.318a)

4.283

(0.351a)

0.524

(0.575a)

14.096

(0.098)

4.020

(0.367a)

VARMA(3,1)-SV1 3.976

(0.236a)

0.492

(0.804a)

14.757

(0.003)

3.960

(0.001)

4.094

(0.578a)

0.521

(0.366a)

13.806

(0.653a)

4.143

(0.254a)

VARMA(3,1)-SV2 3.971

(0.268a)

0.496

(0.495a)

14.754

(0.037)

3.953

(0.009)

4.128

(0.494a)

0.514

(0.849a)

14.315

(0.008)

4.123

(0.291a)

TVP-VARMA(3,1)-SV 3.589

(0.603a)

0.453

(0.565a)

32.918

(0.000)

9.085

(0.000)

4.029

(0.693a)

0.460

(0.765a)

32.909

(0.000)

9.084

(0.000)

BMS 3.258

(1.000a,b)

0.498

(0.686a)

11.559

(1.000a,b)

3.371

(0.912a)

3.242

(1.000a,b)

0.521

(0.256a)

10.725

(0.998a)

2.998

(1.000a.b)

The MSFE values are reported as main entries, with the 10% MCS p-values in parentheses. Models that do not reject the null
hypothesis, thus included on the 10% MCS, are in blue and marked with (a), while models excluded from the 10% MCS are
shown in red. The model with the lowest MSFE is highlighted in bold, double underlined, and marked with (b), and the

model with the second-lowest MSFE is single underlined.
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Table 2 (cont.). MSFEs and 10% MCS p-values for GDP Growth and Inflation Forecasts

n = 4 n = 6

h h = 1 h = 4 h = 1 h = 4

Model yt πt yt πt yt πt yt πt

RW 3.444
(0.916a)

0.614
(0.565a)

15.655
(0.122a)

4.474
(0.366a)

3.420
(0.162a)

0.615
(1.000a,b)

15.637
(0.002)

4.495
(0.217a)

VAR(1) 3.484
(0.783a)

0.669
(0.278a)

11.320
(0.720a)

3.928
(0.714a)

2.992
(0.569a)

0.873
(0.532a)

9.930
(0.002)

4.558
(0.167a)

VARMA(1,1) 3.237
(1.000a.b)

0.496
(1.000a.b)

10.752
(1.000a.b)

3.551
(1.000a.b)

2.790
(0.617a)

0.661
(0.913a)

8.544
(0.192a)

3.920
(0.315a)

VAR(2) 3.637
(0.319a)

0.647
(0.300a)

12.701
(0.450a)

5.468
(0.388a)

3.132
(0.233a)

0.801
(0.708a)

6.584
(0.867a)

6.795
(0.043)

VAR(2)-SV 3.564
(0.528a)

0.660
(0.166a)

12.279
(0.470a)

5.141
(0.376a)

3.332
(0.155a)

1.317
(0.218a)

7.535
(0.561a)

5.451
(0.150a)

VARMA(2,1) 3.648
(0.305a)

0.621
(0.517a)

12.183
(0.542a)

4.787
(0.394a)

3.134
(0.232a)

0.786
(0.670a)

6.217
(0.893a)

5.786
(0.052)

VARMA(2,1)-SV1 3.620
(0.312a)

0.608
(0.543a)

12.269
(0.464a)

5.248
(0.389a)

3.152
(0.236a)

0.742
(0.869a)

6.232
(0.979a)

6.252
(0.048)

VARMA(2,1)-SV2 3.568
(0.339a)

0.609
(0.525a)

12.460
(0.466a)

5.159
(0.383a)

3.077
(0.452a)

0.753
(0.785a)

6.290
(0.972a)

6.213
(0.046)

TVP-VARMA(2,1)-SV 3.659
(0.353a)

0.516
(0.747a)

32.907
(0.003)

9.079
(0.179a)

3.282
(0.247a)

0.632
(0.872a)

32.911
(0.000)

9.083
(0.004)

VAR(3) 4.329
(0.104a)

0.711
(0.087)

14.890
(0.116a)

5.993
(0.418a)

3.779
(0.109a)

0.920
(0.361a)

6.287
(0.966a)

8.030
(0.001)

VAR(3)-SV 4.271
(0.107a)

0.715
(0.098)

14.604
(0.120a)

5.834
(0.417a)

3.794
(0.110a)

1.528
(0.088)

8.034
(0.091)

6.117
(0.050)

VARMA(3,1) 4.268
(0.111a)

0.678
(0.208a)

14.778
(0.119a)

5.425
(0.379a)

3.785
(0.107a)

0.881
(0.390a)

6.148
(1.000a,b)

7.126
(0.039)

VARMA(3,1)-SV1 4.171
(0.116a)

0.667
(0.308a)

13.770
(0.440a)

5.733
(0.403a)

3.789
(0.135a)

0.863
(0.431a)

6.538
(0.866a)

7.478
(0.005)

VARMA(3,1)-SV2 4.166
(0.131a)

0.678
(0.123a)

14.089
(0.401a)

5.734
(0.398a)

3.818
(0.119a)

0.860
(0.481a)

6.639
(0.753a)

7.428
(0.005)

TVP-VARMA(3,1)-SV 4.644
(0.151a)

0.562
(0.860a)

32.908
(0.000)

9.080
(0.070)

4.661
(0.092a)

0.673
(0.931a)

32.914
(0.000)

9.085
(0.001)

BMS 3.262
(0.946a)

0.525
(0.889a)

11.207
(0.842a)

4.301
(0.421a)

2.654
(1.000a,b)

0.692
(0.918a)

6.495
(0.938a)

3.149
(1.000a,b)

The MSFE values are reported as main entries, with the 10% MCS p-values in parentheses. Models that do not reject the null
hypothesis, thus included on the 10% MCS, are in blue and marked with (a), while models excluded from the 10% MCS are
shown in red. The model with the lowest MSFE is highlighted in bold, double underlined, and marked with (b), and the

model with the second-lowest MSFE is single underlined.
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Table 6. Relative LPLs of Exchange Rate Forecasts

n̂ = 3 n̂ = 4 n̂ = 6

h h = 1 h = 4 h = 1 h = 4 h = 1 h = 4

VAR(1) 0.27 -1.52 0.34 1.06 -2.27 -10.67

VARMA(1,1) 4.64 3.41 5.52 5.38 2.02 -10.65

VAR(2) 6.34 6.92 3.42 2.75 0.76 -3.32

VAR(2)-SV -1.93 6.61 -12.45 -3.82 -103.68 -70.26

VARMA(2,1) 6.53 7.63 4.09 2.40 1.71 -3.22

VARMA(2,1)-SV1 6.78 8.01 4.12 2.12 1.77 -3.53

VARMA(2,1)-SV2 7.13 7.82 4.18 2.45 1.41 -3.89

TVP-VARMA(2,1)-SV 5.25 -13.13 0.35 -13.60 -3.22 -16.56

VAR(3) 1.75 4.99 -0.50 3.00 -2.00 -2.66

VAR(3)-SV -5.00 3.85 -15.54 -5.49 -101.34 -70.15

VARMA(3,1) 2.37 5.59 -0.53 3.10 -2.25 -2.35

VARMA(3,1)-SV1 2.32 3.84 -0.77 1.69 -3.13 -4.67

VARMA(3,1)-SV2 3.20 3.99 -0.50 1.82 -3.00 -4.55

TVP-VARMA(3,1)-SV -0.15 -17.75 -6.29 -16.37 -9.18 -20.58

BMS 3.76 6.97 1.07 13.75 -4.37 7.00

For each model, we obtain a total of 20,000 final posterior draws. Each relative LPL is calculated as the difference between
the model’s LPL and that of a benchmark random walk. Therefore, a higher relative LPL implies better forecasting

performance, while a negative value indicates a performance worse than the benchmark. The highest LPLs are highlighted in
bold, blue, and double underlined, while the second-highest values are marked with a single underline.
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Table 7. MSFEs and 10% MCS for Exchange Rate Forecasts

n̂ = 3 n̂ = 4 n̂ = 6

h h = 1 h = 4 h = 1 h = 4 h = 1 h = 4

RW 11.270

(0.007)

55.557

(0.046)

11.278

(0.468a)

55.607

(0.134a)

11.263

(1.000a,b)

55.468

(0.005)

VAR(1) 11.368

(0.008)

42.427

(0.085)

11.377

(0.319a)

42.441

(0.183a)

13.486

(0.767a)

56.794

(0.011)

VARMA(1,1) 10.213

(0.275a)

40.383

(0.085)

10.615

(0.518a)

54.178

(0.163a)

12.867

(0.790a)

29.464

(1.000a,b)

VAR(2)| 9.747

(0.530a)

44.717

(0.053)

12.361

(0.373a)

58.457

(0.183a)

14.944

(0.058)

29.472

(0.306a)

VAR(2)-SV 9.630

(1.000a,b)

43.885

(0.068)

10.834

(0.733a)

53.110

(0.152a)

13.555

(0.719a)

49.147

(0.008)

VARMA(2,1) 9.822

(0.551a)

44.336

(0.047)

12.747

(0.078)

58.185

(0.176a)

12.129

(0.837a)

60.550

(0.011)

VARMA(2,1)-SV1 9.726

(0.598a)

45.213

(0.046)

9.988

(1.000a,b)

39.835

(0.192a)

14.899

(0.196a)

51.955

(0.004)

VARMA(2,1)-SV2 9.669

(0.792a)

45.432

(0.046)

10.704

(0.669a)

54.411

(0.145a)

13.734

(0.720a)

64.962

(0.004)

TVP-VARMA(2,1)-SV 10.443

(0.172a)

29.444

(1.000a,b)

12.624

(0.321a)

60.172

(0.137a)

16.984

(0.028)

58.583

(0.002)

VAR(3) 10.976

(0.013)

49.888

(0.046)

10.635

(0.635a)

56.385

(0.174a)

12.082

(0.795a)

47.433

(0.009)

VAR(3)-SV 10.906

(0.009)

48.850

(0.046)

12.642

(0.103a)

61.748

(0.161a)

12.065

(0.665a)

59.516

(0.007)

VARMA(3,1) 10.880

(0.022)

49.721

(0.046)

10.621

(0.597a)

56.046

(0.176a)

12.039

(0.630a)

61.403

(0.012)

VARMA(3,1)-SV1 10.884

(0.006)

51.382

(0.046)

12.540

(0.158a)

61.898

(0.171a)

12.106

(0.803a)

61.766

(0.014)

VARMA(3,1)-SV2 10.702

(0.025)

51.312

(0.046)

11.234

(0.514a)

29.461

(1.000a,b)

13.822

(0.500a)

64.958

(0.011)

TVP-VARMA(3,1)-SV 11.910

(0.007)

29.460

(0.099a)

13.519

(0.063)

29.468

(0.569a)

14.116

(0.077)

67.121

(0.015)

BMS 10.645

(0.069)

45.345

(0.085)

11.386

(0.331a)

52.912

(0.189a)

14.090

(0.104a)

67.076

(0.014)

The MSFE values are reported as main entries, with the 10% MCS p-values in parentheses. Models that do not reject the null
hypothesis, thus included on the 10% MCS, are in blue and marked with (a), while models excluded from the 10% MCS are
shown in red. The model with the lowest MSFE is highlighted in bold, double underlined, and marked with (b), and the

model with the second-lowest MSFE is single underlined.
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Table 8. Theil’s U statistic for Exchange Rate Forecasts

n̂ = 3 n̂ = 4 n̂ = 6
h h = 1 h = 4 h = 1 h = 4 h = 1 h = 4

RW 0.998 1.000 0.999 1.001 0.998 0.999

VAR(1) 1.007 0.764 1.008 0.764 1.201 0.885

VARMA(1,1) 0.905 0.727 0.885 0.717 1.070 0.854

VAR(2) 0.863 0.805 0.940 0.975 1.074 1.090

VAR(2)-SV 0.853 0.790 0.960 0.956 1.320 0.935

VARMA(2,1) 0.870 0.798 0.948 0.980 1.069 1.071

VARMA(2,1)-SV1 0.861 0.814 0.942 1.015 1.066 1.105

VARMA(2,1)-SV2 0.856 0.818 0.941 1.009 1.072 1.112

TVP-VARMA(2,1)-SV 0.925 0.530 0.995 0.530 1.140 0.530

VAR(3) 0.972 0.898 1.095 1.052 1.216 1.169

VAR(3)-SV 0.966 0.879 1.129 1.047 1.504 1.055

VARMA(3,1) 0.964 0.895 1.118 1.083 1.224 1.169

VARMA(3,1)-SV1 0.964 0.925 1.120 1.112 1.250 1.208

VARMA(3,1)-SV2 0.948 0.924 1.111 1.114 1.248 1.207

TVP-VARMA(3,1)-SV 1.055 0.530 1.197 0.531 1.324 0.531

BMS 0.943 0.816 1.008 0.953 1.194 1.022

Each U statistic is calculated using the naive model, where the observed value at time t serves as the prediction for t+ h, as
the benchmark. Values below 1 indicate improved performance relative to the benchmark and are blue.
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Table 10. Diebold-Mariano test’s p-values for Exchange Rate Forecasts

n̂ = 3 n̂ = 4 n̂ = 6
h h = 1 h = 4 h = 1 h = 4 h = 1 h = 4

VAR(1) 0.000a 0.000a 0.001a 0.000a 0.057c 0.023b

VARMA(1,1) 0.000a 0.000a 0.005a 0.000a 0.051c 0.013b

VAR(2) 0.012b 0.000a 0.602 0.162 0.808 0.404

VAR(2)-SV 0.009a 0.000a 0.900 0.128 0.005a 0.035b

VARMA(2,1) 0.015b 0.000a 0.735 0.166 0.812 0.318

VARMA(2,1)-SV1 0.014b 0.000a 0.785 0.340 0.821 0.511

VARMA(2,1)-SV2 0.010b 0.000a 0.743 0.319 0.838 0.525

TVP-VARMA(2,1)-SV 0.003a 0.000a 0.449 0.000a 0.852 0.000a

VAR(3) 0.118 0.001a 0.852 0.598 0.749 0.838

VAR(3)-SV 0.100 0.001a 0.672 0.575 0.008a 0.104

VARMA(3,1) 0.142 0.001a 0.718 0.571 0.663 0.767

VARMA(3,1)-SV1 0.148 0.002a 0.689 0.757 0.624 0.996

VARMA(3,1)-SV2 0.105 0.002a 0.690 0.763 0.626 0.989

TVP-VARMA(3,1)-SV 0.089c 0.000a 0.694 0.000a 0.344 0.000a

BMS 0.032b 0.000a 0.662 0.595 0.673 0.373

Each column corresponds to the p-values of the Diebold-Mariano test, comparing each model to the random walk model. The
models that reject the null hypothesis, and thus show a statistically significant difference in accuracy than the benchmark, are

red. An a, b or c denotes rejection at 1%, 5% and 10% confidence level, respectively.
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