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Abstract 

This thesis presents three chapters about forward-looking indicators. In the first two 

chapters, we propose a factor augmented VAR that combines Nelson and Siegel yield 

curve factors and principal components extracted from a large dataset. We find that the 

factor augmented VAR models do a very good job in fitting the level, slope and curvature 

of the yield curve. The out-of-sample forecasting using principal components beats 

consistently the predictions from autoregressive and extant literature models in the short- 

and long-term horizons. We apply this methodology for Brazilian and US economy in the 

first and second chapter, respectively. Despite the differences between these countries, 

the results are quite similar. Additionally, we show that forecasting improvement comes 

from the nature of our dataset that gather mainly forward-looking series. In the last 

chapter, we study the behavior of macroeconomic predictions made by professional 

forecasters, specifically, 1-year inflation expectation. We conclude that apart of biased 

and inefficient forecasting, forecasters misestimate the inflation seasonality. This 

conclusion is not a country specific. We find seasonality in 1-year inflation for Brazil, 

Chile, Israel, New Zealand, US and Euro Zone. 

 

 

 

Keywords: factor-augmented VAR, forecasting, yield curve, inflation, seasonality 

 

 

 

 

 

 

 

 

 

 



 
 

Resumo 

Esta tese apresenta três capítulos sobre indicadores antecedentes. Nos dois primeiros, 

propomos um modelo VAR aumentado por fatores, que combina os fatores latentes da 

curva de juros sugerido por Nelson e Siegel com os principais componentes extraídos 

de uma ampla base de dados. O modelo VAR aumentado por fatores apresenta um bom 

ajuste para o nível, inclinação e curvatura da curva de juros. As projeções fora da 

amostra para o modelo com principais componentes é significativamente superior às 

previsões feitas pelos modelos auto-regressivos e pelos sugeridos na literatura, tanto 

nos horizontes de curto e de longo prazo. Aplicamos esta metodologia para o Brasil e 

os Estados Unidos no primeiro e segundo capítulo, respectivamente. Apesar das 

diferenças entre estes países, os resultados encontrados são semelhantes. 

Adicionalmente, mostramos que a melhora nas projeções é resultado da natureza da 

nossa base de dados, que coleta indicadores antecedentes. No último capítulo, 

discutimos o comportamento de projeções macroeconômicas feitas por analistas 

profissionais, especificamente, as estimações para a inflação 1 ano à frente. Concluímos 

que além das previsões serem viesadas e ineficientes, os analistas erram a estimação 

da sazonalidade da inflação. Esta conclusão não é algo específico para um único país. 

Encontramos sazonalidade na expectativa de inflação 1 ano à frente para o Brasil, Chile, 

Israel, Nova Zelândia, Estados Unidos e Zona do Euro.  
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Chapter 1 
 

Forecasting the Brazilian Yield Curve Using Forward-

Looking Variables1,2 

 

 
 

 

Abstract: This paper proposes a forecasting model that combines a factor augmented 

VAR (FAVAR) methodology with the Nelson and Siegel (NS) parametrization of the yield 

curve to predict the Brazilian term structure of interest rates. Importantly, we extract the 

principal components for the FAVAR from a large data set containing forward-looking 

macroeconomic and financial variables. Our forecasting model significantly improves the 

predicting accuracy of extant models in the literature, particularly at short-term horizons. 

For instance, the mean absolute forecast errors are 15-40% lower than the random walk 

benchmark on predictions at the three-month horizon. The out-of-sample analysis shows 

that including forward-looking indicators is the key to improve the predictive ability of the 

model. 

 

 

 

JEL classification: E58, C38, E47 

Keywords: bonds, factor-augmented VAR, forecasting, term structure, yield curve 

 

                                                           
1 This paper is published on International Journal of Forecasting, 33 (2017), page 121-131 
2 We are grateful to seminar participants at the Meetings of the Brazilian Finance Society and to Caio 
Almeida for sharing the code to estimate Moench’s (2008) model. 
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1. Introduction 

The yield curve of treasury bonds plays a central role in pricing financial assets and in 

shaping market expectations. As such, accurate forecasts of the yield curve are of great 

importance for the Treasury, central bankers and market participants in general. 

Unfortunately, extant models in the literature are not able to consistently outperform the 

random walk benchmark at short horizons and, at the same time, provide good forecasts 

at longer horizons. 

In this paper, we propose a forecasting strategy for the yield curve that achieves this. 

We provide out-of-sample evidence that our forecasting model improves on the random 

walk benchmark at short-horizons (as early as one-month ahead) and, at the same time, 

provide more accurate forecasts than extant models at longer horizons. The key 

ingredient of our strategy is to rely on a comprehensive data set of macroeconomic and 

financial variables that are mostly forward-looking variables. In particular, we proceed in 

three steps. In the first, we estimate the entire yield curve using the Nelson and Siegel 

(NS) parametrization of the yield curve. The NS parametrization successfully summarize 

the variation of yield curve by the level, slope and curvature factors. In the second stage, 

we predict the future path of these factors using a comprehensive data set of 

macroeconomic and financial variables by estimating a Factor Augmented VAR 

(FAVAR) model. Finally, we form forecasts of the yield curve for each maturity at different 

horizons using the predicted evolution of the level, slope and curvature factors. 

To ensure real time forecasts, we redo these three steps at every prediction point. As 

our forecasting model combines a Nelson-Siegel decomposition of the yield curve with 

a FAVAR specification, we denote it by NS-FAVAR. Our forecasts of the yield curve beat 

the random walk benchmark as early as at the one-month horizon. This represents a 

significant improvement given that the available models produce meaningful predictions 

only as from the 6-month horizon (see Diebold and Li, 2006; and Moench, 2008). At the 

one-month horizon, our model forecast errors are 5% lower than those of the random 

walk benchmark, whereas at longer horizons, our model produce 20% to 40% lower 

forecast errors than the random walk benchmark. 

Important to the superior short-horizon performance of our forecasting strategy is the 

usage of comprehensive data set that contains a wide array of forward-looking 

macroeconomic and financial variables. In this respect, Brazilian economic data sets 

provide a surprisingly rich array of variables. As a consequence of a high-inflationary 

past, Brazilian market participants consume a variety of price indexes and price 

expectations indexes, some available at the weekly and even daily frequencies. 
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Moreover, in an effort to increase the transparency of the monetary policy and guide 

market expectations, a large number of macroeconomic and financial expectations time-

series are readily available. Our data set contains 142 macroeconomic and financial 

variables at the weekly frequency, of which 40% are forward-looking indicators. 

Examples of macroeconomic forward-looking variables that importantly contribute to our 

forecasts are the market expectations of GDP growth, of the federal government balance 

sheet and of the debt-to-GDP ratio.  

Our forecasting strategy builds on Diebold et al. (2006). However, instead of including 

only a few macroeconomic variables, we use a comprehensive data set of 103 

macroeconomic variables and 39 financial indicators. To deal with the large number of 

conditioning variables, we implement Bernanke et al.’s (2005) FAVAR econometric 

model. The FAVAR model restricts attention to the dynamics of a few principal 

components that summarize the variation in the data set. We show that conditioning on 

a broader information set, with many forward-looking macro-financial indicators is key to 

improve predictability. 

This is not the first paper to improve yield curve forecasts at shorter horizons. de Pooter 

et al. (2010) study models with and without arbitrage restrictions that use macroeconomic 

information. They find that autoregressive models with macroeconomic predictors entail 

superior performance at shorter horizons, but fail to improve on the random walk 

benchmark at longer horizons. Exterkate et al. (2013) discuss the importance of relying 

on large data sets to improve yield curve forecasts at short horizons. The authors show 

that factor augmented Nelson and Siegel model is able to improve short-term forecast 

during volatile periods, but cannot improve on simpler models in periods of low volatility.  

In addition, we are also not the first to advocate for the use of forward-looking variables. 

Altavilla et al. (2014a,b) use market and survey expectations to produce lower short-term 

forecasting errors of the short-term yields at the 3- and 6-month horizons. However, they 

are neither able to improve forecasts at longer horizons nor ameliorate longer-term yield 

predictions. In contrast, van Dijk et al. (2014) improve the forecasting performance for 

long maturities and at longer horizons by allowing shifting endpoints in the yield curve 

factors, though their forecasts are weak at shorter horizons. 

To sum up, we contribute by ameliorating term structure forecasts for virtually every 

maturity even at short horizons. We argue that the key is to condition on the information 

set spanned by a few principal components of a wide array of mainly forward-looking 

macro-financial indicators. 
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We organize the remainder of this paper as follows: Section 2 reviews the Nelson-Siegel 

approach to the modelling of the term structure of interest rates and describes our 

forecasting strategy. Section 3 describes the data set, whereas Section 4 discusses the 

out-of-sample results of our forecasting strategy. Section 5 contains several robustness 

exercises. Section 6 offers some concluding remarks. 

2. The forecasting strategy 

Our forecasting strategy is in three steps. In the first, we estimate the entire yield curve 

using the Nelson and Siegel (NS) parametrization of the yield curve. In the second stage, 

we predict the evolution of the level, slope and curvature factors using a FAVAR 

approach. Finally, we back out yield forecasts for each maturity at different horizons 

using the predicted future path of the NS factors. 

As such, our forecasting strategy is very similar to Diebold et al.’s (2006) VAR model for 

the level, slope and curvature factors. The main difference is that they employ only a few 

macroeconomic variables, whilst we condition on a much broader information set. We 

do so by following Stock and Watson’s (2002b) idea of conditioning on a small number 

of principal components from a wide array of macroeconomic and financial variables. In 

particular, we employ a FAVAR model for the level, slope, curvature factors of the yield 

curve and for the principal components from a data set of 142 macroeconomic and 

financial variables. 

The Nelson-Siegel decomposition of the yield curve posits that we may approximate the 

yield with maturity n by 

(1) �̂�𝑡
(𝑛)
= �̂�1𝑡 + �̂�2𝑡 (

1−𝑒−𝜆𝑛

𝜆𝑛
) + �̂�3𝑡 (

1−𝑒−𝜆𝑛

𝜆𝑛
− 𝑒−𝜆𝑛), 

where the betas may vary over time, capturing changes in the level, slope and curvature 

of the term structure, respectively. The NS decomposition allows one to form predictions 

of the entire yield curve by simply predicting the dynamics of the level, slope and 

curvature factors. As in Stock and Watson (2002b), we extract the principal components 

of a comprehensive data set of 142 macroeconomic and financial predictors at the 

weekly frequency to proxy for the broad economic conditions.3  

To write down a FAVAR model. Denote the Nelson-Siegel factors as 𝑍𝑡 = (𝛽1𝑡 , 𝛽2𝑡 , 𝛽3𝑡)
′ 

and the (k×1)-vector 𝐹𝑡 of the principal components augmented with the SELIC interest 

                                                           
3 Although the principal component analysis formally requires independent and identically distributed 

observations, Stock and Watson (2002a) and Doz et al. (2012) show that it performs similarly to full maximum 
likelihood estimation for a large panel in the context of both static and dynamic factor models, respectively. 
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rate (the target interest rate of Brazilian Central Bank). Also, let 𝑐 denote a (k+3)×1 vector 

of constants, Ф(𝐿) a (k+3)×(k+3) first-order autoregressive matrix, and 𝜔𝑡 a vector of 

reduced form shocks. The FAVAR then reads 

(2) (
𝐹𝑡
𝑍𝑡
) = 𝑐 + Ф(𝐿) (

𝐹𝑡
𝑍𝑡
) + 𝜔𝑡. 

Bernanke et al. (2005) propose two ways of estimating a FAVAR model: (i) two-step 

estimation (principal components plus VAR estimation) or (ii) a Bayesian method based 

on Gibbs sampling. They show that both methods produce similar results, though the 

two-step estimation not only is computationally simpler, but also yields results that are 

more plausible. Accordingly, we estimate the FAVAR model using the two-step 

estimation procedure. We first extract the level, slope and curvature factors of the yield 

curve as well as the k principal components from our large data set of conditioning 

variables. We then estimate the coefficients in equation (2) in order to form predictions 

of the evolution of the NS factors as follows 

(3) �̂�𝑖,𝑡 = �̂�𝑖 + ∑ �̂�𝑖,𝑘+𝑗�̂�𝑗,𝑡−1
3
𝑗=1 + ∑ �̂�𝑖,𝑗F𝑗,𝑡−1

𝑘
𝑗=1 . 

Finally, we compute the maximum likelihood forecasts of the yield curve h-weeks ahead 

given the future values of the level, slope and curvature factors (𝛽1,𝑡+ℎ , 𝛽2,𝑡+ℎ , 𝛽3,𝑡+ℎ)  

using only information from up until time t 

(4) �̂�𝑡+ℎ|𝑡
(𝑛)

= �̂�1,𝑡+ℎ|𝑡 + �̂�2,𝑡+ℎ|𝑡 (
1−𝑒−𝜆𝑛

𝜆𝑛
) + �̂�3,𝑡+ℎ|𝑡 (

1−𝑒−𝜆𝑛

𝜆𝑛
− 𝑒−𝜆𝑛). 

3. Data set 

Brazilian economic data sets are relatively comprehensive when it comes to inflation 

measures and markets expectations. As a consequence of a high-inflationary past, 

Brazilian market participants consume a variety of price indexes and price expectations 

indexes, some available at the weekly and even daily frequencies. Moreover, in an effort 

to increase the transparency of the monetary policy and guide market expectations, a 

large number of macroeconomic and financial expectations time-series are readily 

available. To monitor market expectations, the latter weekly releases the Focus report, 

with market forecasts of daily indicators of activity, inflation, external and fiscal accounts 

for current month or year until projections for next 5 years ahead. This set of high 

frequency indicators has relevant forward-looking information about the Brazilian 

economy. 
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Altogether, this means the Brazilian data provide lots of useful high-frequency 

information about future movements in the yield curve. In particular, we focus on a data 

set with 142 weekly indicators from the first week of March 2007 to the last week of 

December 2014. We consider data only as from March 2007 because the Brazilian 

Treasury starts issuing longer-term bonds by the end of 2006, but liquidity picks up only 

in 2007. As a robustness check, we run a similar forecasting exercise for a longer sample 

starting on 2002, but restricting attention to shorter-term interest rates. 

We entertain a multitude of data sources. Real activity is the largest group and gather 

27% of the database. They are mainly from the Central Bank of Brazil, except to a couple 

of daily activity indicators (e.g., electric energy consumption and credit variables). All 

indicators released by the Central bank of Brazil (namely, GDP, GDP services, Industrial 

production and external accounts) concern market expectations over a certain horizon, 

e.g. current month or quarter, next year, or next 5 years. All expectations data come from 

the weekly Focus report that the Central Bank of Brazil releases every Monday. Apart 

from mean and median forecasts, the Focus database also includes information about 

the standard deviations of the short- and medium-term forecasts of inflation, activity, 

fiscal and balance payments series. They amount to the second largest group of data, 

with a share of 23% of the overall database. 

Inflation-related variables computed from commodity, producer and consumer price 

indices constitute 20% of the database. They relate to price changes in the last month 

as well as expected variation in the current month or in a determined period (e.g. next 

12 months or in 5 years). Producer prices are from CEASA, a distribution center for 

crops, fruits and vegetables, and other cooperatives. We gather commodity prices from 

Bloomberg, whereas we collect consumer prices at the weekly frequency from FIPE (São 

Paulo only). The share of fiscal series is 6% of the database. It collects indicators from 

Focus report as net sovereign debt, primary and nominal budget balance. Altogether, 

56% of the inflation, real activity and fiscal time series we consider are forward-looking 

indicators, thereof providing a more timely information about the Brazilian outlook in the 

short and long term. 

Finally, we extract financial and risk indicators from Bloomberg. They correspond to 15% 

and 9% of the database, respectively. They include real-time indicators of the Brazilian 

economy, such as the 5-year Brazil CDS, the local stock market index, and the currency 

contracts outstanding, as well as of the global economy, such as the US financial index, 

Latin America EMBI and the fed funds rate. 
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To extract principal components from this broad range of variables, we first make sure 

that every time series is stationary by taking first differences, if necessary. We construct 

diffusion indices in two different manners. First, we extract the first two principal 

components of the full set of indicators in the database, as in Exterkate et al. (2013). 

Table 1 displays the variables that have the highest correlations with each principal 

component. The first component explains more than 33% of the overall variation and 

correlates mostly with Emerging Market Bond Index for Latin America, US yield curve 

and with the Brazilian external account. The second relates chiefly to uncertainty of 

forecasting variables and inflation indicators. 

As an alternative, we also consider extracting principal components only from forward-

looking indicators. Table 2 reveals that the first component explains almost 40% of the 

forward-looking subset. It correlates mostly with external indicators, as external sector 

(import growth and trade balance annual change) and asset pricing (bonds and Brazilian 

Real risk reversal for 3 months4). The second principal component, as in the overall 

database, relates mostly to economy forecasting uncertainty in that it involves mainly the 

standard deviation of analysts forecasting. Differently from the US Treasury emissions, 

the Brazilian Treasury issues bonds with a specific expiration date. For example, in 

January 2016, the Treasury issued a fixed rate bond with a maturity of 11 years, expiring 

in January 2027 (NTN-F 27). This feature of the Brazilian term structure of government 

bonds makes the Nelson-Siegel decomposition particularly interesting for it allows us to 

back out a fixed maturity yield curve. We estimate weekly level, slope and curvature 

factors given by the betas in equation (1), but keep λ constant. We fix the value of λ at 

which the mean absolute difference between the actual and estimated yields is smallest 

for the training period ranging from 2007 to 2011. This yields a much higher value for λ 

at 0.195 than Diebold and Li’s (2006) chosen value of 0.0609 to fit the term structure in 

the US.  

4. Empirical analysis 

4.1 Preliminary results 

Bernanke and Boivin (2003) show that central bankers benefit from considering a wide 

range of data to make decisions about interest rates. They conclude this by showing that 

dimension-reduction techniques, such as Stock and Watson’s (2002b) diffusion indices, 

typically improve the forecast of economy and inflation indicators, with clear benefits to 

                                                           
4 Risk reversal is a difference in 25-delta volatility between puts and calls on out-of-money options on the 
Brazilian currency. 
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the estimation of the central bank’s reaction function. Next, we show that the same 

applies to Brazilian central bankers.  

Table 3 shows the results of regressing the SELIC interest rate on the overall principal 

components as well as on the forward-looking dataset principal component. The principal 

components are jointly significant, even if the loading on the first principal component is 

not statistically different from zero for the dataset considering all variables. As expected, 

the estimates indicate that higher uncertainty about the future and external deterioration 

leads to higher interest rates. 

To assess whether the reaction function of the Central Bank of Brazil responds to a wider 

array of indicators, we adapt Bernanke and Boivin’s (2003) augmented Taylor rule to the 

weekly frequency as follows 

(5) 𝑅𝑡 = 𝜌𝑅𝑡−1 + (1 −  𝜌)[𝛽1(𝐶𝑃𝐼12𝑚 − 𝐶𝑃𝐼5𝑦) + 𝛽2(𝑔12𝑚 − 𝑔5𝑦) + 𝛽3𝑅�̂�] 

where 𝑅�̂� = �̂� + ∑ 𝑎�̂�𝐹𝑖𝑡
𝑛
𝑖=1  so as to explicitly link the target SELIC rate 𝑅𝑡 to the diffusion 

indices 𝐹𝑖𝑡 (namely, the two principal components from a set of indicators). We proxy the 

inflation and growth gaps by the difference between the expected inflation and GDP 

growth over the next 12 months and the expected inflation and GDP growth in the long 

run (as measured by market expectations over the next 5 years in the Focus database). 

Table 4 shows that the information on the principal components is indeed useful for the 

policymaker decision.  

Table 5 shows that the yield curve also responds in a statistically significant manner to 

the variation in the principal components even controlling for the SELIC rate. The first 

principal component has a positive effect on the yields, with magnitude seemingly 

increasing with maturity. This confirms the importance of the external channel 

transmission on the Brazilian yield curve. The second principal component, which 

correlates mostly with uncertainty and real activity growth, has a negative effect only on 

shorter maturities. 

Table 6 reports some descriptive statistics for residuals of the NS-FAVAR models. We 

find that the FAVAR models do a very good job in fitting the level, slope and curvature of 

the Brazilian yield curve. The mean absolute errors are not only small at about 10 bps, 

but also very stable across maturities. Our findings corroborate the results in Moench 

(2008) and Faria and Almeida (2014) in that mean absolute errors increase with the 

maturity. The largest error for almost every maturity is in the second half of 2008. The 

only exception is the 2-year yield, for which the largest error occurs when Brazilian 
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Central Bank has surprised the market by reverting the hike cycle which brought the 

SELIC rate to the lowest historical value. 

Altogether, we find that the principal components convey important information. In the 

next section, we examine whether the good in-sample performance also translates into 

superior forecasts. 

4.2  Out-of-sample analysis  

In this section, we assess the forecasting performance of our NS-FAVAR model relative 

to the extant models in the literature. To evaluate the relative importance of the forward-

looking variables, we compare the forecasting ability of NS-FAVAR(all), which extracts 

principal components from the full database, with NS-FAVAR(fwrd) that restricts 

attention to forward-looking variables only.  

We contemplate a number of alternative forecasting model. As usual, we employ a 

random walk without drift (RW) as a benchmark.5 Joslin et al. (2011) show that the 

random walk is actually a very challenging benchmark at shorter forecasting horizons. In 

addition, we also consider a simple autoregressive model (AR), Diebold and Li’s (2006) 

AR model for the level, slope and curvature factors (DL-AR), Diebold et al.’s (2006) 

dynamic VAR model (DNS),6 and Moench’s (2008) affine FAVAR using the overall 

principal components as driving factors for the short rate (A-FAVAR). For each model, 

we choose the lag structure that minimizes the Bayesian information criterion (BIC). This 

results in first order specifications for every model, except the A-FAVAR, in all periods. 

The A-FAVAR model employs the overall principal components as driving factors for the 

short rate. In particular, we assume as in Moench (2008) that 

(6) (
𝐹𝑡
𝑟𝑡
) = µ + Ф(𝐿) (

𝐹𝑡
𝑟𝑡
) + 𝜔𝑡, 

where 𝑟𝑡 denotes the short rate and 𝜔𝑡 is a vector of white noises with covariance matrix 

𝛺. After estimating the parameters in (6), we impose no-arbitrage considerations by 

minimizing the market prices of risk (𝜆0,𝜆1) in  

                                                           
5 The out-of-sample results of the random walk with a drift are considerably worse. Accordingly, we do 
not report them, though they are obviously available from the authors upon request. 
6 Diebold, Rudebush and Arouba (2006) estimate their VAR model using a Kalman filter. In contrast, we 
estimate the DNS model in two stages. We first extract the Nelson-Siegel factors and then estimate a VAR 
model by maximum likelihood estimation. This makes the results directly comparable to the other 
forecasting methods. It is nonetheless worth noting that using a Kalman filter yields a very similar 
forecasting performance. 
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𝐴𝑛 = 𝐴𝑛−1 + 𝐵𝑛−1
′ (µ − 𝛺𝜆0) +

1
2⁄ 𝐵𝑛−1

′ 𝛺𝐵𝑛−1 

𝐵𝑛 = 𝐵𝑛−1
′ (Ф − 𝛺𝜆1) − 𝛿

′, 

for some initial conditions (𝐴0, 𝐵0, 𝛿). Next, we obtain the future values of the n-year zero 

rate using the affine nature of the model �̂�𝑡+ℎ|𝑡
(𝑛)

= −
𝐴𝑛

𝑛
−
𝐵𝑛
′

𝑛
�̂�𝑡+ℎ|𝑡. 

We estimate every forecasting models using data from the first week of March 2007 to 

the last week of December 2011. We then assess forecasting performance for the 

remainder 156 weeks up to the last week of December 2014. To compute h-week ahead 

predictions, we iterate forecasts in real time by re-estimating the principal components, 

the Nelson-Siegel loadings and the model parameters each time we add one more week 

to the estimation window up to December 2014.7 

Table 7 reports the mean absolute forecast error we obtain for each model across the 

different maturities and horizons. In contrast to Moench (2008), the A-FAVAR model 

does not compare well to the random walk for any horizon and maturity. Similarly, the 

DL-AR forecasts are reasonably good only at the 1-month horizon, though out-of-sample 

results are no better than the RW benchmark for longer horizons. This evidence is in line 

with de Pooter et al’s (2010) findings that a VAR specification for the Nelson-Siegel 

factors displays a good performance only for short maturities and horizons. Finally, the 

DNS forecasts improve on the RW forecasts in the medium-run, reducing for instance 

the mean absolute forecast errors by up to 13% at the 1-year horizon. 

Both NS-FAVAR models perform very well, improving forecasts by up to 15 bps at the 

3-month horizon and by 15 to 50 bps at the horizons longer than 6-month. In particular, 

NS-FAVAR(fwrd) shows the best performance for any horizon longer than one month, 

irrespective of the maturity. It indeed fares very well, especially for the yields with medium 

and longer maturity, with decreasing relative mean absolute forecast errors. This 

suggests that forward-looking indicators are key to explaining the short- and medium-run 

movements in the yield curve. As a matter of fact, the AR and DL-AR models only 

outperform NS-FAVAR(fwrd) at the shortest horizon of one month and for the shorter 

maturities. In turn, NS-FAVAR(all) not only entails lower mean absolute forecast errors 

relative to RW for the longer maturities, but also improves on the AR, DL-AR and A-

FAVAR forecasts for every maturity. 

                                                           
7 See Marcellino, Stock and Watson (2006) for an excellent discussion about the relative advantages and 
drawbacks of direct and iterated AR forecasts. 
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These results are very promising. Diebold and Li (2006) and Moench (2008) show that 

their models provide better forecasts for the US yield curve than the random walk 

benchmark only at longer horizons, say, 6 months or more. Altavilla et al. (2004a,b) and 

Exterkate et al. (2013) are able to beat the random walk benchmark only at short 

horizons, though not for every maturity and not at longer horizons. In stark contrast, our 

NS-FAVAR models ameliorate the term structure forecasts for every maturity even at 

shorter horizons. 

Next, we test whether these improvements are indeed statistically significant. To this 

end, we run a Model Confidence Set (MCS) analysis as in Hansen et al. (2011). This 

procedure determines the number of superior models within a collection of alternative 

specifications given a confidence level. This number obviously depends on how 

informative the data are. If there is a lot of information in the data, the MCS analysis will 

select only a few, if not a single model. The main advantage of the MCS is that it is not 

about comparing predictive ability against one single benchmark. It treats the 

performance of every model in a symmetric way, attempting only to identify which models 

entail a better out-of-sample predictive power. 

Table 7 identify with stars the superior models for different horizons and maturities 

according to a block-bootstrap implementation of the MCS procedure, with blocks of 12 

observations. We find that the NS-FAVAR models are among the best models at the 

10% significance level for almost every maturity and horizon. In particular, the NS-

FAVAR(fwrd) forecasts are usually superior for every maturity at any horizon longer than 

one-month ahead. The closer competitor is the NS-FAVAR(all), with a decent 

performance for any horizon longer than one month. It turns out that the random walk 

does not reveal itself as such a challenging benchmark. Finally, we fail to uncover at the 

usual significance levels any evidence of superior forecasting performance for the AR, 

A-FAVAR, DL-AR and DNS models at longer-than-1-month horizons. 

5. Robustness to different data frequency and span 

This section reports the results of two robustness checks. First, we redo the analysis at 

the monthly frequency to make our results more comparable to the findings in the 

literature. Second, to increase the length of the out-of-sample period, we consider an 

alternative sample that starts in 2002. The price to pay for a longer time span is that we 

have to drop longer-term yields as well as some of the variables we use to extract 

diffusion indices. 
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For the monthly analysis, we consider the same data from Section 4, but looking only at 

the last week of each month. Table 8 reveals that the NS-FAVAR models have the best 

performance for virtually every yield for any horizon exceeding one month. At the 3-

month horizon, the NS-FAVAR(fwrd) model shines for every maturity, apart from the 3-

year yield. At the 6- and 9- month horizons, the NS-FAVAR models compete head to 

head. Whereas the NS-FAVAR(fwrd) has the best performance for the short-end of the 

yield curve, the NS-FAVAR(all) produces a lower mean absolute forecast error for 

longer-term yields. At longer horizons, the forecasting performance of the NS-

FAVAR(fwrd) model is impressive, reducing the mean absolute forecast errors by 20 to 

30% as compared to the RW benchmark. As expected, the extant models in the literature 

(A-FAVAR, DL-AR, and DNS) are superior to the simpler AR and RW alternatives only 

at longer horizons. 

As for increasing the time span, recall that longer-term bonds exist only as from 2006, 

with liquidity picking up only in 2007. We thus restrict attention to shorter-term yields, 

with maturity up to 12 months, as in Vicente and Tabak (2008) and Faria and Almeida 

(2014). This allows us to increase significantly the time span, starting the sample period 

in 2002 rather than only in 2007. We have to drop, however, some of the macroeconomic 

indicators we employ to extract the diffusion indices. The list of variables in the appendix 

show that we have information since 2002 for only 113 of the 142 macroeconomic and 

financial indicators we consider. We initially estimate the model using data from January 

2002 to December 2004, and then assess forecasting performance using data from 

January 2005 to December 2014. 

Table 9 reports the out-of-sample results for the 1- to 12-month yields. The NS-FAVAR 

models remain dominant, comparing very well against the alternative forecasting 

models. Although the NS-FAVAR(fwrd) entails a higher predictive ability than the random 

walk for almost every yield at any forecast horizon, it outperforms the other forecasting 

models only for the short-end of the yield curve at longer-than-3-month horizons. In turn, 

the NS-FAVAR(all) works best for medium-term maturities at horizons superior to one 

month. Perhaps surprisingly, the dynamic Nelson-Siegel model entails the smallest 

mean absolute forecast errors for the shorter-term yields at the 1- and 3-month horizons. 

However, the DNS performance deteriorates considerably for longer horizons, obtaining 

the worst results for the 12-month-ahead forecasts. In turn, it is worth noting that the RW 

forecasts are significantly better than the other forecasts only for 6 and 12-month yields 

at the 1-month horizon. 
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6. Conclusion 

This paper proposes to forecast future values of yields at different maturities by means 

of a FAVAR model for the level, slope and curvature of the yield curve. In particular, we 

estimate an augmented VAR model for a system that includes not only the Nelson-Siegel 

factors of the Brazilian yield curve, but also the principal components of a large number 

of macroeconomic and financial indicators. We show that our forecasting approach 

outperforms the extant models in the literature, including the random walk benchmark, 

even at shorter horizons. Further analysis reveals that using forward-looking state 

variables is vital to produce better forecasts. 

We defer the assessment of external validity to future research. In particular, we plan to 

examine whether we indeed observe similar forecast improvements using US data. 

There is no reason to believe our findings automatically carry through. First, it is perhaps 

the case that the term structure of interest rates in Brazil has a very particular dynamics. 

Second, it is surprisingly easier to gather a larger number of forward-looking indicators 

in Brazil than in the US. This may hinder the predictive ability of the NS-FAVAR model 

given that market expectations about the economic and financial outlooks are very 

informative. 
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Table 1 

Principal components from the panel of 142 macro-financial indicators, full sample 
  

Principal Components Analysis correlation 

Factor 1  

          Latin America EMBI 0.901 

          Fed Funds rate 0.826 

          2-year treasury rate 0.813 

          3-month Libor 0.721 

          Expected trade balance annual change for the next 12 months 0.762 

Factor 2  

          Standard deviation of the 12-month industrial production forecast -0.695 

          Standard deviation of the 12-month GDP growth forecast -0.647 

          5-year US breakeven 0.659 

          Electric energy consumption - annual change 0.530 

          Expected consumer price inflation for the next month 0.501 

This table reports the variables with the highest correlation with each of the principal components extracted from 
the panel of 142 macroeconomic and financial indicators. 

 
 
 
 
 
 
 
 
 
 

Table 2 

Principal components from the forward-looking indicators, full sample 
  

 correlation 

Factor 1  

          Latin America EMBI 0.946 

          Import growth for the next 12 months -0.709 

          5-year US breakeven -0.700 

          Trade balance annual change for the next 12 months -0.630 

          3 months risk reversal USD/BRL 0.600 

Factor 2  

          Standard deviation of the 12-month industrial production forecast 0.727 

          Standard deviation of the 3-to-5-year primary budget balance forecast 0.707 

          Standard deviation of the 12-month service-sector GDP growth forecast 0.698 

          Standard deviation of the 12-month government debt forecast 0.686 

          Service-sector GDP growth in 3 to 5 years 0.631 

This table lists the variables with the highest correlation with each of the first 2 principal components of the 
panel of forward-looking macroeconomic and financial variables. 
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Table 3  
Policy rules based on factors 

      

 PCA(all) PCA(fwrd) 

constant 10.3413 11.3537 
  (0.0874) (0.0963) 

first principal component 0.0599 0.2240 
  (0.0881) (0.0687) 

second principal component -0.1753 -0.5071 
  (0.0959) (0.0928) 

R-square 0.083 0.126 

This table documents factor-based rules for the target interest rate of 
the Central Bank of Brazil. We regress the target interest rate on the 
first and second principal components of the macroeconomic and 
financial variables we consider. We report two sets of coefficient 
estimates: PCA(all) uses the complete panel of 142 indicators, 
whereas PCA(fwrd) focuses only on forward-looking indicators. We 
also display robust standard errors in parentheses. 

 

 
 
 
 
 
 
 
 
 
 
 
 

Table 4  
Augmented Taylor rules 

      

  (A) (B) (C) 

Past target interest rate 0.983 0.950 0.955 
  (0.003) (0.011) (0.010) 

CPI forecast for the next 12 months 24.34 10.867 10.783 
  (2.804) (2.422) (2.536) 

GDP growth forecast for the next 12 months 15.924 4.282 4.609 
  (3.257) (1.120) (1.131) 

Predicted target interest rate based on PCA(all)  0.582  
   (0.101)  

Predicted target interest rate based on PCA(forward)  0.552 
    (0.099) 

R-square 0.968 0.969 0.969 

This table reports the regression results for equation (5). Column (A) displays the coefficient estimates 
for the traditional Taylor rule, whereas columns (B) and (C) show the estimates for augmented Taylor 
rules that include the target interest rate predicted by the factor models in Table 3. We report robust 
standard errors in parentheses. 
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Table 5 

Estimation of yields and principal components 
       

  constant PC1 PC2 SELIC R-square 
              

1
-y

e
a
r PCA(all) 

0.100 0.010 -0.007 0.421 
0.46 

(0.003) (0.003) (0.002) (0.069) 

PCA(fwrd) 
0.112 0.006 -0.010 0.249 

0.44 
(0.003) (0.002) (0.001) (0.049) 

              

3
-y

e
a
r PCA(all) 

0.109 0.011 0.002 0.377 
0.53 

(0.002) (0.002) (0.002) (0.053) 

PCA(fwrd) 
0.117 0.008 -0.004 0.230 

0.44 
(0.002) (0.002) (0.001) (0.037) 

              

5
-y

e
a
r PCA(all) 

0.112 0.011 0.000 0.354 
0.56 

(0.002) (0.002) (0.002) (0.049) 

PCA(fwrd) 
0.118 0.008 -0.002 0.215 

0.47 
(0.002) (0.002) (0.001) (0.035) 

              

7
-y

e
a
r PCA(all) 

0.113 0.011 0.000 0.344 
0.57 

(0.002) (0.002) (0.002) (0.047) 

PCA(fwrd) 
0.119 0.009 -0.001 0.208 

0.49 
(0.002) (0.002) (0.001) (0.034) 

              

1
0
-y

e
a
r 

PCA(all) 
0.114 0.011 -0.001 0.337 

0.57 
(0.002) (0.002) (0.002) (0.046) 

PCA(fwrd) 
0.119 0.009 0.000 0.203 

0.50 
(0.002) (0.002) (0.001) (0.033) 

This table reports the estimation results for regressing interest rate yields on the first and 
second principal components of the macroeconomic and financial variables we consider as 
well as on the SELIC rate. We report two sets of coefficient estimates: PCA(all) uses the 
complete panel of 142 indicators, whereas PCA(fwrd) focuses only on forward-looking 
indicators. We also display robust standard errors in parentheses. 

 



29 
 

 

Table 6 

Descriptive statistics for the in-sample absolute errors 
  
  

  maturity mean std deviation maximum date 
N

S
-F

A
V

A
R

(a
ll)

 
1 year 0.09 0.14 1.13 24/06/2008 

2 years 0.07 0.09 0.58 28/12/2010 

5 years 0.08 0.09 0.60 21/10/2008 

7 years 0.10 0.10 0.86 21/10/2008 

10 years 0.12 0.12 1.13 21/10/2008 

      

N
S

-F
A

V
A

R
(f

w
rd

) 

1 year 0.09 0.14 1.14 24/06/2008 

2 years 0.07 0.09 0.59 28/12/2010 

5 years 0.09 0.09 0.63 21/10/2008 

7 years 0.10 0.10 0.84 21/10/2008 

10 years 0.12 0.12 1.11 21/10/2008 

This table reports the sample mean, standard deviation and maximum values of the in-
sample absolute errors of the NS-FAVAR(all) and NS-FAVAR(fwd) for each maturity. We 
also display the data at which we observe the largest error in magnitude. 
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Table 7 
Mean absolute forecast errors relative to random walk model 

 

 RW AR A-FAVAR DL-AR DNS NS-FAVAR(all) NS-FAVAR(fwrd) 

1 month ahead 

12 0.395 0.840**    4.790  0.836**   0.932       0.806*         0.967 

36 0.330 1.146    5.846  1.078   1.218       1.078         0.975* 

60 0.376** 1.086    4.203  0.990   1.109       1.008         0.970* 

84 0.424 0.996    3.674  0.901*   1.000       0.928**         0.955** 

120 0.475 0.917    3.318  0.955   0.971       0.854*         0.945 

3 months ahead 

12 0.766 1.161    2.983  1.015   1.014       1.000         0.901* 

36 0.757 1.214    3.047  1.010   1.029       0.962         0.844* 

60 0.769 1.239    2.312  1.009   1.021       0.920         0.847* 

84 0.778 1.245    2.316  1.009   1.017       0.900         0.872* 

120 0.785 1.250    2.378  1.008   1.015       0.890*         0.902** 

6 months ahead 

12 1.253 1.343    2.054  1.001   0.982       1.107         0.894* 

36 1.255 1.293    2.021  1.001   1.000       1.000         0.900* 

60 1.277 1.247    1.442  1.001   1.015       0.954         0.883* 

84 1.290 1.224    1.534  1.001   0.999       0.933         0.874* 

120 1.301 1.207    1.614  1.001   0.984       0.919         0.868* 

9 months ahead 

12 1.748 1.333    1.486  0.995   0.943       1.087         0.844* 

36 1.578 1.223    1.565  0.995   0.964       0.995         0.890* 

60 1.599 1.123    1.145  0.997   0.962       0.920         0.831* 

84 1.621 1.081    1.285  0.998   0.960       0.887         0.797* 

120 1.640 1.051    1.365  1.000   0.958       0.864         0.773* 

12 months ahead 

12 1.519 1.133    1.539  0.995   0.870       1.011         0.759* 

36 1.268 0.926    1.681  0.994   0.883       0.848         0.740* 

60 1.268 0.837    1.275  0.993   0.876       0.754         0.664* 

84 1.284 0.804    1.444  0.993   0.871       0.713         0.629* 

120 1.297 0.784    1.555  0.994   0.870       0.689**         0.611* 

The column RW displays the mean absolute forecast error (in bps) of the random walk benchmark, whereas the 
other columns report the mean absolute forecast error of each model relative to the random walk. We estimate 
every model using weekly data from March 2007 to December 2011 and then produce h-month ahead iterated 
forecasts, with h = 1, 3, 6, 9 and 12, for the period running from January 2012 to December 2014. NS-FAVAR(all) 

refers to the NS-FAVAR model with the principal components of the complete panel of macroeconomic and 
financial variables. NS-FAVAR(fwrd) considers the principal components based only on the forward-looking 
indicators. We identify the superior models at the 10% and 25% significance levels with * and **, respectively. 
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Table 8 

Relative mean absolute forecast errors at the monthly frequency 
 

 RW AR A-FAVAR DL-AR DNS NS-FAVAR(all) NS-FAVAR(fwrd) 

1 month ahead 

12  0.306*  1.436    1.858   1.796   1.155        1.014**          1.045 

36  0.321*  1.125    1.857   1.797   1.109        1.157          1.145 

60  0.330  0.957*    1.862   1.727   1.062        1.274          1.236 

84  0.346  0.967*    1.946   1.718   1.043        1.369          1.328 

120  0.358  0.964*    2.192   1.746   1.045        1.439          1.411 

3 months ahead 

12  0.724  1.115    1.348   1.253   1.113        0.802*          0.801* 

36  0.710  1.339    1.413   1.339   1.177        0.939*          0.962** 

60  0.697*  1.346    1.530   1.346   1.121        1.032**          0.985* 

84  0.700**  1.347    1.800   1.347   1.087        1.099          0.967* 

120  0.703  1.364    2.052   1.364   1.068        1.162          0.948* 

6 months ahead 

12  1.278**  0.986    1.076   1.091   1.144        1.026          0.942* 

36  1.264**  1.121    1.114   1.121   1.130        1.009**          0.948* 

60  1.276  1.135    1.176   1.135   1.069        0.924*          0.975 

84  1.286  1.147    1.284   1.147   1.042        0.877*          0.955 

120  1.295  1.159    1.388   1.159   1.023        0.838*          0.938 

9 months ahead 

12  1.822**  0.991    0.985   1.028   1.047        1.055          0.961* 

36  1.669*  1.076    0.998   1.076   1.097        1.058          1.010** 

60  1.665  1.061    1.047   1.061   1.039        0.958**          0.941* 

84  1.669  1.062    1.120   1.062   1.004        0.897*          0.896* 

120  1.675  1.063    1.183   1.063   0.977        0.853*          0.859* 

12 months ahead 

12  2.349  1.000    0.998   0.991   0.836        0.955          0.800* 

36  2.137  1.036    0.995   1.036   0.863        0.902          0.839* 

60  2.071  1.010    1.034   1.010   0.846        0.822          0.780* 

84  2.044  0.988    1.107   0.988   0.831        0.770          0.740* 

120  2.023  0.972    1.174   0.972   0.817        0.729          0.704* 

The column RW displays the mean absolute forecast error (in bps) of the random walk benchmark, whereas the other columns 
report the mean absolute forecast error of each model relative to the random walk. We estimate every model using monthly 
data from March 2007 to December 2011 and then produce h-month ahead iterated forecasts, with h = 1, 3, 6, 9 and 12, for 
the period running from January 2012 to December 2014. NS-FAVAR(all) refers to the NS-FAVAR model with the principal 
components of the complete panel of macroeconomic and financial variables. NS-FAVAR(fwrd) considers the principal 
components based only on the forward-looking indicators. We identify the superior models at the 10% and 25% significance 
levels with * and **, respectively. 
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Table 9 

Mean absolute forecast errors relative to random walk model for the shorter-term yields 
 

 
RW AR A-FAVAR DL-AR DNS NS-FAVAR (all) NS-FAVAR (fwrd) 

1 month ahead 

1  0.246 1.054 1.285 1.510  0.743*         0.982         0.896 

2  0.250 1.044 1.660 1.121  0.745*         0.924         0.856 

3  0.256 1.037 2.164 1.227  0.836*         0.983         0.918 

6  0.287* 1.024 3.257 1.419  1.074         1.125         1.108 

12  0.334* 1.039 3.762 1.424  1.297         1.146         1.188 

3 months ahead 

1  0.760 1.163 1.295 1.140  0.701*         0.883         0.813 

2  0.770 1.131 1.374 1.032  0.808*         0.918         0.869 

3  0.780 1.105 1.503 1.064  0.943         0.934         0.902* 

6  0.812* 1.059 1.796 1.120  1.126         0.993*         1.015** 

12  0.858 1.040 2.033 1.110  1.354         0.928*         0.981 

6 months ahead 

1  1.451 1.357 1.171 1.056  0.833         0.812           0.768* 

2  1.455 1.295 1.211 1.020  0.919         0.829           0.810* 

3  1.457 1.249 1.277 1.035  1.000         0.843*           0.843* 

6  1.485 1.139 1.370 1.038  1.196         0.838*           0.865 

12  1.523 1.066 1.462 0.999  1.484         0.786*           0.818 

9 months ahead 

1  2.051 1.400 1.113 1.032  0.983         0.719           0.699* 

2  2.046 1.339 1.148 1.026  1.046         0.739           0.724* 

3  2.047 1.290 1.196 1.038  1.110         0.746**           0.740* 

6  2.066 1.171 1.240 1.013  1.294         0.743*           0.765 

12  2.093 1.072 1.308 0.956  1.612         0.746*           0.787 

12 months ahead 

1  2.471 1.410 1.131 1.002  1.178         0.676           0.654* 

2  2.463 1.363 1.162 1.015  1.222         0.701           0.692* 

3  2.464 1.314 1.199 1.026  1.272         0.717*           0.724** 

6  2.465 1.190 1.245 1.007  1.449         0.747*           0.778 

12  2.476 1.079 1.331 0.946  1.777         0.773*           0.814 
 

 

The column RW displays the mean absolute forecast error (in bps) of the random walk benchmark, whereas the other 
columns report the mean absolute forecast error of each model relative to the random walk. We estimate every model 
using weekly data from March 2002 to December 2004 and then produce h-month ahead iterated forecasts, with h = 
1, 3, 6, 9 and 12, for the period running from January 2005 to December 2014. NS-FAVAR(all) refers to the NS-
FAVAR model with the principal components of the complete panel of macroeconomic and financial variables. NS-
FAVAR(fwrd) considers the principal components based only on the forward-looking indicators. We identify the 
superior models at the 10% and 25% significance levels with * and **, respectively. 
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Figure 1 

Box plots of the forecast errors for the 1- and 10-year yields at the 
3- and 6-month horizons 

         3-month ahead forecasts of the 1-year yield      3-month ahead forecasts of the 10-year yield 

 

         6-month ahead forecasts of the 1-year yield      6-month ahead forecasts of the 10-year yield 
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Appendix: Data set 

            

Name Transf Frequency 
Release - 

lag 
Period  Source 

Financial           

1 month LIBOR rate 0 daily 0 day 0 Bloomberg 

10 year treasury yield 1 daily Real time 0 Bloomberg 

12 months LIBOR rate 0 daily 0 day 0 Bloomberg 

2 year treasury yield 0 daily Real time 0 Bloomberg 

3 months LIBOR rate 0 daily 0 day 0 Bloomberg 

30 year treasury yield 3 daily Real time 0 Bloomberg 

Brazilian currency (BRL) 5 daily Real time 0 Bloomberg 

Brazilian stock market index (Ibov) 1 daily Real time 0 Bloomberg 

Federal funds target rate 0 daily 0 day 0 Bloomberg 

Open interest on BRL  1 daily 1 day 1 
BM&F 

Bovespa 

Open interest on BRL - % banks 0 daily 1 day 1 
BM&F 

Bovespa 

Open interest on BRL - % brokers 0 daily 1 day 1 
BM&F 

Bovespa 

Open interest on BRL - % foreign investor 0 daily 1 day 1 
BM&F 

Bovespa 

Open interest on BRL - % foreign investor 
(future and exchange coupon) 

0 daily 1 day 1 
BM&F 

Bovespa 

Open interest on BRL - % local and foreign 
investor 

0 daily 1 day 1 
BM&F 

Bovespa 

Open interest on BRL - % local investor 0 daily 1 day 1 
BM&F 

Bovespa 

Open interest on Ibov 1 daily 1 day 1 
BM&F 

Bovespa 

Open interest on Ibov - % banks 0 daily 1 day 1 
BM&F 

Bovespa 

Open interest on Ibov - % foreign investor 0 daily 1 day 1 
BM&F 

Bovespa 
Open interest on Ibov - % local and foreign 
investor 

0 daily 1 day 1 
BM&F 

Bovespa 

Open interest on Ibov - % local investor 0 daily 1 day 1 
BM&F 

Bovespa 

US Dollar index - log 3 daily Real time 0 Bloomberg 

Fiscal           

Budget result % of GDP for 3-5 years ahead 2 daily Monday 0 Focus 

Budget result % of GDP for 5 years ahead 2 daily Monday 0 Focus 

Budget result % of GDP for the next 12 
months 

3 daily Monday 0 Focus 

Government  debt  % of GDP for 3-5 years 
ahead 

1 daily Monday 0 Focus 

Government  debt  % of GDP for 5 years 
ahead 

1 daily Monday 0 Focus 

Government debt  % of GDP for the next 12 
months 

3 daily Monday 0 Focus 

Primary budget result % of GDP for 3-5 years 
ahead 

0 daily Monday 0 Focus 

Primary budget result % of GDP for 5 years 
ahead 

0 daily Monday 0 Focus 
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Primary budget result % of GDP for the next 
12 months 

0 daily Monday 0 Focus 

Forecast uncertainty           

Standard deviation of  consumer price 
inflation for 3-5 years ahead projections 

3 daily Monday 0 Focus 

Standard deviation of balance of payments 
surplus in US$ bn for 3-5 years ahead 
projections 

1 daily Monday 0 Focus 

Standard deviation of balance of payments 
surplus in US$ bn for 5 years ahead 
projections 

1 daily Monday 0 Focus 

Standard deviation of balance of payments 
surplus in US$ bn for the next 12 months 
projections 

1 daily Monday 0 Focus 

Standard deviation of consumer price 
inflation for 5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of consumer price 
inflation for the next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of export growth for 3-5 
years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of export growth for 5 
years ahead projections 

3 daily Monday 0 Focus 

Standard deviation of export growth for the 
next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of GDP growth for 3-5 
years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of GDP growth for 5 years 
ahead projections 

1 daily Monday 0 Focus 

Standard deviation of GDP growth for the 
next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of GDP services sector 
growth for 3-5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of GDP services sector 
growth for 5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of GDP services sector 
growth for the next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of general price inflation 
for the next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of government  debt  % of 
GDP for 3-5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of government  debt  % of 
GDP for 5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of government debt  % of 
GDP for the next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of import growth for 3-5 
years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of import growth for 5 
years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of import growth for the 
next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of industrial production 
growth for 3-5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of industrial production 
growth for 5 years ahead projections 

1 daily Monday 0 Focus 
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Standard deviation of industrial production 
growth for the next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of primary budget result 
% of GDP for 3-5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of primary budget result 
% of GDP for 5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of primary budget result 
% of GDP for the next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of trade balance growth 
for 3-5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of trade balance growth 
for 5 years ahead projections 

1 daily Monday 0 Focus 

Standard deviation of trade balance growth 
for the next 12 months projections 

1 daily Monday 0 Focus 

Standard deviation of wholesale price 
inflation for the next 12 months projections 

1 daily Monday 0 Focus 

Inflation           

Agriculture commodity index (S&P) - annual 
change 

4 daily Real time 0 Bloomberg 

Commodity index (S&P) - annual change 5 daily Real time 0 Bloomberg 

Consumer price for the city of Sao Paulo- 
monthly change 

1 weekly 1 week 0 FIPE 

Consumer price inflation for 3-5 years ahead 
- median 

3 daily Monday 0 Focus 

Consumer price inflation for 5 years ahead - 
median 

2 daily Monday 0 Focus 

Consumer price inflation for the next 12 
months - average 

2 daily Monday 0 Focus 

Consumer price inflation for the next 12 
months - median 

2 daily Monday 0 Focus 

Daily consumer price - monthly change 1 daily 1 day 1 FGV 

Daily consumer price - monthly change for 
the last 7 days 

1 daily 1 day 1 FGV 

Daily food consumer price - monthly change 1 daily 1 day 1 FGV 

Energy commodity index (S&P) - annual 
change 

4 daily Real time 0 Bloomberg 

Expected consumer price for the current 
month - monthly change 

1 daily Monday 0 Focus 

Expected consumer price for the next month - 
monthly change 

1 daily Monday 0 Focus 

Food consumer price for the city of Sao 
Paulo- monthly change 

0 weekly 1 week 1 FIPE 

Food producer price - monthly change 0 daily 1 day 1 CEASA 

Food producer price - monthly change for the 
last 7 days 

0 daily 1 day 1 CEASA 

Food producer price with CPI weighting- 
monthly change 

0 daily 1 day 1 CEASA 

General price inflation for the next 12 months 1 daily Monday 0 Focus 

General price inflation for the next for 3-5 
years ahead - median 

1 daily Monday 0 Focus 

General price inflation for the next for 5 years 
ahead - median 

1 daily Monday 0 Focus 

Metal commodity index (S&P) - annual 
change 

5 daily Real time 0 Bloomberg 
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US Breakeven for 2 year 1 daily Real time 0 Bloomberg 

US breakeven for 5 year 0 daily Real time 0 Bloomberg 

Vegetables producer price - monthly change 0 daily 1 day 1 CEASA 

Vegetables producer price - monthly change 
for the last 7 days 

0 daily 1 day 1 CEASA 

Wholesale price inflation index for 3-5 years 
ahead - median 

1 daily Monday 0 Focus 

Wholesale price inflation index for 5 years 
ahead - median 

1 daily Monday 0 Focus 

Wholesale price inflation index for the next 12 
months 

1 daily Monday 0 Focus 

Real activity           

Balance of payments surplus in US$ bn for 3-
5 years ahead 

0 daily Monday 0 Focus 

Balance of payments surplus in US$ bn for 5 
years ahead 

0 daily Monday 0 Focus 

Balance of payments surplus in US$ bn for 
the next 12 months 

3 daily Monday 0 Focus 

Barclays economic suprise index - United 
States 

0 daily 1 day 0 Bloomberg 

Citi economic suprise index - Asia ex Japan 0 daily 1 day 1 Bloomberg 

Citi economic suprise index - Latin America 0 daily 1 day 1 Bloomberg 

Daily eletricity consumption  4 daily 2 days 0 ONS  

Daily eletricity consumption in North States  5 daily 2 days 0 ONS  

Daily eletricity consumption in Northeast 
States  

4 daily 2 days 0 ONS  

Daily eletricity consumption in South States 4 daily 2 days 0 ONS  

Daily eletricity consumption in Southeast 
States  

4 daily 2 days 0 ONS  

Europe economic suprise index - Europe 0 daily 1 day 0 Bloomberg 

Export growth for 3-5 years ahead 1 daily Monday 0 Focus 

Export growth for 5 years ahead 1 daily Monday 0 Focus 

Export growth for the next 12 months 1 daily Monday 0 Focus 

Factors conditioning the monetary base - 
Banking reserves as % of M1 

0 daily 20 days 0 BCB 

Factors conditioning the monetary base - 
External sector operations  as % of M1 

0 daily 20 days 0 BCB 

Factors conditioning the monetary base - 
National treasury as % of M1 

3 daily 20 days 0 BCB 

Factors conditioning the monetary base - 
Operations with federal securities  as % of 
M1 

0 daily 20 days 0 BCB 

GDP growth for 3-5 years ahead 3 daily Monday 0 Focus 

GDP growth for 5 years ahead 1 daily Monday 0 Focus 

GDP growth for the next 12 months 1 daily Monday 0 Focus 

GDP services sector growth for 3-5 years 
ahead 

2 daily Monday 0 Focus 

GDP services sector growth for 5 years 
ahead 

2 daily Monday 0 Focus 

GDP services sector growth for the next 12 
months 

3 daily Monday 0 Focus 

Import growth for 3-5 years ahead 3 daily Monday 0 Focus 



38 
 

 

Import growth for 5 years ahead 1 daily Monday 0 Focus 

Import growth for the next 12 months 1 daily Monday 0 Focus 

Industrial production growth for 3-5 years 
ahead 

2 daily Monday 0 Focus 

Industrial production growth for 5 years 
ahead 

2 daily Monday 0 Focus 

Industrial production growth for the next 12 
months 

1 daily Monday 0 Focus 

International reserves 5 daily 1 day 1 BCB 

Money supply - Currency outside banks  as 
% of M1 

2 daily 20 days 0 BCB 

Money supply - Demand deposits as % of M1 2 daily 20 days 0 BCB 

Money supply - M1 5 daily 20 days 0 BCB 

Trade balance growth for 3-5 years ahead 0 daily Monday 0 Focus 

Trade balance growth for 5 years ahead 0 daily Monday 0 Focus 

Trade balance growth for the next 12 months 0 daily Monday 0 Focus 

Risk           

Bloomberg Asia ex Japan financial conditions 
index 

0 daily Real time 0 Bloomberg 

Bloomberg Eurozone financial conditions 
index 

0 daily Real time 0 Bloomberg 

Bloomberg US financial conditions index 0 daily Real time 0 Bloomberg 

BRL risk reversal for options of 1 month 1 daily Real time 1 Bloomberg 

BRL risk reversal for options of 3 months 1 daily Real time 1 Bloomberg 

Credit default swap - Brazil 1 daily Real time 0 Bloomberg 

Credit default swap - Latin America 1 daily Real time 1 Bloomberg 

JPMorgan emerging market bond index  3 daily 1 day 1 JP Morgan 

JPMorgan emerging market bond index - 
Brazil 

1 daily 1 day 0 JP Morgan 

JPMorgan emerging market bond index - ex 
Brazil and Argentina 

1 daily 1 day 1 JP Morgan 

JPMorgan emerging market bond index - 
Latin America 

1 daily 1 day 0 JP Morgan 

TED spread - LIBOR minus T-bills (3 months) 0 daily 0 day 0 Bloomberg 

VIX 1 daily Real time 0 Bloomberg 

The transformation codes are 0 - stationary, 1 - stationary with drift, 2 stationary with drift and trend, 3 stationary at first 
difference. Regarding to data span: 0 - since 2002; 1 - only after March 2007. 
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Chapter 2 
 

A dynamic Nelson-Siegel model with forward-looking 

indicators for the yield curve in the US 

 

 

 

 

 

 

Abstract: This paper proposes a Factor-Augmented Dynamic Nelson-Siegel (FADNS) 

model to predict the yield curve in the US that relies on a large data set of financial and 

macroeconomic variables. The FADNS model significantly improves interest rate 

forecasts relative to the extant models in the literature. For longer horizons, it beats 

autoregressive alternatives, with a reduction in mean absolute error of up to 40%. For 

shorter horizons, it offers a good challenge to autoregressive forecasting models, 

outperforming them for the 7- and 10-year yields. The out-of-sample analysis reveals 

that the forward-looking nature of the indicators we employ is crucial for the forecasting 

performance of our model. Including them reduces the mean absolute error in 5 basis 

points on average with respect to models that reflect only past macroeconomic events. 

 

 

  

JEL classification: E58, C38, E47 

Keywords: bonds, factor-augmented VAR, forecasting, term structure, yield curve 

 

 

 

 

 



40 
 

 

1. Introduction 

Term structure models with macroeconomic factors rarely produce better predictions 

than the random walk benchmark. In this paper, we propose a term structure model with 

macroeconomic factors for the US yield curve that consistently outperform the random 

walk benchmark. Moreover, our model improves the forecasts of the main extant models 

in the literature at the short and medium horizons for virtually every maturity. We show 

that the key is to condition on a few principal components of a comprehensive data set 

of forward-looking macroeconomic indicators. 

Our findings fare robust to different subsamples, time spans, frequencies and sources of 

forward-looking indicators (Bloomberg or Survey of Professional Forecasters).  

Additionally, augmenting the extant models in the literature with our forward-looking 

macroeconomic indicators generally improves their forecasting performance. This shows 

that the inclusion of forward-looking indicators already improves the forecasting 

performance of term structure models regardless of their yield curve specification.  

We summarize our forecasting strategy as follows. First, we extract the first two principal 

components from a large data set of macroeconomic and financial variables that include 

many forward-looking indicators. We then estimate a dynamic Nelson-Siegel model as 

in Diebold et al. (2006), but augmenting their VAR specification with these principal 

components. Finally, we forecast the values of the level, slope and curvature factors of 

the yield curve in order to predict the yields at each maturity. Our forecasting strategy 

thus hinges on a factor-augmented dynamic Nelson-Siegel (FADNS) specification. 

The FADNS model outperforms the random walk benchmark for every maturity from 5 

to 30 years at the 6- to 12-month forecasting horizons. Moreover, for medium-term 

maturities (7 and 10 years), the FADNS model also outperforms the random walk 

benchmark as early as at the 3-month forecasting horizon. This is in stark contrast with 

previous models in the literature. For instance, Altavilla et al. (2014a,b) – who propose a 

model based on (few) forward-looking indicators – and de Pooter et al. (2010) – who 

propose a model with (backward-looking) macroeconomic factors -- can improve with 

respect to the random walk benchmark only for short-term maturities and only at short-

term forecasting horizons.  

The only yield for which we do not outclass the random walk at any forecasting horizon 

is the 1-year interest rate. This is in line with previous results in the literature. Steeley 

(2014) points out that the implementation of the zero interest rate policy (ZIRP) comes 

with a deterioration in the forecasting ability of term structure models à la Diebold and Li 
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(2006) relative to simple autoregressive alternatives, which includes the random walk 

benchmark. This effect is especially strong for short-term yields because their volatility 

becomes much lower under the ZIRP. On the other hand, de Pooter et al. (2010), 

Exterkate et al. (2013), and van Dijk et al. (2014) argue that including macroeconomic 

information is particularly useful in volatile times, such as in recessionary periods.8 It is 

thus very reassuring that our FADNS forecasting model performs so well at most 

maturities within an out-of-sample period characterized by low volatility and stable real 

activity growth. 

Further analysis reveals that the forecasting improvement we obtain with the FADNS 

model comes mainly from the forward-looking nature of the variables we employ. Our 

data set of predictor variables contains 169 real-time weekly variables about economic 

activity, inflation, economic uncertainty, financial markets, fiscal policy, monetary policy 

and credit conditions.9 Most of the variables (63%) are forward looking. For instance, our 

data set contains 6- to 24-month ahead market expectations for a host of series such as 

quarterly GDP growth, consumer price inflation, core price inflation, government balance 

sheet, and current account deficits. 

The importance of relying on forward-looking variables is also highlighted by Kim and 

Orphanides (2012) and Altavilla et al. (2014a,b). However, differently from these papers, 

our forecasting model uses a much larger number of variables instead of restricting 

attention to only a few variables such as the expected Fed funds rate.  

To effectively capture the information from our large set of variables, we use principal 

components analysis as Ludvigson and Ng (2009) and Extarkate et al. (2013) do to 

predict excess returns of U.S. yield curve. The main difference between our models is 

that their data set relies on variables with past information. Ludvigson and Ng (2009) 

argue that proxying the economy with principal components of a large set of 

macroeconomics reduces measurement errors relative to conditioning only on a few 

macroeconomic variables. In addition, there is a large literature showing that the 

inclusion of a small number of principal components extracted from large data sets leads 

to significant forecast improvements (see also Stock and Watson, 2002a,b; Bernanke 

and Boivin, 2003; Bernanke et al., 2005; de Pooter et al., 2007). To provide further 

evidence that conditioning on the information of a wide array of forward-looking indicators 

is crucial, we augment the extant forecasting models with the principal components 

                                                           
8 Xiang and Zhu (2013) and Hevia et al. (2015) propose a regime-switching Nelson-Siegel model, allowing 
some parameters to vary according to the volatility regime. The out-of-sample forecasting improves 
significantly. 
9 Real-time variables are time-stamped at the time they first become available to investors. 
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extracted from our data set. The results show a clear improvement on the forecasting 

performance once we incorporate them.  

To assess the robustness of our results, we entertain a different collection of forward-

looking indicators with a longer time span (from 1989 to 2015), but at the quarterly 

frequency. The qualitative results remain the same. In particular, we find that exploiting 

market expectations from the Survey of Professional Forecasters (SPF) also equips the 

FADNS model with better forecasts. Importantly, splitting the data into two subsamples-

-- before ZIRP (first quarter of 2003 to second quarter of 2009) and under ZIRP (third 

quarter of 2009 to last quarter of 2015) --- does not change the main results. In particular, 

the FADNS performs relative well in both subsamples.    

Many papers ground the use of macroeconomic series to improve yield curve forecasts. 

In the no-arbitrage literature, many studies improve the forecasting of excess returns of 

the government bonds using macroeconomic indicators. Ludvigson and Ng (2009) 

ameliorate the forecasting of the bond yield with macroeconomic factors extracted from 

a large database. They achieve the same results of Joslin et al. (2014) that factors related 

to real activity and inflation have forecasting power for future excess on U.S. bonds. In 

the same vein, Cieslak and Povala (2015) note that highly persistent expected inflation 

dynamics determines the level of interest rate in the long run and across maturities.  

However, some authors propose that unspanned factors are typically not helpful. They 

argue that improvements of yield curve forecast from macroeconomic indicators are not 

necessarily genuine, calling for robustness tests. Duffee (2011a) unveils a hidden factor 

that helps predict future short-term interest rates and excess bond returns.10 He 

concludes that macroeconomic variables explain only a small part of hidden factor 

variation. Moreover, Bauer and Hamilton (2017) suggest these predictive regressions 

could well be spurious because regressions with macroeconomic variables may not 

satisfy exogeneity assumptions. They propose some testing procedures to check 

whether the predictive power of macroeconomic factors are genuine. We apply them to 

our sample and confirm that the better out-of-sample performance of the FADNS model 

with forward-looking principal components is indeed genuine.  

As opposed to Ang and Piazzesi (2003) and Moench (2008), we do not impose no-

arbitrage restrictions.11 Duffee (2002, 2011b) argues that no-arbitrage models are not 

                                                           
10 The hidden factor comes from a multifactor model without macroeconomic variables. Duffee shows that it 
plays a major role in determining investor’ expectations of the future interest rates and that it has no 
correlation with current yields. 
11 Krippner (2015) offers an explicit foundation for the level, slope and curvature factors of the Nelson-Siegel 
decomposition using a Taylor approximation of a generic Gaussian affine term structure model. 
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flexible enough to predict the dynamics of the yield curve. In particular, he shows that it 

is much more important to assume that the level of the term structure is close to a random 

walk than imposing the absence of arbitrage opportunities. See also Almeida and Vicente 

(2008), Carriero (2011) and Carriero and Giacomini (2011) for more details on how no-

arbitrage restrictions affect the prediction of the term structure of interest rates. 

The remainder of this paper is as follows. Section 2 presents the FADNS model. Section 

3 describes the data set. Section 4 reports both in- and out-of-sample results. Section 5 

examines the reasons why our forecasting model outperforms the extant models in the 

literature. Section 6 presents a robustness exercise for a different data set, with a longer 

time span and lower frequency. Finally, Section 7 concludes. 

2. The FADNS model 

We combine two different methods in the literature to come up with a new predicting 

model for the US yield curve. We forecast the values of the level, slope and curvature 

factors of the Nelson-Siegel decomposition of the yield curve using a dynamic VAR 

framework that incorporates the information conveyed by the principal components of a 

wide array of macroeconomic and financial variables. In doing so, we combine Diebold 

et al.’s (2006) dynamic Nelson-Siegel model for the level, slope and curvature factors 

with Stock and Watson’s (2002a,b) idea of conditioning on a manageable number of 

principal components extracted from a large number of variables. We call this the Factor-

Augmented Dynamic Nelson-Siegel (FADNS) model. 

Diebold and Li (2006) employ a Nelson-Siegel decomposition of the yield curve with time-

varying parameters for the level (𝐿𝑡), slope (𝑆𝑡) and curvature (𝐶𝑡) factors of the term 

structure of interest rates 

(1) 𝑦𝑡
(𝑛)
= 𝐿𝑡 + 𝑆𝑡 (

1−𝑒−𝜆𝑛

𝜆𝑛
) + 𝐶𝑡 (

1−𝑒−𝜆𝑛

𝜆𝑛
− 𝑒−𝜆𝑛) 

where 𝑦𝑡
(𝑛)

 is the yield at time 𝑡 of maturity 𝑛 and 𝜆 is a parameter that controls the rate 

of exponential decay of the yield curve. They assume a fixed 𝜆 and a vector 

autoregressive specification for (𝐿𝑡, 𝑆𝑡 , 𝐶𝑡). In turn, Diebold et al. (2006) recast equation 

(1) into a dynamic model in which the Nelson-Siegel factors follow a vector 

autoregressive process of first order that also includes three macroeconomic variables, 

namely, consumer inflation, capacity utilization, and Fed funds rate.  

Rather than conditioning on a few macroeconomic variables, we propose to control for 

as much information about the economy as possible. To this end, we collect a large 



44 
 

 

number of backward- and forward-looking macroeconomic and financial variables that 

are likely in the information set of most market participants. Our final data set comprises 

169 different variables from which we extract principal components as in Stock and 

Watson (2002b).12 

Denote the Nelson-Siegel factors by 𝑍𝑡 = (𝛽1𝑡, 𝛽2𝑡, 𝛽3𝑡)
′ and the (k×1)-vector of principal 

components by 𝐹𝑡. Also, let 𝑐 denote a (k+3)×1 vector of constants, Ф(𝐿) a (k+3)×(k+3) 

first-order autoregressive matrix, and 𝜔𝑡 a vector of reduced-form shocks. The FADNS 

then reads 

(2) (
𝐹𝑡
𝑍𝑡
) = 𝑐 + Ф(𝐿) (

𝐹𝑡
𝑍𝑡
) + 𝜔𝑡. 

To estimate the FADNS model, we proceed in two steps as in Vieira et al. (2017). We 

first extract level, slope and curvature from the yield curve as well as the principal 

components from our large panel of macro-financial indicators. We then estimate by 

quasi-maximum likelihood the FADNS coefficients in (2). To obtain forecasts, we plug in 

the coefficient estimates to predict the future values of the Nelson-Siegel factors 

(3) �̂�𝑖,𝑡 = �̂�𝑖 + ∑ �̂�𝑖,𝑘+𝑗�̂�𝑗,𝑡−1
3
𝑗=1 + ∑ �̂�𝑖,𝑗F𝑗,𝑡−1

𝑘
𝑗=1 , 

and then compute the expected yield curve h-months ahead by means of 

(4) �̂�𝑡+ℎ|𝑡
(𝑛)

= �̂�1,𝑡+ℎ|𝑡 + �̂�2,𝑡+ℎ|𝑡 (
1−𝑒−𝜆𝑛

𝜆𝑛
) + �̂�3,𝑡+ℎ|𝑡 (

1−𝑒−𝜆𝑛

𝜆𝑛
− 𝑒−𝜆𝑛). 

3. Data description 

Our data set contains 169 weekly variables from December 2007 to December 2015. In 

order to improve the predictive power of our model, more than half of the variables in our 

data set are forward-looking (63%; 107 out of 169). Indeed, Ang et al. (2007) show that 

forward-looking variables such as survey-based measures of expected inflation predict 

better future inflation than many backward-looking macroeconomic variables. The data 

set begins in December 2007 because this is the earliest date for which we could gather 

most of the weekly forward-looking variables. In Section 7 we entertain a different 

collection of forward-looking indicators with a longer time span (from 1989 to 2015), but 

at the quarterly frequency.  

                                                           
12 Although the principal component analysis formally requires independent and identically distributed 
observations, Stock and Watson (2002a) and Doz et al. (2012) show that it performs similarly to full maximum 
likelihood estimation for a large panel in the context of both static and dynamic factor models, respectively. 
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The forward-looking variables in our data set are from Bloomberg and contain financial 

variables (such as TED spread, 5-year CDS, and corporate bond spreads) and weekly 

market expectations for real activity, inflation, external, and fiscal accounts for 6, 12 and 

24 months ahead. To ensure that only up-to-date market expectations are considered, 

we gather forecasts only from institutions that regularly submit predictions. There are 

between 12 and 31 financial institutions that submit weekly forecasts depending on the 

forecasted variable. To the best of our knowledge, this is the first paper to explore such 

a comprehensive data set of market expectations to predict the yield curve of interest 

rates in the US. 

We can separate the variables in our data set into five groups according to the 

information they convey: Economic Uncertainty, Economic Activity, Inflation, Fiscal, 

Monetary and Financial. Economic Uncertainty is the largest group, accounting for 29% 

(49) of all variables. The variables in this group refer to the sample standard deviation, 

range and skewness of the institutions’ predictions. Economic Activity responds for 21% 

(36) of all variables, including employment, consumer confidence, retail sales, and 

expected activity indicators. Inflation answers for 21% (36) of the data, including 

producer and consumer aggregate indices – observed inflation and expected inflation (6, 

12 and 24 months ahead) -- and commodity prices (e.g. energy, livestock and crop 

prices).  

The Fiscal group accounts for 9% (15) of the variables, containing annual variation in 

federal and local government nominal debt, presidential approval rating and expected 

government budget as a percentage of GDP. The Monetary group is responsible for 7% 

(11) of the data set, containing credit, bank reserves, monetary aggregate variables and 

also forward-looking variables such as market expectations about future Fed funds rate 

and 10-year treasury yield. Finally, the Financial group accounts for 13% of the variables 

(22), including the S&P 500 index, credit spread (difference between corporate bond and 

treasury yields), speculative and commercial net contracts outstanding, Bloomberg’s 

financial condition index,13 and expected changes in the dollar-to-euro exchange rate. 

We also include in this group international indicators such as the 5-year China, Germany 

and Eurozone CDS as well as the Emerging Market Bond Index (EMBI). 

Before extracting principal components, we must first make sure that all variables are 

stationary. For any given variable, we take first differences if we find evidence of unit root 

at the 10% significance level. We then compute the principal components of the resulting 

                                                           
13 This index tracks the overall level of financial stress in US money, bond, and equity markets to help 
assess the availability and cost of credit. 
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set of variables.14 Table 1 presents the variables with the highest correlation with the first 

two principal components15 based on the whole sample. The first principal component 

explains 24% of the overall variation, loading mostly on variables in the Economic 

Activity, Economic Uncertainty and Financial groups. The second principal component 

explains 19% of the total variation in the data and correlates mostly with indicators from 

the Inflation group. The Appendix contains the full list of variables in our data set. 

[Table 1 about here] 

As we argue above, the first two principal components are highly correlated with US 

business cycle. The first component summarizes real macroeconomic activity, showing 

a strong relationship with unemployment rate and GDP growth. In the same way, the 

second principal component abridge external and internal price changes, with a clear 

correlation with consumer inflation forecasting, exchange rate and commodities prices. 

Despite we do not intentionally choose the factors related to real activity and inflation, 

our principal components with forward-looking indicators are close to variables selected 

in others papers as Diebold at al. (2006), Ludvigson and Ng (2009), Joslin et al. (2014), 

Altavilla et al. (2014b), and Cieslak and Povala (2015). 

According to Ludvigson and Ng (2009), by summarizing the information from a large 

number of series in a few estimated factors, we can eliminate the arbitrary reliance on a 

small number of imperfectly measured indicators to proxy for macroeconomic 

fundamentals and make feasible the use of a vast set of economic variables that are 

more likely to span the unobservable information sets of financial market participants.16 

3.1 The level, slope and curvature factors from the US yield curve 

We start with the average weekly term structure of interest rates from the daily zero 

coupon yields released by Bloomberg.17  We consider the following fixed maturities: 3, 

6, 12, 24, 36, 48, 60, 72, 84, 96, 108, 120, 180, 240, and 360 months. We retrieve the 

                                                           
14 For the descriptive analysis, we estimate the principal components using the whole sample. However, in 
the forecasting exercise, we compute the principal components in real time, that is, we re-estimating the 
principal components every time we add one more observation to the sample. 
15 In Exterkate et al. (2013), the methods that gain most from selecting the number of principal components  
generally require fewer than three principal components, suggesting that the first two principal components  
constructed by these methods already summarize most relevant information. 
16 Hellton and Thoresen (2014) show the impact of measurement error on the principal component scores 
increases the variability and does not affect the coefficient bias. The error-induced increase in variability is 
small compared with the original variability for the components corresponding to the largest eigenvalues, 
suggesting that the impact is negligible.  
17 For more information, see https://pt.scribd.com/document/36123534/Bloomberg-Interpolation. 
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level, slope and curvature factors from the US yield curve using a constant λ equal to 

0.0609, as in Diebold and Li (2006), and then estimate (2) using a VAR(1) specification.  

For the out-of-sample exercise, we assess only maturities higher than 1 year because of 

the extremely low interest rate volatility after the recent crisis. Steeley (2014) claims that, 

under the ZIRP, any model without a strong weight in the inertial component will have 

problems in forecasting the short-term yields. Figure 1 shows the 1-year rolling volatility 

for 1-, 5-, 10-, and 30-year yields over the period from 2009 to 2015. We observe a sharp 

reduction in the volatility of the short-term yields, especially at the 1-year yield after 2012 

with the quantitative easing. Figure 2 plots the ratio between volatility levels before and 

after December 2012. Again, we observe that interest rate volatility declines significantly. 

For instance, the volatility ratios are 70% for the 30-year yields, about 40% for the 5- , 7- 

and 10-year yields, and 10% for the 1-year yield. 

[Figures 1 and 2 about here] 

4. Implementing FADNS forecasts 

This section first shows that the principal components of the wide array of 

macroeconomic and financial variables indeed convey relevant information about the 

yield curve by examining a factor-augmented Taylor rule. We then report both in- and 

out-of-sample forecasting performance of the FADNS model relative to the extant macro-

finance term structure models in the literature.  

4.1 Factor-augmented Taylor rule 

We adapt Bernanke and Boivin’s (2003) augmented Taylor rule to the weekly frequency 

as follows 

(4) 𝑅𝑡 = 𝜌𝑅𝑡−1 + (1 −  𝜌)[𝛽1(𝐶𝑃𝐼12𝑚 − 𝐶𝑃𝐼𝑡𝑎𝑟𝑔𝑒𝑡) + 𝛽2(𝑔12𝑚 − 𝑔𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙) + 𝛽3𝑅�̂�], 

where 𝑅𝑡   is the Federal Reserve target interest rate (namely, the Fed funds rate), 

𝐶𝑃𝐼12𝑚  is the expected consumer price index inflation excluding food and energy over 

the next 12 months, 𝐶𝑃𝐼𝑡𝑎𝑟𝑔𝑒𝑡 is the inflation target, 𝑔12𝑚  is the expected GDP growth 

over the next 12 months, 𝑔𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 is the potential GDP growth, and 𝑅�̂� = 𝑐 + ∑ 𝑎�̂�𝐹𝑖𝑡
2
𝑖=1  

is the projection of the Fed funds rate onto the first two principal components (𝐹1𝑡 , 𝐹2𝑡) 

computed from of entire data set of  financial and macroeconomic variables.  
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Table 2 shows that the principal components indeed affect the Fed funds rate. Projecting 

𝑅𝑡 onto (𝐹1𝑡,𝐹2𝑡) yields a significantly negative coefficient estimate for 𝐹1𝑡, reflecting a 

strong correlation of 𝑅𝑡 with higher GDP growth, lower unemployment and economic 

uncertainty. In turn, the significantly positive coefficient for 𝐹2𝑡 shows that the Fed funds 

rate increases with higher expected inflation, commodity prices and exchange rate 

depreciation. 

[Table 2 about here] 

To estimate the Taylor rule in equation (4), we measure the inflation gap as the difference 

between the market’s expectation of core inflation over the next 12 months and the long-

run inflation target of 2% defined by the Federal Open Market Committee (FOMC). To 

measure output gap, we take the difference between the market’s expectation of GDP 

growth over the next 12 months and the real potential GDP released by the 

Congressional Budget Office (CBO).18 Table 3 reports the estimation results for two 

specifications of the Taylor Rule. In the first specification (Column A), we do not include 

the projection of the Fed funds rate on the principal components. The coefficient 

estimates are as expected, implying that higher inflation and increasing GDP gap 

translate into a greater Fed funds rate. In the augmented specification (Column B), the 

coefficient on the output gap is still significant but it decreases by half, whereas the 

coefficient on the inflation target becomes insignificant.19 The coefficient estimate on 𝑅�̂� 

is significantly positive, suggesting that principal components indeed convey relevant 

information. 

[Table 3 about here] 

4.2 Estimating the yield curve 

This section discusses the in-sample results from the FADNS estimation. Table 4 reports 

the sample average and standard deviation of the actual and predicted yields as well as 

of the corresponding absolute errors. The FADNS model fits well the level, slope, and 

curvature of the US term structure of interest rates from December 2007 to December 

2012. 

[Table 4 about here] 

                                                           
18 The CBO releases real potential GDP growth on quarterly basis. We interpolate this series linearly to 
obtain weekly observations. 
19 Adding the principal components directly into the Taylor rule yields similar results, but with lower standard 
errors in view that the estimation is now in one step. As a result, the coefficient estimate for inflation becomes 
significant at the 10% level. 
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As in Diebold and Li (2006), we do not find a clear pattern between the magnitude of the 

residuals and maturity. This is in contrast with Moench (2008), who finds that the mean 

absolute error (MAE) increases with maturity. In addition, we find lower MAEs than 

Moench (2008) for every yield, confirming Steeley’s (2014) findings that residuals are 

smaller and less volatile after the 2007-2009 recessionary period. The FADNS model 

entails a lower MAE than Diebold and Li’s (2006) autoregressive model. The largest 

estimation errors are of circa 50 basis points (bps) for the 1-year yield in the week of 

Lehman Brothers’ bankruptcy and of 23 bps for the 10-year yield one month later. 

Altogether, we find that the FADNS captures very well both the short and long ends of 

the US term structure of interest rates. In the next section, we examine whether the 

excellent in-sample performance also translates into superior forecasts out-of-sample. 

4.3 Forecasting the yield curve 

In this section, we assess the forecasting performance of our FADNS model relative to 

the extant models in the literature. Apart from the usual random walk benchmark (RW), 

we also contemplate the forecasting performance of the autoregressive model (AR), the 

slope model (Diebold and Li, 2006; Steeley, 2014), Diebold and Li’s (2006) VAR model 

for the level, slope and curvature factors (DL), Diebold et al.’s (2006) dynamic Nelson–

Siegel model (DNS), and Altavilla et al.’s (2014b) augmented dynamic Nelson-Siegel 

model by the future Fed funds rate (FFF). Despite their simplicity, the AR and RW models 

are actually quite challenging benchmarks, especially at shorter forecasting horizons 

(see Joslin et al., 2011). 

The DNS model can be framed in transition and measurement equations. The transition 

equation is 

(5) (

𝐿𝑡 − 𝜇𝐿
𝑆𝑡 − 𝜇𝑆
𝐶𝑡 − 𝜇𝐶

) = (

𝑎11 𝑎12 𝑎13
𝑎21 𝑎22 𝑎23
𝑎31 𝑎32 𝑎33

)(

𝐿𝑡−1 − 𝜇𝐿
𝑆𝑡−1 − 𝜇𝑆
𝐶𝑡−1 − 𝜇𝐶

) + (

𝜂𝑡(𝐿)
𝜂𝑡(𝑆)

𝜂𝑡(𝐶)
), 

whereas the measurement equation is given by 

(6) 

(

 
 

𝑦𝑡
(1)

𝑦𝑡
(2)

⋮

𝑦𝑡
(𝑁)
)

 
 
= 

(

 
 
 
1 (

1−𝑒−𝜆𝑛

𝜆𝑛
) (

1−𝑒−𝜆𝑛

𝜆𝑛
− 𝑒−𝜆𝑛)

1 (
1−𝑒−𝜆𝑛

𝜆𝑛
) (

1−𝑒−𝜆𝑛

𝜆𝑛
− 𝑒−𝜆𝑛)

⋮ ⋮ ⋮

1 (
1−𝑒−𝜆𝑛

𝜆𝑛
) (

1−𝑒−𝜆𝑛

𝜆𝑛
− 𝑒−𝜆𝑛))

 
 
 

(

𝐿𝑡
𝑆𝑡
𝐶𝑡

) +

(

 
 
 
 

휀𝑡
(1)

휀𝑡
(2)

⋮

휀𝑡
(𝑁−1)

휀𝑡
(𝑁)

)
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We estimate jointly the level, slope, and curvature factors as well as λ in the DNS model. 

We use the coefficient estimates of a VAR(1) model with λ equal to 0.0609 as initial 

values. 

As in Steeley (2014), we obtain the forecasts of the Slope model by regressing each 

yield on the past realization of the corresponding term spread. This implies 

(7)  �̂�𝑡+ℎ|𝑡
(𝑛) = �̂�𝑡

(𝑛) + �̂�(𝑛) + �̂�(𝑛) (𝑦𝑡
(𝑛) − 𝑦𝑡

(3)) 

as the h-step ahead forecast of the yield on maturity n.  

The DL forecasting strategy is as follows. First, we extract the level, slope and curvature 

factors from the yield curve for each week using Nelson and Siegel’s (1987) 

decomposition with 𝜆 fixed at 0.0609. Then, we forecast the Nelson-Siegel factors using 

a VAR(1) process to back out the future values of the yields. The h-steps ahead forecast 

of the yield on maturity n then is 

(8) �̂�𝑡+ℎ|𝑡
(𝑛)

= �̂�1,𝑡+ℎ|𝑡 + �̂�2,𝑡+ℎ|𝑡 (
1−𝑒−𝜆𝑛

𝜆𝑛
) + �̂�3,𝑡+ℎ|𝑡 (

1−𝑒−𝜆𝑛

𝜆𝑛
− 𝑒−𝜆𝑛). 

Altavilla et al. (2014b) augments Diebold and Li’s (2006) term structure model by the 

expectations on the Fed funds rates h-steps ahead. To obtain the forecasts of the FFF 

model, we first extract the Nelson-Siegel factors from the yield curve. Then, we calculate 

(9)  �̂�𝑖,𝑡+ℎ = �̂�𝑖 + ∑ �̂�𝑖,𝑘+𝑗�̂�𝑗,𝑡
3
𝑗=1 + �̂�𝑖X𝑡 + η𝑡+ℎ, 

where X𝑡 denotes the expectations on the Fed funds rates. Altavilla et al.’s (2014b) 

original model measures expectations on the Fed funds rates by the consensus from the 

Survey of Professional Forecasters (SPF). Because the SPF survey is at the quarterly 

frequency, we replace it with the implied future Fed funds rates that is available at the 

weekly frequency.20 

To obtain out-of-sample forecasts, we use an expanding estimation window. The initial 

window runs from the first week of December 2007 to the last week of December 2012, 

so that our initial forecast is for yields in the first week of January 2013. We then forecast 

the yields for every subsequent week up to the last week of December 2015 by adding 

                                                           
20 In Section 6, we redo the analysis with survey analysts’ forecasts at the quarterly frequency as in 
Altavilla et al. (2014b). 
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one new weekly observation. To compute h-step ahead forecasts, we iterate forward the 

one-period-ahead forecasts.21 

Table 5 reports the mean absolute forecast error (MAFE) of each model for yields with 

maturity ranging from 1 to 30 years. The FADNS model performs very well relative to the 

RW and AR benchmarks. At the 3-month horizon, it not only entails comparable forecasts 

for the 5-year yield, but also clearly outclasses them for the 7- and 10-year yields. At 

longer horizons, the FADNS beats the RW and AR models for any yield with maturity of 

5 or more years, with an average reduction of 25% in the MAFE. In particular, the FADNS 

model entails clear improvements for longer horizons and with much lower MAFE for the 

5- to 10-year yields at any horizon from 6 to 12 months ahead. This is quite an 

achievement given the low volatility that characterizes the out-of-sample period. As 

expected given Steeley’s (2014) findings, the random walk dominates for the 1-year yield 

at any horizon. 

[Table 5 about here] 

As for alternative models, FFF is the only to outperform the RW benchmark at longer 

horizons. Although both FFF and DNS offer some improvement over the AR benchmark, 

they are clearly inferior to the FADNS model. More specifically, the latter outperforms the 

second best alternative by about 3.5 bps on average. The DL and slope models perform 

poorly relative to the benchmarks. Altogether, the results in Table 5 suggest that adding 

the principal components is key to improve the forecasting performance for every yield 

and horizon. 

The FADNS model produces forecast errors with lower mean and variance, especially 

for longer-term yields. Figure 3 displays box plots for the 3-, 6- and 12-month ahead 

forecast errors of the 5-, 10- and 30-year yields. The dispersion of the 5-year yield 

forecast errors of the FADNS model is much lower than the dispersion of almost every 

competing model for horizons superior than 3-month. The only exception is the FFF 

model, whose forecast errors also exhibit lower variance. Perhaps not surprisingly, the 

FFF model also relies on forward-looking variables to forecast the short-end of the yield 

curve.  

[Figure 3 about here] 

                                                           
21 See Marcellino, Stock and Watson (2006) for an excellent discussion about the relative advantages and 
drawbacks of direct and iterated AR forecasts. 
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The principal components of our FADNS model are very useful for forecasting purposes 

because they have a strong correlation with the medium- and long-term yields. As a 

result, the FADNS model is able to improve forecasts at longer horizons and maturities. 

For instance, the MAFE distribution for the 30-year yield in Figure 3 displays the lowest 

mean and percentiles, stochastically dominating the other models. 

It remains to check whether this superior performance is indeed statistically significant. 

To this end, we run a Model Confidence Set (MCS) analysis as in Hansen et al. (2011). 

This procedure determines the number of superior models within a collection of alterative 

specifications given a confidence level. This number obviously depends on how 

informative the data are. If the data contain useful information, the MCS analysis can 

select only a few, if not a single, model. The main advantage of the MCS analysis is that 

it is not about comparing predictive ability against one single benchmark. It treats the 

performance of every model in a symmetric way, attempting only to identify which models 

entail a better out-of-sample predictive power. 

The stars in Table 5 indicate the superior models according to the MCS analysis. There 

is no model that delivers superior 1-year yield forecasts relative to the RW benchmark, 

except for AR at the 12-month horizon. The picture dramatically changes for longer-term 

yields, though. In particular, the FADNS model not only consistently beats the random 

walk, but also belongs to the set of superior models at the 10% significance level for 

virtually every maturity above one year. In fact, it is the only superior model for the 7- 

and 10-year yields at all horizons. For the 5- and 30-year yields, FADNS is in the 

collection of superior models for horizons superior to 3 months at 10% significance level, 

but there are other specifications in the set of superior models. The FFF model presents 

good performance for 5-year yield at 3- to 9-month horizons. For the 30-year yield, RW 

is the best model at the 3-month horizon, whereas RW, AR and FFF are among the 

superior models at 25% significance level at the 6-month horizon. Finally, DNS and DL 

forecasts are a bit disappointing, never achieving superior performance regardless of the 

maturity and horizon. 

5. Where does the superior performance of the FADNS model come from? 

Most forecasting models of the term structure of interest rates that rely on 

macroeconomic and financial variables fail to beat the random walk benchmark at shorter 

forecasting horizons (Ang and Piazzesi, 2003; Moench, 2008). More recently, de Pooter 

et al. (2010) and Altavilla et al. (2014a,b) show some promising results, especially at 
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shorter horizons. These recent models do not outclass the random walk either for long-

term yields or at longer forecasting horizons, however. 

In what follows, we show that the FADNS yields better forecasts because of the forward-

looking nature of the financial and macroeconomic variables we employ. To this end, we 

split the dataset into two groups. The first set contains the 62 macro-finance variables 

that are backward-looking, whereas the second comprises the 107 forward-looking 

indicators. 

Table 6 shows how the forecasting performance of the FADNS changes as we move 

from principal components based on backward-looking variables to principal 

components from forward-looking indicators. FADNS-past denotes the model that uses 

only backward-looking variables, whereas FADNS-fwrd refers to the model that uses 

only forward-looking. As a benchmark, we employ the FADNS model that uses the full 

data set.  

[Table 6 about here] 

The FADNS-past model usually offers the highest MAFE for every maturity, except for 

the 1- and 10-year yields at the 3-month forecasting horizon. In stark contrast, the 

FADNS-fwrd model compares well with the FADNS model for virtually all yields. As 

compared to the FADNS-past, we observe that the FADNS-fwrd forecast errors are on 

average 4 bps lower in magnitude. This means that entertaining a large number of 

forward-looking macro-finance indicators is key to the superior performance of the 

FADNS model. 

To statistically compare the performance of the FADNS-past and FADNS-fwrd models, 

we perform White’s (2000) reality check. The null hypothesis is that the FADNS model 

forecasts are not statistically different from the FADNS-past or FADNS-fwrd forecasts. 

Table 6 documents that the forecasts of FADNS and FADNS-fwrd are not statistically 

different for every yield. The same does not apply to FADNS-past, though. We find 

evidence that it entails inferior performance for some yields at horizons longer than 3 

months. 

If using forward-looking variables is key to improve forecasting performance, one could 

argue for incorporating their information in the competing models as well. Table 7 reports 

the gains in the MAFE sense. As a benchmark, the last column displays how much we 

gain by moving from DNS to FADNS. Augmenting the DL and FFF models with principal 

components markedly improve the yield curve forecasting. For maturities above 1-year 

and at any forecasting horizon, the MAFE reduces on average 18% with respect to the 
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original specification. The Slope model exhibits only some slightly lower forecast errors 

for yields with maturities longer than 5 years, but the reductions are less important. 

[Table 7 about here] 

We also assess the statistical significance of these gains by means of White’s (2000) 

reality check. As above, the augmented version of the DNS model is statistically superior 

to the bare DNS model for virtually every yield and horizon. A similar pattern arises for 

the DL and FFF models with principal components. For the 7- and 10-year yields, the 

improvements are uniform across horizons. Adding the principal components to the AR 

model also bring forth significant gains for the 10- and 30-year yields. The exception is 

the slope model, whose forecasting performance sees no statistically significant 

improvement. All in all, the results suggest that forecasting performance typically 

improves once we incorporate principal components from a large panel of forward-

looking indicators into the models. The gains are particularly strong for yields with longer 

maturities due to their higher volatilities.  

6. Robustness checks 

6.1 Survey of Professional Forecasters data set 

In this section, we check whether our results are an artifact due to the short time span of 

our data set. To consider a longer time span, we resort to quarterly data from the Survey 

of Professional Forecasters (SPF) available at the website of the Federal Reserve Bank 

of Philadelphia.22 Additionally, for macroeconomic variables that have historical revision 

as US GDP, nonfarm payroll, industrial production and others, we gather information 

from Real-Time Data Set for Macroeconomics of Philadelphia FED that uses the correct 

vintage history available when the forecast is made.  

Our panel of macro-finance indicators has 86 variables at the quarterly frequency; of 

which 55% are forward looking (the detailed list is in Appendix II). Real activity indicators 

such as GDP, consumption, and employment amount to over 60% of the variables, 

whereas 20% relate to inflation and fiscal indicators. The remaining are financial, 

monetary and credit-related variables. To compute principal components, we ensure that 

every variable is stationary by taking first differences if necessary. Despite the SPF starts 

in 1968, more than 2/3 of all variables become available only in the 1980s. In addition, 

                                                           
22 The Survey of Professional Forecasters is available from 1968 and is oldest quarterly survey of 
macroeconomic forecasts in the United States. Initially, it was conducted by the American Statistical 
Association and the National Bureau of Economic Research. Since 1990, it is maintained by the Federal 
Reserve Bank of Philadelphia. 
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Bloomberg publishes yield data as from the first quarter of 1989. Accordingly, we redo 

the out-of-sample FADNS forecasting starting in the last year of 1980s. We gather the 

effective quarterly interest rate from Bloomberg for the same fixed maturities as before. 

We initially estimate the models using data from the first quarter of 1989 to the last 

quarter of 2002, and then assess the forecasting performance using data from 2003 to 

2015. 

De Pooter et al. (2010) and Exterkate et al. (2013) argue that it is very hard to outclass 

yield curve forecasts from autoregressive models in periods of low market volatility. It is 

thus interesting to see how the models fare from 2003 to 2007 in view of the relatively 

low volatility that characterized this period; the implied volatility in the S&P 500 is 40% 

lower in this period than from 1998 to 2002, and 15% than from 2008 to 2015 during the 

quantitative easing. 

[Table 8 about here] 

Indeed, Table 8 shows that most models find it very hard to beat the RW and AR 

benchmarks in the period running from 2003 to 2015. The FADNS model comes to our 

rescue again, with lower MAFE for the 7- and 10-year yields at most forecasting horizons. 

Restricting attention exclusively to the forward-looking indicators from the SPF data set 

does not seem to affect much the predictive ability of the FADNS (see column FADNS-

fwrd). On the contrary, it entails superior forecasting performance also for the 5-year 

yield. The MCS analysis also reveals that the RW belongs to the set of superior model 

only for the 1-year and 30-year yields. 

Table 9 documents that conditioning on the principal components usually produces lower 

MAFE, particularly at the 3- and 6-month forecasting horizons. The results also indicate 

that the gains are particularly strong for dynamic models such as FFF and DNS. As 

before, White’s reality check confirms the statistical significance of these improvements 

for almost every maturity at the 3- and 6-month forecasting horizons. We take this as 

further evidence that using dynamic models with forward-looking macro-finance 

variables yields more accurate predictions. 

[Table 9 about here] 

6.2 Avoiding spurious macroeconomic factors 

In this section, we focus on whether the forecasting ability of the FADNS model with 

forward-looking macroeconomic variables is indeed genuine. Bauer and Hamilton (2017) 

argue that regressions with macroeconomic indicators are subject to small-sample 
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issues, the violation of the exogeneity assumption,23 and overlapping forecasts. To avoid 

the latter, we focus on 3-month forecasts using quarterly SPF data. There is no 

overlapping in the predictive regressions, then.24 

Bauer and Hamilton (2017) also suggest checking the forecasting performance in 

different subsamples to assess true out-sample forecasts.25  

Table 10 provides forecasting results for different subsamples. We split the 52 quarters 

into two subsamples: from the first quarter of 2003 to the second quarter of 2009 and 

from the third quarter of 2009 to the last quarter of 2015. In the first period, Fed Fund 

rates are positive, with the yield curve sloping down. In contrast, the ZIRP characterizes 

the second period. Fed Fund rates are close to zero, with an upward sloping yield curve. 

As before, the FADNS out-of-sample forecasts for 7- and 10-year yields are superior to 

RW and extant models in the literature for both subsamples. For the 5-year yield, RW 

joins the FADNS in the set of superior models. All in all, it seems that performance does 

not depend too much on the sample period.  

[Table 10 about here] 

To assess true out-of-sample performance, we compare the 3-month forecast of the 

model using data up to 2015 for both Bloomberg and SPF datasets with the model using 

the realized 2016 data. Table 11 reports that our model beats the extant literature and 

RW for virtually every maturity, except to the 1- and 30- yields using the Bloomberg 

dataset. The improvements that the FADNS model with forward-looking indicators bring 

to the table are quite similar to those in the previous sections. Although we cannot assess 

statistical significance of these results due to the small sample (namely, one year of 

data), it is very reassuring that the FADNS model remains outclassing the alternative 

models in this true out-of-sample analysis.        

[Table 11 about here] 

                                                           
23 A key feature of regression with level, slope and curvature is these factors capture information in the 
current yield, meaning they are correlated with the residual. Bauer and Hamilton (2017) shows that it rises 
a problem called “standard error bias”, in other words, it causes a lower standard deviation and a more 
frequently rejection of the hypothesis of macroeconomic coefficient is equal to zero.  
24 While we could find overlapping problems in our weekly database, in the 6.1 section, this problem make 
less important when we present similar results for the model using principal components extracted from a 
forward-looking indicators with a lower frequency (quarterly). 
25 They also propose a parametric bootstrap. We do not implement this procedure because we would have 
to take a stand on the dynamic behaviour of every single variable that forms the principal components we 
use. However, we believe that we address similar concerns by showing that the forward-looking principal 
components matter for different data sources (Bloomberg and SPF) and model specifications (DNS, FFF, 
Slope and DL). 
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7. Conclusion 

We propose forecasting the yield curve using a factor-augmented dynamic Nelson-

Siegel model (FADNS). In particular, we predict the future level, slope and curvature 

factors using a VAR model that also includes principal components from a large panel of 

forward-looking macroeconomic and financial indicators. Out-of-sample analysis shows 

that the FADNS model fares very well relative to the extant macro-finance term structure 

models in the literature. 

This paper contributes to the understanding of the ingredients needed to improve yield 

curve forecasts. First, it does not suffice to consider an arbitrarily large number of 

predictors as in Ang and Piazzesi (2003) and Moench (2008). It is crucial that their 

information is of a forward-looking nature. Second, it is not enough to condition on a few 

forward-looking variables as in de Pooter et al. (2007) and Altavilla et al. (2004a,b). We 

need a large number of forward-looking variables to best capture the future trajectory of 

the yield curve. 
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Table 1 

Principal components from the panel of 169 macro-financial indicators, full sample 
  

Principal Components Analysis Correlation 

Factor 1 - 23.7% of total variance    

            Standard deviation of GDP growth for the next 12 months 0.926 

            Financial condition index – Bloomberg 0.885 

            Standard deviation of CPI inflation for the next 12 months 0.861 

            Annualized GDP growth expected for the next 12 months – median -0.854 

            Unemployment annual change expected for the next 12 months - median 0.848 

            Financial condition index – Bloomberg -0.840 

            Annualized GDP growth expected for the next 6 months – average -0.837 

            Unemployment annual change expected for the next 12 months - median 0.834 

            Initial jobless claims - Net annual change 0.815 

            Budget result % of GDP expected for the next 6 months –average -0.810 

Factor 2 - 18.9% of total variance   

            CRB energy index – YoY 0.902 

            CRB index – YoY 0.894 

            Consumer inflation expected for the next 12 months –average 0.893 

            Natural gas price – YoY 0.835 

            Terms of trade – USD 0.827 

            Current account % GDP annual change for the next 6 months –  average -0.695 

            Euro exchange rate expected  for the next 6 months – average 0.766 

            Rasmussen Presidential approval index – approval -0.756 

            US buying climate index -0.702 

            Dollar index spot rate (DXY) -0.677 
   

This table reports the variables with the highest correlation with each of the principal components extracted 

from the panel of 169 macroeconomic and financial indicators. 
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Table 2 

Policy Rule based on Factors 
    

  PCA 

Constant 0.5550 

  (0.0251) 

First principal component -0.2243 

  (0.0416) 

Second principal component 0.1051 

  (0.0273) 

R-square 0.561 
 

This table documents factor-based rules for the target interest rate 
of the Federal Reserve. We regress the target interest rate on the 
first 2 principal components of the macroeconomic and financial 
variables. We also display robust standard errors in parentheses. 

Table 3 

Augmented Taylor Rule 
      

  A B 

Smoothing coefficient  - 𝜌 0.813 0.743 

  (0.008) (0.014) 

Inflation gap - 𝛽1 0.085 0.001 

  (0.051) (0.038) 

Output gap - 𝛽2 0.177 0.081 

  (0.030) (0.026) 

Predicted target interest rate using PCA - 𝛽3   0.404 

    (0.056) 

R-square 0.951 0.955 
 

This table reports the regression results for equation (4). Column A displays the coefficient estimates 
for the traditional Taylor rule, whereas Column B shows the estimates for augmented Taylor rules that 
include the target interest rate predicted by the factor models in Table 2. We report robust standard 
errors in parentheses. 

 
 

Table 4 

Average and standard deviation of the actual and fitted yields 
  

Yield 
Mean   Standard Deviation 

Actual FADNS MAE   Actual FADNS MAE 

1 year 0.47 0.31 0.17  0.64 0.64 0.11 

5 years 1.71 1.90 0.19  0.71 0.68 0.11 

7 years 2.23 2.44 0.21  0.72 0.69 0.13 

10 years 2.73 2.93 0.20  0.72 0.72 0.09 

30 years 3.64 3.75 0.16  0.67 0.80 0.11 

This table reports sample mean and standard deviation (in percentage points) of the actual and 
FADNS fitted yields as well as of the corresponding mean absolute errors (MAE) for each 
maturity. 
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Table 5 

Mean absolute forecast errors across maturities and horizons 
  

  RW AR Slope DL FFF DNS FADNS 

3 months ahead 

1 0.042* 0.062 0.047 0.151 0.139 0.164 0.165 

5 0.187 0.170** 0.195 0.210 0.166* 0.207 0.187 

7 0.226 0.204 0.230 0.261 0.214 0.238 0.189* 

10 0.253 0.245 0.258 0.350 0.291 0.249 0.232* 

30 0.317 0.347 0.329 0.409 0.393 0.439 0.380 

6 months ahead 

1 0.066* 0.077 0.071 0.191 0.156 0.220 0.201 

5 0.250 0.196 0.262 0.255 0.178* 0.254 0.181* 

7 0.323 0.251 0.329 0.374 0.226 0.307 0.197* 

10 0.398 0.347 0.401 0.495 0.378 0.367 0.303* 

30 0.515**  0.515** 0.524 0.571 0.501** 0.630 0.481* 

9 months ahead 

1 0.086* 0.094 0.089 0.224 0.178 0.252 0.210 

5 0.286 0.276 0.301 0.308 0.204** 0.279 0.195* 

7 0.371 0.321 0.378 0.457 0.256 0.323 0.219* 

10 0.465 0.426 0.472 0.604 0.441 0.401 0.334* 

30 0.630 0.652 0.631 0.633 0.538 0.678 0.483* 

12 months ahead 

1 0.108* 0.110* 0.110 0.292 0.205 0.231 0.208 

5 0.321 0.364 0.335 0.355 0.240 0.311 0.210* 

7 0.416 0.383 0.424 0.527 0.299 0.347 0.247* 

10 0.524 0.488 0.539 0.679 0.496 0.435 0.363* 

30 0.659 0.764 0.667 0.627 0.572 0.654 0.453* 

This table summarizes the mean absolute forecast error (in percentage points) of each model. We estimate 
every model using data from December 2007 to December 2012 and then produce h-month ahead forecasts, 
with h = 3, 6, 9 and 12, for the period running from January 2013 to December 2015. RW refers to the random 
walk model, AR refers to the autoregressive model, DL refers to the Diebold and Li’ (2006) model, DNS to the 
dynamic Nelson-Siegel model, Slope to the regression of the term structure on the past yield curve slope, and 
FFF to Altavilla et al.’s (2014b) model with future contracts of FED funds rates, and FADNS to our factor-
augmented dynamic Nelson-Siegel model with the first 2 principal components. We identify the superior models 
at the 10% and 25% significance levels with * and **, respectively. 
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Table 6 
Forecasting performance with different predictor 

variables 
 

 FADNS 
FADNS – 
past 

FADNS – 
fwrd 

3 months ahead 

1 0.165 0.149 0.158 

5 0.187 0.195 0.186 

7 0.189 0.204 0.189 

10 0.232 0.228 0.229 

30 0.380 0.482** 0.388 

6 months ahead 

1 0.201 0.201 0.186 

5 0.181 0.231* 0.189 

7 0.197 0.257* 0.202 

10 0.303 0.323 0.302 

30 0.481 0.591** 0.487 

12 months ahead 

1 0.208 0.261* 0.184 

5 0.210 0.246** 0.226 

7 0.247 0.291** 0.256 

10 0.363 0.374 0.361 

30 0.453 0.516** 0.458 

This table reports the mean absolute forecast errors (in 
percentage points) of the FADNS models as well as the 
analog figures for the FADNS-past and FADNS-fwrd 
models. The former extracts the principal components only 
from backward-looking macro-finance variables, whereas 
the latter computes the principal components using only 
forward-looking and forecasting uncertainty indicators. 
Using White’s reality check test, * and ** indicate an 
inferiority of the model regarding to FADNS at 10% and 25% 
significance level, respectively.  
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Table 7 
Relative mean absolute forecast error for augmented models with 

principal components 
  

  AR Slope DL FFF DNS 

3 months ahead 

1 1.659 1.122 1.004 0.915** 1.004 

5 1.280 1.001 0.814* 0.973 0.904** 

7 1.124 0.995 0.791* 0.890** 0.791* 

10 0.915** 0.993 0.740* 0.885** 0.934** 

30 0.872* 0.991 0.990* 0.976 0.865* 

6 months ahead 

1 1.031 1.034 0.915** 0.892** 0.915** 

5 1.903 1.001 0.681* 0.991 0.714* 

7 1.522 0.988 0.667* 0.833* 0.641* 

10 0.946** 0.989 0.747* 0.863* 0.825* 

30 0.822* 0.985 0.992 0.951 0.764* 

12 months ahead 

1 1.164 1.008 0.818* 0.964 0.897** 

5 1.593 0.996 0.673* 0.978 0.677* 

7 1.397 0.981 0.669* 0.781* 0.713* 

10 0.819* 0.986 0.771* 0.817* 0.835* 

30 0.724* 0.989 0.997 0.844* 0.692* 

This table compares the mean absolute forecast errors (MAFE) of the extant models 
in the literature with and without the first two principal components from our large 
panel of macro-finance indicators. AR refers to the autoregressive model, DL refers 
to the Diebold and Li’ (2006) model, DNS to the dynamic Nelson-Siegel model, 
Slope to the regression of the term structure on the past yield curve slope, and  FFF 
to Altavilla et al.’s (2014b) model with future contracts of FED funds rates. Ratios 
below one indicate that adding principal components improves forecasting 
performance. * and ** indicate statistical significance according to White’s reality 
check at the 10% and 25% significance level, respectively. 
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Table 8 

Mean absolute forecast errors across maturities and horizons at the quarterly frequency 
  

  RW AR Slope DL FFF DNS FADNS 
FADNS 
– fwrd 

3 months ahead 

1 0.191* 0.208 0.382 0.447 0.324 0.347 0.308 0.315 

5 0.273** 0.278** 0.422 0.408 0.425 0.391 0.280** 0.266* 

7 0.281 0.288 0.423 0.418 0.414 0.392 0.276 0.257* 

10 0.275 0.278 0.422 0.424 0.388 0.388 0.250 0.236* 

30 0.300* 0.302 0.457 0.514 0.440 0.435 0.431 0.443 

6 months ahead 

1 0.370* 0.444 0.505 0.554 0.489 0.456 0.488 0.477 

5 0.422 0.420 0.491 0.483 0.569 0.531 0.434 0.399* 

7 0.434 0.430 0.482 0.483 0.565 0.535 0.413 0.372* 

10 0.422 0.430 0.475 0.480 0.542 0.530 0.386 0.346* 

30 0.455* 0.461 0.517 0.526 0.544 0.547 0.515 0.516 

9 months ahead 

1 0.555* 0.687 0.669 0.704 0.685 0.583 0.620 0.631 

5 0.492 0.497 0.589 0.590 0.682 0.580 0.514 0.454* 

7 0.495 0.506 0.568 0.575 0.663 0.582 0.477 0.431* 

10 0.473 0.500 0.546 0.548 0.617 0.584 0.445 0.394* 

30 0.521* 0.534 0.546 0.556 0.579 0.594 0.544 0.546 

12 months ahead 

1 0.747* 0.953 0.850 0.891 0.884 0.782 0.787 0.825 

5 0.604* 0.664 0.716 0.710 0.838 0.731 0.659 0.658 

7 0.591 0.637 0.679 0.675 0.807 0.713 0.601 0.555* 

10 0.546 0.597 0.636 0.636 0.763 0.690 0.535 0.497* 

30 0.554* 0.569 0.629 0.614 0.607 0.612 0.598 0.582 

This table summarizes the mean absolute forecast error (in percentage points) of each model. We estimate every 
model using data from first quarter of 1989 to last quarter of 2002 and then produce h-month ahead forecasts, 
with h = 3, 6, 9 and 12, for the period running from 2003 to 2015. RW refers to the random walk model, AR refers 
to the autoregressive model, DL refers to the Diebold and Li’ (2006) model, DNS to the dynamic Nelson-Siegel 
model, Slope to the regression of the term structure on the past yield curve slope, and  FFF to Altavilla et al.’s 
(2014b) model with future contracts of FED funds rates, FADNS to our factor-augmented dynamic Nelson-Siegel 
model with the first 2 principal components, and FADNS-fwrd to our FADNS using only forward-looking variables. 
. We identify the superior models at the 10% and 25% significance levels with * and **, respectively. 
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Table 9 
Relative Mean Absolute Forecast Error  

for Augmented Models at quarterly frequency 

  

  AR Slope DL FFF DNS 

3 months ahead 

1 1.145 1.029 1.052 0.721* 0.808* 

5 0.990 1.014 1.019 0.749* 0.663* 

7 0.981 0.983 0.980 0.750* 0.651* 

10 0.995 0.953 0.956 0.711* 0.592* 

30 0.989 0.924** 1.003 0.853* 0.943 

6 months ahead 

1 1.063 0.998 1.013 1.020 0.928** 

5 1.048 0.995 0.994 0.906** 0.873** 

7 1.051 0.979 0.961 0.864** 0.839* 

10 1.024 0.953 0.956 0.841* 0.816* 

30 0.988 0.917** 1.001 0.907** 0.996 

12 months ahead 

1 1.046 0.989 0.995 1.178 0.926** 

5 1.150 1.002 1.003 1.085 0.920** 

7 1.167 0.993 0.992 1.051 0.885** 

10 1.161 0.980 0.977 1.023 0.840* 

30 1.066 0.935 0.970 1.007 0.949 

This table reports the mean absolute forecast errors (MAFE) of the competitor 
models from the extant literature versus the same models plus 2 principal 
components extracted from our dataset. AR refers to the autoregressive 
model, DL refers to the Diebold and Li’ (2006) model, DNS to the dynamic 
Nelson-Siegel model, Slope to the regression of the term structure on the past 
yield curve slope, and  FFF to Altavilla et al.’s (2014b) model with future 
contracts of FED funds rates. The ratio is calculated by MAFE of the models 
with 2 PC to MAFE of the models in traditional fashion. Using White’s reality 
check test, * and ** indicate a superiority of the 2PC model regarding to the 
traditional form at 10% and 25% significance level, respectively. 
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Table 10 
Mean absolute forecast errors across maturities at 3-month 
ahead at the quarterly frequency for different subsamples 

 

                  

  RW   AR Slope DL FFF DNS FADNS 
FADNS – 

fwrd 

Subsample: Mar 03 - Jun 09 

1 0.344*  0.354 0.625 0.662 0.522 0.541 0.429 0.411    

5 0.346   0.343 0.481 0.458 0.512 0.516 0.338 0.324*  

7 0.326   0.324 0.436 0.426 0.489 0.491 0.312 0.284*  

10 0.285   0.284 0.398 0.406 0.449 0.456 0.268 0.247*  

30 0.263*  0.272 0.432 0.455 0.437 0.421 0.362 0.362    

Subsample: Sep 09 - Dec 15 

1 0.038*  0.062 0.138 0.232 0.125 0.154 0.188 0.218    

5 0.201*  0.213 0.364 0.358 0.338 0.266 0.222 0.209** 

7 0.236** 0.251 0.410 0.410 0.338 0.294 0.239 0.229*  

10 0.265    0.272 0.445 0.442 0.328 0.320 0.231 0.225*  

30 0.329*  0.332 0.456 0.573 0.442 0.449 0.500 0.525    

This table summarizes the mean absolute forecast error (in percentage points) of each model. We estimate 
every model using data from first quarter of 1989 to last quarter of 2002 and then produce 3-month ahead 
forecasts for two different periods, first quarter 2003 to second quarter 2009 and rest of 2009 to 2015. We 
identify the superior models at the 10% and 25% significance levels with * and **, respectively. 
  
 
 
 

Table 11 

True out-of-sample forecasting of 3-month ahead for 2016 
 

  AR Slope DL FFF DNS FADNS 

Bloomberg data set 

1 1.375 2.497 1.162 1.093 0.957 1.436 

5 0.915 1.029 1.013 0.981 0.996 0.921 

7 0.948 1.036 1.039 1.115 1.001 0.945 

10 0.997 1.145 1.032 1.232 0.987 0.957 

30 1.021 1.317 1.062 1.018 1.115 1.014 

SPF data set 

1 0.994 1.274 2.380 1.643 1.825 1.495 

5 1.134 1.410 1.325 1.725 1.618 0.882 

7 1.067 1.231 1.292 1.275 1.315 0.747 

10 1.056 1.260 1.180 1.056 1.149 0.810 

30 1.045 1.262 1.207 1.031 1.158 0.908 

This table reports the relative mean absolute error of each model to RW. We estimate the true 
out-of-sample of 3-month ahead for 2016. We implement each model using two different data 
set, Bloomberg with weekly data and SPF with quarterly data.  
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Figure 1 
1-year rolling volatility for 1-, 5-, 10-, and 30-year yields over the period from 2009 to 

2015  

 

 

Figure 2 

Volatility ratio between before and after 2012 for selected yields 
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Figure 3 

Box plots for the 3-, 6- and 12-month forecast errors for the 5-, 10- and 30-year yields 
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Appendix: Data set   

i) Weekly Indicators 
 

Name Transf Frequency Release - lag Source 

Financial     

Baltic dry índex 0 daily real time Bloomberg 

China 5 year CDS 0 daily real time Bloomberg 

Commercial open interest for S&P 500  0 weekly Every Friday Commtiments of 

Traders 

Corporate bonds AAA spread to 10 year treasury 0 daily 0 day JP Morgan 

Corporate bonds BBB spread to 10 year treasury 0 daily 0 day JP Morgan 

Corporate bonds high yield spread to 10 year treasury 0 daily 0 day JP Morgan 

Crack spread 0 daily real time Bloomberg 

Energy 

Dollar index spot rate (DXY) 0 daily real time ICE 

Euro exchange expected rate in 2 years - weighted average 0 daily 1 day Bloomberg 

Euro exchange rate expected  for the next 12 months – 

average 

3 daily 1 day Bloomberg 

Euro exchange rate expected  for the next 12 months – 

median 

0 daily 1 day Bloomberg 

Euro exchange rate expected  for the next 2 years - average 3 daily 1 day Bloomberg 

Euro exchange rate expected  for the next 6 months – 

average 

0 daily 1 day Bloomberg 

Euro exchange rate expected for the next 2 years - weighted 

average 

0 daily 1 day Bloomberg 

Euro exchange rate expected for the next 6 months - median 0 daily 1 day Bloomberg 

Euro Zone 5 year CDS - ex Germany 3 daily real time Bloomberg 

Financial condition index – Bloomberg 0 daily 1 day Bloomberg 

Financial condition index - Goldman Sachs 0 daily 1 day Goldman Sachs 

Germany 5 year CDS 0 daily real time Bloomberg 

JP Morgan Emerging Market Bond Index (EMBI) 0 daily 1 day JP Morgan 

Speculative open interest for S&P 500  0 weekly Every Friday Commtiments of 

Traders 

TED spread - LIBOR minus T-bills (3 months) 0 daily real time Bloomberg 

Fiscal     

Budget result % of GDP expected for the next 12 months –

average 

0 daily 1 day Bloomberg 

Budget result % of GDP expected for the next 12 months –

median 

0 daily 1 day Bloomberg 

Budget result % of GDP expected for the next 2 year –

average 

0 daily 1 day Bloomberg 

Budget result % of GDP expected for the next 2 year -

weighted average 

0 daily 1 day Bloomberg 

Budget result % of GDP expected for the next 6 months –

average 

3 daily 1 day Bloomberg 

Budget result % of GDP expected for the next 6 months –

median 

3 daily 1 day Bloomberg 

Budget result % of GDP expected in 2 years  0 daily 1 day Bloomberg 

Rasmussen Presidential approval index – approval 0 daily 1 day Rasmussen 

Rasmussen Presidential approval index – disapproval 0 daily 1 day Rasmussen 

Rasmussen Presidential approval index - strong approval 0 daily 1 day Rasmussen 

Rasmussen Presidential approval index - strong disapproval 0 daily 1 day Rasmussen 
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Rasmussen Presidential approval index – total 0 daily 1 day Rasmussen 

US public debt held by the public – YoY 0 daily 1 week US Treasury 

US public debt intragovernmental holdings outstanding – 

YoY 

0 daily 1 week US Treasury 

US total public debt outstandind – YoY 3 daily 1 week US Treasury 

Inflation     

Breakeven inflation - 1 year 0 daily real time Bloomberg 

Breakeven inflation - 10 year 0 daily real time Bloomberg 

Breakeven inflation - 2 year 3 daily real time Bloomberg 

Breakeven inflation - 30 year 0 daily real time Bloomberg 

Breakeven inflation - 5 year 0 daily real time Bloomberg 

Butter price – YoY 0 weekly 10 days USDA 

Cattle live slaughtered steer price – YoY 0 daily 3 days USDA 

Consumer inflation expected for the next 12 months –

average 

0 daily 1 day Bloomberg 

Consumer inflation expected for the next 12 months –

median 

0 daily 1 day Bloomberg 

Consumer inflation expected for the next 2 years –average 0 daily 1 day Bloomberg 

Consumer inflation expected for the next 2 years -weighted 

average 

0 daily 1 day Bloomberg 

Consumer inflation expected for the next 6 months -average 0 daily 1 day Bloomberg 

Consumer inflation expected for the next 6 months -median 0 daily 1 day Bloomberg 

Consumer inflation expected in 2 years 0 daily 1 day Bloomberg 

Core consumer  inflation expected for the next 6 months -

average 

0 daily 1 day Bloomberg 

Core consumer inflation expected for the next 12 months -

average 

0 daily 1 day Bloomberg 

Core consumer inflation expected for the next 12 months -

median 

0 daily 1 day Bloomberg 

Core consumer inflation expected for the next 2 years -

average 

0 daily 1 day Bloomberg 

Core consumer inflation expected for the next 2 years -

weighted average 

0 daily 1 day Bloomberg 

Core consumer inflation expected for the next 6 months -

median 

0 daily 1 day Bloomberg 

Core consumer inflation expected in 2 years 0 daily 1 day Bloomberg 

Corn future price – YoY 0 daily real time Chicago Board 

of Trade 

CRB agricultural index – YoY 0 daily real time Thomson 

Reuters 

CRB energy index – YoY 0 daily real time Thomson 

Reuters 

CRB index – YoY 0 daily real time Thomson 

Reuters 

CRB industrial metal index – YoY 0 daily real time Thomson 

Reuters 

CRB livestock index – YoY 0 daily real time Thomson 

Reuters 

CRB precious metal index – YoY 0 daily real time Thomson 

Reuters 

Dairy  prices nonfat dry milk – YoY 0 weekly 10 days USDA 

Dry whey protein price – YoY 0 daily real time CME 

Feedstuff fish meal wholesale price – YoY 3 weekly 10 days USDA 

Heating oil residential price – YoY 3 weekly 10 days US EIA 
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Natural gas price – YoY 0 daily real time NY Mercantile 

Exch 

Pork meat and bone meal price – YoY 0 weekly 10 days USDA 

Retail on-highway diesel price – YoY 0 weekly 10 days US EIA 

Terms of trade – USD 0 daily 1 day Citi Bank 

Real activity     

Annualized GDP growth expected for the next 12 months – 

average 

0 daily 1 day Bloomberg 

Annualized GDP growth expected for the next 12 months – 

median 

0 daily 1 day Bloomberg 

Annualized GDP growth expected for the next 2 years – 

average 

0 daily 1 day Bloomberg 

Annualized GDP growth expected for the next 2 years - 

weighted average 

0 daily 1 day Bloomberg 

Annualized GDP growth expected for the next 6 months – 

average 

0 daily 1 day Bloomberg 

Annualized GDP growth expected for the next 6 months – 

median 

0 daily 1 day Bloomberg 

Annualized GDP growth expected in 2 years 0 daily 1 day Bloomberg 

Continuing jobless claims - Net annual change 0 weekly 2 weeks Dep. of  Labor 

Current account % GDP annual change expected for the 

next 12 months – average 

0 daily 1 day Bloomberg 

Current account % GDP annual change expected for the 

next 12 months – average 

0 daily 1 day Bloomberg 

Current account % GDP annual change expected for the 

next 12 months – median 

0 daily 1 day Bloomberg 

Current account % GDP annual change expected for the 

next 2 years – average 

3 daily 1 day Bloomberg 

Current account % GDP annual change expected for the 

next 2 years - weighted average 

0 daily 1 day Bloomberg 

Current account % GDP annual change expected for the 

next 6 months – average 

0 daily 1 day Bloomberg 

Current account % GDP annual change expected for the 

next 6 months – median 

0 daily 1 day Bloomberg 

Current account % GDP annual change expected in 2 years 3 daily 1 day Bloomberg 

Forecast revision index – Global 0 weekly Every Friday JP Morgan 

Forecast revision index – US 0 weekly Every Friday JP Morgan 

Initial jobless claims - Net annual change 3 weekly 1 week Dep. of  Labor 

Johnson Redbook index same store sales – YoY 0 weekly 10 days Redbook 

Research 

Personal finance índex 0 weekly 1 week Bloomberg 

Retail Economist-Goldman Sachs US chain sotre sales YoY 

- ex Walmart 

0 weekly 10 days ICSC - Goldman 

Sachs 

Unemployment annual change expected for the next 12 

months - average 

0 daily 1 day Bloomberg 

Unemployment annual change expected for the next 12 

months - average 

0 daily 1 day Bloomberg 

Unemployment annual change expected for the next 12 

months - median 

0 daily 1 day Bloomberg 

Unemployment annual change expected for the next 2 years 

- average 

3 daily 1 day Bloomberg 

Unemployment annual change expected for the next 2 years 

- weighted average 

3 daily 1 day Bloomberg 

Unemployment annual change expected for the next 6 

months - average 

0 daily 1 day Bloomberg 

Unemployment annual change expected for the next 6 

months - median 

0 daily 1 day Bloomberg 
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Unemployment annual change expected in 2 years 3 daily 1 day Bloomberg 

US buying climate índex 0 weekly 1 week Bloomberg 

US consumer comfort index 0 weekly 1 week Bloomberg 

US consumer comfort index for those part-time employed 0 weekly 1 week Bloomberg 

US economic surprise 0 daily 1 day Citi Bank 

US national economy expectation diffusion index 0 weekly 1 week Bloomberg 

Working natural gas change in estimated storage data 0 weekly 1 week US EIA 

Forecast Uncertainty     

Assimetry for 10 year Treasury yield for the next 12 months 0 daily 1 day Bloomberg 

Assimetry for budget result % of GDP  for the next 12 

months 

0 daily 1 day Bloomberg 

Assimetry for core inflation for the next 12 months 0 daily 1 day Bloomberg 

Assimetry for core inflation forecasting for the next 6 

months  

0 daily 1 day Bloomberg 

Assimetry for CPI inflation for the next 12 months 0 daily 1 day Bloomberg 

Assimetry for CPI inflation forecasting for the next 6 

months  

0 daily 1 day Bloomberg 

Assimetry for current account % GDP annual change for the 

next 12 months 

0 daily 1 day Bloomberg 

Assimetry for current account % GDP annual change 

forecasting for the next 6 months  

0 daily 1 day Bloomberg 

Assimetry for Euro for the next 12 months 0 daily 1 day Bloomberg 

Assimetry for GDP forecasting for the next 6 months  0 daily 1 day Bloomberg 

Assimetry for GDP growth for the next 12 months 0 daily 1 day Bloomberg 

Assimetry for unemployment annual change for the next 12 

months 

0 daily 1 day Bloomberg 

Assimetry for unemployment annual change forecasting for 

the next 6 months  

0 daily 1 day Bloomberg 

Difference between maximum and minimun value 

(DMMV) for  GDP growth for the next 6 months 

0 daily 1 day Bloomberg 

Difference between volatility implied in Euro options and 

its historical price volatility 

0 daily 1 day Bloomberg 

Difference between volatility implied in S&P options and 

its historical price volatility 

0 daily 1 day Bloomberg 

Difference between volatility implied in TIPs Bonds options 

and its historical price volatility 

0 daily 1 day Bloomberg 

Difference between volatility implied in US Treasury Bonds 

options and its historical price volatility 

0 daily 1 day Bloomberg 

DMMV for  10 year Treasury yield for the next 12 months 0 daily 1 day Bloomberg 

DMMV for  budget result % of GDP for the next 12 months 0 daily 1 day Bloomberg 

DMMV for  budget result % of GDP for the next 6 months 0 daily 1 day Bloomberg 

DMMV for  core inflation for the next 12 months 0 daily 1 day Bloomberg 

DMMV for  core inflation for the next 6 months 0 daily 1 day Bloomberg 

DMMV for  CPI inflation for the next 12 months 0 daily 1 day Bloomberg 

DMMV for  CPI inflation for the next 6 months 0 daily 1 day Bloomberg 

DMMV for  current account % GDP annual change for the 

next 12 months 

0 daily 1 day Bloomberg 

DMMV for  current account % GDP annual change for the 

next 6 months 

0 daily 1 day Bloomberg 

DMMV for  Euro for the next 12 months 0 daily 1 day Bloomberg 

DMMV for  Euro for the next 6 months 0 daily 1 day Bloomberg 

DMMV for  Fed Funds forecast for the next 6 months 0 daily 1 day Bloomberg 

DMMV for  GDP growth for the next 12 months 0 daily 1 day Bloomberg 
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DMMV for  unemployment annual change for the next 12 

months 

0 daily 1 day Bloomberg 

DMMV for  unemployment annual change for the next 6 

months 

0 daily 1 day Bloomberg 

Standard deviation of 10 year Treasury yield for the next 12 

months 

0 daily 1 day Bloomberg 

Standard deviation of budget result % of GDP  for the next 

12 months 

0 daily 1 day Bloomberg 

Standard deviation of budget result % of GDP for the next 6 

months 

0 daily 1 day Bloomberg 

Standard deviation of core inflation for the next 12 months 0 daily 1 day Bloomberg 

Standard deviation of core inflation for the next 6 months 0 daily 1 day Bloomberg 

Standard deviation of CPI inflation for the next 12 months 0 daily 1 day Bloomberg 

Standard deviation of CPI inflation for the next 6 months 0 daily 1 day Bloomberg 

Standard deviation of current account % GDP annual 

change for the next 12 months 

0 daily 1 day Bloomberg 

Standard deviation of current account % GDP annual 

change for the next 6 months 

0 daily 1 day Bloomberg 

Standard deviation of Euro for the next 12 months 0 daily 1 day Bloomberg 

Standard deviation of Euro for the next 6 months 0 daily 1 day Bloomberg 

Standard deviation of Fed Funds forecast for the next 6 

months 

0 daily 1 day Bloomberg 

Standard deviation of GDP growth for the next 12 months 0 daily 1 day Bloomberg 

Standard deviation of GDP growth for the next 6 months 0 daily 1 day Bloomberg 

Standard deviation of unemployment annual change for the 

next 12 months 

0 daily 1 day Bloomberg 

Standard deviation of unemployment annual change for the 

next 6 months 

0 daily 1 day Bloomberg 

Monetary and credit     

Federal funds target expected rate for the next 6 months - 

median 

0 daily 1 day Bloomberg 

Federal funds target rate expected  for the next 6 months - 

average 

0 daily 1 day Bloomberg 

Federal reserve deposits level 2 weekly 20 days FED 

Federal reserve notes held by FR banks net 0 weekly 20 days FED 

Monetary base - M1 0 weekly 20 days FED 

Monetary base - M1 0 weekly 20 days FED 

Mortgage market applications index – YoY 0 weekly 10 days MBA 

Mortgage market refinancing index - % total 0 weekly 10 days MBA 

Mortgage market refinancing index – YoY 0 weekly 10 days MBA 

US 10 year treasury yield expected for the next 12 months - 

average 

3 daily 1 day Bloomberg 

US 10 year treasury yield expected for the next 12 months - 

median 

3 daily 1 day Bloomberg 

This table reports all series collected for principal components analysis. We present the description, transformation code, periodicity, 

release and source. The transformation code are: 0 – stationary with no intercept, 1 – stationary with intercept, 2 – stationary with 

trend and intercept, 3 – first difference. 
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ii) Quarterly indicators 

      

Name Transf Source 

Financial     

S&P 500 equity index (QoQ) 1 FED of Philadelphia 

Real Effective Exchange Rate - USD (QoQ) 1 Barclays 

Nominal Effective Exchange Rate - USD (QoQ) 1 Barclays 

U.S. Dollar Index - DXY (QoQ) 1 Bloomberg 

Financial Condition Index 2 Goldman Sachs 

National Financial Conditions Index 2 FED of Chicago 

10-year Treasury Rate - current quarter 3 Survey Prof. Forecasters 

10-year Treasury Rate - current 4-quarter ahead 3 Survey Prof. Forecasters 

10-year Treasury Rate - current 2-quarter ahead 3 Survey Prof. Forecasters 

10-year Treasury Rate - current next quarter 3 Survey Prof. Forecasters 

3-month Treasury Bill Rate - current quarter 3 Survey Prof. Forecasters 

3-month Treasury Bill Rate - next quarter 3 Survey Prof. Forecasters 

3-month Treasury Bill Rate - 2-quarter ahead 3 Survey Prof. Forecasters 

3-month Treasury Bill Rate - 4-quarter ahead 3 Survey Prof. Forecasters 

Inflation     

GNP/GDP Price Index (QoQ, sa) 1 FED of Philadelphia 

Consumer Price Index Monthly (QoQ, sa) 1 FED of Philadelphia 

Core Consumer Price Index (QoQ, sa) 1 FED of Philadelphia 

Producer Price Index, Finished Goods (QoQ, sa) 1 FED of Philadelphia 

Core Producer Price Index, Finished Goods (QoQ, sa) 1 FED of Philadelphia 

ISM manufacturing  prices (level, sa) 4 FED of Philadelphia 

Michigan Consumer Confidence - 1 year ahead inflation (level, sa) 2 FED of Philadelphia 

10-year CPI Inflation Rate 2 Survey Prof. Forecasters 

CPI Inflation Rate next year (annual rate) 2 Survey Prof. Forecasters 

CPI Inflation Rate current year (annual rate) 2 Survey Prof. Forecasters 

CPI Inflation Rate 4-quarter ahead (QoQ, sa) 2 Survey Prof. Forecasters 

CPI Inflation Rate next quarter (QoQ, sa) 2 Survey Prof. Forecasters 

CPI Inflation Rate current quarter (QoQ, sa) 2 Survey Prof. Forecasters 

CPI Inflation Rate 2-quarter ahead (QoQ, sa) 2 Survey Prof. Forecasters 

CPI Inflation Rate 3-quarter ahead (QoQ, sa) 2 Survey Prof. Forecasters 

GDP Price Index - current quarter (QoQ,sa) 2 Survey Prof. Forecasters 

GDP Price Index - next quarter (QoQ,sa) 2 Survey Prof. Forecasters 

Activity     

Real GNP/GDP (QoQ, sa) 1 FED of Philadelphia 

Real Personal Consumption Expenditure (QoQ, sa) 1 FED of Philadelphia 

Nonresidential Domestic Investment (QoQ, sa) 1 FED of Philadelphia 

Residential Domestic Investment (QoQ, sa) 1 FED of Philadelphia 

Change in Inventories to GDP (p.p., sa) 1 FED of Philadelphia 
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Real Exports of Goods and Services (QoQ, sa) 1 FED of Philadelphia 

Real Imports of Goods and Services (QoQ, sa) 1 FED of Philadelphia 

Real Government Cons. Expenditures & Gross Invest. (QoQ, sa) 1 FED of Philadelphia 

Nominal GNP/GDP  (bn, QoQ, sa) 1 FED of Philadelphia 

Nominal Personal Consumption Expenditures  (bn, QoQ, sa) 1 FED of Philadelphia 

Wage and Salary Disbursements (bn, QoQ, sa) 1 FED of Philadelphia 

Other Labor Income / Supplements to Wages and Sal. (bn, QoQ, sa) 1 FED of Philadelphia 

Nominal Personal Saving  (bn, QoQ, sa) 1 FED of Philadelphia 

Personal Saving Rate to Disposable Personal Income (p.p., sa) 1 FED of Philadelphia 

Output Per Hour of All Persons: Business Sector (QoQ, sa) 1 FED of Philadelphia 

Civilian Rate of Unemployment (p.p., quarterly average) 2 FED of Philadelphia 

Civilian Labor Force, 16+  (QoQ, sa) 1 FED of Philadelphia 

Civilian Labor Force Participation Rate to Nonistutional Pop (p.p., 

sa) 4 FED of Philadelphia 

Change Nonfarm Payroll (quarterly average, sa) 2 FED of Philadelphia 

Total  Aggregate Weekly Hours (QoQ, sa) 1 FED of Philadelphia 

Industrial Production Index (QoQ, sa) 1 FED of Philadelphia 

Manufacturing Capacity Utilization Rate (p.p., sa) 4 FED of Philadelphia 

Housing Starts   (QoQ, sa) 1 FED of Philadelphia 

ISM Manufacturing (level, sa) 4 Bloomberg 

Initial Jobless Claims (level, thousands) 4 Bloomberg 

Small Business Optimism (level, sa) 2 Bloomberg 

Michigan Consumer Confidence (level, sa) 2 Bloomberg 

Anxious index - 4-quarter ahead 2 Survey Prof. Forecasters 

Anxious index - 1-quarter ahead 2 Survey Prof. Forecasters 

Anxious index - current quarter 2 Survey Prof. Forecasters 

Anxious index - 3-quarter ahead 2 Survey Prof. Forecasters 

Real GDP growth - 4-quarter ahead (QoQ, sa) 2 Survey Prof. Forecasters 

Unemployment rate - 4-quarter ahead (p.p., sa) 4 Survey Prof. Forecasters 

Nominal GDP growth - current quarter (QoQ, sa) 2 Survey Prof. Forecasters 

Unemployment rate - 3-quarter ahead (p.p., sa) 4 Survey Prof. Forecasters 

Nominal GDP growth - average of current year (Annual rate, sa) 3 Survey Prof. Forecasters 

Unemployment rate - current quarter (p.p., sa) 2 Survey Prof. Forecasters 

Real GDP growth - current quarter (QoQ, sa) 2 Survey Prof. Forecasters 

Real GDP growth - average of next year (Annual rate, sa) 2 Survey Prof. Forecasters 

Housing Starts - 2-quarter ahead (QoQ, sa) 1 Survey Prof. Forecasters 

Nominal GDP growth - 4-quarter ahead (QoQ, sa) 2 Survey Prof. Forecasters 

Nominal GDP growth - average of next year (Annual rate, sa) 2 Survey Prof. Forecasters 

Unemployment rate - last quarter (p.p., sa) 2 Survey Prof. Forecasters 

Nominal GDP growth - 2-quarter ahead (QoQ, sa) 2 Survey Prof. Forecasters 

Housing Starts - current quarter (QoQ, sa) 1 Survey Prof. Forecasters 

Housing Starts - next quarter (QoQ, sa) 2 Survey Prof. Forecasters 

Nominal GDP growth - 3-quarter ahead (QoQ, sa) 3 Survey Prof. Forecasters 

Nominal GDP growth - 4-quarter ahead (QoQ, sa) 1 Survey Prof. Forecasters 

Industrial Production - current quarter (QoQ, sa) 1 Survey Prof. Forecasters 

Industrial Production - next quarter (QoQ, sa) 2 Survey Prof. Forecasters 

Industrial production - 2-quarter ahead (QoQ, sa) 2 Survey Prof. Forecasters 
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Industrial production - 3-quarter ahead (QoQ, sa) 2 Survey Prof. Forecasters 

Industrial production - 4-quarter ahead (QoQ, sa) 2 Survey Prof. Forecasters 

Monetary and credit     

M1 Measure of the Money Stock (YoY) 2 FED of Philadelphia 

M2 Measure of the Money Stock (YoY) 2 FED of Philadelphia 

p.p. - percentage points; sa - seasonal adjusted; QoQ - quater over quater changes; YoY - year over year changes 

1 - no chages; 2 - less average; 3 - less trend; 4 - first difference     
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Chapter 3 
 

How (in)accurate are inflation forecasts? Seasonal bias 

in 1-year inflation expectations   

 

 

 

 

 

 

 

Abstract: In this paper, we show that professional forecasters misestimate the seasonal 

pattern of inflation. This result is not country-specific. Considering expectations series 

released by Central Banks, we find seasonality in 1-year ahead forecasts for Brazil, 

Chile, Israel, New Zealand, the USA, and the Eurozone. We argue that forecasters do 

not take the correct level of seasonality into account at the monthly level, ultimately 

producing incorrect 1-year ahead forecasts. Importantly, we show that correctly 

accounting for the seasonal component usually improves both in-sample and out-of-

sample fits of traditional macroeconomic models. 
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1. Introduction 

Inflation expectations play a central role in the economy. From a practical standpoint, 

they are relevant for firms in their investment decisions, for households in their budget 

considerations, and for policy makers in their monetary and fiscal policies.  From a 

theoretical standpoint, economic models typically assume that agents are rational---i.e., 

forecast errors are, on average, zero---and use all the available information to obtain the 

best possible inflation forecast. However, there is mounting evidence that inflation 

expectations are biased and that not all available information is incorporated into 

forecasting. In this study, we present surprising new evidence that price seasonality, a 

well-known and documented feature of monthly inflation, is not correctly incorporated 

into expectations. As a result, 1-year inflation forecasts exhibit significant seasonal 

patterns.  

The 1-year ahead inflation expectations should not feature any seasonality given they 

encompass all 12 months of the year. And yet, we show that they display statistically 

significant seasonal variations in a heterogeneous group of countries: namely, Brazil, 

Chile, Eurozone, Israel, New Zealand, and the USA. Our findings indicate that the 1-year 

ahead inflation expectations are systematically higher in months for which inflation is 

seasonally high.  

It is important to note that we employ inflation expectations provided by central banks, 

which are often used to anchor price expectations in the economy. We find that correctly 

incorporating the seasonal component of inflation improves inflation forecasting as well 

as interest-rate targeting by central banks.  

Friedman (1976) emphasizes the important role of expectations plays in the inflationary 

process. Figlewski and Wachtel (1981) argue that inflation forecasting is not strictly 

rational since it does not consider all the available information. They report that not only 

past errors help predict future expectations, but also that predictions are biased. Mankiw 

et al. (2003) report that inflation expectations are not fully rational, since past errors and 

macroeconomic variables contribute to improving forecasting. Carvalho and Bugarin 

(2006) find that inflation expectations for Brazil, Chile, and Mexico are unbiased, but 

inefficient.26 

Biased expectations have also been observed for other macroeconomic variables. 

Takatoshi (1990) examines micro survey data for forecasting the yen/dollar exchange 

                                                           
26 Forecasting efficiency means that there is no available information that would improve projections, 
e.g. past errors or macroeconomic variables.   
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rate and conclude that many institutions violate the rational expectations hypothesis and 

that individual effects have a characteristic of “wishful expectations,” whereby exporters 

expect yen depreciation and importers expect yen appreciation. Similarly, Jeong and 

Maddala (1996) report biased and not fully rational forecasting for US bond yields and 

Ball and Croushore (2001) show that after a shift in monetary policy, forecasters do not 

address correctly the effects on expected output and inflation.  

Some theoretical models attempt to reconcile adverse empirical findings with the rational 

expectation hypothesis. Lamont (1995) and Laster et al. (1999) argue that forecasters 

have little incentive to make accurate overall predictions, but rather focus on low 

probability events where payoffs are usually higher. This is because if their forecast 

proves correct in a less likely event, their reputation in the eyes of other financial market 

agents will increase, whereas correct estimations for high probability events are more 

common with minimal reputational gains. 

Mankiw and Reis (2002) and Carroll (2003) explain apparently irrational forecasting in 

terms of macroeconomic conditions that slowly diffuse through the population. In this 

type of economy, agents do not obtain all the information available and consequently do 

not set optimal prices across all periods. This results in substantial disagreement among 

forecasters and biased inflation forecasts. 

Capistran and Timmermann (2009) claim that the forecasting loss function is 

asymmetric. For some agents, the cost of over- or underpredicting inflation can vary 

considerably. In this case, when agents maximize their utility function, maximization 

occurs in the opposite direction to their highest loss. 

However, our findings do not fit any of these stories. The seasonal pattern of inflation 

does not seem to be a principal-agent problem, related to the cost of acquiring 

information, or asymmetrical loss functions, since theoretical models explain the lack of 

rationality in expectations.  

A recent study by Chang et al. (2017) show that analyst forecast errors tend to be positive 

in high seasonality quarters. The forecast errors are economically meaningful as stock 

prices are significantly affected; firms whose earnings tend to be historically higher in a 

particular quarter of the year tend to outperform in the quarter. A portfolio of firms in the 

highest (lowest) quintile of earnings seasonality earns abnormal returns of 65 (31) basis 

points per month relative to a four factor model. The higher returns associated with 

earnings seasonality cannot be explained by risk and is not related to the so-called 
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earnings announcement premium. They conclude that because seasonality is so obvious 

that it ends up being relegated and unaccounted for. 

In the final section of this paper, we adjust 1-year ahead inflation expectations for all the 

countries that exhibited a persistent seasonal pattern. We observe a considerable 

difference between mean absolute difference and standard deviation for the original and 

adjusted inflation expectations of Brazil, Israel and New Zealand. Furthermore, inflation 

that is correctly seasonally adjusted shows better goodness of fit to the Phillips curve 

and 1-year yield models than original data. In the out-of-sample exercise, the seasonally 

adjusted 1-year inflation forecast shows lower MAE for inflation, the Central Bank interest 

rate, and 1-year yield. 

Overall, this paper contributes to the inflation expectation literature by discussing an 

important factor that is partially overlooked by forecasters: seasonality. Unlike other 

studies that add certain variables to improve inflation forecasts, we show that forecasters 

actually disregard seasonality when predicting inflation 12 months ahead. 

The remainder of this paper is organized as follows: section 2 describes the data set, 

section 3 presents the seasonality test, section 4 discusses the effects of seasonal 

adjusted inflation expectations on other markets and section 5 contains the conclusions. 

2. Data Set 

Our data set includes inflation expectations for countries with:  i) surveys released by 

central banks; ii) contributors to the surveys are professional forecasters; iii) reasonably 

long data range (8 years or more) and; iv) the survey includes 1-year ahead inflation 

expectations. We do not consider countries that fail to meet all of the above elements. 

For example, the Central Bank surveys from Poland, India and Mexico are less than 8 

years old, whereas inflation forecasts are only for the end of year in Singapore 

[TABLE 1 about here] 

Table 1 shows all the forecasting surveys that contain the four abovementioned 

characteristics. For the purpose of comparison, the present study only considers data 

after 2000, although time series for the USA, Eurozone, and New Zealand begin earlier.27  

                                                           
27 Considering the entire sample, time series for the USA, Eurozone and New Zealand confirm the main 
results of this paper, namely that expectations are biased and 1-year ahead forecasting exhibits 
seasonality. 
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2.1 Bias and rationality  

A number of studies on inflation expectations attempt to answer whether forecasters 

make biased predictions and whether they consider all the available information. The 

rational expectations assumption implies forecast efficiency, meaning that errors are not 

predictable.  

To provide initial evidence on inflation expectation bias, we ran the following regression 

𝜋𝑡+1 𝑦𝑒𝑎𝑟 = 𝛼 + 𝛽𝐸𝑡𝜋𝑡+1 𝑦𝑒𝑎𝑟 + 휀𝑡+1 𝑦𝑒𝑎𝑟 

where 𝜋𝑡+ 1 𝑦𝑒𝑎𝑟 is realized inflation in 1-year, and 𝐸𝑡𝜋𝑡+1 𝑦𝑒𝑎𝑟 is the inflation forecast for 

1-year ahead with the set information on t. In the above equation, unbiased expectation 

implies that 𝛼=0 and 𝛽=1. 

[Table 2 about here] 

In Table 2, 𝛼 is statistically different from zero in five of the nine countries, demonstrating 

bias in inflation expectations. Similarly, we find that inflation forecasting is not centered 

on the future realized value. The coefficient 𝛽 is statistically lower than 1 for six 

countries.28 

To assess whether professional forecasters incorporate all available information, we 

regress forecast errors on the macroeconomic indicators. 

(1) 𝜋𝑡+1𝑦𝑒𝑎𝑟 − 𝐸𝑡𝜋𝑡+1 𝑦𝑒𝑎𝑟 = 𝜇 + 𝛿𝑋𝑡−𝑖 +𝜔𝑡+1 𝑦𝑒𝑎𝑟 

All variables are real-time, meaning that we use only data when it becomes available to 

the public. We entertain five macroeconomic in X: inflation rate, first difference of Central 

Bank interest rate target, output gap, annual change in the exchange rate and the first 

difference of government budget balance as a percentage of GDP. 

[Table 3 about here] 

Table 3 presents the results for the forecast error equations. We observe that some 

variables help explain residuals and predicted values. The output gap seems to be the 

most neglected variable and is statistical significant for most countries. Past inflation has 

a negative coefficient and is statistically significant for five countries. This negative 

                                                           
28 Although the results of Table 2 show unbiased expectations for the USA and New Zealand, re-estimating 
the equation using all the data (not only series after 2000), confirmed the findings reported in the 
literature, showing statistically biased inflation expectations and that forecasting is not centered, with a 
coefficient lower than 1. 
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relationship is related to persistent error,29 as demonstrated by Mankiw et al. (2003) and 

Carvalho and Bugarin (2006). A higher government budget balance means lower future 

forecast errors; however, this outcome is not significant for most of the countries.  

Results show that inflation expectations are usually biased and not centered on the right 

value. In addition, there is important macroeconomic information that forecasters seem 

not to consider. The next section discusses an important component of inflation that 

professional inflation forecasters appear to miss out. 

3. Seasonality in inflation expectations 

Consumer inflation shows a clear seasonal pattern for all the countries we analyze. The 

price composite index depends on different seasonal components, such as heating 

prices that increase during winter, lower food inflation during harvesting and hotel rates 

and airfares that rise at peak vacation times. However, annual price changes do not 

theoretically display seasonal patterns. An inflation component that is low in one period 

of the year will be higher in another, thus ensuring that the seasonal effect does not affect 

the average over a 1-year period. Although we do not expect seasonality for past or 

forecast price changes over a full year, analysis of the 1-year inflation expectation shows 

a statistically seasonal pattern.  

We apply two different methods to assess to what extent inflation expectations reflect 

inflation seasonality. First, as in Chang et al. (2017), we include dummy variables for the 

first three quarters of the year 

𝐸𝑡𝜋𝑡+1 𝑦𝑒𝑎𝑟 = 𝜇 + 𝛾𝐸𝑡−1𝜋𝑡+1 𝑦𝑒𝑎𝑟 +∑𝛿𝑖𝐷𝑖

3

𝑖=1

+ 𝜖𝑡 . 

1-year ahead inflation expectation follows an autoregressive model plus a constant 𝜇 

and quarterly seasonal dummies. In this case, the null hypothesis of no seasonality is 

that all coefficients of the dummy are equal to zero, that is, 𝐻0: 𝛿1 = 𝛿2 = 𝛿3 = 0. If the 

F-test rejects the null hypothesis, then we have evidence of a seasonal pattern. 

Second, we carry out a seasonal component analysis using TRAMO-SEATS. TRAMO is 

an algorithm for estimating, forecasting and interpolating regression models with ARIMA 

errors and missing values in the presence of outliers, whereas SEATS decomposes time 

series into unobservable trend, seasonal and irregular components. Both Eurostat and 

                                                           
29 We estimate equation (1) using past forecast error instead of past inflation. The coefficients are 
significant and negative, with results close to the past inflation estimate shown in Table 3. 
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the European Central Bank employ TRAMO-SEATS, unlike national census bureaus that 

typically use Census X-12 ARIMA. 

There are significant differences between the two methods (see Upadhyaya and 

Yeganeh, 2014). TRAMO-SEATS rests on a parametric model that extracts the 

underlying components, whereas X-12-ARIMA relies on an ad-hoc fixed filter to extract 

the underlying components. Although it is harder to assess the latter results statistically, 

there are some ad-hoc criteria to measure the reliability of seasonal adjustments of X-

12-ARIMA (see Ghysels and Osborne, 2001). We prefer using TRAMO-SEATS for two 

reasons: it is easier to conduct statistic assessment and it exhibits a better fit for almost 

every time series we entertain.  

We follow Zjednoczonych (2012) in the analysis of the TRAMO-SEATS results. Table 4 

displays only the results of the Kruskal-Wallis and F-tests for seasonality, though the 

tables in the Appendix show further diagnostic test results. 

[Table 4 about here] 

Table 4 shows the results for both tests. Six of the nine 1-year ahead inflation forecasts 

confirm the presence of seasonality, assuming stability. TRAMO-SEATS results confirm 

seasonality for the Eurozone series, but not in dummy-variable regression. We cannot 

reject the null hypothesis of no seasonality only for Colombia, Turkey and Australia. We 

henceforth focus exclusively on time series for which we have found evidence of 

seasonality. 

To address the relevance of inflation seasonality in macroeconomics, we employ a 

Phillips curve adjusted for 1-year ahead inflation expectation with seasonal factors. This 

is in line with Cerisola and Gelos (2005) and a box in the Inflation Report released in 

September 2015 by the Brazilian Central Bank, discussing determinants of inflation 

expectation. Both studies model inflation expectations as  

(2) 𝐸𝑡𝜋𝑡+1 𝑦𝑒𝑎𝑟 = 𝜇 + 𝛾1𝐸𝑡−1𝜋𝑡+1 𝑦𝑒𝑎𝑟 + 𝛾2𝜋𝑡
𝑝𝑎𝑠𝑡

+ (1 − 𝛾1 − 𝛾2)𝑒𝑡 + 𝛾4𝑔𝑎𝑝𝑡 + 𝛾5𝐹𝐵𝑡 +

𝛾6𝑆𝐹𝑡 + 𝜖𝑡 

where 𝜋𝑡
𝑝𝑎𝑠𝑡

 is the annual change in realized inflation, 𝑒𝑡 the annual change in exchange 

rates, 𝑔𝑎𝑝𝑡  the output gap, 𝐹𝐵𝑡  the fiscal balance, and 𝑆𝐹𝑡  the seasonal factor extracted 

from the TRAMO-SEATS program. We estimate regression (2) with SF by GMM, using 

lagged SF as instruments, for all countries. 

[Table 5 about here] 
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Table 5 shows that inflation predicted in the previous period and exchange rate play an 

important role in forming expectations. For all the countries assessed, higher past price 

prediction changes and exchange rate depreciation statistically increase future inflation 

expectations. Inertia is higher for Brazil, Chile and Israel probably because we estimate 

the regressions at the monthly frequency. Interestingly, despite the quarterly data set for 

New Zealand, the AR coefficient is also high relative to the estimates for the USA and 

Eurozone. Since the coefficients for future and past inflation and exchange rate variation 

are considered equal to 1, the low inertial coefficient for the USA and Eurozone in relation 

to the other countries is due to the greater effect of exchange rates on inflation prediction. 

Unlike the conclusions of the Brazilian Central Bank (BCB) report (2015), past inflation 

does not play an important role in forming inflation expectations. Annual past inflation 

has a higher coefficient on predicted inflation regression for the USA, Eurozone and New 

Zealand when we do not consider the seasonal factor-augmented equation. The output 

gap coefficient shows statistical significance only for Brazil and Chile, suggesting that 

this variable is not relevant for the other countries studied. Similarly, fiscal budget surplus 

is only significant for Brazil. 

Finally, the partial effects of the seasonal factor are significantly positive for every 

country. Note that, as we include contemporaneous seasonal factors, we instrument 

them by their lagged values in the GMM estimation. In the regressions that exclude the 

seasonal factor, we employ no instruments and hence the GMM estimator reduces to 

the standard OLS estimator. 

3.1 What explains seasonality in expectations? 

What drives the seasonal pattern of 1-year ahead expectations? Table 6 shows cross 

correlation between seasonal factors for the actual inflation index and 1-year forecasting. 

There is a statistically positive correlation for both series in all countries, except Chile. 

Correlation for Brazil, Israel and New Zealand is higher than 0.6 and closer to 0.4 for the 

USA and Eurozone. These results indicate that forecasters tend to misestimate current 

seasonality when making projections. In terms of lags and leads, there are two 

contrasting groups. Developed countries (New Zealand, the USA and Eurozone) show 

a positive correlation between the lagged CPI and contemporary 1-year inflation 

seasonal factors, which becomes negative one step ahead of the CPI seasonal factor. 

For Brazil, Chile and Israel, cross-correlation displays the opposite pattern.   

[Table 6 about here] 
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To provide additional evidence on the underlying dynamics of inflation expectations, we 

find seasonality in forecasting errors on a monthly or quarterly basis depending on what 

frequency Central Bank releases the inflation forecasting.   

[Table 7 about here] 

Table 7 confirms that virtually all monthly or quarterly forecasting errors for New Zealand, 

the USA and Brazil show a seasonal pattern. The Reserve Bank of New Zealand 

releases inflation predictions by professional forecasters for the current and following 

quarter. We calculate the forecast errors for these time series by making the difference 

between the actual and predicted inflation value. TRAMO/SEATS testing confirm that 

residuals display seasonality for both series, however the dummy equation based on 

Chang et al. (2017) do not confirm seasonality for 1-quarter ahead prediction errors. 

The Federal Reserve and Brazilian Central Bank report all monthly/quarterly forecasting 

that comprises 1-year inflation forecasting. Prediction errors for the USA show a 

seasonal pattern for all quarters and estimation methods. For Brazil, the TRAMO/SEATS 

statistics identify seasonality for monthly forecasting errors, although no model has a 

good fit for current and next month residual values. Dummy estimation do not confirm 

the hypothesis of seasonality for forecast errors in the first three months; however, for 

other series, this test confirms seasonality and their significance increases with longer 

forecasting horizons.  

The presence of seasonality in forecast errors indicates that professional forecasters 

misestimate the seasonal pattern of inflation in monthly or quarterly time series, 

translating into spurious seasonality for 1-year expectations. 

We can obtain inflation expectation without seasonal effects after identifying the correct 

TRAMO/SEATS model for each series. For the purpose of comparison, we summarize 

descriptive statistics of absolute differences between the original and TRAMO/SEATS-

adjusted time series. 

Table 8 shows that misestimation in countries such as Brazil, Israel and New Zealand is 

closer to 10 bps on average. Similarly, maximum values and standard deviation confirm 

the significant impact of misestimating seasonality on inflation expectations. The highest 

deviation between both series for Brazil is greater than 0.5%, while the maximum value 

is close to 0.2% for Israel, Chile and New Zealand. The USA and Eurozone show a slight 

difference if seasonality is not accounted for, with considerably lower average, maximum 

and standard deviation values than the other countries.  
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[Table 8 about here] 

4. Improving macroeconomic models with 1-year seasonal adjusted inflation 

expectation  

The main aim of this section is to determine whether seasonally-adjusted inflation 

expectation shows a better fit to macroeconomic models than original 1-year forecasting. 

We compare the effects of the original time series and seasonally-adjusted inflation 

expectations on price formation, decisions by policy makers and yield curve prediction. 

Our results suggest that seasonally adjusted inflation expectations exhibit a better fit and 

lower out-of-sample forecast for the Phillips curve, Taylor rule and 1-year nominal yield.  

4.1 Inflation forecasting  

Table 9 shows Phillips curve estimation for both the inflation forecasting series. For most 

countries, we observe a higher inflation expectation coefficient and lower effect of past 

inflation when we use seasonally adjusted expectations. Inflation forecasting coefficient 

is not statistically different from zero for the USA, but becomes statistically significant at 

10% when we control for seasonality. Most of the regressions with seasonally adjusted 

expectations show low BIC and high explanatory power. 

[Table 9 about here] 

4.2 Policy making 

Do seasonal factors affect Central Bank decisions? Rudebusch et al. (2015) argue that 

inadequately adjusted real GDP generates unexpected seasonal fluctuations, but it does 

not affect decisions by Federal Reserve policymakers. We estimate Taylor Rule 

augmented by seasonal factors extracted from TRAMO-SEATS, as shown in Table 10. 

The estimations display an irregular pattern and non-significant coefficient. These results 

are similar to those of Rudebusch et al. (2015), who find that misleading inflation 

information is not sufficient to significantly change decisions by policy makers.  

[Table 10 about here] 

4.3 Interest rate forecasts 

We analyze the effects of inflation seasonality on future interest rates in accordance with 

Huse (2011). Nelson and Siegel (1987) divide the yield curve into three main 

components: level, slope and curvature. Several studies show that the inflation rate is 
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the best variable to explain changes in the level factor.30 This Nelson-Siegel component 

has the highest explanatory power in the term structure, explaining up to 80% of term 

structure variation.  

Table 11 shows linear regression of inflation expectation for two dependent variable 

estimations, 1-year zero coupon yield and the Nelson and Siegel level factor. We use 

the Bayesian information criterion (BIC) and mean absolute error (MAE) to identify the 

best explanatory variable. 

[Table 11 about here] 

With respect to 1-year zero-coupon yield, seasonally-adjusted inflation expectations 

improves in-sample estimation for Brazil, Israel, Chile and New Zealand for all measures. 

For the USA and Eurozone, the results show no clear improvement. The best fit for the 

1-year yield model is related to whether there is a substantial difference between 

seasonally adjusted and unadjusted inflation expectation (see table 8). Thus, the greater 

the difference between the two series when using seasonally adjusted inflation 

expectation, the better the fit of the equation.  

With respect to the level factor, there is no clear conclusion regarding which series is 

better. Equations for Israel and New Zealand exhibit lower BIC and MAE and more 

statistically significant coefficients when adjusted inflation is considered. For the 

remaining countries, the t-statistic is higher when we include the original series. 

4.4 Out-of-sample forecasting  

Adjusted inflation expectation improves in-sample estimation for the Phillips curve and 

1-year yield. In this section, we evaluate out-of-sample predictions for the models 

presented in the previous section. Ang et al. (2007) forecasts inflation as follows 

𝜋𝑡+𝑘 = 𝜇 + 𝛿𝑋𝑡 +𝜔𝑡+𝑘 

where k is the horizon for forecasting inflation and 𝑋𝑡 are explanatory variables that follow 

equation (2). We consider an out-of-sample period of 7 years for all countries studied 

except Chile, for which a 5-year period is applied. 

The first panel of table 12 shows Phillips curve forecasting for all the countries assessed. 

Adjusted inflation expectation display better predictive power for 1- and 2- quarters 

ahead, but not for Chile at 1-quarter ahead. Improvement was not clear for longer 

                                                           
30 See Diebold et al. (2006) and Huse (2011). 
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horizons, with New Zealand and the Eurozone offering good results, but Brazil and USA 

suggesting better performance for unadjusted inflation. 

The seasonal factor did not alter Central Bank decisions, although adjusted-inflation 

expectation improves interest rate prediction. As above, we use the method proposed 

by Ang et al. (2007) to calculate the MAE for the Taylor rule. We employ the same 

variables used in table 10, but not to seasonal factor. All estimations account for the 

correct lag structure for the out-of-sample predictions. As shown in table 12, adjusted 

inflation expectation reduces the mean absolute error for almost all countries and 

horizons assessed. 

We forecast financial market indicators in line with the methodology of Huse (2011), who 

assess how the Nelson and Siegel model responds to macroeconomic variables. This 

method is adapted to an autoregressive coefficient augmented by inflation expectation 

series.  

𝑁𝑆𝑡+𝑘 = 𝜇 + 𝑁𝑆𝑡 + 𝛿𝐸𝑡𝜋𝑡+1𝑦𝑒𝑎𝑟 +𝜔𝑡+𝑘 

Where 𝑁𝑆𝑡+𝑘 is the Nelson Siegel first component k-steps-ahead. We use only 1-year 

inflation prediction independent of the k horizon. This is due to few central banks release 

inflation forecasts for horizons shorter than one year. Huse’s (2011) methodology is 

employed for the 1-year zero coupon yield and for the NS factor. The last two panels of 

table 12 show that adjusted inflation expectation consistently improves the yield curve 

forecast. The prediction error for the short- (1-year yield) and long-term yield curve (level 

factor) corroborates the selection of seasonally adjusted inflation expectations as a 

forecast variable. 

5.  Conclusion 

There is mounting evidence that expectations can be biased and inefficient. The present 

study substantiates this by presenting strong evidence that 1-year ahead forecasts 

systematically misestimate the seasonality of price indexes. This is perhaps even more 

surprising than previous findings, since seasonality has long been documented and 

understood.  

Most of the original 1-year ahead inflation expectations released by Central Banks and 

made by professional forecasters present a seasonal pattern. This bias is not country 

specific, but seasonality is statistically significant for Brazil, Chile, Israel, New Zealand, 

the Eurozone and the USA. Based on errors in month or quarterly inflation projections in 

Brazil, the USA and New Zealand, we find that failure to incorporate high- frequency 
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seasonal patterns translated into a year of biased forecasts. We conclude that 

seasonally-adjusted inflation forecasts improve the fit of traditional models and generally 

provide better out-of-sample forecasts. 
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Table 1 

Description of Inflation Expectation Surveys 
 

Country Provider Institution Start period Institutions Method Other Variables 

Brazil 
Brazilian Central 
Bank 

2001 
Banks, asset managers, real sector companies, 
brokers, and consulting firms  

Median 
GDP growth, exchange rate, and interest 
rate, among others 

United 
States 

Federal Reserve Bank 
of Philadelphia  

1968 
Insurance companies, banks, asset managers, 
manufacturers, universities, forecasting firms, 
investment advisors, and consulting firms  

Median 

 Natural rate of unemployment, nonfarm 
payroll, long-term CPI, CPI and PCE 
inflation, unemployment, real GDP, and 
BAA Interest Rate 

Eurozone 
European Central 
Bank 

1999 
Experts affiliated with financial or non-financial 
institutions  

Mean Real GDP growth and unemployment  

Israel Bank of Israel 2001 
Commercial banks and economic consulting 
firms 

Mean - 

New 
Zealand 

Reserve Bank of New 
Zealand 

1987 Economists, business and industry leaders Mean 
Interest rates, exchange rates, GDP, Bal. 
of payments and Unemployment Rate 

Chile Chilean Central Bank 2007 
Selected academics, consultants, and executives 
or advisors from financial institutions and 
corporations 

  - 

Turkey 
Central Bank of the 
Republic of Turkey 

2001 
Experts and decision makers from financial and 
real sector companies, foreign financial 
institutions and professionals 

Median 
Exchange rates, current account balance, 
GDP growth and interest rates 

Australia 
Reserve Bank of 
Australia 

2002 Professional forecasters Median - 

Colombia  Bank of the Republic 2003  Financial market analysts  Median  Exchange rate and interest rate  

Summary of the information collected from each Central Bank website regarding its survey data set. The main difference between 1-year ahead inflation expectations is the aggregation 

method (Mean or Median). 
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Table 2 

1-year inflation forecast bias 
 

  AU BZ CL CO IS NZ TU US ZE 

Constant (𝛼) 3.47 3.89 6.50 2.88 0.65 0.02 4.29 -0.39 0.12 

  0.95 0.86 1.19 0.70 0.52 0.65 0.34 1.73 0.70 
Inflation 
Expectation (𝛽) -0.34 0.52 -0.88 0.35 0.54 0.89 0.51 1.16 1.01 

  0.35 0.15 0.36 0.17 0.23 0.25 0.02 0.77 0.41 

R-adjust 0.00 0.06 0.05 0.02 0.02 0.16 0.76 0.02 0.07 

Obs. 53 165 103 142 185 61 168 67 65 

F-test: β1 =1 0.00 0.00 0.00 0.00 0.04 0.66 0.00 0.84 0.99 

Frequency Q M M M M Q M Q Q 

OLS estimation of the bias equation. 𝛼=0 and 𝛽=1 for unbiased inflation forecasting. The F-test null hypothesis 
determines whether realized future inflation is centered on inflation expectation. M and Q reflect monthly and 
quarterly frequency, respectively. Bold values indicate statistical significance at 5%. 

 

Table 3 
Efficiency of 1-year inflation prediction error 

  

  AU BZ CL CO IS NZ TU US ZE 

Constant 0.26 1.17 1.94 1.71 -0.86 0.24 8.07 0.19 0.85 

  0.54 0.31 0.49 0.38 0.28 0.38 1.05 0.40 0.21 

CPI YoY -0.20 -0.10 -0.44 -0.29 0.12 -0.36 -0.78 -0.07 -0.23 

  0.19 0.04 0.12 0.08 0.09 0.14 0.12 0.16 0.16 

GDP gap 0.01 0.14 0.57 -0.05 0.02 0.08 -0.08 -0.08 0.00 

  0.01 0.05 0.16 0.05 0.01 0.03 0.04 0.13 0.00 

Exch. rate YoY 2.36 0.43 -0.65 -2.22 -0.20 4.22 -5.00 -2.62 0.22 

  1.13 0.67 2.28 1.31 0.51 1.06 1.41 1.92 1.25 

Interest rate  -0.15 -0.04 -0.17 0.68 -0.60 -0.30 0.12 0.40 0.07 

  0.14 0.04 0.12 0.09 0.09 0.12 0.07 0.12 0.20 

Fiscal -0.14 -0.60   -0.56   -0.15 0.40 -0.13 -0.03 

  0.10 0.15   0.17   0.09 0.15 0.10 0.12 

R2 adj 0.10 0.19 0.20 0.35 0.27 0.35 0.36 0.13 0.06 

Obs. 53 149 103 142 172 54 103 63 60 

Frequency Q M M M M Q M Q Q 

Relationship between macroeconomic variables and 1-year inflation prediction error (Annual realized inflation 
minus the 1-year inflation prediction made by forecasters one year before). M and Q refer to monthly and quarterly 
frequency, respectively. Bold and italic values indicate statistical significance at 5% and 10%, respectively. 
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Table 4 
 Seasonality tests for 1-year inflation expectation 

 

  Dummy F-test Kruskall-Wallis 

  Value Prob. Value 
Dgrs. of 
freedom Prob. Value 

Dgrs. of 
freedom Prob. 

Brazil 11.6 0.01 104.4 11/165 0.00 153.6 11 0.00 

Chile 6.8 0.08 14.3 11/103 0.00 68.6 11 0.00 

Colombia 0.4 0.95 0.5 11/143 0.87 4.8 11 0.94 

Israel 7.9 0.05 143.5 11/186 0.00 175.9 11 0.00 

Turkey 3.7 0.30 0.6 11/168 0.80 8.3 11 0.69 

Australia 2.0 0.57 1.2 3/53 0.32 2.0 3 0.58 

New Zealand 11.3 0.01 35.6 3/61 0.00 44.0 3 0.00 

USA  16.6 0.00 4.0 3/66 0.01 10.7 3 0.01 

Eurozone 2.5 0.47 4.2 3/66 0.01 7.0 3 0.05 

This table shows the results of seasonality testing. The dummy is an F-test for joint quarterly dummy 
coefficients and the F-test and Kruskal-Wallis are TRAMO/SEATS tests. The p-values are shown for all tests. 
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Table 5 
Determinants of 1-year inflation expectation 

  

Inflation expectation Brazil Chile Israel New Zealand USA Euro Zone 

Intercept 0.77 -2.69 0.39 -3.08 0.20 0.19 0.35 -1.48 1.22 1.15 0.65 0.56 

  0.16 1.24 0.17 1.24 0.08 0.08 0.20 0.75 0.24 0.23 0.46 0.48 

Infl. Expectation (-1) 0.89 0.84 0.87 0.82 0.89 0.89 0.80 0.73 0.43 0.47 0.48 0.48 

  0.03 0.04 0.06 0.05 0.04 0.04 0.12 0.08 0.10 0.10 0.11 0.19 

CPI YoY (-1) -0.01 0.01 0.00 0.01 0.00 0.00 0.04 0.10 0.05 0.04 0.14 0.14 

  0.02 0.02 0.02 0.02 0.02 0.01 0.06 0.05 0.01 0.01 0.03 0.04 

Exchg rate (-1) 0.12 0.16 0.12 0.17 0.11 0.11 0.16 0.17 0.52 0.49 0.38 0.38 

  0.03 0.02 0.06 0.05 0.04 0.04 0.08 0.04 0.02 0.09 0.09 0.15 

GDP Gap (-1) 0.03 0.04 0.04 0.06 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

  0.01 0.01 0.02 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Fiscal (-1) -0.04 -0.12         0.01 0.03 0.02 0.02 0.00 0.01 

  0.02 0.03         0.02 0.02 0.01 0.01 0.01 0.01 

Seasonality   3.79   3.61   0.41   1.84   1.08   1.73 

    1.26   1.26   0.16   0.71   0.45   0.83 

Method OLS GMM OLS GMM OLS GMM OLS GMM OLS GMM OLS GMM 

R-adjust 0.95 0.94 0.87 0.88 0.81 0.82 0.73 0.74 0.70 0.74 0.73 0.84 

# obs. 162 161 114 102 184 184 60 51 66 66 60 57 

Regression of 1-year inflation expectation explained by macroeconomic variables. Since all the explanatory variables are lagged, the first equation for each country is 
estimated using OLS, while the GMM method was applied for the second regression with the seasonal factor. Bold and italic values indicate statistical significance at 5% and 

10%, respectively.  
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Table 6 

Cross-correlation between seasonal factors 
  

  cpi(-1)   cpi(+1) 

  t-1 T t+1 

Brazil -0.707 0.613 0.726 

Chile -0.746 0.126 0.981 

Israel -0.325 0.829 0.387 

New Zealand 0.400 0.649 -0.354 

USA 0.927 0.389 -0.818 

Euro Zone 0.731 0.445 -0.867 

Cross-correlation between current, lag and lead of seasonal factors for 
realized consumer inflation and 1-year forecasting. Bold values indicate 
statistical significance at 5%. 

 

Table 7 

Seasonality tests for forecasting inflation errors 

 

  Dummy F-test Kruskall-Wallis 

  Value Prob. Value 
Dgrs. of 
freedom Prob. Value 

Dgrs. of 
freedom Prob. 

New Zealand                 

    Current quarter 16.7 0.008 6.2 3/61 0.000 12.2 3 0.007 

    Next quarter 5.1 0.164 7.3 3/61 0.000 15.3 3 0.002 

USA                 

    Current quarter 31.0 0.000 11.3 3/60 0.000 23.6 3 0.000 

    Next quarter 63.3 0.000 32.4 3/59 0.000 39.7 3 0.000 

    2-quarter ahead 53.0 0.000 29.3 3/58 0.000 37.4 3 0.000 

    3-quarter ahead 59.8 0.000 38.1 3/57 0.000 41.1 3 0.000 

BZ                 

    Current month 5.5 0.139             

    Next month 5.2 0.159             

    2-month ahead 6.4 0.094 5.3 11/182 0.000 41.1 11 0.000 

    3-month ahead 7.5 0.053 3.7 11/181 0.001 33.0 11 0.005 

    4-month ahead 7.9 0.049 4.0 11/180 0.000 37.3 11 0.001 

    5-month ahead 8.6 0.035 4.8 11/160 0.000 38.3 11 0.001 

    6-month ahead 13.0 0.004 4.6 11/159 0.000 37.6 11 0.001 

    7-month ahead 12.2 0.007 7.1 11/158 0.000 52.2 11 0.000 

    8-month ahead 10.6 0.014 17.1 11/157 0.000 91.0 11 0.000 

    9-month ahead 16.1 0.001 14.4 11/156 0.000 80.7 11 0.000 

    10-month ahead 12.7 0.005 12.7 11/155 0.000 75.5 11 0.000 

Seasonality test results of monthly/quarterly forecasting errors. The dummy is an F-test for a joint quarterly dummy 
coefficients and the F-test and Kruskal-Wallis are TRAMO/SEATS tests. The p-values are shown for all tests. 
 

Table 8 
Descriptive analysis of absolute difference between original and seasonal adjusted inflation  

MAE  Brazil Israel Chile NZ US Eurozone 

Average 0.116 0.107 0.055 0.081 0.026 0.017 

Max 0.546 0.243 0.183 0.223 0.045 0.021 

Std Deviation 0.074 0.064 0.043 0.058 0.014 0.003 
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Table 9 

Phillips Curve estimation: original x seasonal adjusted series 

 

  Brazil Israel Chile New Zealand USA Euro Zone 

  Original SA Original SA Original SA Original SA Original SA Original SA 

Const -1.077 -1.139 -0.516 -0.326 -0.617 -0.660 -1.032 -1.195 -1.263 -1.437 1.142 1.130 

  0.326 0.330 0.146 0.092 0.329 0.359 0.322 0.325 1.358 1.431 1.596 1.597 

Infl lag 0.870 0.863 0.901 0.890 0.899 0.896 0.492 0.459 0.520 0.507 0.608 0.606 

  0.037 0.037 0.027 0.030 0.034 0.036 0.093 0.092 0.107 0.113 0.117 0.118 

Infl expect 0.353 0.372 0.352 0.274 0.312 0.330 0.897 0.997 1.030 1.125 0.948 0.956 

  0.083 0.087 0.082 0.069 0.121 0.133 0.180 0.182 0.651 0.671 0.375 0.379 

Exchg rate -0.223 -0.236 -0.253 -0.163 -0.211 -0.226 -0.389 -0.456 -0.550 -0.633 -0.556 -0.562 

  0.063 0.064 0.068 0.050 0.101 0.110 0.130 0.131 0.607 0.641 0.285 0.287 

GDP gap 0.013 0.009 0.000 0.000 0.116 0.111 0.000 0.000 0.002 0.002 0.000 0.000 

  0.021 0.021 0.000 0.000 0.041 0.045 0.000 0.000 0.001 0.001 0.000 0.000 

R-adjst 0.980 0.981 0.944 0.940 0.957 0.957 0.763 0.777 0.518 0.518 0.795 0.796 

BIC 1.135 1.106 1.544 1.253 1.637 1.632 1.999 1.939 2.886 2.948 1.480 1.479 

Comparison between Phillips curve estimations with original 1-year inflation expectations and the seasonally adjusted series. Bold and italic values indicate statistical 

significance at the 5% and 10% level, respectively.  
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Table 10 
Taylor rule estimation augmented by seasonal factors 

 

 Brazil Chile Israel New Zealand USA Euro Zone 

Interest rate lag 0.98 0.98 0.85 0.88 0.93 0.94 0.91 0.78 0.86 0.92 0.83 0.93 

  0.01 0.01 0.05 0.04 0.04 0.04 0.05 0.07 0.04 0.05 0.10 5.23 

Inflation –  target (-1) 10.76 10.41 1.93 2.15 2.84 2.88 2.25 1.81 1.74 1.11 2.89 5.23 

  5.56 5.30 0.35 0.53 1.59 1.99 1.32 0.63 0.42 0.60 1.06 4.58 

GDP gap (-1) 4.45 4.34 0.88 0.77 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 

  2.64 2.56 0.11 0.15 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Constant 3.11 74.52 1.58 -6.00 3.03 2.29 4.04 4.22 1.72 1.59 17.46 -23.01 

  5.27 59.23 0.31 11.89 0.74 0.77 1.06 4.94 0.62 0.77 7.62 38.52 

Seasonal factor   -71.15   7.39   7.00   -0.09   1.66   -0.19 

    60.93   12.23   7.50   1.14   1.54   1.65 

Method OLS GMM OLS GMM OLS GMM GMM GMM OLS GMM OLS GMM 

R-adjust 0.99 0.99 0.97 0.97 0.91 0.88 0.94 0.95 0.95 0.95 0.94 0.93 

# obs. 162 162 114 102 196 185 63 59 63 62 68 68 

This table reports the Taylor rule estimation, with two regressions for each country. Since all the explanatory variables are lagged, the first equation for each country is 
estimated using OLS, while the GMM method was applied for the second regression with the seasonal factor. Bold and italic values indicate statistical significance at 5% and 

10%, respectively.  
 
 
 
 

 

 

 



99 
 

 

Table 11 
Interest rate linear regression 

    Brazil Israel Chile New Zealand USA Euro Zone 

    Original SA  Original SA  Original SA  Original SA  Original SA  Original SA  

1
-y

ea
r 

yi
el

d
 BIC 4.235 4.232 -0.294 -0.301 3.439 3.366 3.613 3.601 3.312 3.285 3.070 3.070 

MAE 1.583 1.582 0.146 0.146 1.111 1.082 1.130 1.119 0.960 0.967 0.824 0.826 

t-Statistic 3.817 5.906 6.340 6.428 10.227 10.999 6.125 6.222 10.322 10.541 8.972 8.967 

N
S 

Le
ve

l BIC -5.295 -5.278 -6.470 -6.483 -6.910 -6.885 -6.514 -6.529 -6.567 -6.606 -5.975 -5.973 

MAE 1.253 1.250 0.754 0.749 0.609 0.620 0.732 0.724 0.683 0.690 0.995 0.994 

t-Statistic 2.196 1.727 9.932 10.075 4.225 3.834 3.780 3.925 2.769 2.741 5.095 5.091 

Linear regression tests for financial indicators (1-year yield and Nelson and Siegel level component) and original or seasonally adjusted inflation expectation. Bold values 
indicate the best fit between both inflation prediction variables.  
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 Table 12 

Taylor rule estimation augmented by seasonal factors 
 

    Brazil Israel Chile New Zealand USA Eurozone 

    Original SA Original SA Original SA Original SA Original SA Original SA 

P
h

ill
ip

s 
C

u
rv

e 

3 0.420 0.318 0.603 0.601 0.974 0.975 0.610 0.594 0.682 0.675 0.407 0.405 

6 0.616 0.561 1.030 1.027 1.348 1.333 0.893 0.829 1.095 1.091 0.717 0.716 

9 0.709 0.739 1.457 1.455 1.618 1.593 1.063 1.031 1.356 1.361 1.028 1.027 

12 0.814 0.826 1.706 1.722 1.507 1.515 1.106 1.071 1.500 1.516 1.258 1.254 

Ta
yl

o
r 

R
u

le
 

3 0.585 0.555 0.357 0.352 0.418 0.418 0.428 0.383 0.122 0.122 0.088 0.077 

6 1.065 1.044 0.733 0.705 0.684 0.687 0.865 0.851 0.244 0.229 0.283 0.263 

9 1.519 1.514 1.160 1.147 0.911 0.909 1.088 1.116 0.459 0.457 0.439 0.435 

12 1.845 1.839 1.414 1.448 1.033 1.075 1.322 1.332 0.683 0.707 0.583 0.588 

1
-y

ea
r 

yi
el

d
 

3 0.706 0.701 0.239 0.236 0.308 0.305 0.331 0.319 0.142 0.138 0.252 0.252 

6 1.329 1.311 0.401 0.403 0.416 0.414 0.550 0.545 0.239 0.236 0.489 0.487 

9 1.792 1.779 0.617 0.613 0.573 0.567 0.714 0.697 0.296 0.294 0.722 0.719 

12 2.331 2.320 0.850 0.844 0.687 0.680 0.793 0.736 0.332 0.336 0.890 0.888 

N
S 

– 
Le

ve
l 3 1.063 1.061 0.545 0.545 0.270 0.269 0.472 0.467 0.328 0.328 0.286 0.285 

6 1.611 1.622 0.869 0.866 0.456 0.458 0.723 0.717 0.530 0.527 0.527 0.525 

9 1.810 1.808 1.190 1.178 0.657 0.656 0.882 0.870 0.610 0.604 0.622 0.620 

12 1.905 1.904 1.450 1.446 0.837 0.828 0.953 0.943 0.658 0.655 0.683 0.681 

Comparison of mean absolute forecast errors (in percentage points) for four different macroeconomic variables using original and adjusted inflation expectation. Bold 
values present the best fit for each country. 
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Appendix 

 
Diagnostics and statistical significance of 1-year inflation expectation 
  

  Summary Definition 
Annual 
totals Normality Independence 

Residual  - 
seasonally 

adjust 

Residual - 
sa last 3 

years 

Residual 
- sa  on 

irregular 
seas 

variance 
irregular 
variance 

seas / irr 
cross 

correlation 
# of 

outliers 

Brazil good 0.000 0.008 0.018 0.548 0.499 0.238 0.921 0.486 0.669 0.178 4 

Chile good 0.000 0.002 0.640 0.077 0.979 0.931 0.968 0.979 0.569 0.649 7 

Colombia good 0.000 0.000 0.062 0.161 0.917 0.880 0.872 - 0.825 - 0 

Israel good 0.000 0.000 0.026 0.123 1.000 0.559 1.000 0.328 0.718 0.061 0 

Turkey good 0.000 0.000 0.168 0.476 0.985 0.907 0.804 - 0.572 - 1 

Australia good 0.000 0.001 0.558 0.769 0.951 0.027 0.914 - 0.627 - 2 

New Zealand good 0.000 0.012 0.932 0.519 0.988 0.947 1.000 0.754 0.757 0.947 0 

USA – headline good 0.000 0.000 0.876 0.568 1.000 0.568 1.000 0.826 0.615 0.136 0 
   Core 
inflation good 0.000 0.002 0.748 0.701 0.605 0.799 1.000 0.776 0.582 0.835 1 

Eurozone good 0.000 0.000 0.439 0.733 0.746 0.670 0.627 0.494 0.675 0.291 2 
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Diagnostics and statistical significance of monthly/quarterly forecast errors 
  

  Summary Definition 
Annual 
totals Normality Independence 

Residual  - 
seasonally 

adjust 

Residual - 
sa last 3 

years 

Residual - 
sa  on 

irregular 
seas 

variance 
irregular 
variance 

seas / 
irr 

cross 
correl. 

# of 
outliers 

New Zealand                         

    Current quarter good 0.000 0.041 0.311 0.908 1.000 0.767 1.000 0.750 0.694 0.760 0 

    Next quarter good 0.000 0.042 0.153 0.861 0.408 0.659 0.505 0.918 0.733 0.831 2 

USA                         

    Current quarter good 0.000 0.000 0.122 0.588 0.199 0.576 0.379 0.532 0.575 0.650 2 

    Next quarter good 0.000 0.000 0.876 0.032 0.353 0.826 0.583 0.660 0.550 0.162 2 

    2-quarter ahead good 0.000 0.000 0.387 0.044 0.344 0.976 0.582 0.695 0.553 0.083 2 

    3-quarter ahead good 0.000 0.000 0.808 0.319 0.350 0.982 0.542 0.741 0.585 0.413 2 

BZ                         

    Current month                         

    Next month                         

    2-month ahead good 0.000 0.004 0.304 0.001 0.995 0.995 0.892 0.326 0.628 0.395 4 

    3-month ahead good 0.000 0.000 0.275 0.005 0.983 0.990 0.811 0.596 0.527 0.167 5 

    4-month ahead good 0.000 0.000 0.525 0.001 0.950 0.976 0.794 0.675 0.551 0.227 4 

    5-month ahead good 0.000 0.000 0.760 0.002 0.874 0.975 0.817 0.568 0.509 0.119 3 

    6-month ahead good 0.000 0.000 0.115 0.001 0.776 0.932 0.783 0.602 0.507 0.098 2 

    7-month ahead good 0.000 0.000 0.339 0.001 0.851 0.968 0.800 0.611 0.511 0.054 3 

    8-month ahead good 0.000 0.000 0.963 0.006 0.989 0.906 0.969 0.514 0.580 0.226 3 

    9-month ahead good 0.000 0.004 0.994 0.004 0.978 0.918 0.985 0.727 0.658 0.250 3 

    10-month ahead good 0.000 0.001 0.903 0.001 0.986 0.896 0.987 0.586 0.631 0.158 3 

 


