
 
 

University of Pretoria 
Department of Economics Working Paper Series 

 
The Term Premium as a Leading Macroeconomic Indicator 
Vasilios Plakandaras 
Democritus University of Thrace  
Periklis Gogas 
Democritus University of Thrace 
Theophilos Papadimitriou 
Democritus University of Thrace 
Rangan Gupta 
University of Pretoria  
Working Paper: 2016-13 
February 2016 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
__________________________________________________________ 
Department of Economics 
University of Pretoria 
0002, Pretoria 
South Africa 
Tel: +27 12 420 2413 
 



 
 

1 
 

 The term premium as a leading macroeconomic 
indicator 

Vasilios Plakandaras*, Periklis Gogas*, Theophilos Papadimitriou* and Rangan 

Gupta 

*Department of Economics, Democritus University of Thrace 

+Department of Economics, University of Pretoria 

Abstract 

Forecasting the evolution path of macroeconomic variables has always been of keen 

interest to policy authorities. A common tool in the relevant forecasting literature is 

the term spread of Treasury bond interest rates. In this paper we decompose the term 

spread of treasury bonds into an expectations and a term premium component and we 

evaluate the informational content of each component in forecasting the real GDP 

growth rate and inflation (as measured by the GDP deflator) in various forecasting 

horizons. In doing so, we evaluate alternative decomposition procedures, introduce 

the nonlinear machine learning Support Vector Regression (SVR) methodology in 

rolling regressions and examine both point and conditional probability distribution 

forecasts. We also consider a number of control variables that are typically used in 

this context. According to our empirical findings neither the term spread nor its 

decomposition possess the ability to forecast output growth or inflation.   
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1. Introduction 

The stylized facts show that the U.S. treasury yield curves almost always have a positive 

slope. This indicates the existence of a positive term premium, necessary for investors to 

hold long-term instead of rolling over short-term treasury bonds. The term premium for a 

bond of specific maturity is proxied as the remainder from subtracting the mean value of 

a series of expected short-term interest rates (covering sequentially the time to maturity 

of a long-term bond) from the equivalent maturity long-term interest rate. Typically, in 

every time period the short-term interest rate is the direct reflection of the implemented 

monetary policy, while the long-term interest rate reflects the market’s expectations about 

the future economic activity. Thus the term premium is time-varying according to the 

applied monetary policy and the existing market’s expectations. The specific category of 

models is called affine term structure models, due to the decomposition of each point of 

the yield curve into an affine function of the mean expected short-term interest rate and 

the term premium.  

The existence of long-term obligations such as investing decisions, labor contracts, 

mortgages and other debt holding options makes the precise estimation of the term 

premium crucial, since it is recognized as a potential source of information for future 

macroeconomic developments (Stock and Watson, 2001). The relationship between the 

term spread and the economic activity is well established in the relevant literature (among 

others Hamilton and Kim, 2002). This relationship can be explained in terms of the 

expectations of the future short-term interest rate (expectations effect) or the term 

premium (term premium effect); supposing, for example, that the Fed is following a 

contractionary monetary policy it is expected to raise the short-term interest rate. If the 

short–term interest rate is lower than its expected price then the long-term is expected to 

rise more, leading to a future contraction in the economic activity (expectations effect). 

On the other hand, if the economy is expected to boom and the volatility of the expected 

short-term interest rate to increase, the long-term interest rate will be higher due to the 

term premium effect. Thus the term spread and its components can be used as 

macroeconomic indicators in forecasting the future economic activity and inflation. 
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However, the estimation of the term premium from the yield curve is not straightforward 

and in the relevant finance literature various approaches have been proposed (see among 

others Duffe, 2008; Joslin et al., 2011; Cochrane and Piazzesi, 2005; Kim and Wright, 

2005). The existing literature in forecasting macroeconomic variables typically 

segregates the yield curve into a short-term interest rate expectations component and a 

term premium component. The informational content of the two components is exploited 

separately or jointly in forecasting output, inflation and output growth. Hamilton and Kim 

(2002) propose a model with time-varying expectations for the decomposition of the 

yield curve into an expectations and a term premium component. They find that both 

components are important in forecasting the GDP growth rate, with the former being 

slightly more important than the latter. Moreover they also provide evidence in favor of 

earlier research regarding the ability of the term spread in forecasting the GDP growth 

rate (see for instance Estrella and Mishkin, 1998 and Stock and Watson, 1989).   

Favero et al. (2005) find that the best forecasting model of the GDP growth rate is one 

involving the short-term interest rate, the term spread (the difference between two 

treasury bonds of different maturity) and the term premium component as regressors. 

Ang et al. (2006) propose the use of unobserved risk factor models in forecasting the U.S. 

GDP, based on Principal Component Analysis (PCA). More specifically the GDP is 

modelled as a function of the first two principal components of the interest rates of bonds 

of different maturities and of the GDP growth rate. The two principal components are 

treated as unobserved risk factors and are fed into a Vector Autoregressive (VAR) model. 

The use of only two risk factors reduces the complexity of the model, while  the 

empirical findings suggest that in comparison to the term spread and the interest rates 

only the risk factors forecast consistently the GDP in and out-of-sample. Joslin et al. 

(2011) show that the extracted risk factors from the first three principal components of 

interest rates with different maturities can be used efficiently for the decomposition of the 

yield curve into an expectations and a term premium component. In simulations with real 

data they provide evidence in favor of the use of the decomposed components in 

forecasting various points of the yield curve in comparison to the term spread. 

Dewachter et al. (2012) consider an affine term structure model of the yield curve in 

forecasting the output gap, the GDP and the GDP deflator growth rates for the U.S. 
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economy from 1971Q2 to 2008Q4 in an in-sample fitting exercise. Building on a macro-

finance model they consider macroeconomic and financial risk factors in estimating the 

term premium of the term spread. Although the decomposition of the term spread does 

not seem important in describing the evolution path of the GDP growth rate and the 

output gap, it adheres very closely to inflation for various forecasting horizons. The 

inclusion of the short-term interest rate and the lagged values of the dependent as control 

variables does not affect the forecasting ability of the models, leading to the conclusion 

that the forecasting ability stems from the risk factors. 

Wright (2011) decomposes forward five-to-ten1 year interest rates into an expected short-

term interest rate and a term premium component for 10 OECD countries. In doing so he 

builds on the empirical findings of Ang et al. (2006) and Joslin et al. (2011) and develops 

risk factor models based on the first three principal components of zero-coupon bond 

yields augmented with macroeconomic variables. The macroeconomic variables are 

considered as unspanned variables in the sense that they are important in forecasting the 

future interest rates but do not possess explanatory power over contemporaneous yield 

curves. Then, using the extracted term premiums and survey data, he performs panel 

regressions in order to uncover the data generating process of the quarterly inflation for 

the period 1981Q1 – 2009Q4. He concludes that neither the risk factors nor the inflation 

surveys can efficiently explain the evolution path of inflation throughout the time period 

used and for all countries. In a recent comment on the work of Wright (2011), Bauer et 

al. (2014) argue that the maximum likelihood estimation approach followed by Wright is 

misspecified and propose a bias correction procedure. Although the bias corrected term 

premiums appear to possess countercyclical behavior consistent with the empirical and 

theoretical suggestions on the behavior of term premiums, the proposed correction does 

not improve the overall forecasting accuracy. 

In this paper we examine the informational content of the decomposition scheme of the 

term spread into an expectations and a term premium component in forecasting economic 

activity and inflation. More specifically, we build on the work of Joslin et al. (2011), 

                                                            
1 The term five-to-ten year interest rate refers to the expected interest rate of a five year interest rate bond 
that will be bought in five years from now, in the sense of a forward interest rate. The term is used 
commonly in the relevant literature in order to describe the expectations over a future interest rate. 
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Wright (2011) and Dewachter et al. (2012) and introduce affine term structure models of 

the term premium based on the first three principal components of zero-coupon bonds 

augmented with unspanned macroeconomic variables. The components of the 

decomposition scheme are used either separately or jointly in forecasting the GDP and 

the GDP deflator for the U.S. economy in rolling regressions, spanning the period 

1971Q4 – 2014Q4. The selection of the quarterly GDP deflator instead of the monthly 

CPI is dictated by the frequency of the macroeconomic variables that we considered as 

unspanned variables. Moreover we include control variables in order to trace the origin of 

the forecasting accuracy of the models.  

The innovation of our paper is fourfold. First, in contrast to all previous approaches that 

stop their analysis in the beginning of the global financial crisis of 2008 we use an 

extended data sample covering the period 1971Q4-2014Q4. Moreover, we produce out-

of-sample forecasts since our goal is to evaluate the true forecasting ability of the term 

premium in periods of different economic and financial conditions. Third, we depart from 

the linear forecasting framework of all previous relevant papers and apply the nonlinear 

Support Vector Regression methodology. Finally, we evaluate the forecasting ability of 

the models based on point and conditional density forecasts. Density forecasts present 

information both for the mean value of the (point) forecast as well as provide an 

illustration of the uncertainty related to the forecast.  

2. Affine models of term premiums 

In this paper we consider an affine Gaussian Dynamic Term Structure Model (DTSM) 

proposed by Joslin et al. (2011). The interest rate of an n-period zero-coupon bond can be 

split into the expected interest rates of short-term bonds and a term premium as follows: 

∑                                            (1) 

where the first part of equation (1) represents the expected average one period short-term 

interest rate and the second is the term premium. The expected short-term interest rate is 

the average rate if the investor chooses to invest iteratively his money on one period 

bonds for the entire period n. The term premium is the excess return he demands for 

losing this flexibility and locking his money on an n-period bond. Following Ludvingson 



 
 

6 
 

and Ng (2009) the term premium component can be written as the average risk premium 

from holding one period zero-coupon bonds to maturity: 

∑ ,                                               (2) 

Subject to 
, ln

ln ⁄
     

where 	 , 	denotes the one period excess return of an n-period bond, 	is the 

price at time t and 	its yield. Assuming a lognormal nominal pricing kernel , it 

must be	 ∏ . Following the class of affine structure models of Duffee 

(2002), Ang and Piazzesi (2003) and Cochrane and Piazzesi (2005), the price  is 

given by an affine structure model of the state variables	 , according to  

exp	                                             (3) 

Subject to 
exp	

~ 0,

 

with	 	an affine structure model of the state variables.  If the matrix of the 

state variables is observable and the sign restrictions imposed in the model are not more 

than the necessary for its identification, then it follows a VAR model: 

Φ                                                   (4) 

and thus 	would be a vector mx1 and  an mxm  matrix that satisfy the recursions: 

 Σ Σ                            (5)  

Φ Σ                                               (6) 

starting from  and . The state variables could be macroeconomic or 

financial variables or simply risk factors of the yield curve and are all assumed to be 

observable. Given that we can estimate , Σ	and	Φ from the VAR model of equation (4) 

the remaining variables can be estimated by minimizing the sum of square errors between 

the actual and the fitted yields according to: 
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, , , , , , Σ Σ                   (7) 

given that ⁄  are the model implied yields. The difference 

between the model implied yields and the average (expected) short-term interest rate for 

the entire period n to maturity is the term premium. In this paper, we examine as state 

variables both macroeconomic and financial ones. As macroeconomic variables we 

consider the GDP deflator ( ) and the output gap	 , while as financial the effective 

federal funds rate as the central bank policy rate   and the first three principal 

components of zero-coupon treasury bonds2. The first three principal component 

represent the level, the slope and the curvature of the yield curve (Joslin et al., 2011). 

Thus the state variable vector is as follows: 

, , , , ,                                        (8) 

3. Support Vector Regression 

The Support Vector Regression is a direct extension of the classic Support Vector 

Machine algorithm. The specific machine learning methodology has attracted significant 

interest in forecasting economic and financial time series (Rubio et al., 2011; Härdle et 

al., 2009; Öğüt et al., 2012; Khandani et al., 2010; Plakandaras et al.,  2015a,b). The 

algorithm proposed by Vapnik et al. (1992) and later extended by Cortes and Vapnik 

(1995) originates from the field of statistical learning. When it comes to regression, the 

basic idea is to find a function that has at most a predetermined deviation from the actual 

values of the dataset. In other words, errors are not of interest as long as they don’t 

violate a predefined threshold ε; only errors higher than ε are penalized. The vectors that 

define the “error tolerance band” are identified through a minimization procedure and are 

called the Support Vectors (SV). 

One of the main advantages of SVR in comparison to other machine learning techniques 

is that it yields a convex minimization problem with a unique global minimum, avoiding 

local minima. The model is built in two steps: the training and the testing step. In the 

                                                            
2 We also experimented with state vectors comprising only with the macroeconomic or the financial 
variables. Apart from the OLS estimation of the VAR we also examined the bias corrected methodology of 
Bauer et al. (2014). In all situations the results were quantitatively similar and are presented in the 
Appendix. 
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training step, the largest part of the dataset is used for the estimation of the Support 

Vectors that define the band. In the testing step, the generalization ability of the model is 

evaluated by checking the model’s performance in the small subset that was left aside 

during training. Using cross-validation techniques a universal and not sample-specific 

solution is achieved, avoiding to overfit the model. 

For a training dataset , , , , … . , , ∈ , ∈ , 1,2, … . , 

where  is a vector of independent variables and  is the dependent variable the linear 

regression function takes the form of	 	 . This is achieved by solving: 

min
1
2
‖ ‖ ∗ 																																										 9  

subject to ∗

, ∗ 0	
																																													 

where ε defines the width of the tolerance band, and , ∗	are slack variables controlled 

through a penalty parameter C (see Figure 1). All the points inside the tolerance band 

have	 , ∗ 0. System (9) describes a convex quadratic optimization problem with 

linear constraints and it has a unique solution. The first part of the objective function 

controls the generalization ability of the regression, by imposing the “flatness” of our 

model controlled through the Euclidean norm ‖ ‖. The second part of the objective 

function controls the regression fit to the training data (by increasing C we penalize with 

a bigger weight on any point outside the tolerance band i.e. with 0 or ∗ 0). The 

key element in the SVR concept is to find the balance between the two parts in the 

objective function that are controlled by the ε	and C parameters.  
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Figure 1: Upper and lower threshold on error tolerance indicated with letter ε. The boundaries of 
the error tolerance band are defined by the Support Vectors (SVs) denoted with the black filled 
points. Forecasted values greater than ε get a penalty ζ according to their distance from the 
tolerance accepted band. 

Using the Lagrange multipliers in System (9) the solution is given by:  

 ∑ ∗ 																																																			 10      

and																																																						 ∑ ∗ 																																																			 11  

with the coefficient , ∗ = 0 for all non SVs. Thus, the SVR model is defined solely by 

its SVs. 

The underlying data generating processes of real life phenomena are rarely linear. Thus 

formulating linear models to describe them often fail to describe correctly the data 

generating process. In order to tackle with this drawback, SVR models are coupled with 

kernel functions. The so-called “kernel trick” follows the projection idea while ensuring 

minimum computational cost: the dataset is mapped in an inner product space, where the 

projection is performed using only dot products within the original space through 

“special” kernel functions, instead of explicitly computing the mapping of each data 

point. When the kernel function is nonlinear, the produced SVR model is non-linear as 

well. In our simulations we test three kernels: the linear, the radial basis function (RBF) 

and the polynomial kernel. The mathematical representation of each kernel is: 
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Linear  ,  (12) 

RBF , ‖ ‖ (13) 

Polynomial , (14) 

with factors d, r, γ representing kernel parameters. 

 

4. The Data 

We compiled a dataset of quarterly U.S. observations spanning the period 1971Q4-

2014Q4. The GDP, GDP deflator and the Effective Federal Funds rate are obtained from 

the Federal Reserve Bank of St. Louis database. The output gap is constructed as the 

difference between the nominal potential GDP projections of the Congressional Budget 

Office (CBO) and the actual nominal GDP. The three latent yield curve risk factors are 

the first three principal components of the zero-coupon treasury bonds of maturity 1, 4, 8, 

12, 20 and 40 quarters of the Fama-Bliss database. The data for the 40 quarters treasury 

bonds are obtained from Gurkaynak et al. (2007)3. According to Joslin et al. (2011) the 

first three principal components include almost all the variability of the treasury bonds 

and there is no excess gain in including more principal components. The GDP, the GDP 

deflator and the output gap are transformed into their natural log forms4.  We also use the 

3 month Treasury Bill (TB3) and the Chicago Fed National Activity Index (CFNAI) 

compiled by the Federal Reserve Bank of St. Louis as control variables in our 

regressions. In Figures 2 and 3 we depict the time-series of the GDP and the GDP 

deflator, respectively. 

                                                            
3 These data are based on fitted Nelson-Siegel-Svensson curves and are available at http://www. 
federalreserve.gov/Pubs/feds/2006/200628/feds200628.xls 
4 Due to the space restrictions of a scientific journal, the descriptive statistics of all timeseries are not 
included here and are available upon request. 
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Figure 2: Logarithmic GDP series. Grey areas denote NBER recessions. 

 
Figure 3: Logarithmic GDP deflator series. Grey areas denote NBER recessions. 
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As we observe from Figures 2 and 3 both series exhibit a long-run trend. The GDP series 

exhibits possible structural breaks. Applying the Bai-Perron (2003) multiple structural 

breaks and the Enders and Lee unit root (2012) tests we find evidence that the GDP, the 

GDP deflator and the TB3 series have a unit root, while the CFNAI is stationary in 

levels5.  As a result, in the empirical section of our analysis we use the first differences of 

the natural logs for the GDP, the GDP deflator (i.e., quarter-on-quarter inflation rate) and 

the TB3 while we use the levels of the CFNAI. 

5. Empirical results 

In this section we study the ability of the term spread and its components to forecast the 

economic activity and inflation. More specifically, we study the decomposition of the 

term spread S	into a spread expectations component E and a term premium component x. 

The term spread refers to the spread between the interest rates of a long-term bond with 

maturity n and the bond with maturity of one quarter as: 

                          (15) 

In Figure 4 we depict the calculated term premium between a 40-quarter and a 1-quarter 

maturity bond6. The term premium exhibits a significant drop during the 1990s as 

compared to the pre-1984 period, which could be attributed to the inflation target policies 

of the Great Moderation Period and the greater integration of the bond markets that 

reduced market segmentation. Nevertheless, during the 2008 financial crisis the term 

premium returned to the earlier levels as a result of the increased uncertainty regarding 

the future economic activity and gradually declined as the economy stabilized and 

returned to positive growth rates. For comparison reasons, in Figure 4 we also depict the 

term premiums of Adrin et al. (2013)7 and Kim and Wright (2005)8.  The extracted term 

premium is similar to the one of Adrian et al. (2013) despite differences in the two 

estimation schemes and model structures. In contrast, the term premium of Kim and 

Wright (2005) is quite different.  

                                                            
5 The results of the structural break and unit root tests are reported in the Appendix. 
6 The decomposition of the term spread for bonds of smaller than 40-quarters maturity provide quantitative 
equivalent results and are available from the authors upon request. 
7 The data are available at http://www.newyorkfed.org/research/staff_reports/sr340.html 
8 The data are available at http://www.federalreserve.gov/pubs/feds/2005/200533/200533abs.html 
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Figure 4: The term premium for the three decomposition schemes. The term VAR refers to the 
term premium according to the decomposition methodology proposed by Wright (2011) and is 
examined in this paper, the term ACM to the Adrin et al. (2013) and the term KW to the Kim and 
Wright (2005) term premiums.  
 
 

5.1 Point Forecasts of the Gross Domestic Product growth rate 

In order to forecast the GDP h periods ahead, we estimate the following general model: 

           (16) 

where c		is a constant,  expresses the one quarter interest rate (TB3) and  the 

value of the CFNAI index. The term spread is examined either as the difference between 

a long-term and a short-term interest rate (the actual term spread) or as the summation of 

the decomposition components (in other words the term spread of the fitted yield of the 

decomposition). The relevant literature suggests that the decomposition components (the 

expectations or the term premium component) are able to capture the data generating 

process of the GDP growth (Ang et al., 2006; Favero et al., 2005; Hamilton and Kim, 

2002). In order to examine the informational content of the term spread components in 

forecasting the GDP growth, we train forecasting models that include only one 

component.  

The lagged value of the GDP growth of the previous quarter	 , the short –term 

interest rate and the economic activity index are added as control variables, in order to 

remove their effect in the dependent variable and help us examine the actual 

informational content of the term spread (actual or fitted) in forecasting the GDP growth. 
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The selection of the lagged GDP growth rate and the short-term interest rate is based on 

previous studies (see for instance Dewachter et al., 2012 and Rossi and Sekhposyan, 

2010). The only exception is the use of the economic activity index that has never been 

used before along with the term spread decomposition. We forecast with h = 4, 8, 12, 16, 

20 and 40 quarters ahead in rolling windows of 40 observations (10 years) and consider 

the Random Walk (RW) model as a benchmark. The decomposition of the term spread is 

estimated iteratively in each rolling window.  The long-term interest rate selected in each 

occasion is the one of the forecasting horizon (e.g. in h = 4 we use the decomposition of 

the four quarter with the one quarter interest rate term spread).  

Additionally, we estimate an autoregressive model of the GDP, with the lag order 

selected in each rolling window according to the minimum Schwarz Information 

Criterion (Schwarz, 1978). Each forecasting exercise is repeated twice; once with an OLS 

and once with an SVR model. The latter is coupled with the linear, the RBF and the 

polynomial kernel. We measure the forecasting performance of all models based on the 

Mean Absolute Percentage Error (MAPE) given by  ∑  on the entire 

out-of-sample forecasted sample. The out-of-sample accuracy for each model is reported 

in Table 19. 

  

                                                            
9 In the SVR models we report only the results of the most accurate kernel. The results for all models are 
reported in the Appendix. 
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Table 1: Point GDP forecasts MAPE 
Forecasting Horizon h = 4 h = 8 h = 12 h = 16 h = 20 h = 40 
RW model  

 0.829 0.824 0.788 0.783 0.779 0.774 
AR model  

OLS 0.500 0.479 0.468 0.473 0.473 0.466 
SVR 0.480 0.486 0.454 0.464 0.453 0.435 
Model 1  

OLS 0.474 0.449 0.442 0.478 0.470 0.453 
SVR 0.464 0.454 0.434 0.465 0.452* 0.436 
Model 2  

OLS 0.461 0.480 0.477 0.502 0.492 0.515 
SVR 0.455* 0.454 0.432 0.466 0.452* 0.439 
Model 3  

OLS 0.528 0.491 0.513 0.537 0.572 0.622 
SVR 0.458 0.459 0.423 0.444* 0.475 0.425* 
Model 4  

OLS 0.476 0.451 0.442 0.478 0.470 0.453 
SVR 0.457 0.454 0.420* 0.461 0.462 0.463 
Model 5  

OLS 0.472 0.454 0.436 0.463 0.479 0.419 
SVR 0.476+ 0.446*+ 0.442+ 0.454+ 0.461+ 0.432+ 
Model 6  

OLS 0.467 0.447 0.440 0.463 0.494 0.508 
SVR 0.481 0.450 0.431+ 0.482 0.470 0.453 
Note: + denotes rejection of the null hypothesis of the Clark and West (2007) and the McCracken 
(2007) tests. All tests are performed at 5% level of significance. The smallest MAPE for each 
forecasting horizon is denoted with an * and all MAPE values are percentages.  

As we observe from Table 4, all models outperform the RW model regardless of the 

forecasting horizon. We test for the statistical significance of all results using the 

Diebold-Mariano (1995) test. According to the test, we examine the null hypothesis of 

equal forecasting ability of each model against the RW model. We reject the null 

hypothesis for all models and in all horizons at the 5% level of significance. Since the AR 

model is a nested model of models 5 and 6 we use the Clark and West (2007) and the 

McCracken (2007) tests. These test the null hypothesis that the out-of-sample forecasting 

accuracy of the (small) AR model is higher than the (large) model with additional 

variables. The null hypothesis, according to both tests, is rejected only for model 5 
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employing the SVR methodology. This is the model that considers the actual term spread 

and not the fitted one, augmented with the control variables. Across all forecasting 

horizons, the most accurate model employs the SVR methodology. Nevertheless, the 

forecasting performance of all structural models is qualitatively similar (with differences 

observed after the 4th decimal10). Thus, the use of the actual or the fitted term spread and 

the decomposition into components does not improve the forecasting accuracy. 

Moreover, the inclusion of the control variables provides qualitatively similar results. 

This finding corroborates to the empirical results of Dewachter et al. (2012). In contrast, 

Ang et al. (2006) and Hamilton and Kim (2002) argue that the decomposition of the term 

spread provides more accurate results in describing the evolution path of the GDP growth 

than the use of the actual term spread. We do not find empirical evidence in this end.  

5.3 Point Forecasts of Inflation 

As with the GDP growth rate, we examine the ability of the decomposition of the term 

spread in forecasting inflation. The latter is measured by the growth rate of the GDP 

deflator. Faust and Wright (2011) evaluate 17 different models in forecasting various 

inflation measures. They report that especially for the GDP deflator, the model of 

Atkeson and Ohanian (2001) based on a RW (RW-AO) model outperforms most of the 

alternative methods. The RW-AO model suggests that the future inflation could be 

approximated successfully by the average rate of inflation during the last 4 

quarters	 , ∑ . Thus we include the 	 ,  as a control variable along with 

the one quarter interest rate and the CFNAI index. As with the GDP growth estimation, 

we forecast the future inflation based on different forms of the general model: 

,              (17) 

The results per model and methodology are reported in Table 211. 

  

                                                            
10 all MAPE values are percentages. 
11 In the SVR models we report only the results of the most accurate kernel. The results for all models are 
reported in the Appendix. 
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Table 2: Point inflation forecasts MAPE 
Forecasting Horizon h=4 h=8 h=12 h=16 h=20 h=40 
RW model  

 2.328 2.275 2.229 2.195 2.200 1.963 
AR model  

OLS 0.910 1.129 1.186 1.152 1.083 0.736 
SVR 0.915 1.082 1.046 1.067 1.002 0.695* 
Model 1  

OLS 1.192 1.184 1.187 1.193 1.085 0.747 
SVR 1.156 1.145 1.176 1.170 0.984 0.722 
Model 2  

OLS 1.173 1.174 1.188 1.188 1.083 0.749 
SVR 1.126 1.126 1.181 1.155 0.960 0.725 
Model 3  

OLS 1.233 1.238 1.159 1.018 0.887 0.805 
SVR 1.142 1.140 1.109 0.926 0.829 0.745 
Model 4  

OLS 1.204 1.182 1.015 0.885 0.856 0.794 
SVR 1.138 1.091 0.956 0.828* 0.803 0.771 
Model 5 3,  

OLS 0.930+ 0.992+ 0.986+ 0.889+ 0.948+ 1.068 
SVR 0.882*+ 0.846+ 0.937+ 0.838+ 0.794+ 0.700 
Model 6 3,  

OLS 0.951+ 0.958+ 0.940+ 0.887+ 0.795+ 0.718+ 
SVR 0.902+ 0.841*+ 0.859*+ 0.846+ 0.767*+ 0.708 
Note: + denotes rejection of the null hypothesis of the Clark and West (2007) and the McCracken 
(2007) tests. All tests are performed at 5% level of significance. The smallest MAPE for each 
forecasting horizon is denoted with an * and all MAPE values are percentages.  

According to the Diebold-Mariano test all models outperform the RW model at the 5% 

level of significance. The SVR methodology is more accurate than the OLS in all cases, 

but overall the difference in the forecasting performance between all models is again 

insignificant as with the GDP forecasts, since we observe differences after the 3rd 

decimal12.  As with the GDP growth forecasts, the addition of the control variables does 

not improve the forecasting accuracy of the models. The fact that the AR models do not 

outperform the structural ones is rather interesting since a large body of the existing 

literature (see among others Stock and Watson, 2008 and Rossi and Sekhposyan, 2010) 
                                                            
12 all MAPE values in Table 2 are percentages. Thus the reported 0.846% is actually 0.00846 and the 
MAPE differences are in the 3rd decimal. 
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argue that univariate AR models consistently outperform structural ones in inflation 

forecasting. Moreover, in contrast to Dewachter et al. (2012) we do not find evidence that 

the decomposition of the term spread improves the forecasting performance of the models 

over the use of the actual term spread. Of course our forecasting approach refers to out-

of-sample forecasts in contrast to Dewachter et al. (2012) and Wright (2011) who 

measure the in-sample fitting quality of the forecasting models. Thus, our empirical 

findings are more robust.  

5.4 Conditional Probability Forecasts of the Gross Domestic Product growth rate 

While point forecasts are useful in providing a specific estimate of the future evolution of 

a variable, monetary authorities are becoming more interested in coupling point forecasts 

with an explicit description of the uncertainty of the forecast. Whilst estimating 

confidence intervals of a point forecast is an evaluation of the quality of the forecast, 

forecasting the entire conditional probability distribution (or predictive density as 

reported in the literature) provides information on the likelihood of the appearance of 

economic phenomena. For instance a monetary authority is not interested only in the 

likelihood of a low output growth rate in the future, but also on the ex-ante probability 

(according to the forecasting model) for the output growth rate to be low. Thus, many 

monetary authorities publish fan charts that include the uncertainty around the forecast, 

depicting the quantiles around the mean (point) value forecast (see for example the 

relevant publications of Bank of England, Bank of Italy and those of the Fed). 

 In order to examine the uncertainty around our point forecasts we evaluate the respectful 

conditional probability density forecasts. Assuming that the vector of residuals follows a 

normal distribution for each rolling window, we construct conditional density forecasts 

where the point forecast is the mean and the error deviation is the standard deviation of 

the distribution. More formally, under the normality assumption of the error distribution 

with a given information set at time t as 	and R the length of the rolling window we 

estimate the conditional probability function (PDF) | 	of a normal 

distribution in higher conditional moments in order to obtain the conditional forecast 

PDF. We then test whether the forecasted distribution	 	 matches the actual 

unobserved distribution that generates the data  with the specification test for 
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conditional predictive densities proposed by Rossi and Sekhposyan (2014, RS hereafter). 

The RS specification test examines the null hypothesis that the empirical conditional 

predictive density is correctly specified in matching the actual data distribution. 

For each PDF 	the Probability Integral Transformation (PIT) is the Cumulative 

Density Function (CDF) evaluated at: 

	 | |                        (18) 

Following the CDF of the PDF given in equation (18), we are interested in estimating the 

probability of the out-of-sample forecasts of length P: 

Ψ ⁄ ∑                                       (19) 

given      
1 |

∈ 0,1
 

The null hypothesis could be formally stated as : | |  

where  is the information included in the true data generating process,  the 

information included in the estimation model and | |  the 

probability distribution of the null hypothesis.  We are interested in the test statistics: 

sup Ψ , ∈ 0,1                                       (20) 

    Ψ                                                         (21) 

The critical values of the test statistic  are estimated asymptotically for the 

significance level	 . In Table 3 we report the critical values of the  statistic13.  

  

                                                            
13 The results for the  statistic are quantitative similar and are available upon request. The reported 
results for the SVR models refer only to the kernel with the higher forecasting accuracy in terms of MAPE. 
All other results are available on the Appendix.  
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Table 3: Conditional Probability GDP forecasts  statistics 
Forecasting Horizon h=4 h=8 h=12 h=16 h=20 h=40 
AR model  

OLS 1.015 1.624 1.652 1.659 1.594 0.568 
SVR 1.415 2.112 2.126 1.623 1.752 0.865 
Model 1  

OLS 0.686 1.200 1.894 0.824 0.829 0.865 
SVR 0.840* 1.201 3.043 0.894 1.154 1.464 
Model 2  

OLS 0.548 1.200 2.153 0.824 0.829 0.865 
SVR 1.194 1.404 3.043 0.894 1.154 1.378 
Model 3  

OLS 1.415 1.404 1.104 0.728 0.906 1.366 
SVR 2.500 1.800 1.208 1.694 1.094 1.619 
Model 4  

OLS 1.610 1.352 1.198 1.505 0.829 0.404 
SVR 1.841 1.625 1.188 0.585 1.226 0.471 
Model 5  

OLS 0.816 0.545 0.260 3.358 0.469 1.090 
SVR 0.437 0.480 0.361 2.099 0.342 1.026 
Model 6  

OLS 0.738 0.612 0.613 2.333 0.342 0.634 
SVR 1.262 1.152 0.675 1.372 0.583 0.450 

We reject the null hypothesis of correct model specification for all models at the 5% level 

of significance. Thus, regardless of the superiority of all models over the RW model, no 

model can actually capture the true data distribution of GDP growth rate. 

Apart from the use of critical values, the test has also a graphical implementation. After 

plotting the CDF of the PITs together with the CDF of the uniform r (the 45o line) and 

the critical value lines ⁄  one can test whether the test statistic exceeds the 

critical values of the test. In Figure 9 we plot the  test statistic along with its 95% 

confidence intervals per rolling window of the misspecified Model 6 estimated with the SVR 

methodology. As we observe, the continuous (blue) line representing the empirical CDF crosses 

the dashed confidence intervals lines, rejecting the null hypothesis of proper model specification 

on the actual PDF.   
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Figure 9:  test statistic values with their 95% confidence intervals (dashed lines). The (red) 
straight 45o degrees line represents the theoretical CDF, while the (blue) curved line the empirical 
one.  

In Figure 10 we provide the fan charts of the forecasted density in order to describe the 

uncertainty around the (point) forecasts.  

 
Figure 10: Fan chart of the 40 quarter spread in forecasting the GDP growth with the SVR 
model. The colored areas represent the 10th, 20th, 30th, 40th, 50th, 60th, 70, 80th and the 90th deciles. 
The line in the center of the deciles depicts the forecasted median (point forecasts) while the 
volatile line are the actual values of the series. 
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As we observe from Figure 10 some values are outside the density forecasts, meaning 

that according to the forecasting model there is no probability for the appearance of this 

value, while other values are forecasted with various probabilities of appearance. For 

instance, the actual GDP growth rates during 2008 have a very low probability of 

appearance, while the uncertainty around forecasts during the period 1996-1999 is lower.  

5.5 Conditional Probability Forecasts of Inflation 

We access the conditional predictive densities of the forecasting models for the GDP 

deflator on a similar approach to the one used with the GDP growth forecasts. The test 

statistics for the RS test are reported in Table 4.  

Table 4: Conditional Probability of inflation forecasts-  statistics 
Forecasting Horizon h=4 h=8 h=12 h=16 h=20 h=40 
AR model  

OLS 2.410 5.803 6.417 6.893 6.858 1.164
SVR 2.410 4.570 8.754 9.352 11.597 2.813
Model 1  

OLS 9.804 9.196 6.789 9.017 14.218 3.625
SVR 7.250 7.162 5.922 6.050 9.880 2.882
Model 2  

OLS 8.997 9.196 6.979 9.017 14.218 3.625
SVR 6.336 6.693 5.967 6.942 8.737 3.243
Model 3  

OLS 11.820 11.066 11.331 8.962 3.022 3.096 
SVR 8.997 7.500 8.331 6.005 1.451 2.224 
Model 4  

OLS 13.699 14.634 7.367 5.095 1.384 2.445 
SVR 10.933 8.822 6.837 3.034 0.802 1.815 
Model 5  

OLS 7.488 13.302 4.442 4.569 1.473 1.094 
SVR 6.117 25.641 15.639 2.844 1.152 7.336 
Model 6  

OLS 4.885 9.196 5.661 4.971 0.720 0.515 
SVR 3.622 17.116 8.226 1.762 0.643 5.463 

At the 1% level of significance all models reject the null hypothesis that the forecasted 

conditional predictive densities adhere to the actual data distribution. The results are 

quantitative similar for the  statistic.  In Figure 11 we plot the 	statistic values 



 
 

23 
 

with the 95% confidence intervals per rolling window of the misspecified Model 6 estimated 

with the SVR methodology.  

 
Figure 11: Fan chart of the 40 quarter spread in forecasting the GDP growth with the SVR 
model. The colored areas represent the 10th, 20th, 30th, 40th, 50th, 60th, 70, 80th and the 90th deciles. 
The dashed line are the forecasted median (point forecasts) while the continuous line are the 
actual values of the series. 

As we observe, the test statistic crosses the confidence intervals rejecting the null 

hypothesis. For comparison reasons with the GDP forecasts, in Figure 12 we plot the fan 

chart for the same model model. The deciles of the forecasted probability density are 

wider than in the GDP forecasting model, denoting larger uncertainty around the forecast 

and larger deviations of the model’s error. According to the forecasting model, certain 

observations appear to have low probability of appearance while other values evolve 

closely to the median (point) forecast of the model.   
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Figure 12: Fan chart of the 40 quarter spread in forecasting the GDP growth with the SVR 
model. The colored areas represent the 10th, 20th, 30th, 40th, 50th, 60th, 70, 80th and the 90th deciles. 
The line in the center of the deciles depicts the forecasted median (point forecasts) while the 
volatile line are the actual values of the series. 

Overall, the evaluation of the conditional predictive densities of the forecasting models 

do not provide empirical evidence in favor of the decomposition of the term spread in 

forecasting inflation. The RS statistical test applied reveals that neither the 

decomposition, nor the term spread models capture the true underlying data distribution. 

When the entire forecasting distribution (and not only the median-point forecast) is taken 

into account we do not find empirical evidence in favor of the AR or the structural 

models. Overall, unlike the existing literature, when we evaluate out-of-sample 

conditional predictive densities the decomposition of the term spread into an expectation 

and a term premium component does not improve upon the forecasting accuracy of the 

GDP deflator regardless of the models’ structure or the forecasting horizon considered. 

5. Conclusions 
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In this paper we examine the forecasting ability of the term spread in forecasting output 

growth rate and inflation. We decompose the term spreads of Treasury bonds of different 

maturities into an expectations and a term premium component and evaluate the 

informational content of the fitted term spread and of each component in forecasting the 

GDP and the GDP deflator. We examine various forecasting horizons of 4 to 40 quarters 

ahead over the period 1971Q4-2014Q4. In doing so we consider different model 

structures with the use of control variables and the application of the linear OLS 

methodology and the nonlinear Support Vector Regression methodology in rolling 

regressions. Evaluating both point and conditional probability distribution forecasts our 

empirical findings suggest that neither the term spread nor the decomposition 

components can be used effectively as leading macroeconomic indicators in output 

growth rate and in inflation forecasting. 
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