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Abstract

The evidence in the inflation forecasting literature suggests that simple time series models are
typically hard to outperform in predicting the dynamics of the first moment, and that using
information about indicators of economic activity does not lead to out-of-sample forecasting
gains. While most of the earlier literature focused on the ability of leading indicators (via the
Phillips Curve - PC models) to forecast the central tendency of future inflation, our aim is to
examine their role in driving the changes of the complete inflation distribution. The second
moment is particularly relevant in policy-making as it can help address the question: is the
uncertainty about inflation constant over time or does it respond to the state of economy?
The recent trend in monetary policy is to view its role as that of balancing risks to price
and output stability. In this framework, the distribution of inflation is a necessary tool to
evaluate such risks in the form of probability statements. In this paper we introduce a simple
semi-parametric approach that characterizes the distribution of inflation forecasts. The
approach is structured such that the quantiles of the multi-step forecast errors of the baseline
autoregressive models are defined as functions of leading indicators of economic indicators.
To evaluate the value added of the approach, we conduct an extensive comparative study
with existing time series models under different distributional assumptions for the multi-
step forecast errors. We forecast (out-of-sample) the distribution of inflation for 3, 6 and 12
months ahead for the period 1985:1 to 2007:12 and evaluate the performance of the models
in two sub-samples (1985:1 to 1995:6 and 1995:7 to 2007:12). To evaluate the distribution
we use the tests recently proposed by Hong, Li and Zhao (2007) and Amisano and Giacomini
(2007). We consider four measures of inflation: CPI, PCE and their respective core versions.
Summarizing, we find that for some inflation measures (PCE and core PCE) conditioning
the dynamics of the predictive distribution on some of the leading indicators (in particular,
output and income gap and housing starts) provide more accurate forecasts compared to the



case of assuming that the distribution (around the conditional mean forecast) is constant.
Also, aggregating predictive densities conditional on the leading indicators provide densities
that outperform the time series forecasts at all horizons, and for all measures of inflation. This
is also a robust finding as it holds in all the sub-periods considered for forecast comparison.
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1 Introduction

Forecasting the behavior of inflation plays a central role in the conduct of monetary policy due to the

lagged impact of policy actions on economy activity. It is thus extremely important to accurately predict

the effect of the many shocks that hit the economy on the future dynamics of inflation. The standard

approach used to forecast inflation is the Phillips curve (PC) that, in its expectation-augmented version,

assumes a trade-off between unexpected inflation and unemployment, or more generally, measures of real

economic activity. However, recent evidence on the success of PC models has been far from unanimous.

Stock and Watson (1999) is an extensive study of the accuracy of PC models to (out-of-sample) forecast

the mean of inflation at the one year horizon. They consider both time series models and PC-type re-

gressions using an extensive set of macroeconomic variables. Their results suggest that PC have better

forecasting performances (compared to time series models) using the unemployment rate but also other

leading indicators of economic activity (e.g., output gap and capacity utilization). In addition, they show

that combining information or models might provide better results than simply relying on few indicators.

However, Atkenson and Ohanian (2001) show that the results of Stock and Watson are reversed when the

PC-based forecasts are compared with the näıve predictor that next year inflation will be equal to the

inflation rate in the last 12 months. The main reason for the different conclusion lies in the forecasting

period they consider: while Stock and Watson consider the (out-of-sample) forecasting period from Jan-

uary 1970 until September 1996, Atkenson and Ohanian forecast inflation for the period January 1984

to November 1999. These contrasting results indicate that the relationship predicted by the PC could

be unstable over time: unemployment (or other activity measures) might have predictive power on a

sub-period but not on a different period due to the evolving macroeconomic environment. Fisher et al.

(2002) conduct a systematic comparison of the forecasting accuracy (one-year ahead) of the näıve and

PC models in different sub-periods: January 1977 to December 1984, January 1985 to December 1992

and January 1993 to December 2000. They find that the PC forecasts outperform the näıve forecast in

the first sub-periods for most of the inflation measures that they consider, but this is not the case in

the latter periods. As suggested earlier, model instability is a possible explanation for these contrasting

results. An event that is typically suggested to have caused such regime shift is the change in monetary

policy that took place when Paul Volcker became Chairman of the Federal Reserve Board in August 1979.

The effect of the stricter monetary policy was fully incorporated into the inflation process after 1984 and

since then inflation has been low and stable (compared to the 1970s). The issue of model instability is

further considered by Clark and McCracken (2006). They show that the PC (using the output gap rather

than the unemployment rate) has significant in-sample explanatory power for some measures of inflation

and that there is modest statistical evidence that indicates parameter instability. Their results suggest

that, although model instability cannot be ruled out, the bulk of the unpredictability results can also be

explained by the low power of out-of-sample forecast comparison tests. They simulate series from a stable

PC model (at the PC estimated parameter values) and show that the distribution of the performance

comparison measure is very spread so that it makes empirically unlikely to reject a benchmark model

(in their case a simple autoregressive model) even when a (stable) PC is the true model. The issue of
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evaluating a model based on its out-of-sample performance (as opposed to its in-sample fit) has also been

questioned by Inoue and Kilian (2004). In a recent paper, Ang et al. (2006) perform an extensive (out-

of-sample) forecasting exercise considering a large set of models (time series, PC, and term structure)

and survey forecasts. They consider two forecasting periods that start in the fourth quarter of 1985 and

the fourth quarter of 1995 and both end in the forth quarter of 2002. Their results show that survey

measures of expected inflation by professional forecasters or consumers perform best compared to time

series, PC models or structural models.

The goal of the overwhelming empirical studies, including the major ones discussed above, has been to

forecast the behavior of average inflation. However, policy-makers are also concerned with the risk to

inflation stability and output growth due to macroeconomic shocks. Greenspan (2004) discusses the issue

in the following terms: “Given our inevitably incomplete knowledge about key structural aspects of an

ever-changing economy and the sometimes asymmetric costs or benefits of particular outcomes, a central

bank needs to consider not only the most likely future path for the economy, but also the distribution

of possible outcomes about that path. The decision-makers then need to reach a judgment about the

probabilities, costs, and benefits of the various possible outcomes under alternative choices for policy”

(p. 37). While the average future inflation carries relevance about the direction of the economy, policy

makers are also interested in evaluating the risks of deviations from the most likely path and the cost

for the economy of such deviation. In other words, this suggest that forecasting the distribution of in-

flation represents a very relevant tool in the conduct of monetary policy. In a recent paper, Kilian and

Manganelli (2008) propose a model in which the monetary policy-maker is considered as a risk manager

trying to balance the risks to inflation and output stability. In this framework, if the preferences of the

policy-maker are assumed to be quadratic and symmetric then the only relevant moment (of the inflation

and output distributions) is the conditional mean. However, they find empirical evidence of departure of

the FOMC preferences from such a benchmark. This characterization of the central banker preferences

provides support for considering the distribution of inflation (rather than the conditional mean) as a

primary input in monetary decision-making. Another example is provided by the the Bank of England

that reports the so-called fan charts that represent its subjective forecasts for the future distribution of

inflation. Contrary to the earlier literature that focused on forecasting average future inflation, these ele-

ments indicate that an equally relevant question is our ability to propose and evaluate models to forecast

the distribution of inflation.

There is a recent, yet growing, interest in the literature on forecasting the conditional distribution of

inflation. Cogley et al. (2005) propose a time-varying Bayesian VAR model for inflation in the United

Kingdom. The time-varying aspect of the model is that both the conditional mean and variance are

assumed to drift over time as a way to account for the potential instability of the model. They illustrate

their predictive densities by producing fan charts similarly to the Bank of England. They find that for
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horizons of up to two years the uncertainty arising from parameter estimation and the drift component

are not very relevant, although they play a more significant role in longer-horizon forecasts. An inter-

esting feature of their approach is that they consider the predictive distribution as a baseline benchmark

that can be twisted, for example, to incorporate policy-makers’ judgment or restrictions suggested by

economic theory. They follow the approach proposed by Robertson et al. (2005) that consists of imposing

restrictions on a density forecast such that the new distribution is minimally distant (in Kullback-Leibler

sense) from the original baseline distribution. Robertson et al. illustrate their method by incorporat-

ing the theoretical restrictions imposed by the Taylor rule on a VAR-based probability distribution for

the US. In a small scale forecast comparison, they show that the conditional mean forecasts from the

“distorted” probability densities outperform those from the baseline VAR model. Both the papers by

Robertson et al. and Cogley et al. suggest a practically relevant way for policy-makers to generate

density forecast for inflation (or other variables): twisting a baseline density forecast derived from an

econometric model of the economy with restrictions suggested by theory or by policy-maker judgments.

Amisano and Giacomini (2007) forecast the distribution of inflation one-month ahead using a generalized

PC based on the unemployment rate. They consider two specifications: a linear homoskedastic model and

a Markov-Switching model in which the parameters of lagged inflation and unemployment are allowed to

switch between two regimes. Their results show that the density forecasts from the nonlinear model are

overall superior to the forecasts from the linear PC specification. Corradi and Swanson (2006b) forecast

the distribution of one-month ahead inflation using AR and PC models and different assumptions for

the distribution of the forecasting error (normal and t with 5 degrees of freedom). Their results indicate

that the accuracy of the density forecasts depends on the lag selection criteria used for the lags of the

AR model. When AIC is used, the predictive density of the PC model (using the unemployment rate)

with the assumption of t distribution for the errors provide more accurate density forecasts compared

to time series forecasts. An alternative to model-based predictive distributions is to look at the density

forecasts provided by individuals or institutions. The Survey of Professional Forecasters (SPF) collects

density forecasts for GDP growth and inflation from individual (professional) forecasters. Some papers

have analyzed the SPF in order to extract measure of uncertainty of inflation forecasts. Rich and Tracy

(2003) found that the variance of consensus forecasting errors is related to measures of dispersion (or

disagreement) across individuals (rather than the variability of the individual forecasts). Reifschneider

and Tulip (2007) is another study that models the uncertainty of inflation based on FOMC participants

and institutional (e.g., CBO) forecasts.

In this paper we add a relevant dimension to the current debate on the viability of the PC approach to

forecasting inflation by addressing a more general question: are the indicators of economic activity useful

for forecasting the distribution of future inflation? Although the existing evidence suggests that these

variables do not provide much relevant information about the conditional mean of the inflation process, it

might the case that they carry useful information about higher moments of the distribution. For example,

the second moment of the distribution of inflation might respond to the state economy, as measured by

the unemployment rate or the output gap (among others). A possible approach to achieve this goal is

4



to assume a parametric form for the higher moments of the distribution, for example assuming that the

conditional variance of inflation is a linear (or nonlinear) function of the activity measures. We take a

different route and introduce a simple semi-parametric approach that relies on existing conditional mean

models. So our approach is incremental and adds no conceptual complexity. We specify the conditional

mean of inflation to follow an AR process and assume that the leading indicators of inflation are the driving

factors in explaining the dynamics of the distribution of the forecasting errors. Our assumption that the

conditional mean follows an AR process is motivated by the evidence that, at least for the post-1985

period, including macroeconomic information in the conditional mean does not deliver superior forecasts

compared to pure time series models. On the other hand, we use the economic activity indicators (e.g,

unemployment rate and output gap) as the conditioning information to model the distribution of the

forecasting error. More specifically, we model the quantiles of the forecasting error conditional on the

macroeconomic variables. The use of quantile regression allows flexibility in modeling the relationship

between inflation and the activity measures. For example, it could the case that these indicators are

more powerful predictors of future inflation in the tails of the distribution (rather than the center).

In the empirical application we consider monthly observation of four measures of inflation (CPI and

PCE and the respective core versions) and some of most typically used variables of economic activity

(unemployment rate, output gap, income gap, workers gap, term spread). In addition to the annual

forecasting horizon used in many earlier studies we also consider one and two quarter horizons. Our (out-

of-sample) forecasting period spans from January 1985 to December 2007 and we evaluate the accuracy

of the predictive densities in two subperiods (1985:1 to 1995:12 and 1996:1 to 2007:12). To evaluate the

benefit of conditioning on the leading indicators, we compare the out-of-sample predictive densities of

the semi-parametric method with some benchmark (time series) models that assume independence of

the forecasting error. The evaluation of the density forecasts are based on two recently proposed tests

by Hong et al. (2007) and Amisano and Giacomini (2007). The test by Hong et al. evaluates the

correct specification of the forecasting model both its dynamical and distributional properties. Instead,

the test by Amisano and Giacomini compares the accuracy of two different models and allows for their

misspecification. A first conclusion we can draw from our results is that the conditioning of forecasting

error distribution is useful for some variables some of the time. More specifically, we find that conditioning

on indicators of economic activity provides more accurate density forecasts (compared to pure time series

models) for PCE and core PCE but not for CPI and core CPI. When the inflation measure is PCE and

core PCE we find that the output and income gaps and housing starts provide more accurate densities

(compared to assuming that the forecasting error is i.i.d) at the 6 and 12 month horizons. In addition,

these findings are mainly due to the first sub-period considered in our evaluation (1985:1 t 1995:6), while

in the second sub-period the result are less robust. Typically, at the shortest 3 month horizon the time

series models dominate the semi-parametric density forecast with the only exception of core PCE in

the first subsample (where income gap, housing starts and the term spread are more accurate). More

predictability is found at 6 and 12 months, in particular for the PCE related inflation measures. The

inflation (and output) forecasting literature has documented that the combination of conditional mean
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forecasts typically delivers better performance compared to the best individual forecasts. Timmermann

(2006) is a recent survey of the vast literature in the field. Mitchell and Hall (2005) discuss the combination

of density forecasts and apply different weighting schemes to the density forecast of inflation by the Bank

of England and the NIESR. Their results show the combined densities do not outperform the Bank of

England density forecast, in this case indicating that combination is not always guaranteed to deliver

higher performance. We consider different combination schemes to combine the nine density forecasts

based on the different leading indicators and compare their accuracy with the time series based density

forecasts. The result are extremely encouraging: at all horizons, for both sub-periods, and for all measures

of inflation the combined predictive density significantly outperform the best semi-parametric density

based on only one indicator. Even a simple weighting scheme such as simply averaging the density

forecasts achieves extremely good performance.

The paper is organized as follows. In Section (2) we describe the semi-parametric method proposed in

this paper and the time series models that we use in the application for forecast comparison evaluation.

Section (3) discusses the test proposed by Hong et al. (2007) and Amisano and Giacomini (2007) to

evaluate and compare predictive densities. The application to forecasting the distribution of inflation

and the results are discussed in Section 4 while the results from the combination of the density forecasts

is reported in Section (5). Finally, Section (6) draw the conclusions of the paper.

2 Methods

Let Pt be the level of price index in month t. We denote monthly inflation by Yt and inflation over

h-month period by Y h
t which are defined respectively as follows,

Yt = 1200[log Pt − log Pt−1] and Y h
t = (1200/h)[log Pt − log Pt−h].

In this paper we assume that inflation Y h
t is not stationary and hence forecast the level rather than the

change of inflation. There is no consensus yet on the stationarity of Yt (see for example the recent work

by Stock and Watson, 2005, and Ang et al., 2006 for opposite views). The monthly frequency considered

in this paper is likely to provide more persistence compared to the quarterly frequency that is typically

considered in other studies. Given time series observations (Yt, Xt) with t = 1, 2, · · · , N , the goal is to

forecast inflation over the next h months, Y h
N+h. Following recent papers in inflation forecasting, we

consider three baseline specifications.

1) Autoregressive model (AR)

Y h
t+h − Yt = µ0 +

p−1∑

j=0

βj∆ Yt−j + εt+h (1)

where E[εt+h|∆Yt, · · · , ∆Yt−p+1]=0.
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2) Phillips curve model (PC)

Stock and Watson (1999) extends the above AR model by adding measures of real economic activity to

the predictor set.

Y h
t+h − Yt = µ0 +

p−1∑

j=0

βj∆ Yt−j +
q−1∑

k=0

γk Xt−k + εt+h (2)

where E[εt+h|∆Yt, · · · , ∆Yt−p+1, Xt, . . . , Xt−q+1]=0 and Xt is an indicator of real economic activity such

as unemployment rate, output gap and so on.

3) The Naive model (AO)

Y h
t+h − Y h

t = εt+h (3)

where where E[εt+h|Y h
t ]=0. This model is suggested by Atkenson and Ohanian (2001) and use it to

forecast one-year ahead inflation using quarterly data.1

When the interest is to obtain the point forecast of Y h
N+h, it is common to use the conditional mean

µN+h = E(Y h
N+h|IN ) (4)

where IN is the information set available through period N . For the AO model, µN+h=Y h
N . So, the

forecast of inflation over the next h months is equal to inflation over the previous h months. For AR and

PC models, µN+h is obtained by replacing the unknown parameters β and γ with their estimates. The

overwhelming literature on inflation forecasting have been concerned with point forecasts of this type.

Our main goal in this paper is to estimate the probability forecast of inflation over the next h months,

i.e., P (Y h
N+h ≤ y|IN ). To this end, we consider two cases. The first is what we call the unconditional

case where it is assumed that the information It that is useful for accurately estimating the probability

forecast has already been fully incorporated in the conditional mean µt+h. This implies,

P (Y h
N+h ≤ y|IN ) = P (εN+h ≤ y − µN+h) ≡ F (ε(y)) (5)

where ε(y)=y−µN+h and F (·) is the distribution of εN+h. To avoid assumption on the parametric form

of the distribution function, we estimate it via a smoothed empirical distribution as follows,

F̂ (ε(y)) = n−1
∑

t

Ψ{(ε(y)− εt+h)/b}

1For both AR and PC models above, we also consider Y h
t+h - Y h

t in the left hand side of the specifications.
In this case the AO model will be nested in both models. Based on our empirical application, doing so will not
generate much different results from the current formulation.
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where Ψ(·) is a cumulative distribution function, b is a smoothing parameter and n is the number of

usable observations. The smoothed empirical distribution has a better performance at the tails than

the un-smoothed version. To see the benefit (if any) of not specifying the distribution, we also consider

estimating F (·) via the normal distribution, i.e. F̂ (ε(y)) = Φ(ε(y)) where Φ(·) denotes the CDF of the

normal distribution.

Although a convenient simplification, the above approach of estimating the probability forecast may be

too restrictive when some higher-order features (for example, conditional variance, skewness and kurtosis)

of Y h
t+h also vary with It. It is possible that these features may help better explain the dynamics of Y h

t+h

and consequently help improve the probability forecasts. Therefore, in the second case, we allow the

conditional distribution of εt+h depend on It only through (Xt, · · · , Xt−q+1), i.e.

P (Y h
N+h ≤ y|IN ) = P (εN+h ≤ y − µN+h|XN , · · · , XN−q+1) ≡ F (ε(y)|XN , · · · , XN−q+1) (6)

where F (·|·) is the conditional distribution of εN+h. In general, the conditional distribution of εN+h could

also be easily made dependent on other variables. For example, if one thinks that there may be some

persistence in the conditional volatility such as GARCH structure, the term ε2t+h−1 may be added in the

information set. We keep the above specification simpler so that we can focus on the main purpose of

the paper. Many of the literature in point inflation forecasting has shown that measures of real economic

activity (Xt, · · · , Xt−q+1) do not carry much additional information over what is already explained by

simple time series models. But no study, we are aware of, has examined the possibility that perhaps

these macroeconomic variables may be useful in explaining the dynamics of higher-order moments. In

this case the object of interest will be examining the conditional distribution of inflation conditional on

the macroeconomic variables.

Let X̃t=(Xt, · · · , Xt−q+1). Denote the α ∈ (0, 1) conditional quantile of εN+h conditional on X̃t=X̃N by

Q(α|X̃N ). Then, we obtain

F (ε(y)|X̃N ) =
∫ 1

0

1
(

Q(α|X̃N ) ≤ ε(y)
)

dα (7)

where 1(A) is an indicator function of set A. One advantage of (7) is that even when the conditional

quantile Q(α|X̃N ) may not be monotonic in α, the conditional distribution F (ε(y)|X̃N ) stays monotonic

in ε(y). This idea is recently proposed by Chernozhukov, et al (2007) where their aim is to estimate

non-crossing quantiles.In principle, one could also compute F (ε(y)|X̃N ) directly, for example by using

non-parametric estimator of Hall et al. (1999). The problem with direct non-parametric distribution

function estimation approaches is that dimension reduction is not easy to impose to allow estimation

when the dimension of the conditioning variable is large (when q is moderately large). On the other

hand, conditional quantiles are very convenient to impose dimension reduction such as linearity or more

generally additivity. Furthermore, computationally efficient algorithms are readily available for estimation
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of conditional quantiles. In this paper we estimate Q(α|X̃t) via a linear model, i.e.

Q(α|X̃t) = δ0,α +
q∑

k=1

δk,αXt−k+1. (8)

Given observations on (X̃t, ε̂t+h), the above conditional quantile can be estimated by running a linear

quantile regression. The effect of the macroeconomic variable X̃t may be non-linear. This can be easily

entertained by extending (8) to additive models. Additive quantile models can be estimated with no

added difficulty over their linear counterpart. We think that linear quantiles are already flexible enough

to capture higher order features of the forecast errors under our set-up. Furthermore, if say a certain

economic indicator is found to be relevant to predict the distribution of inflation, the conditional linear

quantile regression approach may give better guidance where in the distribution its impact is reflected.

2.1 Models

Based on the discussion above, the empirical section of this paper will evaluate and compare the perfor-

mance of the following models in terms of their accuracy in predicting P (Y h
N+h ≤ y|IN ).

A) AR-εG: Under this model µt+h is derived from the AR model and εt+h is modeled unconditional

where F (ε(y)) = Φ(ε(y)).

B) AR-εemp: Under this model µt+h is derived from the AR model and εt+h is modeled unconditional

where F (ε(y)) is estimated with smoothed empirical distribution.

C) PC-εemp: Under this model µt+h is derived from the PC model and εt+h is modeled unconditional

where F (ε(y)) is estimated with smoothed empirical distribution.

D) AO-εemp: Under this model µt+h is derived from the AO model and εt+h is modeled unconditional

where F (ε(y)) is estimated with smoothed empirical distribution.

E) AR-ε|X: Under this model µt+h is derived from the AR model and εt+h is modeled conditional

where F (·|·) is given by (7).

The expectation is that if the macroeconomic variable plays a role in explaining the dynamics of the

CDF (in addition to what already explained by the conditional mean model), the resulting forecasting

CDF should be superior (in a sense made clear in the next section) to the predictive distributions from

unconditional models,.

3 Evaluating probability forecasts

The evaluation of the goodness of density (or distribution) forecasts is complicated by the fact that we

do not observe the realization of the forecast. When the object of interest is to forecast the conditional

mean, the forecast can be compared to the realization of the process and the forecasting error provides
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a measure of accuracy. However, when the target is to forecast the conditional density (or distribution)

there is no realization to compare the forecast with. Diebold et al. (1998) proposed an intuitive and

simple approach to test the accuracy of density forecasts based the Probability Integral Transform (PIT).

Say, we are at period N and we estimated the probability forecasts for N + h via F̂ (ε(y)|X̃N ). Then, the

PIT for this period is given by

zN = F̂ (ε(YN+h)|X̃N ).

Diebold et al. show that if the forecasting density is correctly specified the sequence, zN , is i.i.d. and

U [0, 1] distributed. The early literature approached the evaluation of deviations from the null hypothesis

by separately testing the i.i.d. property and the uniformity property of the PIT sequence. Corradi

and Swanson (2006a) is a recent survey of the recent literature on predictive density evaluation and the

different approaches that have been proposed. In this paper we consider two tests. The first was proposed

recently by Hong et al. (2007) that represents a specification test for density forecasts. The advantage of

this test is that it evaluates jointly the properties of independence and uniformity of the PIT sequence.

It can be interpreted as a test for the (dynamical or distributional) misspecification of the predictive

densities. The second test that we consider has been proposed by Amisano and Giacomini (2007). In this

case, the null hypothesis is the equal forecasting accuracy of two competing predictive density models

and the test allows for their misspecification. Rejections of the null hypothesis is able to indicate which

of the competing models provide more accurate prediction for the data considered.

3.1 Hong, Li and Zhao Test

The test proposed by Hong et al. (2007)2 aims at jointly testing the independence property of the null

hypothesis as well as the distributional part. We discuss the main features of the test and refer for details

to the paper. Let zt denote the PIT introduced above and zt−j as the j-th lag of the PIT. They propose

a test statistic to evaluate an out-of-sample forecast given by (for j = 1, · · · , q)

Q̂j =
1√
V0

[
(T − j)b

∫ 1

0

∫ 1

0

(ĝ(z1, z2)− 1)2 dz1dz2 − bA0
b

]

where: ĝ(z1, z2) denotes a kernel estimator of the joint density of zt and zt−j , T is the size of the forecasting

set, b is a bandwidth, and A0
b and V0 denote centering and scaling factors. Under the null hypothesis

that zt and zt−j are independent uniformly distributed in the interval [0,1], the quantity (ĝ(z1, z2)− 1)2

measures the distance between the estimate of the joint density and the value that is expected under

the null hypothesis. In case of deviation from null (due to either the independence component or the

uniformity part) the test statistic will be large and positive. The Qj statistic provides also information

on the lag j at which rejections of the null hypothesis occur that can be used to improve the model

specification. Hong et al. (2007) propose also a portmanteau statistic which aggregates the information

2See also Hong et al. (2004) and Hong et al. (2004) for applications to spot interest rates.
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at the different lags and provides a single test statistic to evaluate the goodness of the density forecasts.

The Wq statistic is given by

Wq =
1√
q

q∑

j=1

Qj

Both the Qj (for j = 1, · · · , q) and the Wq statistics are standard normal distributed with rejections of

the null expected to occur on the right-tail of the distribution. Hong et al. (2007) show that in small to

moderate samples, the asymptotic distribution is affected by size distortions. To overcome this problem,

they propose to simulate critical values. This is done by generating a large number of simulated U[0,1]

series, calculating the Qj and Wq to the simulated series and the critical values are provided by the

empirical distribution of the simulated test statistics. In the empirical application, we follow Hong et al.

(2007) and set the bandwidth value to b = σ̂zT
− 1

6 .

A problem with this test is that it is designed for one-step (i.e. h=1) forecasts while in our application

to inflation we use forecasting horizons of 3, 6, and 12 months. To make our h-step ahead PIT consistent

with the assumptions of the test we apply the following adjustment. We first transform the zt using the

inverse standard normal CDF (i.e. z∗t = Φ−1(zt)). Then, filter the z∗t for the MA(h-1) structure. Finally

we transform back (to uniformity) the residuals of the MA(h-1) filter. In this way, we remove the possible

correlations and are able to use the tests suggested by for multi-period distribution forecasts.

3.2 Amisano and Giacomini Test

The test proposed by Hong et al. aims at testing the absolute accuracy of the forecasting densities and

can be interpreted as a specification test for the forecasting densities. An alternative approach is proposed

by Giacomini and White (2006) and Amisano and Giacomini (2007). It is very likely that most models

we are using are, to some extent, misspecified. In this case, an “absolute” evaluation of the forecasting

density of one (or more) models would not be very informative. On the other hand, we might be willing

to use a misspecified model if it provides more appropriate density forecasts compared to another model.

In this case we are interested in the relative evaluation of out-of-sample density forecasts, rather than

their absolute accuracy. Similar tests have also been proposed by Mitchell and Hall (2005) and Bao et

al. (2007).

Denote by f̂ (u)(ε(Yt+h)|X̃t) (u = 1, 2) the density forecasts (h-step ahead) based on information available

at time t from two competing models. For a given model or method, the implied conditional density is

given by

∂

∂ε
F̂ (u)(ε(Yt+h)|X̃t) = f̂ (u)(ε(Yt+h)|X̃t).

The test statistic proposed by Amisano and Giacomini (2007) is based on so-called logarithm scoring
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rules defined as

1
T

t+T∑

j=t

log f̂ (1)(ε(Yj+h)|X̃j)) and
1
T

t+T∑

j=t

log f̂ (2)(ε(Yj+h)|X̃j)

where T denotes the number of out-of-sample h-step ahead density forecasts. The (relatively) best model

is the one that achieves highest score. It is thus clear that a test statistic that compares the accuracy of

the two models can be constructed as follows:

WLRj = w(yst
j+h)

(
log f̂ (1)(ε(Yj+h)|X̃j)− log f̂ (2)(ε(Yj+h)|X̃j)

)

for j = t, · · · , t + T . w(yst
j+h) represents a weight (which is a function of the standardized realization of

the process) which can be used to focus the comparison of the density forecasts on specific aspects of

the distributions (e.g., the center or the tails). The null hypothesis of the test is the equal accuracy of

the competing models, that is, E (WLRj) = 0 (for j = t, · · · , t + T ). The test for equal accuracy of the

density forecasts is based on the following test statistic:

tT =
WLRT

σ̂T /
√

T

where WLRT is the sample average of WLRj (for j = t, · · · , t+T ) and the variance of the test statistic is

of the HAC type to correct for heteroskedaticity and autocorrelation. The tT statistic is asymptotically

standard normal distributed. Rejections that occur for tT > 0 indicate that f (1)(·) outperforms f (2)(·)
and viceversa when tT is significantly negative. In this sense the test allows the researcher to evaluate

two competing forecast density models and choose the most accurate one. In the application that follows

we focus our attention on the unweighted test statistic, that is, we compare the predictive densities in the

complete range of the forecasting variable. See also Diks et al. (2008) for applications of the weighted

LR statistic to evaluate density forecasts.

4 Application: forecasting the distribution of inflation

We consider four different price indexes: Consumer Price Index (CPI), core CPI (which excludes food

and energy), Personal Consumption Expenditure deflator (PCE), and core PCE (PCE excluding food

and energy expenditures). The sample is composed of monthly observations for the period January 1959

until December 2007. For the Phillips curve model and the semi-parametric CDFs we also use informa-

tion on some leading macroeconomic variables typically used to forecast inflation: Unemployment Rate,

Industrial Production, Non-Agricultural Workers, Housing starts, Real Disposable Income, and the term

spread (defined as the spread of the 10-year Treasury bond over the 3-month Treasury Bill interest rate).

All the data were gathered from the Federal Reserve Bank of Saint Louis database FRED. Due to the lack

of an extensive dataset on real-time macroeconomic variables at the monthly frequency, we use revised
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data available with the January 2007 vintage. We start the pseudo-forecasting exercise in January 1985

and estimate the models using a rolling window. That is, the first forecast target is January 1985 and the

models are estimated on the window 1959:1 to 1984:12 minus the forecasting horizon h (there are also

adjustments at the beginning of the sample for the lags in the AR(p) model). The next forecast is for

February 1985 and the size of the window is kept constant by dropping one observation at the beginning

of the sample. Some of the macroeconomic variables considered in this study are non-stationary (Indus-

trial Production, Real Disposable Income, and Non-agricultural Workers). We follow the literature and

consider these variables in gap from a long-run trend. We consider two ways of detrending the data: a

deterministic Quadratic Trend (QT) and the Hodrick-Prescott filter (HP). Both are estimated only on

information available at the time the forecast is made.

Tables (1) to (12) report the results of the evaluation of the predictive densities for inflation. To summarize

the information provided in the tables:

• Models: the top of the table reports the purely time series models. AR-εG indicates the AR

model with gaussian forecasting errors, AR-εemp the same model for the conditional mean but the

EDF for the errors, and AO-εemp is the Atkenson-Ohanian random walk forecast (with EDF for

the errors). For each of the macroeconomic predictors, we report the results for three additional

models: PC-epsilonemp is a Phillips curve type model with EDF for the errors, AR-ε|X has the

conditional mean following an AR process and the forecasting error distribution estimated with

the semi-parametric method in this paper.

• Variables: UNEM indicates the unemployment rate, OUTPUT GAP indicates the gap of Indus-

trial Production from the trend, INCOME GAP is the gap of real disposable income from the

trend, WORKERS GAP the gap quantity for non-agricultural workers, HOUSING STARTS and

TERM SPREAD.

• Detrending: for gap variables denoted by QT a deterministic quadratic trend has been used,

while HP indicates that a one-sided Hodrick-Prescott filter.

• Forecast Evaluation: to make our results comparable with the earlier papers that forecast the

conditional mean of inflation, we report the Root Mean Square Prediction Error (RMSPE) for the

mean prediction of the naive and PC forecasts relatively to the RMSPE of the AR-εG model. If

the RMSPE ratio is below one, the alternative model improves the mean forecast compared to

the AR model. We also report the test statistic and simulated one-sided pvalue of the Hong et

al. test (indicated as HL in the tables) and the tT statistic of Amisano and Giacomini (that is

asymptotically standard normal distributed; indicated by AG). For the AG test we consider as

benchmarks the three time series models versus the models that use the macroeconomic variables.

If the macroeconomic variables improve the density forecast, we expect rejection for negative values

of the test statistic. For all the statistics considered we report the values for the full forecasting

period and broken down in two subperiods: 1985:1 to 1995:6 and 1995:7 to 2007:12.
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We consider three forecasting horizon: 3, 6 and 12 months. Since the annual horizon is often considered

in the literature as the most relevant from a policy perspective, we start the discussion with the results

for h = 12 and in the following section the shorter horizons.

4.1 One-year ahead density forecasts (h = 12)

Tables (1) to (4) report the results for the annual forecast horizon. As mentioned above, we predict

the density of inflation based on three time series models with different distributional assumptions for

the error term (AR-εG, AR-εemp, and AO-εemp). In discussing the performance of the semi-parametric

method (denoted by AR-ε|X) we consider it successful when it is able to outperform all the benchmark

time series models considered. Since in most cases the densities are considered misspecified by the HLZ

test statistic, we will focus our discussion around the AG test3. Despite both competing models might

be misspecified for the inflation process, we consider the semi-parametric method as successful if it is

able to provide more accurate predictions compared to all three time series density forecast models. In

this case we can reasonably argue that the conditioning on the leading indicators are actually providing

useful information about the higher order dynamics of inflation.

We first consider density forecast of CPI and PCE reported in Tables (1) and (2). A first result that

emerge clearly from the Tables is that the distribution of PCE inflation is more “predictable” compared

to CPI inflation. This statement about “predictability” should be interpreted in the following sense: we

find that many of the indicators of economic activity considered in this paper contribute to provide more

accurate density forecasts compared to time series models (that restrict the forecasting error distribution

to be independent from the indicators). For CPI inflation, conditioning the density forecasts on the

indicators does not provide higher accuracy against all of the time series models (although there are

significant improvements compared to AO-εemp). However, when considering PCE inflation the results

suggest that many variables contribute to provide more precise predictive densities. Considering the

first subsample (1985:1 to 1995:6) the output gap (using both detrending techniques), the income gap

(both QT and HP) and housing starts have AG test statistics that are significantly negative, while in the

second subsample (1995:7 to 2007:12) more accurate predictions are achieved using the output gap (with

quadratic detrending) and workers gap. This is a quite striking result if compared to the predictability in

the conditional mean measured by the relative RMSPE: in most cases, the PC mean predictions have a

ratio that is close or above 1 indicating the irrelevance of the indicators in predicting the central tendency

of the distribution. However, the results for PCE inflation show that some of these indicators matter to

explain the higher-order dynamics of the inflation distribution.

Table (1) and (2) here

3To make easier navigate the information provided in the tables, we report in bold the AG statistics for which
we reject the null hypothesis of equal accuracy versus the one-sided alternative that AR-ε|X outperform the time
series density forecasts at 5% significance level.
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Tables (3) and (4) report the results for core CPI and core PCE inflation. For core CPI the earlier result

of less “predictability” (compared to core PCE) is confirmed. Only the unemployment rate improves over

time series models and only in the earlier subsample. Interestingly, in the first sub-sample we find that the

term spread has a RMSPE ratio of 0.958 indicating that its inclusion in the PC improves the conditional

mean forecasts compared to the AR model. In addition, the density forecasts from the PC-εemp model

outperform the time series models but this is not the case for AR-ε|X. So, in this case we can conclude

that the term spread is more relevant to explain the first rather than the higher moments of the inflation

distribution. The earlier discussion of the role of model instability in explaining the contradictory results

in the literature is likely to play also a role in the more recent sample used in this paper. While the

term spread provide more accurate density forecasts in the first subsample, this is not confirmed by the

results in the second subsample. For core PCE we find that the income gap (and QT) and housing starts

are significant in providing more accurate density forecasts in the first subsample, while workers and

output gap (in both cases when using QT) in the second subsample. A result worth discussing is that

often our results indicate better forecasting performances when using a quadratic detrending compared

to Hodrick-Prescott filtering.

Table (3) and (4) here

4.2 One and two quarter ahead density forecasts (h = 3 and 6)

The results for the predictive densities at the one quarter horizon are shown in Tables (5) to (8) and

for the two quarter horizon (h = 6) in Tables (9) to (12). One result that emerge for CPI and PCE

(and both subsamples) from the one quarter ahead forecasts is that the AO model seems to represent

a robust benchmark model. In this sense the shorter forecasting horizon seems to be dominated by

random shocks rather than driven by the leading indicators (either in the mean or the higher moments).

However, some evidence of predictability is present when the core measures of inflation are considered.

For core CPI we find that the PC model with the term spread as leading indicator outperforms the density

forecasts from the time series models in the first subsample (interestingly the RMSPE ratio is close to

1, indicating no higher predictability in the mean forecast by considering the term spread). For the core

PCE measure there are more encouraging results for the semi-parametric method: it outperforms the

time series models in both subsamples using the output gap (and quadratic detrending), and in the first

susample also considering income gap, housing starts and the term spread. Contrary to the core CPI

measure, we find that in the case of core PCE the term spread matters in explaining the higher moments

of the inflation distribution rather than the mean.

Table (5) to (8) here

At the 6 months horizon, we find that CPI confirms the earlier results that is difficult to predict (both

in the mean and in distribution), contrary to the PCE measure. The variables earlier mentioned, such

as output, income and workers gap along with housing starts are significant in providing more accurate

predictive densities compared to the time series models (in the 1985:1 to 1995:6 forecasting period). Also
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at the two quarters horizons, the term spread improves the density forecasts when considered in the PC

despite a RMSPE ratio larger than 1. This is an interesting results that might indicate that predictive

density tests might be more powerful in evaluating forecasts (even conditional mean forecasts) compared

to the traditional measures based on quadratic loss functions.

Table (9) to (12) here

5 Combination of density forecasts

The literature on conditional mean forecasting has documented that combining forecasts from different

models typically achieves better performance compared to the (best) individual models. Timmermann

(2006) is an extensive survey of the empirical evidence and the motivation for combining forecasts. One

of the reasons typically used in favor of combining is that it provides more robust forecasts by averaging

the misspecification inherent in simple forecasting models. Another reason is the model instability that

was discussed earlier: while a single model might be outperforming its competitors in a certain period,

this might not guarantee that it will outperform in the future due to changes in the structure of the econ-

omy. In this case, averaging different forecasts is likely to provide superior performances over time. The

inflation forecasting literature has extensively used combination of forecasts. The recent literature such

as Stock and Watson (1999) and Ang et al. (2006) find that combining forecasts from different models

provide superior performance compared to the best individual model. In addition, simple combination

schemes such as averaging forecasts, achieves better performance than more sophisticated schemes. The

combination schemes used for the conditional mean forecasts can be extended also to the case of density

forecasts. Mitchell and Hall (2005) combine density forecasts for UK inflation from the Bank of England

and the NIESR. Pesaran and Zaffaroni (2004) is an application of model averaging for risk management.

In this paper, we consider two weighting schemes proposed in the literature: equal and relative perfor-

mance (RS) weigthing. Assume we have I density forecasts of YN+h made at time N by fi,N (YN+h) (for

i = 1, · · · , I). The simplest way to combine density forecast is to average them, in other words, using

equal weights for all the predictive densities:

fequal
N =

I∑

i=1

wifi,N (YN+h)

where wi = 1/I. In this case, the weights are assumed to be constant over time. An alternative is

to make this weights vary over time to reflect the differential performance of some of the predictive

densities compared to the rest. In the conditional mean forecasts literature, the relative performance of

the forecasts is measured by their RMSPE. In this case, we are dealing with predictive densities and we

use the following performance measure:

LRi,N = log fAR,N−h(YN )− log fi,N−h(YN )
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where fAR,N−h(YN ) represents the predictive density of the AR-εemp model and fi,N−h(YN ) indicates

the predictive density of the AR-ε|X using the i-th leading indicator (for i = 1, · · · , 9) made at time N−h

about period N . We then assume that the weights of the Relative Performance (RP) scheme are given

by:

wRP
i,N =

exp(−γ
LRi,N

∆N
)

∑I
j=1 exp(−γ

LRj,N

∆N
)

where γ (≥ 0) is a parameter and ∆N is the range of variation (across i at time N) of LRi,N (for

i = 1, · · · , I). The case of equal weights for all models is nested within the RP for γ = 0. Larger values

of γ weight more the best performing model compared to the worse performing ones (and their weight

goes to zero).

We apply these combining schemes to the predictive densities discussed above. We combine the AR-ε|X
(that conditions the forecasting error distribution to the leading indicators) for the 9 variables that we

consider in the application. Similarly to above, we evaluate the accuracy of the combined forecast density

by comparing them with the predictive densities from the time series models (AR-εG, AR-εemp, and

AO-εemp) using the AG test statistic. Significantly negative values of the test statistic indicate that the

combined forecasts are more accurate compared to the time series densities. For the Relative Performance

(RP) weighting we consider values for γ equal to 1 (the value typically used in the literature) and 10 (an

ad-hoc higher value that give higher weight to the best performing strategy). Tables (13) to (15) report

the results of the predictive density combination for forecasting horizons 3, 6, and 12. We also report,

for each measure of the inflation and for each benchmark time series models, the best univariate result

that represents the smallest value of the AG test statistic achieved by the semi-parametric method4.

The results of combining are encouraging. At the one quarter horizon (h = 3), our earlier results

indicated that the semi-parametric predictive densities were not able to improve over all time series

densities (although there were rejection against some of them) for all measures of inflation. However, the

combined density forecasts are significantly more accurate compared to all time series models. A first

result that emerges is that the simple equal weighting scheme already provide significant improvements,

while the evidence for the RP scheme is mixed. While it has slightly worse performance in the second

subsample (compared to equal weighting), in some cases it provides more accurate forecasting densities.

For PCE and the core measures of inflation using a γ = 10 (higher weight to the best performing predictive

densities) improves over using γ = 1 or equal weighting. In particular, in the case of PCE and in the

first subsample the combined density forecast is more accurate (compared to the time series models) only

for γ = 10. The benefit of combination is also clear when considering h = 6 and h = 12. Combining

the semi-parametric predictive densities using the leading indicators are significant for every measure of

inflation and in both subsample. Instead, our earlier results indicated predictability for some measures

4We report the AG test statistic for the leading indicator that achieved the smallest value. It can be the
case that the economic variable that leads to the smallest value of the benchmark model AR-εG can be different
compared to the variable that leads to rejection for AR-εemp.
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of inflation and limited to one of the subperiods5.

Table (13) and (15) here

6 Conclusion

The literature on forecasting inflation has mainly focused on predicting the mean of inflation using time

series and Phillips curve (PC) models. The findings indicate that using real economic indicators (such

as unemployment or the output gap) improve the out-of-sample forecasting performance during the late

1970s and the first half of the 1980s, but PC based forecasts do not improve compared to time series

models after 1985. In this paper we examine whether indicators of economic activity carry relevant

information about the dynamics of moments (beyond the conditional mean) of inflation, and hence help

improve the accuracy of the distribution of inflation. We forecast (out-of-sample) the distribution of

inflation for 3, 6 and 12 months ahead for the period 1985:1 to 2007:12 and evaluate the performance

of the various models in two sub-samples (1985:1 to 1995:6 and 1995:7 to 2007:12). To evaluate the

distribution we use the tests recently proposed by Hong, Li and Zhao (2007) and Amisano and Giacomini

(2007). We consider four measures of inflation: CPI, PCE and their respective core versions. We find that

for some inflation measures (PCE and core PCE) conditioning the dynamics of the predictive distribution

on some of these leading indicators (in particular, output and income gap and housing starts) provide

more accurate forecasts compared to the case of assuming that the distribution (around the conditional

mean forecast) is constant. However, our out-of-sample analysis does not answer the question of where

the dynamics actually occurs, whether it is time-variation in the second, third or even fourth moment.

But, it may be reasonable to assume that most of the action takes place in the conditional variance but

this statement needs to be substantiated with further evidence. Also, aggregating predictive densities

conditional on the leading indicators provide densities that outperform the time series forecasts at all

horizons, and for all measures of inflation.

5For example, consider PCE for h=6. In the first subsample we find significant improvements when using the
output gap, income and workers gap (with quadratic detrending) and housing starts. However, in the second
subsample none of the semi-parametric densities were superior to the time series models. This result is reversed
when we combine these densities: the combined predictive density of PCE (for h = 6) indicate strong rejection of
the time series models in both sub-periods.
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Table 1: Consumer Price Index (CPI), h = 12

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG 38.698 0.000 17.070 0.000

AR-εemp 21.824 0.000 2.321 2.769 0.051 -1.297

AO-εemp 1.002 8.691 0.001 2.924 2.615 0.990 1.180 0.188 1.974 2.447

UNEM PC-εemp 0.997 15.566 0.000 3.596 3.358 -1.769 1.067 3.518 0.026 2.099 2.392 -0.447

AR-ε|X 29.693 0.000 1.905 0.491 -2.367 -0.880 0.681 2.141 2.075 -1.076

OUTPUT PC-εemp 1.023 13.669 0.000 3.832 3.210 -0.537 1.217 3.810 0.020 0.958 1.503 -1.739

GAP (QT) AR-ε|X 8.211 0.001 -0.350 -1.825 -2.948 2.789 0.050 -3.339 -2.239 -3.160

OUTPUT PC-εemp 0.968 11.683 0.000 4.620 4.410 0.667 1.238 8.671 0.001 1.982 2.307 0.633

GAP (HP) AR-ε|X 12.867 0.000 -0.279 -3.028 -2.915 1.296 0.174 -2.116 -1.508 -2.944

INCOME PC-εemp 1.472 24.515 0.000 1.797 1.423 -0.725 0.995 5.636 0.005 2.530 2.837 -1.049

GAP (QT) AR-ε|X 14.350 0.000 1.823 1.104 -1.948 6.714 0.003 -0.938 1.726 -2.325

INCOME PC-εemp 1.301 13.915 0.000 1.793 1.449 -0.777 1.027 11.726 0.000 2.930 3.144 -0.088

GAP (HP) AR-ε|X 14.963 0.000 0.842 0.305 -2.411 4.441 0.013 0.925 1.372 -1.754

WORKERS PC-εemp 0.973 12.523 0.000 4.139 3.333 -2.164 1.097 3.384 0.030 0.189 1.155 -2.489

GAP (QT) AR-ε|X 16.456 0.000 1.016 -0.357 -2.605 11.342 0.000 -1.177 -0.560 -2.346

WORKERS PC-εemp 0.939 14.104 0.000 1.097 1.658 -1.634 1.132 2.769 0.089 1.098 1.658 -1.643

GAP (HP) AR-ε|X 19.682 0.000 -1.392 -0.712 -2.447 7.117 0.001 -1.392 -0.712 -2.400

HOUSING PC-εemp 1.099 44.148 0.000 1.390 0.927 -1.343 1.005 -4.302 1.000 4.433 4.181 0.550

STARTS AR-ε|X 18.118 0.000 -0.545 -1.374 -2.812 -1.313 0.799 0.549 1.383 -1.768

TERM PC-εemp 1.070 18.965 0.000 3.663 -0.310 -2.653 1.000 3.018 0.040 -1.157 0.176 -2.391

SPREAD AR-ε|X 10.707 0.000 2.147 1.514 -1.867 -0.812 0.664 -0.847 -0.230 -2.234

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 2: Personal Consumption Expenditure (PCE), h = 12

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG 8.196 0.001 -4.195 1.000

AR-εemp 5.246 0.007 -4.335 -4.237 1.000 -2.806

AO-εemp 1.061 19.777 0.000 4.110 4.888 1.062 -3.504 0.998 1.016 1.470

UNEM PC-εemp 0.998 6.531 0.003 -1.265 3.602 -3.932 1.041 -3.739 0.998 3.409 3.777 -0.104

AR-ε|X 10.924 0.000 -4.560 0.714 -4.896 -1.574 0.853 -2.476 -0.843 -1.649

OUTPUT PC-εemp 1.048 3.175 0.035 2.202 3.879 -3.244 1.224 -2.255 0.952 -0.532 0.499 -1.536

GAP (QT) AR-ε|X 3.398 0.029 -3.971 -2.991 -5.489 -3.284 0.996 -2.967 -2.228 -2.563

OUTPUT PC-εemp 0.997 6.701 0.003 5.870 7.120 -1.724 1.221 -1.895 0.909 1.404 1.829 0.461

GAP (HP) AR-ε|X 4.685 0.010 -4.033 -2.888 -5.188 -2.134 0.940 -2.467 -1.450 -1.917

INCOME PC-εemp 1.639 6.209 0.004 1.383 2.072 -1.772 0.967 5.907 0.005 -0.078 1.814 -1.003

GAP (QT) AR-ε|X 4.742 0.010 -4.015 -3.062 -5.467 -6.157 1.000 -2.057 0.611 -1.291

INCOME PC-εemp 1.447 3.759 0.021 1.862 2.517 -1.569 0.986 8.544 0.001 1.693 2.262 0.017

GAP (HP) AR-ε|X 4.881 0.009 -4.074 -2.262 -5.273 -5.963 1.000 -1.321 1.726 -1.211

WORKERS PC-εemp 0.976 1.514 0.146 -3.612 3.531 -4.375 1.176 -4.037 1.000 -2.488 -0.828 -1.906

GAP (QT) AR-ε|X 6.038 0.004 -4.221 -0.925 -5.055 -2.460 0.968 -2.785 -1.847 -2.101

WORKERS PC-εemp 0.949 1.081 0.203 -0.486 4.746 -3.821 1.181 -3.545 0.998 -0.590 0.845 -1.482

GAP (HP) AR-ε|X 5.993 0.004 -4.036 -0.716 -4.953 -1.223 0.774 -2.900 -1.824 -1.964

HOUSING PC-εemp 1.013 6.135 0.004 0.335 2.783 -3.478 0.932 -0.425 0.549 3.187 3.356 0.513

STARTS AR-ε|X 5.685 0.005 -4.400 -3.258 -5.019 -4.170 1.000 -2.299 1.525 -1.385

TERM PC-εemp 1.057 8.587 0.001 -4.709 1.018 -4.984 1.010 -5.641 1.000 -2.806 -0.033 -1.473

SPREAD AR-ε|X 5.161 0.008 1.094 2.884 -3.889 -4.609 1.000 -1.394 0.532 -1.391

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 3: Core Consumer Price Index (CPI less Food and Energy), h = 12

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG 2.429 0.069 2.957 0.042

AR-εemp 9.876 0.000 -1.183 1.789 0.114 0.046

AO-εemp 1.307 -1.993 0.924 5.950 6.026 1.084 -2.243 0.952 3.977 3.921

UNEM PC-εemp 0.945 1.498 0.147 3.186 3.352 -3.678 1.496 -2.269 0.953 4.524 4.434 -0.583

AR-ε|X 23.934 0.000 -2.248 -1.904 -6.795 0.849 0.239 3.910 3.539 -1.156

OUTPUT PC-εemp 1.922 0.537 0.304 3.854 4.132 -1.067 1.683 8.051 0.952 -0.042 -0.047 -2.839

GAP (QT) AR-ε|X 8.538 0.001 -1.955 -1.605 -8.150 4.103 0.016 -1.587 -1.618 -4.016

OUTPUT PC-εemp 1.772 -2.357 0.960 -1.183 5.925 -0.036 1.938 1.038 0.208 0.046 1.427 -1.236

GAP (HP) AR-ε|X 7.956 0.001 -1.392 -0.955 -7.702 0.659 0.278 0.071 0.060 -3.514

INCOME PC-εemp 2.731 1.768 0.116 1.950 2.149 -2.002 1.031 -1.099 0.745 2.603 2.029 -3.475

GAP (QT) AR-ε|X 15.327 0.000 0.550 0.804 -3.929 -0.347 0.550 1.403 1.197 -3.644

INCOME PC-εemp 2.301 -0.091 0.458 1.116 1.304 -2.724 1.174 0.390 0.335 3.260 2.913 -2.449

GAP (HP) AR-ε|X 10.567 0.000 0.184 0.434 -4.162 -1.231 0.777 1.962 1.634 -3.218

WORKERS PC-εemp 1.239 4.379 0.013 3.760 4.348 -2.950 1.518 4.115 0.016 0.257 0.258 -2.794

GAP (QT) AR-ε|X 11.094 0.000 -1.861 -1.523 -8.202 2.392 0.071 -1.630 -1.901 -3.934

WORKERS PC-εemp 1.217 1.571 0.138 4.911 5.281 -2.069 1.687 7.409 0.001 1.049 1.059 -2.144

GAP (HP) AR-ε|X 14.214 0.000 -1.986 -1.555 -7.853 0.617 0.287 -1.632 -1.936 -3.941

HOUSING PC-εemp 1.400 11.053 0.000 0.970 1.199 -3.390 1.105 2.267 0.079 5.948 5.829 1.828

STARTS AR-ε|X 12.819 0.000 -0.640 -0.357 -5.238 1.332 0.169 2.209 2.278 -1.266

TERM PC-εemp 0.958 6.996 0.002 -3.355 -2.938 -6.854 0.985 -4.094 1.000 0.973 1.141 -3.445

SPREAD AR-ε|X 8.517 0.001 4.259 4.245 -2.356 2.047 0.093 0.674 0.678 -3.968

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 4: Core Personal Consumption Expenditure (PCE less Food and Energy), h = 12

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG 3.546 0.025 4.832 0.009

AR-εemp 5.339 0.007 -3.494 4.089 0.016 -1.792

AO-εemp 1.164 2.379 0.072 6.434 6.932 0.930 0.398 0.334 2.812 2.858

UNEM PC-εemp 0.994 0.762 0.257 1.657 3.134 -3.880 1.255 4.417 0.013 5.626 5.414 2.444

AR-ε|X 2.084 0.090 -3.274 0.937 -6.665 0.568 0.297 2.105 2.560 -1.690

OUTPUT PC-εemp 1.322 1.588 0.137 2.969 4.110 -3.850 1.476 7.492 0.001 -0.489 -0.231 -2.962

GAP (QT) AR-ε|X 3.885 0.019 -3.682 -0.716 -6.839 2.273 0.079 -2.799 -2.558 -4.593

OUTPUT PC-εemp 1.242 2.877 0.045 4.452 5.352 -0.738 1.517 6.171 0.004 0.917 1.052 -1.447

GAP (HP) AR-ε|X 7.176 0.001 -3.244 -0.662 -6.826 3.563 0.025 -1.653 -1.264 3.284

INCOME PC-εemp 1.902 -1.633 0.864 0.773 1.689 -3.388 0.968 24.360 0.000 -0.913 -0.466 -2.934

GAP (QT) AR-ε|X 1.095 0.200 -6.033 -2.584 -7.672 7.610 0.001 -0.369 0.324 -2.388

INCOME PC-εemp 1.691 1.483 0.149 0.831 1.803 -3.380 1.009 28.916 0.000 0.525 0.886 -2.464

GAP (HP) AR-ε|X 3.867 0.019 -3.254 -1.328 -7.969 9.910 0.000 -0.518 -0.022 -2.590

WORKERS PC-εemp 1.081 2.582 0.059 2.920 4.276 -3.881 1.634 8.228 0.001 -0.266 -0.034 -2.737

GAP (QT) AR-ε|X 8.687 0.001 -3.780 -1.235 -7.052 5.062 0.008 -2.459 -2.076 -4.230

WORKERS PC-εemp 1.061 0.904 0.232 3.938 4.630 -2.390 1.599 16.369 0.000 0.723 0.864 -1.685

GAP (HP) AR-ε|X 4.955 0.009 -3.555 -0.478 -6.965 3.117 0.037 -1.821 -1.217 -3.500

HOUSING PC-εemp 0.982 16.411 0.000 -3.174 -0.337 -7.216 0.854 -0.550 0.585 2.565 2.785 -0.512

STARTS AR-ε|X 4.945 0.009 -4.207 -2.423 -8.022 1.617 0.132 1.195 1.525 -1.637

TERM PC-εemp 0.987 -1.374 0.813 -5.009 -1.281 -7.365 0.979 3.106 0.037 0.600 1.260 -2.425

SPREAD AR-ε|X 5.060 0.008 -2.764 1.385 -6.281 4.303 0.013 -1.201 -0.686 -2.814

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 5: Consumer Price Index (CPI), h = 3

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG 15.048 0.000 0.876 0.236

AR-εemp 7.580 0.001 -2.545 -1.157 0.757 -1.747

AO-εemp 1.009 12.459 0.000 -1.721 -0.895 1.014 6.019 0.004 -2.964 -2.495

UNEM PC-εemp 0.982 10.219 0.000 -1.206 0.735 1.383 1.010 -1.140 0.754 1.067 2.549 3.356

AR-ε|X 13.524 0.000 -3.100 -2.090 0.038 0.915 0.231 -0.538 0.184 2.432

OUTPUT PC-εemp 1.039 16.665 0.000 2.286 2.813 2.708 1.050 0.887 0.234 0.149 0.782 2.446

GAP (QT) AR-ε|X 7.477 0.001 -2.851 -2.071 -0.087 1.048 0.206 -2.855 -2.734 -0.072

OUTPUT PC-εemp 1.007 10.225 0.000 0.995 1.722 2.268 1.044 -0.134 0.470 0.608 1.188 2.791

GAP (HP) AR-ε|X 6.398 0.002 -3.181 -2.498 -0.364 0.377 0.338 -1.975 -1.510 1.060

INCOME PC-εemp 1.161 12.582 0.000 0.932 1.480 1.888 1.003 -2.121 0.938 -0.594 0.644 2.660

GAP (QT) AR-ε|X 10.305 0.000 -0.676 0.962 1.417 -1.481 0.835 -1.443 -0.655 2.099

INCOME PC-εemp 1.116 8.656 0.000 0.314 0.920 1.412 1.008 -0.455 0.559 0.934 2.303 3.211

GAP (HP) AR-ε|X 9.496 0.000 -1.767 0.059 0.960 -1.313 0.799 -0.136 0.725 2.896

WORKERS PC-εemp 0.992 9.407 0.000 -1.403 0.523 1.272 1.034 -0.889 0.684 -1.530 -0.607 2.110

GAP (QT) AR-ε|X 6.615 0.003 -3.424 -2.688 -0.364 -0.271 0.507 -2.743 -2.194 0.424

WORKERS PC-εemp 0.981 9.980 0.000 -1.581 -0.011 0.970 1.028 -0.581 0.757 -1.928 -0.976 2.029

GAP (HP) AR-ε|X 8.208 0.001 -3.562 -2.857 -0.290 0.135 0.135 -2.546 -1.877 1.198

HOUSING PC-εemp 1.035 12.943 0.000 0.299 1.272 1.431 0.995 -2.418 0.965 0.731 2.070 3.079

STARTS AR-ε|X 9.728 0.000 1.475 2.451 2.162 -0.552 0.586 -2.512 -2.174 0.999

TERM PC-εemp 0.993 11.124 0.000 -4.234 -3.406 -1.133 1.006 -0.037 0.440 -2.483 -1.676 1.913

SPREAD AR-ε|X 6.463 0.003 1.620 3.245 2.336 -2.708 0.984 -2.247 -1.316 1.607

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 6: Personal Consumption Expenditure (PCE), h = 3

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG RMSPE 6.107 0.004 -0.323 0.518

AR-εemp 6.779 0.003 -3.262 -0.236 0.497 0.620

AO-εemp 0.981 10.879 0.000 -0.370 0.826 0.998 1.269 0.177 -2.729 -2.854

UNEM PC-εemp 0.988 0.843 0.241 -0.809 1.443 -0.132 1.001 0.623 0.285 2.878 2.308 3.848

AR-ε|X 6.134 0.004 0.091 2.404 0.389 -1.085 0.740 2.603 2.150 3.832

OUTPUT PC-εemp 1.017 6.416 0.003 0.657 2.503 0.812 1.034 0.548 0.301 1.222 1.024 3.052

GAP (QT) AR-ε|X 1.837 0.110 -1.849 1.144 -0.413 0.045 0.418 -1.126 -1.253 1.492

OUTPUT PC-εemp 0.994 3.868 0.019 1.484 3.159 1.469 1.026 -0.960 0.705 1.795 1.575 3.443

GAP (HP) AR-ε|X 1.553 0.141 -2.582 1.219 -0.560 -0.584 0.596 0.601 0.462 2.693

INCOME PC-εemp 1.180 2.981 0.041 1.015 1.736 1.175 0.999 -1.147 0.755 0.122 -0.116 3.084

GAP (QT) AR-ε|X 6.222 0.004 -2.250 1.233 -0.420 -0.358 0.528 0.795 0.535 2.896

INCOME PC-εemp 1.134 0.069 0.413 0.798 1.573 0.978 0.998 0.514 0.309 2.745 2.259 3.849

GAP (HP) AR-ε|X 4.971 0.009 -1.817 1.134 -0.332 -0.612 0.605 1.796 1.439 3.427

WORKERS PC-εemp 0.995 2.368 0.073 -0.522 1.778 0.100 1.024 -1.232 0.777 1.309 1.093 3.054

GAP (QT) AR-ε|X 1.987 0.098 -3.044 0.458 -0.783 0.390 0.335 -1.601 -1.701 0.856

WORKERS PC-εemp 0.987 1.800 0.113 -0.485 1.694 0.105 1.018 -0.792 0.657 2.117 1.766 3.221

GAP (HP) AR-ε|X 2.440 0.068 -3.141 0.167 -0.807 -0.549 0.586 -0.710 -0.786 1.423

HOUSING PC-εemp 0.995 3.666 0.003 -0.820 1.314 -0.055 0.984 -2.009 0.926 1.749 1.643 3.497

STARTS AR-ε|X 7.153 0.001 -2.098 0.607 -0.551 -0.203 0.488 -0.665 -1.051 2.574

TERM PC-εemp 0.997 5.141 0.008 -3.211 -2.065 -1.362 1.003 -0.183 0.484 1.118 1.033 2.804

SPREAD AR-ε|X 1.902 0.104 -0.070 3.398 0.323 -0.871 0.679 0.118 -0.095 2.324

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 7: Core Consumer Price Index (CPI less food and energy), h = 3

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG 1.966 0.099 -1.944 0.917

AR-εemp 1.080 0.203 -4.920 -1.683 0.875 -1.506

AO-εemp 0.869 1.735 0.118 1.831 4.063 0.893 -0.083 0.456 -1.523 -0.505

UNEM PC-εemp 0.988 0.731 0.268 -2.127 3.408 -2.367 1.176 -0.077 0.454 5.230 4.472 4.892

AR-ε|X 7.097 0.002 -1.473 1.368 -1.997 -0.825 0.666 5.616 6.131 6.232

OUTPUT PC-εemp 1.280 2.030 0.094 3.557 5.849 1.806 1.273 4.218 0.014 -1.874 -0.950 -0.231

GAP (QT) AR-ε|X 0.011 0.429 -0.823 3.829 -1.718 0.837 0.243 -2.570 -1.687 -0.850

OUTPUT PC-εemp 1.162 0.577 0.294 4.976 7.214 2.832 1.317 5.230 0.007 0.035 1.026 1.164

GAP (HP) AR-ε|X -0.106 0.462 -2.408 2.256 -2.601 -0.086 0.457 0.029 0.932 1.129

INCOME PC-εemp 1.176 -0.878 0.680 -0.572 2.387 -1.562 0.998 -0.712 0.631 -1.508 0.512 0.630

GAP (QT) AR-ε|X 0.595 0.292 1.405 2.971 0.564 -1.441 0.826 0.157 1.430 1.390

INCOME PC-εemp 1.211 -0.426 0.549 -1.385 1.781 -2.158 1.021 -2.929 0.990 -0.022 2.146 1.477

GAP (HP) AR-ε|X -1.283 0.789 -1.360 0.938 -2.106 -0.888 0.683 -0.213 1.015 1.141

WORKERS PC-εemp 1.078 2.072 0.090 0.787 4.674 -0.744 1.218 1.511 0.146 -1.831 -0.976 -0.194

GAP (QT) AR-ε|X 0.611 0.288 -4.506 -0.279 -4.031 -0.782 0.655 -2.358 -1.982 -0.545

WORKERS PC-εemp 1.034 5.417 0.006 1.335 4.921 -0.392 1.212 2.249 0.079 -1.458 -0.266 0.253

GAP (HP) AR-ε|X -0.186 0.485 -4.227 2.216 -3.685 -1.005 0.717 -2.189 -1.806 -0.273

HOUSING PC-εemp 1.051 0.230 0.373 -3.710 0.520 -3.515 1.041 -0.360 0.529 4.039 4.184 4.104

STARTS AR-ε|X 3.307 0.032 -2.219 0.457 -2.699 -0.004 0.432 2.724 3.583 3.376

TERM PC-εemp 1.090 1.343 0.166 -6.732 -4.106 -6.111 1.021 -1.246 0.78 -0.902 1.136 1.115

SPREAD AR-ε|X 0.374 0.339 -4.021 -0.089 -4.014 -0.774 0.65 -0.721 0.861 1.135

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 8: Core Personal Consumption Expenditure (PCE less Food and Energy), h = 3

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG -1.953 0.919 7.288 0.001

AR-εemp -1.588 0.856 -1.485 7.383 0.001 2.135

AO-εemp 0.899 5.832 0.005 2.291 2.851 0.845 -0.717 0.633 0.679 -0.728

UNEM PC-εemp 0.999 -2.465 0.007 2.615 3.232 0.752 1.021 5.238 0.007 6.933 6.178 5.915

AR-ε|X -2.411 0.965 0.982 1.715 -0.730 5.398 0.006 6.058 5.329 5.313

OUTPUT PC-εemp 1.041 1.132 0.195 3.536 4.000 0.680 1.067 5.813 0.005 1.434 0.535 0.906

GAP (QT) AR-ε|X -1.308 0.798 -2.869 -2.677 -3.659 4.470 0.012 -1.690 -2.020 -1.750

OUTPUT PC-εemp 1.009 1.197 0.186 3.336 3.752 1.459 1.071 6.983 0.002 2.604 1.902 2.175

GAP (HP) AR-ε|X -1.539 0.845 -0.137 0.419 -1.623 3.569 0.025 0.565 0.064 0.309

INCOME PC-εemp 1.116 -1.174 0.762 0.794 1.237 -1.223 0.994 9.825 0.000 2.062 0.590 0.992

GAP (QT) AR-ε|X -1.569 0.852 -3.648 -3.557 -4.185 5.937 0.004 -0.423 -1.486 -0.817

INCOME PC-εemp 1.094 -3.064 0.994 -0.247 0.282 -1.765 0.995 8.245 0.001 3.136 1.676 1.832

GAP (HP) AR-ε|X -1.415 0.820 -2.902 -2.365 -4.292 3.821 0.020 2.038 1.170 1.326

WORKERS PC-εemp 1.008 0.162 0.389 3.504 4.032 0.933 1.075 6.705 0.003 1.179 0.309 0.687

GAP (QT) AR-ε|X -1.384 0.814 0.487 1.219 -1.246 7.330 0.001 -1.071 -1.501 -1.292

WORKERS PC-εemp 0.992 -0.182 0.483 3.286 3.764 1.235 1.060 6.184 0.004 1.836 1.081 1.402

GAP (HP) AR-ε|X -0.780 0.655 0.196 0.951 -1.446 6.230 0.004 -0.179 -0.832 -0.534

HOUSING PC-εemp 0.988 -0.858 0.675 0.767 1.588 -2.044 0.957 4.156 0.015 4.185 3.492 3.347

STARTS AR-ε|X -1.598 0.857 -2.922 -3.064 -3.291 3.038 0.039 -1.540 -2.256 -1.800

TERM PC-εemp 1.006 -1.033 0.724 -1.382 -0.642 -3.207 0.986 3.937 0.019 3.209 2.233 2.187

SPREAD AR-ε|X -0.609 0.604 -3.299 -4.901 -3.821 5.672 0.005 1.223 0.320 0.692

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 9: Consumer Price Index (CPI), h = 6

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG 24.666 0.000 5.482 0.006

AR-εemp 13.822 0.000 -4.575 2.845 0.046 -1.575

AO-εemp 0.985 12.293 0.000 0.743 2.395 0.945 9.235 0.000 -1.764 -1.035

UNEM PC-εemp 0.970 24.970 0.000 -1.414 4.069 -1.204 1.033 2.530 0.062 1.857 2.005 3.009

AR-ε|X 32.380 0.000 -2.818 1.398 -1.686 6.279 0.004 0.140 1.050 1.820

OUTPUT PC-εemp 1.050 8.990 0.000 1.549 4.617 -0.114 1.132 3.282 0.032 0.970 1.723 2.730

GAP (QT) AR-ε|X 12.791 0.000 -3.009 0.683 -1.948 2.305 0.076 -3.235 -2.273 -0.998

OUTPUT PC-εemp 1.005 7.988 0.001 3.278 4.985 1.058 1.122 2.653 0.046 1.501 1.842 3.040

GAP (HP) AR-ε|X 15.455 0.000 -4.273 -1.410 -2.785 3.888 0.019 -2.302 -1.508 -0.144

INCOME PC-εemp 1.299 5.065 0.008 -0.673 1.146 -1.049 1.007 7.221 0.001 -1.481 -0.163 1.070

GAP (QT) AR-ε|X 13.371 0.000 -4.009 -1.400 -2.715 7.222 0.001 -1.707 -0.617 0.854

INCOME PC-εemp 1.200 0.844 0.241 -0.891 0.897 -1.233 1.019 10.870 0.000 0.097 1.774 2.140

GAP (HP) AR-ε|X 11.345 0.000 -3.482 -0.101 -2.429 3.938 0.019 -1.790 -0.780 0.711

WORKERS PC-εemp 0.983 30.778 0.000 -2.290 3.987 -1.547 1.089 4.959 0.009 0.150 1.646 1.960

GAP (QT) AR-ε|X 17.349 0.000 -4.229 -1.074 -2.651 2.813 0.048 -3.531 -2.642 -1.102

WORKERS PC-εemp 0.964 19.916 0.000 -1.431 4.575 -1.270 1.077 3.479 0.027 0.468 1.430 2.198

GAP (HP) AR-ε|X 15.067 0.000 -3.531 -0.057 -2.469 4.865 0.009 -2.866 -2.231 -0.357

HOUSING PC-εemp 1.065 13.331 0.000 -1.965 1.119 -1.492 0.998 0.041 0.419 2.074 2.606 2.570

STARTS AR-ε|X 7.093 0.002 -3.749 -0.271 -2.070 4.151 0.015 0.856 1.789 1.803

TERM PC-εemp 0.988 22.611 0.000 -4.532 -0.149 -2.387 1.009 2.006 0.096 -1.081 1.327 1.343

SPREAD AR-ε|X 12.593 0.000 2.656 4.493 1.254 4.807 0.009 -0.286 0.873 1.301

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 10: Personal Consumption Expenditure (PCE), h = 6

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG 2.858 0.045 -0.997 0.716

AR-εemp -0.630 0.610 -1.635 -2.205 0.948 -1.172

AO-εemp 0.934 4.536 0.012 2.468 2.690 0.899 -0.937 0.698 -0.914 -0.622

UNEM PC-εemp 0.980 1.563 0.139 2.084 3.223 -1.229 1.001 -1.130 0.752 3.074 3.352 3.035

AR-ε|X 0.610 0.288 -0.929 0.164 -2.559 -2.714 0.984 -2.759 -2.152 -0.653

OUTPUT PC-εemp 1.024 4.120 0.016 3.463 4.211 -0.409 1.076 -3.751 0.998 0.824 1.400 1.211

GAP (QT) AR-ε|X -2.181 0.945 -2.145 -2.089 -2.806 -1.306 0.797 -2.630 -2.618 -1.353

OUTPUT PC-εemp 0.989 2.450 0.067 4.587 5.440 0.384 1.060 -2.293 0.955 1.608 2.091 1.717

GAP (HP) AR-ε|X -1.464 0.831 -2.860 -2.745 -3.073 -2.096 0.936 -2.375 -2.324 -0.922

INCOME PC-εemp 1.343 -0.578 0.594 1.508 1.663 -0.358 0.996 0.343 0.347 0.338 0.794 1.054

GAP (QT) AR-ε|X 5.386 0.006 -2.128 -1.732 -2.933 -2.262 0.952 -1.301 -0.778 0.387

INCOME PC-εemp 1.248 -0.795 0.658 1.081 1.246 -0.730 0.999 1.647 0.130 2.006 2.393 2.042

GAP (HP) AR-ε|X -0.819 0.665 -2.077 -1.461 -2.941 -4.039 1.000 -0.246 0.424 0.751

WORKERS PC-εemp 0.988 1.847 0.109 2.202 3.276 -1.490 1.062 -2.308 0.957 0.106 1.502 0.893

GAP (QT) AR-ε|X -0.688 0.626 -2.511 -2.880 -2.893 -1.299 0.795 -2.466 -2.404 -1.065

WORKERS PC-εemp 0.974 1.569 0.138 2.562 3.542 -1.092 1.046 -2.618 0.979 0.283 1.452 0.941

GAP (HP) AR-ε|X -0.515 0.576 -2.313 -1.204 -2.900 -3.231 0.996 -2.943 -2.466 -0.881

HOUSING PC-εemp 1.000 3.560 0.025 -1.887 -1.469 -2.884 0.955 -2.133 0.940 2.396 2.423 3.087

STARTS AR-ε|X 0.150 0.392 -2.855 -2.841 -3.192 -1.379 0.814 0.154 0.740 1.080

TERM PC-εemp 1.003 0.388 0.336 -1.753 -1.034 -2.722 1.001 -1.019 0.721 0.050 0.792 0.915

SPREAD AR-ε|X -2.169 0.944 2.628 2.904 -1.277 -2.545 0.974 0.456 0.653 1.011

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 11: Core Consumer Price Index (CPI less food and energy), h = 6

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG 4.964 0.009 -1.263 0.784

AR-εemp 3.155 0.035 -2.269 0.652 0.280 -1.191

AO-εemp 1.228 -0.291 0.511 4.972 4.942 1.043 -1.865 0.905 1.463 1.677

UNEM PC-εemp 1.004 4.118 0.016 1.852 2.901 -3.031 1.345 -2.062 0.933 5.716 5.011 2.833

AR-ε|X 9.214 0.000 -3.487 -2.749 -5.550 2.119 0.086 4.937 4.848 2.341

OUTPUT PC-εemp 1.723 4.302 0.013 4.466 5.458 0.070 1.473 13.652 0.000 -0.953 -0.609 -1.931

GAP (QT) AR-ε|X 4.141 0.015 2.443 4.081 -2.689 5.148 0.008 -2.010 -1.627 -2.956

OUTPUT PC-εemp 1.529 4.910 0.009 5.870 6.789 1.144 1.600 13.428 0.000 1.039 1.323 -0.060

GAP (HP) AR-ε|X 1.421 0.156 -0.914 0.096 -4.026 4.006 0.018 -0.726 -0.252 -1.959

INCOME PC-εemp 1.929 0.520 0.307 1.865 2.467 -1.346 1.000 -0.353 0.528 -0.295 0.774 -1.491

GAP (QT) AR-ε|X 3.350 0.030 1.252 1.825 -1.882 1.228 0.182 -0.117 0.525 -1.416

INCOME PC-εemp 1.722 1.385 0.161 1.018 1.620 -2.294 1.062 -3.648 0.999 1.854 2.245 -0.532

GAP (HP) AR-ε|X 1.854 0.109 -0.453 0.115 -3.634 -0.536 0.582 -0.115 0.459 -1.429

WORKERS PC-εemp 1.237 2.931 0.043 4.739 6.112 -0.943 1.394 11.888 0.000 -0.674 -0.201 -1.645

GAP (QT) AR-ε|X 2.001 0.096 -0.699 1.183 -4.402 2.020 0.095 -2.010 -1.427 -2.821

WORKERS PC-εemp 1.173 1.917 0.103 5.271 6.356 -0.280 1.425 5.563 0.006 0.806 1.123 -0.550

GAP (HP) AR-ε|X 3.383 0.030 -1.009 1.781 -4.521 1.273 0.177 -2.172 -1.481 -2.865

HOUSING PC-εemp 1.248 8.058 0.001 0.718 1.342 -2.638 1.107 0.062 0.415 6.464 6.383 3.219

STARTS AR-ε|X 8.891 0.000 -1.332 -0.854 -4.233 -3.264 0.996 3.526 4.111 1.436

TERM PC-εemp 1.120 2.242 0.079 -3.684 -2.983 -5.918 1.014 -0.648 0.615 -0.122 0.641 -1.590

SPREAD AR-ε|X 5.137 0.008 2.431 2.753 -2.118 -1.607 0.859 -0.681 -0.369 -1.898

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 12: Core Personal Consumption Expenditure (PCE less food and energy), h = 6

Variable Method 1985:1-1995:6 1995:6-2007:12

RMSPE HLZ AG RMSPE HL AG

ratio stat pvalue AR-εG AR-εemp AO-εemp ratio stat pvalue AR-εG AR-εemp AO-εemp

AR-εG -0.041 0.442 -0.112 0.464

AR-εemp -3.207 0.996 -4.373 2.163 0.085 -1.272

AO-εemp 0.882 6.558 0.003 5.284 6.575 0.857 -2.364 0.961 -0.894 -0.550

UNEM PC-εemp 0.998 -2.213 0.949 1.250 3.851 -3.094 1.085 3.627 0.024 6.078 5.954 5.850

AR-ε|X -1.045 0.727 -1.788 2.227 -5.192 2.270 0.079 5.399 5.800 2.804

OUTPUT PC-εemp 1.098 -1.516 0.842 2.348 4.885 -3.320 1.166 6.177 0.004 0.164 0.591 0.973

GAP (QT) AR-ε|X -3.028 0.993 -3.598 2.137 -5.702 4.034 0.017 -2.787 -1.764 -0.535

OUTPUT PC-εemp 1.049 -4.010 1.000 3.301 5.008 -1.283 1.185 4.698 0.010 1.930 2.004 2.500

GAP (HP) AR-ε|X -2.284 0.955 -1.656 3.319 -5.015 4.108 0.016 -1.077 -0.407 0.251

INCOME PC-εemp 1.292 -0.039 0.441 -1.332 1.847 -4.564 0.992 9.290 0.000 0.288 1.244 0.860

GAP (QT) AR-ε|X -2.695 0.983 -4.682 -0.817 -6.323 1.717 0.119 -1.627 -0.873 0.262

INCOME PC-εemp 1.243 -0.159 0.477 -1.048 2.170 -4.191 1.003 5.693 0.005 2.683 2.723 1.579

GAP (HP) AR-ε|X -1.014 0.719 -4.170 -0.495 -6.208 4.920 0.009 -0.332 0.588 0.667

WORKERS PC-εemp 1.026 -2.861 0.989 2.145 4.596 -2.905 1.213 4.686 0.010 0.013 0.365 0.809

GAP (QT) AR-ε|X -1.991 0.924 -3.722 1.832 -5.967 3.713 0.021 -1.851 -1.263 -0.392

WORKERS PC-εemp 1.002 -0.442 0.554 2.533 4.605 -2.360 1.184 3.509 0.026 0.673 0.934 1.277

GAP (HP) AR-ε|X -2.940 0.990 -3.242 2.598 -5.380 1.922 0.102 -1.210 -0.688 0.044

HOUSING PC-εemp 0.986 4.800 0.009 -3.992 1.355 -5.666 0.924 1.875 0.106 2.762 3.761 2.068

STARTS AR-ε|X -1.194 0.767 -4.397 -1.518 -6.358 0.859 0.239 -3.318 -3.367 -0.771

TERM PC-εemp 1.000 -4.116 1.000 -2.752 1.019 -5.826 0.979 3.005 0.040 2.638 3.351 1.574

SPREAD AR-ε|X -3.328 0.997 -3.697 0.641 -6.582 6.296 0.003 -0.913 -0.168 0.511

Method: AR-εG = AR model with gaussian errors, AR-εemp = AR model with forecasting errors modeled with the
smoothed EDF, AO-εemp = Atkenson-Ohanian random walk model and EDF error distribution, PC-εemp = Phillips curve
model with smoothed EDF, AR-ε|X = AR conditional mean and semi-parametric error distribution conditional on the
leading indicator. RMSPE Ratio indicates the ratio of the RMSPE (of AO and PC) to the RMSPE of the AR model.
Predictive density tests: HLZ = Hong-Li-Zhao test (with simulated one-sided p-values), AG = Amisano-Giacomini
test with benchmark model (under the null hypothesis) being the AR-εG, AR-εemp, and PC-εemp. In bold are indicated the
rejections against the hypothesis that the alternative method improves over the benchmark at the 5% significance level.
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Table 13: Density Forecast Combination, h = 3

1985:1 to 1995:6 1997:6 to 2007:12

Inflation Method AG AG

AR-εG AR-εemp AO-εemp AR-εG AR-εemp AO-εemp

CPI Best univariate -3.424 -2.857 -0.364 -2.855 -2.734 -0.072

equal weight -3.036 -2.839 -2.188 -5.244 -4.148 -3.399

RP, γ = 1 -3.086 -2.901 -2.207 -5.267 -4.169 -3.407

RP, γ = 10 -3.083 -2.561 -1.991 -5.062 -3.885 -3.027

PCE Best univariate -3.141 0.167 -0.807 -1.601 -1.701 0.856

equal weight -3.123 -1.171 -2.550 -3.914 -3.598 -3.098

RP, γ = 1 -3.236 -1.361 -2.594 -3.913 -3.593 -3.077

RP, γ = 10 -3.637 -1.773 -2.591 -3.518 -3.163 -2.624

Core CPI Best univariate -4.506 -0.279 -4.031 -2.570 -1.982 -0.850

equal weight -5.446 -3.198 -5.968 -2.444 -2.412 -3.065

RP, γ = 1 -5.536 -3.424 -6.049 -2.619 -2.656 -3.189

RP, γ = 10 -5.609 -3.621 -6.213 -2.531 -2.614 -3.074

Core PCE Best univariate -3.648 -4.901 -4.292 -1.690 -2.256 -1.800

equal weight -3.752 -3.734 -3.146 -2.770 -3.450 -3.643

RP, γ = 1 -3.937 -3.913 -3.213 -2.838 -3.535 -3.697

RP, γ = 10 -4.269 -4.242 -3.369 -2.034 -2.802 -3.046

Best Univariate shows the best results achieved for AR-ε|X density forecasts based on the results reported
in Tables 5 to (8). The value reported represents the best (across the different indicators considered) for
each of the benchmark models (AR-εG, AR-εemp, and AO-εemp). Combination schemes: equal weight
given the same weight to the 9 density forecasts, ...
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Table 14: Density Forecast Combination, h = 6

1985:1 to 1995:6 1997:6 to 2007:12

Inflation Method AG AG

AR-εG AR-εemp AO-εemp AR-εG AR-εemp AO-εemp

CPI Best univariate -4.273 -1.410 -2.785 -3.531 -2.642 -1.102

equal weight -3.225 -3.392 -4.109 -3.963 -3.899 -3.487

RP, γ = 1 -3.247 -3.432 -4.140 -3.990 -3.935 -3.518

RP, γ = 10 -3.152 -3.078 -4.038 -3.872 -3.835 -3.252

PCE Best univariate -2.860 -2.880 -3.192 -2.943 -2.618 -1.353

equal weight -4.063 -4.174 -3.767 -3.725 -3.876 -2.719

RP, γ = 1 -4.098 -4.225 -3.758 -3.767 -3.925 -2.745

RP, γ = 10 -3.976 -4.339 -3.438 -3.869 -4.014 -2.738

Core CPI Best univariate -3.487 -2.749 -5.550 -2.172 -1.627 -2.956

equal weight -4.169 -4.108 -6.404 -3.211 -2.146 -4.640

RP, γ = 1 -4.368 -4.298 -6.455 -3.319 -2.346 -4.685

RP, γ = 10 -4.740 -4.584 -6.329 -2.886 -1.740 -4.138

Core PCE Best univariate -4.682 -1.518 -6.358 -3.318 -3.367 -0.771

equal weight -4.999 -2.111 -4.543 -3.211 -3.332 -2.258

RP, γ = 1 -5.054 -2.274 -4.591 -3.281 -3.391 -2.292

RP, γ = 10 -5.209 -2.732 -4.743 -3.361 -3.426 -2.205

Best Univariate shows the best results achieved for AR-ε|X density forecasts based on the results reported
in Tables 9 to (12). The value reported represents the best (across the different indicators considered)
for each of the benchmark models (AR-εG, AR-εemp, and AO-εemp). Combination schemes: equal weight
given the same weight to the 9 density forecasts, ...
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Table 15: Density Forecast Combination, h = 12

1985:1 to 1995:6 1997:6 to 2007:12

Inflation Method AG AG

AR-εG AR-εemp AO-εemp AR-εG AR-εemp AO-εemp

CPI Best univariate -1.392 -3.028 -2.948 -2.116 -2.239 -3.160

equal weight -2.907 -3.038 -5.600 -2.719 -2.707 -3.713

RP, γ = 1 -2.939 -3.065 -5.595 -2.732 -2.720 -3.716

RP, γ = 10 -2.754 -2.808 -5.587 -2.648 -2.624 -3.608

PCE Best univariate -4.560 -3.258 -5.489 -2.967 -2.228 -2.563

equal weight -3.662 -3.476 -7.475 -4.068 -2.816 -3.535

RP, γ= 1 -3.658 -3.495 -7.427 -4.055 -2.821 -3.546

RP, γ = 10 -3.404 -3.037 -6.799 -3.771 -2.405 -3.479

Core CPI Best univariate -2.225 -1.904 -8.202 -1.632 -1.936 -3.968

equal weight -2.264 -2.652 -6.878 -1.665 -1.764 -3.716

RP, γ = 1 -2.318 -2.701 -6.863 -1.737 -1.851 -3.728

RP, γ = 10 -2.408 -2.795 -6.822 -1.498 -1.617 -3.581

Core PCE Best univariate -6.033 -2.584 -8.022 -2.799 -2.588 -4.593

equal weight -8.637 -5.849 -8.810 -2.667 -2.426 -5.845

RP, γ = 1 -8.573 -5.769 -8.743 -2.718 -2.477 -5.896

RP, γ = 10 -8.416 -5.307 -8.414 -2.600 -2.367 -5.709

Best Univariate shows the best results achieved for AR-ε|X density forecasts based on the results reported
in Tables 1 to (4). The value reported represents the best (across the different indicators considered) for
each of the benchmark models (AR-εG, AR-εemp, and AO-εemp). Combination schemes: equal weight
given the same weight to the 9 density forecasts, ...
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