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Abstract

We explore the use of univariate low-frequency filters in macroeconomic forecasting. This
amounts to targeting only specific fluctuations of the time series of interest. We show through
simulations that such approach is warranted and, using US data, we confirm empirically that
consistent gains in forecast accuracy can be obtained in comparison with a variety of other
methods. There is an inherent arbitrariness in the choice of the cut-off defining low and high
frequencies, but we show that some patterns characterize the implied optimal (for forecasting)
degree of smoothing of the key macroeconomic indicators we analyze. For most variables the
optimal choice amounts to disregarding fluctuations well below the standard business cycle cut-
off of 32 quarters while generally increasing with the forecast horizon; for inflation and variables
related to housing this cut-off lies around 32 quarters for all horizons, which is below the optimal

level for federal spending.
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1 Introduction

This paper considers univariate low-frequency filters applied to macroeconomic forecasting. The idea
is to project, or target, only low frequencies of the time series of interest onto past observations, or
using a low-pass filter applicable in real-time. This may be more efficient than targeting the original
series, which contains (mostly) unpredictable high-frequency components, specially at long horizons.
This approach follows the principle of decoupling model/parameter estimation from forecasting or,
more generally, signal extraction. This means that forecasts are not computed as the model implied
“optimal” forecasts (under correct specification and true parameter values) but, instead, they are
the solution to a general signal extraction problem that imposes little or no parametric structure to
the moments of the data (see Wildi 2008 for an exhaustive analysis of this distinction). Here we
additionally reduce the problem of forecasting into one of predicting a smooth (or filtered) version of
the time series of interest, see Altissimo et al. (2010) for a similar approach.

We perform a simple Monte Carlo simulation to show that even when the parameters of a very
parsimonious autoregression (AR) are efficiently estimated, the forecasts produced by the typical
AR forecast function are often outperformed by a low-frequency projection (filter) using the same
information. Further, we show that using this method produces interesting and consistent forecast
accuracy gains in practice, even when compared to methods that explore information from a large
panel of predictors. We conduct a pseudo out-of-sample forecasting exercise focusing on 13 key
US macroeconomic indicators (all of them forecasted in the Philadelphia Survey of Professional
Forecasters, SPF).

A crucial choice when using this method is the cut-off defining low and high frequencies. The
optimal cut-off may vary across series and forecast horizons but we show that clear patterns charac-
terize groups of time series in terms of the implied optimal degree of smoothing. Further, the results
are robust to relevant deviations from this optimal degree of smoothing. For most variables the opti-
mal choice amounts to disregarding fluctuations well below the standard business cycle cut-off of 32
quarters while generally increasing (slowly) with the forecast horizon; for the two inflation measures
and variables related to housing this cut-off lies around 32 quarters for all horizons. This is below
the optimal level for federal spending, which lies around 44-48 quarters.

The outline of the paper is as follows: in section 2 we make clear how the low-frequency projections



are constructed. Section 3 presents some Monte Carlo results. Section 4 presents a pseudo out-of-
sample forecasting exercise, comparing low-frequency projections with a host of alternatives. Section

5 concludes.

2 Real-Time Low-frequency Filtering

Suppose we are interested in forecasting v, assumed weakly stationary, h periods ahead. Our

approach amounts simply to predicting a smooth version of y;,p, or yth}f = B(L)yirn, where

B(L) = > B;L’ is just a low-pass filter eliminating fluctuations with period below a specified

j=—o0

cut-off period. The weights of B(L) are well-known and given by:
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We then regard predictions of y{jf}z” as forecasts of v,y itself. Clearly, if the power of the series

Low will also be an accurate forecast

is concentrated at low frequencies, an accurate prediction of y
of yyyn. Now, on the one hand, if more (high) frequencies are excluded (i.e., the cut-off period or
smoothness of the target increase) we will be giving up on more of the variance of y,,,. On the
other hand, focusing on predictions of yth}f may lead to a superior forecast performance if the high
frequencies of y; convey little information about ;.. We need however to decide on the cut-off period
defining low and high frequencies whereas the optimal (for forecasting) implied degree of smoothness
may vary with the forecast horizon and with the characteristics of y;. We will deal explicitly with
this issue within a simulation exercise and in the analysis of the forecast performance of the low-
frequency projections, showing that there are interesting patterns characterizing the optimal degree
of smoothing across the macroeconomic indicators under analysis.

In practice we want to predict y£5% given the finite sample Y7 = {y;}{_,. y#% can be predicted

by @\%Oﬁl, a weighted sum of observations of Yr:

p
U = a0+ Y Blyr (1)
=0



To obtain §79% we choose the weights {B\f }i=o...p and g that solve the following problem:
Min  Bl(yrSh — 9r%5)°] (2)

where the information set is implicitly restricted by p, the number of past observations considered.
We use the solution to problem (2) discussed in Wildi (1998) and Christiano and Fitzgerald (2003) for
stationary {y;}.! The weights of the filter are obtained by simply solving a linear system. The solution
depends only on the second moments (or spectrum) of y;, which we estimate non-parametrically, and

on the weights of the “ideal” filter B(L). Define B = (ay, Eg, Eﬁfl, ..., B?)'. The linear system solved

to recover the solution B is the following;:
V=QB (3)

where @ is a (p+2) X (p+2) matrix that depends only on the second moments of y; and V' is a vector
of dimension p + 2 that depends also on the second moments of y; but also on the weights of the
infinite sample filter (B(L)). The exact expressions for V and @ are a straightforward specialization
of the ones in Christiano and Fitzgerald (2003) or in Valle e Azevedo (2011) for {y;} following a finite
moving-average process.

In this paper we will always set p = 50 — h (larger values of p and no dependence on h lead
to negligible differences in the predictions). We estimate the needed autocovariance function (or
spectrum) of y, based on a standard non-parametric estimator of the spectrum, given by:

M(T)

5,0) = 5-(3(0) + Y A(WAR)(E + %)
k=1

'We should note that it would be feasible to use an OLS-type projection to forecast y%f’ﬁl and hence yp4p,. First,

one would obtain an in-sample accurate measure of yF°", obtained with the Baxter and King (1999) filter (yL°v =
m
> Bjyi—; ) and then regress y~°% on past observations of y;. More specifically, one could always approximate y£°v
j=—m
up to 7' — m, project this onto y; dated T'— m — h and earlier (h is the forecast horizon) and then use at time T the
estimated projection coefficients to forecast y%i“fb If m is small, few observations of the dependent variable are lost
in the beginning and end of the sample. However, in our analysis a large m is needed because potentially very low
frequencies are to be kept, which requires more observation of y; being averaged out. In any case we have tried this
simpler approach but results were poor. Our conjecture is that an OLS type projection resembling a direct solution
to problem (2) requires a potentially large number of lags of y; (for instance, we will use p = 50 — h lags in the filter)

which leads to overfitting and poor out-of-sample behavior.



k
M(T)+1
sample autocovariance of y; at lag k& and the truncation point M (7T') < T is a function of the sample

where k(k,T) = (1 — ) denotes the Bartlett lag window, 7(k), &k = 0,1,..., M(T) is the
size T. M(T) is typically required to grow slower than T to guarantee consistency of §y(w). For
all empirical purposes we set in this estimator M = 30 (in the range 20 < M < 40 results are very

similar).

3 Monte Carlo Results

We consider time series {y;} generated by the simple AR process of order 1, y; = 0 + py;—1 + &4,
where g, ~ N(0,02) is an i.i.d. sequence and yo = 0. We set § = 0 but will not assume the mean
of the process is known. o2 is set to one and p € {0.5,0.8,0.95}.2 This exercise is certainly far from
complete within the finite sample world but it provides, we believe, relevant insights.

We generate 5000 sequences {y;} 1" for 1 < h < 12 and T = 100 or 200. We look at forecasts
generated by the AR forecast function, §ripr = gzh: P71+ phyr, where 0 and p are obtained by

j=1

OLS within the sample {y;}~_,. These are compared with low-pass filter forecasts based on the same
information, @%ﬂm say, for cut-off periods ranging from 2 (or no-smoothing) through to 84 periods.
For the sake of consistency the settings of the filter are exactly those employed in the empirical
exercise: p = 50 — h and M = 30. We thus avoid trying to optimize over p or M the Monte Carlo
performance of the filter. We then compute, across simulations, forecast errors and the root mean
squared forecast error (RMSFE) for the two methods. Table 1 presents the RMSFE of the low-pass
filter forecasts relative to that obtained with the simple AR model. Values below 1 indicate that, in
a mean squared error sense, low-pass filter forecasts outperform AR forecasts.

An immediate conclusion is that low-pass filter forecasts generally require, for better results, more
smoothing (larger cut-off period) the larger is the forecast horizon. Still, various cut-off periods lead
to similar results when p = 0.5 and h > 1 or when p = 0.8 and h > 2. Quite interestingly, when

h is large and T" = 100, low-pass filter forecasts often outperform the AR forecast when p = 0.8

and specially when p = 0.95. As expected, this advantage decreases with a larger (7" = 200) sample

2This is only for reasons of parsimony. We have considered a much finer grid for p. The results for p < 0.5 are
quantitatively and qualitatively similar to those obtained with p = 0.5. Further, the performance of the low-pass filter
changes quite “continuously” from p = 0.5 through to p = 0.8 and from p = 0.8 through to p = 0.95 and above,
according to the patterns described below with only p € {0.5,0.8,0.95}.



Table 1

Simulation Results. Relative (to AR model) RMSFE of low-pass filter forecasts by cut-off

period and forecast horizon.

p=20.5

Cut-off
2
4
6
8

12
18
24
32
48
60
72
84

T=100 Forecast Horizon T=200 Forecast Horizon

1 2 4 6 8 10 12 1 2 4 6 8 10 12
1.06 1.06 1.02 1.00 0.99 1.03 0.99 1.04 104 1.04 1.03 1.00 1.00 1.00
1.06 1.07 1.03 1.01 1.00 1.02 0.98 1.05 1.05 1.03 1.03 1.01 1.00 1.01
1.04 1.05 1.03 1.01 1.00 1.03 0.98 1.02 1.04 1.05 1.04 1.00 1.00 1.00
1.06 1.01 1.01 1.02 099 1.01 0.99 1.05 1.02 1.03 1.02 1.03 1.01 1.00
1.12 1.04 1.01 1.00 1.01 1.03 0.99 1.10 1.03 1.03 1.04 1.02 0.99 0.99
1.16 1.04 1.04 1.03 0.99 1.00 0.99 1.15 1.08 1.04 1.02 1.00 1.01 1.01
1.15 1.04 1.02 1.04 1.01 1.00 0.99 1.20 1.09 1.02 1.02 1.01 1.02 1.02
1.19 1.05 1.03 1.05 1.02 1.02 0.98 1.23 1.10 1.03 1.02 1.00 1.01 1.01
1.23 1.04 1.01 1.03 1.01 1.01 0.98 1.27 109 1.04 1.00 1.00 0.99 0.98
124 104 1.02 1.02 1.01 1.00 0.97 1.28 1.08 1.03 1.01 1.01 0.99 0.98
1.24 1.03 1.03 1.02 1.01 1.00 0.97 1.29 1.08 1.03 1.01 1.01 1.00 0.98
1.24 1.03 1.02 1.01 1.00 1.00 0.97 1.29 1.07 1.02 1.01 1.01 1.00 0.99
T=100 Forecast Horizon T=200 Forecast Horizon

1 2 4 6 8 10 12 1 2 4 6 8 10 12
1.09 1.08 1.03 1.03 1.00 0.99 0.96 1.04 1.05 1.02 1.03 1.02 1.00 0.98
1.07 1.07 1.03 1.02 1.01 0.99 0.96 1.02 1.04 1.03 1.03 1.02 1.00 0.98
1.05 1.03 1.05 1.02 1.00 0.99 0.95 1.06 1.04 1.03 1.02 1.02 1.00 0.98
1.11 1.01 1.02 1.03 1.00 0.98 0.95 1.09 1.02 1.02 1.03 1.02 0.99 0.98
1.24 1.01 1.00 1.02 1.02 0.98 0.97 1.21 1.03 1.01 1.03 1.04 1.00 0.98
1.48 1.09 098 0.99 1.00 0.99 0.97 1.38 1.06 0.99 1.01 1.00 1.00 1.00
1.67 1.21 1.00 0.98 095 0.98 0.98 1.59 1.14 1.00 0.99 098 0.98 0.99
1.81 1.28 1.04 1.00 097 0.97 0.96 1.82 1.23 1.01 1.01 1.01 0.99 0.98
2.06 1.38 1.07 1.01 1.01 0.98 0.96 2.16 1.34 1.04 1.00 0.99 0.99 0.97
220 1.43 1.09 1.01 1.01 0.98 0.96 2.34 1.41 1.07 0.99 0.99 0.99 0.97
228 1.46 1.10 1.02 1.02 0.98 0.96 2.48 1.47 1.09 1.00 1.00 0.99 0.98
2.34 1.47 111 1.02 1.01 0.98 0.96 2.58 1.51 1.11 1.00 1.00 0.99 0.98
T=100 Forecast Horizon T=200 Forecast Horizon

1 2 4 6 8 10 12 1 2 4 6 8 10 12
1.33 1.25 1.14 1.09 1.03 1.03 0.93 1.08 1.11 1.17 1.17 117 1.14 1.09
1.18 1.24 1.14 1.09 1.03 1.03 0.93 1.05 1.11 1.16 1.17 1.16 1.14 1.09
1.19 1.17 1.16 1.09 1.02 1.04 0.92 1.05 1.08 1.18 1.16 1.16 1.14 1.09
1.21 1.13 1.15 1.11 1.03 1.02 0.94 1.06 1.06 1.17 1.19 1.16 1.12 1.09
1.39 1.15 1.08 1.08 1.06 1.05 0.92 1.16 1.09 1.12 1.17 1.19 1.16 1.10
1.70 1.28 1.06 1.04 1.01 1.03 0.94 1.45 116 1.10 1.12 1.15 1.14 1.11
1.93 1.39 1.08 1.03 0.99 1.01 0.93 1.66 124 1.12 1.09 1.11 1.11 1.09
2.24 153 1.08 0.99 095 0.97 0.90 2.10 1.43 1.16 1.10 1.09 1.08 1.06
292 1.85 1.17 098 091 091 0.84 2.84 1.75 130 1.14 1.08 1.05 1.02
3.49 214 127 1.00 090 0.90 0.82 3.33 1.96 1.37 1.17 1.08 1.04 0.99
401 240 136 1.05 092 091 0.81 3.82 218 1.46 121 1.10 1.05 0.99
443 261 1.44 1.10 094 092 0.82 426 237 155 126 1.14 1.07 0.99

Note: Ratios below 1 are highlighted in grey



size, although the distance between low-pass filter and AR forecasts is still negligible for p = 0.5 and
p = 0.8 when h > 4. On the contrary, the performance of the low-pass filter deteriorates significantly
over the AR when p = 0.95 and h < 12.

Overall, the results suggest that the low-pass filter can be useful, given small samples, to forecast
persistent AR(1) series at long horizons. Further, for mild to low persistence the advantages or costs
of using the filter are small. Finally, we should point out that it would be easy to present a Monte
Carlo exercise more favorable to the univariate filter, e.g., by considering a less parsimonious AR
process, choice of lag length by the AIC or BIC criteria or some sort of misspecification (e.g., a
“small” moving average component). The results presented follow from a favorable scenario to the

AR forecasts.?

4 Empirical Forecast results

4.1 Data and Pseudo out-of-sample design

We analyze 13 US macroeconomic indicators, whose forecasts are comparable with the quarterly fore-
casts disclosed by the Philadelphia Survey of Professional Forecasters (SPF). Specifically, we forecast
the following series: Nominal GNP/GDP, Real GNP/GDP, Real Personal Consumption Expendi-
tures, Price Index for GNP /GDP, Consumer Price Index, Real Gross Private Domestic Investment -
Residential, Real Gross Private Domestic Investment - Nonresidential, Real Government Consump-
tion and Gross Investment - State and Local, Real Government Consumption and Gross Investment
- Federal, Housing Starts, Industrial Production Index, Unemployment Rate and 3-Month Treasury
Bill Rate. We use the June 2011 vintage of these series available from the real-time data set of the
Federal Reserve Bank of Philadelphia. The data spans 1959 January/Q1 through to 2010 Decem-
ber/Q4. To be consistent with SPF forecasts all monthly indicators are first aggregated quarterly
as 3 month averages. Also, we apply log differences to all the series except for the unemployment
rate and the 3-month treasury bill rate, to which we apply first differences in the levels. All relevant

information about the indicators can be found in the data appendix. Besides the variables to be

30n the other hand, we are surely aware that the literature has produced finite sample corrections or combination
methods that lead to forecasts more accurate than the estimated AR forecast function, see, e.g., Clements and Hendry
(1998) and Kim (2003.)



forecasted, our dataset includes a panel of monthly predictors (aggregated quarterly as 3 month av-
erages) which will be used in some multivariate methods, including methods that reduce information
through factor analysis. A complete description of the panel can also be found in the data appendix.

Notice that we use for estimation and computation of forecast errors the June 2011 vintage of
data, which can be subject to revisions and differs in general from the first publication. But except
for this issue, our pseudo out-of-sample design simulates a real-time situation to produce forecasts
with all models and methods while guaranteeing no advantage in terms of timing over SPF forecasts.
More precisely, in order to forecast y,,, at quarter ¢ the information set available for each method for
estimation and construction of forecasts contains data referring only to quarter ¢ and earlier, including
data that only becomes available around the middle of quarter ¢ + 1 (e.g., national accounts data)
but before SPF panelists submit what we denote as h quarters ahead forecasts of y; (i.e., forecasts
of yi1n). To be clear, SPF participants report forecasts for what we denote as quarter ¢ + h |
h =1,2,3,4 in the middle of quarter ¢ + 1. This means that, especially in the case of forecasts of
CPI inflation or 3 month T-bill rates, there is an informational advantage of the survey participants
relative to the other methods in our pseudo-out-of-sample exercise.’® In any case, this informational
advantage is only a concern for very short horizons.

Finally, for methods other than the SPF we report results for horizons (in quarters) h = 1,2,4,6,8
and 12. The estimation sample starts always at 1959Q1 whereas the evaluation sample starts at
1984Q1, coinciding with the start of the Great Moderation (see e.g., Giannone, Lenza and Reichlin
2008 and McConnel and Perez-Quiros 2000) and ends at 2010Q4.5

4This also means that publication lags are taken into account. Thereafter, and depending on the forecasting model,
we transform the data, extract factors, estimate coefficients and/or compute filter weights with only the observations
in this information set.

5E.g., to forecast quarterly CPI inflation for 2012Q2 in the middle of 2012Q1, SPF panelists know the CPI figures
until January 2012 and other information (such as oil prices) until mid-February. Now, we denote this forecast as a two
quarter ahead forecast (i.e., h = 2) but compare it to forecasts (obtained with the other methods) constructed with
information referring only to the end of December of 2011 and before while sometimes only available by mid-February.
In the case of series released with national accounts, and because of release delays, the latest figures of these series
known by SPF panelists coincide approximately with those contained in the information sets we build for each method
(with the additional difference that we use in all methods the June 2011 vintage of data). E.g., the initial release of
real output growth in mid-February of 2012 refers to the fourth quarter of 2011 and it is contained in the information
sets we build for the forecast moment “2011:Q4”. Still, SPF panelists surely make use of other information released
until the middle of the quarter whereas we use only information referring to the previous quarter and before.

6We will later remark that we have repeated the analysis under various settings, including estimation with only
post 1984 data and/or forecast evaluation over various sub-samples. These exercises do not change the main message
of the paper and are available upon request. We omit them for reasons of parsimony.



4.2 Forecasting models and methods

Here we describe the forecasting models and methods against which we compare the simple univariate
low-pass filter based forecasts. These range from simple univariate models to more sophisticated

multivariate designs, including pooling-based forecasts. The competing methods follow:

- Low-pass filter (LPF)
We use as forecast of ;45 the estimated solution to problem (2), @\ff}flt =y + ioé? yi—j. We
set p = 50 — h and estimate second moments non-parametrically as described ili_section 2. As
for the degree of smoothness, i.e., the cut-off period below which fluctuations will not be fitted,
it will vary with the forecast horizon and the variable being forecasted. We address this issue

in the next subsection.

- Iterated autoregression (IAR)
We estimate y; = po+ 2?:1 p;Yi—; +¢€¢ by OLS to obtain in-sample estimates of the parameters.

Then, the h-quarters ahead iterated forecast at time ¢ is given by:

p
Yiwnlt = Po + Z PiUt+n—jlt
j=1
where ¢;; = y; for i < t. The lag order p is set equal to 4 in all cases, as suggested by results

in Marcellino, Stock and Watson (2006) for quarterly data.”

- Direct autoregression (DAR)
The h-quarters ahead forecasts are directly constructed from the equation vy, = pon +
Z;’:l PjrYi+1—; + €ryn. The parameters are estimated by OLS and the lag order p equals

4. More specifically, the direct forecast of y;1 4, is:

p
Ui+njt = Po,n + E PjnYe+1—j
j=1

"Here and in the methods that follow, we have verified that using the AIC or BIC criteria to choose the lag order
does not change significantly the results. The same is true of specifications that impose a unit-root in the representation
of y;, whenever this hypothesis is reasonable (e.g., for inflation data).



- Factor augmented autoregression (FAAR)
The autoregression model is augmented with the first m principal components, {z;}7,, of a set
of n additional predictors, {x; },, see Stock and Watson (2002a and 2002b). More specifically,

we use the following regression to construct the h-quarters ahead forecasts:

p m
Yi+h = Po,p + Z PinYt+1—j + Z YiZit + Et4n
j=1 i=1
We set the lag order p equal to 4 and the number of factors m to 3.8 Parameters are estimated
by OLS and the first m principal components are the first m eigenvectors of the variance-
covariance matrix of the set of predictors. Again, a complete description of the predictors used

in the forecasting exercise is provided in the data appendix.

- Factor augmented vector autoregression (FAVAR)
Following Bernanke, Boivin and Eliasz (2005), we estimate the following factor augmented
vector autoregression model (; = ¢g + Zj.:l ¢jCG—j + €, where ¢ = (yt, 214, 22t, - - -, 2me)’, and
compute the forecasts of y;,p, by iterating the model forward. We set s and m equal to 1 and
3, respectively, as in Faust and Wright (2009). We highlight that the {z;}!", are exactly the

ones used to compute the FAAR forecasts.

- Equal-weighted averaging (EWA)
Another way of embodying large information sets in the forecasting process amounts to pooling
forecasts. Here we present combination forecasts that result from a simple average of n individ-
ual forecasts of y;1,. Specifically, each individual forecast is computed from a direct forecasting
regression model of the form y§+h = pf)’h + Z§=1 p§7hyt+1f‘j + BinTit +€f;+h fori=1,...,n where
p equals 4 and z;; stands for each one of the predictors included in the panel used to extract
principal components. The regression coefficients are again estimated by OLS. Finally, the

forecast of ;4 submitted to evaluation is Gpip, =n" > Gi,,."

8Here and in the method that follows, we have tried m = 1,2 and 4. None of these values would imply a significantly
different qualitative analysis.

9The consistent empirical results on increased forecast accuracy documented in a large literature support the use of
such method for forecasting purposes (see, e.g., Diebold and Lopez 1996 or Hendry and Clements 2004). The method
is first proposed in Bates and Granger (1969).

10



- Bayesian model averaging (BMA)
BMA forecasts consist in a combination of individual forecasts where the aggregation scheme is
grounded on Bayesian statistics. Generally, given a set of n models, M; with i = 1,...,n, one
defines a prior to the probability that the ith model is the true model, P(M;). With observed
data, D, it is possible to compute the posterior probability that the ¢th model is the true model,
P(M;/D). Then, these latter probabilities are used as weights while averaging the n individual
forecasts from the specified models. A more detailed description and some applications of this
method are given in Koop and Potter (2003), Wright (2009) and Faust and Wright (2009).
For our forecasting exercise we follow to a great extent the assumptions made by Faust and
Wright (2009). We begin by considering the n linear regression models used to compute the
EWA forecasts. We assume a constant prior probability equal to P(M;) =n~t fori=1,...,n.
As Fernandez, Ley and Steel (2001) we assume that ¢}, , ~ N(0,0?) and that the marginal prior
of o is proportional to 1. We further assume that the prior of iy, = [pf, i Phn  Binl
conditional on o is N(X@h, P(c? Zle(witw;t)*l)) where wyy =1 ¥t Yi—1-..-Yry1—p i) and
X = [Pon Pin---Pon Binl, where B, = 0 and 5,7} ..., ph, are OLS estimates ob-
tained in the sample 1959Q1-1984Q1-h quarters. The parameter ¢ is a hyperparameter and
sets the degree of information given by the prior, small values corresponding to more infor-
mative priors. Several values of this parameter, delivering the best results, are considered in
the empirical exercise. After model estimation we use the posterior mean of \;;, given by

/\i,h: ,h¢+ h P

T T 15 where S\i,h are the OLS estimates of \; j,, to compute the individual forecasts

of Yy, as gi+h|t = X;vhwit. The BMA forecast is then given by Gyiny = > iy P(Mi/D)gj;rh‘t.

- Random walk (RW)

RW forecasts consists in taking ¢4, = y; as the forecast of y,,, for all h.

- Philadelphia Survey of Professional Forecasters (SPF)
We consider the quarterly median forecasts of the Philadelphia SPF. Results with the mean
are similar and will not be reported. These forecasts are the combination of the real-time
projections of a panel of professional forecasters. The forecasts refer to the current quarter as

well as to the following 4 quarters. SPF forecasts are extremely hard to beat when compared

11



to standard benchmarks, see, e.g., Ang, Bakeart and Wei (2007), Stark (2010) or Faust and
Wright (2012).

This list is certainly far from exhaustive and clearly short of the powerful methods that have
proven useful for short-term forecasting and/or nowcasting. This includes, among others, methods
that explore high-frequency data and/or mixed frequency data, see, e.g., Giannone, Reichlin and
Small (2008), Clements and Galvao (2008, 2009) or Andreou et al. (2011). Now, very short term
forecasting or nowcasting is clearly not the obvious match for the simple univariate low-pass filter or
for the methods presented above, hence their consideration. An interesting extension that we leave
for future research concerns combining powerful nowcasts (or simply SPF nowcasts) with low-pass

filter forecasts for longer horizons.

4.3 Optimal Smoothing

An important practical question left to deal with concerns the specification of the cut-off period
used in the low-frequency projections. Here we discuss how we choose the benchmark cut-off for
each variable and horizon, giving useful guidelines to readily decide upon this filter design parameter
in future empirical exercises. Clearly, the more we exclude (high) frequencies the more we will be
giving up on the variance of the variable of interest, i.e., on potential forecast accuracy. On the other
hand, attempts at fitting these high frequencies may lead to efficiency losses in small samples. This
trade-off and, consequently, the optimal degree of smoothness, may vary with the data generating
process and with the forecast horizon. Here we analyze pseudo out-of-sample forecasts obtained with
the low-pass filter for various cut-off periods (following exactly the design described before). We do
so for each variable and various forecast horizons. We let the cut-off period to vary from a minimum
of 4 quarters (1 year) to a maximum of 48 quarters (12 years) in increments of 4 quarters. Then,
we define the optimal cut-off period for each variable and forecast horizon as the cut-off period that
minimizes the root mean square forecast error (RMSFE) in the period 1984Q1-2010Q4.

Table 2 shows the optimal degree of smoothness by forecast horizon for each variable. In general,
larger forecast horizons are associated with a higher degree of smoothness. There are exceptions,
such as with the industrial production index or the two inflation measures considered. In the case

of the two inflation measures the optimal level is actually quite stable across horizons. But the
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Table 2
Optimal cut-off period by forecast horizon for each variable. Evaluation period
1984Q1-2010Q4.

Forecast horizon
Group Variable 1 2 4 6 8 12

Nominal output 8 12 12 12 20 28
Unemployment rate 4 12 12 20 20 20
Industrial production index 4 8 12 4 4 28
BBC 3-Month treasury bill rate 8§ 8 16 16 16 20
Real output 8§ 8 16 20 20 32
Real Personal consumption expenditures 16 16 20 24 36 40
Real private nonresidential fixed investment 8 12 12 12 12 20
Real state & local cons. exp. & gross investment 20 20 20 20 20 36
GDP deflator 16 28 28 28 28 28
BC Housing starts 28 28 28 32 32 32
Real private residential fixed investment 8 28 28 28 32 28
Consumer price index 32 32 32 32 32 32
ABC Real federal cons. exp. & gross investment 48 44 44 44 48 48

main conclusion is that the performance of the low-frequency filter-based forecasts is sensitive to the
specification of the degree of smoothness whereas the optimal degree of smoothness generally grows,
slowly, for forecast horizons larger than 2 quarters. This analysis suggests a rough classification of
the variables, according to the optimal cut-off period, into three groups. The first group, denoted
BBC (below business cycle), includes all variables with optimal cut-off period across forecast horizons
most often below the standard business cycle cut-off period of 32 quarters. The BC (business cycle)
group considers variables with optimal cut-off period in the vicinity of the typical business cycle
cut-off period. The third group, denoted ABC (above business cycle), includes the variable (real
federal spending) with optimal cut-off period above the typical business cycle cut-off period.'® The
first column of table 2 identifies the group of each variable. Our benchmark low-pass filter forecasts
are based on the optimal cut-off periods presented in table 2.

Figure 1 presents individual panels for specific variables of each group and shows the RMSFE
against different cut-off periods by forecast horizon. The figure makes visually clear the distinction
between groups and the RMSFE behavior around the optimal cut-off period. We highlight that
considering cut-off periods slightly above or below the optimal may not deteriorate significantly

the accuracy of the forecasts. Still, it is clear that restricting the fluctuations of the variable that

0The optimal cut-off for this variable is often 48 (the largest value considered by us), but we have verified that
larger values (up to 84 quarters) do not reduce the RMSFE for any horizon.

13



Figure 1
RMSFE against different cut-off periods by forecast horizon for a representative series of each

group. Straight lines are the standard deviation of each variable considered. Evaluation
sample: 1984Q1-2010Q4.

BBC group - Real Output

0.59
0.58
0.57
0.56
0.55[
0.54
0.53
0.52

0.51

05 I I . . . . . . . . . . Cut—off period
4 8 12 16 20 24 28 32 36 40 44 48
BC group — Consumer Price Index
RMSFE
062

. . . . . . . . Cut—off period
4 8 12 16 20 24 28 32 36 40 44 48

ABC group - Real Federal C i i & Gross

17 L L L L L L L L L L L L Cut-off period

14



are approximated is relevant for the accuracy of the forecasts. We will come back to this issue
when discussing the empirical results. In order to tackle obvious criticisms regarding the hindsight
embodied in this choice we will carefully analyze low-pass filter forecasts based on sub-optimal cut-
offs in the vicinity of the optimal (specifically, plus or minus 4 quarters). Further, we will also look
at filter forecasts with cut-off period determined as the optimum over the sample 1974Q1-1983Q4

(i.e., before the evaluation period) as well as over other post 1974 sub-samples.

4.4 Results

To compare the performance of the different models and methods we analyze the RMSFE of each
competing forecast relative to that of the low-pass filter (LPF) forecasts. Table 3 summarizes the
results by variable and forecast horizon considering as evaluation period 1984Q1- 2010Q4. Ratios
above one mean that the LPF forecasts outperform the alternative forecast in the mean squared
forecast error sense. In panel (A) competing forecasts are compared to the low-pass filter with
optimal cut-off period while in panels (B) and (C) they are compared to low-pass filter forecasts
using a sub-optimal cut-off period; specifically, the optimal cut-off minus 4 quarters in panel (B) and
plus 4 quarters in panel (C). When the optimal cut-off period is 4 quarters RMSFE ratios are not
reported in panel (B). For each variable, the first line reports the RMSFE of the benchmark forecast

while the remaining lines report the RMSFE ratios. We also run the following regression:

Yirn = @+ ﬁogthﬁ” + By, + Ergn (4)

after Fair and Shiller (1989), where y., is the observation of the forecasted variable, g/ is the
forecast obtained with the low-pass filter, ", is the forecast from model/method m and ;1 is a
(most likely serially correlated) regression error. Obviously, if 5; # 0, then forecasts using model m
add information relative to the low-pass filter and to the constant term. We include a star close to
the rel. RMSFE if the null of forecast encompassing (3; = 0) is rejected at 5%. We apply the small

sample correction from Harvey, Leybourne and Newbold (1998).!1! The main conclusions follow:

- We start by noting that SPF forecasts are extremely hard to beat when h = 1,2. Allow us

HResults with Newey-West robust standard errors are qualitatively similar.
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to recall the fact that SPF panelists have a slight informational advantage as their forecasts
incorporate information until approximately the middle of each quarter in which the forecast
is made whereas our pseudo-out-of-sample design implies that we use information referring
to the end of the previous quarter and before, although often available only at the middle
of the quarter. The informational advantage of the SPF is specially acute, and reflected in
the results, for 3-month treasury bill rate (which is released without delays), CPI inflation,
industrial production index, unemployment rate and housing starts (SPF panelists know the

figures for the first month of each quarter).!?

With very few exceptions, LPF forecasts systematically outperform the other methods, for all
horizons and even using a sub-optimal cut-off period in the cases of nominal output, real state
and local government spending, real federal government spending, GDP deflator, consumer
price index and housing starts. Vis-a-vis the best alternative methods, the gains are quite
substantial for both measures of inflation as well as for nominal output. For the two series

related to government spending and housing starts the gains are systematic but less pronounced.

Moreover, LPF forecasts with optimal cut-off period also systematically outperform the other
methods, for all horizons, in the case of the unemployment rate and 3-month treasury bill
rate. In these cases, deviating from the optimal cut-off period implies loosing the lead in a few

instances, concentrated at short horizons (h = 1,2 and sometimes h = 4, 6).

For industrial production at h = 6,8, 12 and private investment (residential) at h = 4,6, 8,12
LPF forecasts with optimal cut-off period also outperform the other methods. This lead is

generally maintained if one moves away from the optimal cut-off period.

For real personal consumption expenditures, non-residential private investment and real output
LPF forecasts performs less well. In any case, they are still superior to all the other methods
in some instances when h = 4,6,8 but this lead is sensitive to the choice of cut-off period.

Deviations from the optimal level imply loosing the lead in various instances.

12The informational /timing advantage is slim for national accounts related series since they are released for the first
time with a lag of half a quarter. However, other relevant information available up to the middle of the quarter is surely
incorporated by SPF panelists. Again, we could use SPF projections or powerful nowcasting methods as the starting
point (or final observation of y;) for all methods. This would surely “control” for these informational advantages but
make unclear the sources of differences in forecast accuracy across the methods presented.
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- Focusing now on the other methods, there is no clear pattern regarding forecast accuracy. The
simple iterated autoregression forecasts (IAR) usually outperform the direct autoregression
(DAR) and perform well in comparison with the other methods, specially in the case of real
output at long horizons, real personal consumption expenditures for most horizons (actually
the best method overall), private investment (residential and non-residential), housing starts
and real federal spending. As for the remaining methods, we note the good results obtained
with the best Bayesian model averaging (BMA) configuration and also with EWA. Still, the
use of a large dataset (in these and the other methods using it, FAAR and FAVAR) does not
result in relevant improvements and fails almost always in producing forecasts more accurate

than the simple LPF forecasts.

- Regarding the forecast encompassing test, we note that it does not contradict the main conclu-
sions above. Only in the case of private fixed investment (residential and non-residential) and
GDP inflation at short horizons do we reject the null of encompassing in several cases, despite

the fact that the rel. RMSFE is in general well above 1 in the latter case.

All in all, the value-added of low-pass filter based forecasts seems unquestionable. Forecast gains
vis-a-vis several statistical methods are a systematic feature and can be quite substantial whereas
the losses are most often trivial.

To investigate whether these results are conditional on the available sample or evaluation period we
have repeated the analysis under different settings.!> The variations considered include estimation
with only post-1984 data and evaluation in various post-1984 sub-periods. The main conclusions
drawn here remain valid. Below we analyze more deeply the robustness of the results to the most

critical design feature of the LPF| i.e., the cut-off period defining low and high frequencies.

13Results are available upon request.
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4.4.1 Robustness - Cut-off Period

Table 4 presents the optimal cut-off period determined over various sub-samples: 1974Q1-1983Q4
(i.e., with data available before our benchmark evaluation period), 1974Q1-1990Q4, 1974Q1-2000Q4
and also 1984Q1-2010Q4 (results already presented in section 4.3, table 2, and repeated here only for
comparison). Again, we let the cut-off period to vary from a minimum of 4 quarters to a maximum
of 48 quarters (12 years) in increments of 4 quarters. Yet again, the estimation sample begins always
in 1959Q2 and we define the optimal cut-off period for each variable and forecast horizon as the
cut-off minimizing the RMSFE in each sample. Table 5 reports the RMSFE ratios implied by these
cut-off periods when they are applied in the benchmark evaluation period, 1984Q1-2010Q4. These
are ratios relative to the RMSFE obtained with the optimal cut-off obtained in the sample 1984Q1-
2010Q4. Clearly, since the denominator in this ratio is based on the optimal cut-offs for the sample
1984Q1-2010Q4 all the values in table 5 are directly comparable to those in table 3 and necessarily
greater than 1 (exactly equal to 1 when the optimal cut-off period coincides).

Table 4 reveals that the optimal cut-off period varies somehow across samples, but most often
within reasonable intervals. Interestingly, it is still true that, for a given sample, the optimal cut-off
period generally increases with the forecast horizon. Also, for many variables there is noticeable
stability, for each forecast horizon, in the optimal cut-off period across samples (see, e.g., results for
the unemployment rate, real output or real PCE).!* Relevantly, the optimal cut-offs obtained in the
sample 1974Q1-1983Q4 are most often not very different from the ones obtained in the other samples.
Now, more important than the stability or value of the cut-offs is the forecast accuracy loss implied
by sub-optimal choices of those cut-offs. Table 5 reveals that, even if the cut-off period is not fully
stable across samples, the differences in forecast accuracy implied by a sub-optimal choice of cut-off
period are not very damaging to the LPF. Further, in the cases where the difference is consistently
substantial (say, for GDP inflation and the CPI), the fall in forecast accuracy is, broadly speaking,
not enough to annul the overall lead of the LPF vis-a-vis the other methods. This is specially evident

at long horizons. Even more important is the fact that the conclusions above generally hold if the

4 Generally, in cases where the difference in the optimal cut-off vis-a-vis the sample 1984Q1-2010Q4 is striking, e.g.
the really low cut-offs for h = 8,12 in the sample 1974Q1-1983Q4 for real state and local spending as well as for real
federal spending, it turns out that the RMSFE, as a function of the cut-off period, has two local minima: the one
reported in table 4 (which is global minima) and another one close to the value found for 1984Q1-2010Q4 and/or close
to the value found for adjacent horizons in the same sample.
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Table 4

always in 1959Q2.

Optimal cut-off period by forecast horizon for each variable and sample period. Estimation sample begins

Forecast horizon

Variable Sample Period 1 2 4 6 8 12
Nominal output 1984Q1-2010Q4 8 12 12 12 20 28
1974Q1-1983Q4 36 36 36 40 40 12
1974Q1-1990Q4 8 36 36 36 40 12
1974Q1-2000Q4 8 36 36 36 40 12
Unemployment rate 1984Q1-2010Q4 4 12 12 20 20 20
1974Q1-1983Q4 4 4 4 20 20 20
1974Q1-1990Q4 4 4 8 20 20 20
1974Q1-2000Q4 4 8 8 16 20 20
Industrial production index 1984Q1-2010Q4 4 8 12 4 4 28
1974Q1-1983Q4 4 8 4 16 16 20
1974Q1-1990Q4 4 8 4 12 12 20
1974Q1-2000Q4 4 8 4 4 12 44
3-Month treasury bill rate 1984Q1-2010Q4 8 8 16 16 16 20
1974Q1-1983Q4 4 4 4 4 20 20
1974Q1-1990Q4 4 4 4 4 32 32
1974Q1-2000Q4 4 4 4 4 20 20
Real output 1984Q1-2010Q4 8 8 16 20 20 32
1974Q1-1983Q4 8 8 8 20 20 20
1974Q1-1990Q4 8 8 8 16 20 20
1974Q1-2000Q4 8 8 8 16 20 20
Real Personal 1984Q1-2010Q4 16 16 20 24 36 40
Consumption Expenditures 1974Q1-1983Q4 12 12 12 20 20 20
1974Q1-1990Q4 12 12 20 20 20 36
1974Q1-2000Q4 12 12 20 20 20 36
Real private nonresidential 1984Q1-2010Q4 8 12 12 12 12 20
fixed investment 1974Q1-1983Q4 8 8 8 8 20 20
1974Q1-1990Q4 8 8 8 8 20 20
1974Q1-2000Q4 8 8 16 4 48 48
Real state & local consumption 1984Q1-2010Q4 20 20 20 20 20 36
expenditures & gross investment  1974Q1-1983Q4 48 48 48 48 8 12
1974Q1-1990Q4 20 48 12 48 8 12
1974Q1-2000Q4 20 40 20 40 8 40
GDP deflator 1984Q1-2010Q4 16 28 28 28 28 28
1974Q1-1983Q4 8 12 20 48 48 48
1974Q1-1990Q4 8 12 20 40 48 48
1974Q1-2000Q4 8 12 20 44 48 48
Housing starts 1984Q1-2010Q4 28 28 28 32 32 32
1974Q1-1983Q4 4 4 16 16 20 20
1974Q1-1990Q4 4 4 16 16 20 20
1974Q1-2000Q4 20 4 16 16 20 20
Real private residential 1984Q1-2010Q4 8 28 28 28 32 28
fixed investment 1974Q1-1983Q4 4 16 16 16 20 20
1974Q1-1990Q4 4 8 16 16 20 20
1974Q1-2000Q4 4 8 16 16 20 20
Consumer price index 1984Q1-2010Q4 32 32 32 32 32 32
1974Q1-1983Q4 8 16 16 48 48 48
1974Q1-1990Q4 8 16 16 40 44 48
1974Q1-2000Q4 8 16 16 40 44 48
Real federal consumption 1984Q1-2010Q4 48 44 44 44 48 48
expenditures & gross investment — 1974Q1-1983Q4 48 48 24 24 8 4
1974Q1-1990Q4 48 48 44 24 4 48
1974Q1-2000Q4 48 48 44 48 48 48

24



Table 5
RMSFE of LPF forecasts with cut-off choice based on different samples relative to RMSFE obtained with the
optimal cut-off in the sample 1984Q1-2010Q4. Evaluation period is always 1984Q1-2010Q4 and estimation

sample begins always in 1959Q2.

Forecast horizon

Variable Sample for 1 2 4 6 8 12
Cut-off choice:
Nominal output 1974Q1-1983Q4 1.138 1.078 1.046 1.042 1.037 1.044
1974Q1-1990Q4 1.000 1.078 1.046 1.039 1.037 1.044
1974Q1-2000Q4 1.000 1.078 1.046 1.039 1.037 1.044
Unemployment rate 1974Q1-1983Q4 1.000 1.028 1.052 1.000 1.000 1.000
1974Q1-1990Q4 1.000 1.028 1.048 1.000 1.000 1.000
1974Q1-2000Q4 1.000 1.003 1.048 1.011 1.000 1.000
Industrial production index 1974Q1-1983Q4 1.000 1.000 1.034 1.029 1.020 1.005
1974Q1-1990Q4 1.000 1.000 1.034 1.016 1.008 1.005
1974Q1-2000Q4 1.000 1.000 1.034 1.000 1.008 1.012
3-Month treasury bill rate 1974Q1-1983Q4 1.033 1.105 1.015 1.023 1.001 1.000
1974Q1-1990Q4 1.033 1.105 1.015 1.023 1.022 1.001
1974Q1-2000Q4 1.033 1.105 1.015 1.023 1.001 1.000
Real output 1974Q1-1983Q4 1.000 1.000 1.051 1.000 1.000 1.008
1974Q1-1990Q4 1.000 1.000 1.051 1.001 1.000 1.008
1974Q1-2000Q4 1.000 1.000 1.051 1.001 1.000 1.008
Real Personal 1974Q1-1983Q4 1.001 1.007  1.041 1.001 1.014 1.030
Consumption Expenditures 1974Q1-1990Q4 1.001 1.007 1.000 1.001 1.014 1.001
1974Q1-2000Q4 1.001 1.007 1.000 1.001 1.014 1.001
Real private nonresidential 1974Q1-1983Q4 1.000 1.006 1.038 1.018 1.002 1.000
fixed investment 1974Q1-1990Q4 1.000 1.006 1.038 1.018 1.002 1.000
1974Q1-2000Q4 1.000 1.006 1.032 1.010 1.030 1.011
Real state & local consumption 1974Q1-1983Q4 1.086 1.066 1.044 1.039 1.029 1.033
expenditures & gross investment — 1974Q1-1990Q4 1.000 1.066 1.035 1.039 1.029 1.033
1974Q1-2000Q4 1.000 1.049 1.000 1.023 1.029 1.000
GDP deflator 1974Q1-1983Q4 1.082 1.022 1.011 1.154 1.170 1.159
1974Q1-1990Q4 1.082 1.022 1.011 1.080 1.170 1.159
1974Q1-2000Q4 1.082 1.022 1.011 1.117 1.170 1.159
Housing starts 1974Q1-1983Q4 1.080 1.072 1.035 1.041 1.029 1.018
1974Q1-1990Q4 1.080 1.072 1.035 1.041 1.029 1.018
1974Q1-2000Q4 1.007 1.072 1.035 1.041 1.029 1.018
Real private residential 1974Q1-1983Q4 1.014 1.017 1.069 1.090 1.062 1.040
fixed investment 1974Q1-1990Q4 1.014 1.047 1.069 1.090 1.062 1.040
1974Q1-2000Q4 1.014 1.047 1.069 1.090 1.062 1.040
Consumer price index 1974Q1-1983Q4 1.121 1.065 1.066 1.070 1.081 1.095
1974Q1-1990Q4 1.121 1.065 1.066 1.031 1.059 1.095
1974Q1-2000Q4 1.121 1.065 1.066 1.031 1.059 1.095
Real federal consumption 1974Q1-1983Q4 1.000 1.002 1.011 1.024 1.043 1.027
expenditures & gross investment  1974Q1-1990Q4 1.000 1.002 1.000 1.024 1.026 1.000
1974Q1-2000Q4 1.000 1.002 1.000 1.000 1.000 1.000
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choice of cut-off period is fully based on data available before the evaluation period, i.e., based on
the sample 1974Q1-1983Q4. Still, we must acknowledge that a cut-off based on these samples would
imply loosing the lead (or reinforcing the lag) in various instances when h = 1 and for various horizons
in the cases of real state and local spending, housing starts, real nonresidential investment and the

industrial production index.

5 Conclusions

We have shown how simple univariate low-frequency filters can be usefully applied to macroeconomic
forecasting. We started with the observation that targeting a smooth version of a time series may
be more useful than targeting the sometimes erratic (or unpredictable at high frequencies) original
series, specially at long horizons. Conventional forecast models initially fit the variables of interest
at every frequency, regardless of the predictability of the series at high frequencies. The optimal
degree of smoothness depends on the specific series at hand and on the forecast horizon but we were
able to characterize this optimal choice for a relevant group of macroeconomic time series. We plan
to explore the theoretical underpinnings of these results in future research. Finally, it is also worth
performing a systematic study of all these issues within a multivariate setting, see Valle e Azevedo

and Pereira (2008) and Wildi and Sturm (2008) for specific applications.
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Data Appendix

Our data for the SPF predictions comes directly from the Federal Reserve Bank of Philadelphia
website and covers the period 1968Q4-2010Q4.'> We use the June 2011 vintage of all series (against
which forecasts are compared) available at the same website. Data is converted to quarterly whenever
the series are available at a higher frequency (by averaging the observations within each quarter and
to match exactly the target of SPF panelists). Except for unemployment and interest rates, all data
is in growth rates. Except for interest rates, all published data is seasonally adjusted, in accordance
with the target of SPF’s forecasts. Prior to 1992, nominal and real output forecasts refer to nominal
GNP. GDP deflator forecasts refer to GNP deflator prior to 1992, to GDP deflator from 1992 through
1995 and to chain-weighted price index for GDP since 1996.

Regarding the panel of predictors, we use the monthly time series used in Stock and Watson

(2002a) to estimate common factors, following the transformations suggested there. A few variables

Bhttp:/ /www.phil.frb.org/econ/spf/spfpage.html. For a recent discussion about the Phil-SPF see Croushore (2006).
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were substituted (by variables conveying similar information) and others dropped due to lack of free
public availability. Most series were downloaded from the FRED database (Federal Reserve Bank of
St. Louis). This dataset covers the period from 1959 January/Q1 to 2010 December/Q4 2010. The
n = 83 available time series were realigned to account for release delays.

The following table shows the definition of the forecasted series, Phil-SPF’s and FRED’s id code

and observation range.
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