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Abstract

This article provides a new set of empirical regularities describing the U.S. macroeconomy, focus-
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I. Introduction

This article examines a comprehensive dataset from the U.S. National Income and
Product Accounts (NIPAs) to investigate the empirical relationships between the
aggregate business cycles in the U.S. real GDP and the cyclical movements in eleven
major NIPA aggregates. These series represent some of the most widely monitored
data on the U.S. economic activity and its breakdown into major sectors. Business
cycles are technically defined by co-movements across many sectors. Fluctuations
in aggregate GDP are naturally at the center of business cycles, and the cyclical
component of real GDP is a useful proxy for the overall business cycle. However,
cycles in real GDP and in the major NIPA aggregates exhibit highly heterogeneous
dynamics, and thus, an analysis of the complete set of the major aggregates pro-
vides useful insights into the diverse behaviors of their cyclical components and
their relationships with the aggregate cycles in real GDP.

We employ band-pass filters in order to disentangle cyclical behavior from other
dynamics (such as trend and noise) that is present in seasonally adjusted national
accounts data, focusing upon two model-based band-pass filters, the Butterworth
(BW; Butterworth 1930) and the model-based balanced (BAL; Trimbur and
McElroy 2022) filters. BW filters are known for their smooth, monotonically
decreasing frequency responses and can be used to construct both low-pass and
band-pass filters. Combining two BW filters successively as a low-pass and high-
pass filter creates an effective band-pass filter (Pollock 2016). Gomez (2001)
demonstrated a model-based interpretation for the BW filters. The model-based
BAL filters represent a generalized class of filters based on BW filters, offering flex-
ibility and the ability to extract smooth economic cycles; such filters are implicitly
defined by the model and exhibit consistency with each other and the data (Harvey
and Trimbur 2003).

Various methods exist for decomposing economic data for business cycle analysis,
and Pollock (2016) extensively reviewed these filtering techniques and their statistical
properties. They encompass local polynomial regression-based filters like the
Henderson filter, finite impulse response (FIR) filters such as the Baxter-King (BK;
Baxter and King 1999) and Christiano-Fitzgerald (1998) filters, infinite impulse
response (IIR) filters like the Wiener-Kolmogorov filters, which include Hodrick-
Prescott (HP) and Butterworth (BW) filters, as well as frequency domain filters.
Additionally, there are alternative techniques available like the boosted HP filter, the
Hamilton filter, and the Beveridge-Nelson filter, among others (Canova 2020; Celov
and Comunale 2023). For this study, we selected the BW filters and the BAL filter due
to their smooth frequency responses and adaptability to data, and we discuss their sta-
tistical properties and advantages over the HP and BK filters in the following section.

This paper extends the analysis of time series by Stock and Watson (1999) to
provide a revised and updated examination of empirical patterns in U.S. business
cycle fluctuations using U.S. NIPA data from 1947 to 2018. We consider three
relationships (described below) between these NIPA aggregates that each capture
separate aspects of their cyclical behavior. Our analysis encompasses the latest
macroeconomic data, including the significant Great Recession (GR) in 2008 to
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2009. This period represents one of the most impactful business cycle swings in the
post-war era. We primarily focus on real GDP and its major components from the
U.S. national accounts, as they represent key economic sectors. All data in this
study represent real (constant dollar) quantities; because the U.S. NIPAs are com-
piled with seasonally adjusted data, all empirical investigations are conducted using
seasonally adjusted statistics.

Using the trend and cycle estimates from the BW and BAL filters, we aim to inves-
tigate the strength of three empirical relationships between the aggregate cycle in real
GDP and the cyclical fluctuations in the NIPA aggregates. First, we examine cross-
correlations between the cyclical component of real GDP and each of the NIPA
aggregates. Cyclical fluctuations can result from various random shocks propagating
throughout the economy over time, but their timing and impact on each sector and
on the aggregate cycle can vary. Owing to the inconsistent correlations through time
and the lead-lag relationships between them, it is not a simple task to define the cycli-
cal relationships between real GDP and the NIPA aggregates merely from the graphs
of their cycles. A cross-correlation analysis between the cycle of real GDP and that of
each NIPA aggregate provides insights on the lead-lag relationships between them.

Second, we investigate the inter-linkage econometrically via Granger-causality
tests (Granger 1969) to determine if the current and past cyclical behavior of an indi-
vidual NIPA aggregate can predict future cyclical fluctuation in real GDP and vice
versa. As a measure of linear dependence between two random variables, cross-
correlation tracks the movements of two time series relative to one another at a given
lead/lag, whereas Granger causality involves the time dimension and provides a much
more stringent criterion for causation. Moreover, correlation is a symmetric object,
whereas Granger causality does not need to be symmetric. We employ bivariate auto-
regressive distributed-lag models for this purpose, allowing us to determine the causal
relations between aggregate cycles in real GDP and cyclical fluctuations in each
major sector. However, although it is a statistical hypothesis test for determining the
causal relations between two time series, Granger-causality test is not a test for pre-
dictive power. Granger causality does not imply that using the causing variable will
yield better forecasts (this was observed in our study), and it is not uncommon for
out-of-sample model selection procedures to disagree with Granger causality.

Third, we assess the capability of an individual NIPA aggregate to forecast
growth in real GDP. Real GDP experiences growth and fluctuation simultaneously.
Growth, or trend, refers to the long-term movements in the economy, whereas fluc-
tuation, or cycle, refers to repetitive short-term movements that are semi-regular.
Thus, models that only use the cycle component to forecast real GDP growth may
lead to erroneous forecasts. The estimated trend and cycle embody their respective
historical information, and we rely on the consistency of such information in the
near future in the forecasting model.

To forecast real GDP growth, we need to consider whether we should directly
forecast the GDP series itself, or we are better served by forecasting each compo-
nent separately. An important advantage of a structural time series model (STM) is
its forecasting capability. In a STM, all components are forecasted individually and
direct interpretations of each component are possible in the forecast. Moreover,
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STM forecasting can be viewed as a refinement of the general Granger-causality
test, as it allows us to discern the direct impact of a NIPA aggregate on the trend
and cycle growth of real GDP and to assess the predictive or forecasting power of
each NIPA aggregate.

We consider three models for forecasting real GDP growth. The first model
forecasts real GDP growth by separately forecasting the trend and cycle growth
before combining them to obtain the growth in real GDP. This allows us to discern
the distinct impact of each NIPA aggregate on real GDP growth via its impact on
the trend and cycle growth in real GDP. The second model is a single equation
model which forecasts real GDP growth using unfiltered series on real GDP and
filtered trend and cycle series of a major NIPA aggregate. This model tracks the
marginal contributions of current and past GDP growth and the current and past
trend and cycle growth of a NIPA aggregate to real GDP growth. The third model
is an autoregressive-distributed lag model, which directly forecasts GDP growth
using unfiltered data on current and lagged GDP growth and unfiltered data on
current and lagged growth of a NIPA aggregate.

We also conducted the three investigations using the HP and BK filtered trend
and cycles series to compare the results with those using the trend and cycle series
from the model-based BW and BAL filters. All results are computed using Ox and
R programming languages.

The paper unfolds as follows: Section 2 examines the statistical attributes of the
BW and BAL filters, emphasizing their advantages over the commonly used HP and
BK filters for business cycle analysis. It also addresses the statistical fit and model
selection for optimal filtering of real GDP and the eleven NIPA aggregates. Section 3
covers the empirical study methods, while Section 4 presents the results. Section 5
summarizes the statistical contributions of the BW and BAL band-pass filters in busi-
ness cycle analysis and discusses the significance of the empirical findings.

2. Band-Pass Cyclical Filtering

Band-pass filters have frequently been used to measure the cyclical part of a time
series, because they remove both low and high frequency movements while retain-
ing the mid-range frequencies of primary interest for business cycle analysis. By
cutting out the low frequency dynamics any trend in the time series is removed,
and the resulting filter output will be stationary (unless forms of non-stationarity
other than trends are present). The HP low-pass filter—popularized by Hodrick
and Prescott (1997)—is often used to extract a trend from an economic time series,
and subtracting this trend from the original series results in detrended series that
has been widely used in business cycle analysis; however, high frequency noise is
retained in the cycle estimated with the HP filter, negatively affecting detection and
dating of turning points (Gomez 2001; Hamilton 2018).

Alternatively, band-pass filters such as those of Baxter and King (1999) produce
intermediate periodicities and business-cycle-related fluctuations. These provide—
by virtue of high frequency noise elimination—smoother estimates of the cyclical
component and clearer information about its trajectory. The BK filter is a finite-



558 Journal of Official Statistics 40(4)

sample approximation to a so-called ideal filter, whose stop-band includes all fre-
quencies lower or higher than those associated with the business cycle (usually
between two and ten years). This approximation was used by Stock and Watson
(1999) to analyze the statistical properties of business cycle movements in macroe-
conomic time series over the post WWII era from 1947 to 1996. A drawback to the
HP and BK filters is that they are sometimes applied without proper reference to
the frequency domain structure of the data.

Model-based filters attempt to extract cyclical effects more accurately by adapting
the filters to the data. Following Trimbur and McElroy (2022), suppose that the
observed time series can be written as the sum of three latent independent stochastic
processes: a trend p, a cycle {5, and an irregular component v. Time series models are
formulated for all three components based on assumptions about the typical beha-
vior of trends and business cycles, as well as idiosyncratic features encapsulated in
the irregular component. Then these models are fitted (say, by maximum likelihood
estimation) to the data through the model that is implied for their aggregate, and
based on these parameter estimates the optimal cycle extraction filter (Bell 1984) can
be constructed—the target “signal” is the cycle ¥, with trend p and irregular v com-
posing the “noise.” Hence this model-based filter is attuned to the data; if we approx-
imate the Gaussian likelihood by the Whittle likelihood, we can view this fitting as
an alignment of the model spectral density to the periodogram.

In this paper we consider two related classes of model-based band-pass filters:
the Butterworth (BW) filter and a model-based balanced (BAL) filter, which
Trimbur and McElroy (2022) discuss in detail. The irregular component ¢ is pre-
sumed to be a white noise process, which differs from the BK setting where v corre-
sponds to high-frequency content. The stochastic cycle is an Autoregressive
Moving Average (ARMA) process with cyclical dynamics controlled by para-
meters for persistency and cyclical frequency; the explicit definition is given in
Appendix E of Trimbur and McElroy (2022), where it is shown that the spectral
density has a peak in the vicinity of the cyclical frequency (corresponding to a
period between two and ten years). Whereas the BAL form is the original formula-
tion of Harvey and Trimbur (2003), the BW form has a simpler expression as an
ARMA (2,1) process. Both types of models exhibit cyclical autocovariance func-
tions (see Trimbur 2006), and higher order forms of both BAL and BW exhibit
sharper cyclical behavior that results in the model-based cycle extraction filter
more closely resembling the ideal band-pass.

The trend w is assumed to be an integrated autoregressive process of order 1,
called a “damped trend”; in the BK setting the trend consists of all frequencies
lower than the cyclic frequencies. The HP high-pass filter, in contrast, screens out
no high-frequency noise. The HP filter can be viewed as a noise extraction filter in
a trend-plus-noise model, as discussed by McElroy (2008). In effect, the HP “sig-
nal” is ¢ + o rather than .

Extracted trends p from using BW or BAL filtering are also of some interest.
The BK filter does not provide a direct trend estimate of the trend, but only w +
(a trend with high-frequency noise added on) obtained by subtracting the extracted
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cycle from the data. The HP filter produces a trend via the HP low-pass filter. In
this manner we define and extract both p and ¥ for any of the extraction methods.

The BW and BAL methods involve cyclical models of a varying order N, as a
part of the model specification. Higher order cycles correspond to a cyclical extrac-
tion filter that more closely resembles an ideal band-pass shape, since the cutoff of
low and high frequencies becomes more pronounced as the order increases. We
consider orders between one and eight for both BW and BAL, and apply the BK
and HP filters, for a total of eighteen filters. (Figure Al-1 to Figure A1-4 in the
Appendix shows differences between smoothed cycles of real GDP from BW and
BAL filters of order N and N—1, for N =2, ..., 8. As N increases, the differences
between filters of N and N—1 quickly diminish.)

The parameters of the BW and BAL filters are obtained by model fitting, and
we select the best models by the Akaike Information Criterion (AIC; Akaike 1976).
For the HP filter, we use the parameter value of 1,600 (recommended for quarterly
data). For the BK filter, the cutoff for the band-pass corresponds to six and thirty-
two quarters, or between 1.5 and 8 years. An asymmetric variant (Buss 2010) is used
at the beginning and ends of the sample.

The BK and HP filters have the advantage of simplicity, as they can be quickly
computed while model-based filters require model fitting and residual analysis.
Nevertheless, we expect the model-based filters to have superior performance over
BK and HP in extracting cycles, because the former are designed to avoid extract-
ing unwanted effects while ensuring cyclical effects that are truly present in the data
are retained.

3. The Empirical Study
3.1. Trend and Cycles

The economic series examined in this study are real GDP and eleven NIPA aggre-
gates. The eleven NIPA aggregates include the five major components of real GDP:
total consumption, total investment, government spending, export, and imports, as
well as the major sub-aggregates of consumption (consumption of durables, non-
durables, and services) and major sub-aggregates of total investments (residential
and nonresidential investment, and changes of business inventories). The seasonally
adjusted quarterly time series in this study spans the period of 1947Q1 to 2018Q2.
Historical data are available from U.S. Bureau of Economic Analysis (2018) at
https://apps.bea.gov/iTable, and the original data are transformed into logarithmic
form.

The smoothed trends and cycles for each series are extracted with the best BW
or BAL filters selected with the Akaike Information Criterion (AIC). Table Al in
the Appendix displays the best models for each of the series in the study using a
variety of criteria, including AIC and the Schwarz Information Criterion (SIC);
however, we focus upon the AIC results, since SIC picked the same model as AIC
for eleven out of twelve of the time series. As with the order, the choice of model
also varies by series between the BW and BAL filters, with the former being
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Figure I. Quarterly estimates, smoothed trend, cycle, and slope of the trend of real GDP,
1947 to 2018.

preferred in most cases. The smoothed trend, cycle, and slopes of the trend of real
GDP from the third order BW filter, are shown in Figure 1. The shaded regions in
the figure are the NBER-determined recessions. Aggregate fluctuations are clearly
more pronounced in the detrended—or the smoothed cycle—series. Trend, slope of
the trend, and the cycles of each NIPA aggregate are available in the Supplemental
Materials.

The varying dynamics of real GDP and the NIPA aggregates can be depicted by
comparing the smoothed cycles of real GDP paired with one of the eleven NIPA
aggregates extracted with the best BW or BAL filters selected for the series. It is
intuitive, as shown in Figure 2a and b, that unlike the consumption of services,
which has a noisier cycle (i.e., a lower order stochastic cycle), real investment has a
very pronounced cycle (i.e., a higher order cycle). Shaded areas in the figures indi-
cate the NBER defined business recessions. Also see Figures A2-1 to A2-9 in the
Appendix for smoothed cycles of other NIPA aggregates compared with the aggre-
gate cycle of real GDP. Evidently, the dynamics of the aggregate cycles of real
GDP and the cyclical movements of the NIPA aggregates can be quite different.

To compare the smoothed cycles from different filters, Figure 3a and b and
Figures A3-1 to A3-10 in the Appendix depict the smoothed cycles of real GDP
and that of each NIPA aggregate extracted with the selected BW or BAL filter
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Figure 2. (a) Smoothed cycles of real GDP (BW3) and real investment (BW8) and (b)
smoothed cycles of real GDP (BW3) and consumption of services (BALI).
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Figure 3. (a) Smoothed cycle of DUR from selected filter BW3 and the HP and BK filters and
(b) smoothed cycle of EXP from selected BW8 and the HP and BK filters.

with the smoothed cycles extracted with the HP and BK filters. Noticeably, cycles
of durable goods (DUR) and cycles of exports (EXP) extracted with the HP filter
are consistently noisier, exhibiting greater short-term variations. Similar noisiness
of the cycles extracted with the HP filter are noticeable from Figures A3-1 to A3-
10. Because BK provides a finite approximation of the ideal filter, the quarterly
series extracted with the symmetric BK filter are truncated by twelve quarters at
both ends of the sample.

3.2. Cross-Correlations

Business cycles are technically defined by co-movements across many sectors in an
economy, yet aggregate fluctuations in real GDP are at the center of business cycles.
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Thus, the cyclical component of real GDP is considered a benchmark for compari-
son across its major component series. Real GDP and the major NIPA aggregates
have different statistical properties and exhibit diverse dynamics. Aggregate cyclical
fluctuations can be caused by national or even global shocks, but the timing of such
shocks and the severity of the impacts on the aggregate cycles in real GDP could dif-
fer from those experienced in different sectors in the economy.

However, it is not a simple task to define the relationships between the cycle of
real GDP and that of each NIPA aggregate by viewing the graphs of the cycles. To
understand their diverse properties, we first examine the cross-correlations to investi-
gate whether cyclical movement in an individual NIPA aggregate leads or lags the
aggregate cycles. Specifically, Corr(y;, x; +) measures cross-correlation between
smoothed cycles of real GDP at time ¢, y;, and the k—quarter lead of the smoothed
cycles of a NIPA aggregate, x; + ;. In other words, Corr(y;, x; + ;) measures the cor-
relation of the cycles of a NIPA aggregate against the aggregate cycles in real GDP.
The correlation at & = 0 indicates contemporancous correlation. A large positive
correlation at k£ = 0 indicates procyclical behavior of the NIPA aggregate series, and
a large negative correlation at £ = 0 indicates counter-cyclical behavior of the NIPA
aggregate series. The largest correlation in absolute terms determines the lead-lag
property of a given series relative to another. For example, a maximum correlation
occurring at £ = —1 indicates that the cycles of a NIPA aggregate series tend to lag
the aggregate cycles in real GDP by one quarter. We report and compare the cross-
correlations between real GDP and each NIPA aggregate computed using cycles
extracted from the best BW and BAL filters as well as the HP and BK filters.

3.3. Granger-Causadlity Tests

Our second task is to use the Granger-causality test to investigate whether there is
sufficient statistical evidence that the cyclical movement of a NIPA aggregate has a
causal effect on the cycle of real GDP and vice versa. Note that the existence of
such a causal relationship between an index (real GDP) and its component (a
NIPA aggregate) is not a necessity; the functional relationship of these two series is
instantaneous, whereas here we investigate lagged relationships of their respective
extracted cycles. In this study, we report pairwise Granger-causality tests, as we
focus on the Granger-causal relations between the cyclical behavior of an individ-
ual NIPA aggregate, x, and the aggregate cycles in real GDP, y.

To examine Granger causality between x and y, the hypotheses tested are
whether the parameters governing the effects of lagged x and y respectively on y
and x are zero. If both hypotheses are rejected, then there is a “feedback” relation
between x and y. If the former hypothesis is rejected but the latter is not, then there
is unidirectional causality running from x to y, whereas if the latter is rejected and
the former is not, the reverse is true. See Granger (1969) for the statistical formula-
tion of the tests. For Granger-causality tests, one approach is to specify a fixed
lag-length structure. However, because of the diverse properties of the NIPA series,
we choose to identify the lag length of each test based on AIC. The Granger-
causality tests were conducted using smoothed cycle series extracted with the best
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BW and BAL filters. The test results are compared with those using smoothed
cycles extracted with the HP and BK filters.

3.4. Forecasting Real GDP Growth

Real GDP is growing and fluctuating at the same time. A trend represents the
long-term movements of the economy, and cycles reflect the short-term movements
of the economy with some regular behaviors repeated over time. When modeling
GDP time series, there are two important aspects to consider with. First, how well
the model explains the actual data, and second, how well the model forecasts the
economy at various horizons. In a STM, all components in the model are fore-
casted individually, and direct interpretations of the forecasts for each component
are also possible. As we focus on the relationships between the aggregate cycles in
real GDP and the cyclical fluctuations in the major NIPA aggregates, a proper
choice of trend is necessary to ensure appropriate forecast of the cyclical
component.

The structural time series framework constructed to develop the model-based
BAL filter chooses a damped smooth trend with a stochastic slope. The BW low-
pass filter is equivalent to a trend extraction in a stochastic trend plus noise model.
By introducing the damping factor that allows the cycle to be stationary, a more
general class of the BW band-pass filters is defined. Setting up a model with both a
trend and a cycle leads to a class of generalized BW filters that extract trend and
cycles in a mutually consistent manner (Harvey and Trimbur 2003).

To forecast real GDP growth, the first question to consider is whether we should
forecast real GDP growth directly using unfiltered data, or we are better served to
use filtered trend and cycle series for forecasting. The second question is whether in
a STM we should first separately forecast the trend and cycle growth before com-
bining them to obtain the forecast of GDP growth, or we should forecast real GDP
growth in a single equation model which traces the marginal contributions of trend
and cycle components of a NIPA aggregate to real GDP growth. We consider three
models to find answers to these two questions.

We examine the ability of an individual NIPA aggregate to forecast real GDP
growth; hence, these forecasting exercises refine the general Granger causality tests,
as our forecasting models allow us to discern the direct impact of a NIPA aggregate
on the growth in trend and cycle components of real GDP and allow us to examine
the results over various forecasting horizons.

We denote the logarithm of real GDP by y; and the logarithm of a NIPA aggre-
gate by x,. We denote trend, cycle, and irregular parts with subscript y, x for GDP
and a NIPA aggregate. The structural time series model for y; is

Ve = l""y,t + wy,t + byt (1)

We forecast the model k quarters ahead, where k=1, 4, 8. For model
Jj={4, B, C}, we denote the forecast of real GDP growth by Ay, ,, where A
denotes the temporal difference.
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Model A: This is a two-step method to forecast real GDP growth. In the first
step, we estimate two separate equations, one predicting k-step ahead trend
growth, Aw, . . 4 as a function of current and lagged growth of the trend of real
GDP and those of a NIPA aggregate, and one predicting k-step-ahead cycle
growth A, , . as a function of current and lagged growth of the cycle of real
GDP and those of a NIPA aggregate. Let /* and I¥ be the lag lengths in our
equations. The first equation is for forecasting GDP trend growth, where E
denote the forecast of the variable in [ ],

~ 1z 1z
E[AMy,t + k] = Zs:o aL,As) A/J“y:tfs + ZS:O B,E:,is) Al”“x,tfw (2)

and the second equation is for forecasting GDP cycle growth,

E[Awy,t+k] :Zs‘ 0 l//sAd/yt s + Zv OﬁdmAlprt s* (3)

Finally, we compute forecast of GDP growth rates as combined forecasts of the
trend and cycle growth,

[AyA+ k] E Al'l’yt+k] + E[Aﬂl’vt+k} (4)

Model B: This is a single equation model to forecast GDP growth based on both
current and past data on the growth of y based on the unfiltered data and cur-
rent and lagged trend and cycle growth of x. We set the same lag length / for all
variables.

EAE ) = o vP Ay + 30 BB AR, + S B A, . (9)

Model C: This is an autoregressive distributed lag model to forecast real GDP
growth using unfiltered time series on real GDP and unfiltered time series on a
NIPA aggregate,

E [Ayzc + k] = Zi:o aﬁC)Ay,_S + Zézo BE,C)Ax,_S. (6)

We can also estimate the three models by restricting the 8 coefficients on the xs
to zero and label such forecasts Ay’ 4+ This produces the forecast using the
“restricted model,” that is, with no contribution from x, while Aj/ , , is a forecast
using an “unrestricted model,” which allows the contribution from the NIPA
aggregate x. If forecasts from the restricted and unrestricted models are statistically
indistinguishable, then we fail to reject the null hypothesis that x does not help
forecast growth in y.
Under the restricted Model A, the growth in real GDP depends on the dynamic
changes in the trend and cycle of real GDP alone. Because Model B uses unfiltered
data on real GDP growth and smoothed estimates on the trend and cycle growth of
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a NIPA aggregate, and Model C uses unfiltered series on both real GDP and a
NIPA aggregate, the restricted Model B and Model C are identical, where forecasts
of real GDP growth depend only on unfiltered time series on real GDP. This case
corresponds to a dynamic regression of the index on its own past alone, which might
be viewed as a plausible benchmark forecasting model; the unrestricted schemes, in
contrast, incorporate information from other NIPA aggregates (through cycles and
trends), and therefore are reasonable candidates to provide forecast improvements.
In summary, we have three unrestricted and two restricted models to evaluate the
ability of each NIPA aggregate to forecast real GDP growth.

In-sample estimation and pseudo-out-of-sample (POOS) forecasts: Ideally, we
would want to compute forecasts conditional only on current and past information.
However, estimating trend, cycle, and irregular components for forecasting based
only on sample information up to the current period is not always feasible, because
that would require filtering data for each POOS forecast. To keep the computa-
tional work manageable, we filter the data once using the full sample, treating the
filtered trend, cycle, and irregular series as if they were actual data. We filtered the
data using the BW and BAL filters selected for real GDP and for the eleven NIPA
aggregates as well as the BK and HP filters. We divide the full filtered sample into
estimation sample and testing sample for the POOS forecasts. As we are interested
in the ability of each model to forecast real GDP growth using data before and
after the GR, we constructed two estimation samples. The first estimation sample
spans the period 1947Q1 to 1997Q4, and the second estimation sample spans the
period 1947Q1 to 2007Q4.

We estimate each of the five models using the estimation samples to obtain esti-
mates of coefficients, and then compute the k-step POOS forecasts based on the
estimated models, with & = 1, 4, 8 for the duration of the testing sample. We choose
recursive estimation based on an expanding data window to compute the predic-
tions, so that each POOS prediction is computed based on the estimated model with
all observations & quarters prior to the quarter to be predicted.

We set the first testing sample for POOS forecasts to cover the period of 1998Q1
to 2007Q4 and the second testing sample to cover 2008Q1 to 2017Q4. The first set
of forecasts covers the ten-year period prior to the GR, and the second set of fore-
casts covers ten years following the GR. For each model, we examine the ability of
each of the eleven NIPA aggregates to forecast real GDP growth. Thus, there are
eleven sets of forecasts for each of the three unrestricted and two restricted models,
using two estimation and testing samples for each forecasting horizon, totaling 990
sets of estimated coefficients and forecasts.

We evaluate the forecasting performances of each model in terms of root mean
squared forecasting error (RMSFE). We also conducted the Diebold-Mariano
(DM) test to compare the predictive accuracies of the unrestricted and restricted
models for a given filtering technique, and the predictive accuracies using smoothed
data from different filters for a given model. However, there are some technical
challenges in making such comparisons. First, the BK filter is designed to generate
filtered cycle series that do not contain fluctuations at higher or lower frequencies
than those of the business cycles. As such, the BK filter does not produce the
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filtered trend series. Thus, it is difficult to estimate the first two models and com-
pute POOS forecasts with the BK filtered series. One option is to only compare the
forecasts of cycle growth across filtering techniques using Model A. Alternatively,
we can back out a trend consistent with the BK filter by using the spectral gain to
the left of the pass-band, that is all the frequencies below the lowest one passed by
the BK filter. We chose the second alternative in order to have a complete compari-
son. Moreover, since the symmetric BK filter is unable to extract the band of fre-
quencies at both ends of the sample, multiple sample observations are truncated at
the ends of the series in the real time estimation. To avoid such a problem, we
adopted an extension to an asymmetric BK filter: the optimal correction scheme of
the ideal filter weights is the same as in the symmetric version—cut the ideal filter
at the appropriate length and add a constant to all filter weights to ensure zero
weight on zero frequency. The extension to an asymmetric filter is useful whenever
real time estimation is needed. The developed filter can be used in any field of sci-
ence where it is necessary to extract a band of frequencies from a signal (Buss
2010).

Another technical challenge is in comparison with the HP filter. The HP filter is
often used to remove the cyclical component of a time series from raw data. It is
designed to obtain a smooth representation of the time series, which is more sensi-
tive to long-term than to short-term fluctuations. Because the HP filter does pro-
duce filtered trend and cycle series, we could compare the forecasting performances
using the HP filtered trend and cycle series with those using the trend and cycle
series from other filters.

Finally, as pointed out in various studies, there is high frequency noise in the
cycles filtered with the HP filter, and the HP may be inappropriate for some time
series (Gomez 2001; Hamilton 2018; Mohr 2005). As noted above, the visible noisi-
ness of the HP filtered cycles series are shown in Figure 3a and b in Section 3.1 and
in Figures A3-1 to A3-10 in the Appendix. The comparison of Model A and Model
B with series extracted with the HP, the BK, and the selected BW and BAL filters
could provide some insights into the ability of decomposed trend and cycle series
using alternative filtering technique for forecasting real GDP growth.

4. Results from the Empirical Study

4.1. Patterns of Cross-Correlations

Cross-correlations, Corr(y,, x;+ ), of the cyclical component of each NIPA aggre-
gates against the aggregate business cycles proxied by the cyclical component of real
GDP, are computed using cycles filtered with (1) the best BW or BAL filter for real
GDP and each NIPA aggregate based on AIC; (2) the HP filter; and (3) the BK fil-
ter. We report cross-correlations for £ = —10, =9, ..., 0, 1, 2, ..., 10 in Table A2 in
the Appendix. Column 3 in Table A2 reports the standard deviation of the cyclical
component of each NIPA aggregate. Because all series, except the change of business
inventories, are in logarithmic form, the standard deviations for these series measure
the percentage deviations from the trend growth paths, and thus, are comparable
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across series. Change of business inventories, which can be positive or negative, is
computed as the ratio of the native units to real GDP, and the standard deviation
yields the percentage deviation from the relative trend of the two series.

The best filters selected for real GDP, total consumption, consumption of dur-
ables, nondurables, and services are BW3, BWS, BW3, BW2, and BALI, respec-
tively. High positive cross-correlations at lag £ = 0 of cycle series from all four
filters indicate strong procyclical behaviors for all consumption aggregates. The
maximum cross-correlations of 0.80 and 0.70 at £ = 1 indicate that total consump-
tion and consumption of durables are procyclical with a one-quarter lead of the
aggregate cycles of real GDP, whereas the maximum cross-correlations of 0.74 and
0.71 at k£ = 0 suggest that the cycles of consumption of nondurables and services
move coincidently with the aggregate cycles.

As shown in Figure 2b and Figures A2-1 to A2-3 and the standard deviations
tabulated in Table A2, the cyclical component of consumption of services exhibits
the lowest dispersion (Stdv. = 0.52) and is considerably smoother than the cyclical
component of real GDP. The cyclical component of consumption of nondurables is
moderately more dispersed than that of consumption of services, but less so than the
aggregate cycles of real GDP. In contrast, consumption of durables is strongly pro-
cyclical and far more volatile (Stdv. = 5.29) than aggregate GDP and the other con-
sumption measures. The lead-lag relationships indicated by the cross-correlations
and the measured dispersions are consistent with the observed smooth consumption
of nondurables and services throughout business cycles as implied by the permanent
income hypothesis. In contrast, the one-quarter lead in cross-correlation and the high
volatility in the cycles of consumption of durables reflect the high sensitivity of such
consumption to the changing economic conditions, as the expectations of changing
economic conditions often affect the decisions on such consumption.

Cross-correlations for real GDP and the four consumption measures computed
from the HP and BK filtered cycles are consistent with those from the selected BW
and BAL filtered cycles, except for the total consumption cycle from the HP filter.
Instead of the one-quarter lead of the aggregate cycle, the much noisier consump-
tion cycle from the HP filter exhibits coincidental movement with the aggregate
GDP cycles.

The best filters selected for total real investment, residential, nonresidential, and
change of business inventory investment are, respectively, BW8, BAL2, BW2, and
BALS. The BW8 and BALSR filters as the best filters, respectively, for extracting
smoothed cycles of total real investment and change of business inventories suggest
that more high frequency noise need to be filtered out to extract the smoothed
cyclical component from the raw time series of these investment measures. Positive
correlations at k& = 0 indicate procyclical behaviors of the investment series
extracted from all filters. The maximum correlation of 0.74 at k£ = 0 indicates that
cycle of total investment moves coincidently with the aggregate cycle in real GDP.
However, the maximum correlation of 0.62 and 0.78 occurring at £ =2 and
k = —1, respectively, for residential and nonresidential investment indicate that
residential investment is procyclical with a two-quarter lead of the aggregate cycle
as shown in Figure 4a, whereas non-residential investment is procyclical with a
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Figure 4. (a) Cross-correlation between cycles of real GDP and cycles of residential investment
and (b) cross-correlation between cycle of real GDP and cycles of government spending.

Note. The 95% confidence interval for the cross-correlations computed from the best selected (labeled as the
optimal CC in green) filters are included in the figures, shown in green dotted lines.

one-quarter lag of the aggregate cycles. The correlations computed with the HP
and BK filtered cycles reveal the same lead-lag relationships between the cyclical
movements of these three investment measures and the aggregate cycles of real
GDP.

The cyclical component of residential investment is the most volatile of the four
investment measures (Table A2: Stdv. = 13.78) and of the NIPA aggregates. The
highly volatile cyclical behavior and the two-quarter lead of the aggregate cycle
reflect the highly sensitive investment behavior in this sector in response to antici-
pated changes in the economic conditions (Green 1997).

Nonresidential investment, on the other hand, includes firms’ purchases of capi-
tal goods and the construction of factories and commercial buildings. Such invest-
ment will respond to changes in the economic conditions, but it is less flexible to
adjust quickly to the changes in the economic conditions (Fisher 2007; Green 1997;
Kliesen 2016).

Cycles of change in business inventories move with a one-quarter lead of the
aggregate cycle in real GDP based on the selected BAL filter. This one-quarter lead
relationship is supported by empirical observations that inventory investment pro-
vides a consistent lead in overall business activities, and thus, is retained as part of
the U.S. composite index of leading indicators to gauge future economic condi-
tions. In contrast, cycles of change of business inventory from HP and BK filters
move coincidentally with the aggregate cycles in real GDP.

As shown in Figure 4b, government expenditures exhibit very weak correlations
with the aggregate cycles in real GDP with correlations between 0.16 and 0.25 at
k = 0 based on the cycles from all filters. The low correlations are perhaps because
government expenditures are primarily driven by policy decisions. Moreover, cycli-
cal movements in government spending are shown to have a three-quarter lag based
on the BAL and BK filtered cycles and a four-quarter lag based on the HP filtered
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cycles, consistent with the observations that government expenditure has often been
used to stimulate the economy during recessions but implementation of such polices
come with a delay.

For imports, the maximum correlations between 0.71 and 0.79 at £ = 0 com-
puted with cycles from all filters indicate that imports are highly procyclical and
move coincidently with the aggregate cycles in real GDP. Empirically we observe
that the imports fall during an economic downturn and rise in a booming economy
as personal income changes through the business cycle. For exports, moderate cor-
relations between 0.29 and 0.42 at £ = 0 indicate a mildly procyclical relationship
with the aggregate cycle, consistent with the statistically supported lesser depen-
dency between the foreign sector and GDP in the U.S. (Zestos and Tao 2002).
Moreover, exports are shown to be procyclical with real GDP but with a two-
quarter lag based on the BW and BK filtered cycles and a one-quarter lag based on
the HP filtered cycles. Intuitively, businesses usually cut back on production during
a recession, which can lead to a decrease in exports. As adjustments in production
take time, changes in exports in response to changes in economic conditions come
with a delay (Stock and Watson 1999). Furthermore, exports can also be affected
by the value of the currencies, which could be driven by monetary policy and global
economic conditions (Zestos and Tao 2002). The cycles of exports and imports are
depicted in Figures A2-8 and A2-9. Cyclical components of exports and imports
are more volatile than those of real GDP and the consumptions aggregates but are
less volatile than the cyclical components in total and residential investment.

Cross-correlations between aggregate cycles of real GDP and the cycles of the
remaining nine NIPA aggregates computed using the BW and BAL filters as well
as the HP and BK filters are compared in Figure A4 in the Appendix. The 95%
confidence intervals for the cross-correlations computed from the best selected fil-
ters are included in the figures. Correlations based on the cycles from the BW or
BAL filters and those from the HP and BK filtered cycles are noticeably different.
Moreover, the HP and BK filtered cycles tend to have much lower correlations at
longer leads and longer lags.

4.2. The Granger-Causal Relations

The pairwise Granger-Causality tests were conducted using smoothed cycles from
the selected model-based filter for each series and the HP and BK filters. We chose
to allow a maximum number of lags for the dependent and independent variables
in the bivariate autoregressive distributed-lag model determined by the smaller of
T—1 and 10*log;o(T—1) with T being the number of quarters of the data series and
select the lag-order in each pairwise Granger-causality test based on the informa-
tion criterion AIC. Table A3 in the Appendix displays the test results between real
GDP and each NIPA aggregate.

Degrees of freedom displayed in the column labeled “DF(AIC)” in Table A3
indicate the lag-order in each pairwise Granger test based on AIC. Evidently the
varying lag-order selected in each test depends on the dynamic characteristics of the
cycle series, and the lag-order selection can be affected by the filter used to extract
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the cycle series. In the bivariate Granger tests, the cyclical component of real GDP,
v, and that of the NIPA aggregate, x, are the jointly determined endogenous vari-
ables. The null hypotheses for the pairwise Granger-causality test are that the cycli-
cal movement of a NIPA aggregate does not Granger-cause aggregate cyclical
movement in real GDP and vice versa. The Chi-square statistics and the p-values
for each test are reported in Table A3. We did not adjust these p-values for multiple
comparisons, since there are many types of multiple comparisons that could be con-
templated, for example, across the three filter types, or including forward and back-
ward causality, or across NIPA aggregates, etc. To make the results the most
widely accessible for different user interests, we do not make this adjustment.

For the four consumption aggregates, both null hypotheses are strongly rejected
based on the tests using cycles extracted with the selected BW and BAL filters and
the HP filter, suggesting strong “feedback” causal relations between aggregate
cycles in real GDP and the cyclical fluctuations in each consumption aggregate.
However, the Granger tests based on the BK-filtered cycles suggest only the unidir-
ectional Granger-causal relations running from real GDP to the consumption of
durables and nondurables. Moreover, the tests based on the BK-filtered cycles also
suggest that aggregate cycles in real GDP do not Granger-cause cyclical fluctua-
tions in total consumption and consumption of services. These results based on the
BK filtered cycles seem inconsistent with the empirically observed feedback rela-
tions between the consumptions aggregates and real GDP.

For four investment aggregates, both null hypotheses for the Granger-caus-
ality tests using estimated cycles from the selected BW and BAL filters are
strongly rejected, indicating strong feedback in the Granger-causal relations
between the aggregate cycle in real GDP and the cyclical movements in the
investment aggregates. Such results are strongly supported by the empirical
observations that the two largest investment sub-aggregates—residential and
nonresidential investments—are procyclical with strong feedback relation with
real GDP (Fisher 2007; Green 1997; Kliesen 2016).

For the investment aggregates, the Granger-causality tests using the BK and HP
filtered cycles show consistent results with those based on the cycles from the
selected BW and BAL filters, except that the Granger test based on the HP filtered
cycles suggested only a unidirectional Granger-causal relation running from real
GDP to total investment. Such a conclusion contradicts the test results of the three
major investment sub-aggregates and is inconsistent with the observations that
increases in investments tend to boost the economy.

The Granger tests based on the estimated cycles from the selected model-based
and the BK filters concluded the strong “feedback™ causal relations between the
aggregate cycle of real GDP and the cyclical movement in the government spend-
ing, whereas the tests based on the HP filtered cycle concluded a unidirectional
causal relation running from government spending to real GDP and not vice versa.
These results support the empirical observation that government spending has
often been used to stimulate the economy during economic downturns. Intuitively,
during periods of strong economic growth, there is less rationale to increase gov-
ernment spending, as suggested by the test results based on the HP filtered cycles.
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Obviously, there are other political factors that may impact the cyclical patterns of
government spending (Nyasha and Odhiambo 2019).

The Granger tests using cycles from all filters conclude the “feedback” Granger-
causal relations between the aggregate cycle in real GDP and the cyclical movement
in exports at least at the 5% significance level, which confirm the intuition that ris-
ing exports will lead to higher economic growth, and growth in exports can also
have knock-on effect on related service industries (Kamal et al. 2022; Ortiz-Ospina
et al. 2018). Using smoothed cycles from the selected BW and BAL filters, the
Granger test concluded a unidirectional Granger-causal relation running from the
cycle in real GDP to the cycle in imports (Guan and Hong 2012). This result seems
consistent with the observations that imports, as a form of consumption, are procy-
clical and move contemporaneously with the aggregate cycle, rising and declining
with the income level. The tests based on the HP filtered cycles concluded a “feed-
back” Granger-causal relation between the cycle of GDP and that of imports, sug-
gesting that cyclical movement in imports will Granger-cause aggregate cycle in
real GDP, which seems contrary to the empirical observations in the U.S. (Zestos
and Tao 2002).

4.3. Results from Forecasting Models

We now evaluate the forecasting performances in terms of the minimum RMSFEs
among all models and across all filtering techniques for each forecasting horizon using
data from each sample when each NIPA aggregate is included for the forecasts. To
evaluate the predictive accuracy, we conducted the Diebold-Mariano (DM) tests on
all forecasting results, and we report the DM statistics and their p-values.

We set out to investigate whether we should forecast real GDP growth directly
using unfiltered time series, or if it is better to use the smoothed estimates from a
STM for forecasting. We also want to identify the filter that is most desirable for
forecasting real GDP growth and to determine if any NIPA aggregates are signifi-
cant for producing the best forecast of real GDP growth in each scenario. Thus,
we set the restricted Model C (identical to restricted Model B), which uses only
unfiltered time series of real GDP, as the benchmark model, and we report the
RMSFEs relative to the RMSFEs from the benchmark model for each forecasting
horizon using data from each sample. If a relative RMSFE is less than one, then
the forecast in comparison is considered more accurate than the forecast from the
benchmark model. Tables A4-1 to A4-3 and Tables A5-1 to A5-3 in the Appendix
report forecasting results for each forecasting horizon using data from the two
samples.

The general observations from the forecasts using data from the two samples
are that model A outperforms Models B and Model C; among all models using
data from all filters the minimum relative RMSFEs when each NIPA aggregate is
included for the forecasts are all less than one; using filtered trend and cycle esti-
mates for forecasts produce lower RMSFEs than using unfiltered time series; and
some NIPA aggregates are shown to be significant for the best forecast of real
GDP growth for each forecasting horizons.
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Using data from sample one, the forecasting models were estimated using data
from 1947Q1 to 1997Q4, and the one-, four-, and eight-step ahead forecasts were
computed using data from 1998Q1 to 2007Q4. Tables A4-1 to A4-3 compare the
minimum relative RMSFEs of the one-, four-, and eight-quarter ahead forecasts
from all models when each NIPA aggregate is included for the forecasts, using
either the smoothed trend and cycle series on real GDP and the NIPA aggregates
from all filters or the unfiltered time series on real GDP and the NIPA aggregates.
Column 2 lists the eleven NIPA aggregates included for the forecasts. Column 3
displays the minimum relative RMSFEs from the corresponding forecasting mod-
els and the filtering techniques identified in Column 4, using data on real GDP and
the NIPA aggregate listed in Column 2. Columns 5 and 6 report the DM statistic
and its p-value in each case from the comparison of the unrestricted versus the
restricted models identified in Column 4. Column 7 displays the second lowest rela-
tive RMSFEs from the corresponding models and filtering techniques listed in
Column 8.

For the one-quarter ahead forecasts, unrestricted Model A using smoothed
trend and cycle estimates from the selected BW filters produced the lowest relative
RMSFEs among all models and all filtering techniques when total consumption or
total real investment are included for the forecasts. Moreover, unrestricted model
A using the smoothed trend and cycle estimates of real GDP and total consump-
tion from the selected BW filters produced the lowest relative RMSFE, indicating
that total consumption is significant for producing the best one-quarter ahead fore-
cast of real GDP growth.

For the other nine NIPA aggregates, the restricted Model A using the trend and
cycle estimates of real GDP from the selected BW filter produced minimum relative
RMSFE among all models, indicating that these NIPA aggregates are not signifi-
cant for the best one-quarter ahead forecast. The reported DM statistics are not sig-
nificant in nine of the eleven cases, because the differences in the RMSFEs from the
restricted and unrestricted Model A are very small.

For the four-step ahead forecasts of real GDP growth, the unrestricted Model
A using the trend and cycle estimates from the selected BW and BAL filters pro-
duced minimum relative RMSFEs among all models and all filtering techniques
when the total consumption or consumption of nondurables is included for the
forecasts. Unrestricted Model A using the HP-filtered trend and cycle estimates
produced minimum relative RMSFEs when the consumption of services, nonresi-
dential investment, imports, or government spending is included for the forecasts.
Moreover, nonresidential investment is shown to be significant for producing the
best four-quarter-ahead forecasts of real GDP growth. The restricted model A
using the HP-filtered estimates on real GDP produced minimum RMSFEs when
the remaining five NIPA aggregates are included for the forecasts, indicating that
these NIPA aggregates are not significant for producing the best four-step ahead
forecasts. Detailed results from the four-step ahead forecasts are reported in Table
A4-2 in the Appendix.

For the eight-step ahead forecasts, the unrestricted Model A produced the mini-
mum relative RMSFEs when the trend and cycle estimates of nonresidential
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investment or government spending from the selected BW and BAL filters or when
the trend and cycle estimates of consumption of nondurables from the HP-filter is
included for the forecasts. The restricted Model A using only the trend and cycle
estimates of real GDP from the selected BW filter produced lowest RMSFEs when
the other eight NIPA aggregates are included for the forecasts, indicating that
these NIPA aggregates are not significant for the best eight-step ahead forecast of
real GDP growth. Among all scenarios, unrestricted Model A using the trend and
cycle estimates of nonresidential investment from the BAL filter produced the best
eight-quarter ahead forecasts of real GDP growth. Detailed results for the eight-
step ahead forecasts are reported in Table A4-3 in the Appendix.

Using data from sample two, the estimation sample was extended from 1947Q1
to 2007Q4, and the one-, four-, and eight-step ahead POOS forecasts were com-
puted using data from 2008Q1 to 2017Q4, covering the period of GR caused by the
2008 financial crisis and the ensuing recovery. Table A5-1 in the Appendix shows
that among all models the unrestricted model A using the filtered trend and cycle
estimates from the BK filter produced minimum relative RMSFEs when total con-
sumption, consumption of nondurables, or consumption of services is included for
the forecasts. Unrestricted Model A using the trend and cycle estimates from the
selected BW and BAL filters produced the lowest relative RMSFEs when consump-
tion of durables, total investment, or nonresidential investment is included for the
forecasts. The restricted Model A produced minimum RMSFEs when the other five
NIPA aggregates were included. Among all scenarios, the unrestricted Model A
using filtered estimates from the BK filter on real GDP and consumption of ser-
vices produced the best one-quarter ahead forecast of real GDP growth.

For the four-quarter ahead forecasts of real GDP growth using sample two data,
the restricted Model A using the trend and cycle estimates of real GDP from the
selected BW filter produced the lowest RMSFEs among all models and all filtering
techniques, indicating that the trend and cycle components of all eleven NIPA
aggregates are not significant in the four-step ahead forecasts. In the case of eight-
step ahead forecasts, the unrestricted Model A using the trend and cycle compo-
nents of real GDP and those of total consumption from the selected BW filters pro-
duced lowest RMSFEs across all Model and all filtering techniques. The restricted
Model A produced the lowest RMSFE across all models when data on any of the
other ten NIPA aggregates were included for the forecasts, indicating that these
NIPA aggregates did not show significant impact on the eight-quarter ahead fore-
casts. Detailed results for the four- and eight-step ahead forecasts using sample two
data are in Tables A5-2 and A5-3 in the Appendix.

Having reported the results by sample and by forecasting horizon, it is useful to
summarize the results across the forecasting horizons for each sample and between
the two samples for each forecasting horizon. Thus far, we have evaluated forecast-
ing accuracy relative to that of the benchmark model and have learned that using
smoothed trend and cycle estimates rather than the unfiltered time series on real
GDP produces more accurate forecasts. However, as the sizes of the RMSFEs from
the benchmark model affect the sizes of the relative RMSFEs, if relative RMSFEs
are used instead for comparison, the patterns of accuracy and patterns of relative



574 Journal of Official Statistics 40(4)

accuracy across forecasting horizons from each sample or between the two samples
for a given forecasting horizon may differ. Thus, we report the comparisons in
terms of RMSFEs in the text and report the comparison in relative RMSFEs in
Tables A6-1 to A6-2 in the Appendix.

Table 1 compares the minimum RMSFEs from the one-, four-, and eight-
quarter ahead forecasts using data respectively from sample one and sample two.
The last row in the Table displays the RMSFEs from the benchmark model for
each forecasting horizon from each sample, the relative sizes of which indicate that
the patterns of forecast accuracy measured in relative RMSFEs may differ from
those measured in RMSFEs. Table 1 shows that the minimum RMSFEs from sam-
ple one forecasts monotonically increase as the forecasting horizon increases.
However, the minimum RMSFEs from sample 2 forecasts increase only as fore-
casting horizon increases from four to eight quarters. When seven of the NIPA
aggregates were included for the forecasts, the minimum RMSFEs from the one-
quarter ahead forecasts are slightly larger than those from the four-quarter ahead
forecasts.

Table 2 compares the results between the two samples. For each forecasting
horizon, the minimum RMSFEs using data from sample one are larger than those
using data from sample two. Such results seem to run counter to the expectation
that larger forecasting errors are expected from the testing sample that covers the
GR caused by the 2008 financial crisis. However, the second estimation sample is
forty quarters longer than the first estimation sample. The additional observations

Table I. Comparison of Minimum RMSFEs for Each NIPA Aggregate Included in the One-,
Four-, and Eight-Step Ahead Forecasts Using Data from Sample One and Sample Two.

Min(RMSFE) - Sample | Min(RMSFE) - Sample 2

NIPA AGG RMSFE(k=1) RMSFE(k=4) RMSFE(k=8) RMSFE(k=1) RMSFE(k=4) RMSFE(k=8)
PCE 0.0038* 0.0052 0.0053 0.0037 0.0038 0.0041*
DUR 0.0039 0.0052 0.0053 0.0038 0.0038 0.0042
NONDUR 0.0039 0.0049 0.0052 0.0037 0.0038 0.0042
SERV 0.0039 0.0049 0.0053 0.0034* 0.0038 0.0042
GDPI 0.0039 0.0052 0.0053 0.0038 0.0038 0.0042
RES 0.0039 0.0052 0.0053 0.0039 0.0038 0.0042
NONRES 0.0039 0.0048* 0.0050* 0.0038 0.0038 0.0042
EXP 0.0039 0.0052 0.0053 0.0039 0.0038 0.0042
IMP 0.0039 0.0051 0.0053 0.0039 0.0038 0.0042
GOV 0.0039 0.0051 0.0051 0.0039 0.0038 0.0042
INVCH 0.0039 0.0052 0.0053 0.0039 0.0038 0.0042
RMSFE(RMC)  0.0087 0.0125 0.0089 0.0064 0.0073 0.0066

Note. Entries in regular font are results from model A using data from model-based filters; entries in italic
font are results from model A using the HP filtered data; and underlined entries are results from model A
using the BK filtered data. Entries in bold/non-bold font are results from Unrestricted/Restricted models,
respectively. Entries marked with “*” indicate the best result for each sample and each forecasting horizon.
RMSFEs from sample one rise as k increases; RMSFEs from sample two increase only as forecasting horizon
k increases from four to eight. RMSFE(RMC) in the last row refers to the results from Restricted Model C.
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Table 2. Comparison of Minimum RMSFEs for Each NIPA Aggregate Included in the Forecasts
from Sample One and Sample Two for Each Forecasting Horizon.

k=1 k=4 k=8

NIPAAGG  RMSFE(S=1) RMSFE(S=2) RMSFE(S=l) RMSFE(S=2) RMSFE(S=1) RMSFE(S=2)
PCE 0.0038* 0.0037 0.0052 0.0038 0.0053 0.0041%
DUR 0.0039 0.0038 0.0052 0.0038 0.0053 0.0042
NONDUR  0.0039 0.0037 0.0049 0.0038 0.0052 0.0042
SERV 0.0039 0.0034* 0.0049 0.0038 0.0053 0.0042
GDPI 0.0039 0.0038 0.0052 0.0038 0.0053 0.0042
RES 0.0039 0.0039 0.0052 0.0038 0.0053 0.0042
NONRES 0.0039 0.0038 0.0048* 0.0038 0.0050* 0.0042
EXP 0.0039 0.0039 0.0052 0.0038 0.0053 0.0042
IMP 0.0039 0.0039 0.0051 0.0038 0.0053 0.0042
Gov 0.0039 0.0039 0.0051 0.0038 0.0051 0.0042
INVCH 0.0039 0.0039 0.0052 0.0038 0.0053 0.0042

Note. Entries in regular font are results from model A using data from model-based filters; entries in Italic
are results from model A using HP filtered data, and entries underlined are results from model A using the
BK filtered data. Entries in bold/regular colors are results from Unrestricted/Restricted models, respectively.
Entries marked with “*” indicate the best result for each sample and each forecasting horizon. Minimum
RMSFEs from sample two are generally smaller than those from sample one for a given k.

Table 3. The NIPA Aggregate, the Forecasting Model, and the Filtering Technique for Jointly
Producing the Best Forecasts for Each Forecasting Horizon Using Data from Each Sample.

Sample/horizon  NIPAAGG ~ RMSFE MODEL R(RMSFE) DM p-Value
(FILTER) stat (DM)
Sample I, k=1  PCE 3.83E-03 UMA(MB) 0.440 —293  .006
Sample I, k=4  NONRES  4.82E-03 UMA(HP)  0.387 -123 224
Sample I, k=8  NONRES  5.04E-03 UMA(MB) 0.570 —-137 .81
Sample 2, k=1 SERV 3.42E-03 UMA(BK) 0.537 —430  .000
Sample 2, k=4  ** 3.82E-03 RMA(MB) 0523 3.24 003
Sample 2, k=8  PCE 4.05E-03 UMA(MB) 0.617 —-3.00 .005

Note. UMA and RMA denote Unrestricted and Restricted Model A. MB, HP and BK denote model-based,
HP and BK filters. “**” indicates that no NIPA aggregate is selected for producing the best forecasts in that
scenario. p-value > .05 from the Diebold-Mariano (DM) test indicates differences between the RMSFEs
from Unrestricted and Restricted models are very small.

may have provided more information, such that the forecasting models are able to
a certain extent to capture what was happening during the GR.

At the outset of the forecasting exercises, we planned to investigate which model
is the best for forecasting real GDP growth and which filtering technique is most
desirable for that purpose. We also want to identify the NIPA aggregates, if any,
that are capable of producing the best forecasts of real GDP growth.

Table 3 identifies total consumption, nonresidential investment, and consump-
tion of services as the NIPA aggregates capable of producing the best forecasts of
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real GDP growth among five of the six scenarios. Table 3 also shows that model A
is the best model for forecasting real GDP growth in all scenarios. Moreover, using
the trend and cycle estimates from the selected BW and BAL filters produced the
best forecasts in four of the six scenarios, among which three are from the unrest-
ricted Model A. In the remaining two scenarios, the best forecasts are from unrest-
ricted Model A using the trend and cycle estimates from the HP and BK filters.
Note that column 5 in Table 3 displays the relative RMSFEs of the best forecast
for each scenario, providing a comparison of the accuracy of the best forecast rela-
tive to that from the benchmark model.

The model-based BW and BAL filters are expected to have superior perfor-
mances over the BK and the HP filters because the model-based filters adapted to
the data. Although the HP and the BK filters have the advantage of being simple
to calculate, our results have demonstrated stronger performances of the model-
based BW and BAL filters for forecasting real GDP growth.

5. Discussion and Concluding Remarks

The study of business cycle fluctuations represents a foundation for applications
such as current economic analysis, policymaking, and forecasting. This study has
capitalized on the link between cyclical models and band-pass filters, which repre-
sents an area of ongoing development in econometrics and statistics. The core reason
for applying a model-based BW and BAL filter is that the series has a cyclical com-
ponent intertwined with other components, such as trend and noise, which must be
effectively removed. In constructing an unobserved component model with such a
cyclical process designed to generate periodic dynamics, the foundation is set for
constructing filters that adapt to the different trend and other properties seen across
diverse time series. Filter construction through model design gives a unified frame-
work. Given the specifications of the components, a set of optimal filters arises.

This study has concentrated on a comprehensive and diverse dataset on the U.S.
real GDP and eleven major NIPA aggregates and it has used the adaptive model-
based BW and BAL filters to analyze and interpret properties and co-movements
in business cycle components across series. The article provides a new set of empiri-
cal regularities via the examination of the lead-lag and Granger-causal relations
between the aggregate cycles in real GDP and the cyclical movements in the NIPA
aggregates, and via the investigation of the ability of the NIPA aggregates to fore-
cast real GDP growth.

Patterns of cross-correlations computed from the cycles extracted with the BW and
BAL filters are consistent with the observed lead-lag relationships between the aggre-
gate cycles of real GDP and the cyclical movements of the NIPA aggregates. Granger-
causality tests based on the cycles extracted with the BW and BAL filters confirmed
empirically observed strong “feedback” causal relationships between real GDP and all
consumption and investment aggregates as well as exports, and the test also confirmed
the unidirectional causal relationship running from real GDP to imports. The “feed-
back” causal relationship between real GDP and government spending may seem con-
trary to Keynesian policies but may comport with other political realities.
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Using data from two sample sets, the forecasting exercises have demonstrated
the ability of some NIPA aggregates to forecast one-, four-, and eight-step ahead
real GDP growth. The results favor the unrestricted two-step Model A that first
separately forecasts the trend and cycle growth of real GDP allowing trend and
cycle components of both real GDP and a NIPA aggregate to be included for the
forecasts, and then combines the forecasted trend and cycle growth to obtain real
GDP growth. Moreover, model-based BW and BAL filters outperformed the HP
and BK filters. In four of the six scenarios, the best forecasts were produced from
the trend and cycles extracted with the BW and BAL filters.

For comparison purposes, the HP and BK filters were also used for the analysis.
The results based on the HP and BK filtered series are not always consistent with
economic intuitions and empirical observations. The cross-correlations based on
the HP and the BK filters are noticeably lower at the longer leads and longer lags
than those based on the cycles extracted with the BW and BAL filters. Moreover,
the HP filtered cycles revealed different lead-lag patterns between the aggregate
cycles and the cyclical movements of some of the NIPA aggregates. Although a pre-
cise explanation for these differing correlation patterns is yet to be explored, the
much noisier cycles extracted with the HP filter perhaps could offer an explanation.

Granger-causality tests based on the BK filtered cycles concluded unidirectional
causal relations running from real GDP to the consumption of durables and non-
durables, as well as the unidirectional causal relations running from total consump-
tion and consumption of services to real GDP. Granger tests based on the HP-
filtered cycles concluded the unidirectional causal relations running from real GDP
to real investment and a “feedback™ causal relation between real GDP and imports,
which run counter to the empirical observations and economic intuitions.

In the forecasting exercises, the HP filtered trend and cycle produced best four-
quarter ahead forecasts in the unrestricted two-step Model A using data from sam-
ple one, but BK filtered trend and cycle series did not produce the best forecasts in
any of the six scenarios.

The basic conclusion from the empirical analysis is that the adaptive model-
based BW and BAL filters have demonstrated the advantages over the commonly
used HP and BK filters for analyzing and interpreting the properties and co-move-
ments in business cycle components across very diverse economic series from the
U.S. national accounts. This is because these filters are implicitly defined by the
models, which in turn are adapted to the data.
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Figure A2-1. Smoothed cycle of RGDP and consumption from selected filters.
Note. Shaded areas in all Figures A2-1 to A2-9 are NBER defined recessions.
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Figure A2-2. Smoothed cycle of RGDP and durable goods from selected filters.
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Figure A2-3. Smoothed cycle of RGDP and non-durable goods from selected filters
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Figure A2-4. Smoothed cycle of RGDP and RES from selected filters.
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Figure A2-5. Smoothed cycle of RGDP and non-residential investment from selected filters.
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Cycles: GDP (BW3) and INV (BALS)
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Figure A2-6. Smoothed cycle of RGDP and inventory change from selected filters.
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Figure A2-7. Smoothed cycle of RGDP and government spending from selected filters.
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Cycles: GDP (BW3) and EXP (BWS8)
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Figure A2-8. Smoothed cycle of RGDP and exports from selected filters.
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Figure A2-9. Smoothed cycle of RGDP and imports from selected filters.
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Cycles: GDP, optimal filter BW3
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Figure A3-1. Smoothed cycle of GDP from selected filter (BW3) and from HP and BK filters.
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Figure A3-2. Smoothed cycle of CON from selected filter (BV8) and from HP and BK filters.
Note. Shaded areas in all Figures A3-1 to A3-10 are NBER defined recessions.
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Cycles: NDUR, optimal filter BW2
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Figure A3-3. Smoothed cycle of NDUR from selected filter (BW2) and from HP and BK filters.
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Figure A3-4. Smoothed cycle of SERV from selected filter (BALI) and from HP and BK filters.
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Cycles: GDPI, optimal filter BW8
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Figure A3-5. Smoothed cycle of GPDI from selected filter (BW8) and from HP and BK filters.
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Figure A3-6. Smoothed cycle of RES from selected filter (BAL2) and from HP and BK filters.
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Figure A3-7. Smoothed cycle of NRES from selected filter (BW2) and from HP and BK filters.
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Cycles: GOV, optimal filter BAL2
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Figure A3-9. Smoothed cycle of GOV from selected filter (BAL2) and from HP and BK filters.
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Figure A3-10. Smoothed cycle of IMP from selected filter (BW?2) and from HP and BK filters.
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component of NIPA aggregates using selected filters and HP and BK filters.

Note. The 95% Cl is computed for the CC from the optimal, that is, the selected model-based BW or BAL
filters indicated in the title of the figures.
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Table Al. Optimal Filters for RGDP and Each NIPA Aggregate.

GDP and NIPA aggregates Q(24) Adjusted R AIC Selected-by Series
Real GDP BW (N=4) BW (N=3) BW(N=3) BW(N=3)
Real investment BAL (N=8) BW (N=8) BW (N=8) BW (N=8)
Residential investment BW (N=3) BAL(N=2) BAL(N=2) BAL(N=2)
Non-residential investment BW (N=2) BW (N=2) BW (N=2) BW (N=2)
Change of private inventory  BAL (N=8) BAL (N=8) BAL(N=8) BAL (N=8)
Consumption BW (N=7) BW (N=8) BW(N=8) BW (N=8)
Consumption, durables BW (N=3) BW (N=3) BW (N=3) BW (N=3)
Consumption, nondurables BW (N=1) BW ((N=2) BW(N=2) BW(N=2)
Consumption, services BW (N=2) BAL(N=1) BAL(N=1) BAL(N=1)
Government BAL (N=2) BAL(N=2) BAL(N=2) BAL(N=2)
Exports BW (N=8) BW (N=8) BW (N=8) BW (N=8)
Imports BW (N=4) BW (N=2) BW(N=2) BW (N=2)

Note. Q(24) from Ljung-Box test for autocorrelation in the residuals, adjusted R?, and AIC are reported in
Table Al. The “best” filter is selected based on AIC which coincides with the selection based on adjusted R

statistic for each series.
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Table A4-1. Minimum Relative RMSFE for Each NIPA Aggregates from Unrestricted and
Restricted Models A, B, and C Extracted with MB, HP, BK Filter, k=1 (Estimation Sample:
1947Q1-1997Q4, Forecasting Sample: 1998Q1-2007Q4, Thirty-Nine Forecasts).

No. NIPA Minimum (RMSFE(Model(Filter))/ Second lowest (R(RMSFE))
AGG RMSFE(RMC(.))
R(RMSFE) MODEL DM p-Value  R(RMSFE) MODEL
(FILTER) stat (DM) (FILTER)
| PCE 0.440* UMAMB) —293 .006 0.449 RMA(MB)
2 DUR 0.449 RMA(MB) —-032 .748 0.461 UMA(MB)
3 NONDUR  0.449 RMA(MB) —-034 .738 0.461 UMA(MB)
4 SERV 0.449 RMA(MB) —1.05 .298 0.460 UMA(MB)
5 GDPI 0.448 UMAMB) —1.57 .125 0.449 RMA(MB)
6 RES 0.449 RMA(MB) 484 .000 0.494 UMA(MB)
7 NONRES 0.449 RMA(MB) —-0.84 .407 0.462 UMA(MB)
8 EXP 0.449 RMA(MB) —-1.97 .056 0.457 UMA(MB)
9 IMP 0.449 RMA(MB) —1.49 .144 0.456 UMA(MB)
10 GOV 0.449 RMA(MB) —-098 .334 0.458 UMA(MB)
Il INVCH 0.449 RMA(MB) 0.41 .683 0.469 UMA(MB)

Note. Entry marked with “*” indicates the best result in this case. UMA, RMA = Unrestricted and Restricted
Model A using Model-based filter MB; p-value (DM) = p-value of DM test statistic; p-value in bold indicates
p > .05, insignificant DM statistic, indicating the difference between RMSFE from the Unrestricted and the
Restricted models are very small. R(RMSFE=RMSFE(Model(filter))/RMSFE(RMC(.)). Entries in RMSFE in bold
are from unrestricted models.

Table A4-2. Minimum Relative RMSFE for Each NIPA Aggregates from Unrestricted and
Restricted Models A, B, and C Extracted with MB, HP, BK Filter, k=4 (Estimation Sample:
1947Q1-1997Q4, Forecasting Sample: 1998Q[-2007Q4, Thirty-Six Forecasts).

No. NIPA AGG Minimum (RMSFE(Model(Filter))/ Second lowest
RMSFE(RMC(.)) (R(RMSFE))
RMSFE MODEL DMstat  p-Value RMSFE  MODEL
(FILTER) (DM) (FILTER)
| PCE 0.414 UMA(MB) 097 337 0.415 RMA(HP)
2 DUR 0.415 RMA(HP) 4.35 .000 0.434 RMA(MB)
3 NONDUR  0.397 UMA(MB) —42I .000 0.399 UMA(HP)
4 SERV 0.395 UMA(HP) —1.09 .282 0.403 UAM(MB)
5 GDPI 0.415 RMA(HP) 202 .051 0419  UAM(MB)
6 RES 0.415 RMA(HP) 2.58 014 0.434 RAM(MB)
7 NONRES 0.387* UMA(HP) —-1.23 .224 0.402 UMA(MB)
8 EXP 0.415 RMA(HP) 0.27 791 0.418 UMA(HP)
9 IMP 0.412 UMA(HP) —0.19 .847 0.415 RMA(HP)
10 GOV 0.409 UMA(HP) -0.59 557 0.415 RMA(HP)
Il INVCH 0.415 RMA(HP) 3.38 .002 0.434 RMA(MB)

Note. Entry marked with “*” indicates the best result in this case. UMA(HP), RMA(HP) = Unrestricted
and Restricted Model A using data from HP filter. UMA(MB), UMA(MB) = Unrestricted and Restricted
Model A using Model-based filter. p-value (DM) = p-value of DM test statistic; p-value in bold color
indicates p > .05, insignificant DM statistic, indicating the differences between RMSFEs from the unrestricted
and the restricted models are very small. R(RRMSFE=RMSFE(Model(filter))/RMSFE(RMC(.)). Entries in bold in
RMSFE are from unrestricted models.
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Table A4-3. Minimum Relative RMSFE for Each NIPA Aggregates from Unrestricted and
Restricted Models A, B, and C Extracted with MB, HP, BK Filter, k =8 (Estimation Sample:
1947Q1-1997Q4, Forecasting Sample: 1998Q1-2007Q4, Thirty-Two Forecasts).

No. NIPA AGG Minimum (RMSFE(Model(Filter))/ Second lowest
RMSFE(RMC(.)) (R(RMSFE))
RMSFE MODEL DMstat  p-Value RMSFE  MODEL
(FILTER) (DM) (FILTER)
| PCE* 0.593 RMA(MB) 1.79 .083 0.609 RMA(HP)
2 DUR 0.593 RMA(MB) 5.36 .000 0.609 RMA(HP)
3 NONDUR 0.583* UMA(HP) —0.42 676 0.593 RMA(MB)
4 SERV 0.593 RMA(MB) 1.44 .16l 0.609 RMA(HP)
5 GDPI 0.593 RMA(MB) 0.11 915 0.597 UMA(MB)
6 RES 0.593 RMA(MB) 3.13 .004 0.609 RMA(HP)
7 NONRES 0.570 UMA(MB) —-1.37 .181 0.593 RMA(MB)
8 EXP 0.593 RMA(MB) 0.34 .738 0.604 UMA(MB)
9 IMP 0.593 RMA(MB) 1.41 .168 0.609 RMA(HP)
10 GOV 0.578 UMA(MB) —1.67 .106 0.593 RMA(MB)
Il INVCH 0.593 RMA(MB) 5.56 .609 0.609 RMA(HP)

Note. Entry marked with “*” indicates the best result in this case. UMA(HP), RMA(HP): Unrestricted and
Restricted Model A using data from HP filter. UMA(MB), RMA(MB): Unrestricted and Restricted Model A
using Model-based filter. p-value = p-value of DM test statistic; p-value in bold red color indicates

p > .05, insignificant DM statistic, indicating the differences between RMSFEs from the unrestricted and the
restricted models are very small R(RMSFE) = RMSFE(Model(filter))/RMSFE(RMC(.)). Entries in RMSFE in
bold are from unrestricted models.

Table A5-1. Minimum Relative RMSFE for Each NIPA Aggregates from Unrestricted and
Restricted Models A, B, and C Extracted with MB, HP, BK Filter, k=1 (Estimation Sample:
1947Q1-2007Q4, Forecasting sample: 2008Q1-2017Q4, Thirty-Nine Forecasts).

No. NIPAAGG  Minimum (RMSFE(Model(Filter))/ Second lowest
RMSFE(RMC(.)) (R(RMSFE))
RMSFE  MODEL DMstat  p-Value RMSFE  MODEL
(FILTER) (DM) (FILTER)
I PCE 0.584 UMABK) —9.73 .000 0.614 RMA(MB)
2 DUR 0.600 UMA(MB) —236 .023 0.614 RMA(MB)
3 NONDUR  0.587 UMABK) —4.89 .000 0.614 RMA(MB)
4 SERV 0.537* UMA(BK) —4.30 .000 0.614 RMA(MB)
5 GDPI 0.602 UMA(MB) —2.04 .048 0614 RMA(MB)
6 RES 0.614 RMA(MB) 3.71 .007 0.626 RMA(BK)
7 NONRES 0.601 UMAMB) 171 .096 0.614 RMA(MB)
8 EXP 0.614 RMA(MB) —0.33 741 0.626 RMA(BK)
9 IMP 0.614 RMA(MB) 231 .026 0.624 UMA(BK)
10 Gov 0.614 RMA(MB) —0.5l1 611 0.617 UMA(BK)
I INVCH 0.614 RMA(MB) -0.99 .328 0.626 UMA(MB)

Note. Entry marked with “*” indicates the best result in this case. UMA(MB), RMA(MB) = Unrestricted
and Restricted Model A using Model-based filter. UMA(BK), RMA(BK): Unrestricted and Restricted Model
A using BK filter. p-value (DM) = p-value of the DM test statistic. p-value in bold indicates p > .05,
insignificant DM statistic, indicating the differences between RMSFEs from the unrestricted and the
restricted models are very small. R(RMSFE) = RMSFE(Model(filter))/RMSFE(RMC(.)). Entries in RMSFE in
bold are from unrestricted models.
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Table A5-2. Minimum Relative RMSFE for Each NIPA Aggregates from Unrestricted and
Restricted Models A, B, and C Extracted with MB, HP, BK Filter, k=4 (Estimation Sample:
1947Q1-2007Q4, Forecasting Sample: 2008Q4-2017Q4, Thirty-Six Forecasts).

No. NIPA AGG Minimum (RMSFE(Model(Filter))/ Second lowest
RMSFE(RMC(.)) (R(RMSFE))
RMSFE MODEL DMstat  p-Value RMSFE MODEL
(FILTER) (DM) (FILTER)
| PCE 0.523 RMA(MB) —1.02 315 0.558 UMA(MB)
2 DUR 0.523 RMAMB)  —1.77 .085 0.55]  UMA(MB)
3 NONDUR 0.523 RMA(MB) 0.62 541 0.586 RMA(HP)
4 SERV 0.523 RMA(MB) 1.45 .154 0.586 RMA(HP)
5 GDPI 0.523 RMA(MB)  —1.12 .268 0.558 UMA(MB)
6 RES 0.523 RMA(MB) 3.24 .003 0.586 RMA(HP)
7 NONRES 0.523 RMA(MB) -0.39 .699 0.571 UMA(MB)
8 EXP 0.523 RMA(MB) 2.15 .038 0.586 RMA(HP)
9 IMP 0.523 RMA(MB) 2.84 .008 0.586 RMA(HP)
10 GOV 0.523 RMA(MB) 3.33 .002 0.586 RMA(HP)
I INVCH 0.523 RMA(MB) 0.72 .AT5 0586  RMA(HP)

Note. Entry marked with “*” indicates the best result in this case. UMA(MB), RMA(MB) = Unrestricted
and Restricted Model A using Model-based filter. RMA(HP) = Restricted Model A using data from HP filter.
p-value (DM) = p-value of the DM test statistic. p-value in bold indicates p > .05, insignificant DM statistic,
indicating the differences between RMSFEs from the unrestricted and the restricted models are very small.
R(RMSFE) = RMSFE(Model(filter))/RMSFE(RMC(.)). Entries in RMSFE in bold are from unrestricted models.

Table A5-3. Minimum Relative RMSFE for Each NIPA Aggregates from Unrestricted and
Restricted Models A, B, and C Extracted with MB, HP, BK Filter, k=8 (Estimation Sample:
1947Q1-2007Q4, Forecasting Sample: 2009Q4-2017Q4, Thirty-Two Forecasts).

No. NIPA AGG Minimum (RMSFE(Model(Filter))/ Second lowest
RMSFE(RMC(.)) (R(RMSFE))
RMSFE MODEL DMstat  p-Value RMSFE  MODEL
(FILTER) (DM) (FILTER)
| PCE 0.617* UMA(MB) —3.00 .005 0.618 UMB(MB)
2 DUR 0635  RMA(MB) —-006  .956 0.659 UMA(MB)
3 NONDUR  0.635 RMA(MB) -0.22 .820 0.648 UMA(MB)
4 SERV 0.635 RMA(MB) 1.74 091 0.693 UMA(BK)
5 GDPI 0.635 RMA(MB) 0.13 .896 0.669 UMA(MB)
6 RES 0.635 RMA(MB) 2.65 012 0.703 RMA(HP)
7 NONRES 0.635 RMA(MB) 5.16 .000 0.703 RMA(HP)
8 EXP 0.635 RMA(MB) 2.01 .053 0.703 UMA(MB)
9 IMP 0.635 RMA(MB) 34| .002 0.703 RMA(HP)
10 GOV 0.635 RMA(MB) 2.74 010 0.698 UMA(MB)
Il INVCH 0.635 RMA(MB) 0.54 .593 0.703 RMA(HP)

Note. Entry marked with “*” indicates the best result in this case. UMA(MB), RMA(MB) = Unrestricted
and Restricted Model A using Model-based filters. UMB(MB) = Unrestricted Model B using data from
Model-based filter. UMB(BK) = Unrestricted Model A using BK filter. p-value = p-value of the DM test
statistic. p-value in bold color indicates p > .05, insignificant DM statistic, indicating the differences between
RMSFEs from the Unrestricted and Restricted models are very small. R(RMSFE) = RMSFE(Model(filter))/
RMSFE(RMC(.)). Entries in RMSFE in bold are from unrestricted models.
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Table Aé-1. Minimum Relative RMSFEs for Each NIPA Aggregate Included for One-, Four-, and
Eight-Step Ahead Forecasts Using Data from Sample One and Sample Two.

NIPA AGG Min(R(RMSFE))—Sample | Min(R(RMSFE))—Sample 2

R(RMSFE ~ R(RMSFE  R(RMSFE ~ R(RMSFE  R(RMSFE  R(RMSFE
(k=1)) (k=4)) (k=8)) (k=1)) (k=4)) (k=8))

PCE 0.440% 0414 0.593 0.584 0.523 0.617*
DUR 0.449 0415 0.593 0.600 0.523 0.635
NONDUR 0.449 0.397 0.583 0.587 0.523 0.635
SERV 0.449 0.395 0.593 0.537* 0.523 0.635
GDPI 0.448 0415 0.593 0.602 0.523 0.635
RES 0.449 0415 0.593 0.614 0.523 0.635
NONRES 0.449 0.387* 0.570* 0.601 0.523 0.635
EXP 0.449 0415 0.593 0614 0.523 0.635
IMP 0.449 0.412 0.593 0.614 0.523 0.635
GOV 0.449 0.409 0.578 0614 0.523 0.635
INVCH 0.449 0415 0.593 0614 0.523 0.635

Note. Entries in regular font are results from model A using model-based filters (MB); entries in italic font are
results from Model A using HP filtered data; and entries underlined are results from Model A using BK
filtered data. Entries in bold are results from Unrestricted models. Entries marked with “*” indicate the
lowest R(RMSFE) of each scenario. Reporting results in relative RMSFEs breaks down the monotonic
increasing RMSFEs observed from RMSFEs from sample one forecasts, as the RMSFE from RMC for k=4 is
about 40% larger than RMSFEs for k= | and 8 forecasts. R(RMSFE = RMSFE(Model(filter))/RMSFE(RMC(.)).

Table Aé-2. Comparison of Relative Minimum RMSFEs for Each NIPA Aggregate Included in
the Forecasts from Sample One and Sample Two for Each Forecasting Horizon.

NIPA AGG k=1 k=4 k=8

R(RMSFE ~ R(RMSFE ~ R(RMSFE  R(RMSFE ~ R(RMSFE  R(RMSFE
s=1 (5=2) (s=1) (5=2) =1 (5=2)

PCE 0.440% 0.584 0.414 0.523 0.593 0.617*
DUR 0.449 0.600 0415 0.523 0.593 0.635
NONDUR 0.449 0.587 0.397 0.523 0.583 0.635
SERV 0.449 0.537* 0.395 0.523 0.593 0.635
GDPI 0.448 0.602 0415 0.523 0.593 0.635
RES 0.449 0.614 0415 0.523 0.593 0.635
NONRES 0.449 0.601 0.387% 0.523 0.570% 0.635
EXP 0.449 0.614 0415 0.523 0.593 0.635
IMP 0.449 0.614 0.412 0.523 0.593 0.635
GOV 0.449 0.614 0.409 0.523 0.578 0.635
INVCH 0.449 0.614 0415 0.523 0.593 0.635

Note. Entries in regular font are results from model A using model-based filters (MB); entries in italic font are
results from Model A using HP filtered data; and entries underlined are results from Model A using BK
filtered data. Entries in bold are results from Unrestricted models. Minimum relative RMSFEs from sample
two are generally larger than those from sample one. Reporting forecasting accuracy using relative RMSFEs
reversed the comparative orders from using RMSFEs. R(RMSFE = RMSFE(Model(filter))/RMSFE(RMC(.)).
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