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with GDP deflator inflation. For instance, with h = 1 very few predictors are included,
with money being an important predictor near the beginning of the sample and inflation
expectations being important near the end. However, for GDP deflator inflation with
h = 1, the predictor reflecting earnings (WAGE) comes through as being the strongest
predictor after 1980 (this variable was not found to be an important predictor for CPI
inflation).

Housing starts is another variable which often has strong predictive power for both
measures of inflation. But, interestingly, only at medium or long horizons. For h = 1,
there is no evidence at all that housing starts have predictive power for inflation.

The interested reader can examine Figures 2 through 7 for any particular variable of
interest. Most of our potential explanatory variables come through as being important at
some time, for some forecast horizon for some measure of inflation. Only CONS, DJIA,
COMPRICE and PMI never appear in Figures 2 through 7. But it is clearly the case that
there is a large variation over time, over forecast horizons and over measures of inflation
in what is a good predictor for inflation. We stress that the great benefit of DMA and
DMS is that they will pick up good predictors automatically as the forecasting model

evolves over time.
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Figure 2: Posterior Probability of Inclusion of Main Predictors (CPI inflation, h = 1)
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Figure 3: Posterior Probability of Inclusion of Main Predictors (CPI inflation, h = 4)
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Figure 4: Posterior Probability of Inclusion of Main Predictors (CPI inflation, h = 8)
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Figure 5: Posterior Probability of Inclusion of Main Predictors (GDP deflator inflation,
h=1)
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Figure 6: Posterior Probability of Inclusion of Main Predictors (GDP deflator inflation,
h=4)
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Figure 7: Posterior Probability of Inclusion of Main Predictors (GDP deflator inflation,
h =38)

3.2 Forecast Performance: DMA versus Alternative Forecast

Procedures

There are many metrics for evaluating forecast performance and many alternative fore-
casting methodologies that we could compare our DMA and DMS forecasts to. In this
paper, we present two forecast comparison metrics involving point forecasts. These are
mean squared forecast error (MSFE) and mean absolute forecast error (MAFE). We also
present a forecast metric which involves the entire predictive distribution: the sum of log
predictive likelihoods. Predictive likelihoods are motivated and described in many places
such as Geweke and Amisano (2007). The predictive likelihood is the predictive density
for y, (given data through time ¢ — 1) evaluated at the actual outcome. The formula for
the one-step ahead predictive density in model [ was denoted by p; (y¢|y*~!) above and can
be calculated as described in Section 2.3. We use the direct method of forecasting and,
hence, the log predictive density for the h-step ahead forecast is the obvious extension of
this. We use the sum of log predictive likelihoods for forecast evaluation, where the sum
begins in 1970Q1. MSFEs and MAFEs are also calculated beginning in 1970Q1.

In terms of alternative forecasting methods, we present results for:
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e Forecasts using DMA with a = A = 0.99.
e Forecasts using DMS with o = A = 0.99.

e Forecasts using a single model containing all the predictors, but with time varying
parameters (i.e. this is a special case of DMA or DMS where 100% of the prior
weight is attached to the model with all the predictors, but all other modelling
choices are identical including A = 0.99). This is labelled TVP in the tables.

e Forecasts using DMA, but where the coefficients do not vary over time in each model

(i.e. this is a special case of DMA where A = 1).
e Forecasts using BMA (i.e. this is a special case of DMA where A = oo = 1).
e Recursive OLS forecasts using an AR(2) model.
e Recursive OLS forecasts using all of the predictors.

e Random walk forecasts.

The final three methods are not Bayesian, so no predictive likelihoods are presented
for these cases.

Tables 1 and 2 present results for our forecasting exercise for our two different measures
of inflation. The big picture story is a clear and strong one: DMA and DMS forecast well.
In most cases much better than other forecasting methods and in no case much worse
than the best alternative method. We elaborate on these points below.

Consider first the log predictive likelihoods (the preferred method of Bayesian forecast
comparison). These always indicate that DMA or DMS forecasts best. One message
coming out of Tables 1 and 2 is that simply using a TVP model with all predictors leads
to very poor forecasting performance. Of course, we are presenting results for only a
single empirical exercise. But TVP models such as TVP-VARs are gaining increasing
popularity in macroeconomics and the very poor forecast performance of TVP models
found in Tables 1 and 2 should serve as a caution to users of such models (at least in
forecasting exercises). Clearly, we are finding that the shrinkage provided by DMA or
DMS is of great value in forecasting.

DMA and DMS extend conventional forecasting approaches by allowing for model
evolution and parameter evolution. A message provided by the predictive likelihoods is
that most of the improvements in forecasting performance found by DMA or DMS are
due to their treatment of model evolution rather than parameter evolution. That is, DMA

with constant coefficient models typically forecasts fairly well and occasionally even leads
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to the best forecast performance (see the results in Tables 1 and 2 for h = 1). Recently,
macroeconomists have been interested in building models involving parameter change
of various sorts. Our results suggest that allowing for the model to change is at least
as important. At short horizons, conventional BMA forecasts fairly well, but at longer
horizons it tends to forecast poorly.

Predictive likelihoods also consistently indicates that DMS forecasts a bit better than
DMA (although this result does not carry over to MAFEs and MSFEs where DMA tends
to do better). DMS and DMA can be interpreted as doing shrinkage in different ways.
DMS puts zero weight on all models other than the one best model, thus “shrinking”
the contribution of all models except one towards zero. It could be that this additional
shrinkage provides some additional forecast benefits over DMA.

If we turn our attention to results using MSFE and MAFE, we can see that the previous
picture still holds (although DMA does somewhat better relative to DMS than we found
using predictive likelihoods). In addition, we can say that naive forecasting methods such
as using an AR(2) or random walk model are clearly inferior to DMA and DMS for both
measures of inflation at all forecast horizons. However, with CPI inflation, recursive OLS
forecasting using all the predictors does well at the long horizon (h = 8). Forecasting
at such a long horizon is difficult to do, so it is unclear how much weight to put on this
result (and predictive likelihoods for this non-Bayesian method are not calculated). But
it is worth noting that the good performance of recursive OLS in this case is not repeated

for inflation measured using the GDP deflator nor at shorter horizons.
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Table 1: Comparing Different Forecasting Methods: CPI inflation

Forecast

Sum of log

MSFE | MAFE
Method pred. like.

h=1
DMA —85.31 47.48 | 26.37
DMS —82.26 48.96 | 27.82
TVP —182.36 54.70 | 32.20
DMA (A =1) —81.63 45.00 | 23.02
BMA (DMA with a = A=1) | —84.12 46.07 | 24.14
Recursive OLS — AR(2) - 57.52 | 41.58
Recursive OLS — All Preds. — 52.76 | 34.16
Random Walk — 54.59 | 35.14

h =4
DMA —108.73 59.34 | 41.28
DMS —103.91 59.02 | 41.02
TVP —178.30 82.28 | 72.24
DMA (A =1) —111.97 60.22 | 41.94
BMA (DMA with o = A = 1) | —123.32 65.43 | 47.28
Recursive OLS — AR(2) — 75.00 | 66.17
Recursive OLS — All Preds — 58.36 | 42.08
Random Walk — 77.30 | 66.75

B —
DMA —121.02 67.56 | 57.31
DMS —120.29 68.44 | 63.69
TVP —154.04 72.82 | 62.40
DMA (A =1) —129.76 69.45 | 60.38
BMA (DMA with a = A =1) | —145.80 79.42 | 75.77
Recursive OLS — AR(2) - 83.43 | 81.11
Recursive OLS — All Preds — 62.85 | 46.32
Random Walk — 99.24 | 117.35
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Table 2: Comparing Different Forecasting Methods: GDP Deflator inflation
Forecast Sum of log MSFE | MAFE
Method pred. like.

h=1

DMA —27.10 34.47 | 12.98

DMS —24.97 35.61 | 13.70

TVP —176.90 38.85 | 16.99

DMA (A =1) —21.47 33.17 | 12.02

BMA (DMA with a = A =1) | —25.00 34.58 | 13.10

Recursive OLS — AR(2) - 40.10 | 17.34

Recursive OLS — All Preds — 37.34 | 14.30

Random Walk — 37.39 | 15.19

h=4

DMA —23.81 35.13 | 15.23

DMS —18.20 35.72 | 15.42

TVP —180.20 43.82 | 23.33

DMA (A =1) —33.38 39.68 | 19.57

BMA (DMA with o = A =1) | —46.41 42.85 | 21.64

Recursive OLS — AR(2) — 48.54 | 28.97

Recursive OLS — All Preds - 43.09 | 19.92

Random Walk — 44.28 | 24.57

h—

DMA —59.79 47.73 | 29.01

DMS —59.43 48.88 | 30.38

TVP —184.60 57.84 | 33.82

DMA (A =1) —62.95 47.60 | 27.78

BMA (DMA witha=XA=1) | —81.22 53.37 | 33.20

Recursive OLS — AR(2) — 62.90 | 39.48

Recursive OLS — All Preds — 53.42 | 32.33

Random Walk — 59.16 | 46.07

3.3 Sensitivity Analysis

Our previous DMA and DMS results were for our benchmark case where o = A = 0.99.
As discussed previously, researchers in this field choose pre-selected values for o and A

and the interval (0.95,0.99) is the empirically sensible one for most empirical applications.

22



It would be possible to choose o and A in a data-based fashion, but this is typically not
done for computational reasons. For instance, the researcher could select a grid of values
for these two forgetting factors and then do DMA at every possible combination of values
for @ and A. Some metric (e.g. an information criteria or the sum of log predictive
likelihoods through time ¢t — 1) could be used to select the preferred combination of o and
A at each point in time. However, this would turn an already computationally demanding
exercise to one which was ¢g? times as demanding (where ¢ is the number of values in the
grid). Accordingly, researchers such as Raftery et al (2007) simply go with o = A = 0.99
and argue that results will be robust to reasonable changes in these factors. In order
to investigate such robustness claims, Tables 3 and 4 present results for our forecasting
exercise using different combinations of the forgetting factors.

Overall, Tables 3 and 4 reveal a high degree of robustness to choice of o and .
If anything, these tables emphasize the benefits of DMA in that measures of forecast
performance are sometimes better than those in Tables 1 and 2 and rarely much worse.

One finding of particular interest is that the combination o = 0.95 and A = 0.99
tends to forecast very well, for both of our measures of inflation. Note that the value
a = 0.95 allows for quite rapid change in forecasting model over time. This is consistent
with a story we have told before: that it appears that allowing for models to change over
time is more important in improving forecast performance than allowing for parameters

to change (at least in our data sets).
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Table 3: Sensitivity Analysis: CPI inflation

Forecast Sum of log MSFE | MAFE
Method pred. like.
h=1
DMA, a =X =0.95 —107.19 47.29 | 24.87
DMS, a = X =0.95 —74.57 43.94 | 23.16
DMA, o =0.99,A = 0.95 | —95.39 58.30 | 26.61
DMS, o =0.99,A =0.95 | —87.24 48.92 | 28.81
DMA, a =0.95,A =0.99 | —91.48 45.63 | 22.57
DMS, a = 0.95, A =0.99 | —52.04 40.53 | 21.65
h=4
. DMA, a=X=0.95 —106.25 54.26 | 34.31
| DMS, o = A =0.95 —57.34 46.44 | 26.19
DMA, a =0.99,A =0.95 | —101.91 56.16 | 35.94
DMS, o =0.99,A = 0.95 | —98.64 59.34 | 42.43
DMA, oo =0.95, A =0.99 | —100.38 54.87 | 34.46
DMS, a =0.95,A =0.99 | —61.37 47.63 | 26.36
h=28
DMA, o =X =0.95 —98.15 56.19 | 33.84
DMS, a =X =0.95 —51.29 47.28 | 28.68
DMA, a =0.99,A = 0.95 | —111.58 64.04 | 51.40
DMS, o =0.99,A = 0.95 | —114.02 67.02 | 56.72
DMA, o =0.95,A =0.99 | —92.93 56.48 | 36.06
DMS, o =0.95,A =0.99 | —66.48 51.30 | 31.35
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Table 4: Sensitivity Analysis: GDP Deflator inflation

Forecast Sum of log MSFE | MAFE
Method pred. like.
h=1
DMA, a=X=10.95 —66.23 36.20 | 14.03
DMS, a=X=0.95 —46.81 38.12 | 15.96
DMA, o =0.99, A = 0.95 | —48.89 38.04 | 15.75
DMS, o = 0.99, A = 0.95 | —48.56 38.77 | 16.52
DMA, a =0.95, A= 0.99 | —34.45 32.17 | 11.33
DMS, o =0.95,A=0.99 | —0.11 30.76 | 10.84
h=4
| DMA, a=X=0.95 —26.49 35.52 | 15.26
| DMS, o = A =0.95 —10.48 37.48 | 18.60
DMA, a =0.99, A\ = 0.95 | —37.50 42.46 | 22.79
DMS, o =0.99, A =0.95 | —36.97 43.24 | 24.02
DMA, a =0.95,A=0.99 | —13.04 32.25 | 13.48
DMS, o = 0.95, A = 0.99 | 25.36 28.87 | 11.81
h=28
DMA, a=X=0.95 —42.43 37.90 | 18.04
DMS, a = X =0.95 —19.91 39.48 | 22.48
DMA, o =0.99,A = 0.95 | —57.95 46.96 | 29.40
DMS, o = 0.99, A = 0.95 | —58.65 48.58 | 30.31
DMA, o =0.95,A =0.99 | —36.93 38.19 | 18.36
DMS, o =0.95,A=0.99 | —12.26 37.47 | 20.51

4 Conclusions

in a simple, elegant and sensible manner.
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This paper has investigated the use of DMA and DMS methods for forecasting US in-
flation. These extend conventional approaches by allowing for the set of predictors for
inflation to change over time. When you have K models and a different one can poten-
tially hold at each of T' points in time, then the resulting K7 combinations can lead to
serious computational and statistical problems (regardless of whether model averaging or

model selection is done). As shown in this paper, DMA and DMS handle these problems

In our empirical work, we present evidence indicating the benefits of DMA and DMS.

In particular, it does seem that the best predictors for forecasting inflation are changing




considerably over time. By allowing for this change, DMA and DMS lead to substantial

improvements in forecast performance.
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Data Appendix

The variables used in this study were taken from the sources in table below. All series

were seasonally adjusted, where applicable, and run from 1959:Q1 to 2008:QQ2. Some series

in the database were observed on a monthly basis and quarterly values were computed

by averaging the monthly values over the quarter. All variables are transformed to be

approximately stationary. In particular, if z;; is the original untransformed series, the

transformation codes are (column Tcode below): 1 - no transformation (levels), x;; = z;4;

2 - first difference, x;; = z;; — 2i4—1 ; 4 - logarithm, z,;;, = log z;;; 5 - first difference of

logarithm, z;, = log 2z;; — log 2; ;1.

# Mnemonic Tcode Description Source

1  GDPDEFL ) Gross Domestic Product: Implicit Price Deflator ~ FRED

2 CPI 5 Consumer Price Index For All Urban Consumers: FRED
All Ttems

3 UNEMP 1 Civilian Unemployment Rate FRED

4 CONS 5 Real Personal Consumption Expenditures FRED

5 INV 5 Private Residential Fixed Investment FRED

6 GDP 5 Real Gross Domestic Product, 3 Decimal FRED

7 HSTARTS 4 Housing Starts: Total: New Privately Owned FRED
Housing Units Started

8 EMPLOY 5) All Employees: Total Private Industries FRED

9 PMI 2 ISM Manufacturing: PMI Composite Index FRED

10 COMPRICE 2 NAPM Commodity Prices Index (Percent) Bloomberg

11 VENDOR 2 NAPM Vendor Deliveries Index (Percent) Bloomberg

12 WAGE 5 Average Hourly Earnings: Manufacturing FRED

13 TBILL 1 3-Month Treasury Bill: Secondary Market Rate FRED

14 SPREAD 1 Spread 10-year T-Bond yield / 3-month T-Bill FRED
(GS10 -TB3MS)

15 DJIA Dow Jones Industrial Average Bloomberg

16 MONEY M1 Money Stock FRED

17 INFEXP University of Michigan Inflation Expectations Uni. of Mich.
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