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A Settings used in forecasting exercise

While all technical details regarding our methodology are provided in detail in the paper, we have
skipped details for the numerous competing algorithms used in the Monte Carlo and empirical

exercises.

e DSS algorithm, Rockova and McAlinn (2021): We followed the authors and tried the
various settings they suggest in their Section 7: Synthetic high-dimensional data. For our DGP
the best performance was achieved with ¢g = 0, ¢; = 0.98, A} = 10 x (1 — ¢?), Ao = 0.9 and
© = 0.92 (note that for p = 50 the authors suggest © = 0.98, but we found that a lower value

does better as p gets larger, while it doesn’t deteriorate performance for p = 50).

e MCMC algorithm, Chan and Jeliazkov (2009): This is the standard time-varying
parameter regression model used in economics, see for example Cogley and Sargent (2005). It
consists of equations (9) and (10) in the main text, but with the addition that the measurement
error variance follows a geometric random walk. As with VBDVS, the crucial setting that affects
the amount of time-variation in regression coefficients is the prior on the state variances, which
is of the form w;l ~ Gamma(vy,ve). We set the conservative choice v; = 3 and vy = 20, which
implies that w; has prior mean around 0.016. In order to estimate this model efficiently, we use

the Gibbs sampler algorithm of Chan and Jeliazkov (2009).

e Dynamic Model Averaging, Koop and Korobilis (2012): We use standard settings
described in Koop and Korobilis (2012) with o = 0.99, A = 0.99 and = 0.96.

e Bagging, Breiman (1996): With the bagging algorithm we first resample our data B times
with replacement blocks of size m. For each pseudo-generated dataset we estimate with ordinary
least squares using the Newey and West estimator of the covariance with lag truncation parameter
int {T 1/ 4}. We select the optimal model using only those predictors that have t-statistics larger
than a threshold ¢* in absolute value. We forecast with the optimal model, and the bagging
forecast is obtained as the average of all forecasts over the B Bootstrap replications. We set

B =1000, m =1 and ¢* = 2.807.

¢ Elastic Net, Zou and Hastie (2005): We use the MATLAB function “lasso” that is available
in the Statistics and Machine Learning Toolbox. We use 10-fold cross validation for selecting

the optimal A parameter, and we fix o = 0.75.



e Gaussian Process Regression: Gaussian Process Regression (GPR) is a very powerful
machine learning method that allows flexible nonparametric estimation targeted towards
prediction. We use the MATLAB function “fitrgp” that is available in the Statistics and Machine
Learning Toolbox. This is estimated using the following settings:
fitrgp(X,y,’Basis’,’linear’,’Optimizer’,’QuasiNewton’,’verbose’,1,

’FitMethod’,’exact’,’PredictMethod’, ’exact’)

e Partial Least Squares: Partial Least Squares (PLS) is a method that originated in
chemometrics. It allows to estimate factors that are extracted with reference to the variable to be
predicted (target variable). Principal components instead maximize only the variance explained
by the large dataset, and may not be optimal for prediction of the target variable. While more
elegant methods have been proposed recently, such as the three-pass regression filter, the PLS is
undeniably a good benchmark for assessing whether we can improve on the information content
of simple principal component estimates. We use again the MATLAB function “plsregress”
available in the Statistics and Machine Learning Toolbox, and we extract five factors from our

dataset.

e Structural breaks model, Koop and Potter (2007): The Koop and Potter (2007)
specification is a structural breaks model that builds on the more general time-varying parameter
(TVP) specification but doesn’t allow breaks to occur necessarily in each time period. The KP-

AR model is of the form

Yirh = TiBs, + 05 Etun, (1)
ﬁst = /Bst71 + Tlsys (2)
log Osy — log Og_y T (sw (3)

where x; includes only an intercept and lags of y;, €445 is an error following the standard
normal distribution and s; € {1,2,..., K} is a Markov switching process with K states. This
specification follows much of the Bayesian structural breaks literature and assume that the
transition probabilities matrix is block diagonal, such that we can move from one regime to the
next and never come back (which is the distinguishing feature of structural breaks compared

to standard regime-switching specifications). We follow Bauwens et al. (2015) and specify a



maximum number of K4, = 10 and allow the Gibbs sampler to determine how many structural
breaks are relevant (up to the maximum of K,,,,). We also use fairy reasonable priors and initial
conditions as in Bauwens et al. (2015) and Korobilis (2021), and the reader is referred to this

paper and its Appendix for all the tedious computational details.

Unobserved Components Stochastic Volatility, Stock and Watson (2007): The Stock
and Watson (2007) unobserved components stochastic volatility (UC-SV) model only allows for

a time-varying intercept, that is, it is a local level specification of the form

Yerh = Tt+ Of€ith, (4)
T = T—1+ 0, (5)
logo; = logoj_q + ¢, (6)
logoy = logo, | + &, (7)

where we observe that not only the measurement error 4, features stochastic volatility, but also
the variance of state error ;. This model has been specifically proposed for forecasting inflation,
but it is a parsimonious and flexible time-varying parameter specification that can fit other
series as well. This model is the most parsimonious among all other time-varying parameter
specifications presented in this Section, as it only requires specification of initial conditions
and priors for the scalar variances of the volatility parameters. In any case, selection of these
hyperparameters needed for estimation follows again the exact implementation of Bauwens et al.

(2015).

Time Varying Dimensions, Chan et al. (2012): The time-varying dimension (TVD) model

of Chan et al. (2012) takes the following form

P

Yerh = > 8Bt + Etrn, (8)
=1

By = PBr—1+m, 9)

where s;; is an indicator variable such that when s;; = 0 the 4% predictor is removed from the
regression model in period ¢ only, and when s;; = 1 it is included in the regression. This is a

very flexible specification that generalizes the Giordani and Kohn (2008) specification to allow



for a predictor to exit the regression only in certain periods. We use the default settings and
priors suggested by Chan et al. (2012)!. Following the exact implementations by the authors,
also means that for computational reasons, the s;; are not allowed to index all possible 2P models
available in each time period. Instead only models with one variable at a time, the full model,
and the model with no predictors are estimated and then the optimal model is chosen among this
reduced number of specifications. Finally, the authors define three different ways of specifying
a TVD model. The specification used here is the first model presented in that paper. Priors,
initial conditions and posterior computation for this first model can be found in Section 1.1 of

the online Appendix of Chan et al. (2012).

!Joshua Chan kindly provided code for their model, which I gratefully acknowledge.
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C Simulation study

In this section we evaluate the performance of the new estimator using artificial data. Although
we view the algorithm as primarily a forecasting algorithm, it is also important to investigate its
estimation accuracy in an environment where we know the true data generating process (DGP). Thus,
we wish to to establish that the VBDVS is able to track time-varying parameters satisfactorily and
establish that the dynamic variable selection prior is able to perform shrinkage and selection with high
accuracy (at least in cases where we know that the DGP is that of a sparse TVP regression model).
We also wish to investigate the computational gains that arise from application of variational Bayes
methods on the complex dynamic variable selection prior structure.

In all our experiments we use the following DGP:

v = Puzie+ Puxo + ... + Bprxpr + orer, ¢ ~ N(0,1) (C.1)

zjy ~ N(0,1), j=1,...,p (C.2)

Bit = Sjtx 04 (C.3)

00 = 0,4 p(00-1—8;)+ e, nje~N(0,1) (C4)

log (07) = o+ ¢ (log (o71) —a°) + &Gy G~ N(0,1) (C.5)
00 = 6;, log(og)=c". (C.6)

Our benchmark specification sets 8 = (—1.7,2.9,1.4, —2.3,0), o2 = 0.1, p=0¢0=099,0=¢§= T-1/2,
In the specification above s; is T' x 1 vector of either zeros or ones, such that 3;; = 0,; when s;; = 1,
and zero otherwise. We set s1; =1 fort =1,...,[T/3] — 1 and zero otherwise, so; =1Vt =1,...,T,
s3r=1fort=1,...,|T/2] — 1 and zero otherwise, s4; = 0 for t = 1,..., |T//2] — 1 and zero otherwise.
These choices mean that 1 ; is zero during the last third of the sample, 32 ; is a relevant predictor in
all periods, 3 is zero during the last half of the sample, and 34, is zero during the first half of the
sample. Any other coefficient for j = 5, ..., p is zero at all periods, i.e. s;;, =0V j>4,t=1,..,T.
By doing so, we simulate a situation where only one predictor is relevant in all time periods, three
predictors are relevant only in certain subsamples of the data, and all remaining p — 4 predictors are
irrelevant for y at all time periods.

After we generate artificial data, we compare three competing estimation algorithms for TVP

models: i) our variational Bayes dynamic variable selection (VBDVS) algorithm, ii) the EM algorithm
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implementation of the dynamic spike and slab (DSS) of Rockova and McAlinn (2021), and iii) Gibbs
sampling (MCMC) estimation of the TVP model using the fast algorithm of Chan and Jeliazkov (2009).
While there are numerous other algorithms available for estimating TVP models, our limited choice of
algorithms reflects our desire to simulate exclusively high-dimensional models. By doing so, we exclude
most of the recently proposed Bayesian methodologies cited in the Introduction. These methodologies
introduce various flexible parameterizations (like we do) that result, however, in the need for many
tuning parameters and estimation via MCMC, such that they become unreasonably cumbersome for
p > 50. Our model instead, as we demonstrate in detail later, requires very straightforward tuning.
The default prior setting we use for the VBDVS algorithm is based on the case Prior 3 presented in
the main text. The settings used in the DSS and MCM algorithms are discussed in Section A of this
supplement. In order to compare numerically these algorithms we generate R = 500 datasets from the
above DGP for various choices of sample size and total number of predictors, namely 7" = 100, 200, 500
and p = 50,100,200. Subsequently squared deviations between true and estimated parameters are
calculated, and then averaged over the 1" time periods, and p predictors. To be precise, if we let (ﬁf”‘e)
denote the true artificially generated coefficients and <ﬁg ,0{ ), for j = VBDVS,DSS, MCMC, the

estimates of these coefficients, we calculate the sum of mean squared deviations (MSD) statistic as

e 1% 1 iz (Bme,(r) _ﬁj,(r))Q (C.7)
5T mR&\Txp it " ’

t=1 i=1

where 7 =1, ..., R, R = 500, denotes the number of Monte Carlo iterations.
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Time-varying coefficient estimates
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Figure C1: VBDVS coefficient estimates of the first 20 predictors generated from the DGP with T = 200
and p = 200. Black dashed lines are the true generated coefficients. Posterior medians (over the 100

Monte Carlo iterations) of VBDVS estimates are shown with green solid lines, and grey areas denote
16" and 84" percentiles.
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Time-varying inclusion probabilities
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Figure C2: Time-varying posterior inclusion probabilities (expected value of y;; estimates) of the first
20 predictors generated from the DGP with T = 200 and p = 200. These probabilities are means over
the 100 Monte Carlo iterations.

Figure C1 shows the coefficient estimates from VBDVS for the case T = p = 200. This plot
compares the posterior median (green solid lines) versus the true generated coefficients (black dashed
lines). The 16" and 84" percentiles over the 100 Monte Carlo iterations are also shown as a shaded
area around the posterior median. Only the first 20 coefficients, out of the possible 200, are plotted.
The first row shows the four coefficients that, at least in some periods, are non-zero, followed by 16
coefficients that are exactly zero. It is impossible to plot the remaining 180 coefficients in the DGP
that are exactly zero, but their estimates are represented fairly well by the estimates of coefficients s ;
- (20, shown in Figure C1. Under the assumption of sparsity in the DGP, the VBDVS algorithm is
able to recover the true coefficients with accuracy. Not only the coefficients that are zero in the DGP
in all periods are correctly estimated to be zero, but also the three coefficients that are zero only in
certain subsamples are estimated precisely. When a coefficient is initially zero and later in the sample

becomes important (see coefficient (4;), and vice-versa (see coefficients 51 and f3;), the dynamic
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variable selection algorithm is able to identify and jump quickly to the new state. Figure C2 shows
that the true reason why estimation is so precise — even in such a demanding case with 200 time-
varying coefficients for only 200 observations — is because the estimates of the time-varying posterior
inclusion probabilities (PIPs) of each predictor are recovered with precision in the first instance. By
identifying correctly which variables should be excluded from the regression model in each period
results in shrinking many coefficients to zero and allowing to preserve enough degrees of freedom for
estimation of non-zero coefficients.

Table C1 shows the values of the MSD statistics for the three algorithms under the different
combinations of T and p. Given that the MSD statistics measure deviation from the true coefficient,
lower values imply that a certain estimation algorithm has done better recovery of the coeflicients
generated by the DGP. In all cases VBDVS has the best performance among all competing algorithms.
The estimation error of the MCMC algorithm is quite large mainly because the algorithm is unable
to shrink all p — 4 coefficients in the DGP that are exactly zero. The DSS algorithm provides a better
fit since it is also an algorithm that does dynamic variable selection and shrinkage. Its performance is
slightly inferior to VBDVS, but the results should not be taken as final evidence. While we have put
every effort to follow closely the settings suggested by Rockova and McAlinn (2021), there might be
other priors that could improve the performance of this algorithm.

Another important feature of the VBDVS algorithm is its fast computing time. While it is not
surprising that our algorithm is faster compared to MCMC, our algorithm can provide substantial
savings in high-dimensional settings compared to the DSS that relies on the EM algorithm. Columns 6-
8 in Table C1 reveals that VBDVS can be multiple times faster than both DSS and MCMC algorithms.
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Table C1: MSD statistics and computing time for Monte Carlo exercise

MSD statistic Computing time (secs)

VBDVS DSS MCMC VBDVS DSS MCMC

p =50 0.203 0.419 7.979 1.2 8.3 22.6

T =100 p=100 0.469 1.014  11.787 72 20.1 106.6
p = 200 0.536 1.915  14.628 299 458 402.0

p =50 0.047 0.256 5.825 5.5 19.9 49.9

T =200 p=100 0.088 0.789  10.583 10.1  40.1 232.2
p =200 0.165 1.780  17.983 38.6 919 841.4

p =350 0.019 0.147 4.613 8.3 511 125.2

T =500 p=100 0.043 0.819 9.095 50.9 125.1 555.6
p = 200 0.085 1.679  18.398 83.6 220.6 2127.8

Notes: Computing times are based on a Windows 10 laptop running MATLAB 2020a, featuring an Intel i7-8665U processor and
32GB of RAM.
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D Additional forecasting exercise: Tracking the Weekly Economic
Index (WEI)

In this Section we provide the results of an additional macroeconomic forecasting exercise using weekly
US data. During the 2020 Global Pandemic it was made clear to policy-makers that there was a need
for real-time tracking of the macroeconomy. Quarterly releases of GDP that are subject to numerous
revisions are excessively slow in order to allow for real-time decision-making (e.g. measuring the
impacts of lockdowns to the economy). For that reason the New York Federal Reserve Bank released in
April 2020 the Weekly Economic Index (WEI, https://www.newyorkfed.org/research/policy /weekly-
economic-index/) that tracks movements in GDP on a weekly basis.

While there is no theoretical or empirical reason to forecast the WEI (it is a very incomplete weekly
tracker of quarterly GDP), here we engage into forecasting WEI just for the sake of illustrating the
numerical stability of our algorithm. Estimating regressions where parameters evolve as non-stationary
random walks is challenging enough for quarterly data, but for high-frequency and highly volatile
weekly series (e.g. commodity prices) many things can go wrong numerically (in larger samples there
is higher probability for the random walk specification to lead to explosive behavior for 3,). Therefore,
our main focus is not to establish that our TVP approach is the best in forecasting also weekly macro
data (there is no past evidence on WEI to suggest so, anyway), rather we want to provide additional
empirical evidence that our algorithm provides results that are numerically comparable to MCMC.
For that reason, we keep exactly the same models we defined for the quarterly data, with exactly the
same default prior hyperparameter settings for all models.

Since the main motivation of our algorithm is also the use of many predictors, we collect a
novel weekly dataset with 117 potential predictors of WEI. The total 118-variable dataset can be
thought of as a weekly variant of the FRED-QD dataset we used for the main forecasting exercise
(see Appendix A). This new “FRED-WD” dataset collects many (mainly financial/fast-moving) time
series from FRED, adds some key financial series from Bloomberg, and also adds the Aruoba-Diebold-
Scotti weekly business conditions index that is maintained by the Philadelphia Federal Reserve
Bank (https://www.philadelphiafed.org/surveys-and-data/real-time-data-research/ads). Some of the
available series are available from 1971W1, but most series, including the WEI, have much shorter
sample availability. For that reason we collect a balanced panel with all 118 variables that spans the

period 2008 W1 to 2021W52. The names and description of all series, their stationarity transformations,
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and sources are provided in Table D3.

We use the last two years of the sample, 2020W1 - 2022W52, to evaluate weekly forecasts of
WEI at horizons h = 1,2,4,8,12,26 weeks. This period coincides with WEI plummeting during the
pandemic-related lockdowns, and then rebounding and overshooting abruptly. The recession induced
by the 2020 pandemic might be the shortest ever recorded by NBER (2 months) but it has definitely
changed time series dynamics of macroeconomic variables for good. When looking at weekly data the
changes are extremely noisy and volatile, which raises the question about which models are best for
forecasting WEI using the 117 predictors. For that reason we use the same class of forecasting models
we had before, in the main forecasting exercise for inflation, with the only change that we now include
four own lags of weekly WEI (while when forecasting quarterly inflation we always included two own
lags).

The results of this forecasting exercise are shown in Table D1. Entries are again MSFEs relative
to the MSFE of the benchmark AR(4) specification. It becomes immediately obvious that all
TVP regressions (UCSV, TVPAR, TVD, DMA, and the three VBDVS specification) are beaten by
specification that feature constant parameters, regardless of how these treat exogenous predictors (i.e.
whether they use 5 or 60 factors or all predictors). While for low-frequency macro data TVP models are
among the best for capturing abrupt structural change, the same might not be true for high-frequency
data.? However, within the class of TVP regressions it is again obvious that the dynamic variable
selection prior of the VBDVS algorithm does a good job at making good use of additional information,
while at the same time preventing overparametrization: Forecast accuracy clearly improves as we move
from VBDVS/FAC5 to VBDVS/FAC60 to VBDVS/X. The results from all VBDVS specifications are
comparable to TVPAR, which provides additional evidence that the algorithm is stable numerically

even in the presence of high-frequency data.

*Indeed in Korobilis and Yilmaz (2018), Measuring Dynamic Connectedness with Large Bayesian VAR Models, mimeo,
http://repository.essex.ac.uk/20937/, we find that time-varying parameter vector autoregressive (TVP-VAR) models for
daily financial return data are not able to beat simple rolling OLS estimators of VARs.
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Table D1: Relative MSFEs for Weekly Economic Index (WEI)

WEI

h=1 h=2 h=4 h=8 h=12 h=26
AR 1.00 1.00 1.00 1.00 1.00 1.00
SBAR 0.92 1.46 0.94 0.71 1.10 0.95
UCSV 1.40 2.45 1.05 1.08 1.19 0.84
TVPAR 1.43 2.17 1.18 1.10 1.01 0.73

MODELS WITH FIVE FACTORS
FAC5 0.63 0.81 0.87 0.90 0.91 0.80
BAG/FAC5 0.69 0.80 0.86 0.87 0.88 0.78
DMA /FAC5 1.76 2.11 1.00 1.08 1.02 0.75
TVD/FAC5 1.51 1.76 1.14 1.05 0.97 0.84
VBDVS/FAC5 0.89 1.66 1.23 1.58 1.11 0.79
GPR/FAC5 0.53 0.91 1.01 0.90 0.94 0.90

MODELS WITH 60 FACTORS
SSVS/FAC60 0.67 0.79 0.88 0.85 0.83 0.70
ELN/FAC60 0.61 0.80 0.98 0.88 0.89 0.81

VBDVS/FAC60 0.80 1.06 1.20 1.16 1.02 0.75
MODELS WITH 443 PREDICTORS

ELN/X 0.81 0.7 0.90 0.93 0.86 0.73
PLS/X 0.64  0.60 1.10 1.10 0.80 0.62
VBDVS/X 0.61 1.03 1.09 1.13 1.05 0.77

As a final check of our ability of the algorithm to produce sensible results, we want to test
the evidence that constant parameter specifications provide better forecasts, by shrinking our TVP
regressions towards constant parameters. This can be done simply by restricting the state error
variance w; via its prior. By choosing c;jo = 1000, instead of the previous value cjo = 100, is a
way to ensure smaller state variance which will result in 8, moving closer to 8;_;. Therefore, we
rerun the VBDVS/FAC5, VBDVS/FAC60 and VBDVS/X forecasts changing only this value such
that the models have less time-variation in their parameters. Table D2 shows the results of this
experiment. Indeed for h = 2,4,8,12 weeks ahead, forecasts are markedly improved. However,
forecasts for h = 1 deteriorate significantly for the two models with factors but not so much for the
model with exogenous predictors, suggesting that there one-step ahead forecasts have quite complex

dynamics and a researcher interested in forecasting WEI accurately would need to experiment with
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different sets of predictors, different regression specifications, different patterns of time-variation in

the TVPs, and different amounts of dynamic sparsity.

Table D2: Relative MSFEs for VBDVS forecasting models under a prior that shrinks towards a constant
parameter regression

WEI
h=1 h=2 h=4 h=8 h=12 h=26
AR 1.00 1.00 1.00  1.00 1.00 1.00
VBDVS/FAC5 1.26 1.08 098  0.93 0.96 0.80
VBDVS/FAC60 1.85 0.96 0.98  0.92 0.96 0.82
VBDVS/X 0.70  0.81 1.00  0.90 0.95 0.79
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