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Abstract

We develop conditions under which the expected predictive accuracy of a set
of competing forecasting models can be ranked either unconditionally, based on
their average performance, or conditionally, based on a set of time-varying moni-
toring instruments. We characterize the properties that monitoring instruments
must possess and show that these reflect both the accuracy of the predictors
used by the competing nested or non-nested forecasting models and the strength
of the monitoring instruments. We derive finite-sample bounds on forecasting
performance that account for estimation error both in the underlying forecast-
ing models and in monitoring regressions used to compute the expected loss
of the forecasts. We quantify the expected gains from monitoring forecasting
performance for a decision maker that, at each point in time, chooses between
competing forecasts conditional on information in the monitoring instruments.
Using Monte Carlo simulations and empirical applications to inflation forecast-
ing and predictability of stock market returns, we demonstrate the gains from

monitoring forecasting performance.
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1 Introduction

Large international organizations such as the IMF and the World bank as well as
central banks all over the world routinely generate economic forecasts that are widely
followed and play a key role in these organizations’ decision process." Monitoring the
performance of these forecasts in “real time” is crucial as evidence that forecasting
performance is deteriorating or particularly poor in certain economic states could be
used either for gauging the likely accuracy of a forecast at a given point in time or to
improve on an existing forecasting approach and switch to a better one. Indications
that a forecast is likely to be surrounded by higher-than-normal uncertainty should
reduce decision makers’ dependence on that forecast. In this regard, monitoring
forecasting performance is similar to the task of an asset manager who is evaluating
portfolio risk at regular points in time.

Given the presence of an often wide range of alternative model specifications and
different methods for implementing a particular model, it is not surprising that a large
academic literature has been devoted to developing ways for comparing predictive
accuracy.” Such comparisons typically consider whether one forecast “on average” (or
unconditionally) is more accurate than other, competing, forecasts. However, it is
possible for forecasts to be poor on average, yet still be relatively accurate in some
states of the world. Provided that these states can be ex-ante identified by means
of a set of time-varying monitoring instruments, a forecast that is poor on average
could be the preferred forecast at a given point in time, conditional on information
contained in the monitoring instruments.

The existence of monitoring instruments that contain information either on a
particular forecast’s absolute performance, measured relative to the outcome, or its
relative performance measured against competing forecasts is important given the
widespread empirical evidence of model instability in macroeconomics and finance.?

This evidence suggests that it is rare to find a single forecasting model that uniformly

In fact, the IMF regularly reviews the performance of its World Economic Outlook forecasts,
comparing the accuracy of their forecasts to those of other organizations such as Consensus Eco-
nomics. See Timmermann (2007) for such a comparison.

2See Granger and Newbold (1977), Chong and Hendry (1986), Diebold and Mariano (1995),
and West (1996) for early work on comparison of different models’ predictive accuracy. Clark and
McCracken (2013) provide a review of recent work in the literature.

3See, e.g., Giacomini and Rossi (2009), Pesaran et al. (2006), Pettenuzzo and Timmermann
(2015), Rossi (2013), Rossi and Sekhposyan (2015), and Stock and Watson (1996).



dominates other forecasts through time.* More broadly, time variation in the expected
performance of different forecasts can make it attractive to select the forecast that, at
a given point in time and conditional on a set of monitoring instruments, is expected
to produce the most accurate forecast.

To understand the importance of the strength of the predictor(s) used by a par-
ticular forecast, we follow the literature and consider the case where the forecasts
are generated by a set of linear forecasting models whose parameters get updated
recursively through time. This setup allows us to rank the expected performance of
different models and quantify the effect of parameter estimation error. Accounting for
estimation error poses technical challenges to the analysis but turns out to be crucial
for understanding the models’ forecasting performance. We first consider the case in
which one model uses a strictly stronger predictor than its competitor. Under the
assumption that the strong predictor’s signal is more powerful than local to zero, we
show that bounds can be established on the two models’ mean squared error (MSE)
loss difference. Importantly, our uniform bounds hold in finite samples and account
for estimation error. As expected, the bounds on the expected reduction in MSE
from using the best model depends on the strength of the predictor.

The idea of conducting forecast comparisons conditional on time-varying instru-
ments was introduced to economics by Diebold and Mariano (1995) and Giacomini
and White (2006) but has not been widely pursued, nor have conditions been estab-
lished under which monitoring instruments with predictive power over loss differen-
tials will exist or the possible gains from monitoring forecasting performance when
two or more forecasts are available. We characterize in this paper the properties that
monitoring instruments must possess in order to contain valuable information about
the competing models’ forecasting performance. We first consider the case with non-
nested forecasting models in which each forecasting model uses at least one predictor
that is excluded by the other model. For this case a monitoring instrument can be
used to track time variation in the models’ relative squared error forecasting perfor-
mance if the instrument is sufficiently strongly correlated with the cross-product of
the residual and predictors included by one model but excluded by others. Both the

strength of the predictor and of the monitoring instrument turn out to matter for our

4Stock and Watson (1996) find that model instability impacts a majority of a large range of
macroeconomic variables. Rossi and Sekhposyan (2013) arrive at similar conclusions and provide a
thorough review of the literature on how model instability affects forecasting performance.



ability to rank different models’ conditional forecasting performance, and we present
finite-sample bounds on the expected gain from using a switching rule that chooses
the best model conditional on the monitoring instruments, relative to always using a
particular model. These bounds account for estimation error both in the underlying
forecasting model and in the monitoring (switching) regression.

We next consider the nested case using a setting with a “small” (benchmark)
model and a “large” competing model that nests the benchmark as a special case.
If the additional predictor included in the large model is either uninformative or
very strong, one of the models can be expected to always produce better forecasts.
Alternatively, when the additional predictor contains “weak” information (i.e., its
coefficients in the forecasting model is at most local-to-zero) the identity of the model
with the best expected performance may vary over time in a way that is correlated
with information in the monitoring instruments.’

As an empirical illustration of the approach developed in this paper, consider
the predictive accuracy of the Greenbook inflation forecasts, published by the US
Federal Reserve, relative to that of inflation forecasts from the Survey of Professional
Forecasters (SPF).% The left window in Figure 1 shows (in blue) the squared error dif-
ferential between the Greenbook and SPF forecasts using one-quarter-ahead forecasts
of the growth in the GDP price deflator. Negative values indicate that the Greenbook
forecast was more accurate (produced a smaller squared forecast error) in a particu-
lar quarter than the corresponding SPF forecast. The figure shows that Greenbook
forecasts were generally more accurate than the SPF forecasts in the early part of the
sample, while the converse holds for most of the last part of the sample. We also show
(in red) forecasts of squared error differentials generated by recursive regressions of
squared error differentials on an intercept and the lagged value of the macroeconomic

uncertainty factor constructed by Jurado et al. (2015).” Negative forecasts of the

5Under model misspecification arising from time-varying parameters or due to the use of the
wrong functional form of the forecasting model, monitoring instruments can contain valuable infor-
mation if they are correlated with the model specification error.

6This is clearly a case of non-nested forecasts. Comparisons of the predictive accuracy of the
Federal reserve to that of private sector forecasters have been the subject of previous research such as
Romer and Romer (2000) and Capistran (2008) and have important policy implications. The earlier
studies were concerned with comparing the average performance of these forecasts; our approach
instead focuses on comparing their conditional forecasting performance so as to track possible shifts
in the forecasts’ relative accuracy.

"The correlation between this instrument and the squared error loss difference for the Greenbook
versus the SPF forecasts is -0.18, suggesting that the Greenbook forecasts tend to do relatively better



squared error differential indicate that the expected loss for the Greenbook forecasts
are smallest while positive values indicate that the SPF forecasts are expected to be
more accurate. These forecasts are then used in a simple switching rule that chooses
the Greenbook forecast if its conditionally expected loss is smaller than that of the
SPF forecast, otherwise goes with the SPF forecast.® The Greenbook forecasts are
selected in most quarters up to 2000, whereas the SPF forecasts are selected most of
the time thereafter.

The right window in Figure 1 tracks the cumulative loss difference associated with
different forecasting strategies. The blue line shows the cumulative difference in the
squared forecast errors from the Greenbook minus their SPF counterpart. Whenever
this line is negative and declining, the Greenbook forecasts generate a lower squared
error loss than the SPF forecasts. Conversely, positive and increasing values of the
line suggest that the SPF forecasts are more accurate than the Greenbook forecasts
at that point in time. Greenbook forecasts were better during most of the 1980s, the
two sets of forecasts performed broadly similarly during the 1990s, while the SPF
forecasts have been better since 2000, with the notable exception of the financial
crisis of 2008/2009. The other lines track the cumulative squared error performance
of forecasts from the switching rule measured relative to the Greenbook forecasts
(in green) or relative to the SPF forecasts (in red). The conditional switching rule
performs as well as the Greenbook forecasts up to 2003, but outperforms after this
period as a result of successfully identifying the improved performance of the SPF
forecasts in the latter half of the sample. Measured against the SPF forecasts, the
performance of the conditional switching rule is even better at the end of the sample.

This application shows that our method for monitoring forecasting performance
can be beneficial for decision makers such as central banks in “benchmarking” their
forecasts against forecasts from other sources to see if there is evidence in real time
that the quality of their forecasts is lagging behind competing forecasts. While it may
not be feasible for such decision makers to adopt another agency’s forecasts, evidence
of inferior performance would suggest the need to improve on their own forecasting
methods.

A key difference between the conditional forecast evaluation approach considered

here and conventional unconditional tests of forecasting performance, highlighted by

than the SPF forecasts during times with high levels of macroeconomic uncertainty.
8This regression uses a rolling window of 10 years, i.e., 40 quarterly observations.



Figure 1, is that the former allows us to identify the economic sources (states) of time
variation in a model’s predictive ability. This type of dynamic attribution analysis
can be helpful in two regards. First, at a minimum, a rational decision maker will
use a forecast with less confidence in economic environments where the forecasts are
expected to perform poorly compared to states in which the forecast is expected to
perform well. Second, information on a forecast’s conditional performance might be
used to suggest ways in which the underlying forecasting method could be improved.
For example, knowing that a forecast is poor relative to some other benchmark when
macroeconomic uncertainty is high is a lot more informative than simply knowing
that a forecast is poor on average.

Our analysis builds on the seminal paper by Giacomini and White (2006) which
formalizes the notion of conditional forecast evaluation in the context of regression-
based tests that can capture non-zero correlations between a set of monitoring instru-
ments and the predictive accuracy of a particular forecasting model measured relative
to some benchmark. However, these authors do not develop conditions under which
such monitoring instruments exist, let alone when they should not simply be added
to the underlying forecasting models. Nor do they characterize the finite-sample ex-
pected gains from a conditional decision rule that, at each point in time, chooses the
model with the best expected forecasting performance. Their analysis also does not
relate time variation in predictive accuracy to parameter estimation error and the
notion of “weak” predictors, which is central to our analysis.

Finally, our analysis suggests alternative monitoring instruments that can be ex-
pected to track forecasting performance in real time. One approach is to simply use
the lagged loss differential or the lagged loss of the individual forecasting models.
These instruments can capture highly persistent sources of forecast errors such as
parameter estimation error. Another monitoring instrument is the lagged difference
between the squared forecasts. Provided that the differences in the squared values of
the predictors are persistent, lags of the loss differential can be helpful for comput-
ing which model is expected to have the best future performance. Neither of these
instruments requires that the predictor variables underlying the forecasting models
are observed and can be used in situations where we only observe the outcome and a
sequence of forecasts.

The outline of the paper is as follows. Section 2 introduces the setup for the

analysis, including the conditional testing methodology. Sections 3, 4, and 5 contain



our formal theoretical analysis which establishes how competing forecasting models,
as well as a conditional decision rule, can be ranked. We first perform the analysis for
the general non-nested case (Section 3) and then cover the case with nested forecasting
models (Section 4). Section 5 studies the case without parameter estimation errors
and extends the analysis to cover highly persistent (near unit root) predictors. Section
6 reports the outcome of a set of Monte Carlo simulations that we use to illustrate the
theoretical analysis, while Section 7 presents an empirical analysis of predictability of

US inflation and stock market returns. Section & concludes.

2 Conditional Tests of Equal Predictive Accuracy

Conventional tests of equal predictive accuracy inspect whether alternative forecasts
are equally accurate, on average, given a sample of forecasts and outcomes. Suppose,
however, that one forecast is expected to be more accurate than another forecast
conditional on some state variable (monitoring instrument) taking certain values,
while the ranking of the two forecasts’ expected performance is reversed for other
values of the state variable. In this case, the strategy of always using the forecast
that is most accurate “on average” could be dominated by a decision rule that selects
the forecast that, at each point in time, has the smallest expected loss.

This point highlights the value from implementing conditional tests of equal pre-
dictive accuracy though it does not establish the conditions under which such state
variables exist or the conditions under which such tests might work. In this section
we introduce more formally the forecast environment and discuss ways to test for
equal conditional and unconditional forecasting performance. Lastly, we introduce a
switching rule that exploits the conditional information in the monitoring instruments

to choose between forecasting models.

2.1 Out-of-Sample Tests of Forecasting Performance

Pairwise comparisons of predictive accuracy are now routinely carried out in macroe-
conomic and financial studies.” Typically it is assumed that forecasts are generated
from a set of underlying linear models whose parameters are updated recursively

as new information arrives. In the same spirit, it is common practice to compute

9For a recent review of the literature, see Clark and McCracken (2013).



tests of relative predictive accuracy by studying the models’ out-of-sample forecast-
ing performance. Out-of-sample tests assume that part of the sample is reserved for
initial estimation of model parameters and that these parameters get updated recur-
sively (using a rolling or an expanding estimation window) as new information arrives.
Forecasting performance is evaluated using these recursively generated forecasts, thus
avoiding that the same sample of data is used to estimate model parameters and eval-
uate the resulting forecasts. Out-of-sample performance is studied, first, to address
whether economically useful forecasts could have been generated in real time and,
second, to guard against data mining or overfitting biases.'’

In common with much of the literature, we shall focus on univariate forecasting
problems. Specifically, let §; ;41; and §2 441; be a set of one-step-ahead forecasts of the
outcome 7,4, generated using information known at time ¢.!' Following Diebold and
Mariano (1995), we can evaluate the accuracy of the forecasts using a loss function
L(Ges1)t, Ye41), where gypqp € {@1,t+1|t, g2,t+1‘t}. By far the most common loss function

is squared error loss

LG, Ye1) = (Y1 — ??t+1|t)2- (1)

Under squared error loss, the loss differential between two forecasts, AL; 1 =

L(91¢41)t> Yes1) — L(Go2,e41)t5 Ye+1), takes the form
ALy = eitJrl - eg,tﬂa (2)

where €;,11 = yi41 — Gj 41 for j = 1,2 are the individual forecast errors. Negative
values of AL, in (2) show that the first forecast produced a smaller squared forecast

error than the second forecast in period ¢ + 1.

2.2 Tests of Equal Unconditional Forecasting Performance

Following Diebold and Mariano (1995), we can test if the two forecasts have the same

unconditional expected (“average”) loss through the null hypothesis
H() . E[ALH_l] = O, (3)

where E[.] is the expectation operator.

10See Hansen and Timmermann (2015a) for further discussion of this point.
H'Note that our setup can easily be generalized to allow for a multi-period forecast horizon.



The null in (3) has been tested extensively in empirical studies in economics and
finance. The simplest way of testing if one of the forecasts dominates the other on
average is to test if the mean of the sequence of loss differentials AL;,; is non-zero

through a Diebold and Mariano (1995) regression
ALy = 0y + ugyr. (4)

A t-test can be used to test if 6y # 0, in which case the average MSE performance of
the two forecasts is significantly different from zero. Provided that AL, is covariance
stationary, such t—tests will follow a standard distribution as discussed in Diebold
(2015). The effect of recursive updating of parameter estimates when the forecasts are
generated by linear forecasting models has been considered by West (1996) (for non-
nested models) and by Clark and McCracken (2001), McCracken (2007) and Hansen

and Timmermann (2015b) (for nested models).

2.3 Tests of Equal Conditional Forecasting Performance

Even if one forecast is worse on average than another forecast, it might perform
better in certain states of the world. This suggests using a conditional test of predic-
tive accuracy that conditions on observable information when evaluating competing
forecasts’ relative accuracy. Giacomini and White (2006) (GW, henceforth) propose
a method for doing this. Let G, denote the information set consisting of variables
used to assess the two forecasts’ predictive accuracy. GW extend unconditional tests

implied by the null in (3) to conditional tests based on the null
HO . ]E[ALt+1|gt] = 0 (5)

Note that the null in (3) could be true even if (5) is false: Two forecasts may generate
the same average loss even though information in G, can be used to predict when one
forecast performs better than the other. Conversely, if the null in (5) holds for all
elements in Gy, then (3) follows trivially, assuming that G, includes a constant.
Following GW, we can turn the null in (5) into a test statistic by using a set of
monitoring instruments (“testers”) Z; € G;, so that we test Hy : E[ALy1|Z] =0
where Z, € R C G, is a sequence of conditioning variables which typically includes

a constant and dz is the dimension of Z;.



Under the null in (5), Z; should be orthogonal to the loss differential AL; ;. This

can be tested using a linear regression:

ALy = (69,01) ( ) + u = 0’z + Uy, (6)

21t

where z; = (1, z1;)’, E[ugr1214] = 0, and 2y, € Z;."2

Under the null of equal conditional predictive accuracy, o = 0 and 6; = 0 in (6).
Non-zero values of #; suggest that the monitoring instruments, z;;, can help forecast
differences in predictive accuracy across the two forecasts.

Under the moment and mixing conditions in Theorem 1 of Giacomini
and White (2006) the null hypothesis in (5) can be tested on a sample
{Wea1, U1 61185 Y2411t zlt}f:}ip by computing the GW test statistic

!/

T-1 T—1
Jr = [p1/2 Z ALy 7, Q;Fl p 12 Z ALy 7,
t=p t=p
~5 X (dz), (7)

where Qp = p! z;f:_pl (AL Zy — Tip) (AL Z; — Tip)' is a consistent estimate of
the variance of ALy, 1Z;, and iy = p~* ZtT:_pl ALy 1 Z; is the mean of the product of

the loss differential and the dz monitoring instrument Z;.

2.4 Expected Gains from Monitoring

Suppose the test in (7) rejects that E (AL, 1|Z;) = 0 for some monitoring instrument,
Zy, suggesting that Z;, can be used to predict the mean of AL;,; and tell when one
forecast is likely to perform better than the other. Using the monitoring regression in
(6), we can compute the expected future loss E (ALyy1|Z;) by 6'Z;. This expectation
can be the basis for choosing which forecast to use for period ¢t + 1. Following GW,
we consider a simple switching rule that chooses forecast 1 if E(AL;, | Z;) < 0,

otherwise chooses forecast 2:

gSW,t+1|t = @1,t+1|t {E[ALt+1|zt] < 0} + @2,t+1|t1 {E[ALt—i-llzt] > 0} ) (8)

12Non-linearities can easily be incorporated by using transformations of zy;.

10



where 1 {E[AL;1|z] > 0} is an indicator variable that equals one if the first fore-
casting model has the highest expected loss conditional on Z; = z;, otherwise is zero.

To establish if the instrument Z; can be useful in tracking the relative perfor-
mance of the two forecasts, note that if E[AL;;1]z] < 0 with positive probability—so
the conditionally expected loss of the second forecast exceeds that of the first forecast
for some value of z;—then E[AL; 1] < E[ALy 11 {E (AL;1|2) > 0}]." Moreover, the
amount by which the switching rule (8) is expected to outperform forecast 1, condi-
tional on forecast 2 having the lowest expected loss, is E [AL; 11 {E[ALi1|2] > 0}].
Equivalently, the expected gain from using the switching rule (8), conditional on
forecast 1 having the lowest expected loss, is E [-AL; 1 1{E[AL;41|2] < 0}] and the
switching rule is expected to outperform forecast 1 unconditionally provided that
E(ALyyq | Zy) > 0 occurs with strictly positive probability.

These arguments show that there are gains expected from forecast monitoring
relative to always using forecasts from a particular model provided that neither of
the underlying forecasting models is too dominant since E [AL; 1|z is required to
switch sign for different values of z;. These conclusions only assume the existence
of E[|ALy1]] and so are established under very weak conditions. However, they do
not account for estimation error, nor do they quantify the potential benefits from
monitoring forecasting performance and, at each point in time, selecting the forecast

with the lowest conditionally expected loss. This is the topic of the next two sections.

3 Comparing Forecasts from Non-nested Models

This section studies pair-wise comparisons of forecasts generated by non-nested mod-
els, both of which only partially captures the information in the data generating
process for y; 1. The case with nested models is covered in the next section. We
derive conditions under which approximate finite sample bounds can be established
on the relative performance of non-nested forecasting models in the presence of es-

timation error and also characterize conditions under which a switching rule can be

13To see this, notice that if E[AL;y1|2] < 0 with positive probability, then

]E[ALt+ﬂ —E [ALt+11 {E[ALt+1‘Zt] > OH =E [ALt+11 {E (ALt+1|Zt) S 0}]
=E[{E[ALi411{E (ALisa]2) < 0} [z]}] <O.

11



expected to produce better forecasts than either model.

3.1 Pairwise Comparisons

Consider the data generating process (DGP)

Vi1 = P11 + BaToy + €441, (9)

where x1; and x9; are a set of predictor variables that are known at time t. To
capture the case with non-nested models, we assume that model 1 takes the form
Yey1 = 121 ¢ +€1141, while model 2 takes the form yi11 = Boxa s +€9:41. For simplicity,
we assume that z1, and z,, are univariate processes.'*

Our analysis assumes that we observe a sample of T' data points {(z;, ) }i_,. To
allow for mild time variation in the parameters of the prediction models, in line with
standard practice in the literature on out-of-sample forecasting we assume that the
parameters of the forecasting models (B]m) are estimated using a rolling window of

the most recent n observations

t—1 -1
ﬁj,n,t = ( Z xfs) ( Z SUj,sy,sH) , =12 (10)

=t—n s=t—n

The resulting forecasts are generated as ;41 = Bj,nﬁtxj,t for j = 1,2. Under this
setup, the sample size, T', is split into a rolling window of length n used to estimate
Bj,n,t, the parameters of the jth forecasting model, and an evaluation sample contain-
ing the remaining p observations so that "= n+ p. Both n and p can be functions of
T and may or may not tend to infinity but, for simplicity, we write n and p instead
of np and pr.'” The tests that evaluate the performance of the two models are based
on the p forecasts {(@1,t+1|ta g2,t+1\t)}?:+£_1‘

Using (9), the squared error loss differential AL, ; becomes

ALy = (yt+1 - Ql,t+1|t)2 - (yt+1 - g2,t+1\t)2

= 2e441 (Boxoy — Brx1s — 011 + O2niToy)

MNote that we do not rule out that 3; or S equal zero.

15Giacomini and White (2006) assume that the length of the estimation window, n, is fixed.
However, Timmermann and Zhu (2016) generalize this setup to allow for an expanding estimation
window.

12



+ (62$2,t - lel,t - 51,n,t331,t + 52,n,t1172,t) (51«751,t + 32552,1& - 51,n,t$1,t - 52,n,t952,t) )

(11)

where 9, ,+ = Bm’t — f3; denotes the estimation error for model j.

3.2 Determinants of Average Forecasting Performance

To ensure that our analysis of forecasting performance allows for a broad set of time-
series dependencies, we adopt the S-mixing condition formulated as in Section 2.1 of
Chen et al. (2016) adapted to an array setting similarly to Andrews (1988):

Definition 1. The array {Wr,},~ _ is said to be S-mixing with coefficient £,,,(-)
if

Bmiz(t)=  sup E ( sup |P(B|F ;) — IP)(B)}) — 0 as t — oo,
—o0<1<00, T>1 BEF@E—t,oo

where FT_ i =o(--+ , Wi, Wr;) and Fly, o = 0(Wrire, Wrisesr, - - )

The array structure in this definition is general enough to allow for many types
of nonstationary data and provides a convenient way of analyzing data generating
processes indexed by the sample size. For example, we can allow the signal strength
of the predictor, x, and monitoring instrument, z, to decay to zero as T gets large.

Characterizing the expectation of AL;;; in a way that is relevant for testing
purposes is technically challenging. Standard asymptotic results, such as the classical
central limit theorem (CLT), require n to tend to infinity in order to approximate the
behavior of §;,. For example, for a fixed ¢, one can use a CLT to show that 9, ,; =
Op(n™/2) and thus ALy = B335, — B3, 4 2(Bax2y — brw1s)era + Op(n=/2). For
B = en~% and large n, with o, < 1/4 the leading term of EA Ly, is f3Ea3 , — fiEa?,
since E [z;,41] = 0. However, for o, > 1/4, it is unclear how EAL;,; behaves and
the outcome of a GW test on AL;,; is not obvious.

Moreover, the potential lack of uniformity in the Op(n~'/?) terms presents chal-
lenges. Since the Op(n~'/2) term might not be uniform in ¢, one cannot conclude
that performing a GW test on AL, is asymptotically equivalent to implementing
the test using 323, — Bia7, + 2(Boway — P1214)er41, even if o < 1/4. The reason is

that, for an array of random variables, each of which converges to zero in probability,

13



the average of these random variables need not converge to zero in probability.'°
To overcome these difficulties, we derive bounds that are valid uniformly across
t, hold in finite samples, and thus do not require an asymptotic framework. To this

end, we make use of the following list of assumptions:
Assumption 1. The following hold for j € {1,2}:

(1) There exist constants v > 8 and D > 0 such that E|z;:|" and Ele;1q|" are

bounded above by D. Moreover, Ex;; = Exy 00, = Exj6041 = 0.

(11) {xj1,e141}2_o 18 a B-mizing array with coefficient Bpin(-) such that ¥t > 0,
Bmiz(t) < bexp(—t©), for constants b,c > 0. Moreover, for some constants
Q1,Q2 > 0, E(k’_l/2 Zz;i_k $1,5($2,3/82 + €s+1))2; ]E(lf_l/Q Zz;i_k 352,8(5151,551 +
€s11))?, ]Exit and E:L‘%t lie in [Q1, Q2] for all k,t.

(11i) There exist constants o, ; € [0,00], cgj > 0 such that B; = cg n~*7, where

(a) apo < gz,

(b) Qg0 < 1/2
(iv) n/T > Kk for some constant k > 0.

Assumption 1(i) imposes relatively weak moment conditions on z;; and £;41 and
holds for many processes, including many GARCH specifications. Notice that we do
not require exponential-type tails, which are routinely imposed in papers that han-
dle uniformly valid bounds; see e.g., Fan et al. (2011) and Bonhomme and Manresa
(2015). The mixing condition in Assumption 1(ii) ensures weak dependence in the
data and is commonly used in the literature. Importantly, we do not impose station-
arity and allow for heteroskedasticity. Assumption 1(iii) characterizes the strength of
the predictors through the order of magnitude of their coefficients in the forecasting
model, 8; = cgjn~*J. The smaller the value o, ;, the stronger the predictor, with
o, ; = 0 representing the conventional case with a very strong predictor whose pres-
ence can be detected with certainty as the sample size increases, while o, ; = 1/2

represents the local-to-zero case with a weaker predictor whose importance is much

16For example, consider the array Qnt = t/n: for a fixed ¢, lim, an,t = 0 but the average
nTEY N an — 00,

14



harder to detect. Without loss of generality, we assume that the predictor in the sec-
ond model is stronger than the predictor in the first model (a2 < 1) and we further
assume that the dominant predictor is stronger than local-to-zero (o2 < 1/2). The
case with local-to-zero predictors (a, 2 = 1/2) has been the subject of many studies
including, most recently, Hirano and Wright (2017). Studying sequences of parameter
values whose magnitude declines as the sample size grows bigger ensures that param-
eter uncertainty is preserved asymptotically. In contrast, with a fixed alternative
(a2 = 0), uncertainty about the parameter estimates disappears asymptotically.

Finally, assumption 1(iv) requires that the estimation window, n, grows at (at
least) the same rate as the sample size, T.

The following result allows us to study the finite-sample properties of the expected

squared error performance of the two models:

Proposition 1. Consider the DGP

Yir1 = P11 + BaToy + €441,

Moreover, assume that the parameters of the forecasting models, ijnﬁt, are estimated

recursiely using n observations. Then, under squared error loss and Assumption 1,

T-1

(1) there exist constants G1, Gy > 0 and an array of random variables { ALy 11 . };—,

such that for T" > G,

T-1
P <ﬂ {ALjr, = ALt+1}> > 1 — G 1=r/8 1+ (0w 2=1/2)(24r/4)}

t=n

(2) there exist constants Gz, G4 > 0 such that, forn <t <T —1,

GyT 722 < EALpiy, < GyT 722,

Part 1 of Proposition 1 establishes a coupling result that allows us to study the
behavior of AL;,y. Since AL;;; might not have bounded moments for finite n, we
consider {AL;.4 .}, which coincides with {AL;;} with high probability. Specifically,
if max{l=r/8, 1+(aw2=1/2)+7/M} yanishes, i.e., 7 > max{8, 16a,2/(1 — 2a,2)}, tests

computed based on {ALtH}EﬂZ*l have the same asymptotic properties as those

n+m+p—1
t=n+m

computed using {AL; i .
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Our result provides finite-sample properties of EAL; 4 . for each ¢, n and T" with-
out requiring 7" or n to tend to infinity. Further, notice that AL;, is not necessarily
stationary. For example, if n grows with 7" or (x4, ;) is not stationary even for fixed
n, then AL,.; will not, in general, be stationary.

Proposition 1 shows that Model 2 is expected to generate a smaller out-of-sample
MSE than Model 1 provided that Assumption 1 holds. In other words, provided
that the predictor of Model 2 is stronger than local to zero (o2 < 1/2) and more
powerful than the predictor of Model 1 (a2 < a,.1), we can establish bounds on the
amount by which Model 2 is expected to dominate Model 1. Moreover, the expected
MSE gains depend on the strength of the predictive signals, as a stronger predictor (a
smaller «, ») is associated with a larger expected gain from using the forecasts from

model 2 rather than forecasts from model 1.'7

3.3 Expected Gains from Forecast Monitoring

In situations where two or more alternative forecasts of the same outcome are avail-
able, we can define the gain from monitoring forecasting performance of a particular
model as the expected reduction in loss from selecting the other model when this is
expected to perform better. We next describe the setup for forecast monitoring and
analyze the expected gains from forecast monitoring. We assume that the parameters
of the forecast monitoring regression in (6) are estimated using a monitoring window

based on the most recent m observations

t—1 -1 t—1
émyt: <m_1 Z zsz;> (m‘l Z zSALS+1), (12)

—t—m =t—m

where z; = (1, z14)".

The switching rule chooses model 2 if and only if 2;6,,; > 0. Using (8), the

forecasts from the monitoring rule {QSW,Hl}tT;nler take the form

Uswi+1)t = ?91,t+1|t1{2£ém,t <0} + QQ,t+1|t1{Z£ém,t > 0}. (13)

17Using a Diebold-Mariano test based on a sample of size T', we can detect differences of an order
larger than O(T~'/2). Hence, by Proposition 1, a Diebold-Mariano test will have power in large
samples to detect differences in the average performance of models 1 and 2 if o, o < 1/2. Conversely,
for larger values of o, 2, and hence for weaker predictors, such tests will not be very powerful.
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Under the recursive monitoring rule, the sample size, T, is split into rolling win-
dows of length n and m used to estimate Bj,n,t (the parameters of the jth forecasting
model) and émyt (the parameters of the monitoring regression), respectively, and an
evaluation sample containing the remaining p observations so that 7' = n +m + p.
The tests that evaluate the performance of the two models and the switching rule are
thus based on the p forecasts {(J1, 411, Y2411t Uswiet1)t) ?jﬁﬁfl. Again, n,m and p
are viewed as functions of 7" which may or may not tend to infinity and, for simplicity,
we write n, m and p, instead of ny, mr and pr. Figure 2 illustrates the setup of
our analysis, showing how the observations are split into estimation, monitoring and
forecast evaluation samples.

To establish results on the expected gains from forecast monitoring, using (11) we

need to make assumptions about the correlation between the monitoring instrument,

21¢, and the z; 6,41 terms in the forecast errors. We collect these in Assumption 2:
Assumption 2. The following hold for j € {1,2}:

(1) {xje, 21e, €141 }i2_ o 1S @ B-mizing array with coefficient B (-) such that ¥t > 0,
B(t) < bexp(—t°), for constants b,c > 0.

(1t) There exist constants «,1,0.,2 € [0,00], ¢p1,¢p0 > 0 such that

corr(z; €141, 21¢) = €, jm~ =, where
(a) 2ra,s/(r —2) < aza,

(b) Qg2 + Oz2 < Qg1 + CPAR

(iii) For some constants ki,ke > 0, kiExosei121: < Ewoger11{z; > 0} <

kolExo 1441214
(iv) On some fixved neighborhood of zero, the p.d.f. of z1; is uniformly bounded.
(v) Ezy, = 0. Moreover, for constants r,D > 0, and E|zy,|" < D.

(vi) T /m is bounded.

The mixing condition in Assumption 2(i) ensures weak dependence in the predic-
tors, monitoring instrument, and outcomes and so this assumption naturally extends

Assumption 1(i). Assumption 2(ii) ensures that the monitoring instrument, zy,, is not
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too weak for the second model (part a) and that the “combined” strength of the pre-
dictor and monitoring instrument (a2 + @ 2) is stronger for model 2 than for model
1 (part b). Assumption 2(iii) links the selection rule and the correlation between
xos€e41 and 2. The condition says that the correlation between xg 6,11 and 24 is
of the same order of magnitude as the correlation between 6,11 and 1{zy; > 0}.
This means that the dependence between x5 .64 and 2;; can be measured in approx-
imately equivalent ways, either by the correlation between 441 and z1; or by the
correlation between 9,611 and 1{z; > 0}.'® Assumptions 2(iv)-(v) impose mild
assumptions on the distribution and moments of z;;. We also assume in part (vi)
that the length of the monitoring window, m, grows in proportion with the sample
size, T

With Assumptions 1 and 2 in place, we can characterize the expected gains from
monitoring forecasting performance, i.e., the expected performance of the switching

rule relative to models 1 and 2:

Proposition 2. Consider the DGP

Vi1 = P11 + BaToy + €441

Moreover, assume that the parameters of the forecasting models, Bjm’t, (j=1,2) and
of the monitoring rule, ém,t: are estimated recursively using n and m observations,
respectively. Then, assuming squared error loss, under Assumptions 1 and 2, the

following hold:

(1) There exist constants G1,Gy, Gy > 0 and an array {Sii1}{ .. such that for
T>G  andn+m<t<T-1

T-1
P () {8 = ALt 1{effng > 01} | = 1-Gormesior/s phena1/a /)

t=n—+m

8Notice that the switching rule aims to predict the sign of AL;,; using z;;. However, the
success of the switching rule in terms of EAL;111{z1: > 0} is not guaranteed merely by a strong
correlation between o411 and z1¢ even if 29 €441 is the dominant term of ALy1;. To see this,
consider the following situation. Let u; be a random variable with a symmetric distribution around
zero. For any a, € (0,1), let & be a Bernoulli random variable that equals 1/(a, — 1) with
probability (1 — «,)/2 and equals 1/(1 + «,) with probability (1 4+ «,)/2. Consider z1; = u:&; and
T9,1E141 = Qp21¢ + Uy It is not hard to show that corr(xa ei41, 211) = cp; however, it can be easily
shown that Exge4411{21; > 0} = 0 for any a, € (0,1).
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and
ESt—',—l > G3T7(a:c,2+az,2) )

(2) There exist constants Gy, Gs,Ge > 0 and an array {Sis1 }iot . such that for
T>G,andn+m<t<T-1

T—1
P ( ﬂ {gt+1 _ _ALt+11{Z£ém,t < O}}) > 1_G5Tmax{lfr/87 1+ (ag,2—1/2)(2+r/4)}

t=n+m

and
EgtJrl 2 G6T7(aw’2+az’2) .

To interpret part 1 of Proposition 2, notice that (g1 — G14410)” — (Y1 —
@Smt+1|t)2 = ALtHl{zgém,t > 0} so S;11 captures the expected gains from moni-
toring the performance of model 1, i.e., the squared error loss of model 1 relative to
the switching rule, provided that 7max{1=7/8, 1+(aw2=1/2)247/4} i5 gmall. When this
holds, the result shows that tests computed based on {ALHll{z;émt > 0}} have the
same asymptotic properties as those computed using Syi1.

By part 1 of Proposition 2, the expected gain from monitoring the performance of
the first model is bounded below by a positive sequence of order T~ (*=2+=2)  Hence,
the more accurate the predictor variable of model 2 (i.e., the smaller is o, 2) and the
better the monitoring instrument (smaller . 5), the bigger the expected gain from
monitoring the performance of model 1 and switching to use the forecasts from model
2 when this model is expected to have the best performance.

Part 2 of Proposition 2 computes the expected gain from monitoring the perfor-
mance of Model 2. To see this, notice that (yiy1 — Gors110)® — (Wet1 — Uswarip)® =
—ALtHl{zéém,t < 0}, so S’t—i—l captures the squared error loss of model 2 relative to
the switching rule with a high probability if G5T™{1=7/8, 1+(aw.2=1/2)2+7/4)} §5 small.
Hence, part 2 of Proposition 2 says that, to a good approximation, the expected loss
of the switching rule measured relative to the second model is also bounded below by
a positive sequence of order T~ (@=.2+a=2),

Proposition 1 established that model 2 is expected to outperform model 1. To
see why the expected gain from monitoring the performances of models 1 or 2 are
of the same order of magnitude, note that the leading term in the MSE differential

of the switching rule versus either model 1 or model 2 in equation (11) is of order
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T—(aw2%e22) whereas the expected MSE differential of model 2 versus model 1 is of
order T—2%2  Qur assumption that a9 < g therefore ensures that the expected
MSE differential of the two models is of a smaller order than 7~ (@=2Fe=2),

An important condition for the switching rule to work is that E[z;:e141214] # 0,
so that the monitoring instrument, zy;, is capable of picking up predictable forecast
errors. This condition can hold even if E[e;y121;] = 0. Hence, the instrument need not
have any predictive power if added to the forecasting model on its own. Monitoring
instruments can therefore be useful for tracking the (relative) expected loss of a par-
ticular forecast even though they need not have predictive power over the outcome as
stand-alone predictors. Of course, adding the cross-product term z;,21; as a predictor
to the original forecasting model might produce better results. However, this strategy
is often not a feasible option since x; might not be observed, as in the case of survey

data or any third-party forecasts that are not generated by the forecast user.'?

3.4 Weak Predictor with a Strong Monitoring Instrument

Proposition 2 establishes results for the switching rule under conditions ensuring
that the predictor and monitoring instrument are more powerful for Model 2 than
for Model 1 through the assumptions a2 < @p1 and oy + a2 < Qg1 + o 1.
In this case, the dominant term in the monitoring rule is the correlation between
z1; and 209614172 However, suppose that model 2 uses the strongest predictor
(g2 < 1) but that the monitoring instrument is stronger for model 1 and that
Qzo 4+ Qy9 > g1 + a,1. In this case, the dominant term in the monitoring rule
becomes the correlation between z;, and 251e,1121,. We next show that it is possible
to generate gains from forecast monitoring also in this case. We capture the case
with a weak predictor and a strong monitoring instrument through the following

assumption:

Assumption 3. Let Assumption 2 (i), (iii)-(vi) hold for some r > 10, but replace
Assumption 2(ii) with the assumption that there exist constants a1, 2 € [0,00],

N —Q ;
Cp1,Cp2 > 0 such that corr(xj i1, 211) = cpym~ =1 and

YNote that if r > max{8, 16a,2/(1 — 20tz 2)}, then T0ax{1=7/8, 1+(a22=1/2)2+7/D} vanishes and
tests computed based on {ALy;11{z}0n, > 0}} have the same asymptotic properties as those
computed using {S;+1}. Hence, using a Diebold-Mariano test and a sample of size T', we can detect
differences in forecasting performance of an order larger than O(T~'/2). By Proposition 2, differences
between the switching rule and models 1 or 2 can therefore be detected if ag o + a. 0 < 1/2.
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1. a1 < aga,
2. ap1+ a1 <min{l/2, (3r —2)a,2/(2r — 2)}, and

3. Qgotoz0> a1+ 0.

Note the new parameter restrictions for this case. We require that the monitor-
ing instrument be more strongly correlated with the cross-product ;6,41 than the
correlation between the “weak” predictor and the outcome (o, < 1), at least for
large T'. We also require that the sum «,; + o, 1 < 1/2, although this bound could
be tighter, depending on the values of r and «a, 3. The last part of Assumption 3
captures that the combined strength of the predictor and monitoring instrument for

model 1 is stronger than that for model 2.

Proposition 3. Suppose that Assumptions 1 and 3 are satisfied. Then, the following
hold:

(1) There exist constants G1,Ga,Gs > 0 and an array {St+1}tT:_n1+m such that for
T>G  andn+m<t<T-1

T-1
P ( ﬂ {St—H _ ALt-&-ll{Z;ém,t > 0}}) > 1_G2Tmax{1—r/8, 1+(az,2—1/2)(2+7r/4)}

t=n+m
and

ESip1 > GaT ™17t

(2) There exist constants Gy,Gs,Ge > 0 and an array {Sis1 }iot,, such that for
T>G,andn+m<t<T-1

T—1
P ( ﬂ {St+1 = _ALt+11{Z1/t‘§m,t < 0}}> > 1 -G t=r/8 THar =1/ @tr/4)}

t=n+m
and

ESi41 > GeT~(@nrtesn),

Proposition 3 shows that the expected gain from monitoring forecasting perfor-
mance relative to either always using the forecasts from model 1 or always using the

forecasts from model 2 is bounded from below by terms that are of order T~ (®1+e=1),
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which, by assumption, is bigger than T'/2. Together with the result in Proposition 2,
this shows that we can have expected gains from monitoring either in situations where
we have a strong predictor and a monitoring instrument that is strongly correlated
with the cross-product of this predictor and the residual from the forecasting model
(Proposition 2) or in cases with a weak predictor but a monitoring instrument that
is strongly correlated with the cross-product of the weak predictor and the residual

from the forecasting model (Proposition 3).

4 Nested Models

Comparisons of forecasts from nested models arise in a number of applications in
economics and finance and this case can be addressed by modifying the analysis in
Section 3. Suppose the data generating process (DGP) includes an intercept and a

time varying regressor and thus takes the form

Yip1 = p+ By + €441, (14)

Moreover, suppose that model 2 (the “big” model) coincides with the DGP in (14),

while model 1 is a (nested) small model that only includes an intercept:

Y41 = B+ Et41. (15)

This setup captures a number of economically interesting cases, including attemps
to capture time-varying predictability of asset returns measured relative to a constant
expected returns benchmark.

We estimate both models using OLS so that, forn <t < T,

t
/lt - n_l Z Ys,

s=t—n+1

(3=l 2 L) o] )] e

and 1 411)¢ = [, While g ¢ 1 = fiy + Bexy.
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Using these notations, the difference in squared error losses is

ALy = (yt+1 - ﬁt)Q - (yt+1 — i — Btﬂﬂt)Q
(_(5t,small + ﬁxt + €t+1)2 - (_6t,big + 8t+1>2
2

= 5227 + 28248141 + 0 syman — Orbig T 20tbigEt+1 — 20t smau (B + €41), (17)

where 6t,small = [Lt - and 5t,big = ,at — M + (Bt - ﬁ)xt
A particularly simple case with nested models arises when the DGP and forecast-

ing models do not include an intercept. For this case (17) simplifies to

N 2
ALty = (Y41 — 0)* = <yt+1 - 5n,tl‘t> = (6% = 65 1) 7t + 2(8 + Opna)Tirr. (18)

Using the earlier notations, we can capture this case by setting a1 = a1 = 00,
so that B = 01, = 0. This allows us to simplify the notations by setting 3y = 8 =
en™® and corr(xi€41, 211) = c,n” %, where ¢,c, > 0 and «,, @, > 0 are constants.
Moreover, 02t = 0.4, Where dg,,; = (Zi;ifn x?)_l(zl;;fn Te€si1)-

Note a subtle difference between the nested and non-nested case: In the nested
case, we impose on the small model that the parameter of the additional predictor that
is only included in the big model takes a value of zero so that fewer parameters are
estimated by the small model. Conversely, in the non-nested case, no such constraint

is imposed and so we do not have a “big” and a “small” model for this case.

4.1 Expected Performance of Big versus Small Forecasting
Models

We summarize our list of assumptions for the case with nested models in Assumption
4:

Assumption 4. Assume that the following hold

(i) The r-th moments of xy, z1x and .41 are uniformly bounded for some constant
r > 8.

(11) {xe, 211,64 152 _ o 1S a B-mizing array with coefficient Bz (-) such that ¥t > 0,
Bimiz(t) < bexp(—t©), for constants b, c > 0.

(1ii) E(epy1 | {(xs,66) Yo _) = 0 and Ezy = Ezy, = 0.

(iv) B = cn=% for some constants a, € [0,00), ¢ > 0.

23



(iv) My < Emtz < My for some constants My, My > 0.
(v) T/n and T /m are bounded.

Using this assumption, we can characterize the expected squared error loss per-

formance of the small versus the big models for the nested case:

Proposition 4. Consider the data generating process

Yey1 = B+ 2B + €141,

and suppose that Assumption J holds.

(1) Suppose that o, < 1/2. Then there ezist constants Cy,--- ,Cy > 0 and an array
{ALHL*}?:_HI such that for T > C4

T-1
P ( ﬂ {ALtJrl — ALt+1,*}) >1— CQTmax{lfr/& 1+(ae—1/2)(24+r/4)}

t=n4+m

and
C3T72% <EALyyy . <CT72 WYn<t<T—1.

(2) Suppose that o, > 1/2. Then there exist constants Cs,--- ,Cg > 0 and an array
of random variables { ALy . =1 such that for T > Cs

t=n

T—1
P < ﬂ {ALt-i-l _ ALH—L*}) Z 1— C«6T1max{1—r/87 1+ (az—1/2)(2+7r/4)}

t=n+m

and
—CrT " <EALpy1 . < —CsT7' ¥n<t<T-1.

Part 1 of Proposition 4 shows that the expected squared error loss of the big model
is smaller than that of the small model that excludes this predictor provided that the
strength of the predictor included in the big model is sufficiently large to overcome the
effect of estimation error (a,, < 1/2). Moreover, the amount by which the big model is
expected to outperform the small model gets bigger, the stronger the predictive signal,
i.e., the smaller is a,. Conversely, part 2 of Proposition 4 says that if the predictive
signal underlying the big model is “too weak” (c, > 1/2), then the estimation error

of the big model dominates the signal, leading us to expect that the big model will
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underperform the small model, although the expected underperformance is only of
order O(T1).

Next, consider whether a statistical test will have the power to differentiate be-
tween the predictive accuracy of the big and the small model. From equation (17), it
is not hard to see that E(ALy,, .)? is roughly of order O(n2*=). Assuming that p and
n are of the same order, this means that for a, < 1/2, TY2EAL,,./\/E(AL;,.)?
is roughly of order O(7"/?=%+), which tends to infinity. Hence, a Diebold-Mariano
t-test or a GW test will tend to reject E [AL;, ] = 0if o, < 1/2. In the case with a
weak predictor in the large model (o, > 1/2), the usual Diebold-Mariano test using
p observations of ALy, will not detect such underperformance when 7'/p = O(1)

because the expected underperformance is only of order O(T1).

4.2 Expected Gains from Monitoring Forecasting Perfor-

marnce

As in the case with non-nested models, we next characterize the behavior of the
switching rule for the nested case. For this analysis we make use of the following

assumption:

Assumption 5. The following hold

(1) There exist constants o, € [0,00], ¢, > 0 such that corr(xgi41, 211) = c,m™ %,

where 2ra,, [(r — 2) < ay.

(ii) For some constants ki,ke > 0, rkiExiei121; < Eaxep 1 1{z; > 0} <

KolRx i1 21

(iii) On some fized neighborhood of zero, the p.d.f. of z14 is uniformly bounded.

Using Assumption 5, we have the following result for the switching rule in the

nested case:

Proposition 5. Consider the data generating process
Y1 = p+ T + €41

Suppose Assumptions 4 and 5 hold. Then
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(1) there exist constants My, My, My > 0 and an array {Sei1}io,. such that for
T>M andVn+m <t<T-1,

n+m+p—1
]P) ( ﬂ {St+1 — ALt+11{Zl/§ém7t > 0}}) Z 1_M2TmaX{1—7’/8, 1+(Oéx—1/2)(2+7”/4)}

t=n+m

and
ES, 1 > MyT~(atas),

(2) there exist constants My, Ms, Mg > 0 and an array{S, 1} 5L, such that for
T>My andVn+m<t<T -1,

n+m-+p—1
P ( ﬂ {§t+1 = _ALt+11{Zz/£ém,t < 0}}> > 1— MyTmex{i=r/8, Trlae—1/2)24r/4)

t=n4+m

and
ES; 41 > MgT—(@=Fas),

Part 1 of Proposition 5 shows that the switching rule is expected to perform better
than the small model by an amount that is bounded by a factor of order 7~ (®=+e=),
A similar result holds for the amount by which the switching rule is expected to

outperform the big model.

4.2.1 Effect of Persistent Estimation Errors

Under the rolling estimation scheme, estimation errors are highly persistent and, thus,
predictable by means of their lagged values. Under some conditions, it is possible to
utilize this fact and build a switching rule that generates superior performance.

As an illustration, consider the simple DGP y;,1 = ;41 with a serially correlated
eITOT, E441 = Pe&t+Ue 1. Suppose that the big model takes the form y, 11 = Bai+e41,
where 241 = py2s + Uy 1. Further, assume that u.; ~ i.i.d N(0, 0378) is independent

of u,; ~ i.i.d N(0,02,). Because the true population value of 3 is zero, the loss

' Yu,x

differential is given by
ALt+1 = 5§’n7tl’§ -+ 25B,n,t$t5t+1' (19)
In cases with a fixed ¢ and a large n, 03, = Op(n~Y2) and so ALy =
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Op(n™) + 20g 6041 Thus, EALy = O(n™'), E(ALyq)? = O(n™?) +
AR(05 ,, 127 )E(e7,1), and E(ALi1ALyo) = O(n") + 4E(08,0,408,n,01104 T4 1160416042).-
Assuming weak dependence of the data, (0t 0pnet1) IS asymptotically inde-
pendent of (x4, T11,6041,6042).""  Hence, we can compute (a) E(AL;)* =
O(n=?) + 4E(03,,,)E(z})E(e7,,) and (b) cov(ALiin, Aryan) = O(n7') +
AE(08,,40,n,t41)E(@iii18i11642) = O(n™ ) +4E(0p 1108,n,041) pE(27) p-E(e7, ;). Now
(a) and (b), together with EAL,,; = O(n™'), imply that corr(AL;yi, ALy o) =
PuPCOTT (08 nt, 0 mt+1) + 0(1). Since corr(dpne, Ognit1) — 1, we have

corr(ALiy1, ALiyo) = pape.

This observation yields a simple monitoring rule: if p,p. > 0, then choose the big
model at time ¢ when AL; > 0; if p,.p. < 0, then choose the big model at time ¢ when
AL, < 0.2

5 Results in the Absence of Estimation Error

The analysis in the previous two sections is complicated by the presence of estima-
tion error in the models used to generate forecasts. To gain intuition and simplify
the analysis, this section considers the case without estimation error. In addition,
we consider the case with a highly persistent (near unit root) predictor and go on to
discuss the choice of monitoring instruments and possible sources of gains from moni-
toring forecasting performance which become particularly transparent in the absence

of estimation error.

20To see this, we provide an intuitive argument in the spirit of Bernstein’s block technique. Con-
sider 03, 1—g, for some k,, — oo but k,/n — 0. Since the data used to compute 0g 1, g,n,1+1 and
08,n,t—k, mostly overlap (k,/n = o(1)); they all contain {(zs,ys+1) |t —n+2<s<t—k, —1}.
Thus, dg.ne = (1 4+ 0p(1))dg,n,t—k, and 65,41 = (1 +0p(1))08,n,t—k,. On the other hand, due to
the weak dependence, 03 5, ¢k, and (¢, Tiy1, €441, E¢42) are asymptotically independent as k,, — .
See Bradley (2007) for formal arguments.

21To determine the size of the correlation, one can simply observe that 208,n,tT+€¢41 is the leading
term in (19) and estimate the autocorrelation of x:€;y1, where ;41 is the regression residual from
the big model.
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5.1 Non-nested case

In the absence of estimation error, equation (11) simplifies to

ALy = (Boway + 5t+1)2 — (B + €t+1)2
= ( ng,t - %x%t) + 2 (Poxay — Pi1y) €41 (20)

Thus, to forecast AL; 1, an instrument must be able to predict a:it, :L‘%t, T14E¢41 OF
T2 tE¢+1-

Defining W; = E[AL;q|z), it suffices to bound E[W;1{WW; >0}] and
E [W;1{W, < 0}]. In the absence of estimation error, E[W;] = B5Ex3, — {Ea?,

and
(Wi| > 2 |E [(Botas — Sr1y) e | 2| — [El(B523, — Bial,) | =]| . (21)

Using that W,1{W, > 0} = (W, + [W,])/2, we have®?

E [W:1{W; > 0}]

> 2E [E [(B222,4 — Bi21t) €e41 | 21| — E ‘E[ng%t - %x%t> | Zt” + 5§E$%t - B%Ex%t
- 2

>E|E [(52$2,t — Bix1y) €11 | 2]| + min {07 /622Ex§t - 6%Ex?t} )

Since E [W,1{W, > 0}] > 0, we get the following bound on the amount by which the

switching rule is expected to outperform model 1:

E [th{Wt > 0}] Z maX{O, E |E [(621‘27,5 — lel,t) Ett+1 | Zt]|+miﬂ {0, BSEI’%,t — B%El’it}}

Similar arguments apply in deriving a bound for the switching rule versus model
2. Notice that —W;1{W, < 0} = (|W;| — W,)/2, so (21) implies that

— E[W,1{W, < 0}]

> 2E |E [(52952,t — Biw1y) €y | z)| - E |E[(5§$§,t - 5%90%9 | Zt” - (5§E$3,t - /6%E$it)
- 2

>E|E [(BZ-TQ,t - 51531,1%) €e41 | )| + min {Oa ﬁ%E’E%t - 522E$§t} .

22The last inequality follows from E|X| > |[EX| = max{EX, ~EX} with X = E[(ﬁ%x%’t — B%x%t) |
Zt].
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We summarize these results in the following proposition.

Proposition 6. Assuming that all expectations exist, in the absence of estimation
error the following bounds on the squared error loss apply to the case with non-nested

models and a data generating process (9):

(i) E[AL I{E[ALia|z] >0} > maX{OaE E [(Bowas — Biz1g) €4 | 2| +
min {0, B%Ex%t — B%Em%t} }
(i) E[-ALI{E[ALa|z] <0} > maX{OJE B [(Bowas — Brary) €eqr | 2| +
min {0, BiEx?, — ﬁgE:c%t} }

Proposition 6 says that if f3Ez3, — S{Ex7, is small and the instrument is infor-
mative for (Soxes — f1214) €441, then positive lower bounds can be established on the

expected squared error performance of the switching rule relative to models 1 and 2.

5.2 Nested case

In the absence of estimation error, for the simple case in (18) the loss differential is
given by
ALy = (Yr41 — 02 = (g1 — Be)? = 5207 + 28148441 (22)

Since E[AL;1] = E[3%27], it is better in expectation to always use the big model
than always using the small model. This is intuitive given the assumption that we
know the true value of 5 and any signal (z;) will make the big model outperform the
small model. However, even in this ideal case, it is still possible that the switching
rule can beat both the big and the small models. The reason is that the big model
beats the small model only on average and fluctuation in the term 28,64, makes
it possible for the small model to sometimes generate forecast with lower expected
loss conditional on information in the monitoring instruments. For example, a large
negative value of Sxe,,; is associated with underperformance for the big model and
if some variable can predict when fSx.e,,1 is likely to be negative, then this variable
can be used as a monitoring instrument in the switching rule.

To see by how much the switching rule is expected to outperform the small model,
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note that

E[AL 11 {E(ALisq | )}
= E [W,1{W; > 0}]

E[WiL{W, > 0} + W,1{W; < 0}] + E[W,1{W; > 0} — W,1{W; < 0}]
N 2

_ EW, + E|W|
N 2

1 1
> E|B] - |E(zieisn | 20)] — 552E($f | z¢)| + 5521&63
> max {|8] - E[E(zier41 | 2)], BB} — |B] - E[E(zigigq | 2)|} (23)

where the first inequality follows from EW, = %*Ea? and |W;| > 2|8| - |E(ze441 |
z)| = BPE (2 | ).

Since E[AL;, 1] = B°Ex?, equation (23) also tells us by how much the switching
rule is expected to outperform the big model. In the absence of estimation error, the

switching rule cannot underperform the big model, and so
E[-ALi11 {E(ALyyq | z) < 0}] > max {|8] - E|E(zieep1 | 2)] — B°Ea},0}. (24)

We summarize these computations in the following result:

Proposition 7. Assuming that all expectations exist, in the absence of estimation

error the following bounds hold under squared error loss for the nested case

(i) E[ALpy1 1{E(ALyiy | 2) > 0} = max {|8] - E[E(ziger1 | 2)|, B°Eaf — |B] - B [E(wees | 2|}
(1i) E[—ALy 1 {E(ALiy | 2) <0} > max {|8]| - E|[E(xieeqq | 2¢)| — B2Ex?,0}.

Part (i) of Proposition 7 establishes a lower bound on the amount by which the
switching rule is expected to outperform the small forecasting model. The switch-
ing rule is expected to perform better than the small model in cases where || and
E |E(zer41 | 2¢)| are large because an option for the switching rule is to always choose
the big model. Hence, if the big model is much better than the small model (large
|| or large B*Ez?), we should expect the switching rule to dominate the small fore-
casting model by always choosing the big model. If, in addition, E [E(z:e141 | 2¢)| is
large, then z; provides an accurate signal on when to use either the small or the large

model and so we would expect the switching rule to dominate the small model.
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Part (ii) of Proposition 7 shows that large values of both |8| and E |E(zer41 | 2¢)|
allow the switching rule to beat the big forecasting model by a bigger margin provided
that |8] - E|E(zsess1 | 2:)| does not get dominated by S*Ez?. For example, if |3| is
close to zero, the small and large forecasting models generate very similar forecasts
and there is not much scope for switching between the two models. Similarly, if
E |E(zer41 | 2¢)| is small, then 2z, does not provide accurate information on when the
small model might outperform the big model and so always choosing the big model

becomes the preferred choice.

5.3 Persistent Regressors

In many empirical applications, the predictor variables are highly persistent. Cases
with highly persistent predictor variables can be captured by using a local-to-unity
framework for the predictor, i.e., by modeling x; as an AR(1) process with an autore-
gressive parameter that is close to unity. The effect of estimation error for this case
is quite complicated, so we abstract from estimation error and focus on the case with
nested models.

We collect the assumptions required for the case with a persistent regressor in

Assumption 6.

Assumption 6. The following conditions hold for the nested case with a highly per-
sistent predictor

(i) The predictor z, is generated by an AR(1) process
Ty = Qri—1 + U,

where {u;}]_, is an independent sequence with Eu; = 0.

(i) the array {(u, e, 21¢) 1oy @s strong mizing with mizing coefficient iz (-).
(111) ¢ = exp(—cy/T) for some cy > 0.

(v) B = cgT~* for a, > 0.

(v) C1 < El|ug|>t¢ < Cy for some constants C, Cy > 0.

In the absence of estimation error, using Assumption 6 we can show the following

result:
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Proposition 8. Consider the data generating process

Yer1 = Tt + €411
Suppose that Assumption 6 holds. Then

(1) there exist constants My, My > 0 such that MT' 2% < EAL;y < MyT 20,

(2) there exist constants Ms, ..., Mg > 0 such that

P(E(ALit | 216) <0)
<7 min (W56 MG G) + MGt - )

t—1

+ M T 1 Z amzx ](CoJrl)/(CoJrQ) .

=0

(3) there exist constants M7, Mg > 0 such that

EALt+11{]E(ALt+1 | th) > 0}
EAL:+1

< T 0r min (MaG + Myy/GE— G) + Mila(@)V/ 2 1 — @)

_1‘

t—1
+ MSTam—l Z [amm(i)](Co-‘rl)/(C’o-i-Q) ‘
=0

The first part of Proposition 8 shows that the big model that uses the near-
unit root predictor is expected to outperform the smaller model that excludes this
predictor and establishes bounds on the expected squared error gains from using the
big model. Note that whenever a,, < 1/2, the expected gain from using the big model
grows without bounds as the sample size gets big.

To better understand the last two claims in Proposition 8, consider the simple

case with (1) < 7 Vi > 1 for some constant 7 € (0,1). Then

min <M3G + My /Gt — G) + Ms[a(G)]C/ Cor) (4 — G)) < K,\/log T
and 3170 [mia (i )(Cot/ 0t < Ky where Ky, Ky > 0 are constants. Therefore, in

this case, P(E(ALy11 | 21¢) < 0) and ‘EALHll{IéEA(%tLﬁl‘Z”)>O} - 1‘ are at most of order

32



O(T'og T + T*=~1).

Hence, if a,, < 1, part (2) of Proposition 8 states that the probability of switching
between the big and the small model goes to zero as the big model that accounts for
the effect of the persistent regressor is expected to outperform the smaller (nested)
model. Under the same conditions, Part (3) of Proposition 8 establishes that the
relative performance of the switching rule and the big model is the same. This is
unsurprising since, by part (2), there is not expected to be any switching between the

big and the small models.

5.4 Choice of Monitoring Instruments

Our analysis is suggestive of which monitoring instruments to use in the switching
rule. For example, suppose that E(e; | 214, 22,) = 0. Using the squared forecasts
21t = (Ji4415U3441) as test instruments, we have E(ALyy | 214) = 323, — fiat, =
U311 — Ui epr and so we can regress ALyyy on §f .,y and g3, to obtain E(ALy |
1)

Alternatively, for regressors whose squared value is persistent, we can simply use
the lagged value of AL, as a monitoring instrument. This is an easy strategy since
such lags are always observed even if z;; and x9, are not observable to the forecast
evaluator, as in the case of survey forecasts. To see why this works, suppose that
one of the regressors is persistent in squares, e.g., To; = pTai_1 + ﬂut, where
{14}, {w} and {€;41} are mutually independent i.i.d sequences of standard normal
random variables.?! Tt is not hard to show that Var(AL; ) = 2(8{ + B3) +4(8% + 33)

and cov[A L1, ALy = 2pB3, so that, ignoring estimation error,

p* 53

corr(ALi iy, AL) = (BL+ B3) +2(82 + 53)

Because the correlation between AL;,; and AL; is always nonnegative, a simple
switching rule is to choose model 1 if and only if this model outperformed model 2 in

the current period, i.e., if AL, < 0.%

23Bven if ;¢ is not observable, we always observe §; ;1 1}¢, functions of which which can therefore
serve as z1; in the switching rule.

24This situation might arise if one or both of the x variables has ARCH-type heteroskedasticity
dynamics which introduces persistence in its squared value.

25In practice, we might need to take into account that E(AL;; 1) # 0 and thus a regression-based
switching rule might be more appropriate.
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5.5 Sources of Gains from Monitoring

Gains from monitoring forecasting performance arise from the non-zero correlation
between ;64,1 and zy;. It is worth briefly discussing how this non-zero correlation
might arise. We consider three possible sources, namely time-varying parameters,
model misspecification, and persistent estimation errors. Throughout the analysis we
focus on the simple nested case in which the small model forecasts zero while the
big model assumes a linear relation between y,.1 and w4, i.e., i.e., Y1 = By + €441

Moreover, again we ignore estimation error.

5.5.1 Time-varying Parameters

Using the nested setup with a small and a big forecasting model, consider the case
where the parameters of the data generating process are time-varying, i.e., 441 =
Bixy + €441 follows a stationary but time-varying process, while the big forecasting

model assumes constant parameters. In this case, the big model uses the “long-run
mean”, = ¢! 23:1 B;, so that

ALy = (yt+1 - 0)2 - (yt+1 - th)z = B(2Bt - B)iUtZ + 2th5t+1- (25)
Suppose that x; and z;; are independent. Then
E(ALiyy | z10) = [B2 + 2BE (B = B) | 21)] B, (26)

It is not hard to see that the switching rule based on zy; is expected to outperform both

the big and the small forecasting models as long as the following two events both have
positive probability: 32 + 25E ((Bt -5 | th) < 0 and 5%+ 25E ((ﬁt —B) | th) > 0.

5.5.2 Misspecified Forecasting Model
Suppose the data generating process takes the form

Yir1 = f(z0) + €441, (27)

where f(z;) is a general (nonlinear) function of z; and we assume that Elz;| =
E[€t+1] = ]E[[L'tgt+1] = 0.
Under these assumptions, 8 = E[z,y;.1]/Ex? = E(zf(x;))/Ex? and so the loss
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differential is given by

ALy = (ym - 0)2 - (ym - 5%&)2 = 5917t(2f($t) - 5%) + 28348441 (28)

Again, it is easy to construct examples where the monitoring instrument zy; is
correlated with z,(2f(z;) — fx;) and so might be used to increase the predictive
accuracy of either of the underlying forecasting models.

As a concrete example of how this might work, suppose that x;, 214, &1 ~ N(0,1)
are independent normal random variables and the forecast error for the big model is
given by €41 = sign(z;214) |§4+1| - Then we have E[z,zy,] = E[xiei11] = Elz16041] = 0
and the covariance matrix of (x, 214, £,11) is the 3 x 3 identity matrix. From (22), the
expected loss differential is E[AL;, ] = 8% Although zy; is independent of (x4, &411),

z1; contains information on the mean of AL q:

52 + 26& if 21t > 0
E (ALpyi|21e) = 52 4 26F (asign(ae21e) [§sa] | 210) = S 52 if 2, =0,
B? —2Ba if 21, <0

where a = E |24&.1| > 0. For this case the sign of z1; contains information about the
loss differential and thus can be used to monitor the models’ (relative) forecasting
performance. For example, if 32 — 28a < 0 < 3% + 283a, then one should use the big
model if and only if z3; > 0.

6 Simulation Results

This section presents results from a set of Monte Carlo simulations which illustrate
the theoretical analysis in sections 3 and 4. For the nested case we show the joint
effects of varying the strength of the predictor and the monitoring instrument on
the predictive performance of (i) a small forecasting model; (ii) a big forecasting
model; and (iii) a switching rule. We also consider alternative forecasting methods
based on augmenting the forecasting model with the monitoring instrument, a pre-
test for determining whether to include a predictor, and an equal-weighted forecast
combination.

For each point in time t > m + n + 1, define the rolling window estimator for a
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model that includes x;; as a predictor
t—1 1
Bit = [Z xisxis] [Z Zl?isysH] .
s=t—n s=t—mn

with resulting forecast §; ;41 = Bi’txt. The squared error loss differential of models 1

versus 2 is given by

ALt+1 = (yt+1 - Buxlt)z - (?Jt+1 - Bz,txzt)Q- (29)

To evaluate the switching rule, for ¢t > m+n+1, define the estimates from regressing
ALy on (1, 21) -

t—1

t—1 -1
(éO,t7 él,t)/ = [ Z (17 ZlS)(la le>/] [ Z (17 ZlS)/ALS-‘rl
t— s

s=t—m =t—m

and the associated conditional forecast of the loss differential
ALt+1|t = égi + élltht. (30)
Forecasts from the switching rule take the form

?35W,t+1|t = 1{ALt+1\t < O}Bl,tiﬁlt + 1{ALt+1\t > O}BQ,tht

For each simulated sample we compute the mean squared errors of the two fore-
casts and for the switching rule as MSE/ = p~! ZtT:_ni+n+1(yt+l — :Cthj,t)Q, and
MSESW = p! ZZ:%MH(%H - gSW,t+1|t)2a where T'=n +m + p.

To shed light on the power of the GW test for equal forecasting performance, for
each sample we compute ALy, and ALy, from (29) and (30), respectively. Statis-
tical significance of the loss differentials of forecasts jjand js is then evaluated using
the test statistics

T-1 —j
L A LJl J2
JRT = pr /2 — (31)
t:mz—l-n—i-l o({AL”Y)

where &({AL{E”}) is the Newey-West standard deviation of the loss differential
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between models j; and js.

6.1 Nested case
In the nested case, data are generated from a simple linear regression model
Y1 = Bxy + €441, (32)

where x; ~ i.i.d.U(—1,1). The residual ;4 is generated as follows. Let s;; € {0,1}
be a binary random variable such that P(s;43 =1 |2, > 0) = p+ 6 and P(sp; = 1 |
xy <0) = p— 0, where u = 1/2. Define

€41 = Si41Q1 + (1 — 5441) Q2 (33)

where @1+ and Q2 are N (0, 1) random variables that are mutually independent and
independent of s;y; and z;. To control the correlation between the residual in (32)

and the monitoring instrument, z;;, we generate the latter as

21 = a1 Q1 + a2Qay, (34)
where a; = 1 and a; = —1. It is now easy to see that Ex;e411 = Ez36401 = Egyq =
Ezy; = Ez, =0 and

3
Corr(xieit, 211) = 55.

Our simulations set 5 = 3n~* and we choose 0 such that Corr(zey1,21) =
0.6n=**.  We report the outcome of 5,000 simulations based on a sample size
(n,m,p) = (100,100, 200), so that 7" = 400.

Table 1 presents results from the simulations. In each panel we show the propor-
tion of simulations for which the null of equal predictive accuracy is rejected against
a one-sided alternative, using the Jr test in (31) and a 5% size. The higher the value
of P(J372 > 1.64), the stronger the evidence that forecasts from model 1 generate
larger out-of-sample MSE values than forecasts from model 2.

First consider the performance of the big versus the small forecasting model (top
row) in Panel A. When «a, < 0.25, the big model produces far more accurate forecasts
than the small model-as indicated by rejection rates exceeding 99% for a test that
the MSE of the small model exceeds that of the big model. As «, rises to 0.5, the
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rejection rate declines to around 10%, and the forecasting performances of the big
and small models become increasingly similar. In fact, for a, = 0.75 and o, = 1,
the small model produces lower MSE values than the big model, consistent with our
theoretical analysis (Proposition 4).

Turning to the comparison of the switching rule and the small forecasting model
(Panel B), we see that the switching rule strongly dominates the small model (with
rejection rates above 85%) if either (i) the predictor is strong, i.e., o, < 0.25, or the
monitoring instrument is strong (c, < 0.1) and the predictor is not weaker than local-
to-zero (o, < 0.5). In the first case, the accuracy of the monitoring instrument does
not matter because one option is to always select the big model which, on average,
performs better than the small model provided that «, is small, ensuring that the
predictor is informative. The better average performance of the big model relative to
the small model is picked up by the intercept 6y in the switching rule and so holds
independently of the value of 6;. In the second case, a precise monitoring instrument
allows for accurate determination of when the small or the big forecasting model is
likely to be best—even in situations with a less accurate forecasting signal. As both
a, and «, rise beyond these values, the predictive accuracy of the switching rule,
measured relative to the small model, deteriorates, consistent with what we would
expect from the theoretical analysis (Proposition 5).

Measured relative to the big model, Panel C of Table 1 shows that the predictive
accuracy of the switching rule is, in contrast, very poor when the predictive instrument
(x;) is quite accurate, i.e., when «, is small. However, as «, rises above 0.5, we
start to see that the switching rule increasingly dominates the big forecasting model.
Interestingly, even when «, is small and so the predictor is accurate, the switching rule
can produce more accurate forecasts than the big model provided that the monitoring
instrument is very accurate, i.e., o, < 0.2.

Table 2 reports the performance of the switching rule measured relative to three
alternative, widely used, forecasting methods. Panel A shows that the switching rule
dominates an equal-weighted average of the two forecasting models if either (i) the
big model is very good (i.e., a, is small), regardless of the accuracy of the monitoring
instrument; or (ii) if the monitoring instrument is very accurate (small o, ), regardless
of the precision of the predictor. The switching rule only loses out to the equal-
weighted forecast combination if both the monitoring instrument and the predictor

are poor, i.e., if a, and a, are both large. Panel B compares the performance of the
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switching rule to that of a pre-test approach that includes x in the forecasting model
only if its slope coefficient is statistically significant using a t-test. We find that the
switching rule performs best provided that the predictor is not too accurate and the
monitoring instrument is fairly accurate (small «v,). Panel C shows that the switching
rule is particularly likely to generate more accurate forecasts than those from an
augmented model that includes the monitoring instrument, z1;, as a predictor in the
big forecasting model provided that the monitoring instrument is accurate («, is low)
and the predictor variable is not too strong. Note the non-monotonic pattern in the
rejection rates which first increase, then decline as a function of «, (for small ) or
conversely first decline, then rise (for large «,) when we measure the performance of

the switching rule relative to the pre-test or augmentation methods.

6.2 Non-nested case

For the non-nested case, let {(z1¢, 2101, S1.45€1.441) }ioq and {(zay, 2162, S2.4 €2.041) }iy
be independent copies of the process {(xy, 21, 8¢, €41) Hey in (32) - (34) such that in
generating {(;, 2165, St Eja11) He1, We use 0; = 1/2/3 x 0.6n=*= for j € {1,2}.
Then we set 21 = (2101 + 2162)/2, €141 = (€1441 + €2441)/2 and B; = 3n~% in

Yey1 = P11 + Pooy + Epy- (35)

Table 3 shows the outcome of three comparisons of predictive accuracy for model 1
versus model 2, model 1 against the switching rule, and model 2 versus the switching
rule. We let a,; and o, o take values of {0,0.25,0.5,1}. The four panels in the table
correspond to different combinations of the accuracy of the monitoring instrument for
models 1 and 2, with {a, 1, 0,2} = {0,0} (panel A), {a.1,a,2} = {0,1} (panel B),
{a,1,0a.2} ={0.5,0.5} (panel C), and {1, 0.2} = {1,1} (panel D). When «,; = 0,
we find that the first model produces significantly more accurate forecasts than the
second model (rejection rates near zero) provided that a, is larger than oy, so
that the predictor for model 1 is more accurate than that for model 2, and z;; is
a reasonably strong predictor (a,; < 0.25). Conversely, by symmetry, the second
model produces significantly more accurate forecasts than the first model (rejection
rates near one) when a, 2 < 0.25 and «, » is smaller than o, 1, so that the predictor
for model 2 is quite strong and more accurate than that used by the first model.

Next consider the performance of the switching rule relative to the individual
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forecasts when both monitoring instruments are strong (o, ; = a,2 = 0 in panel A).
The switching approach generates better forecasts than model 1 when a, 1 > 0.5 so
that this model uses a fairly weak predictor and switching away from this is beneficial.
Interestingly, this holds even when «, ; is quite large, so that the predictor used by
the second forecasting model is quite poor. The switching rule performs distinctly
worse relative to always using model 1 if o, ; is very small, while o, o is high, so that
there is little reason for switching away from model 1 and towards model 2. The
opposite pattern holds when we compare the performance of the switching rule to
that of model 2. Relative to model 2, the switching rule generates more accurate
forecasts for small values of o, ; and big values of o, » while it underperforms for the
reverse scenario. Results only change marginally when we use a weaker instrument for
model 2, i.e., when o, = 1 (Panel B). Interestingly, when both predictor variables
are local-to-zero, i.e., az1 = a,2 = 1/2, there is more than a 25% chance that the
switching rule produces more accurate than both model 1 and model 2.

Panels A and B assume that at least one monitoring instrument (o) is highly
accurate. In Panels C and D, we instead let both instruments be relatively poor.
The absence of accurate monitoring instruments means that the probability that the
switching rule outperforms both of the underlying forecasting models deteriorates
significantly. In particular, the probabilities that the switching rule will perform
better than the underlying models when the signals are neither very weak nor very
strong, i.e., oy ; is at 0.25 or 0.50, are now much reduced compared to the case where

at least one of the monitoring instruments is strong.

7 Empirical Analysis

We next provide empirical illustrations of how monitoring instruments can be used,
first, to understand time variation and state dependencies in the performance of pre-
diction models and, second, to evaluate the performance of the switching rule. We
present two empirical applications. Our first application is to inflation forecasting.
To illustrate the non-nested case, we compare the Federal Reserve’s Greenbook fore-
casts to forecasts from the Survey of Professional forecasters. For the nested case, we
also compare the accuracy of a simple backward-looking Phillips curve model to that
of an autoregressive specification. This example displays stronger evidence of pre-

dictability and is interesting given the strong evidence of parameter instability found
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for inflation forecasting models; see, e.g., Stock and Watson (2003). Second, we study
predictability of U.S. monthly stock market returns—a case with weak predictability

and large estimation errors.

7.1 Inflation Forecasts

Our first empirical application looks at the predictability of U.S. inflation. Inflation
forecasting has generated a lot of interest in the economics literature despite appearing
to have become more difficult over time (Stock and Watson (2007)). We perform
our analysis in two stages. First, we compare forecasts from the Federal Reserve
Greenbook to forecasts from the Survey of Professional Forecasters (SPF)-the data
underlying the plots in Figure 1. Second, we compute recursively generated forecasts
from a backward-looking Phillips curve and compare them to forecasts from a simple

autoregressive model.

7.1.1 Greenbook versus SPF Forecasts

Our first application compares the predictive accuracy of the Federal Reserve’s quar-
terly Greenbook forecasts of the GDP price deflator to the mean forecast of the same
variable from the SPF using forecast horizons ranging from one through four quarters
over the sample period 1968Q4-2010Q4.%° It is highly unlikely that the two sets of
forecasts use the exact same predictor variables, so this application represents the
non-nested case.

The first column in Table 4 shows t-statistics from a simple Diebold-Mariano
regression of the squared error loss associated with the Greenbook forecasts minus that
from the SPF on an intercept. Negative values suggest that the Greenbook forecasts,
on average, are more accurate than the SPF forecasts and this is indeed what we
find. The subsequent columns show Diebold-Mariano t-statistics from comparing the
MSE performance of the switching rule versus always using the Greenbook forecasts
(labeled GB-SW) or comparing the conditional selection rule versus always using the
SPF forecasts (labeled SPF-SW). In these comparisons, positive values indicate that
the conditional switching rule performs better than the individual forecasts. We use

four different test instruments, namely the unemployment gap (UG) proposed by

26Data on the forecasts are obtained from the Federal Reserve Bank of Philadelphia.
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Stock and Watson (2010),*” a measure of macroeconomic uncertainty proposed by
Jurado et al. (2015) (labeled U and constructed as the first principal component from
a variety of uncertainty measures), the lagged loss measured over the most recent four
quarters, AL;_s; = (1/4) 21:1 ALyy1_,, along with the squared difference 9%, — 93,
again averaged over the most recent four quarters, i.e., Aj? 5, = (1/4) 320 _ (431 —
U3,41_.) - We consider both a 10-year rolling estimation window for the switching
regression (m = 40, panels A and C) and a 15-year rolling estimation window (m = 60,
panels B and D) and report results that measure the actual inflation figure using either
the final revision to the GDP deflator (panels A and B) or real-time vintage estimates
(panels C and D).

Overall, the results show that it is easy to find monitoring instruments that allow
us to identify periods where the Greenbook forecasts outperform the SPF forecasts.
This is not surprising because we know that the Greenbook forecasts are better on
average than the SPF forecasts (column 1) and so a conditional selection rule that
always prefers the Greenbook forecasts should also produce good results. More in-
terestingly, it is also possible to find instruments for which the conditional switching
rule improves significantly on the Greenbook forecasts for at least some horizons.

As an illustration of how our approach can be used to monitor forecasting per-
formance at a higher frequency than the daily data, we regressed the quarterly series
of squared error differences (Greenbook minus SPF) on the term spread measured at
the end of the previous quarter.”® We use this monitoring instrument in part because
it is easy to construct on a daily basis. While the dependent variable (the squared
error loss difference) is only observed once a quarter, in this case the predictor, 2,
is observed daily and so, using our estimates of 6, we can generate daily estimates
of the conditionally expected loss, AL;,;. These estimates are plotted in Figure 3
over the sample period 2000-2012. We see that the expected loss difference fluctuates
substantially and reverses sign during the financial crisis. This suggests that whereas

the Greenbook forecasts were expected to be less accurate leading up to the financial

2TThis is measured as z;; = ug; = uy — min(uy, ..., us_35), where u; is the unemployment rate
in month ¢ so the gap is computed relative to the unemployment rate during the previous three
years. This variable rises during recessions and comes down during the early expansion phase of
most economic cycles and can be viewed as a “real time” alternative to the NBER recession indicator
which is only released with several months’ lag.

28The term spread is the difference in the yield of a long (10-year) Treasury bond and the yield on
a short (3-month) T-bill. The estimate of 0, is statistically significant in the monitoring regression
which uses a forecast horizon of h = 2 quarters.
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crisis, they were expected to perform better than the SPF forecasts during the crisis.

This application shows that our method for monitoring forecasting performance
can be beneficial for decision makers such as central banks in “benchmarking” their
forecasts against forecasts from other sources to see if there is evidence in real time
that the accuracy of their forecasts is lagging behind competing forecasts. While it
may not be feasible for such decision makers to adopt another agency’s forecasts,
evidence of inferior performance would suggest the need to improve on their own

forecasting methods.

7.1.2 Forecasts from a Backward looking Phillips Curve Model

Our second inflation example compares the forecasting performance of a backward-
looking Phillips curve to that of a nested autoregressive model. First, define the
annualized quarterly inflation rate as m; = 400 xlog(P;/P;_1), where P; is the quarterly
price index for the U.S. GDP deflator. Because the quarterly inflation rate is highly
persistent, we model the change in the inflation rate, Am;. The small model is assumed
to be an AR(4) specification:

4
A = Po + Z BiATy1-; + €1441- (36)

i=1

Autoregressive models such as (36) have proven difficult to outperform in many fore-
cast comparisons. The big forecasting model (B) adds the lagged unemployment rate,

ug, to (36) to obtain a backward-looking Phillips curve model of the form

4
ATy = By + Z BiATp1—i + Y1t + €241, (37)

=1

As our monitoring instrument, z;;, we use the first principal component (PC}) ex-
tracted from a large cross-section of more than 100 macroeconomic variables, using
the data set provided by Jurado et al. (2015).

Our sample runs from 1950Q1 to 2011Q4 and we use an estimation window of
50 quarterly observations. The monitoring window used to implement the switching
rule is also set at 50 quarterly observations (n = m = 50). Accounting for lags in the
model, this leaves 103 observations over the period 1986Q)2-2011Q4 for out-of-sample

forecast evaluation.
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The upper panel in Figure 4 compares out-of-sample forecasts of AL, 1 = e%vt 1
eQBJ 41, generated by regressing AL, ; on a constant and z;; = PCY, to the realized
values of AL, ;. For most of the sample, the expected loss ZZHIH hovers around zero
with frequent shifts in which model is expected to perform best. Even so, the baseline
AR(4) model is expected to produce the most accurate forecasts for long stretches
of time during the intervals 1988-1997, 2006-2008 and 2010-2011. The periods where
the backward-looking Phillips curve (37) is expected to perform best are typically
shorter-lived with exception of the earliest part of the sample 1986-1987.

The lower panel in Figure 4 shows the cumulative differences in MSE values for
four different model comparisons. Gray areas show periods where the small model
is expected to generate a smaller loss than the big model. The blue line tracks
the performance of the big model (37) against the small model (36). Adding the
unemployment rate to the AR specification does not change the precision of the
forecasts by much until the second half of 2009 at which point it leads this model
to greatly underperform the smaller model. This is related to the extreme value of
the realized inflation rate in the fall of 2009 and causes the big model to marginally
underperform the small model with a test statistic Jfg_B = —0.08 for the full sample.

Comparing an augmented model that adds z;; as an additional predictor to the
small model in (36),

4
Am = Bo + Z BiATi1—i + yiuy + 2PCL + €141, (38)

i=1

the augmented model (38) performs worse than the big model (37) although the
difference (t-statistic of 0.92) is not statistically significant.

The conditional switching rule that chooses the forecasting model based on the ex-
pected value of the forecast differential AL,,; produces more accurate forecasts than
using either of these models. The red line shows that the conditional switching rule
produces better forecasts than the autoregressive model for much of the sample up
to the fall of 2009 where, again, this approach gets on the wrong side of the extreme
value of the inflation rate and so underperforms the small model. On average, across
the full out-of-sample period, the conditional switching rule performs marginally bet-
ter than the small model. Compared to the big forecasting model (black line), the
switching rule outperforms most of the time. Moreover, the difference in MSE value

is statistically significant with a t-statistic of 2.15.
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We conclude the following from these results. First, always using the unemploy-
ment rate to predict inflation as is done by the big model (37) does not lead to
improved forecasts. However, it seems that there are states where this variable adds
predictive ability to a simple autoregressive model of inflation, the fall of 2009 ex-
cluded, and these states can be predicted by means of a variable that summarizes
aggregate economic information. Second, consistent with our earlier theoretical anal-
ysis, using the monitoring instrument zy; to switch between the small and big models
leads to significantly better forecasting performance than simply using this instrument

as a predictor variable in the conventional way as is done in equation (38).

7.2 Predictability of US Stock Market Returns

Our second application considers predictability of U.S. stock market returns. Specif-
ically, our dependent variable is the monthly excess return on the S&P500 index,
measured net of a short T-bill rate. Welch and Goyal (2008) analyze a large set
of univariate prediction models and find that none of these is capable of generating
smaller out-of-sample MSE values than a simple prevailing mean (constant equity
premium) model. We follow their analysis in using the prevailing mean model as our

benchmark (small model):

Ytr1 = U+ ESt41- (39)

This is compared to a univariate prediction model that uses the lagged value of the

one-month T-bill rate as a predictor and thus takes the form

Yey1 = b+ By + €y (40)

In addition, following Rapach et al. (2010), we consider a simple equal-weighted fore-
cast combination scheme that combines forecasts from 14 univariate models. This is
shown by Rapach et al. (2010) to produce more accurate forecasts than the individual
univariate forecasting models whose performances are strongly affected by estimation

error.?’ Forecasts from the equal weighted (EW) combination are computed as

14
. 1 .
Yitr1t = ﬁ Zl Yit+1)t> (41)

29Such combined forecasts also perform far better than forecasts from a multivariate “kitchen sink”
regression that includes all 14 predictor variables.

45



where g 10 = fli + Bzxzt is the forecast from the ith univariate return prediction
model.

All data are obtained from Goyal’s web site and cover the sample 1927-2013. We
use a 20-year rolling window to estimate the parameters of the underlying forecasting
models (n = 240) and also use 20 years of out-of-sample forecasts to conduct switching
rule regressions (m = 240) and compute the expected loss differential in (6). Our
analysis of the small and big models’ out-of-sample forecasting performance thus
runs from 1967 through 2013, a total of 47 years or 564 monthly observations. As
monitoring instruments, we use a list similar to those used in the analysis of the

inflation data

7.2.1 Empirical Findings

Table 5 reports the outcome of different tests of Hy : E[AL;1|Z;] = 0 versus the
alternative Hy : E[AL;1|Z;] # 0 under squared error (MSE) loss. Panel A shows
results for the equal-weighted forecast combination, while the subsequent panels show
results from the univariate forecasting model that uses one of our three predictor
variables. In each panel, the top row reports results for Z, = 1 corresponding to
a test of equal unconditional expected forecasting performance, i.e., a conventional
Diebold and Mariano (1995) test of Hy : E[ALy 1] = 0. .

The subsequent rows present estimates from a linear regression of the loss dif-
ferential on an intercept and the monitoring instrument, AL; .1 = 0y + 6121, + ugsq.
The first two columns show t-statistics for the estimates of the associated regression
coefficients, 6, 0, followed by 100 x R? of this regression in the third column. The
R? value shows how much of the difference in the big and small models’ squared
forecast errors can be predicted by the various monitoring instruments. The fourth
column, labeled GW, shows the p-value of the Giacomini-White test (7) based on this
regression. Low p-values indicate rejection of the null of equal conditional forecasting
performance and thus suggest that differences in the performance of the big versus
small forecasting models can be tracked by means of information in Z;.

First consider the results for the forecast combination (Panel A). With a ¢-statistic
of 1.82, there is some evidence that the forecast combination produces a lower MSE
“on average” than the benchmark prevailing mean model. Turning to the conditional
performance estimates, the GW test rejects the null of equal predictive performance

for three of four instruments at the 5% critical level or better. Some of this is driven
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by the significance of the intercept, i.e., the better average performance of the forecast
combination compared to the performance of the benchmark, prevailing mean model.
However, the lagged value of the squared forecast differential is significantly negatively
correlated with the future loss differential, AL ;.

Turning to the results for the univariate forecasts, we find that the T-bill rate
model’s average MSE forecasting performance is actually worse than that of the pre-
vailing mean, as indicated by the negative estimate of 6, in the first row of Panel B.
Interestingly, when used as monitoring instruments, both the unemployment gap and
the squared forecast difference are capable of identifying time variation in the loss
differential AL;, of the prevailing mean model relative to the T-bill model, resulting
in a rejection of the GW test of equal predictive accuracy at the 5% level for the
former instrument.

Figure 5 provides further details of this result using the prevailing mean model as
the small model and comparing its performance to a model that adds the T-bill rate
(big model) and uses the unemployment gap variable as a monitoring instrument.
The lines in the figure show the cumulative sum of squared forecast error differentials
for the small minus the big model (blue line), the small model minus the switching
rule (red), the big model minus the switching rule (black) and the “biggest” model
augmented with the monitoring instrument (the unemployment gap) versus the small
model (purple). When any of these graphs is rising and positive, the first model
underperforms (produces higher squared errors) the second model and vice versa.*
From these graphs it follows that the big model produces large gains in predictive
accuracy (measured relative to the small model) between 1968 and 1975 only to
see these gains disappear between 1975 and 1981 and, again, after 2009. Overall,
measured across the full sample, adding the T-bill rate to the constant expected
return model does not lead to lower cumulative squared error values. In contrast, the
switching rule produces more accurate forecasts than both the small (red line) and
big (black line) prediction models. Relative to the big model that always includes
the T-bill rate as a predictor, the switching rule avoids the very large deterioration in
forecasting performance observed in 1975-1976 and after 2009. Notably, the switching

rule takes advantage of the T-bill rate model’s good performance in the early seventies

30During periods (marked in gray) where the small model is expected to generate more accurate
forecasts than the big model, the switching rule chooses the former and so the cumulative loss
differential line for the switching rule relative to the small model becomes flat.
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and, again, during the early part of the global financial crisis. Notice, finally, that
the biggest model that adds the monitoring instrument (here the unemployment gap)
as a predictor underperforms the small model and falls far short of the performance
of the switching approach that uses the same information to choose between the big

and the small models.

8 Conclusion

We construct finite-sample bounds on the expected mean squared error performance
of different forecasting models which account for parameter estimation error and hold
both on average (unconditionally) or conditional on a set of monitoring instruments.
Our analysis covers both the case with nested and non-nested forecasting models.
We show that the possibility of establishing gains from monitoring the loss differ-
ence between competing forecasting models and selecting at each point in time the
model with the smallest expected loss requires conditions on the accuracy of both the
predictors used by the underlying forecasting models as well as the strength of the
monitoring instruments.

Through Monte Carlo simulations we demonstrate that there is indeed scope for
the presence of monitoring instruments to help improve forecasting performance. For
a switching rule to work, at least one of the models must use predictors that are not too
weak. None of the underlying forecasting models can be too dominant as, otherwise,
there is little space for improvements by alternating between the two forecasting
models. Cases with forecasting models that have broadly similar predictive accuracy
are frequently encountered in empirical studies and so this situation seems to match
commonly found situations.

Our empirical applications to inflation forecasting and predictability of stock mar-
ket returns demonstrate that it is not difficult to find examples of monitoring instru-
ments that do not have predictive power if added directly to a forecasting model but
that the monitoring instruments nevertheless can add value by containing information
on when a particular forecasting model is likely to perform best conditional on such

information.
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Appendix

This appendix provides proofs of the theoretical results in the paper. The appendix
is structured as follows. Appendix A provides technical tools used in the proofs while
the theoretical results in the main text are proved in Appendix B.

First, some comments on notation. Throughout the appendix, the constants do
not depend on T, n or t. For a vector x = (zy1,--- ,z,) € R, ||lz||, = (L, o)V
For a random variable or vector X, let || X||z-@) = (E[X|7)Y/". For two sequences
ar,br > 0, we say that ar < by if ar = O(br) and by = O(ar). For any real number

x >0, we define |z| to be the largest integer no larger than x.

A Technical results used in the proofs

Lemma 1. Let F and G be o-algebras with strong mizing coefficient o. Let X €
F and Y € G be random variables with EX = 0. Suppose that || X| r@ < Chi,
1Y ||zay < Cy for some constants C1,Cy > 0 and p,q € (1, 00] satisfying 1/p+1/q <
1. Then E|E(X|G)Y]| < 8al~V/P=1aC,(C,.

Proof. Let Z = E(X | G). Define h to be the sign of YZ, ie.,, h = 1{YZ >
0} — 1{YZ < 0}. Therefore, Z,h € G. We notice that

i ii (i)
E|Z2Y| 2 E(ZYh) = EE(X | §)Yh] D E(XYR) < 8a' P~ V1||X]| ooy [ Y | ).

where (i) holds by |ZY| = ZYh, (ii) follows by Y,h € G and the law of iterated
expectations and (ii7) holds by EX = 0 and Davydov’s Theorem (Theorem 3.7 of
Bradley (2007)). By the above display and P(Jh| < 1) = 1, the desired result follows.

[l

Lemma 2. Let X and Y satisfy that E|X|,E|Y | < D. Then E|XY|" < D, where

v =-cica/(c1 + c2).

Proof. Let p=c;/vand ¢ = ¢y/v. Then p~'+¢~' = 1. The result follows by Holder’s

inequality:

EIXY|" < (BIX|™)" (BY]")" = (B|X|")"" (B]Y]*)"* < D
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Lemma 3. Let {X;}!, be independent random variables. Suppose that EX; = 0 and
maxi<;<p E|X;|P < K for some constants p > 2 and K < oco. Then Va,t > 0,

t2

> Xi1{|X;| < a}

=1

2(a®>PK +atn='2 +n=15 " EX?)

|

Proof. Let X; = X;,1{|X;| < a}, Z; = X; —EX; and B2 = 3" | EZ?. Thus, EZ; = 0
and P(Z; < 2a) = 1. It follows by Theorem 2.17 of Pena et al. (2008) that Vz > 0

i=1

> \/nt + nal_pK> < 2exp {—

Applying the same result to {—Z;}",, we obtain

P(-5azs) o (rmrimm)

The above two inequalities imply that

P(izi 2z> < 2exp (—ijz)). (42)

i=1
We now bound EXZ Notice that

EX.| = [E(X, - XA{|X] > a})| £ [EX1{X,| > a}| < EIX,[1{|Xi] > a}
|—1

<EM <uﬂﬂX|>MJSEumwﬂ,

where (i) holds by EX; = 0. Therefore,

i EX;

i=1

<> [EX| <nKd'™. (43)

=1

Moreover, Vt > 0,

|

> XA{|Xi| < a}

=1

> /nt + nalpK>
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—P (i Zi> + (i ]EXz) > \/ﬁt+na1‘pK>
=1 =1
<P izi + iE}Zi > \/ﬁt+na1_pK>
=1 =1

n (1) nt?
<P Z;| > t] <2 — , 44
- ; = ) = 2% ( 2(B2 + Qaﬁt)) (44)

where (i) follows by (43) and (i) follows by (42) with z = \/nt.

It remains to bound B2. Notice that

n

B2-YEX? =Y [EXE _EX? - (EX,.)Q}
=1 =1

=3 [EX21{|X) > a} - (EX)’]

=1

< Y EXPX| > a)
=1

n
< ZE]XAPCLQ*” < na®?K.

i=1

<Y oB | (x> o)

i=1

The desired result follows from the above inequality and equation (44). O]

Lemma 4. Let {Y;}L, be random wvariables with B3-mizing coefficient satisfying
B(i) < 1 exp(—m2i™) for some constants T, 79,73 > 0. Suppose that EY; = 0 and
max;<i<1 E|Y;|? < D for some constants p > 2 and D > 0. Then for any py € (2,p),
there exist constants Ky, ..., K5 > 0 such that Yw > 1,

s+n
P ( Z Y| > \/ﬁKlw) < 2exp (—K2w2) + Kgnl_p°/2 log_K4 n
t=s+1
and .
¢ <1g%%3<_n ZlYt > \/nlOgTKs) < 2K5Tn'77*?log™ n.
t=s+

Proof. Fix 1 < s <T —n. Let m; > ms and k = [n/m], where m = my + my. For
1<j<k,define H 1 ={(j—1)ym+i:1<i<my}and Hjs ={(j —1)m+i:<
my +1 < i < m}. Also define H, = {km + 1,....,n}. Let W;; = mfl/Q ZteHjl i,
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Wiz =my"* Y, Yeand Wo = Y, Vi

Step 1: bound Z?:l Wi1.

We apply Lemma 3 together with a Berbee-type coupling result. By Lemma 7.1
of Chen et al. (2016), there exist independent random variables {Z;}%_, (possibly on
an extended probability space) such that Z; and W, have the same distribution and

P (U{Zj + Wj,1}> < kB(ms) < kry exp (—ram3) . (45)

Lemma 7.2 of Chen et al. (2016) also implies that there exist constants
My, My, My > 0 such that

E|W; P < MiM}° and E[W;,|> < M. (46)

Let Qumy kpo -= Maxy<;j<i E|W;1[?°. Let ap — oo be a sequence to be chosen later.

Applying Lemma 3, we obtain that V¢ > 0,

/()

k
> Z1{|Z;| < ar}
7j=1

>Vt + kalT_ponl’k’p())

t2
2 (ag’_ponhk,po + aTtkilm + k- Z?Zl EZ?)

< 2exp |—

Hence, by (46), we have
]P (

The above display and (45) imply that

'

k
> Z1{|Z] < ar}

Jj=1

> Vit + k;alT—pOMlM;”O)

t2
2 (a7 "My M + agtk=1/% 4 M)

< 2exp [—

k
> Wi l{{Wy4| < ar}

j=1

> Vkt + kal M, M§0>
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t2
2 ((lgﬂ_poMlMgO + CLTtk?_l/2 + M())

< 2exp [— + kT exp (—momg?) . (47)

By (46), we have

k k k
P (U{w > aT}) ST BWP > ) < S B e < ke AL
=1 =1

J=1

By the above two displays,

g

< 2exp [—

k

2 Wi

j=1

> Vkt + kay "M, M§°>

tQ
2 (a%_poMlMgo + CLTH{?_I/Q + M())

+ ki exp (—mem3?) + kap ™ My M.

(48)

Step 2: bound Z§=1 W;o and W,
Similar to Step 1, we can show that for any ¢ > 0,

'

k
> Wia

> VEt + kay M1M§’°>

j=1
t2
s 2ex B + k7 exp (—1om™®) + ka 2o M, MP°.
> p 2 (a%—v_pOMlMgo + a,Ttkafl/Q + MO) 1 P( 21T ) T 1M,
(49)
Notice that there are fewer than m elements in H,. Hence, V¢ > 0,
E|W,|Po ()

Fwl=n = ‘st' < MiM3*(Vm /1), (50)

where (i) follows by Lemma 7.2 of Chen et al. (2016) (with the same constants M,
and M, as in (46)).
Step 3: derive the final result.

]4+1/T3J

Now we choose my = 1 + U(po/Tg)logn , My = M3, m o= my +mg, k =
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|n/m| and ap = Vk. Let

Gn =k exp (—1om3?) + ka " My M3°

n/(myk)
2 <a2T*POM1M§’° + apy/n] (mak) k=12 + M0>

+ k7 exp (—mem() + kap" MiM3® + MyM3° (m/n)”/?,

+2exp [ —

For large n and z > 1, we have that
s+n

PZY;

t=s+1

k k
=P | |v/m Z Wii+/ma ZW]Q + Wi
j=1 j=1

> 5\/52’)

> 5\/52)

k
<P | |/ Z Wi
j=1
k
<P (> Wi
j=1

o

k
E Wi
J=1

k
Z 2\/%2) + P ( \/mQZWj’Q
j=1

> NE) +P(JW.] > Vn)

> Vkz + kalT_pOMlMé’(J)

> Vk/n/(msk) + kalT_pOMlMg(J) + P (|W,| > v/n)

(#4) 2
<2exp |— + 9n,
2(

ay MM + apzk=V/2 + M)

[\ /
-~

W (2)

where (i) holds by z > 1 > Vkay " MyM2 and n/m; > k and (ii) follows by
(48), (49) and (50). By straight-forward computations, we have that ¥,(z) <
2exp(—M32?%) and g, < nl-ro/2 log_M4 n, where M3 and M, are positive constants.

This proves the first claim. The second claim follows by the union bound. O]

To study properties of estimation errors of the form (3o, Xseoi1)/(Oon, X72),

we consider the following condition.

Condition 1. Let {X,, e,11}"; be random variables with S-mixing coefficient sat-

isfying fniz(i) < 7 exp(—72i™) for some constants 71,72,73 > 0. Suppose that
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EXsesi1 = 0, maxj<s<, B[ Xs|P < D and maxi<s<, Eles11/P < D for some constants
p>4and D > 0. Moreover, Dy < E(n"Y23"" | X.e.11)? < Dy and Dy < EX? < Dj

for some constants Dy, .., D3 > 0.

Lemma 5. Let Condition 1 hold. Define

5 = Zzzl Xses—l—l
2 XD

Then for any po € (2,p/2), there exist & € o ({X,, es41}"_,) and constants Cy, ..., Cs >
0 such that IP’(S #£0) < Cint=Po/2log= 2, |ES[ < n t/lognCs and n~'Cy < E§? <
n='Cs. Moreover, |E§? — (3", X.eo11)?/E(X"_, X2)?| < Cgy/n—3logn for some
constant Cg > 0.

Proof. Let Z,1 =n"tY " Xsee1 and Z,o =n~ 'Y " X2 Hence, 6 = Z,1/Zy 2.
The proof proceeds in two steps.

Step 1: bound E|Z,, 4.

By Davydov’s inequality (Corollary 16.2.4 of Athreya and Lahiri (2006)) and the
uniform boundedness of E| X e, 1|>™ for some ¢ > 0, we have that for |s; — so| > 1,
IEX,, Xs,e511€5001] < Mi[B(|s1 — s2 — 1])]*2 for some constants M;, My > 0. The

exponential-decay of the f-mixing coefficient implies that for |s; — so| > 1,
IEX,, X,€0, 1165511 < Msexp (—My|sy — sy — 1) (51)

where M3, My, M5 > 0 are constants. Let S = {(s1,82) : 1 < 51,8, <, |s1—s9| > 1}.
Let Mg > 0 be a constant such that |[EX, X, eq, 165,41 < Mg; such a constant exists
since E| X e,11|? < (E|X,|*Eless1]*)'/? is uniformly bounded. Notice that

n n
2 -2
]E|Zn:1‘ =n Z Z ]EX81X82681+1682+1

s1=1s2=1

n—1

n
-2 2 2.2 -2 §
=N EX365+1 +n EXSX3+163+168+2

s=1 s=1

n—1

+ 7’L—2 Z EXsXs—les-‘rles + n_2 Z EXS1X82 €s14+1€s5+1

s=2 (s1,s2)€S

<n'Mg +2n"%(n — 1)Mg +n"? Z EX, Xs,€5 1165541

(s1,52)€S
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(@)
<n Mg+ 2n"%(n — 1)Mg +n"? Z M exp (—My|sy — so — 1|*7)

<n'Mg +2n"*(n — 1)Mg +n"? Z Z Msexp (—Milsy — so — 1|*)
s1=1s2=1

@ o —2

<n~ Mg+ 2n""(n — 1)Mg + n"*nM; (52)

for some constant M; > 0, where (7) follows by (51) and (i7) follows by the fact that
> ooy Msexp(—My|s; — sy — 1|™5) is uniformly bounded for any 1 <'s; < n. Hence,

there exists a constant Mg > 0 such that

E|Zn1| < \/E|Zu1|? < Mgn™ /2 (53)

Step 2: derive the desired result.
Notice that X? — EX? has uniformly bounded 0.5p-th moments. By Lemma 4
(applied with Y, = X2 —EX?2), we have that

P (\an —EZ,s| > Ki\/n1log n> < Kopn' /2 1og~Ks .

where K1, Ky, K3 > 0 are constants. Let § = Z,,1/EZ, » and 5= anl/ZmQ with

EZ,2+ Kiy/ntlogn if Z,2 > EZ,s+ Ki\/n~tlogn
Zn72 = EZnQ - Kl \V4 nil 10gn if Zn72 S EZTL,Q — Kl' /nfl logn .

Zn2 otherwise

Clearly, 6 € o ({X,, es41}",). Moreover,

P (5 ” S) —P (Zn,2 £ Z,w) < Kon!™™/2log %5 . (54)
Notice that
~ - Zn Zn Zn Zn - EZ’IL
E|§ -8 =F “nl S ,1(~ 2 2)
n,2 ]EZ”Q Zn,2EZn,2
(%) Kiv/n 11
g 1v/n tlogn E|Z, .|

(EZ,) (EZ,MQ + Ky\/nTlog n>
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(i1)
< K4n’1\/logn for some constant K, > 0,

where (i) holds by |Z,2 — EZ,2| < K1y/n~tlogn (by the definition of Z, ) and (i)
follows by (53) and EZ,, 5 > D,. Since EX,e,y; = 0, we have EZ,; = 0 and E§ = 0.
Hence, the above display implies that

IEd| < [Ed| 4+ E|d — 6| < Kyn~ty/logn. (55)
Lastly, notice that

ZTZL,1|ZH,2 — EZn,Q‘ : |Zn,2 + IEZn,2|

=E -
225 (BZy2)"

‘E(52 _ 5

@ | Ki/nlogn(2EZ, 5 + Ky\/n—11 (i)
2 ) Ky log n(2EZns + K/ °g2"> EZ2, < K5/n 3logn (56)
(EZmQ)Q <EZn’2 — le/ n1 log TL)

for some constant K5 > 0, where (i) follows by \an —EZ, 5 < Klm
(by the definition of Z,,) and (ii) follows by (52) and EZ,, > D,. Since E§> =
EZ.,/(EZyn2)?, Dy < EZny < Dsand n™'Dy < EZ2, < n~'Dy, it follows, by (56),
that there exist constants Kg, K7 > 0 such that for large n,

N Ky < B5? — ‘E(52 _ 52

< E§? < B + ‘E(SQ - 52)‘ <n 'K
The desired result follows by (54), (55) and the above display. ]
Lemma 6. Let Condition 1 hold. Define

n n—a.
25:1 Xs€s+1 s Zs:ln XS€S+1
§ = Zsmt st o Zusmt DeCerl
Do X2 S X2
s=1 S s=1 S

where a,, < cn for some constant ¢ € (0,1). Then for any py € (2,p/2), there exists
a constant M > 0 such that Vx > 0,

_ —p/2
P (|6 — 6| > ) < M max {nl_p°/2 log ™ n, (nz/\/an) ™™, (a;1n3/2x/\/logn) " } :
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Proof. After straightforward computations, we have that

< ngn an+1 X565+1 (Z" an X 65+1) (ng’rz an+1 XSZ)

§— 6 = Zs=nea — T : (57)
N Zs:l X52 P R (Zs:l Xs2) (Zs:ln XSQ) .,
7 T

Notice that by Lemma 2, both X? — EX? and X,e,y; has uniformly bounded
0.5p-th moments. Applying Lemma 4 (with Y, = X? — EX? and Y, = X,e,,;) and

using (1 — ¢)n < n — a, < n, we have that for some constants K, Ky, K3 > 0,

> i (X2 —EX2)| > Kiy/nlogn) < Kon' 7/ log " n
S X2 EX?)| > Kiv/nlogn) < Kyn!'~r0/21og™
IS0 (X2—EX2)| > Kiy/nlogn) < Kon! 7/2log™ ™
‘Zn X €s+1| > K1v/nlogn) < Kyn'7/2]og™ Fan

EEERECEE

By Condition 1, EX2? > D,. Since Kj\/n-tlogn < D,/2 for large n, we

have max {P (37_, X2 <nD,/2) P (31-7" X2 <nD,/2)} < Kyn'~7/2log™"* n for
some constant K, > K,. Notice that

n
§ Xses—l—l

s=n—an+1
E X sCs+1

s=n—an+1

P(J,>z/2) <P ixf gnD2/2> +IP><

s=1

> Dgnx/4>

Ppo

<P fognDQ/Q) (Dynz/4) ™ E

<P iXSQ < nD2/2> + (Dynax/4) ™7 Ksa?*/? for a constant K5 > 0
< Kyn P2 log™s n 4 Ky (Dona/4) 77 a?o/?,
where (7) holds by Lemma 7.2 of Chen et al. (2016). Also notice that
P(Jy > x/2)

<P (nz X2 < nD2/2> +P (Z)@ < nD2/2>

s=1 s=1
P > Kiv/nlogn | +P Z X2 > D%n x
=0t & oo 7| 8Kiyvnlogn

n—an

Z Xses+1

s=1
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3o

s=n—an+1

< 3K nt P2 log K 4 P (

- Din?z
— 8Kiv/nlogn

_ /2
D2n2e p/2 n b

<3R! log o 4 [ 2 E X2

= o & 8Kiyv/nlogn SH_Z%H ®

(i) D2n2x —p/2

< 3K 1—p0/21 — K3 2 nD p/2

= onan o8 8Ky/nlogn (an DY,

. n n 2

where (l) follows by IE| ZS:n—an+1 X52|p/2 = || Zs:n—an—H X52 ”11212/2([@) S
O i1 I X2 or2@))P/? < (anD)P?. The desired result follows by combin-
ing (57) with the above two displays. ]

B Proofs of main results

B.1 Proof of Proposition 1

Our proof of Proposition 1 relies on two lemmas, Lemma 7 and 8. We first state and

prove these lemmas before proving the proposition.

Lemma 7. Let Assumption 1 hold. For any constants K > 0, h € (0,1) and p; €
(2,r/2), we can enlarge the probability space and construct random variables 914 .,
o4, 014 and 8y such that for j € {1,2},

(P (800 # 0j) < CyT—min{p1/2=1, (1=hjpi}

P (|5J,t,* - 7j,t| < KT—h) -1

61+ and &y, are independent of {z), Tas, sy Fssi1

[E3;| < T7'v/1og TCy and T-'Cy < B3}, < T7'C

3%, — SIS e + Bma P /RS o, ] < o/ Tog

where C1, ...,C5 > 0 are constants depending only on the constants in Assumption 1.

Proof. We construct 9, ., for j = 1; the case for j = 2 is analogous. Notice that

Zi;i_n T14(E¢+1 + BaToy)

511t = t—1 2
ZSZt—n xl,t
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Recall the constants in Assumption 1. Let a, = min{a € N | a > (r/2 —
1)Yelogt¢n}.
By Theorem 16.2.1 of Athreya and Lahiri (2006), we can extend the probability

space with random variables {1 4, @9, €511 +o29"," such that

{216, T2, Eer1 1241 has the same distribution as {15, a5, Es41 ban 1
. . . t—an—1 - -
{Z1,5, 95, Est1 o™y 1s independent of {zy s, T, Esi1}s>t-1 (58)

t—anp—1

P ({jfl,sa ‘i‘2,57 6's—i-l}s:tfn 7& {xl,sa X255, 55+1}i;%f;1) = ﬁ(an) S beXp<_a%>‘
Let F, be the o-algebra generated by {i1, 2.4, €511 }52¢", " Hence, 5'1775 € F, and

P (5l,t ] és‘l,t> < bexp(—ac), (59)

where

i — S da(Er + Baay) and & — St (e + Batay)
1t Lt = :

2 t—an—1 .9 t—an—1 2
Zs:t—n xl,t Zs:t—n l‘l,t

Now we apply Lemma 5 (with Xy = &1 5 and es41 = [ado s +E541) and obtain that
there exist 51,15 € F, satisfying

P (517t + gl,t) < Mynt=?1/2]og=M1

|]E5_1,t] < n~1y/log nM, (60)
n*1M3 < Eg%,t < n’1M4

where My,...,My > 0 are constants. Lemma 5 also implies that ]]Egit —

B[ d(E + Bato) /B, 41,)% < Gy/(n—an) P log(n — ay) for
some constant G > 0. Notice that a, = logl/ °n. In computing this expecta-

t—an—1
s=t—mn

t—an—
s=t—mn

the same distribution. It is not hard to verify that [Ed7, — B> aii(ein +

s=t—n

Bowa )2 JE(XZ;, 22,)? < Gy/n~3logn for some constant G > 0.
Since 6, ; € F,, (58) implies that

tion, we can replace {& s, Tos, €541} with {21, 25, €511} ! since they have

61, is independent of {T o, T, €51 fest1- (61)
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By Lemma 6 (applied with X, = z1 5 and €541 = [o%a s + £541), We have that for
r=Kn",

P <|51t — 01| > l‘)

_ —r/2
< M5max {nl_pl/Q log ™ n, (nx/\a,) ", (a;ln?)/zx/\/log n) } :
where My > 0 is a constant. Define

Sl,t +x if 61,t Z 51715 +x
51,1%,* - 51,,5 —xz if 51,t § gll — X -

01t otherwise

Hence,
|51,t,* — 51,t| S xI. (63)

Notice that, for some constant Mgz > 0, we have

P (01,64 # 014)

<P <|51,t — 51,t| > l‘) +P (51,15 #* 51,t> +P (51,t # 61 t)
< Momac P log e, (/) 7 (ot o) exp-a) |

(i0) .,
< Mgmax {nlfpl/Q, (nx)~P1, (n3/2a:) /2}

(32)
< Mg max {nl p1/2, (nz) pl} < M, p~ e /2=1 (=R} for some constant M7 >0,

where (i) holds by (59), (60) and (62), () follows by the fact that exp(—a’) <

nt=/2 < nl=P/2 and (iii) follows by (n%/2z)™"/2 < (n322)™P1 < (nz)™ (due to
P < 7’/2)

Since n < T, the desired result follows by the above display, (63), (61) and
(60). O

Lemma 8. Let Assumption 1 hold. Then Vp, € (2,7/2) and Yh € (20, 1), there

exist constants Gy, ...,G4 > 0 and an array of random variables {ALtH,*}tT:_n" such
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that for T > G,

T-1
P (ﬂ (AL, = ALtH}) > 1 — Gyt min{p/2=1 (=hip

t=n

and
G3T—2C¥z,2 < EALH—L* < G4T—20tz,2'

Proof. Let §;;, = ijt — B+ Recall from (11) that

ALy = 26141 (foxor — P11 — 01421, + 02,4T24)
+ (Bomay — Brx1y — 01414 + O242y) (B1214 + Pooy — 01,41 — 0240y) . (64)

Let &, and &, be defined as in the statement of Lemma 7 (with K = 1):

)
P (6j,t,* 7& 5]',1‘,) < ClT_ min{p1/2—1, (1-h)p1}

IED (|(Sj7t7* — 5j7t| S Tih) - 1

61+ and &y, are independent of {71, Ta, Ear1 bs>t1

| [Edje| < T7'V1ogTCy and T7'C3 < Eo7, < T7'Cy,

where C4,Cy, C3,Cy > 0 are constants. Define

ALy = 2641 (Boar — P11y — 0104814 + 0244 t)

+ (Bawoy — 121 — 014414 + O204at) (1714 + ooy — 0144T14 — O204Tay) . (66)

The first statement in (65) implies that

T-1 T—1
P (ﬂ {ALHL* = ALtJrl}) >1- ZP (51,t # 51,t,* or 52,t # 52,1&,*)

t=n t=n

>1-2C(T —n)T~ min{p1/2=1, (1=h)p1}

Since T'— n < T, the first claim follows.
Now we compute EAL; ;.. Notice that there exist a constant K; > 0 such that
for ji, 52 € {1,2},

(B0, 1y es| < [BOjaws aeera| + Bl(Gj e — 0j1,0)T 51 4041
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(@)
= E|(5j1,t,* - 5j1,t>xj1,t5t+1|7

(47) A _h
< T "Elwj, seeq1] < KT,

where (i) follows by the fact that d;, ; is independent of x;, s&;11 and Ex;, 16411 = 0 and

(17) follows by second statement in (65). Similarly, we have that for some constants
K27 K37 K4 > 07

(B8, 10, 4| < [BOG, 0, 1yt + E| (6500 — 0y )25, 4 4]

2 (ES) il - (B2, 4] + Bl (Gt = 0) i
(i4) (444)
< T7'WlogTC, Ky +T"Ky < T™"K,,
where (i) follows by the independence between §;, ; and {z},,2,,}, (i) follows by the

second and third statements in (65) and (iii) follows by h < 1. Moreover, we have

that for constants K5 > E|xj, 12, and Kg large enough,

IESj, b0 4o 4Ty T o ]

< B, 400025 4% jot| + Bl (81 0 — 0j10)0 00T 1 4500 | 4 B (05504

- 5j2,t)5j1,t37j1,t$j2,t

(@)  _ _
< B8, 10j00]  Blaj ajy | + T B0 00y 0] + T B0, 00, 45,4

(41) _ _ _
< ’E5j17t5j2,t‘ ' E‘leytlet’ + T_hE [(|5j27t’ + T_h)"xjhtxjmtu
+ TﬁhE [(ygjlyt‘ + Tﬁh)lle,tsz,tu

@) o -

< By 05| - Elajyay | + T"E(|6), 0] + T7") - Elaj, 12,4
+ T "E(|6,¢| + T7") - Elaj, 12, 4]

(iv)

< T'CuKs + 2T (T V20 + T K

< Kgmax {Tﬁh*l/Q, T*2h} ,

where (i), (i7) and (i4i) follow by computations based on the independence between
{854,054+ and {zj, 4,75} and |6, — 6] < T~", while (iv) follows by (65), i.e.,

[BS1.005,.4 < (B2, (B2, )2 < T7'Cy and || < (E52,)"/2 < T71/2C;",
By straight-forward computations based on the previous three displays and (66),
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we have that for some constant K; > 0,
E ’ALt+1,* - [2€t+1 (52952,t - 51351,t) + ngg,t - B%,tx%,t} } < K7T7h- (67)
Since Ee;y 182, = 0, we have that for some constant Kg > 0,
|[EALys1, — (BiEa?, — B3Ex3,)| < KsT".

Since agp < g, (by Assumption 1), f3Ex3, — 7, Exf, > KoT>**2 for some

constant Ky > 0. Since h > 20, 2, we have that for large T,
KT 22 <EALpy . < Ky T202,

where Ko, K11 > 0 are constants. This proves the second claim. O

Proof of Proposition 1. Let p; = 2+ r/4 and h = a,2 + 1/2. Since r > 8 and
a2 € [0,1/2), we have that p; € (2,r/2) and h € (202,1). Applying Lemma 8,
we obtain that there exist constants GG, ..., G4 > 0 and an array of random variables
{ALiq . T=n such that for T > G4,

T—-1
P (ﬂ {ALiy . = ALm}) > 1 — QT mindp/2-1, (1=h)pi}

t=n

and
GyT 722 < EALpyy, < GyT 22,

Notice that

1 —min{p;/2 -1, (1 —h)p} =max {2 —p;/2, 1+ (h—1)p;}
=max {2 —pi/2, 1+ (a2 —1/2)p1}
=max{l —7/8, 1+ (a2 —1/2)(2+7r/4)}

The proof is complete. O
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B.2 Proof of Proposition 2

Our proof of Proposition 2 relies on two lemmas, Lemma 9 and 10. We first state

and prove these lemmas before proving Proposition 2.

Lemma 9. Suppose that Assumptions 1 and 2 hold. Let AL,y . be defined as in (66)
in the proof of Lemma 8. Let 0, = (éu, 9~27t)’ = (ZZ;Lm zsz;)_l(ZZ;Lm 2sA Lt ),

where zs = (1, z15)'. Fiz p € (2,7/3). Then there exist constants Go, Gy, G2, Gz > 0
such that for T > G,

P(e_
07

2,t

> GlTazvzo‘“) < G2T1’p/2 log_G3

and
P <0~2,t < 0> < GoT P log™“»

Proof. Let Wiy = m®2ALy ., m = (Zs t o Ezgzl)” 1(25 o EzsWeiy), T =
(st 2620) (0 25 W) and {€apa Yoty with &y = Uy — 2lm. Clearly,
T = maﬂét. Let 44 = 1, — m;. The proof proceeds in two steps. We first bound ~;
and then show the desired results.

Step 1: bound v,

By simple computation, we have

t—1 -1
—1 /
= |m E 252 E 2s€su1-

s=t—m s=t—m
Je By
Since entries of 2,z — Ez 2. has uniformly bounded 0.57-th moments, it follows,

by Lemma 4, that for some constants K, Ko, K3 > 0,

—1 / /
(H 257y — Bzgz))
s=t—m

Since m™' Y22 Bzl = diag(l,m~' Y

from zero and infinity, the eigenvalues of m™1 Z

> Kiy/m~1llog m) < Koym!~P/? log %3 m

o0

. mEzfs) and Ez%, is bounded away

at—m Ezsz. lie in [K4,K5] for some

constants K,, K5 > 0. By the above display, the eigenvalues of m ™! ZS i Zs2 lie

in [K,/2,2K5] for large n with probability at least 1 — Kym!~?/?log™"* m. Hence, for
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some constants Kg, K7 > 0, we have that for n > K,
]P)(HJtHoo Z K7) S szlfp/2 longp, m.

Recall the definition of AL, (in (66) in the proof of Lemma 8). We apply
Lemma 2. By straight-forward computations, we have that W¥,,; has uniformly
bounded 0.57-th moments. Hence, 11 = V41 — 2.7, has uniformly bounded 0.5r-th
moments. Again by Lemma 2, entries of 2,{,;1 has uniformly bounded z-th moments.
Notice that p € (2,r/3). It follows by Lemma 4 (applied to each entry of z;{s.1) that

for some constants Ky, Kg, K19 > 0, we have

P <||Bt||oo > KsW) < Kgml—p/2 log_Klo m.

It follows by the above two displays that for large m,

P (II%IIOO > 2K Kg/m™! logm> <P <2||Jt||oo||Bt||oo > 9K Ke/mlog m 1Ogm>
<Pl = K2) + B ([ Billoo > Ksy/m T logm)

< Kom' P2 1log %3 m + Kgm!' P2 1og= K10 my.
Since T =< m, there are constants Ky, ..., K14 > 0 such that for T' > K,

F (H%Hoo > Ko/ T log T> < Ky3T' P2 log K | (68)

Step 2: show the desired results.

Partition = (14, m24) By [Ez = 0, it fol-
lows that T4 = m~? ZZ;Lm Em®=2ALgq . and T4 =
(S Eme2z ALgy,)/(m™ S0 E22). By Lemma 8, there are con-

stants K5, K16 > 0 such that
KisT7 %2 <y < KigT ™2, (69)
By computations similar to (67) in the proof of Lemma 8, one can show that

E|21iA L1 — 214 [25t+1 (Bawas — Prvny) + 522953,: - 5%#’%} ‘ < K7 T7'2\/log T,
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where K17 > 0 is a constant. By Assumption 1,

E {z1¢ [26041 (Baway — Br1y) + ﬁgzx%t - ﬁftﬂﬁ%t] } > KT os2,

It follows that for large T, Ez;,AL;1q, > KigT~*»27*#2 /2. Hence, for some
constant K9 > 0,
Tt 2 KlgTiaz’Q. (70)

Let © = 2K36T %2 and M = 2z /(K197 **?). Then

P (7] = M|724])

< B(ffnd] > 2) + Bt < 2/M)

SP (| — miel > @ —|mi|) + P (|Foy — mou| > |2y — /M)

W ) .

<P (|f1e — mig| = @ — KT *2) + P (|froy — Moy > KigT ™2 — z/M)

P
<P ([elloc 2 2 = KagT ™) + P ([nlloo = KrgT ™2 — 2/M)
P ([nlloe > Ko=) + P (| ulloc > KaoT~*2/2)

—~

i)

S 2K13T17p/2 lOgiKM,

where (7) holds by (69) and (70) and (éi) follows by (68) together with 77?2 >

VT togT and T-*2 > /T~ 'logT. The first claim follows by |7r1:/7e:| =
|él,t/é2,t‘ and M = 21./(K19T—Oéz,2) = (4K16/K19)T0z,2—0¢z,2'

To see the second claim, notice that

(7)

P <9~2»t = O) < P2y <0) =P (e < —may) < P (72,t < —KlgT_O‘Z’Q)
<P (|illee > KigT™22)

)
< KT P2 log 5,

where (i) holds by 6, = m~=2#,, (ii) follows by (70) and (iii) holds by (68) and

T2 /T 1logT. O

Lemma 10. Let Assumptions 1 and 2 hold. Fix any p; € (2,7/2) and h € (20,9, 1).
Then there exist constants Gy, Gh,...,G5 > 0 and an array {St+1}f:_n1+m such that
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vT 2 GO;

T-1
P ( m {St+1 = ALt+11{Z£ém,t > O}}> > 1 — Gyrt-mintpr/2-1 (=R}
t=n+m
and
]ESH_1 Z K5T_az’2_az’2.

Proof. Let 6, = (302 2.2) ' (0212 2.ALyy.), where ALy, is defined as in

s=t—m

(66) in the proof of Lemma 8. Define Sy;; = ALy1.1{26, > 0}. Notice that

T—1 T—1
M 1ALt = ALt} © () {Si = ALt 1000 > 0}
t=n t=n+m

Hence, the first claim follows by Lemma 8.
It remains to bound ES;;;. To this end, let ¢ = /2 and v = r/(r — 2). Hence,
qg,v>1and ¢! +v~! = 1. Notice that

E (JALur]

1{z0; > 0} — 1{zy; > O}D

= E(|ALH—1,*| . ]-{th > _él,t/9~2,t and 9~2,t > O}

+1{z; < —01,/02, and By <0} — 1{zy; > O}D
<E (|ALt+1,*l [1 {0 <z < _él,t/é2,t} +1 {52,7& < 0}])

(?) -~ -
< ||ALgt1 4| Lopy Hl {0 <z < —91,t/92,t} +1 {92,t < OH

Lv(P)

resol], o)
LY (P) Lv(P)

=HA&HMM®(@(O<ag;ﬁuﬁuﬂwﬁﬂp@u§0ﬂuj (71)

< ||ALtg1 4| Lagr) {Hl {0 <z < _él,t/éQ,t}’

where (i) follows by Holder’s inequality. By Assumption 2, the p.d.f of z; in a fixed
neighborhood of zero is bounded above by some constant K, > 0. Recall constants

G1,...,G4 > 0 in the statement of Lemma 9. Hence,

)

P (0 <z < _él,t/0~2,t> <P <0 <z < ‘él,t/ézt
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<P (0 <z < GlTaz’Ta”’Q) +P ( él,t/éQ,t

> GlTaz,Q*OéxQ)

(i)
< KoGiTo27 %2 4 GyT P/ log ™%, (72)

where (7) follows by the bounded p.d.f of zj; near zero and T*=2~%2 = o(1), as well
as by Lemma 9.

Since r > 8, it is not hard to show that r/3 > 2+ r/(2r —4) = 2+ v/2. By
Assumptions 1 and 2, 2va, s < ag2 < 1/2. Since r > 8, we have that r/3 > 8/3 >
24+1/2>2+2va,,. Fixp € (24 2va,2,7/3). Now (71), (72) and Lemma 9 imply
that for some constants K7, Ky > 0

E (|ALi ]

{210, > 0} — 1{z, > O}D
—Q 14 — - /v
< K[| ALyl noey [T(aﬂ 2 (TP log ™) / ] - (1)

By (66), we have that
EALpy1 {21 > 0} > 2E [e441 (Bo2r — Br1e) Wz > 0} — Ay, (74)

where

A, =2E ‘5t+1 (52,t,*$€2,t - 51,1&,*131,15)’
+ E|(Bowar — P11t — 01414 + 021 4Tay) (B114 + PoTor — 01,4814 — 021 4Tat)] -

After computations similar to (67) in the proof of Lemma 8, we can use the rate

conditions in Assumption 1 and show that for some constant K3 > 0,
Ay < KyT %02, (75)

(74) and (75) imply that for some constants K, K5, Kg > 0, we have that for
T Z K47

EALt—i—l,*l{th > O} 2 2 [5t+1 (,6293'27,5 — 612717,5) 1{2’175 > 0}] — KgT_1/2 — K4T_2a1’2
O .
Z K5T Qg 2—Qz 2 _K3T Oéw,27
where (7) holds by Assumption 1. By the above display and (73), we have that for

69



large T,

E8t+1 > li 5 Z —Qg,27Qz,2 l{g’l —20z 2
— (0% —Q v _ _ 1/1/
Ki||ALgr i || Loqp) [T( 22— 02)/ (Tl P2 Jog K2> } ‘

Recall that in Step 1 of the proof of Lemma 9, we have that m**2AL,,, . has uni-
formly bounded 0.5r-th moments. Since ¢ = 0.5r, we have that |[[m*2ALy1 .| e

is bounded above by a constant. Hence, for some constant K; > 0,

ES, 1 > KT 02702 _ T 22
_ K1K7Tfax,2 T(az,Q*a;cg)/l/ + (T17p/2 log,KQ)l/u] . (76)

Since p > 2+ 2va, 5 and v = r/(r — 2), it is not hard to show that —ay 2 +
(1 —=p/2)/v < —ag2 — a, 2. By Assumption 1, it is straight-forward to verify that
—200,9 < —Qpo — 02 and —a 0+ (0 — 0y 2) /v < —ay 2 — 0. The desired result
follows by (76). O

Proof of Proposition 2. We choose p; and h as in the proof of Proposition 1. Then
Part (1) follows by Lemma 10 and the computations in the proof of Proposition 1.
Part (2) follows by Part (1) and Proposition 1. O

B.3 Proof of Proposition 3

Our proof of Proposition 3 relies on two lemmas, Lemma 11 and 12. We first state

and prove these lemmas before proving Proposition 3.

Lemma 11. Suppose that the assumptions of Proposition 5 hold. Let AL .

be defined as in (66) in the proof of Lemma 8.  Let 0, = (élyt,ézt)/ =
(22 (L 2 ALy, where z, = (1,21,). Fiz p € (2,7/3). Then

there exist some constants Go, G1, Go, Gs > 0 such that for T > Gy,

el,t

P(e

2t

> GlTam,1+az,12ax,2> < Glefp/2 log*Gs

and

P (ézt < 0) < GyT' P2 10g =%
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Proof. Let Wy = m®2 ALy, m = (32 Bz2) (O Bz U.y), 7, =
(st 2670) T (st 26 Warn) and {&aa YD), with oy = Uy — 2im. Clearly
T = m%?ét. Let v = 7, — . The proof proceeds in two steps. We first bound ~,
and then show the desired results.

Step 1: bound v,

By simple computation, we have

t—1 -1 t—1
-1 / -1
Y= |m g 252, -m g 2s€s11-
o

s=t—m
A > NS >
Vv Vv

Jt Bt

Notice that p € (2,r/3). Since entries of zs2, — Ez,z. has uniformly bounded
0.57-th moments, it follows, by Lemma 4, that for some constants K, Ko, K3 > 0,

(H - Z (252, — Ez,zl)

=t—m

> Kiy/m~1log m) < Kom!P/?1og—5s

o0

Since m™' S0 Ezzl = diag(1l,m 'Y

from zero and infinity, the eigenvalues of m ™1 Z

Ez},) and Ezi, is bounded away

s=t—m stm

at—m Ezs2% lie in [K4,K5] for some

constants K, K5 > 0. By the above display, the eigenvalues of m™! ZS o 252y lie

in [K,/2,2K5] for large n with probability at least 1 — Kym!=?/?1og™"* m. Hence, for

some constants Kg, K7 > 0, we have that for n > K,
P(Hjt”oo > K?) < szl_p/2 log_K3

Recall the definition of AL, ;. (in (66) in the proof of Lemma 8). We apply
Lemma 2. By straight-forward computations, we have that W.,; has uniformly
bounded 0.57-th moments. Hence, ;11 = V41 — 2i7, has uniformly bounded 0.5r-th
moments. Again by Lemma 2, entries of 2,§,;1 has uniformly bounded £-th moments.
Notice that p € (2,r/3). It follows by 4 (applied to each entry of z,{s.1) that for

some constants Kg, Kg, K19 > 0, we have

P (1Bl = Ko/ Tlogm) < Kom!#/2log 5 m.
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It follows by the above two displays that for large m,

P (”%”OO > 2K7Kgy/m™! logm> <P <2HJtHoo”BtHoo > 2K7Kgy/m™? logm>
<P (Il = K2) + P (| Billoe = Ksy/m T logm)

< Kom* P2 1og™ 55 m + Kgm!' P2 log K10 m.
Since T' =< m, there are constants Ky, ..., K14 > 0 such that for T' > K,

P (H%Hoo > Kig/T7! 1ogT> < Ki3T' P2 log K (77)

Step 2: show the desired results.

Partition = (14, ma4) By [Ez, = 0, it fol-
lows  that  m, = m~! Zi;i_m Em®2ALgyq . and oy =
(Zi;i_m Em®=221,ALgy 1)/ (m™! Zi;i_m Ez?). By Lemma 8, there are con-

stants K5, K16 > 0 such that
KisT7 %2 < myy < KT ™2, (78)
By computations similar to (67) in the proof of Lemma 8, one can show that
E ‘zltALt—f—l,* — 21t [2€t+1 (Boxos — Prxry) + ﬁzQI;t — Bitl’it} } < Ky T71/? \/@7
where K17 > 0 is a constant. By the assumptions of Proposition 3,
E {th [25t+1 (Bowas — Briw1y) + 52%%15 - 5%#%] } > KT %=,

It follows that for large T, Ezy;AL;1q, > KigT 1% /2. Hence, for some
constant K9 > 0,
ot 2 KlgTaz’Q_am‘l_az’l. (79)

Let x = 2K16T %2 and M = 2z /(K 9T %2~ *1=%=1). Then

P (71| > Mlfa|)
SP (|7 = @) + P (|72 < /M)
<P — mie] = @ —|m|) + P (|2 — mor] > |moy| — /M)
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—
INS
=

P (|7A1'17t — 7T17t| >x — K16T*0¢x,2) + P (‘ﬁg,t — 7T2’t| > KlgTax’ziax’liaz’l — l’/M)
<P (Inilloe > 2 = KigT7%2) + P (||yilloc > KigTow2 701701 — 3/ M)
=P (||’Yt||oo > K16T_a“”‘2) +P (”%“oo > K19Taz’2_%’1_az’l/2)
(i0)
< 2K 3T P log™F1,
where () holds by (78) and (79) and (ii) follows by (77) together with 7~%=2 >
VT togT and T2~ %171 >  /T—1log T The first claim follows by |71 ,/7T24| =
101.0/02,4] and M = 22/ (K gT 21 =020) = (4K 5/ [ 1g) T H021 202
To see the second claim, notice that
- () . (u) _ _
P (‘92,t < 0) =P (70 <0) =P (s < —moy) <P (72,t < —KqgT 2%t az’l)
<P (||l = KpgTm2 Ot =)
(idd)
< KT log™"n,
where (i) holds by 6, = m~*+2#,, (ii) follows by (79) and (i) holds by (77) and

Tax,2_ax,1_az,1 >> \ /T—l log T D

Lemma 12. Let the assumptions of Proposition 3 hold. Then ¥p, € (2,7/3), there
exist constants Go, G, ...,Gs > 0 and an array {Syi1 } ot such that VT > Gy,

t=n+m

T-1
P < N {Stﬂ = AL 11{20pn > 0}}) >1— G T* "/ log™ 2T

and
]ESt+1 Z K5T—Oéz,1—0tz,1 .

Proof. Let 6, = (Ztil zszg)_l(zhl 2sA Ly ), where ALy, is defined as in

s=t—m s=t—m

(66) in the proof of Lemma 8. Define S;;; = AL;y1.1{26, > 0}. Notice that

T-1 T-1
m {ALH-L* - ALt+1} g ﬂ {St+1 - ALt_;,_ll{Z;ém’t > O}} .
t=n t=n+m

Hence, the first claim follows by Lemma 8.
It remains to bound ES; ;. To this end, let ¢ = r/2 and v = r/(r — 2). Hence,
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q,v>1and ¢! +v7! = 1. Notice that

E (JALis ]

1{z0, > 0} — 1{z, > O}D

=EQALHA'

1{th > _él’t/éQﬂS and 9~2,t > O}
+ 1{th < _éLt/éQ’t and ég,t S O} — l{th > O}’)
<E <|ALt+1,*| [1 {0 <z < _él,t/ézt} +1 {éu < 0}])

(@) - - -
<ALy 4] Laey Hl {0 <z < —91,t/92,t} +1 {92,t < OH

L¥(P)

oo},
L¥(P) L¥(P)

SN o ([IP’ (0 <oy < —él,t/éuﬂ R []P (éz,t < 0)} 1/,,) (80)

<ALty 4l Lacp) {Hl {0 <z < _él,t/§2,t}

where (i) follows by Holder’s inequality. By the assumptions of Proposition 3, the
p.d.f of z1; in a fixed neighborhood of zero is bounded above by some constant K, > 0.

Recall constants Gy, ..., G4 > 0 in the statement of Lemma 11. Hence,

P (0 <z < —él,t/ézt)

<P (0 <z < lél,t/éz,t

)

<P (0 <z < GlTaI’lJraz’l_Q%’Q) +P (‘éu/éz,t

> GlTOCm,l+az,1_2a.7:,2>

(i)
< KOGlTaz,lJraz,l*?azg + G2T1*p/2 1Og—G37 (81)

where (i) follows by the bounded p.d.f of z;; near zero and T@=1+@=172%2 = (1), as
well as by Lemma 9.
It is not hard to show that r/3 > 2+ r/(r —2) = 24+ v for r > 10. Fix

p € (2+v,r/3). Now (80), (81) and Lemma 11 imply that for some constants
K, Ky >0

E (|ALt+L*| 1{2/0, > 0} — 1{z, > 0}

)

< K1||ALt+1,*||Lq(1P>) |:T(Oéz,l+Oéz,1_2az,2)/V + (Tl—p/2 log—Kz)l/u] . (82)
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By (66), we have that
EALi1,1{z1; > 0} > 2E [e441 (Bowos — Brw1,e) 1{z1e > 0}] — Ay, (83)

where

Ay = 2B [ep41 (02,442, — 0144714
+E |(52$2,t - 51%,1& - 51,t,*$1,t + 52,t,*$2,t) (51351,75 + 52$2,t - 51,t,*$1,t - 52,t,*$2,t)| .

After computations similar to (67) in the proof of Lemma 8, we can use the
rate conditions in the assumptions of Proposition 3 and show that for some constant
K3 >0,

Ay < K3T™ 202, (84)

(83) and (84) imply that for some constants Ky, K5, Kg > 0, we have that for
T > Ky,

EALgp1:1{z1 > 0} > 2E [ey11 (Boroy — Brany) 1{z1e > 0} — KT~ — KT 202

(4)
> K5T*ax,1*az,1 _ K3T72a””*2,

where (i) holds by the assumptions of Proposition 3. By the above display and (82),
we have that for large T,

ESt+1 2 K5T_az,l_az,1 _ KgT—2az,2
= FAIA Ly agey [Tt el g (71702 10g7) ]

Recall that in Step 1 of the proof of Lemma 9, we have that m®*2AL,,, . has uni-
formly bounded 0.5r-th moments. Since ¢ = 0.5r, we have that |[[m*2ALyq .| e

is bounded above by some constant K7 > 0. Hence,

ESi 1 > KgT™ =171 — K?)T_2O‘z,2
— K K, T %> Tz taz1—-200,2)/v + (T1_p/2 1Og_K2)1/u] . (85)

Since p > v+ 2 and v = r/(r — 2), it is not hard to show that —ay, o + (1 —

)



p/2)/v < (1 —=p/2)/v < —1/2 < —a,1 — a, 1. By the assumptions of Proposition 3,
—2000 < —Qp1 — 01 and —ag o+ (g1 +as 1 —20,0) /v < —ag1 —a, ;. The desired
result follows by (85). O

Proof of Proposition 3. Part (1) follows by Lemma 12 and the arguments in the
proof of Proposition 1. Part (2) follows by Part (1) and Proposition 1. O

B.4 Proof of Proposition 4

Our proof of Proposition 4 relies on three lemmas, lemmas 13-15. We first state and

prove these lemmas before proving Proposition 4.

Lemma 13. Let Assumption 4 hold. Define Aypig = (fu — i, B, — B)'. For any con-
stants h € (0,1) and p1 € (2,7/2), we can enlarge the probability space and construct

random variables 0y smait s Dt pigss Ot,smani And Dy pig such that

p

P (5t78mall,* # 5t,small) <Ci/T- min{p1/2—1, (1-h)p1}
P (|5t75mall,* - gt,small’ < Tﬁh) =1
9 St,small is independent of {‘r8788+1}52t71

ES,: small] < Tﬁlvlog TCy and T7103 < Eé? < T7104
) t,small

\ |Egt2,smau - ”_QE(ZZQ_H s+ €s+1)2’ < Cs54/T3logT

and

(

P(At’big’* £ Atbig) < ClT—min{plﬂ—ly (1-h)p1}

P (| Atpigs — Arpigllee <T7") =1

At pig is independent of {xy, &1 }est1

IEA biglloo < T7'W1ogTCy and T71C3 < E|| A% < T71Cy
EA i AL iy — SxGE(™ Y0, udiet)Ex [l < s/ T3 10g T,

where Ty = (1,2;)', ¥x;, =n"! Z';;lt_n zsT. and C1,...,Cy > 0 are constants depend-

ing only on the constants in Assumption /.

Proof. The result follows by essentially the same argument as in the proof of Lemma
7. For results on Ay, adjustments to allow multivariate Z; are needed but the

arguments are essentially identical. O
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Lemma 14. Let Assumption / hold. Let o, < 1/2. Then Vp; € (2,7/2) and
Vh € (0,1), there exist constants Gy,...,G4 > 0 and an array of random variables
{ALi1 . = such that for T > Gy,

t=n
T-1
P (ﬂ {ALt-i-l,* = ALt-i—l}) Z 1— 67727"1—min{pl/2_17 (1—h)p1}
t=n

and
GsT 2% <EALppq. < GyT 2.

Proof. Recall from (17) that
ALy = B2x} + 2821801 + 6; amant — Ovig + 20t bigEt1 — 204 sman (B¢ + €141)- (86)

Recall 6t,small = [Lt - M. Let At,big = ([Ift — M, Bt - 6)/ Let 5t,small,*7 At,big,*a St,small
and Ay, be defined as in Lemma 13. We define 0y iy = A}, T with Z, = (1, 2,)’

t,big,*
and

ALt—‘,—l,* = 52$§+25It5t+1 +5tg,small,* —5752,17@‘97* +25t,bz‘g,*€t+1 - 26t,small,*<ﬁxt +5t+1)- (87)

The first claim follows by Lemma 13.

By computations similar to (67) using Lemma 13, we have that
E|ALyy . — f227] < KT ™™

for some constants K > 0 and hy € (2a,,1). The second claim follows. O

Lemma 15. Let Assumption j hold. Let o, > 1/2. Then Vp; € (2,7/2) and
Vh € (0,1), there exist constants Gy,...,G4 > 0 and an array of random variables
{ALit1 . T=n such that for T > Gy,

t=n

T—1
P (ﬂ {ALi1. = ALt—H}) >1— GQTl—min{p1/2—17 (1-h)p1}

t=n

and
GsT ' <EALpy1 . < GJT7

Proof. Consider AL,y . defined in (87). Recall 6; smairxs At pig gt,sma” and At,big be
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defined as in Lemma 13. Define
ALy = 8227 4 28248001 + 67 amait — Ot big T 20t pigEt1 — 201 smau (B2t + €141)-
By computations similar to (67) using Lemma 13, we have that
E|ALjyy. — ALy | < KT7V270s (88)
for some constant K > 0. Let z; = (1, z;)". Now we compute

[ _ — 2 — _ -
EALi 1y = B°Ea} + E5; — E (2;Atpig) " + 2EA; 1 Teerir — 2E0; smau (B¢ + €441)

t,small

Y §°Ea? + E5?

,small

—! A AN/ —
— E (T big A yigTt) 5

where (i) follows by the fact that A, and St.sman are independent of 7; and & ;.

By Lemma 13,

n_QE( Z T+ 53+1)2 - E<x22)_(,1tgtz)_{,ltmt)]

s=t—mn
< Ki\/T3logT

[Eét small — (@At,big) 2} -

for some constant K; > 0, where Yx; = nt Zs i nIE:Z’ 7, and Q =
E(n=2Y ', , #,.e2,,). Notice that Xy, = diag(1, 03, with o2, =n"! S Ea?
Hence,
—re—1 -1 =
E(Z'QEX,tQtEX,txt)
t—1 t—1 t—1
-2 2 -2 —A (25262 -2 2
=n Z Ee, i +n Z o i E(xjalel ) +2n? Z 0, BT T465
s=t—mn s=t—n s=t—mn

It follows that

t—1 2
n’E ( > zB+ 55+1> — E(z, 2, S, 5)

=t—n

= n"16%2, p2a2e?
=n § o Ep1) — 277 § O-xt]Exth s+1°

s=t—n s=t—n
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By computations based on the exponential decay of B-mixing coefficients similar to
(51) and (52), it is not hard to show that 3!
by a constant Ky > 0. Hence,

i Ot Bxyw,e?, | is uniformly bounded

EAL, 1 — B*Ea? —n '3 §t+n Z a;f (z722e, )| < 2n? Ko+ K/ T 3logT.

s=t—n

Since o, {E(x7x%2, ;) and 02, are bounded away from zero and infinity, 3 < T~
with o, > 1/2, it follows that —EAL, ; < T~'. The desired result follows by (88)
and o, > 1/2. O

Proof of Proposition 4. Part (1) follows by Lemma 14 and the arguments in the
proof of Proposition 1. Part (2) follows by Lemma 15 and the arguments in the proof

of Proposition 1. n

B.5 Proof of Proposition 5

Our proof of Proposition 5 relies on two lemmas, Lemmas 16 and 17. We first state

and prove these lemmas before proving Proposition 5

Lemma 16. Suppose that the assumptions of Proposition 5 hold. Let AL .

be defined as in (66) in the proof of Lemma 8.  Let 0, = (9~17t,§27t)’ =
(Zi;i_mzszg)*l(zgi_m 2sA Ly ), where zg = (1,215). Fiz p € (2,1/3). Then

there exist some constants Gy, G1, Go, G3 > 0 such that for T > Gy,

014

p<9

P <é2,t < 0) < QT P2 log =3

> GhT* %) < GoT' PP log™ @

2t

and

Proof. The proof is similar to the proof of Lemma 11. Let W, ; = m* AL,

T = (Zs t m B2s2y) ™ (Zs tom B2sWssn), Ty = (Zij—m 2522)*1(223_”1 2sWst1)
and {&41 Y2t ,, with & = Uy — 2im,. Clearly, 7, = m®6,. Let v, = #, — 7. By
the same argument as Step 1 in the proof of Lemma 11, we can show that there exist
constants My, My, M3 > 0 such that

P (H%Hoo > My T logT) < MoT' P2 10g™Ms (89)
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Now we characterize m;. By Lemma 8, there are constants My, M5 > 0 such that
MT™ <y < MzT . (90)
By computations similar to (67) in the proof of Lemma 8, one can show that
E |21 ALyq 4 — 2102248041 + 52955)} < M6T71/2\/@’

where Mg > 0 is a constant. By the assumptions of Proposition 5, there exists a

constant M; > 0 with
E [th (25xt5t+1 + BQJE?)} > M,T %,
Hence, for some constant Mg > 0 we have
Mo > MgT ™=, (91)
Let ¢ = 2M;T~% and G = 2z /(MgT~**). Then

P (|71¢| > Glmasl)
< B (il 2 ) + Bl < /G)
<P (| — w1l > @ —|m]|) + P (|72 — mor] > |m2s] — 2/G)

—
INS
=

P (|7AT1’t — T 2w - M5T_aw) +P (|7AT2,t — oy > MgT ™% — !E/G)
P (H%HOO Z - M5T_%) +P (H%Hoo > MgT % — x/G)
P (Jnielloo = MsT™2) + P (|ylloo = MsT~%*/2)

I IA

—~

i)

< 2]\42T1_’”/2 log_M3,

where (i) holds by (90) and (91) and (i) follows by (89) together with 7% >

VT~ ogT and T~ > /T—1log T. The first claim follows by |71, /7a,| = |01./02,]
and G = QLE/(MST_az) = <4M5/M8)T0tz—0¢z.

To see the second claim, notice that

P <é2,t < 0) © P(7r2+ <0) =P (v2: < —moy)
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(i)
< P (v < —MsT™*) <P (|[e)loc > MsT ™)

)
< M,T'?/? log™",

where (i) holds by 6, = m~#,, (i) follows by (79) and (iii) holds by (89) and

T > /T TlogT. O

Lemma 17. Let the assumptions of Proposition 5 hold. Then ¥p, € (2,7/3), there
exist constants Go, Gy, ...,Gs > 0 and an array {Sys1 }Hopim such that VT > Gy,

T-1
P < m {St+1 = ALH_l].{Z;ém’t > 0}}) Z 1-— G1T2_p1/2 IOg_G2 T

t=n+m
and
ES; 1 > KT %%,
Proof. The proof is similar to the proof of Lemma 12. Let 6, =
(Z;Lm ZsZ;)_I(EZ;Lm 2sAL¢yq ), where ALy, is defined as in (87). Define

St+1 == ALt+17*1{220~t > O} Notice that

T—1 T—1
ﬂ {ALiy1. = AL} C ﬂ {St+1 = AL 1{%0,, > 0}} :
t=n t=n+m

Hence, the first claim follows by Lemma 14.
To show the second claim, let ¢ = (r +2)/4 and v = (r +2)/(r — 2). Hence,
q¢ '+ v~ = 1. Notice that by the same argument as (80) in the proof of Lemma 12,

we have that

E (|ALu]

u4@>o}—1pu>oﬂ)
~ ~ 1/v - 1/v
< ||ALgg1 || Lagm) ([P (0 <z < —91,t/92¢>] + [P (92,t < 0)] ) :
Similar to the argument in (81), we have

P (0 <z < _él,t/éZt) <P (O <z < ‘él,t/éz,t

)

<P (0 <2 <G ) + P (|614/0

> G
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(4)
S KlGlTaziaz + G2T17P/2 long?’

for some constant K; > 0, where (i) holds by the bounded p.d.f of z;; around zero
and Lemma 16. The above two displays and Lemma 16 imply that for some constant
Ky > 0,

E (JALi ]

1{2/0, > 0} — 1{zy, > O}D
< Fo||ALps | paqey (T (T2 log=3)17) .

By (66), we have that
EALv1.1{z1; > 0} > 2E [Brier11{z1: > 0}] — Ay,
where
A =E ‘6%? + 67 emalln — 5,527(”.9’* + 201 pigEt+1 — 20t smait,« (BT + €t+1)| :

After computations similar to (67) in the proof of Lemma 8, we can use the

rate conditions in the assumptions of Proposition 5 and show that for some constant
K3 >0,
Ay < Ky(T7%= 4772, (92)

(92) implies that for some constants Ky, K5 > 0, we have that for 7' > Kj,
]EALt_A'_L*]_{th > O} Z 2K [ﬁxtgt_t'_l]_{th > O}] - Kg(T_Qam + T_1/2)

()

> K5Tfazfaz . Kg(TfQ(xz _|_T71/2),

where (i) holds by the assumptions of Proposition 5. By the above display and (82),
we have that for T' > K},

ESyp1 > KsT %% — Ky(T 2 + T—1/2>
— Ko || ALyl Lace) (T(az_%)/l’ 4 (Tl—p/Z log_G?’)l/”) .

Recall that in Step 1 of the proof of Lemma 9, we have that T**AL;;; . has
uniformly bounded 0.57-th moments. Since ¢ = (r + 2)/4 < 0.5r, we have that
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|7 ALy y1 4| Lagey is bounded above by some constant K¢ > 0. Hence,

ESt+1 Z K5T—Oéw—az _ K3(T—2ax +T_1/2)
—_ KQKGT_OCw (T(Oéz—aw)/u + (Tl—p/Q log—G3)1/y) )

It is not hard to show that —a, — a, > —2a,, —a, —a, > —1/2, —a, — a, >
—a,+(a,—a,)/vand —a, —a, > —a,+ (1 —p/2)/v. The desired result follows. [

Proof of Proposition 5. Part (1) follows by Lemma 17 and the arguments in the
proof of Proposition 1. Part (2) follows by Part (1) and Proposition 4. O

B.6 Proof of Proposition 8

Our proof of Proposition 8 relies on two lemmas, Lemmas 18 and 19. We first state

and prove these lemmas before proving Proposition 8.

Lemma 18. Let the assumptions of Proposition 8 hold. Then there exist constants
Ky, Ky, K3 > 0 such that for any G > 1,

E|E(z] | z11) — Ea}| < K1G + K2/G(t — G) + K;[a(G)] /@)t — G).

Proof. Notice that =z, = ¢%x,_¢ + D;, where D, = ZZ:t—GH &' Fuy,.  The
proof proceeds in two steps. First, we derive a bound for |Ex? — ¢*“Ex? | and
E |E(z} | z2u) — ¢*“E(a}_ | 21)|; then we derive a bound for E|E(z7_ | 21,) —Ea?_g|.
Step 1: bound [Ez} — ¢*“Ea? | and |E(a} | 21;) — ¢*“E(zi_q | 210)]-
Clearly, 12 — ¢*“2? = D? +2¢*“x,_¢D;. Let M; > 1 be a constant satisfying
Eu? < M; and E|u|?*t¢ < M;. Notice that

t
ED; = Y ¢ MEu; < GM. (93)
k=t—G+1

Also notice that z;_¢ and D, are independent and can be written as x;_g =
Z_:(l; ¢'=¢ Py, and D, = Z};:t_c n &' Fuy,. Notice that by Rosenthal’s inequalities

(Theorem 9.1 in Gut (2013)), there exists some constant M, depending only Cj such
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that

t—G t— (1+Co/2)
E|xt—G|2+CO < M2 max ¢(t_G_k)(2+CO)E|U,k|2+CO, ( ¢2(t_G_k)Euz>
k=1 k=1
(%)
S M2M11+Co/2(t . G)l-‘rCo/Q’ (94)

where (i) holds by |¢| < 1, Eu? < M; and E|u|?** < M,. Similarly, we have
E[Dy[*t% < M2M11+C°/2G1+00/2. Therefore,

(0) 1/(2+C 1/(24C
E|mt_GDt| = E|$t—c| -E|Dt| < (]E|5Et—G|2+CO) /(2+Co) (E|Dt|2+co) /(2+Cp)
(4)

< M MY G = @Y, (95)

where (i) holds by the independence between X; ¢ and D, and (ii) follows by the
bounds of E|z;_¢|**“0 and E|D,|?*.

By (93), (95) and |¢| < 1, we have that ED? + 2¢°“El|r,_¢D;| < GM; +
2M1M22/(C°+2) V/G(t — G). Since both [Ez? —¢?*“Ea? .| and E |E(x§ — %22 | zlt){

is bounded above by E|x? — ¢?“2? |, we have that

max {|Ea} — ¢*°Ea? |, E[E(z} ~ %0 ¢ | 2]}

< Ela} — ¢*af ¢

< ED? + 2¢°°E|x,_gD,|

< GM, + 2M; MY /Gt = G). (96)

Step 2: bound E|E(2? | 21¢) — Ex? 4.
Let r = 14 Cy/2. We apply Lemma 1 with X =27 , —Ea? ,, YV =1, F =
o({ur,...,u4—g}), G =o(z1), p=1and ¢ = oo. It follows that
E[E (¢ — Ez}_g | z1)| < 8[a(G)' |t g — Eai_gllir@)-

Notice that

1/r (@) ,
27 — Ez}_cllor@) < 2)27cllire) = 2 (Blre—a?T°) "< 2M,'" M, (t — @),
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where (i) holds by (94). The above two displays imply that
E[E (¢} — Ex}_g | 1) | < 16[al( @)/ @20/ 0yt — @) (97)
Now we observe that
E ‘E(:ct2 | z21¢) — Ezf‘
<E|E(z} | 211) — E(27_¢ | 20)| + E|E(2}_¢ | 210) — B | E [Eaf o — E(z}¢ | 210)]

(@)
< 2G My + AMME D Gt — G) + 16[a(G)) O/ Cot p2 Q2 (1 — @),

where (i) holds by (96) and (97). The desired result follows. O

Lemma 19. Let the assumptions of Proposition 8 hold. Then there exists a constant
Ky > 0 such that

-1
E |]E ($t5t+1 | th < Z (Co+1)/ CO+2)

Proof. Let R = E(u;—; | z1¢,€¢41). Then

E[E (u-ig1 | zu)| = E[E(R | 21)| S E(E(|R] | 210))
=K |]E(ut—i ‘ 21t75t+1)|

<8 [a(i)](co+1)/(co+2) 021/(00+2)’

where (i) follows by applying Lemma 1 (with X = w,;, ¥ = 1, F = o(u),
G =o0(et41,211), p =2+ Cy and ¢ = 00). Therefore,

L1
Z
E |E (2141 | 211)| = ZW U—i€ry1 | 211)| < Z (U—i€itr | 210)
=0

t—
< 801/ Co+2) [a(i)](CoJrl)/(CoJr?)

H

’

s
Il
o

where (i) follows by |¢| < 1. The proof is complete. O

Proof of Proposition 8 . Since Exe;y = 0, we have EAL;; = 3?Ex?. Notice
that =, = >.'_, ¢'us_;. Therefore, Ex? = S>/_ ¢¥Ru?, € [C) 120 ¢%, Oy 312, 07
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Since 3175 ¢* = (1—¢*)/(1—¢*) and ¢ = exp(—cy/T), we have that ¢~ 317 ¢* —

1/2 as t,T — oo. It follows by n < ¢t < T and n < T that Ex? = T'. The first part is
proved.

For the second part, notice that

EE(ALi1 | 210) — E(ALgy)|
=E ‘Bz [E(Z‘? | th> — El’ﬂ + 2&E(Z’t€t+1 | th)‘
< B°E ‘E(l‘f | 216) — E$t2| + 20E |E(zi041 | 210)]

2 52 min (KlG + Ka/G(t — G) + Ks[a(G)] /@2 (¢ — G>>

+ sz Co+1 /(Co+2) (98)
for some constants K, ..., K4 > 0, where (i) follows by Lemmas 18 and 19.

Let Wy = E(ALyy | 211). Thus, EW;, = EAL;;; = 3?Ex? > 0. By Markov’s
inequality, we have

P (W, <0) =P (W, - EW, < -EW,)

<P (|W; — EWy| > EW,)
_ E|W, ~EW|
- EW,

min ( G+ Ko /Gt — G) + Ky[a(G)] 0/ Cotd (¢ — G))
-1
a— (Co-‘rl /(Co+2)
+ CﬁlT 157 Z 0
=0

where (i) follows by (98) and EW; =

B?Ex? with Ex? < T. This proves the second
claim.

To see the third claim, let A = EW, = EAL;;; = 8*Ez?. Then

E|W,1{W, > 0} — a| = E|(W; — a)1{W; > 0} — al{W; < 0}
S ]E|Wt — CL| + CLP(Wt S O)

(%)
S 2]E|Wt — CL|,
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where (i) holds by P(W; < 0) < E|W; — a|/a from the proof of the second claim.
By (98), 8 < T~% Eaz? < T and a < T'72%, the third claim follows. The proof is
complete. O
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Table 1: Predictive performance of nested models and the switching approach
A: Pr(Jimet=Pig - 1 64)
a\ay 0 0.1 025 04 0.5 0.75 1
1.000 1.000 0.995 0.463 0.110 0.004 0.001
B: Pr(Jamel=SW > 1.64)
0.0 1.000 1.000 1.000 0.999 0.965 0.623 0.519

0.1 1.000 1.000 1.000 0.973 0.851 0.369 0.269
0.25 1.000 1.000 0.996 0.677 0.358 0.094 0.049
0.5 1.000 1.000 0.993 0.419 0.121 0.014 0.010

0.75  1.000 1.000 0.991 0.393 0.087 0.008 0.005
1.0 1.000  1.000 0.994 0.389 0.092 0.009 0.005
C: Pr(JEB9 W > 1.64)
0.0 0.297 0.729 0.990 0.998 0.977 0.820 0.762
0.1 0.058 0.118 0.360 0.693 0.753 0.630 0.597
0.25  0.005 0.018 0.036 0.097 0.166 0.284 0.280
0.5 0.000 0.004 0.007 0.010 0.026 0.141 0.170
0.75  0.000 0.002 0.004 0.006 0.018 0.126 0.167
1.0 0.000 0.003 0.005 0.004 0.016 0.122 0.154

This table reports result from 5,000 Monte Carlo simulations using a sample size of (n, m,p) = (100, 100, 200). The table reports
the probability of rejecting the null of equal MSE loss against a one-sided alternative that the MSE of one set of forecasts exceeds
the MSE from a second set of forecasts.

Data are generated from the linear regression model

Yer1 = BTy + €441,

where the predictor x; ~ U(—1,1) is iid. Let s;41 € {0,1} be a binary indicator such that P(s;y; =1 |2z > 0) = p+ J and
P(sg41=1| 2 <0)=pu— 9, where u = 0.5. The residuals £;41 are generated as

€41 = 5i41Q1e + (1 — 5¢41) Q2,1
where @1, and Q2 are N(0,1) independent of each other and of s;+1 and x;. The monitoring instrument is generated as

21t = a1Q1,t + a2Qa ¢,

where a; = 1 and as = —1. It is easy to see that Fxyei1 = Ezyie4401 = Feyr1 = Ezyy = Fxy = 0 and
3
Corr(ziery1,216) = 55.

We choose 8 = 3n~"% and § to satisfy Corr(ziey1, 21:) = 0.6n~*=. The big forecasting model always includes z; as a predictor
whereas the small model predicts zero. The switching rule regresses the squared error differences of the small and big model on
an intercept and the monitoring instrument, z1;, and chooses the model that is expected to generate the smallest expected loss
for the next period.



Table 2: Predictive performance of the switching approach compared to model combination, pretesting and a model augmented
with the monitoring instrument
A: Pr(JEomb=SW 5 1.64)

o\ 0 0.1 025 04 0.5 0.75 1

0.0 1.000 1.000 1.000 1.000 0.977 0.746 0.685
0.1 1.000 0.994 0.914 0.903 0.850 0.552 0.475
0.25 1.000 0.993 0.507 0.263 0.226 0.167 0.151
0.5 1.000 0.996 0.366 0.042 0.025 0.051 0.061
0.75 1.000 0.995 0.365 0.025 0.015 0.039 0.050
1.0 1.000 0.996 0.369 0.025 0.010 0.042 0.058

B: Pr(JEretest=5W - 1.64)
0.0 0.300 0.734 0.988 1.000 0.969 0.653 0.558
0.1 0.057 0.118 0.365 0.798 0.859 0.452 0.347
0.25 0.005 0.021 0.033 0.272 0.391 0.150 0.101
0.5 0.001 0.004 0.005 0.094 0.136 0.045 0.029
0.75 0.000 0.003 0.0056 0.076 0.111 0.037 0.024
1.0 0.000 0.003 0.005 0.063 0.095 0.028 0.023
C: Pr(Javoment=SW 5 1 64)

0.0 0.369 0.768 0.967 0.945 0.867 0.616 0.565
0.1 0.160 0.166 0.441 0.642 0.641 0.478 0.456
0.25 0.169 0.112 0.086 0.183 0.241 0.314 0.303
0.5 0.182 0.146 0.057 0.060 0.102 0.220 0.235
0.75 0.193 0.138 0.057 0.050 0.088 0.209 0.236
1.0 0.180 0.151 0.053 0.044 0.085 0.206 0.233

Using the nested model setup from Table 1, this table reports the probability of rejecting the null of equal MSE loss against a
one-sided alternative that the MSE of one set of forecasts exceeds the MSE from a second set of forecasts. In each panel, we
compare the MSE performance of the of the switching approach to that of an equal-weighted combination (Panel 1), an approach
that includes a predictor in the forecasting model if its regression coefficient is statistically significant (pretest, in Panel 2) and
forecasts from an augmented model that includes both the predictor, x;, and the monitoring instrument, z14, in the forecasting
model. In each case, large values of the rejection probability indicates that the switching approach performs better (produces a
smaller MSE) than the alternative approach.



Table 3: Pairwise comparisons of predictive performance for the non-nested case (with B2’s sign flipped)

am,l\am,Z
0.0

0.25

0.5

1.0

aa:,l\aw,Q

0.25
0.5
1.0

O‘x,l\ax,2
0.0

0.25

0.5

1.0

az,l\az,Q
0.0

0.25

0.5

1.0

This table reports rejection probabilities of the null of equal MSE performance of models j; and js. Data are generated according

0.063
1.000
1.000
1.000

0.059
1.000
1.000
1.000

0.058
1.000
1.000
1.000

0
0.059
1.000
1.000
1.000

to the non-nested model

where z1; and z9; are a set of predictor variables that are known at time ¢. Model 1 takes the form y, 1 = 121+ + €1441,
while model 2 takes the form ;1 = B2zt + €2¢t41. The strength of the predictors in models 1 and 2 is parameterized as
Bj = cpyn~“i, while the accuracy of the monitoring instrument is captured as corr(x;e¢y1,21t) = ¢, ,;m~ “=7. We report
the outcome of a one-sided test of the null of equal predictive performance against the alternative that Pr(J%lfj2 > 1.64) .
Higher values of the probabilities indicate that model joproduces a lower MSE than model j;. All results are based on 5,000

0.25

0.000
0.054
0.985
0.996

0.25

0.000
0.054
0.987
0.996

0.25

0.000
0.067
0.987
0.998

0.25

0.000
0.054
0.984
0.997

(J1,72) = (1,2)

0.5

0.000
0.000
0.031
0.083

0.5

0.000
0.000
0.032
0.081

0.5

0.000
0.000
0.033
0.076

0.5

0.000
0.000
0.032
0.079

1
0.000
0.000
0.004
0.012

0.000
0.000
0.004
0.012

0.000
0.000
0.004
0.013

1
0.000
0.000
0.004
0.014

Y41 = P11 + BoaToyt + €y,

Pr(J3 77 > 1.64)
(jl)j?) = (LSW)

A: (01,052) =(0,0)

0
0.716
1.000
1.000
1.000

B:

0
0.202
1.000
1.000
1.000

0.25 0.5

0.004 0.002
0.965 0.327
1.000 0.804
1.000 0.529

1
0.001
0.166
0.371
0.256

(z1,0z2) =(0,1)

0.25 0.5

0.002 0.001
0.379  0.147
0.983 0.256
0.993 0.143

1
0.002
0.151
0.268
0.107

C:(az,la 042,2) = (05, 05)

0
0.050
1.000
1.000
1.000

025 0.5

0.000 0.000
0.058 0.005
0.973 0.037
0.994 0.065

1
0.000
0.004
0.008
0.017

D: (e 1,0.2) =(1,1)

0
0.053
1.000
1.000
1.000

0.25 0.5

0.000 0.000
0.044 0.004
0.974 0.031
0.994 0.063

MC simulations and use a sample size of (n, m,p) = (100, 100, 200).

1
0.000
0.003
0.008
0.015

0
0.700
0.006
0.003
0.001

0.204
0.000
0.000
0.000

0.050
0.000
0.000
0.000

0
0.050
0.000
0.000
0.000

0.25

1.000
0.961
0.332
0.166

0.25

1.000
0.378
0.008
0.005

0.25

1.000
0.049
0.005
0.003

0.25

1.000
0.050
0.004
0.003

(J1,J2) = (2, SW)

0.5

1.000
1.000
0.812
0.367

0.5

1.000
0.998
0.299
0.068

0.5

1.000
0.977
0.029
0.010

0.5

1.000
0.979
0.033
0.008

1
1.000
0.999
0.527
0.249

1.000
1.000
0.465
0.133

1.000
0.994
0.068
0.016

1
1.000
0.992
0.062
0.019



Table 4: Diebold-Mariano tests for equal forecasting performance: Greenbook versus SPF forecasts

A: Final, revised data (m = 40)

h\ Z Uncond UG U AL 34 AW o3 — Use_3:0)
ALGB-SPF  A[GB—SW A[SPF—SW A[GB—SW A[SPF—SW A[GB-SW A[SPF—SW A[GB—SW A[SPF-SW
1 -1.97 1.26 1.80 1.21 1.68 1.05 2.19 1.50 2.07
2 -2.19 0.62 2.16 1.54 2.27 1.53 2.94 1.29 2.02
3 -2.25 1.56 2.23 0.97 1.94 1.74 2.36 1.49 1.24
4 -2.26 1.62 2.06 1.91 2.34 1.90 2.86 1.78 1.02
B: Final, revised data (m = 60)
1 -1.97 1.43 1.35 1.30 1.30 1.80 1.51 1.50 0.97
2 -2.19 1.30 1.53 1.47 1.29 1.51 2.01 1.30 0.92
3 -2.25 1.56 0.80 1.80 1.21 1.57 1.34 1.69 -0.13
4 -2.26 1.63 0.41 2.23 0.73 1.79 2.04 1.46 0.29
C: Vintage data (m = 40)
1 -3.24 1.72 3.42 -1.10 2.27 -0.62 2.43 -0.56 2.68
2 -2.29 -0.02 2.14 -0.19 1.81 -0.04 2.06 0.42 1.94
3 -2.41 0.36 2.83 0.92 2.42 1.69 2.92 1.43 2.33
4 -2.56 0.60 2.36 0.54 2.18 1.43 3.14 0.89 1.91
D: Vintage data (m = 60)
1 -3.24 1.38 2.44 -1.07 2.08 -1.51 1.75 -0.83 1.87
2 -2.29 -0.06 1.81 1.12 2.05 1.15 2.46 NA 1.54
3 -2.41 0.79 0.97 1.27 1.13 1.66 2.09 0.76 0.97
4 -2.56 0.03 1.22 -0.06 1.19 1.67 2.70 -0.31 1.20

This table reports Diebold-Mariano t-tests for equal mean squared error performance for the Greenbook and mean SPF forecasts
of the GDP deflator as well as for various rules that switch between these forecasts. All forecasts are reported quarterly using
forecast horizons (h, listed in the rows) ranging from one through four quarters. The first column reports the Diebold-Mariano
t-test for the unconditional forecasting performance with negative values suggesting that the Greenbook forecasts are more
accurate than the SPF forecasts. Subsequent columns compare the MSE performance of various switching rules against the
Greenbook forecasts (labeled ALGE=5W) or against the SPF forecasts (ALSPF=SW) with positive values indicating that the
switching rule performs best. The switching rule uses a rolling window of m = 40 quarterly observations (panel A) or m = 60
observations (panel B) to regress loss differences on an intercept and the test variable, Z, which is either the unemployment
gap (UG), the macroeconomic uncertainty measure of Jurado et al. (2015) (U), the lagged loss differential averaged over the
most recent four quarters (AL), or the difference between the squared forecasts, averaged over the most recent four quarters,
A(91, — U3 ,)- Results in panels A and B use the most recent vintage of the GDP deflator to measure the “actual” value while
results in panels C and D use real-time vintages. The sample period is 1968Q4-2010Q4.



Table 5: Empirical results from forecasts of stock returns
A:Model combination

Z to ty R GW
1 1.82%
AL 2.70%%*% (.68 0.44 0.01**
UG 2.87FF*  _1.31 0.38  0.01**
93— g5 0.32 -2.31%%%  1.61  0.01%*
U() -0.30 0.39 0.11 0.13
B: T-bill rate
1 -1.11
AL -1.01 -0.42 0.16 0.54
UG 0.59 -2.63%F%  0.47  0.04**
93 — 93 -0.37 -1.96%*  1.39  0.24
U(1) 0.08 -0.10 0.00 0.98

This table reports the outcome of conditional tests of equal forecasting performance that compare forecasts of monthly excess
returns on a U.S. stock market portfolio from a (small, S) prevailing mean model (y;11 = o + &¢41) to forecasts from a (big, B)
model with time-varying predictors (y:+1 = Bo+S12:+e+1). In both cases, the parameters of the forecasting model are estimated
using a rolling window with n = 240 (20 years) of observations, generating a sequence of loss differentials AL; 1 = e%’t 11 —eQB’t 11
We show tests of the null F[AL;;1]|Z;] = 0 versus a two-sided alternative under squared error loss, using instruments Z; = 1
(corresponding to a test of equal unconditional expected loss), Z; = AL, (the average loss differential over the preceding 12

months), Z; = @%,s — @%78, the lagged difference in squared forecasts, Z; = wug;, the unemployment gap variable of Stock and
Watson (2010), or Z, = U(1),, the lagged one-month uncertainty measure of Jurado, Ludvigson and Ng (2016). Numbers shown
are t-statistics on 6y and 6, from regressions AL; ;1 = 0y + 0121¢ + €41, the R? from this regression and the Giacomini-White
(GW) test of conditional predictability. In all cases the small (benchmark) forecasting model is a prevailing mean model while
the big model is a forecast combination (Panel A) or a univariate forecasting model that includes a T-bill rate (Panel B).

Figure 1: Mean squared error differences and forecasting performance for Greenbook, SPF and switching rule forecasts
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This figure shows the the squared error differences for Greenbook versus SPF forecasts (blue line, left panel) along with conditional
forecasts of these loss differences using the unemployment gap (red line, left panel) as a monitoring instrument. The right panel
shows the cumulative sums of squared forecast errors from comparisons of Greenbook and SPF forecasts (blue line), switching
rule versus Greenbook forecasts (green line) and switching rule versus SPF forecasts (red line).




Figure 2: Split of sample (T) into estimation (n), monitoring (m), and evaluation (n +m + p) parts
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Figure 3: Daily forecasts of squared error difference for Greenbook versus SPF inflation forecasts
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This figure plots daily estimates of the squared error difference between Greenbook and SPF inflation forecasts, computed using
daily values of the term spread. Positive values indicate that the Greenbook forecasts are expected to be less accurate than the
SPF forecasts, while negative estimates suggest the reverse.



Figure 4: Performance of Nested Forecasting Models for US Inflation
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Forecasting performance for models of US inflation. The top panel plots the conditionally expected squared error differential for
an AR(4) model (small) versus a model that adds a principal component extracted from a large cross-section of macroeconomic
variables to the AR(4) model (big). The conditional expectation is computed using the unemployment gap as a tester. The
bottom panel plots the cumulative sum of squared error differences for the big model versus the small model (blue line), the
switching rule versus the small model (red), the switching rule versus the big model (black) and the switching rule versus an
augmented model that adds the tester (unemployment gap) to the big forecasting model.



Figure 5: Cumulative Sum of Squared Error Differences for Different Approaches to Forecasting US Stock Returns
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This figure plots the cumulative sums of squared forecast error differentials for big versus small forecasting model (blue line),
switching rule versus small forecasting model (red), switching rule versus big model (black) and big forecasting model augmented
with the monitoring instrument versus small model (purple). Positive and increasing values of the lines suggest that the first
model produces smaller squared forecast errors than the second model, while negative and decreasing values suggest the opposite.
Gray areas show when the big forecasting model is expected to generate the smallest squared error loss. The big forecasting
model includes a constant and the lagged T-bill rate, while the small forecasting model only includes a constant.
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