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Empirical macroeconomics is centrally concerned with measuring impulse responses
to one-time shocks across horizons. A large body of theory and evidence shows

that propagation differs across expansions and recessions, between zero lower bound
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estimators under uncertainty. I start from a design where the true data
generating process and its transition rule are known, then add misspecifi-
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ods. Performance is evaluated by CRPS across single estimators and
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(ZLB) and non-ZLB periods, and under other conditions such as financial stress,
unemployment, or distinct inflation regimes. As a result, state-dependent estimators
that allow for nonlinearity have become standard tools for studying fiscal multipliers
and other shock effects.

In linear models, the impulse response is a linear function of shock size, whereas
in state-dependent models, the response is not independent of the prevailing regime
or its recent history. The transition process governing movements across states, in
turn, invalidates the usual linear interpretation of orthogonalized impulse responses.
Also, recent work by |Gongalves, Herrera, Kilian, and Pesavento| (2024)) highlights a
central challenge: when the economic state is endogenous, local projections (LPs)
face fundamental limits in recovering the causal impulse response. The same concern
applies to other state-dependent estimators, since practice rarely models the joint
distribution of contemporaneous and future shocks or the shock magnitude without
misspecification.

These features make identification and inference more demanding. Researchers
must select or estimate the transition process, work with limited observations within
each state, and address the loss of precision that follows from splitting the data across
states. If the state variable or the transition process is misspecified, the estimated
impulse responses can be biased at impact and distorted over horizons, affecting
persistence and timing. These considerations motivate my finite-sample assessment of
single estimators and model averaging for sensitivity to misspecification.

Francis, Owyang, and Soques| (2023)) evaluate impulse response estimators under
misspecification in nonlinear settings, comparing generalized impulse response functions
(GIRFs), GIRF-based model averaging, and LP. This study differs along at least three
dimensions. First, in defining the target object: [Francis et al|(2023) adopt the GIRF
of [Koop, Pesaran, and Potter| (1996)), whereas I use the conditional average response
(CAR) of |Gongalves et al.| (2024)). Both are defined in a potential-outcome framework,
but CAR accommodates variation in shock size, allowing me to assess misspecification
when the shock is not normalized to one. Second, in the scope of model averaging:
Francis et al.| (2023)) average GIRFs across alternative transition processes except LP,
while I combine estimators obtained from orthogonalized methods, specifically VAR-
and LP-based estimators and their variants. Third, in weighting and sample design:
Francis et al. (2023) keep averaging weights constant across regimes and horizons and
estimate on the full sample with interactions. I estimate state-specific models on split
samples and allow averaging weights to vary by regime and horizon.

I begin from a design in which the true data generating process and its transition
process are known, then introduce misspecifications step by step to mimic practical

information constraints. The target impulse response is defined in a potential outcome



framework, while estimation proceeds with prediction-based, orthogonalized methods.
I compare single estimators and model averaging schemes across regimes and shock
sizes, using the continuously ranked probability score (CRPS) to track how errors
change as misspecifications accumulate. In particular, I examine how the transition
process and shock size interact with the estimator class to determine finite-sample
performance in state-dependent environments. The results show that CRPS varies
mainly with the transition process and the size of the shock. As shocks grow, LP
estimators tend to dominate, although VARs with shorter lag lengths can remain
competitive. Bayesian and frequentist estimators often exhibit opposite performance
patterns. When the true transition process is noisy, a more parsimonious process can
reduce errors, whereas imposing linearity on a genuinely nonlinear process generates
distortions. In the empirical study, I compare estimators across three inflation-related
regimes for the uncertainty shock and monetary policy shock. I find uncertainty shocks
display pronounced state dependence, with effects that accumulate more slowly in
favorable states. By contrast, monetary policy shocks show limited variation across
regimes.

This paper makes three contributions. First, it separates two frameworks for
nonlinear impulse responses and quantifies the divergence between them: the target
impulse response is defined as a causal effect in a potential outcome setup, whereas
estimation methods with orthogonalized schemes. Second, using a controlled simula-
tion design with stepwise misspecification across regimes and shock sizes, the paper
compares VAR~ and LP-based estimators alongside model-averaging schemes, offering
tentative guidance for prediction-based estimation under both small and large shocks.
Third, it proposes a set of novel inflation-related regimes, grounded in the literature
and organized systematically, and shows that uncertainty and monetary shocks exhibit

distinct, state-dependent dynamics across these regimes.

Literature. The nonlinear target impulse response has been formalized by the GIRF
by Koop et al.| (1996) and Potter| (2000). More recent contributions propose the
CAR, a potential-outcome target that conditions on the state and accommodates
explicit shock-size variation by |Gongalves et al.| (2024). Their key distinction is the
conditioning set—GIRF conditions on the full pre-shock history I, _;, whereas CAR
conditions on the state S;_;—so they answer different questions about state and size.

Estimation typically proceeds with orthogonalized LP (Jorda, [2005) and VAR
(Sims|, [1980). Unified analyses show when LP and VAR recover the same linear
responses and highlight how specification choices matter in applications (Li, Plagborg4
Moller, & Wolfl 2024} Olea, Plagborg-Mgller, Qian, & Wolf] [2025)). In state-dependent

settings, LPs with interactions and regime-specific VARs are common predictive tools,



and recent work explains what LPs recover when the state is endogenous (Gongalves
et al., 2024).

State dependence itself is modeled through an explicit transition process: Markov-
switching with constant or time-varying transition probabilities (Billio, Casarin, Ravaz-
zolo, & Van Dijk|, 2016; Diebold, Lee, Weinbach, et al., 1993; [Filardo, 1994), threshold
VARs that partition by indicator cutoffs (Tsay, |1998)), and smooth-transition specifi-
cations with coefficients that vary continuously with the state variable (Terasvirtal,
1994, 1996)).

A large empirical literature examines fiscal multipliers and monetary transmission
across economic conditions. For instance, larger fiscal multipliers in recessions are
documented by Auerbach and Gorodnichenko (2012) and Ramey and Zubairy| (2018),
while monetary transmission under the zero lower bound is analyzed by Swanson
and Williams (2014)) and [Debortoli, Gali, and Gambetti (2020), alongside other
shocks. Taken together, these findings motivate state-dependent targets that permit
heterogeneous impulse responses across horizons and require explicit modeling of the

transition mechanism.

Outline. The rest of the paper is as follows: Section [2| describes properties of
state-dependent estimators and presents frameworks for estimating impulse responses
in a nonlinear setting. Section [3| reports Monte Carlo results for the military news
shock at several magnitudes. Section [4] applies the nonlinear regime approach to real

data using two shocks: uncertainty and monetary policy. Section [5| concludes.

2 Methodology

To illustrate the properties of state-dependent estimators, I consider a structural VAR
whose coefficients are conditional on the lagged state. Let

wy = (4, U_Jé)/ € RHN, wy = (ylta S 7yNt>/7
where w, collects the endogenous macroeconomic variables and the scalar x; links the
system to the policy shock of interest, £1;: it can be the observed shock itself (z; = £14),
serially correlated process or instrument. A popular way to obtain observed shocks

is the narrative approach (e.g., [Ramey| (2011)), Romer and Romer| (1989)). Then, in
each state, the state-dependent SVAR is

Ciywy = ki1 + Bi_1(L)wi—1 + &, (1)



where ¢; = (14, €5,)" denotes mutually independent structural shocks with &; ~
i.i.d. (0,X), and X is diagonal with entries o?. Here, B; (L) = Bys 1 + Bay 1L +

-+ + By 1 LP7! and p denotes the lag order. For simplicity, I specialize to a bivariate
SVAR with w; = (x4, v;)" (so w; = y;) and, in this section, I set x; = £y, the observed
policy shock.

Then, coefficients evolve conditional on the S;_1:

ki1 = (1= S_1)ko + Si—1k1,
Ci1 = (1—=51)Cy + Si—1Ch,
Bj}tfl = (1 _Stfl)BjO—i_Stlejl forj = 1,...,p,

where S; is a stationary time series. If S; is defined by an indicator function, it takes
the value 1 in favorable states (e.g., expansions) and 0 otherwise. The lag polynomial is
By_1(L) with coefficient matrices {Bjj, Bﬂ}?:l. In this paper, I focus on the response

of y; to a one-time shock in €y, over time in this state-dependent SVAR.

2.1 Regime transition processes in nonlinear model

In the state-dependent model, the regime is determined by a transition process, S;,
defined as a deterministic function that takes a value s. Depending on the researcher’s

choice, s can be binary s € {0,1} or continuous s = [0, 1]. Let
w, = (w.,q.) forr<t,

where w, are model variables (and their lags) and ¢; is an externally determined,
strictly exogenous variable (e.g., measures of sentiment or animal spirits; see Barsky
and Sims| (2012), |Blanchard (1993), and Hall (1993))). The transition function S; is

Sy =n(w, :r <t), (2)

where 7(-) is a researcher-specified function that maps {w : r < t} to S;. If S; is
constructed using only ¢; (i.e., w, = ¢.), then S; = n(q,) is exogenous to the data-
generating process. If instead S; is constructed from elements of w, (for example,
w, =y, ), then S; = n(y,) is endogenous. A standard binary example is S; = 1(y; > y*),
with threshold y*. Employment/unemployment rates and real activity measures are
common choices for transition variables when defining the state of the economy.
Although some empirical studies treat S; as exogenous, that assumption is often
empirically implausible as the state is typically constructed from variables tied to the

model’s endogenous variables, which can bias the estimates.



2.2 Computing impulse responses

In nonlinear settings, impulse responses are obtained using two broad approaches.
The first is a generalized, path-dependent approach that conditions on histories and
allows the state to evolve along the path. It is the causal effect of a one-time shock
€1¢ on Yy p, conditional on the state of the economy at time ¢ — 1, S;_;. The second is
an orthogonalized, state-conditional approach that mirrors the linear practice (e.g.,
LP- and VAR-based evaluations applied by state). The only causal structure enters

through the transition process, which assigns observations to states.

2.2.1 Generalized methods

Nonlinear models are path dependent, and population impulse responses are generally
not available in closed form from estimated coefficients alone. A common approach
in the literatureE] defines the true response by comparing two sample paths for the
outcome of interest: one in which ey, receives a one-time shock at time ¢, and one in
which it does not.

I summarize this object as the conditional average response (CAR), following
Gongcalves et al.| (2024):

CARy1(6,8) = E\yspn(ere +6) — yern(e1e)[Si—1 = 5|, (3)

where s € {0,1}, yin(e1) denotes the realized value along the baseline path, and
Yirn(e1¢ + 0) denotes the counterfactual that would obtain if the one-time shock at ¢
were shifted by . Equivalently, for any realization £1; = e, the baseline holds e fixed
while the counterfactual evaluates e + d; all other shocks retain their realized values.

Then, the two sample paths are:

1. Baseline path {y;.}: observed potential outcomes.
EUS = { < E1t—1,Et, E1t 1y - - - 5 E2—15,E24 41 - - } U { .. St—17 St, St+17 .. }

2. Alternative path {y;,,}: unobserved counterfactual values. [
E*US* = { .. Eltfl,éf;k, Elt+ly---9E2t—15,E2t 41,5 - - }U{ .. Stfl, Sz(, 2<+1, .. .}, where

€] = €1t + 0 and all other shocks equal their baseline realizations.

If the states are exogenous, then S’ = S, for all r. If the state is endogenous, then
Sx # S, for r >t as the one-time shock at ¢ feeds back into the state, so coefficients
evolve differently along the two paths. Throughout, I condition on the lagged state

YFrancis et al| (2023); |Gallant, Rossi, and Tauchen| (1993); |Goncalves, Herrera, Kilian, and
Pesavento| (2021}, 2022)); |Gongalves et al.| (2024)); |Gourieroux and Jasiak| (2005)); Kilian and Vigfusson
(2011)); Koop et al.| (1996)); [Potter| (2000]).

“Although {y;,,,} is unobserved, it can be recovered from the structural model given £* and S*.



Si;—1 and do not condition on current or future states, consistent with applied macro
practice and the LP literature on state-dependent responses.

The above paths are based on the assumption that the conditional impulse response
of y;1, depends on the state of the economy at time ¢ — 1, but not on the current,

future, or prior periods.

2.2.2 Orthogonalized methods

In contrast to generalized methods, where impulse responses are defined as differences
between two future outcomes under different paths, orthogonalized methods recover
state-conditional impulse responses by isolating the structural shock €;; and tracing
its effect through shock-identified linear-system estimators. To distinguish this object
from the generalized response, I denote the orthogonalized response by éh(s), where
s indexes the lagged state S;_1 = s. In practice, these methods typically normalize
the shock scale to one standard deviation, so 0% = 1 and ¢ is not shown explicitly;
this convention is convenient but can matter when effects are nonlinear in shock size.
Two widely used implementations are local projections (LP; | Jorda (2005))) and vector

autoregressions (VAR; Sims| (1980)), applied by state.

State-dependent VAR. In the VAR framework, impulse responses are obtained
by estimating the reduced form and mapping reduced-form innovations to structural

shocks via an identification scheme (e.g., Cholesky). The reduced-form representation
implied by is

P
w, = C; ke + Z Aywi—y + uy,
=1

where A4;;, 1 = C’[_llBl’t,l, and u; = C’[_llgt. Then, conditional on S;_; = s, the moving

average representation is

Wern =Y Uy iupipj, Veo=1,

320

where {U;;} are implied by {A4;;-1}/_,. The impulse response at horizon h to a

one-unit change in the policy shock is the (i, 1)-th element of ¥, ,C;_}.
Oyat(s) = (WanCh) S =s, i=2.. N+1, (4)

since y is the i-th element of w and the policy shock occupies the first position. In

the bivariate case, i = 2. When the shock is set to €1, = 9, the VAR response scale



linearly, HA;{%R(S; 0) = A;f‘,*lR(s; 1)0, and it also equals the difference between the iterated

multi-step forecasts E[yt+h|51t =9, St_lzs] — E{yt+h|€1t =0,5_1=¢|.

State-dependent LP. In the LP framework, the impulse response is obtained by
projecting the future outcome y;,;, on the observed policy shock at time ¢. In this
sense, LP measures impulse responses by orthogonalized projection: the regression
coefficient gives the response of the system to the shock, conditional on controls. For

each horizon h, estimate

Yern =(1 — Si—1) {Mo,h + Bo.ner + 76,h : COntrOlSt}
+ (Si-1) {m,h + Bipcr + ”yih . controlst} + residual; 4, (5)

where coefficients are state-contingent (e.g., Sn(Si—1) = (1 —Si—1)Bo.n + St—181.n). The

state-specific LP response equals the projection coefficient and can be written as

ALP _E[yt+h€1t|5t—1=8]
0, 1(s) = E[gi‘&l:s} : (6)

which follows from the linear projection property under the observed-shock setup. It
is also equal to the difference between iterated multi-step forecasts when the shock is
set to e1; = 0, i.e., E[yt+h|51t =9,5_1= s} — E{yt+h|81t =0,5;_1 = s|. For a shock

of size §, when responses scale linearly, 95}2(3; 8) = Bynd.

State-dependent model averaging. Suppose there are M candidate models. For
model m, let éﬁ)(s) denote the model-specific estimator of the target response at

horizon A in state s. Let the weight vector be

M

!/
Whs = (Wl,h,& cee 7wM,h,s) y Wm,h,s Z 07 Z Wm,h,s = 1.
m=1
Then, the model-averaged estimator is
A, M A
mavg . m
Hy,h (s) = Z wm,h,sey,h@)' (7)
m=1

Here, mavg denotes a generic model-averaging scheme (e.g., Bayesian model averaging,

cross-validated averaging); weights may vary by horizon and state through wy, .



3 Simulation Study

This section evaluates the finite-sample behavior of state-dependent impulse-response
estimators in a setting that mirrors applied macroeconomic practice. I consider a
binary regime indicator S; that is endogenous. Also, to estimate target impulse
responses, | restrict the study to orthogonalized estimators (rather than generalized
estimators), their variants, and model-averaging schemes that combine them.

If, in practitioners’ data, S; is not strictly exogenous and d # 1, not only may
state-dependent estimators fail to recover the true impulse response, but the finite-
sample bias can also be sizable. |Gongalves et al.| (2024) show that, under endogenous
S;, the finite-sample bias of LP can be sizable and depends on the standardized shock.
This situation may not be very different for the regime-dependent VAR estimator.
However, in practice, many studies report orthogonalized impulse responses scaled to
a unit shock, 6 = 1, without considering the size of the shock relative to the standard
deviation O%. To highlight the significance of this issue, I vary ¢ while fixing oy = 1.

The simulation is designed to answer the following questions: (i) under specific
forms of uncertainty, which estimator (VAR, LP, or their variants) delivers lower bias
and dispersion; (ii) whether a model averaging improves performance relative to its
components; and (iii) how conclusions vary with the shock magnitude. I begin from
a benchmark with complete information about the data-generating process. I then
introduce realistic uncertainties sequentially. The remainder of the section details
the data-generating processes, estimators, evaluation metrics, and simulation results

under uncertainty scenarios.

3.1 Simulation design and DGP

In this subsection, I compare the impulse responses of model averaging and single
estimators under a set of misspecifications and non-negligible shock sizes, with ¢ €
{1,5,10,—1, =5, —10}. Motivated by Ramey and Zubairy| (2018)), I adopt a trivariate
state-dependent SVAR(p) as the data generating process (DGP), where z; follows an
AR(p) without a constant. Here, £y, is interpreted as the structural fiscal policy shock
(government spending news). Let w; = (x4, g¢, y;) where x; denotes the Ramey—Zubairy

military spending news series, g; is real government spending, and y; is real GDP. The



calibration targets quarterly U.S. data from 1890Q1 to 2015Q4.

P
Ty = Z%‘,t—lﬂﬂt—1 + €1t

j=1
Ty Ti—1 €1t
Coalg| =kir+Bia(L) | g1 | + |ex] (8)
Yt Yt-1 €3t

where ¢; are mutually independent N(0,1), so 6 = 1 corresponds to a one standard
deviation shock. Also, all lag orders are 4. Parameter values used in the simulations
are reported in Online Appendix A.1.

I consider two DGPs, distinguished by the state-transition process for S;.

1. DGP I: TVAR

The regime is selected deterministically by a threshold rule on the transition

variable z:

1 af z>2"
S = 9)
0 if 2z <2z¥,

with the favorable regime when z; > 2* (S; = 1) and the unfavorable regime
otherwise (S; = 0). Once z; is given, there is no randomness in switching; regime
assignment is purely threshold-driven. In the baseline specification, z; is set

equal to y; and the threshold is fixed at z* = 1.

2. DGP II: TVTP-MSVAR (Billio et al.l 2016; |Diebold et al., |1993; [Filardol |1994;
Francis et al., [2023))

The regime is selected probabilistically. A two-state Markov chain governs
switching, and the transition probabilities vary over time with the observable
zi—q- The logistic function maps movements in z; 4 to the time-t transition
probabilities. Thus, the same value of z;_4 does not necessarily imply the same
next-period regime. In contrast to the TVAR case, z;_4 shifts probabilities

rather than imposing a deterministic cutoff.

exp(Yji + Vji%t—d)
exp(Foi + Y0izt—d) + exp(Y1i + Y1i2t—d)’

Pr[S; = j|Si—1 = i, z—q] = Tijt =

where 7,0+ + m;14 = 1 for each origin state i = {0,1} and the lag is set to d = 1.
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Given S;_; and m;;, assuming u; ~ U(0, 1) is the random draw. And assign:

1, if S;_1=0and u; < T01,t)
St = 1, if St,1 =1 and U > T10,t) (].O)

0, otherwise.

3.2 True impulse response and estimators

The population impulse response is defined as CAR, which is obtained by the general-
ized method introduced in Section 2.2.11 CAR differs from the estimation methods
that recover it in how they identify the impulse response: In this paper, CAR is
defined under the potential-outcomes framework, whereas the estimators are framed
under the prediction framework in Section [2.2.2]

True impulse response. The population non-linear impulse response is defined as

follows:

CARg (6, 5) = E[9t+h(51t +0) = grrn(en)|Si-1 = S},
CARyx(0,5) = E[yt+h(51t +0) = Yern(Ew)|Si-1 = S}, (11)

where g5 (1) and y;1(g1;) denote realized future values, while g, (g1 + d) and
Yirn(e1¢ + 0) denote counterfactual values that would have been observed if one-time

shock e1; were perturbed by ¢, conditioning on S;_; = s.

Estimation models. I estimate true non-linear impulse response using regression-
based projections using seven single estimators (VAR- and LP-based) and transformed
traditional model averaging schemes following Hounyo and Jung (2025). All estimators
target the same CAR. ;,(d, s) for DGP defined in Single estimators are grouped by
methodological class: VAR- and LP-based. Model-averaging schemes are grouped by

the class of estimators they combine.
1. Single estimators

o VAR-variants: Plain VAR, Bias-corrected VAR (abbreviated “BC VAR”),
and Bayesian VAR (abbreviated “BVAR”).

o LP-variants: Plain LP, Bias-corrected LP (abbreviated “BC LP”), Bayesian
LP (abbreviated “BLP”), and Penalized LP (abbreviated “Pen.”).

2. Model Averaging (abbreviated “MAVG”)

11



i MAVGVARZ GMA\/AR, and CVAVAR.
. MAVGLpi GMALP, and CVALP.

e MAVGaLL: arpmspe-GMA, arpyspe-CVA, apprs-GMA, and appps-
CVA.

For model averaging groups, MAVGvag aggregates VAR-based estimators, MAVGyp
aggregates LP-based estimators, and MAVGayr, aggregates the full set. Also, within
these groups, generalized model averaging (GMA) combines predictions from multiple
models using weights proportional to their posterior probabilities; for GMAyag, this
coincides with Bayesian model averaging (BMA) in practice. By contrast, GMAp
replaces the likelihood with a HAC-based criterion for weighting. The second model-
averaging method, cross validation model averaging (CVA), follows a predictive
approach using a leave-h-out strategy. The app schemes in MAVG,y, indirectly pool
VAR- and LP-based estimators by introducing a second-stage weight app, which
allocates an overall share to the LP class; arp can be set by MSPE or R2. This two-
stage construction facilitates combining VAR and LP estimators when their structures
prevent direct first-stage pooling. | Additional model specifics are provided in Online
Appendix A.2.

All estimation models include four lags of the data vector w; as controls, following
Ramey and Zubairy| (2018). Also, nonlinear impulse responses are estimated by
splitting the sample into two regimes. Consequently, except for GMAyar and CVAvyar,

other model averaging weights are regime- and horizon-specific. []

3.3 Performance metric

I evaluate estimator performance using the continuously ranked probability score
(CRPS, Francis et al.| (2023)); Kruger, Lerch, Thorarinsdottir, and Gneiting (2021));
Matheson and Winkler| (1976))), which delivers a single, comparable number for each
horizon, regime, and response variable. For response i € {g,y} at horizon h and

regime s,

e}

CRPS,(F, h, s) = / [F(2) - 1(Z > CARy(h,4, )] dZ. (12)

Here, F(Z) is the posterior-predictive cumulative distribution function (CDF) of the
estimator’s impulse response, and 1(Z > CAR;(h, 0, s)) is the empirical CDF that
places unit mass to the realized true value CRPS;(F, h, s). CRPS measures the squared

3For further details, see [Hounyo and Jung] (2025)).
“Weights for GMAvagr, and CVAyag are regime-specific but constant across horizons. All
model-averaging weights are chosen by in-sample fit.
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distance between the two CDFs over the real line, so smaller values indicate better
performance; the score is zero only if the predictive distribution assigns all probability
to the realized outcome.

For comparison across designs, I report CRPS averaged over horizons, regimes,
and response variables. When aggregating across regimes, I use equal weights (0.5
for each state), yielding a single summary number per estimator. For complementary

evaluation metrics, I also report absolute bias (aBias) and standard deviation (SD):

aBias(HAiﬁh(s)) = ‘E(@A,h(s)) — CAR;(h,0,s)

, 1€{g,y}, (13)

and

A A~ 1/2

SD(0:a(5)) = (Elfua(s) = EBa(s)]*) 7€ {uuh (14)

All metrics in this paper are computed at the model (estimator) level.

3.4 Simulation results

This subsection presents the performance of the estimators under uncertainty. I restrict
attention to projection-based estimators with orthogonalized shocks, including both
frequentist and Bayesian variants. Also, I adopt the common reporting convention
that impulse responses are scaled to a unit structural shock— implicitly treating
% = l—and then examine how results change as § increases.

Specifically, I compare estimation methods for recovering the true impulse response
in Monte Carlo simulations. Starting from a benchmark with complete information
where the DGP is known, I introduce misspecifications sequentially: incorrect lag
order, misspecified transition mechanism, misspecified transition variable, and linear
rather than nonlinear dynamics. Results are based on 1,000 Monte Carlo replications.
For each replication, a long path T% = 1,000 is simulated to compute the CAR. I

discard the first 250 observations as burn in, leaving 7" = 750 for estimation.

Main results. As the main results, I primarily discuss the results of DGP I: TVAR(4)
with 0 = 1 and report average CRPS across dependent variables, horizons, and regimes.
Result tables for other shock sizes and for the Markov-switching case are reported in
the Online Appendix A.3 and A 4.

Table [2| reports CRPS for impulse responses obtained from the single estimators
and the corresponding model-averaging schemes under a range of misspecifications
when the true transition mechanism is threshold-based and the shock size is 1. Values

are normalized by the CRPS for Plain VAR under no misspecification.
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The first column lists the misspecification type: “None” indicates correct speci-
fication (estimators may differ by researchers’ preference but the DGP features are
correctly imposed); “Transition process” replaces the threshold rule with Markov
switching; “State variable z;” uses a transition variable uncorrelated with the true z;,
“Lag order p = 1”7 and “Lag order p = 6" impose 1 or 6 lags when the true model has
4; and “Linear” estimates a linear model in place of the nonlinear DGP.

The table yields several findings. First, Bayesian estimators perform well across
misspecifications, although plain VAR(4) is the data-generating model. This can
occur as plain VAR is an orthogonalized frequentist estimator. Thus, BVAR may
outperform in finite samples, with shrinkage regularizing high-dimensional parameters
and stabilizing estimation under regime splits. Between BVAR and BLP, BVAR is
the safer choice under misspecification, as indicated by the complementary evidence
in the bias heatmaps and standard-deviation panels (Figure , Figure . In the bias
maps, blue indicates a smaller absolute bias and yellow indicates a larger bias. BVAR
attains the smallest or among the smallest biases across horizons and misspecification
types, while BLP does not. Also, in the standard-deviation plots, relative rankings
stabilize after several horizons, and BVAR generally exhibits the lowest dispersion,
although it is delayed in some misspecification cases. Bias-corrected estimators, on
the other hand, do not perform as well as their plain or Bayesian counterparts in this
nonlinear, stationary design, although they show better performance in nonstationary
linear settings [’}

Second, when the true lag order is uncertain, the app schemes with a short lag
length are a safe choice. Their advantage is most pronounced when the lag order
is truncated. This misspecification can occur with limited samples, especially after
splitting the data by regime. This performance advantage often persists even when an
additional misspecification is present.

Third, when nonlinear impulse responses are estimated with a linear model, the
CRPS is nearly four times larger. This proportional increase is much larger in the
TVAR (6 = 1) case than under other shock magnitudes or DGPs. This suggests that,
if researchers assume linearity and a unit shock, assumptions common in practice, the

resulting impulse responses can differ substantially from the population values.

Other sizes of the shock. CRPS tables for the threshold DGP with alterna-
tive shock sizes, C% € {5,10,—1,—5,—10}, are reported in Online Appendix A.3.
Comparing these outcomes with the main case (6 = 1) yields several additional
findings.

As the shock magnitude increases, CRPS rises markedly across all designs. This is

9Li et al.| (2024)), Hounyo and Jung (2025)
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expected as CAR(J, s) scales with 0, while orthogonalized projections are calibrated to
a unit shock and do not internalize the realized shock size during estimation. Moreover,
for a given shock magnitude, total errors are slightly larger for negative shocks than
for positive shocks.

Additionally, as the shock magnitude increases, Bayesian estimators begin to lose
their advantage. Instead, plain and bias-corrected estimators tend to outperform,
regardless of the sign of the shock.

Comparing LP- and VAR-variants, LP-variants—especially Plain LP and BC LP—
tend to outperform as the shock magnitude increases. Accordingly, when the shock is
large and the true model is uncertain, model averaging restricted to LP-variants may

suffice, reducing the need to combine VAR and LP in a single scheme.

MSVAR. Online Appendix A.4 reports CRPS tables for all values of % when the
true transition process is Markov switching. The table format matches the threshold
case, except that the row labeled “Transition process” now denotes switching by a
threshold rather than by Markov switching. For comparability with the previous
tables, all CRPS values are normalized by the CRPS from plain VAR (4) when the
true transition process is threshold under correct specification.

The most noticeable pattern is that CRPS increases with shock magnitude, with a
steeper rise than under the threshold DGP.

The results also indicate that adopting an alternative transition process (for
example, threshold or linear) can reduce CRPS. Two mechanisms can produce this
outcome. First, when the Markov-switching transition process is highly volatile or
weakly predictable, the effective number of observations per regime shrinks, increasing
parameter uncertainty within regimes. This raises the sampling variability of the
estimated impulse responses across Monte Carlo replications, so in finite samples
the estimated impulse response rarely matches the population response. Another
mechanism is that simpler transition processes, such as threshold or linear, pool
information across regimes. Pooling produces smoother impulse responses with lower
sampling variance and sometimes lower bias by averaging over state uncertainty, while
the correctly specified Markov-switching model can face finite-sample uncertainty
about the prevailing state.

Taken together, these patterns support model averaging across transition processes
(Francis et al., [2023), even when the true process is Markov switching but relatively
complex.

Overall, LP variants, especially plain LP, outperform VAR estimators, except in
a few cases when the lag order is truncated. A plausible reason is LP’s design: it

estimates each horizon by directly projecting the future outcome on the identified
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one-period structural shock. This approach is less sensitive to dynamic misspecification
from complex transition processes and to lag-order truncation, whereas VARs depend

on a fully specified propagation structure.

Summary. The simulations indicate that CRPS is primarily determined by the true
transition process and the shock magnitude. The simulation results under uncertainty
are summarized as follows.

While LP-based estimators generally outperform VAR-based estimators as shocks
grow, VARs remain competitive when the VAR lag order is truncated, performing
well relative to LP in those cases.

Second, there is a clear inverse relationship in performance between Bayesian
estimators and frequentist counterparts (plain and bias-corrected estimators), although
their relative performance does not vary systematically with shock size. When Bayesian
methods perform better, the plain and bias-corrected estimators tend to perform worse,
and vice versa. In addition, bias correction does not outperform the plain VAR or
LP in this setting: the data are typically stationary in state-dependent environments,
particularly when S; is endogenous. In such cases, differencing the data can reduce
the predictive power of the lagged controls, thus causing potentially large efficiency
losses——even in large samples [

Third, I find evidence that, using a transition process that differs from the true one
can reduce estimation error when regime identification is noisy (e.g., under Markov
switching with high volatility or short samples) despite misspecification.

Lastly, when nonlinear models are mistakenly treated as linear, the estimated im-

pulse responses are distorted more severely than under other forms of misspecification.

Recommendations. Based on these simulations, I offer tentative recommendations
for estimating nonlinear impulse responses within prediction-based frameworks across
small and large shocks.

When the transition process is uncertain, adopting a simple specification (for
example, a threshold) is a conservative choice that tends to reduce overall bias. For
large shocks, and when researchers do not employ potential outcome-based estimators
such as generalized impulse responses (Koop et al., [1996), LP estimators are often
preferable to VARs.

Although there is no uniform ranking between plain/bias-corrected and Bayesian
estimators, their performance tends to move in opposite directions. Given this, when
the dominant class is unclear ex ante, model averaging is advisable. Also, for large

shocks, restricting the averaging set to LP-based estimators usually suffices. In

80lea et al.| (2025)
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stationary environments, bias correction is seldom warranted, so the averaging set can
exclude bias-corrected variants with little risk. However, when misspecification is well

characterized, a single well-chosen estimator is often more efficient.

4 Empirical Application

In this section, I use actual data to study first and second moment shocks across
nonlinear regimes. In the linear regime, the effect of an uncertainty shock (a second
moment shock) fades within about six months, while a monetary policy shock (a first
moment shock) persists for roughly two to three years, as shown by |Bloom| (2009).
Following this benchmark, I assign these two shocks to separate regimes rather than a
single linear environment and examine how their effects evolve and transmit to real

economic activity across regimes.

Inflation-related regimes. Guided by the idea that “not all inflation is equal—the
nature of inflation matters”’ I define three inflation-related regimes and examine
whether the transmission of shocks to real economic activity differs across these

regimes.

Data. Table [I] lists the variables used in the estimation models, excluding the
transition variable that enters the transition function. All endogenous series from
log(S&P 500 Index) through the federal funds rate are HP-detrended with A = 129, 600.
The sample period differs by regime due to data availability. For the first and third
inflation-related regimes, I use the series in the table from July 1962 through June
2008. For the second inflation-related regime, the sample runs from January 1978
through June 2008 when the transition variable is the household survey, and from July

1981 through June 2008 when the transition variable is the professionals’ survey. [f

Models. I consider four models, two VAR-based and two LP-based, except for model
averaging schemes, to estimate the effect of an uncertainty shock. I then compare
their impulse-response trajectories. All responses are scaled to a one-unit volatility

shock by normalizing with the impulse response of actual volatility at h = 0.

1. Internal instrument VAR(12) T estimate a VAR model using equation (1)),
setting the actual volatility series as the instrument. The observed variables in

wy are ordered as in Table [I]

TCieslak and Pflueger| (2023))
8 Although T use the realized volatility series as an external instrument rather than the observed
shock itself, the implied §/01 averages 3.08 over the sample and ranges from 1.5 to 7.82.
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Table 1: Description of Data (Monthly)

Variable Source / Notes

Actual volatility series Bloom| (2009); external instrument
log(S&P 500 Index) S&P Dow Jones Indices (via FRED)
log(Average Hourly Earnings) BLS (CES), production workers, SA
log(CPI-U) BLS, all urban consumers, SA
Average weekly hours (manufacturing) BLS (CES), SA

Employment (manufacturing) BLS (CES), SA

log(Industrial Production, manufacturing) FRB (G.17), SA

Federal funds rate FRB, effective rate

Note: All series are monthly. See Bloom/ (2009), Appendix A, for details. The
actual volatility series is constructed by splicing two measures: before 1986,
it is the monthly standard deviation of daily S&P 500 returns, normalized to
match the mean and variance of the VXO index during the overlap period; from
1986 onward, it is the Chicago Board Options Exchange VXO index of implied
volatility (percent) on a hypothetical at-the-money S&P 100 option with 30 days
to expiration.

2. Internal instrument BVAR(12) I retain the same ordering of w; but
estimate the reduced-form coefficients using a Bayesian approach. Coefficients
are posterior means under a Minnesota-style prior, with variance hyperparameters

set following |Canoval (2011).

3. IV-LP(2) with contemporaneous controls I estimate an IV-LP model
using equation . The controls include contemporaneous values of the en-
dogenous variables and two lags of both the instrument and the endogenous

variables.

4. TV-LP(2) without contemporaneous controls This specification is iden-
tical to the previous IV-LP model but excludes contemporaneous endogenous

variables from the control set; only lagged controls are included.

5. Model averaging schemes For comparison, I also report three combination
estimators: GMAvyagr (averaging VAR(12) and BVAR(12)), GMALp (averaging
IV-LP(2) with and without contemporaneous controls), and arpymspr—GMA,

which averages across all four base estimators using MSPE-based weights.

On the other hand, the monetary policy shock is identified as the last innovation
from a Cholesky decomposition of the reduced-form residuals. Specifically, I employ
IV /proxy identification for the second moment shock (the uncertainty shock), while I
use recursive identification for the first moment shock (the monetary policy shock).

Although the two shocks are identified differently, I compare their trajectories across
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regimes, keeping the main focus on the uncertainty shock ] Thus, the purpose is to

compare the trajectories of the two shocks, not to equate their impulse responses.

4.1 Good vs. Bad inflation

Bonelli, Palazzo, and Yamarthy (2025) distinguishes between good and bad inflation,
implying that a given shock can have opposite effects depending on how inflation
relates to growth. For example, an uncertainty shock or policy news may expand the
economy if investors view higher inflation as a signal of strong demand; however, it
may contract the economy if inflation is perceived as eroding purchasing power without
supporting growth. In general, good inflation is often demand-driven and associated
with robust real activity: inflation is positively correlated with real variables. Bad
inflation, by contrast, is typically supply-driven or associated with weak growth: it

can stifle real activity and raise the risk of stagflation.

Transition process and data. Boons, Duarte, De Roon, and Szymanowska| (2020))
show that the covariance between inflation and future consumption growth helps
determine the equity-implied inflation risk premium. Motivated by this, I classify
“good” and “bad” inflation regimes using the rolling correlation between inflation
growth (Aln P) and demand growth (AlnC) computed over a 60-month trailing

window:
Py = COIT ({AInPt_LH, o Aln P A{AIC 1y, .., AlnC’t}), L =60. (15)

Here, P denotes the personal consumption expenditures price index (PCEPI)H, and
C denotes real personal consumption expenditures on nondurable goods and services
(RNDURID and RSERVID)EI. To compute the rolling window, the inputs P and
C span July 1957 through June 2008, whereas the other series used for estimating
impulse responses in Table (1| span July 1962 through June 2008.

9Normalizations differ by shock. For the uncertainty shock, I compute impulse responses to a
one-unit volatility shock by dividing by the impulse response of actual volatility at h = 0. For the
monetary policy shock, I compute impulse responses to a 1 percentage-point innovation in the federal
funds rate. Thus, the normalization variable is the actual volatility series for the uncertainty shock
and the federal funds rate for the monetary policy shock.

10Personal Consumption Expenditures: Chain-type Price Index, monthly, seasonally adjusted,
Federal Reserve Bank of St. Louis (FRED). As PCEPI is available only from January 1959, I
back-splice CPI monthly inflation to extend the series for the rolling window via backward recursion:
In(PCEPI,_;) = In(PCEPI,) — 7!, where 7CF1 = A In CPI,.

HReal Personal Consumption Expenditures: Nondurable Goods (chain-type quantity index,
2017=100) and Real Personal Consumption Expenditures: Services (chain-type quantity index,
2017=100), quarterly, converted to monthly, seasonally adjusted, Federal Reserve Bank of St. Louis
(FRED).
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If p; > 0, periods of higher demand tend to coincide with higher inflation (and lower
demand with lower inflation), which is consistent with demand-driven inflationary
pressure; I classify such months as “good” inflation (s = 1). If p, < 0, inflation tended
to be high when demand was weak (and low when demand was strong), which I classify

as “bad” inflation (s = 0):
SEP = 1(p > 0) (16)

Result. Figure [3[reports impulse responses to the uncertainty shock (top panel) and
the monetary policy shock (bottom panel). Shaded regions show the 68% bands from
OéLP,MSPE-GMA-

First, for the monetary policy shock, the regime split is weak across the inflation-
related regimes (see Figures [i] and [§). The bands in s = 0 and s = 1 straddle
zero for most horizons, indicating that the responses are statistically insignificant
and statistically indistinguishable across states. In short, the monetary policy shock
propagates in a manner close to a linear benchmark, so state dependence appears
limited. Thus, I focus mainly on results for uncertainty shocks in this and the remaining
subsections.

For the uncertainty shock, industrial production (IP) in the bad regime shows
a small initial dip for h < 6, then rises above zero. In the good regime, responses
decline slowly at first and begin to rebound around A~ = 11. For the VAR-based
estimators and arpmspe-GMA, the negative effects begin to fade from h = 24 onward.
Employment responses mirror IP. Overall, in the good regime, the effects build more
slowly and persist longer.

In both regimes, VAR traces a relatively smooth small hump, and BVAR produces
the largest, rounded hump. LP estimators oscillate more, reflecting higher sampling
variability. This likely reflects the methods’ construction: LP uses direct, horizon-by-
horizon projections, whereas VAR extrapolates from a joint dynamic system. Also,
although arpymspr-GMA combines both VAR- and LP-based estimators, it assigns
high weight to VAR-based estimators, so its path closely matches GMAyagr. This
likely reflects sample-length sensitivity: with short samples and fixed lag orders, LP
estimators have higher variance and more oscillatory responses than correctly specified

VARs, which are more efficient in finite samples.

Robustness: GIRF. Figure B.1 in the online appendix reports results when I
replace plain VAR(12) with generalized impulse response function (GIRF) following
Koop et al| (1996). In my implementation, the GIRF conditions on a one standard

deviation shock calibrated to the sample standard deviation of the identified innovation,
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so its responses are mechanically larger than those from the BVAR, with the difference
most pronounced in the bad regimeF_ZI Aside from level differences, the patterns closely

mirror the plain VAR in terms of timing and shape.

4.2 Anchored vs. Unanchored expectations

In this regime, I focus on inflation expectations and their dispersion instead of realized
inflation. When expectations are well anchored and agents largely agree on the outlook,
the economy may respond to shocks differently than when expectations are unanchored
or widely dispersed. For example, if a shock arrives when expectations are aligned,
policymakers and private agents are more likely to react in predictable ways; if the
same shock arrives amid high disagreement, households and firms do not respond
uniformly. Consistent with this view, Dong, Liu, Wang, and Wei| (2024)) find that
the effects of monetary policy shocks are attenuated when inflation expectations are

unanchored and dispersed.

Transition process and data. To construct the transition indicator for this regime,

I use the interquartile range (IQR) of inflation expectations to split states:

IQRt - Q75,t - Q25,t7

where (75, and Q95 denote the 75th and 25th percentile forecasts at time ¢. The
IQR spans the middle 50% of the distribution and summarizes the distance between a

typical optimist and a typical pessimist, ignoring the tails. The indicator is
S = H{IQR, < qo4}, (17)

where ¢g4 is the 40th percentile of IQ R, over the available sample. Months with
IQR; < qo4 are classified as anchored expectations (s = 1); otherwise, expectations
are unanchored or highly dispersed (s = 0).

For the main results, I use the Michigan survey of consumers household responses
(PX1_R50) to the question: “During the next 12 months, do you think that prices
in general will go up, or go down, or stay where they are now?” Results based on

professional forecasters are reported in Online Appendix B.2[5|

Result. Figure {4| reports impulse responses to the uncertainty shock (top panel).
Shaded regions show 68% bands from appnvspr-GMA.

12GIRF(p) uses the same model-averaging weights as plain VAR(p).
13Survey of professional forecasters (SPF): Measures of cross-sectional dispersion for quarterly
forecasts of the Consumer Price Index, next 12 months (quarterly; professionals; starting 1981:Q3).
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In the unanchored regime, IP declines on impact and begins to recover between
h =6 and h = 10. Employment mirrors IP, with state differences more statistically
distinguishable. In the anchored regime, responses rise slowly and become statistically
positive by horizons h = 20 to h = 27. Employment shows a similar pattern with a
smaller magnitude.

Across both regimes, estimator features are consistent: VAR traces a smooth, small
hump; BVAR yields the largest, rounded hump; LP estimators are more oscillatory.
arpmspE-GMA places most of its weight on VAR-based estimators, so its path closely
tracks GMAvar.

Robustness: households vs. professionals. Figure B.2 in the online appendix
reports results for both households and professionals over the shorter common sample
(July 1981-June 2008). Comparing specifications that use each group’s survey as the
transition variable, the app mspr~GMA bands are narrower when the transition variable
is based on professionals’ expectations. This likely reflects lower measurement noise
and more stable dispersion in professionals’ expectations, which yields fewer regime
misclassifications and a more balanced within-state sample—tightening standard
errors.

When professionals’ agreement is low, the uncertainty shock response of IP is
positive, which contrasts with the negative response under low household agreement.
By contrast, when agreement is high, both surveys yield positive responses, although

the professional-based estimates are statistically less reliable at some horizons.

Robustness: GIRF. Figure B.3 in the online appendix reports GIRF results.
GIRFs display larger amplitudes than the other estimators, and the uncertainty
shock responses for IP and employment become statistically reliable within the
arpmspe-GMA bands in both regimes. In the unfavorable regime, the response is
negative and near-immediate; in the favorable regime, the response is positive with a

delayed onset.

4.3 Low vs. High inflation volatility

In this regime, I study the volatility (uncertainty) of realized inflation. A long
line of research documents that higher inflation is associated with greater inflation
uncertainty, and that elevated uncertainty can impede growth (Ball, [1992; |Friedman),
1977)). Also, when price volatility is low, price changes are more stable and predictable.
When inflation departs markedly from target, whether during deflationary episodes or
high-inflation periods, greater uncertainty can discourage spending and investment by

households and firms.
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Transition process and data. [ classify inflation volatility using a symmetric
threshold around the Federal Reserve’s 2% target for PCEPI inflation. Let m; =
1200 x log(P;/P;—1) denote the annualized monthly inflation rate. I define

S =1(jm -7 <1), 7 =2, (18)

so that SF¥ = 1 indicates low volatility (s = 1, inflation within a 41 percentage point
band around target, i.e., 1-3%), and SF¥ = 0 indicates high volatility (s = 0, outside
the band). The sample for this regime is July 1962 through June 2008.

Result. Figure [5| reports impulse responses to the uncertainty shock (top panel).
Shaded regions show 68% bands from oy pnvspr-GMA.

In the high—volatility regime, IP and employment decline on impact; the employ-
ment response is more statistically distinguishable across horizons. In the low-volatility
regime, responses rise gradually and become statistically positive between h = 20 and
27.

Estimator features mirror those observed in the other inflation-related regimes.

Robustness: GIRF. Figure B.4 in the online appendix reports GIRF results.
In the high-volatility regime, responses are negative for h < 10, then rebound and
become significantly positive for horizons 15 < h < 27 for GIRF, GMAvyar, and
arpmspe-GMA; LP-based estimators, including GMA¢p, show the same pattern with
smaller magnitudes. In the low-volatility regime, the uncertainty shock responses of

IP and employment are statistically insignificant across horizons.

4.4 Summary

Examining the results, I summarize the common patterns across the three inflation-
related regimes.

First, the uncertainty shock exhibits clear state dependence, whereas the monetary
policy shock shows little to no state dependence, and appears more consistent with a
linear regime.

Second, in the favorable state (s = 1), responses to the uncertainty shock build
more slowly than in the unfavorable state (s = 0). This pattern is consistent with
greater macroeconomic stability reducing immediate amplification and yielding slower
adjustment.

Third, GIRFs, estimated under the potential-outcome framework, tend to be

more sensitive in unfavorable states. Specifically, when plain VAR is replaced with
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GIRF, the uncertainty shock responses in unfavorable states become larger and are
statistically significant for both the GIRF and the model averaging estimators.

Fourth, appumspe-GMA estimator tends to place higher weight on VAR-based
estimators across all inflation-related regimes. This likely reflects the effective reduction
in sample size from splitting the data into two states, which raises the finite-sample
variance of LP-based estimates; as a result, the second weight arpnspr favors the
smoother VAR/BVAR paths. It might stem from the short sample size by dividing
the data into two regimes to estimate the state-dependent impulse responses, which
causes high volatility of LP-based estimators. This situation would be common when
researchers split samples by state to estimate impulse responses using orthogonalized
methods.

5 Conclusions

This paper studies the finite-sample behavior of state-dependent impulse response
estimators under uncertainty. I begin from a setting in which the true data generat-
ing process and its transition process are known in the design, and then introduce
misspecifications one at a time to mimic the information constraints faced by practi-
tioners. Using a potential outcome framework to define the true impulse responses, I
evaluate how predictive estimators—conventional in applied work—track this causal
target when some components of the true specification are unknown. Performance is
measured by CRPS, which allows me to trace how errors expand as misspecifications
accumulate and to compare model-averaging estimators that pool LP- and VAR-based
variants as well as single estimators.

The paper makes three contributions. First, the paper draws a line between
two frameworks for nonlinear impulse responses and quantifies the divergence based
on the magnitude of the shock. Specifically, the causal-effect object defines the
true target (CAR) within a potential outcome setup, while estimation proceeds
with orthogonalized methods such as LP and VAR. This distinction provides the
fundamental organizing perspective for the analysis. Second, using a controlled
simulation design with incremental misspecification across regimes and shock sizes,
I compare VAR~ and LP-based estimators together with model averaging schemes.
Based on these results, I offer tentative recommendations for estimating nonlinear
impulse responses within prediction-based frameworks for both small and large shocks.
Third, I propose a set of novel inflation-related regimes, grounded in the literature
and organized systematically. In the data, uncertainty shocks and monetary policy
shocks appear to generate distinct, state-dependent dynamics across these regimes.

The simulation results suggest three broad messages. First, as shock size increases,
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LP-based estimators tend to outperform, although truncated-lag VARs remain com-
petitive in several designs. Second, Bayesian and plain or bias-corrected estimators
tend to move in opposite directions, and there is no simple pattern by regime or
shock size that consistently favors one class. Third, a simple transition process can
lower errors when the true transition process is noisy. Fourth, imposing linearity on a
nonlinear process can produce large distortions.

In the empirical study, I find that uncertainty shocks are state-dependent, whereas
monetary policy shocks show little or no state dependence and are broadly consistent
with linear dynamics. In favorable states, responses to uncertainty shocks build
more slowly than in unfavorable states. Replacing plain VAR with GIRFs, estimated
under the potential outcome framework, makes the uncertainty-shock responses in
unfavorable states larger and statistically significant for both GIRF and the model-
averaging estimators.

Overall, this paper offers an empirical benchmark rather than a prescription.
Researchers should proceed cautiously under uncertainty, as estimator performance

depends on the estimation framework, the transition process, and the size of the shock.
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TVAR: Bias of selected estimators under misspecifications, d/0; = 1
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Figure 1: Bias heat maps by misspecification case with TVAR(4) as the true model,
showing bias across horizons. Yellow indicates higher bias and blue indicates lower
bias.
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TVAR: Standard deviation of selected estimators under misspecifications
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Figure 2: Standard deviations across horizons by misspecification case, with TVAR(4)
as the true model.
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Figure 3: Impulse responses of industrial production and employment across horizons
when s = 1 (good inflation) and s = 0 (bad inflation). The top panel displays responses

to

an uncertainty shock, and the bottom panel displays responses to a monetary policy

shock. Shaded areas denote 68% bands from the arpyspr-GMA estimator.
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Industrial Production

Anchored vs. Unanchored expectation regimes:

The impact of the uncertainty shock

Regime s = 0

x10

3

Regime s = 1

Employment

L L 25 I L L L I

Industrial Production

s 5 s o o o
R 5 o 5 b3 3 8
T | ; T T ]

s
8
T

The

Regime s = 0

25 30 35 0 5 10 15 20 25 30 35

we VAR {p=12} wwLP (Only lagged Controls) {p =2} — GMA VAR —ap-GMA (M
BVAR {p=12} LP (Contemp. Controls) {p=2} ——GMA LP

impact of the monetary shock

Regime s = 1

0.02 -

Employment
& =3
o 2

T

&
T

-002 -

-0.03

I I 006 I I I I I

25 30 35 0 5 10 15 20 25 30 35

we VAR {p=12} wLP (Only lagged Controls) {p =2} —GMA VAR —a;p-GMA (M
BVAR {p=12} LP (Contemp. Controls) {p=2} ——GMA LP

Figure 4: Impulse responses of industrial production and employment across horizons
when s = 1 (anchored expectation) and s = 0 (unanchored expectation). The top
panel displays responses to an uncertainty shock, and the bottom panel displays
responses to a monetary policy shock. Shaded areas denote 68% bands from the
OfLP,MSPE‘GMA estimator.
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Industrial Production

Low vs. High inflation volatility regimes:

The impact of the uncertainty shock
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Figure 5: Impulse responses of industrial production and employment across horizons
when s = 1 (low volatility) and s = 0 (high volatility). The top panel displays
responses to an uncertainty shock, and the bottom panel displays responses to a
monetary policy shock. Shaded areas denote 68% bands from the appumspr-GMA

estimator.
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