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Abstract

This paper develops methods to analyze and quantify the dynamic effects of path
conditioning in conditional forecasts from reduced-form vector autoregressive (VAR)
models. Building on Kalman filtering and the observation-weight extraction method of
Koopman and Harvey (2003), we characterize how imposed future paths of observables
influence forecast outcomes. We establish the analytical relationship between
observation weights and unscaled generalized impulse response functions (GIRFs): under
single-period conditioning, the weights coincide with unscaled GIRFs, while multi-period
path conditioning generates a richer, non-local structure of influence. We use these
weights to construct measures of overall and marginal variable importance that
disentangle model-implied sensitivity from realized sample dynamics. An empirical
illustration shows how the proposed framework enhances the interpretability of scenario
forecasts by attributing forecast revisions to specific variables and horizons. The approach
is model-consistent, structurally agnostic, and well suited for policy-oriented scenario
analysis.
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1 Introduction

In macroeconomic forecasting, conditional projections—often referred to as scenario anal-
yses—are forecasts for a subset of target variables, conditional on assumed future paths
for a selected set of other endogenous variables within the system. These scenario-based
forecasts play a central role in modern monetary policymaking and communication, and
central banks now routinely publish them to inform policy decisions and shape expectations
(Binder and Sekkel, 2024).

Conditional forecasts are typically produced using structural models, such as dynamic
stochastic general equilibrium (DSGE) models or identified structural vector autoregres-
sions (SVARs), which provide a coherent mapping from economic narratives and expert
judgment to forecast outcomes. This mapping is valuable for policy analysis, but it typically
depends on identifying restrictions, model structure, and the estimation sample (Antolin-
Diaz et al., 2021). Reduced-form vector autoregressions (VARs) are therefore often used
as benchmarks or robustness checks (Binder and Sekkel, 2024). Their appeal is that they
impose fewer structural restrictions and may be less sensitive to model misspecification,
making them useful conservative benchmarks in conditional forecasting exercises. This
comes at the cost of interpretability, since the reduced-form model does not make explicit
how imposed paths of observables translate into forecast outcomes.

The purpose of this paper is to address this gap by developing a framework for interpret-
ing conditional forecasts in reduced-form VARs. We characterize how imposed future paths
of observables propagate through the system using observation weights from the Kalman
smoother (Koopman and Harvey, 2003), and show that these weights are formally related
to generalized impulse response functions (Pesaran and Shin, 1998). From an applied per-
spective, the framework provides an economic rationale for why a scenario produces a given
forecast revision and helps identify which conditioning assumptions are material for sce-
nario design and monitoring, thereby improving the transparency and communication of
reduced-form scenario forecasts.

Various algorithms have been developed to produce conditional forecasts from VAR
models. In Bayesian implementations, simulation-based methods introduced by Waggoner

and Zha (1999) are widely used, while more computationally efficient state-space methods



based on Kalman filtering have been developed to handle larger systems (Barbura et al.,
2015). Notably, Kalman filtering techniques were already applied in early frequentist work
by Clarida and Coyle (1984) to compute conditional forecasts. These methods are now
standard, and recent empirical applications include Angelini et al. (2019), Banbura et al.
(2015), Giannone et al. (2014), and Bloor and Matheson (2011), among others, who employ
conditional VAR forecasts in policy contexts.

A crucial aspect of scenario analysis is the ability to provide an economic interpretation
of the effects of different conditioning assumptions. While this is relatively straightforward
in SVARs, where identified shocks have clear economic meanings, there has been limited
progress in developing analogous interpretative tools for path conditioning in reduced-form
VARs. In the absence of structural assumptions, conditional forecasts are typically evalu-
ated based on their out-of-sample accuracy—either using realized values of the conditioning
variables or using the scenario paths assumed in real time (Angelini et al., 2019). The for-
mer approach evaluates the information content of the conditioning set and the model’s
ability to translate those assumptions into accurate forecasts, whereas the latter provides
a real-time measure of forecast accuracy conditional on the information available at the
time.

VAR models are inherently high-dimensional, and researchers typically summarize their
dynamics using impulse response functions (IRFs) and forecast error variance decomposi-
tions (FEVDs). In the absence of full structural identification, generalized versions—namely
the generalized IRF (GIRF) and generalized FEVD (GFEVD) of Pesaran and Shin (1998)—are
commonly employed. While useful for tracing the propagation of shocks, standard IRF's
and variance decompositions are not designed to evaluate the effects of path conditioning.
Imposing an assumed path on certain observables influences not only future outcomes but
also the inferred historical dynamics of other variables, introducing a bidirectional depen-
dence that GIRFs cannot capture. Moreover, these tools do not quantify the marginal
contribution of each element in a conditioning path, nor do they provide a framework for
assessing the relative importance of different conditioning variables.

Decompositions and measures of the sensitivity of conditional forecasts to alternative

conditioning assumptions are important for several reasons. First, they facilitate the eco-



nomic interpretation and communication of scenario forecasts by identifying which assump-
tions are quantitatively driving the results. Second, they help practitioners focus scenario
design and monitoring efforts on variables that materially affect the forecast, rather than
on assumptions with negligible influence. Finally, sensitivity measures may help assess the
adequacy of the forecasting framework itself: economically implausible importance weights,
or substantial shifts in their distribution following major shocks or structural changes, may
indicate instability, structural breaks, or misspecification in the underlying model.

To address these challenges, this paper develops a framework for interpreting condi-
tional forecasts in reduced-form VAR models. Building on the observation-weight extrac-
tion approach of Koopman and Harvey (2003), we characterize how imposed future paths
propagate through the system under path conditioning. We further show that the result-
ing weights are closely related to generalized impulse response functions, thereby linking
conditional forecast decompositions to standard tools used in VAR analysis. The frame-
work also provides horizon-specific measures of the contribution and relative importance
of conditioning variables, improving the transparency and interpretation of reduced-form
scenario forecasts.

Our approach is related to Baiibura and Riinstler (2011), who also exploit observation
weights obtained from the Kalman smoother to decompose unconditional forecasts in a
dynamic factor model into contributions from distinct data blocks. We extend this weight-
based decomposition to the context of conditional forecasting in reduced-form VARs. Un-
like the real-time data-flow setting in Banbura and Rinstler (2011), our analysis focuses
on multi-period path restrictions. We provide an explicit analytical characterization of
how imposed future trajectories transmit across horizons and quantify their dynamic in-
fluence using observation weights that are formally linked to generalized impulse response
functions.

The remainder of the paper is organized as follows. Section 2 presents the econometric

methodology. Section 3 reports our empirical application, and Section 4 concludes.



2 Dynamic Influence and Variable Importance in Con-
ditional Forecasting

Consider the following vector autoregressive (VAR) model for the n x 1 vector

yt:(yltay%a'-'aynt)/) tzlv"'aTa

given by
p
ytzz@iyt—i—i_ut? t:17“'7T7 (1)
i=1

where each ®; is an n x n coefficient matrix, and u; is an n x 1 innovation vector.
We impose the following standard assumptions to ensure weak stationarity and identi-

fication of the VAR model:

Assumption 1. {u;} is a white noise process with Elu;] = 0, Eluu}] = 3, where 3 is
positive definite, and

Elwul] =0, Vt#s.

Assumption 2. All roots of the characteristic equation ‘In >, @izi’ = 0 lie outside

the unit circle.
Assumption 3. The set {ys, Yi—1,-..,Yt—p} i linearly independent for allt =1,...,T.

Under Assumptions 1 and 2, the process {y:} is (weakly) stationary and admits the

following infinite-order moving average (MA) representation:
yt:ZAiut—i7 tzla"')Ta (2>
=0
where the n x n matrices {A;} are determined recursively as:
A =01 A +PAi o+ +PLA_,, 12>1,

with Ay = I,, and A; = 0 for i < 0.
To study shock propagation without relying on structural identification, Pesaran and

Shin (1998) introduced the generalized impulse response function (GIRF). Let €2; denote



the filtration generated by {y; : ¢ < t}. The GIRF at horizon s, following a one-time shock

d; to the innovation at time ¢, is defined as:
GIRF(S, 5]7 Qt—l) = E[yt+s | Ujp = 6]7 Qt—1:| — E[yt+5 | Qt—l] . (3)

Assuming wuy SN (0,%), standard properties of the multivariate normal distribution
imply:

Elug | uje = 6;, Q] = 2UET16; = Se;¥714;, (4)
where £) denotes the jth column of ¥, and e; is the jth canonical basis vector of dimension
n. Substituting equations (2)—(4), the unscaled GIRF for a shock to the jth component of
uy is given by:

GIRF(s,0;, Q1) = AXe; X 16;. (5)

In conditional forecasting, rather than imposing constraints on the path of reduced-
form innovations, assumptions are placed directly on the future trajectory of a subset
of observable variables in y. To formalize this, consider the mechanism underlying the
construction of conditional forecasts. Let the forecast periods be T ={T +1,...,T + h},
and suppose that a subset of n; > 1 variables is constrained over this horizon. The stacked

path restriction can then be written as

Syr =4, (6)

where y7 = (Vi1s- - Yryy) € R™, S € R g a known selection matrix, and
9, € R " contains the imposed values for the constrained variables.

Banbura et al. (2015) show that conditional forecasts can be computed using Kalman
filtering techniques by recasting the VAR model into a state-space form and treating the
constraints as observed realizations for a subset of the variables. In this framework, the
conditional forecast corresponds to the smoothed estimate of the components of the state
vector. As demonstrated by Koopman and Harvey (2003), the smoothed state vector can be
expressed as a weighted average of observed data, with the weights obtained via a recursive
algorithm. Consequently, the conditional expectation of yr,s, given the imposed future

path constraints, can be expressed as:

T+h

E[yT+s | Syr = 557 QT] = Z Wrisi(T + h) ys, (7)

i=1



where Wr. (T + h) denotes the weight assigned to observation y; in the estimate of yr.s,
conditional on the full information set comprising both the historical data €27 and the
imposed constraints Sy = &;.!

We define the conditional response function (CRF) for the jth variable in the system at
forecast horizon s to the constraint at time T+, as the weight assigned to that constrained

observation in equation (7):

CRFy(s,1,05,Qr) = WY (T + h), (8)

AN T

where W}Q&Z(T—i- h) denotes the jth row of the weight matrix Wy, ,(T'+h) associated with
the forecast at time T'+s. Notably, [ may exceed s, giving rise to a bidirectional influence of
constraints—whereby anticipated future observations can affect not only forward-looking
projections but also inferred past dynamics through the smoothing mechanism.

This distinction underscores a fundamental conceptual difference from standard im-
pulse response analysis. Whereas generalized impulse response functions (GIRFs) trace
the dynamic effects of shocks to reduced-form innovations wug, conditional forecasts impose
weaker—yet operationally feasible and often more interpretable—restrictions directly on
future observable outcomes. Viewed through the moving average representation in (2),
these path-based constraints implicitly restrict the joint distribution of future shocks and
thus reshape the entire forecast trajectory. Importantly, the influence of each constrained
observation on future outcomes can be quantified using the conditional response function
in (8).

We begin by establishing the relationship between the conditional response function,
CRF(s,1,6;,Qr), and the generalized impulse response function, GIRF (s, d;, {r), under
single-period conditioning. We then extend the analysis to general multi-period path con-
ditioning and use the resulting framework to evaluate the relative importance of variables
included in the conditioning set.

In the following Propositions we establish the relation between CRF and GIRF.

Proposition 1. (i) For a single-period conditioning on y; i1, the conditional response

function CRF;(s, 1, d,, Qr), defined in equation (8), coincides with the unscaled generalized

"'Weights corresponding to missing observations are set to zero.



impulse response function (GIRF) at horizon s — 1, that is, with A,_ YD1 as given in

7537

equation (3).
(i) For a general multi-period conditioning over T = {T' + 1,...,T + h}, the CRF
weight assigned to y;r41 in the smoothed forecast of y;r4s differs from the corresponding

unscaled GIRF at all horizons s.

Proof. See Appendix A.

Beyond clarifying the economic interpretation of the conditional response function
in (8), Part (i) of Proposition 1 provides a formal justification for the common practice of
comparing conditional and unconditional forecasts (see, e.g., Baribura et al., 2015): under
single-period conditioning, this difference coincides exactly with the generalized impulse
response function at horizon s — 1.

While the equivalence between CRFs and GIRFs holds under single-period condition-
ing, Part (ii) of Proposition 1 shows that this correspondence fails under multi-period path
restrictions. To build intuition for this result, consider a setting in which the forecast is
conditioned on a multi-period path for a single variable y;. At horizon s = 1, the differ-
ence between the conditional and unconditional forecasts of y;,; reflects the cumulative
information embedded in the full assumed path, as captured by equation (7). Unlike the
single-period case—where the influence of the constraint is localized—the multi-period re-
striction induces a bidirectional dependence across time, altering the weighting structure
and breaking the equivalence with the unscaled GIRF. The same logic applies for any s:
the forecast difference reflects the joint effect of the entire conditioning path.

We now turn to the overall impact of conditioning on forecast outcomes. This effect
depends jointly on the dynamic properties of the system and the contemporaneous corre-
lations among the variables. These influences are summarized by the observation weights
in equation (7).

As noted above, the effectiveness of a given conditioning set is typically assessed through
out-of-sample forecast evaluation. However, standard accuracy metrics—such as reductions
in forecast errors—are influenced by two distinct factors: the underlying importance of the
conditioning information, and the realized dynamics of the variables in the evaluation

sample. Disentangling these effects is critical. Doing so allows one to (i) anticipate, ex



ante, which variables are likely to have the strongest influence on forecast performance,
and (ii) assess whether transitory shocks have materially altered the structure of influence
embedded in the model.

To this end, we propose a set of ex ante measures of forecast sensitivity for each horizon
s. Both the marginal and overall importance of each conditioning variable can be assessed
by examining the relative magnitude of the (standardized) observation weights associated
with past information and future scenarios. Specifically, we define two measures: the overall
variable importance (VI) and the marginal importance (MI) of variable j at forecast horizon
s, conditional on the full information set comprising both the historical data 27 and the
imposed constraints Sy7 = 4, , given by:

V[(S) _ gi_lh |w3k<5)0]| (9)
! Yoy St wik(s) o]

P v i e
j<s) - n T+h ’
Zi:l Zk:l [wik(s)0;]

where w;;(s) represent the smoothing weights for variable j, at time k, for horizon s, and

(10)

o, denotes the standard deviation of variable j, used to normalize for scale. The measure
V'I;(s) captures the total (standardized) contribution of variable j to the conditional fore-
cast, combining both historical data and imposed future paths, while MI;(s) isolates the

influence attributable solely to the conditioning assumptions.

3 Conditional Inflation Forecasting under Financial
and Energy Price Scenarios

This section provides an empirical illustration of the framework developed in Section 2. The
aim is not to offer a structural interpretation of the scenario, but to show how conditional
response functions (CRFs) and the associated importance measures can be used to (i)
assess ex ante which conditioning assumptions are likely to matter for a target forecast,
and (ii) attribute an ex post scenario-induced forecast revision to specific elements of a

multi-period conditioning path.



We focus on a two-input scenario that is common in policy and stress-testing applica-
tions: a tightening in financial conditions (via corporate credit spreads) combined with a
temporary oil-price disruption. The key empirical takeaway is that, in this reduced-form
VAR, the core inflation revision is driven primarily by the early quarters of the credit-spread
path, while the oil-price path contributes much less overall and mainly affects longer hori-
zons. The CRF attribution makes this statement precise by identifying the specific quarters

of the imposed paths that account for the revision.

3.1 Data and model

We use U.S. quarterly data from FRED over 1986Q2-2015Q4.2 The VAR includes five
variables: (i) real GDP growth (quarter-on-quarter percent change of real GDP), (ii) core
PCE inflation (quarter-on-quarter percent change of the core PCE price index excluding
food and energy), (iii) the federal funds rate (quarterly average, percent), (iv) a corporate
credit spread (Moody’s Baa yield relative to the 10-year Treasury, percentage points), and
(v) the WTT crude oil price (quarterly average, USD per barrel).

We estimate a reduced-form VAR(p) with a constant. The lag length p is selected
using the Bayesian Information Criterion (BIC), which yields a parsimonious VAR(2).
We emphasize that this is a reduced-form exercise: the scenario is stated as a path for
observables rather than as a sequence of identified shocks. Accordingly, the conditional
forecast is interpreted as the most likely joint evolution of the system consistent with the

imposed observable paths.

3.2 Scenario design and conditional forecasting

We consider a forecast horizon of h = 20 quarters (five years) starting at 7'+ 1 = 2016Q]1.

We impose a two-input scenario on the conditioning set
J = {credit spread, WTT oil price}.

The scenario is designed to be economically coherent and typical of stress-testing narratives:

2Series IDs: GDPC1, PCEPILFE, FEDFUNDS, BAA10YM, and DCOILWTICO. The data vintage is
January 27, 2026. The dataset is also available in the cforecast package (Ginker, 2026), which is used to

produce the results reported in the empirical application.

10



1. Risk-off financial tightening. The corporate credit spread widens by roughly
200 basis points relative to baseline, remains elevated for several quarters, and then

gradually normalizes.

2. Temporary energy-price disruption. The WTI oil price rises sharply above
baseline (peaking around 60% above the baseline within the first year) and then

mean-reverts.

Figure 1 plots the imposed scenario paths against the model-implied baseline paths

(unconditional forecasts).

11



WTI Crude Oil Price

125
100
2
8 75 A
@ \
Q by
) £ 3
n ] TR
=~ 50 o
A
N7~
25
1990 2000 2010 2020
Moody's Seasoned Baa Corporate Bond Yield Relative to
Yield on 10-Year Treasury Constant Maturity
1
5 L]
n
n
(2] I
£ 1y
) 4 1
@ [
g Y
c N - -
83
[}
o .
2
1990 2000 2010 2020

Figure 1: Scenario inputs (conditioning paths). The figure shows the conditioning
variables: a corporate credit spread and the WTTI crude oil price.

Notes: Solid lines denote historical data. Dotted lines show model-implied baseline paths
(unconditional forecasts). Dashed lines indicate the imposed scenario paths, featuring a
persistent risk-off widening in credit spreads and a temporary, mean-reverting increase in

oil prices.
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3.3 Conditional Forecast Transmission and Variable Importance

We begin by examining overall variable importance in the conditional forecast of core infla-
tion, as reported in Figure 2. These measures are computed ex ante, given the conditioning
design: we specify that the future paths of the Moody’s Baa—10Y Treasury yield spread and
WTTI crude oil prices are constrained, while the remaining variables are left unconstrained.
The decomposition therefore quantifies the relative contribution of (i) the imposed condi-
tioning paths and (ii) past information contained in the historical data, without requiring
realized future values. The results show that the importance of the credit spread increases
steadily with the forecast horizon, indicating that financial conditions—particularly cor-
porate credit risk—play an increasingly prominent role in shaping medium-term inflation
expectations. This finding is consistent with evidence that credit spreads have predictive
content for demand-side pressures (Lépez-Salido et al., 2017; Caldara and Herbst, 2019).

In contrast, the oil price contributes modestly to core inflation forecasts, with a slight
increase in importance at longer horizons—an intuitive outcome given that core inflation
excludes energy components and oil affects inflation only indirectly, through production
costs and aggregate demand.

The federal funds rate, which is unconstrained in the forecast scenario, contributes
through its past values. Its importance peaks with a lag of around five quarters, consistent
with standard estimates of monetary policy transmission (Christiano et al., 1996).

Finally, GDP growth receives minimal weight, reflecting its weak marginal signal once
financial and commodity variables are accounted for. This finding is consistent with Stock
and Watson (2007), who show that real activity indicators offer limited predictive content
for inflation.

Figure 3 focuses on the marginal importance of the imposed future constraints and
corroborates the earlier results. The decomposition is dominated by the corporate credit
spread, with oil prices gaining importance at longer horizons because of their indirect and
lagged effects on core inflation. The results further indicate that the imposed constraints
account for approximately 24% to 32% of the total forecast across horizons, suggesting that
the conditioning assumptions play a quantitatively important role in shaping the forecast

path. Since the measure incorporates both contemporaneous and dynamic interactions
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within the VAR system, it provides an additional indication of the sensitivity of the forecast
to the imposed constraints. Taken together, Figures 2 and 3 show that while overall variable
importance reflects both historical information and imposed paths, marginal importance
isolates the contribution of future constraints, highlighting the dominant role of the credit

spread and the delayed influence of oil prices.

Il Baa-10Y Credit Spread [l WTI Oil Price Bl Federal Funds Rate Real GDP Core PCE Inflation
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Forecast horizon (quarters ahead)

Figure 2: Overall variable importance in the conditional CPI forecast.
Notes: The figure decomposes the conditional CPI forecast weights into variable- and

forecast-horizon-specific information shares.
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Figure 3: Marginal variable importance in the conditional CPI forecast.
Notes: The figure decomposes the conditional forecast weights assigned to the scenario

constraints into variable- and horizon-specific information shares for core inflation.

Figure 4 illustrates the conditional forecast of core inflation under the assumed sce-
nario, while Figure 5 clarifies the sources of these dynamics. The imposed widening in the
corporate credit spread generates a pronounced disinflationary impulse at short horizons,
and the reduced-form system implies a corresponding accommodative policy-rate response.
The credit spread continues to exert downward pressure on inflation as it stabilizes at a
persistently elevated level relative to the baseline scenario. Oil prices affect the forecast
with a delay through the gradual transmission of energy cost shocks to production costs and
aggregate demand. However, because oil prices normalize below the baseline path following
the initial spike, their contribution eventually becomes negative. Despite these dynamics,
the scenario remains dominated by the credit-spread assumption at all horizons, consistent
with its high variable-importance measures. More generally, these measures help discipline
scenario design and interpretation by distinguishing between effects arising from strong
model linkages and those driven primarily by large imposed deviations. In turn, this helps
identify the economically central components of the scenario and highlights which imposed

assumptions are largely irrelevant for the forecast variables of interest.
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Figure 4: Core inflation forecasts. The figure presents historical core inflation (solid line)
together with the unconditional baseline forecast (dotted line) and the conditional scenario
forecast (dashed line). Notes: Core inflation is measured as the Personal Consumption

Expenditures Price Index excluding food and energy.
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Figure 5: Composition of the conditional forecast. The figure decomposes the con-
ditional forecast into the contributions of its underlying variables across forecast horizons.
Notes: Bars show the contribution of each variable at a given forecast horizon; the stacked

height of each bar equals the forecast value.
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3.4 What drives the scenario? Constraint-by-constraint CRF at-

tribution

The central interpretability question in scenario analysis is: which elements of the imposed
conditioning paths drive the forecast revision? Because the conditional expectation in the
linear-Gaussian state-space representation can be written as a weighted sum of observed
and imposed data (Section 2), the revision in core inflation at horizon s admits an additive
decomposition across constraint points.

Let 075" and 5;?89 denote the imposed scenario and baseline (unconditional forecast)
values of constrained variable j € J at constraint horizon [ = 1,..., h. Let CRF;_(s,1)

denote the CRF weight mapping the constraint on variable j at T" + [ into the forecast of

core inflation m at 7'+ s. Then

h
Afppe =Y Y CRFjq(s,1) (55" —607),  s=1,...,h (11)

JET 1=1
We refer to each term in the double sum as the contribution of constraint point (j,1) to
the revision at forecast horizon s.

Figure 6 visualizes these contributions as a horizon-by-horizon heatmap for each con-
strained variable. The credit-spread heatmap displays large-magnitude contributions con-
centrated near the diagonal, indicating that the imposed spread path is the dominant driver
of the core inflation revision and that each quarter of the spread assumption primarily af-
fects inflation at comparable horizons. The oil-price heatmap shows contributions that are
an order of magnitude smaller; oil contributes modestly to the revision, with a pattern
consistent with a temporary spike and subsequent mean reversion that matters mostly at

longer horizons.
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Figure 6: CRF contributions to the core inflation revision (constraint-by-
constraint). The figure shows the contribution of each constraint point (horizontal axis:
constraint horizon [) to the core inflation revision at each forecast horizon s (vertical axis),
as in equation (11). The left panel presents the contributions associated with credit-spread

constraints, while the right panel reports the contributions of oil-price constraints.

3.5 Which constraint quarters matter most? Rankings and hori-

zon profiles

To summarize which parts of the imposed paths matter most, we aggregate the absolute
contributions across forecast horizons. For each constrained variable j and constraint hori-

zon [, define the absolute impact measure

h
Impact;(l) = Z |ORFJ4W(S, ) ( seen _ 5;?5‘3)‘ _

s=1
Figure 7 plots Impact;(l) for both constrained variables. The profile is sharply front-loaded
for the credit spread: early quarters of the spread path account for the largest share of the
revision. By contrast, the oil-price impact is smaller throughout, and becomes relatively
more important only at longer constraint horizons.

Figure 8 ranks the top constraint points by total absolute impact. The top ten are

all credit-spread constraints concentrated in the early part of the forecast window (2016—
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2018), reinforcing the conclusion that most of the core inflation revision is driven by the
early spread-widening assumptions rather than by details of the longer-run tail of the

imposed paths.

- Baa-10Y Credit Spread WTI Oil Price

0.8

0.4

Cumulative absolute contribution

0.0

2 4 6 8 10 12 14 16 18 20
Constraint horizon (quarters ahead)

Figure 7: Absolute impact by constraint horizon. For each constrained variable and
constraint horizon [, the figure reports the cumulative absolute contribution to the core

inflation revision across forecast horizons.
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Figure 8: Top constraint points by absolute impact on core inflation. The figure
ranks constraint points (j,1) by their cumulative absolute contribution to the core inflation

revision across forecast horizons.

3.6 Pruned-scenario validation and redundancy of imposed de-

tails

A practical implication of the attribution is that many imposed path elements may be
redundant for a given target: if the revision is driven by a small subset of constraint points,
then conditioning on only those points should reproduce much of the scenario forecast.
We implement a pruned-scenario exercise as follows. Rank all nyh = 40 constraint
points by absolute impact on core inflation. For a given K, construct a pruned scenario
that imposes only the top-K constraint points and sets all remaining points back to their
baseline values. Figure 9 compares the full scenario revision to the revision obtained under
the top-10 constraint points. The top-10 points explain about 94% of the variation in the
full revision, indicating substantial redundancy in the full 40-point conditioning path.
Figure 10 reports the capture curve: the fraction of revision variance explained as K
increases. The curve rises rapidly for small K (driven almost entirely by credit-spread

constraints), exceeds 90% after including roughly a quarter of the constraint points, and
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approaches 1 only once oil-price constraints begin to enter the selected set. This pattern
provides an operational answer to “what drives the scenario”: the early credit-spread as-
sumptions are pivotal for the core inflation revision, while oil-price assumptions matter

mainly for capturing the remaining longer-horizon features of the revision.

— Full scenario revision = Top-10 pruned revision

0.0

(=
=

P —t -0 o _o

Revision (percentage points, quarterly rate)

-0.5 T T T T T T
2 4 6 8 10 12 14 16 18 20
Forecast horizon (quarters ahead)

Figure 9: Pruned-scenario validation: core inflation revision. The figure compares
the full scenario-induced revision in core inflation to the revision obtained when condition-

ing only on the top-10 constraint points ranked by absolute impact.
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Figure 10: Capture curve for the core inflation revision. The figure reports the
fraction of revision variance explained by the top-K constraint points (ranked by absolute
impact), and indicates whether the K-th added constraint is a credit-spread or oil-price

point.

4 Conclusion

This paper develops a framework for interpreting conditional forecasts in reduced-form VAR
models. Building on the observation-weight extraction approach of Koopman and Harvey
(2003), we characterize how imposed future paths propagate through the system under
path conditioning and show that the resulting conditional response functions are closely
related to generalized impulse response functions. While the equivalence with unscaled
GIRFs holds under single-period conditioning, multi-period path restrictions generate a
richer dynamic structure that standard impulse response analysis cannot capture.

The proposed framework provides horizon-specific decompositions and variable-importance
measures that quantify how alternative conditioning assumptions shape forecast outcomes.
The empirical illustration shows how these tools can identify the economically central com-
ponents of a scenario and attribute forecast revisions to specific variables and horizons.

More broadly, the approach improves the transparency, interpretation, and communi-
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cation of reduced-form scenario forecasts while remaining structurally agnostic and readily

applicable in policy-oriented forecasting environments.

Appendix A
Technical Preliminaries and Auxiliary Results

Following Koopman and Harvey (2003), we define the linear Gaussian state space model

as:

Y = ZtOét+Gt€t, Et NWN(O,]), t= 1,...,T, (12)
a1 = Ty + Higy, a1 ~ WN(a, P), (13)
where y; is an n x 1 vector of observed variables, a; is a p x 1 state vector, and €; is a ¢ x 1

vector of white noise disturbances.

The system in (1) can be rewritten as a first-order VAR using the companion form:

o= Ofi—1 + &, (14)
where
Oy Dy - B,y D,
Yt Ut
I, 0 0 0 .
. Yo - 3
a= """ 1, ®=]o0 I, 0 0|, &= (15)
N SR .
o 0 0 -~ I, 0

The system in (12)—(13) can be used to represent the companion-form VAR model
defined in (14) by setting:

oy = Y, Zt:<[n 0, --- On> ) Tt:éETa G = Opx1,
nxnp
and
20.5 0O --- 0
0O 0 - 0
Ht = = H,
0O 0 - 0



where Y is the innovation covariance matrix from the VAR.
To accommodate missing observations, we follow Harvey (1990, p. 144) and introduce
a sequence of selection matrices {S;}, each composed of rows of I,, corresponding to the

observed components of y;. The transformed observation equation is then given by:

Y = StZyar + SiGiey, (16)
~~
zZ;

where y; = S;y, denotes the observed subset of ;. The dimensions of y;, F}, and V;

vary over time depending on the number of observed entries in ;.
The Kalman filter provides recursive estimates of the state vector a; based on the
available information up to time t. Let Z; denote the modified observation matrix that
accounts for missing observations, as described above. Then, the one-step-ahead forecast

error and its variance are given by:

V¢ = Yt — Z;Oét|t—1, (17)

F’t - Z:Pt‘tflz:/ —|‘ HtG;, (18)

where v, is the forecast residual, and F; is its conditional variance.

The filtered state and its covariance matrix are then updated as:

Qpp1pe = Tyoue—1 + Ky, (19)
Py =T, Py T, + HH] — K, M, (20)

where the Kalman gain matrix is defined by
Kt = MtFtil, Wlth Mt = 711‘/Pt|t—1Z:(/'

If Z; is empty (i.e., no observations are available at time ¢), then K is set to zero. The
recursion proceeds for ¢ = 1,...,T + h, initializing with a0 = a and Pyp = P, where a
and P are the prior mean and covariance of the initial state.

Consider the effect of conditioning on of the form of (6). Within the state space frame-
work, the effect of each constraint in (6) can be quantified by evaluating the weight of y; 74

in the smoothed estimate of the state arys, and, consequently, in the conditional forecast

of Yi T+s-
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More formally, the filtered vector at horizon 7' + s, conditional on conditional on the

full information set comprising both the historical data {27 and the imposed constraints

Sy7 = &; (i.e. the entire set of observed values {y;, ..., 47, }), admits the following linear
representation:
T+h
QT4 s|T+h = Z Wy (OéT+s|T+h)y;,
j=1

where w; (OéT+s|T+h) denotes the vector of observation weights associated with the jth ob-
served value. These weights capture the marginal influence of each conditioning observation
on the filtered or smoothed state vector. In particular, they provide a natural metric for
assessing the impact of specific elements of the conditioning set on forecasted quantities of
interest.

Koopman and Harvey (2003) show that the observation weights associated with the
smoothed state vector a4, can be computed recursively using the following backward

recursion:

Wi (04T+5\T+s) = BT+s,jKj7 (21)

Brysj—1 = Bris;jT; —w; (aT+s|T+s)Zj J=T+s—-1,T+s—-2,...,1, (22)

where K is the Kalman gain at time j, 7 and Z; are the system matrices as defined in
the state space model, and Bry,; is a matrix tracking the recursive influence of earlier
observations.

The recursion is initialized at j =T 4 s using:

Wr+s (aT+s\T+s) = PT+S|T+S—IZ£I“+5F7:+137 <23)

BT+s,T+s—1 =1 PT+S|T+S*1Z§“+5F1:41-5ZT+S' (24)

This formulation expresses the filtered state as a linear combination of past and future
observations, with the weights w;(-) capturing the marginal contribution of each y; to the
state at horizon T" + s.

In the context of VAR models, several of the Kalman filter recursions admit simplifi-
cations. First, note that given €);, the state vector «; is known without error, since it is

composed of lagged endogenous variables. As a result, the conditional covariance matrix
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Py;_1, which can equivalently be expressed as
Py = TyPay T + H Hj,
simplifies to
}%ﬁ—l ::}{}{C

because P;_i;—1 = 0 for all .
As a result, the forecast error variance and the auxiliary matrix used in the Kalman

gain expression also simplify. Specifically, we have

F,=Z'HH'Z', and M,=THH'Z

Proof of Proposition 1

(i)

We now derive the observation weights under single-period conditioning on y;r41. This
corresponds to the case of h = 1. First, consider the case | = 1,s = 1, the observation

matrix becomes
*
1xXnp

where e; is the jth canonical basis vector of dimension n. Consequently, Frry; simplifies to:
Fryw=2; HH'Z}, |, =%,
and the observation weight becomes:

Izl 1 Nv—1
QUT+J(C¥T4J{T+1) ::}¥}Y‘Z'€jzbdu

It follows that the first n elements of wp;1(opy1jr41) are given by:

N1

JJ?

where $0) denotes the jth column of X.
This expression is precisely the unscaled GIRF to a shock in the jth variable, evaluated
at horizon 0 (the impact response), since E(j)Ej_j = Ay Z(j)Z;}. Thus, the observation

weight under single-period path conditioning recovers the GIRF as a special case.
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Similarly, for the case [ = 1, s = 2, the observation weight at horizon T+ 2 is zero:
wry2 = 0,

since no information beyond T + 1 is available to influence azyo/712 through smoothing.

The recursion then starts with

BT+1 — _[,
and the Kalman gain simplifies to:
-1
E(])Ej,j
Kry =T f ;
0

where the first n rows of the vector correspond to the influence of the shock in the jth
variable on the current state, and the remaining rows are zero due to the companion form
structure.

As a result, the observation weight at time 7"+ 1 becomes:

I et

Wr41 = : s

where again the first n elements coincide with the unscaled GIRF evaluated at horizon
s=1.

More generally, since no information beyond time 7'+ 1 is available to influence a7
through smoothing, it follows that Since wry; = 0 for all 4 > 1, the recursion reduces to a

power of the transition matrix and

j)y—1
Z(J)ZjJ
wrp =T°7!
0
Writing J = (£, 0 --- 0) for the np x n selection matrix, the companion structure gives

the identity J'T*J = Aj, the horizon-k MA coefficient of (2); hence the top n-block of

wryq equals As_lE(j)E;}. The first n rows of this expression coincide with the unscaled
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generalized impulse response function (GIRF) at horizon s — 1, confirming that single-
period path conditioning at 7"+ 1 reproduces the GIRF structure across horizons through
the propagation dynamics encoded in the VAR companion form.

(ii) The result follows directly from Part (i). Since the observation matrices remain
nonzero under the imposed multi-period conditioning, the recursive structure of the weights

does not simplify to the generalized impulse response functions (GIRF's).
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