UNIVERSITAT
HEIDELBERG
ZUKUNFT
SEIT 1386

HEIDELBERG UNIVERSITY
DEPARTMENT OF ECONOMICS

Multivariate Economic Tall
Risk and Scenario Analysis
using the Survey of
Professional Forecasters

Manuel Schick

Anne Opschoor

AWI DISCUSSION PAPER SERIES NO. 771
April 2026



Multivariate Economic Tail Risk and Scenario Analysis

using the Survey of Professional Forecasters*

Manuel Schick!, Anne Opschoor?

April 15, 2026

Abstract

This paper proposes forecasting joint tail risks for key macroeconomic indicators,
GDP growth, inflation, and unemployment, using the US Survey of Professional
Forecasters (SPF). By incorporating SPF consensus forecasts into the conditional
mean of AR-GARCH-type models, the accuracy of univariate and multivariate
predictive densities is significantly improved. Modeling a constant correlation matrix
captures strong dependencies, particularly between GDP growth and unemployment.
Using US data from 1990 to 2024, we show that the joint modeling framework
enables scenario-based analysis in which predictive densities, conditioned on adverse
developments in other variables, differ substantially from the baseline marginal
distributions. The framework allows for a formal out-of-sample evaluation of joint

predictive densities and a transparent assessment of conditional tail risks.
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1 Introduction

Policymakers routinely rely on scenario analysis to assess risks to the macroeconomy.
Prominent examples include the World Economic Outlook of the International Monetary
Fund (IMF), which presents baseline and adverse scenarios, and the Federal Reserve’s
Tealbook, which provides baseline and alternative scenarios for monetary policy deliberations.
Yet these scenario exercises often rely on judgment or calibration to stress indicators,
presenting forward-looking projections without formally treating them as forecasts. As a
result, they offer only a partial view of the joint predictive distribution and, crucially, lack
a formal statistical assessment of forecast accuracy.

In this paper, we extend the Growth-at-Risk (GaR) framework (Adrian et al., 2019)
into a multivariate setting to generate distribution-based macroeconomic forecast scenarios
in real time. Scenarios are defined as conditional predictive distributions, for example
GDP growth conditional on inflation and unemployment being in their upper deciles,
in the spirit of conditional Value at Risk (CoVaR) (see, e.g., Girardi and Ergiin, 2013;
Adrian and Brunnermeier, 2016). Methodologically, we incorporate Survey of Professional
Forecasters (SPF) expectations into the conditional mean within a parametric AR-GARCH
framework—henceforth SPF-GARCH—(Schick, 2024), extending the univariate approach
to a multivariate system that jointly models GDP growth, inflation, and unemployment
and captures time-varying volatility and cross-variable correlations. A central strength of
our approach is that the underlying parametric joint predictive densities can be used to
transparently construct scenarios and to evaluate the models’ out-of-sample forecasting
performance, a feature absent in existing macroeconomic scenario exercises. However, in
line with recent results showing that CoVaR does not admit a strictly consistent scoring
function (Fissler and Hoga, 2024), the conditional scenarios themselves cannot be evaluated
directly, motivating our focus on the joint predictive density.

Despite their widespread use, existing approaches to scenario analysis face important
limitations. Institutional exercises often rely on structural models such as vector autore-

gressions (VARs), which impose strong assumptions about dynamics and shocks, or on



judgment-driven projections that lack statistical transparency. In the academic literature,
Chavleishvili and Manganelli (2024) develop a quantile VAR to stress-test GDP growth
under adverse financial shocks, noting that stress testing in central banks often lacks a
rigorous econometric foundation. Related work by Chavleishvili et al. (2026) develops
a Bayesian structural quantile VAR for macro-prudential policy assessment that also
allows for counterfactual scenario analysis. Corradi and Llorens-Terrazas (2026) extend
the concept of GaR to joint tail risks for growth and inflation. Alternatively, Adrian
et al. (2025) propose an entropic tilting approach to construct full scenario densities from
institutional inputs, such as a baseline and a handful of reported quantiles, providing a
clever synthesis of model-based forecasting and judgmental narratives, but still relying on
externally imposed scenario paths. We address these limitations by constructing scenarios
from an estimated multivariate predictive density rather than imposed paths.

A related strand of work develops the Growth-in-Stress (GiS) framework introduced
by Gonzalez-Rivera et al. (2019) and extended by Gonzélez-Rivera et al. (2024), which
constructs conditional growth densities under stressed macro-financial factor scenarios
using dynamic factor models. Their approach offers a way to assess the exposure of GDP
growth to severe yet plausible global or domestic shocks. However, the GiS framework
typically focuses on GDP growth alone and conditions on exogenously stressed latent
factors, rather than estimating a joint predictive density across macroeconomic variables
directly. While it provides meaningful tail scenarios for GDP growth, it does not allow for
a formal out-of-sample evaluation of the resulting predictive density.

In the GaR literature, conditional quantile regression (QR) has been the predominant
tool for modeling tail risk, relying on observable predictors such as financial conditions (e.g.,
Giglio et al., 2016; Adrian et al., 2019; Figueres and Jarocinski, 2020; Adrian et al., 2022;
Ferrara et al., 2022; Castelnuovo and Mori, 2025). These approaches require specifying
which predictors drive downside risks, and the predictive content of such variables can
vary substantially across episodes. By contrast, the GARCH framework does not rely

on explicit tail-risk predictors and instead allows tail probabilities to evolve directly



from the estimated conditional mean and variance. As Brownlees and Souza (2021)
demonstrate, volatility-based approaches can match the performance of QR models in
capturing macro-financial risks even without incorporating financial-stress indicators. This
predictor-agnostic flexibility makes GARCH a natural foundation for constructing jointly
modeled scenario distributions.

A key ingredient of our framework is the use of consensus forecasts from the SPF. Instead
of building a real-time forecasting model from macroeconomic and financial indicators,
typically released with publication lags and at mixed frequencies, we incorporate the current
outlook directly through SPF median forecasts, implying minimal data requirements. At
the same time, SPF forecasts are empirically competitive: particularly at short horizons,
the consensus often outperforms standard time-series models (Stark, 2010; Faust and
Wright, 2013), likely because expert aggregation quickly adapts to structural breaks and
incorporates a broad information set (Ang et al., 2007).

Prior work has also highlighted the value of SPF-based approaches for density forecasting
and risk assessment. For instance, Kriiger et al. (2017) combine survey expectations with
model forecasts using entropic tilting to construct density forecasts, while Adams et al.
(2021) use financial conditions to explain fluctuations in the uncertainty around SPF
projections to construct macroeconomic risk measures. Building on this literature, Schick
(2024) shows that using SPF expectations in a GARCH framework achieves reliable
real-time estimates of GDP tail risk, with density nowcast accuracy comparable to more
sophisticated and data-rich methods such as the Bayesian mixed-frequency VAR with
stochastic volatility studied by Carriero et al. (2022). These results motivate our use of
SPF expectations to model the conditional mean in a multivariate density framework.

Our contribution is threefold. Conceptually, we extend the GaR framework from
univariate tail-risk measures to a multivariate, distribution-based approach that deliv-
ers economically interpretable macroeconomic forecast scenarios. Methodologically, we
generate joint predictive densities from a multivariate GARCH framework anchored by

SPF expectations, allowing for transparent scenario construction and formal out-of-sample



evaluation. In particular, we model the distribution of GDP growth, inflation, and un-
employment with time-varying volatilities and correlations, enabling conditional scenario
analysis along multiple macroeconomic dimensions. Empirically, we apply the framework
to US data and highlight its policy relevance by constructing real-time scenarios both
before and during the COVID-19 pandemic. Overall, the framework provides policymakers
with a transparent and statistically grounded tool to assess joint macroeconomic risks
across multiple variables.

We find that incorporating SPF median forecasts significantly improves the accuracy
of joint predictive densities for GDP growth, inflation, and unemployment. Forecast gains
are particularly pronounced around the survey release dates in the middle of the quarter,
when SPF-GARCH log-scores improve markedly for both nowcasts and one-step-ahead
forecasts. Moreover, the SPF substantially shapes scenario distributions compared to
a purely backward-looking AR-GARCH benchmark, with conditional scenario densities
differing from their marginal counterparts in ways that are policy relevant. Our focus is
on time-varying tail probabilities arising from movements in the conditional mean and
variance, and the results are robust to alternative distributional assumptions, including
specifications allowing for skewness and fat-tailed innovations.

The remainder of the paper is structured as follows. Section 2 reviews the relevant
literature, followed by a description of the real-time data in Section 3. The methodological
framework, which includes the multivariate GARCH model and the construction of
conditional scenarios, is introduced in Section 4. Section 5 outlines the evaluation metrics
used to assess the predictive densities, and Section 6 reports the empirical findings,

including out-of-sample performance and scenario analyses. Section 7 concludes.

2 Related Literature

A growing strand of the literature considers scenario-based assessments of macro risk by

constructing conditional distributions. The GiS framework of Gonzalez-Rivera et al. (2019)



and Gonzalez-Rivera et al. (2024) uses dynamic factor models to generate conditional GDP
growth densities under stressed macro-financial conditions, assessing how the economy
behaves under adverse but plausible scenarios. Complementary approaches use quantile
VARs to trace how downside risks to GDP respond to adverse financial shocks (Chavleishvili
and Manganelli, 2024). Earlier work has also developed VAR-based conditional forecast
densities that impose restrictions on future values of endogenous variables to generate
scenarios (see, e.g., Waggoner and Zha, 1999; Banbura et al., 2015; Antolin-Diaz et al.,
2021). These methods are powerful for scenario construction but do not deliver a parametric
joint predictive density that can be evaluated out-of-sample. Our contribution bridges
this gap by estimating SPF-anchored multivariate predictive densities, enabling both
conditional scenario analysis and formal forecast evaluation.

This paper also relates to the GaR literature, which models downside risks to GDP
growth using predictive quantile regressions (Adrian et al., 2019) and has been extended
to Inflation- and Unemployment-at-Risk (see, e.g., Adams et al., 2021; Carriero et al.,
2024; Loépez-Salido and Loria, 2024). While most GaR models rely on financial variables,
recent evidence shows that much of the variation in GDP tail risk can be explained by
time-varying mean and variance rather than changing skewness (Carriero et al., 2022,
2024). Building on this insight, Brownlees and Souza (2021) and Schick (2024) develop
GARCH-based GaR frameworks that capture evolving macroeconomic uncertainty without
conditioning on financial predictors. We generalize this approach to a multivariate setting,
estimating the joint predictive density of GDP growth, inflation, and unemployment.

Methodologically, this paper is also related to systemic risk analyses based on CoVaR.
Applied to our setting, Adrian and Brunnermeier (2016) would define a CoVaR-type
measure for GDP growth as the quantile of its predictive distribution conditional on
unemployment being exactly at some extreme quantile level. Our scenario construction
instead follows the definition of Girardi and Ergtin (2013), where the conditioning variable
exceeds a threshold rather than equaling it. Conditioning on exceedances is generally more

plausible, as it captures increasingly severe realizations and avoids the counter-intuitive



behavior where the implied risk level becomes less severe when dependence strengthens.

However, conditional quantile scenarios of this type cannot be directly backtested, since
CoVaR is not elicitable and therefore does not admit strictly consistent scoring functions.
By contrast, our focus on multivariate tail risk relies on the full predictive density, which
can be evaluated out-of-sample. Nonetheless, VaR and CoVaR can be evaluated jointly in
a lexicographical sense (see, e.g., Fissler and Hoga, 2024; Dimitriadis and Hoga, 2025),
although such joint evaluation is beyond the scope of this paper.

The analysis further connects to the literature that integrates survey information into
model-based measures of macroeconomic uncertainty. Studies such as Reifschneider and
Tulip (2019) and Clark et al. (2020) show that the variance of forecast errors varies over
time, suggesting that uncertainty around professional forecasts is itself state dependent.
Survey expectations, particularly from the SPF, provide accurate short-horizon projections
and often outperform standard time-series models (Ang et al., 2007; Giannone et al., 2008;
Stark, 2010; Banibura et al., 2021). Combining such expectations with econometric models
has proven effective for constructing density forecasts (Kriiger et al., 2017; Adams et al.,
2021; Schick, 2024). This paper builds on that evidence by using SPF projections as timely
signals of professional forecasters’ expectations about macroeconomic conditions while
allowing for time-varying forecast uncertainty (see also Clark et al., 2025). By linking
consensus forecasts with conditional density modeling, our framework provides a practical
tool for real-time risk monitoring, in line with the policy-oriented applications of GaR at
institutions such as the IMF (Prasad et al., 2019).

Lastly, this paper draws on the literature on real-time macroeconomic forecasting.
Studies such as Giannone et al. (2008) and Baribura et al. (2013) show that incorporating
incoming data throughout the quarter improves GDP nowcasts, while high-frequency
indicators enhance both point and tail risk forecasts (Andreou et al., 2013; Ferrara et al.,
2022). Carriero et al. (2022) further demonstrate that using broad real-time macroeconomic
information strengthens Growth-at-Risk estimates. Our framework complements this work

by producing real-time, multivariate predictive densities that evolve with professional



forecasts and macroeconomic uncertainty.

3 Real-time data and predictors

In order to avoid look-ahead bias, we conduct a real-time out-of-sample forecasting analysis.
To this end, we use monthly real-time vintage data on real GDP, the GDP Price Index,
and the unemployment rate, obtained from the Real-Time Data Set for Macroeconomists
(RTDSM) provided by the Federal Reserve Bank of Philadelphia. Information on the
release dates of these monthly snapshots is available via ALFRED.

Figure 1 provides an overview of the release schedule for GDP and unemployment data
in weekly terms. Typically, the Bureau of Economic Analysis (BEA) publishes the advance
estimate of quarterly GDP, i.e., the first official release, at the end of the first month of the
following quarter. Accordingly, the advance estimate, GDP?_)I, becomes available around
week 4 of quarter . One and two months later, the BEA releases the preliminary and final
estimates, denoted GDPgQ_)l and GDPgl, respectively. However, even the final estimate
remains subject to subsequent revisions and methodological updates, which are reflected
in the monthly vintage data. For inflation, we use the GDP Price Index which is highly
correlated with other inflation measures. Since its release coincides with that of GDP, this
simplifies the tracking of release dates.!

Monthly unemployment data are released more timely than GDP. The Civilian Unem-
ployment Rate (CUR) is typically published at the end of the first week of the subsequent
month. As a result, the first estimate of the unemployment rate for the first month of
quarter ¢, denoted CUR&), becomes available in week 5. One and two months later, the
corresponding first estimates for the second and third months of the quarter, CURE}Q) and
CUREQ , are released. This timing enables the construction of a preliminary estimate of
quarterly unemployment for quarter ¢ early in the subsequent quarter.

The RTDSM provides quarterly vintages of the monthly unemployment series, reflecting

Prior to 1992, the BEA reported Gross National Product (GNP) and the GNP Price Index instead of
GDP.



Figure 1: Release calendar

quarter t
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Notes: This graph sketches the release and revision dates of GDP and the GDP deflator, the civilian
unemployment rate (CUR), and the release dates of the Survey of Professional Forecasters (SPF). GDP

data refer jointly to the national accounts release of real GDP and the GDP deflator. For example, GDPEU

denotes the initial release for quarter ¢, while CURE}B denotes the first release of the unemployment rate
for the first month of quarter . SPF releases are not subject to revisions. The numbers on the time line
indicate the weeks within each quarter.

data as available around the middle of each quarter. Each quarterly vintage includes the
most recent estimate as well as minor revisions to earlier observations, typically stemming
from seasonal adjustment updates or definition changes. In practice, these revisions
are small and usually negligible. Thus, constructing the monthly information flow from
quarterly real-time vintages is not expected to introduce look-ahead bias, despite the
underlying series being monthly.

Lastly, Figure 1 also illustrates the release schedule of the SPF. The SPF is a quarterly
survey of U.S. macroeconomic forecasts, originally conducted by the American Statistical
Association and the National Bureau of Economic Research. Since 1990, the Federal
Reserve Bank of Philadelphia has administered the survey, which has since comprised a
panel of approximately 40 professional forecasters (Clements et al., 2023). The survey
began in the fourth quarter of 1968 and is released around the middle of each quarter.
Respondents provide forecasts for the current quarter and up to four quarters ahead,
covering key macroeconomic indicators. Specifically, the SPF reports projections for the
quarter-over-quarter annualized growth rates of real GDP and the GDP Price Index, as

well as quarterly averages of the monthly Civilian Unemployment Rate.



We aim to produce one-step-ahead forecasts and nowcasts with forecast origin in
quarter t, updating these forecasts on a weekly basis. Based on the release schedules
of the relevant macroeconomic indicators, Table 1 summarizes the latest available data
vintages in each week of quarter ¢t. Accordingly, in a given week w, we use the most recent
vintage of real GDP available at that time to construct a real-time snapshot of annualized

quarterly growth rates:
Yujtaw = 400 - (log(GDP,1) — log(GDP._yj10)) (1)

where GDPj ., denotes quarterly GDP in quarter s, taken from the latest vintage available

in week w of quarter t. Analogously, the quarterly inflation rate is defined as:
Tt = 400 - (log(PGDPy,,) — log(PGDP._y04)) , (2)

where PGDPy; ., is the GDP Price Index for quarter s from the latest vintage available in
week w of quarter t.

Table 1: Real-time vintages available in quarter ¢

week Variables

1 GDPoj1o = GDPY, CURy_1gp00 = CUR{Y 5 SPF, oy NFCL_j o0

3 GDPgy10 = GDPY, CUR, 1410 = CURY, 5 SPF, py 1 NFCI s
5 GDP,y;4=CGDP{",  CUR;5 = CURY SPF, py-1 NFCIL 5
7 GDP, 4= GDP{"’, CUR,5 = CURLY SPFypy  NFClygpr
9 GDP,_y5 = GDP{®;  CUR, 0 = CUR(Y SPFyp  NFCI g
11 GDP,_y,5 = GDP?}  CUR,49 = CUR'} SPF, e NFCI 001

Notes: This table demonstrates the latest vintages of real GDP (GDP), the Civilian Unemployment
Rate (CUR), h-quarters-ahead SPF projections, and NFCI data available for odd numbered weeks
3)

throughout quarter ¢. For instance, GDP,(5 5 denotes the third release of GDP for quarter ¢ — 2 from

the latest vintage in the respective week of quarter ¢. Similarly, CURgl_)L3 denotes the first release of

the CUR of the third month of quarter ¢ — 1 from the latest real-time vintage.

At quarter ¢, to construct real-time forecasts of GDP and inflation, the index s =

1,...,t — j runs up to t — j, where 7 = 2 prior to the release of the previous quarter’s



GDP, and j = 1 otherwise. This ensures that forecasts are based only on information
available at the time, avoiding look-ahead bias.
The quarterly unemployment rate is constructed as the average of the monthly Civilian

Unemployment Rates,

1 3
Us|t,w = § Z CURs,m|t,w> (3)
m=1

where CUR 1, denotes the unemployment rate for month m = 1,2, 3 in quarter s, taken
from the most recent vintage available in week w of quarter t. Because the monthly figures
are released in a timely manner, a first estimate of the previous quarter’s unemployment
rate, uy_1j;,u, typically becomes available about one week after the end of quarter ¢ — 1.
As a result, the estimation sample generally includes data up to s =t — 1.

Although revisions to the unemployment data are generally small or negligible, the
real-time flow of monthly releases still matters for constructing the appropriate “lag” of
unemployment. Simply regressing Us|tw ON Ug_1)¢y WoOUld ignore new information arriving
during the current quarter. To reflect the data available in week w, we define the predictor

Us—1|t,w S

usfl\t,w if w S 4 ( )
ﬂs—1|t,w = 4
ﬁ Zn]\le CURs,m\t,w if w > 4,

where M € {1,2}, depending on the number of monthly observations available by week w.
For example, in week w = 1, only the full quarterly unemployment figure from s =t — 1 is
available. By week w = 5, however, the unemployment rate for the first month of quarter %,
CURy, 11,5, has typically been released, so M = 1. Once the second month’s data becomes
available, ts_1;,, is computed as the average of the first two monthly unemployment rates.

Having defined the construction of our real-time variables, Table 2 presents summary
statistics for GDP growth, inflation, and the unemployment rate over 1990-2024, based

on the first vintage available in 2025:Q2. Including the COVID-19 pandemic in panel (b)

10



highlights the extreme economic downturns and recoveries during this period, as well as
the surge in inflation between 2021 and 2022. While average GDP growth remains close
to 2.5% across both samples, its volatility nearly doubles when the pandemic period is
included, reflecting historically large negative and positive quarterly growth rates. Inflation
is close to 2% in the pre-pandemic sample but becomes markedly more volatile thereafter,
and the unemployment rate exhibits a sharp spike during the lockdown period, reaching

unprecedented levels.

Table 2: Summary statistics

Panel (a): 1990 — 2019
Mean Std. dev. Min Max  Median

Real GDP growth 2.491 2.326 -8.852  7.221 2498
Inflation 1.974 0.910 -0.533  4.451 1.969
Unemployment rate 5.842 1.597 3.600  9.933 5.500

Panel (b): 1990 — 2024
Mean Std. dev. Min Max  Median

Real GDP growth 2.464 4.490 -32.957 30.156  2.691
Inflation 2.232 1.393 -1.336  8.930  2.062
Unemployment rate 5.715 1.742 3.533  13.000  5.383

Notes: Summary statistics for quarterly US real GDP growth, the GDP Price Index
(inflation), and the Civilian Unemployment Rate. Panel (a) covers 19902019, while
Panel (b) extends to 2024, capturing the COVID-19 pandemic and subsequent
economic volatility. Statistics are based on the first vintage available in 2025:Q2.
Real GDP growth and inflation are annualized quarter-over-quarter rates, and the
unemployment rate is a quarterly average of monthly values.

Beyond historical vintages, the SPF offers forward-looking projections for these macroe-
conomic indicators, which we use to construct real-time forecasts and quantify forecast
disagreement. The SPF projections are not subject to revision, so constructing the real-
time information flow requires only knowledge of the survey release dates. The Federal

Reserve Bank of Philadelphia provides these dates starting in 1990. We define the real-time
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SPF h-step-ahead forecast for indicator ¢ € {y, m, u}, available in week w of quarter ¢, as:

, SP ti+h|t_1 if w<w*
SP tz—i—h,w = (5)

SPF/,,  ifw>uwr,

where SPFijW denotes the median h-step-ahead forecast from the survey released in
quarter t, and w* is the week of the survey’s publication. The SPF is typically released in
week 6 or 7 of each quarter. Hence, at the beginning of quarter ¢, the most recent available
forecast is the h-step-ahead projection from the previous quarter’s survey. For example, to
construct a one-step-ahead forecast early in quarter ¢, only the two-step-ahead projection
from quarter ¢ — 1, SPFtiH\t—p is available.

While the consensus (median) forecast captures the central tendency of the panel, the
SPF also allows measurement of forecast disagreement across respondents. To quantify

this disagreement, we use the interquartile range (IQR) of the individual projections:

SPFtO%’i _ §p 025 i w < w*

IQR, _ +h|t—1 t+hlt—1
SPF 5 0 = (6)
0.75,i 0.25,i . *
SPFHW — SPFHW if w > w*,

where SPF%

tLhlt denotes the g-th quantile of the cross-sectional distribution of hA-step-ahead

forecasts for indicator 7. Although the IQR is not a suitable proxy for forecast uncertainty
(Glas, 2020), it offers a readily available measure of forecast dispersion at fixed horizons.
By contrast, the SPF also collects histogram forecasts, but these refer to fixed-event targets
for calendar years rather than rolling horizons, and are therefore not directly comparable.

Finally, Table 1 also reports the release schedule of the Chicago Fed’s National Financial
Conditions Index (NFCI). The NFCI is a weekly index of U.S. financial conditions
constructed from a broad set of indicators covering money markets, debt and equity
markets, and the banking system (Brave and Butters, 2012). It is standardized to have
mean zero and unit variance, with positive values indicating tighter-than-average financial

conditions. While the NFCI series extends back to 1973, the first official real-time vintage

12



archived on ALFRED begins in 2011. To avoid look-ahead bias before that date, we use
the unofficial weekly real-time vintages constructed by Amburgey and McCracken (2023),
which are available from 1988 onward.

The NFCI is released mid-week and reflects information up to the preceding Friday,
implying an effective publication lag of approximately one week. Given weekly observations,
we define the real-time quarterly NFCI in week w of quarter ¢ as the average of the first w

weekly values in each quarter s:
1 w
NFCly = — Z NFCI w—nt,w, (7)
w n=1

where NFCI ,y—p¢,w is the weekly NFCI for week w — n of quarter s, taken from the latest
vintage available in week w of quarter . For example, in the second week of a quarter, we
have NFCl o = %(NFCIS,W,Q + NFCI, j¢,2), where NFCI o2 corresponds to week 12 of

quarter s — 1.

4 Methodology

4.1 Forecasting models

We model the joint distribution of real GDP (y), inflation (7), and unemployment (u)
using a standard AR(1)-GARCH(1,1) framework augmented with additional predictors.
For each indicator i € {y, 7, u} and omitting the index ¢ for notational convenience, we

model the h-step-ahead conditional mean and variance according to

Mtth|tw = Cﬁ; + d)ﬁ;xéfw (8)

2 _ h_ 2 h 2 h h, .o
Jt+h|t,w - awgt—j,w + Bwo-t—l—h—j\t,w + exp(ww + 7th,w)’ (9)

where €, = 25w — Mot denotes the residual, with z,,, referring to ys.w, Tsw, OF U

depending on the variable ¢ being modeled. Predictors enter the conditional mean and

13



variance through x¢',, and x7 . The parameters satisfy al >0, gh >0, and o + 8" < 1.
The index w indicates that models are re-estimated weekly using real-time vintage data
for GDP, inflation, and unemployment. For example, ji;41¢1 denotes the conditional mean
of the indicator for quarter ¢t 4+ 1 based on information available in week 1 of quarter ¢.

The choice of lag j for v ,, aligns with direct forecasting and depends on the indicator’s
release schedule: if the previous quarter’s macroeconomic indicator is not yet available, we
set j = 2, otherwise j = 1. The predictor set x}’,, for the conditional mean includes lagged
values of the indicator and may incorporate real-time explanatory variables such as the
SPF consensus forecasts SPF},,, , and the NFCI. For the conditional variance, additional
predictors enter through the exponential function exp(-), where zf,, is standardized to
have mean zero and unit variance. In our application, potential predictors in z7,, include
the SPF interquartile range S PFtIJgfj and the NFCI.

To model the joint density of the three macroeconomic indicators, we assume a

multivariate normal distribution:

Yt+h|t,w ~ N(Mt+h|t,’w7 EtJrh\t,w)a (10)

where Yy njtw = (Yethitw, Tethltws Uerhjtw) > a0 fhypppe collects the individual means of
each variable according to equation (8).

The covariance matrix follows the dynamic conditional correlation (DCC)-GARCH
framework of Tse and Tsui (2002) and Engle (2002), which allows for time-varying

conditional correlations across variables. Specifically,

23t-i—h|t,w = Dt+h|t,wa Rt+h|t,w7 Dt+h|t,wa (11)

. . . . o, . . . Z
where Dy p1,0 is a diagonal matrix with conditional standard deviations o} Fhltw O the

diagonal, and Ry pp,, denotes the time-varying correlation matrix. In the DCC model,

14



the correlation matrix evolves according to

Qtrnjtw = (1— GZ - bZ)Q + aﬁunt*j,wnz—j,w + bq}ZQtJrhfjlt,w (12)

Rt+h|t,w = diag(Qt—&-h\t,w)il/Q Qt+h\t,w diag(Qt—o—h\t,w)il/Q, (13)

where 7);,, is a vector of standardized residuals for each indicator, €,/ Tsft,ws and Ryppi
is obtained by normalizing Q;ip,m. As a restricted version, when afj] = bZ} = 0, the
constant conditional correlation (CCC)-GARCH model assumes Ry pj,.0 = Ry, implying
that correlations remain constant over time.

We estimate the model separately for each variable. The conditional mean equation (8)
is estimated by ordinary least squares, and the variance equation (9) is fitted by quasi-
maximum likelihood using the residuals €45, ,,. In the benchmark specification, we assume
zero correlations across variables by setting Ry, = I, which implies a diagonal covariance
matrix 3, 4. When allowing for constant conditional correlations, Ry, is computed
as the sample correlation matrix of the standardized residuals 7, ,,. When allowing for

dynamic correlations, the parameters a” and b" are estimated according to equations (12)

and (13).

4.2 Predictive densities and scenarios analysis

Given the joint predictive density in equation (10), we can extract risk measures such as
Growth-at-Risk from the marginal distributions. Under the assumption of a multivariate
normal (MVN) distribution, the marginals are also normally distributed. The h-step-ahead

T-quantile of variable ¢ in Y, 4., available in week w), is simply

Qranttw(T) = Hetnltwi + /07 ppwE (T), (14)

where F'~1(-) denotes the inverse cumulative distribution function of the standard normal,

N(0,1).

15



For scenario analysis, we are primarily concerned with conditional distributions. For
instance, a bad scenario for GDP growth may be defined as a situation in which both
inflation and unemployment are at elevated levels, specifically their 90% quantiles. This
setup is closely related to the conditional tail-risk concepts used in the CoVaR literature
(e.g., Adrian and Brunnermeier, 2016), where conditional risk measures are constructed
by conditioning one variable on tail events of another. In our setting, the corresponding

bad-scenario 10% quantile of GDP growth is then given by

Qtpnprw(0-1) [ (= QF 111, (0.9), u = Qfy4,,(0.9)). (15)

Under the multivariate normal assumption, this conditional distribution is analytically
available via the standard formula for the conditional distribution of a multivariate normal.
Letting Y = (y1,¥2) ~ N (u, X), partition the mean and covariance matrix as

by by
= M1 Cm— 11 12 , (16)

o o1 Yo
the conditional distribution of y; given ys = c is normal with conditional mean and

variance

Ely: | y2=¢] = p1 + 1225 (¢ — pa), (17)

Varly; | yo = c] = 211 — Z1235, 3. (18)

The conditioning vector ¢ encodes the scenario. For example, if GDP growth, inflation,
and unemployment are ordered in that sequence in Y, then the bad scenario distribution
of GDP defined above corresponds to ¢ = (Qf 4, ,(0.9), @, 1., (0.9))".

Alternatively, scenarios can be defined in a more extreme sense by conditioning on
variables being more extreme than a quantile level. This follows recent developments in the

CoVaR literature, which argue that conditioning on exceedances, rather than on a variable
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being exactly equal to a specific threshold, provides a more natural way to represent severe
stress events (Girardi and Ergiin, 2013). Accordingly, bad-scenario GaR conditional on

both inflation and unemployment being above their 90% quantiles is defined as

QY njraw(0-1) 1 (T = QFypyr.(0.9), w = Q@ p,(0.9)), (19)

which requires simulation. Good-scenario GaR can be defined analogously by reversing the
inequalities and considering the (1 — 7)-quantile, and one can similarly construct scenarios

for inflation and unemployment.

5 Forecast evaluation

This section describes the construction of the ‘true’ realizations against which we evaluate
the density forecasts, as well as the evaluation metric. An important question in forecast
evaluation is which values to use as the actual outcomes. Later data vintages offer more
precise estimates of the economic stance due to reduced measurement error. However,
using the latest available vintage may incorporate definition changes that were unknown
to the model or the SPF panelists at the time of forecasting.

To balance this trade-off, we follow Carriero et al. (2022) and define actual outcomes
for quarter ¢t — 1 as the values available at the end of quarter ¢t. For real GDP and the GDP
Price Index, this typically includes two revisions, up to the final estimate, i.e., growth

rates are computed based on the vintage containing GDng)

1 in Figure 1. In rare cases
where the release of GDP@l falls into quarter ¢ + 1, the vintage includes only the first
major revision, GDP§2_)1.

Specifically, we define the actual outcomes for GDP growth and inflation under the
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assumption that each quarter consists of 12 weeks as

Yy = 400 - (10g(GDPt|t+1,12) - 10g(GDPt71\t+1,12))7 (20)

Ty = 400 - (lOg(PGDPt|t+1712) — 10g<PGDPt_1|t+1’12)), (21)

where GDPyj;;1,12 and PGDPyj¢,1 12 denote real GDP and the GDP Price Index for quarter ¢,
available in the most recent vintage at the end of quarter ¢ + 1.

For unemployment in quarter ¢ — 1, we construct actual outcomes using the quarterly
vintages from the Philadelphia Fed, which capture information as available around the

middle of quarter ¢, approximately in week seven of Figure 1. Thus, the actual value is

defined as

1
3

Ut =

3
> CURgmpt+1,7: (22)
m=1

where m = 1,2,3 denotes the months within the quarter. Although minor revisions
may occur, they are rare and of negligible magnitude. As such, the precise definition of
unemployment outcomes is unlikely to impact the out-of-sample evaluation.

To evaluate the forecasting models, we rely on the log-score loss function, which is a
strictly proper scoring rule (Gneiting and Raftery, 2007). The negative log-score at the

realized outcomes Yy = (Yirh, Tean, trr1) is defined as

Logs(pf,waYt-i-h) = —log pf,w(Yt—l-h)? (23)

where pﬁw denotes the h-step-ahead real-time predictive density of model k at quarter ¢ and
week w. Since we report log-scores in their negative form, lower values indicate superior
forecasting performance. While our primary focus is on evaluating full predictive densities
using log-scores, directly assessing the conditional quantiles that define our scenarios is
not feasible, as such conditional measures are not elicitable (Fissler and Hoga, 2024).

To test for differences in model performance, we use the Diebold and Mariano (1995)
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test. The h-step-ahead loss differentials between the log-likelihood contributions of two

models k£ and [ at week w during the evaluation period are defined as

dflrlh,w = log pi ., (Yern) —10g p) o (Yern), (24)

where positive values indicate superior forecasting performance of model [ relative to model

k. To formally evaluate the relative performance of the two models, the test statistic is

s
Stihw = i%};’w? (25)
7 Se(dt—;-h,w)
where afih,w is the average loss differential, and se(-) denotes its standard error. Sffh’w
is asymptotically normally distributed, allowing for the application of standard critical
values in pairwise comparisons.

However, because we are comparing £k = 1,..., K models, this setup presents a
multiple comparison problem. To address this, we employ the Model Confidence Set
(MCS) procedure proposed by Hansen et al. (2011). Unlike standard pairwise comparisons,
which can inflate the probability of Type I errors, the MCS procedure allows for the joint
evaluation of all models, sequentially eliminating the worst-performing models until the
null hypothesis of equal predictive performance can no longer be rejected. The resulting
MCS comprises the surviving models, i.e., models not significantly outperformed by any
competitor.

Formally, let the set of models be indexed by k£ = 1,..., K, and denote this set as
M C M. At each stage of the MCS procedure, the worst-performing model is identified
through pairwise comparisons of all model combinations k and [ for k,l € M. The test
statistic is defined as

w k.l
T3 = max |Sih| (26)

where M C M, denotes the set of remaining (non-eliminated) models. The elimination
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process continues until 7\ falls below the critical value corresponding to the chosen
significance level «, resulting in the 1 — a% model confidence set M*.

Since the distribution of T} is non-standard, its critical values must be determined
through simulation. For all forecast horizons, we chose a block bootstrap procedure with
50,000 replications and a block length of three weeks to approximate these critical values.?

The estimation sample is determined by the availability of the SPF, which began in
1968. For models incorporating the NFCI, the sample starts in 1973. To ensure reasonably
precise parameter estimates and allow for a sufficiently long out-of-sample period for the
MCS to have statistical power, the evaluation period for the main analysis spans from
1990:Q1 to 2019:Q4, covering 120 quarters and excluding the COVID-19 pandemic in the
main analysis. The pandemic period is examined separately in Section 6.3.

Due to the limited sample size, we estimate the models recursively using expanding
windows. However, the loss differentials dfjrlh’w must be stationary with strictly positive
variance. When models are nested, as is the case in this paper, rolling-window estimation
ensures that the asymptotic distribution of T is well-behaved (Giacomini and White,
2006). In the baseline analysis, we use expanding windows to obtain more precise parameter
estimates, and we assess robustness by re-estimating the models with rolling windows.

In addition, to assess the in-sample fit of various specifications, we report pairwise
likelihood-ratio tests, which formally compare the relative performance of nested models.
These tests evaluate whether a more complex model provides a statistically significant

improvement in fit over a simpler alternative.

6 Empirical results

This section presents the empirical results. We begin by evaluating the model’s out-of-
sample forecast performance over the pre-pandemic period from 1990:Q1 to 2019:Q4,

which implies an initial estimation window of 85 observations and 120 out-of-sample

2We use the MFE Toolbox in MATLAB for the MCS procedure, see Sheppard (2009): https:
//bashtage.github.io/kevinsheppard.com/code/matlab/mfe-toolbox/.
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forecasts. We report out-of-sample density forecast performance and complement these
results with calibration evidence and in-sample diagnostics. We then extend the analysis
to the post-2019 period and discuss the implications of the COVID-19 pandemic. Finally,

we present a set of robustness checks.

6.1 Out-of-sample forecast evaluation

We begin by assessing the predictive content of the SPF relative to the NFCI for the joint
predictive density within an AR-GARCH-type framework. For the benchmark, we assume
a multivariate normal predictive density and restrict correlations across macroeconomic
indicators to zero, such that X, is diagonal in equation (10). Table 3 presents the
main results for the evaluation period 1990:Q1 to 2019:Q4. It reports negative predictive
log-scores for one-step-ahead forecasts and nowcasts, evaluated at the end of each respective
week. Within columns, grey shading indicates inclusion in the 90% Model Confidence
Set for equal predictive accuracy. The first three rows report results for the benchmark
AR(1)-GARCH(1,1) specification, optionally augmented with the NFCI in the conditional
mean (zf,,;) or variance (x7,, ;) of indicator 4. The fourth row refers to the SPF-GARCH
model, which includes the SPF consensus forecast, SPF},, ,, in the conditional mean.
Subsequent rows build on the SPF-GARCH model, adding one predictor at a time: the
NFCI in the conditional mean or variance, or the interquartile range (IQR) of the SPF in
the variance equation.

Most notably, incorporating the SPF consensus forecast into the conditional mean
significantly improves the joint predictive density. All models included in the MCS contain
the SPF, demonstrating that the consensus forecasts refine the entire multivariate predictive
density. Comparing log-scores throughout the quarter reveals large improvements in the
SPF-GARCH model following the release of the survey forecasts around the sixth week.
Between weeks w = 4 and w = 8, forecasting performance considerably improves for both
the one-step-ahead and nowcast distributions.

The baseline AR-GARCH model also reveals clear gains in forecast accuracy when
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Table 3: Out-of-sample log-scores for alternative model specifications

One-step-ahead Nowcast
week 4 8 12 4 8 12
AR-GARCH: 447 430 4.12 3.61 3.05 2.22
24 = NFCIyy, 422 4.09 393 343 3.00 2.15
+27 i = NFECI,,, 441 430 421 3.72 323 223
SPF-GARCH: 417 3.74 3.62 338 255 1.84
—l—mgwﬂ- = NFC1I, 4.07 391 3.67 3.29 2.47 1.74
+1f s = NFCly,, 4.08 3.71 3.57 346 2.61 1.75

+af,, = SPF/3™ 417 376 3.66 3.44 2.61 1.3

Notes: This table reports average log-scores of the multivariate normal distribution
for GDP growth, inflation, and unemployment over the out-of-sample period 1990:Q1-
2019:Q4 (120 observations). AR-GARCH denotes the baseline AR(1)-GARCH(1,1)
model, while SPF-GARCH augments the conditional mean with SPF projections.
All models are estimated using an expanding window with an initial length of 85
observations. Columns indicate the week of the quarter in which forecasts are formed.
Gray shading denotes inclusion in the 90% model confidence set; bold entries indicate
the lowest average loss within each column.

incorporating releases and revisions of each macroeconomic indicator during the quarter.
Predictive log-scores for both one-step-ahead forecasts and nowcasts improve as the quarter
progresses. Including the NFCI in the conditional mean of the AR-GARCH model further
enhances predictive performance, whereas adding it to the conditional variance does not
yield improvements. Including the NFCI as a mean predictor within the SPF-GARCH
model offers modest additional gains in the nowcast distribution, though these are not
statistically significant. Similarly, augmenting the model with either the NFCI or the SPF
interquartile range in the variance does not improve predictive accuracy (Brownlees and
Souza, 2021; Schick, 2024).

To shed light on how the SPF refines the multivariate predictive densities, Table 4
compares the out-of-sample log-likelihoods of the AR-GARCH and SPF-GARCH models.
Under the assumptions of normality and zero correlations, the overall out-of-sample
log-scores are simply the sum of the individual log-scores across macroeconomic indicators.
Multiplying these scores by the number of observations in the evaluation period yields the
corresponding out-of-sample log-likelihoods. The MCS for the overall results is based on

the same loss functions as in Table 3, and thus replicates the findings reported above.
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Table 4: Out-of-sample log-likelihood

One-step-ahead Nowcast

Overall 4 8 12 4 8 12

AR-GARCH 536.26  515.88  494.02 43292 365.95  266.17
SPF-GARCH  499.96 448.67 434.93 405.74 306.19 221.35

real GDP 4 8 12 4 8 12

AR-GARCH 264.11  266.42 267.37 25249 250.66  251.63
SPF-GARCH  261.84 256.61 248.97 245.70 233.11 232.10

Inflation 4 8 12 4 8 12

AR-GARCH 190.96  194.48 193.08 178.00 180.61  180.02
SPF-GARCH  176.65 174.31 172.65 163.96 154.09 155.49

Unemployment 4 8 12 4 8 12

AR-GARCH 81.18 54.98 33.57 2.43 -65.33  -165.47
SPF-GARCH 61.47 17.75 13.31 -3.91 -81.01 -166.24

Notes: This table reports negative log-likelihoods for individual macroeconomic indicators
over the out-of-sample period 1990:Q1-2019:Q4 (120 observations). AR-GARCH denotes
the baseline AR(1)-GARCH(1,1) model for GDP growth, inflation, and unemployment,
while SPF-GARCH augments the conditional mean with SPF projections. All models are
estimated using an expanding window with an initial length of 85 observations and assume
a multivariate normal distribution. Columns indicate the week of the quarter in which
forecasts are formed. Gray shading denotes inclusion in the 90% model confidence set; bold
entries indicate the lowest average loss within each column.

Turning to individual series, the negative log-likelihoods for inflation are significantly
reduced across all forecast origins. For unemployment, the one-step-ahead predictive density
also improves significantly with the inclusion of the SPF. For the nowcast distribution,
gains are significant except at the very shortest horizon, where the difference becomes
insignificant in week 12. However, at such short horizons, unemployment becomes highly
predictable due to timely monthly releases, resulting in very small forecast errors. In the
final month of the quarter, forecasts are so accurate that we observe a sign switch in the
out-of-sample log-likelihoods, even without conditioning on the SPF in the mean.

For GDP growth, the picture is more nuanced. The nowcast distribution from the
SPF-GARCH model is significantly better in weeks 8 and 12, which coincide with the mid-
quarter release of the SPF survey and the availability of its nowcast. In week 4, however,

the AR-GARCH model benefits from the release of the advance GDP estimate, which
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was not yet available to SPF respondents when they submitted forecasts in the previous
quarter. As a result, conditional on the SPF one-step-ahead forecast, the improvement is
sizable but not statistically significant.

For the one-step-ahead predictive density of GDP growth, the SPF-GARCH again
performs significantly better from mid-quarter onward. At the start of the quarter, however,
incorporating the SPF two-step-ahead projection does not outperform the univariate
AR-GARCH model and improves the out-of-sample fit by less than three log-likelihood
points. This finding aligns with Schick (2024), who shows that SPF forecasts improve
density and quantile predictions especially at short horizons. At the same time, our results
highlight limits to the predictability of GDP growth beyond a two-quarter horizon.

While the log-score evaluates overall predictive performance, the probability integral
transform (PIT) assesses the calibration of the entire predictive density. Figure B.1 shows
PIT values for the SPF-GARCH model for each indicator before (w = 4) and after (w = 8)
the release of the SPF, along with 95% confidence bands constructed following Rossi
and Sekhposyan (2019). For GDP growth and inflation, the predictive densities appear
well calibrated across all forecast horizons. In the case of unemployment, the upper tail
is well captured, but the center of the distribution is significantly underpredicted, as
reflected by PIT values lying above the 45-degree line. Nonetheless, the extremely small
log-scores suggest that the model effectively distinguishes between periods of high and low
unemployment.

Next, we assess predictive performance under more flexible covariance structures.
For comparison, the first two rows in Table 5 replicate the benchmark AR-GARCH
and SPF-GARCH models, which assume a diagonal covariance matrix. Estimating a
constant conditional correlation matrix (SPF-GARCH-CCC) does not improve predictive
performance; however, it also does not entail a cost in terms of forecast accuracy. While
this suggests limited benefits of the CCC specification from a purely forecasting perspective,
it demonstrates that allowing for correlations does not worsen predictive performance, a

desirable property when using these models for scenario analysis, where the assumption of
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a diagonal covariance matrix is clearly restrictive.

Turning to the dynamic conditional correlations (SPF-GARCH-DCC), estimated time-
varying correlations yield virtually identical predictive accuracy to the CCC approach,
indicating that constant correlations are sufficient in this context. Overall, all SPF-based

specifications are included in the MCS and exhibit very similar log-scores.

Table 5: Out-of-sample log-scores with and without correlation

One-step-ahead Nowecast
Log-score 4 8 12 4 8 12
AR-GARCH 447 430 412 361 3.05 2.22
SPF-GARCH 4.17 3.74 3.62 3.38 2.55 1.84

SPF-GARCH-CCC 409 3.66 3.58 3.38 256 1.85
SPF-GARCH-DCC 4.08 3.66 3.59 339 256 1.85

Notes: This table reports average log-scores of the multivariate normal distri-
bution for GDP growth, inflation, and unemployment over the out-of-sample
period 1990:Q1-2019:Q4 (120 observations). The models are AR-GARCH
(baseline AR(1)-GARCH(1,1)), SPF-GARCH (adding SPF projections in the
conditional mean), SPF-GARCH-CCC (assuming a constant conditional cor-
relation matrix), and SPF-GARCH-DCC (allowing for a dynamic conditional
correlation matrix). All models are estimated using an expanding window with
an initial length of 85 observations. Columns indicate the week of the quarter in
which forecasts are formed. Gray shading denotes inclusion in the 90% model
confidence set; bold entries indicate the lowest average loss within each column.

At the same time, correlations matter from an in-sample perspective. Table A.1
reports in-sample log-likelihoods of the SPF-GARCH model under different covariance
specifications. Stars indicate pairwise likelihood-ratio (LR) tests against the normal model
with constant conditional correlations (second row). Under normality, estimating a CCC
significantly improves model fit. However, allowing for DCC correlations results in similar
and statistically indistinguishable in-sample log-likelihoods compared with the CCC model.

In summary, constructing scenarios based on the CCC specification appears equally
justified from a forecasting perspective and sufficient in-sample, given that the data do not
favor time-varying correlations. Estimating correlations adds flexibility within the sample

while maintaining the same predictive performance out-of-sample.
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6.2 Scenario-based risk assessment

The previous section demonstrates the strong forecasting performance of the SPF-GARCH
model for relatively short forecast horizons. We now illustrate how scenarios can be
constructed from the multivariate predictive densities that incorporate the SPF and a
constant conditional correlation matrix.

Turning to scenario analysis, we define a bad (downside) scenario for GDP as the
conditional distribution of real GDP growth given that both inflation and unemployment are
unexpectedly high, i.e., above their respective 90th percent quantiles. This stagflationary
setting captures the impact of simultaneous adverse surprises in prices and the labor market.
Figure 2 plots the marginal distribution in blue and the scenario distribution in red, both
shown by the 10%-90% quantile range estimated on an expanding window. Panels (a) and

(b) use the SPF consensus one-step-ahead forecasts and nowcasts, respectively.

Figure 2: Downside GDP scenarios based on the SPF-GARCH

(a) One-step-ahead GDP densities (b) Nowcast GDP densities
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Notes: This figure plots the 10th and 90th percentiles of the marginal predictive density for real GDP
growth (blue lines) and the corresponding conditional percentiles when both inflation and unemployment
are in their upper deciles (red lines), i.e., Qi’+h‘t’w(7) | (7 2 QFptw(0:9), v = QFp ,,(0.9)) for
7 € {0.1,0.9}. The black line depicts realized quarterly annualized GDP growth. Panel (a) shows the
one-step-ahead distribution (h = 1) and panel (b) the nowcast distribution (h = 0), each evaluated
at week w = 8 within the quarter. All forecasts are from the SPF-GARCH-CCC model assuming a
multivariate normal distribution. The sample period is 1990:Q1-2019:Q4 and the model is estimated
using an expanding window. Vertical gray bands indicate NBER recessions.

In both cases, the scenario distribution is clearly shifted downward. For the one-step-

ahead density, the conditional 10% quantile is, on average, about 2 percentage points
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lower than in the baseline distribution; for the nowcast, the shift still amounts to 1.5
percentage points. Thus, even when conditioning on SPF nowcasts, the scenario analysis
points to further elevated downside risks to GDP relative to the baseline distribution.
During the global financial crisis, the nowcasting scenario density in panel (b) provided an
early indication of elevated downside risk. While the baseline density also reflects part of
the deterioration, its 10% quantile stayed well above the realized outcome in early 2009,
suggesting it placed less weight on extreme negative realizations (Schick, 2024).

Figure 3 helps explain these shifts. It shows the evolution of cross-correlations among
the macroeconomic indicators, evaluated at week 8 within each quarter (after the SPF
mid-quarter release). The strongest and most persistent relationship is between the
standardized residuals of GDP growth and unemployment, around —0.5 for the one-step-
ahead distribution and —0.3 for the nowcast. This negative correlation is the main driver

of the downward shift in GDP under the stagflationary scenario.

Figure 3: Estimated correlations from the SPF-GARCH-CCC model

(a) One-step-ahead correlations (b) Nowcast correlations
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Notes: This figure plots the constant conditional correlation (CCC) coefficients for GDP growth, inflation,
and unemployment estimated from the SPF-GARCH-CCC model estimated using an expanding window.
Panel (a) shows results for the one-step-ahead distribution (h = 1) and panel (b) for the nowcast distribution
(h = 0), each evaluated at week w = 8 within the quarter. The sample period is 1990:Q1-2025:Q2. Vertical
gray bands indicate NBER recessions.

Figure 4 shows the difference in scenario densities between the AR-GARCH and the
SPF-GARCH models. Compared to the benchmark AR-GARCH specification, incorpo-

rating the current macroeconomic outlook via the SPF consensus forecasts clearly shifts
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the conditional distribution, both for the one-step-ahead and the nowcast scenarios. For
instance, following the global financial crisis, both models indicate substantial downside
risk, but the SPF-based density adjusts more quickly and appears less pessimistic, reflecting
a faster recovery in expectations. The largest differences appear for the nowcast horizon,
where the SPF delivers the greatest nowcast gains and thus provides the most accurate
information about the conditional mean of GDP growth, which in turn affects the quantiles

of the entire predictive density.

Figure 4: Downside GDP scenarios under AR-GARCH and SPF-GARCH models

(a) One-step-ahead GDP scenarios (b) Nowcast GDP scenarios
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Notes: This figure plots the 10th and 90th percentiles of the conditional predictive density for real
GDP growth when both inflation and unemployment are in their upper deciles, i.e., QY e (™) (T >

QFn)t0(0.9), v = Q1 y,.,,(0.9)) for 7 € {0.1,0.9}, alongside realized quarterly annualized GDP growth
(black line). Blue lines depict forecasts from the baseline AR-GARCH model; red lines depict forecasts
from the SPF-GARCH model. Panel (a) shows the one-step-ahead distribution (h = 1) and panel (b)
the nowcast distribution (h = 0), each evaluated at week w = 8 within the quarter. The sample period
is 1990:Q1-2019:Q4 and the models are estimated using an expanding window. Both models assume a
multivariate normal distribution with constant correlations. Vertical gray bands indicate NBER recessions.

Next, Figure B.2 presents upside scenarios for inflation. As seen in Figure 3, although
modest in magnitude, forecast errors of inflation are negatively correlated with those
of both GDP growth and unemployment. Accordingly, we define the scenario as the
conditional distribution of inflation given that GDP growth and unemployment fall below
their respective 10% quantiles. The resulting conditional densities are shifted upward by,

on average, 0.4 percentage points both for the one-step-ahead and nowcast distributions,

respectively.
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For unemployment, we construct the upside-risk scenario by conditioning on GDP
growth and inflation being below their 10% quantiles. Since forecast errors for unem-
ployment are typically small later in the quarter, we evaluate the distribution at week 4.
Figure B.3 shows that unexpectedly weak growth and low inflation increase the upper tail
of the unemployment distribution. On average, the conditional 90% quantile rises by 0.4
and 0.2 percentage points for the one-step-ahead and nowcast densities, respectively. In
particular, the scenario densities indicate elevated upside risks to unemployment during

and shortly after recessions.

6.3 Extended-sample evaluation

We next extend the evaluation sample to 2025:Q1. Table A.2 reports the corresponding
forecast evaluation results. Due to exceptionally large forecast errors during the COVID-19
pandemic, the period from 2020:Q1 to 2020:Q4 is excluded from the evaluation in this table.
The results confirm that our findings are robust to the longer sample. The SPF-GARCH
specification remains included in the MCS throughout. Adding the NFCI yields significant
nowcast improvements only toward the end of the quarter.

Figure 5 illustrates the corresponding scenario densities during and after the COVID-19
pandemic. For one-step-ahead GDP growth in panel (a), the SPF-GARCH model generates
large forecast errors due to the unforeseen pandemic. In contrast, panel (b) shows that
the SPF quickly incorporated the severity of the economic downturn and the subsequent
recovery. As a result, forecast errors are small, and both the baseline and scenario densities
closely track GDP growth realizations in the following quarters.

Panels (c) and (d) show that the SPF-GARCH model already indicated elevated upside
risks to inflation at the end of 2020. During the high-inflation period of 2021 and 2022,
even the 90% quantile of the baseline one-step-ahead density closely tracked the realized
inflation rates. The scenario density in panel (c) exceeds 5% inflation as early as the
beginning of 2021. In panel (d), incorporating more accurate SPF projections, the nowcast

density appears somewhat less pessimistic, yet remains remarkably effective in capturing
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Figure 5: SPF-GARCH model-based scenarios during the COVID-19 pandemic

(a) One-step-ahead GDP densities
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Notes: This figure replicates the scenarios shown in Figures 2, B.2, and B.3 for the sample period
2020:Q1-2023:Q4. Each panel plots the 10th and 90th percentiles of the conditional predictive density
(red) and of the marginal distribution (blue) for one variable, alongside its realized value (black line).
Panel (a) shows the one-step-ahead distribution (h = 1), and Panel (b) the nowcast distribution (h = 0),
each evaluated at week w = 8 within the quarter. All forecasts are from the SPF-GARCH-CCC model
assuming a multivariate normal distribution. Vertical gray bands indicate NBER recessions.
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upside risks. Both the marginal and scenario densities closely align with observed inflation
outcomes.

Lastly, panels (e) and (f) of Figure 5 display the predictive densities for the unemploy-
ment rate. As seen in panel (e), the one-step-ahead density failed to anticipate the sharp
increase in unemployment at the onset of the pandemic, and it was not until 2021:Q1
that the marginal distribution became centered around the realized unemployment rate.
In contrast, the SPF-GARCH nowcast overpredicted the unemployment rate in 2020:Q2,
resulting in 10% quantiles well above the realization. However, at this short horizon, the
predictive density tracked the unemployment rate fairly closely again from the fourth

quarter of 2020 onward.

6.4 Robustness analysis
6.4.1 Rolling-window estimation

As discussed in Section 5, nested models should be estimated on a rolling window to
ensure the Diebold—Mariano test behaves well asymptotically. Table A.3 replicates the
main results using a rolling window of 100 observations.® Overall, the findings are robust:
the SPF-GARCH model remains included in the MCS and continues to produce smaller
losses than the AR-GARCH benchmark with or without the NFCI. The out-of-sample
losses are broadly comparable to those reported in Table 3. However, reduced power due
to higher estimation uncertainty leads to some additional AR-GARCH specifications being
included in the MCS.

6.4.2 Fat-tailed innovations and copulas

The assumption of multivariate normality can be restrictive and might potentially drive
the main results if the SPF only refines the predictive density through the conditional

mean, while the data in fact require more flexibility such as fat tails. This would put the

3The initial estimation sample in 1990:Q1 contains 85 observations, however, a longer rolling window
is used here to mitigate the low power of the MCS associated with very short estimation windows.
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benchmark AR-GARCH model at an unfair disadvantage.

To demonstrate that the SPF-GARCH model outperforms the AR-GARCH benchmark
not merely due to restrictive distributional assumptions, we employ a more flexible
parametric specification. Specifically, we first fit the marginal densities assuming univariate
Student-t distributions* and then estimate a ¢t-copula with a constant conditional correlation
matrix (t-copula-CCC) to construct the joint predictive density. In total, we estimate
four degrees-of-freedom (DoF) parameters, one for each marginal distribution and one
for the copula, as well as three correlation coefficients. This setup allows for both tail
heterogeneity and tail dependence without inflating the number of parameters. For
completeness, Appendix C details the construction of the joint predictive density using
Student-t marginals and a t-copula.

Table A.4 replicates the main results using the t-copula-CCC approach. Again, the
MCS contains all specifications that incorporate the SPF in the conditional mean, and the
out-of-sample scores are comparable to those in Table 3.

Restricting correlations to be constant, Table A.5 compares the out-of-sample log-scores
of the SPF-GARCH model under normality and under the ¢-copula specification. The
difference in forecast performance is small and, in most cases, not statistically significant.
However, Table A.6 shows that the in-sample log-likelihoods are significantly higher when
using the t-copula specification. Hence, the more flexible approach improves in-sample fit
without imposing a cost in terms of forecast accuracy.

Interestingly, at the nowcast horizon, panel (b) of Figure B.4 shows that the downside
GDP scenario density is nearly identical under both the normal and the t-copula specifi-
cations. This finding is supported by panel (a) of Figure B.5, which plots the estimated
DoF parameters for the marginals and the copula. Estimating the model on an expanding
window, the DoF values vary over time and are frequently large, often exceeding 100,
implying that at the shortest horizon the SPF-GARCH model leaves little fatness in the

tails of the joint distribution of the residuals.

4We also considered the Hansen Skew-t distribution to allow for skewness in the marginals. The results
were qualitatively similar and are therefore not reported.
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In contrast, at the one-step-ahead horizon, panel (a) of Figure B.5 indicates noticeable
fat tails in the marginal distributions of GDP and unemployment. The copula’s DoF
parameter typically hovers around 20, suggesting moderate deviations from Gaussian
copula behavior, while inflation remains close to normality.

Comparing the one-step-ahead scenario densities in panel (a) of Figure B.4 reveals that,
although the conditional 90% quantiles are nearly identical, the conditional 10% quantiles
are shifted downward by about 0.7 percentage points on average. Although the effect is
moderate, the downward shift suggests that accounting for fat tails and tail dependence
can affect the assessment of downside risks in adverse states, which may be relevant for
stress-testing and risk assessment exercises.

Overall, the t-copula-CCC approach offers additional flexibility in modeling tail depen-
dence, while the results confirm that the main differences between scenario and marginal

densities are primarily attributable to the SPF consensus forecasts.

6.4.3 Longer forecast horizons

The main results focus on the short-term predictive performance of the SPF-GARCH
model for the nowcast and the one-step-ahead multivariate predictive density. We find
that SPF consensus forecasts significantly improve the predictive densities for inflation
and unemployment, but provide only limited refinements for the one-step-ahead marginal
distribution of GDP growth when incorporating the two-step-ahead SPF projections at the
beginning of the quarter. This section extends the analysis to longer horizons and evaluates
the out-of-sample performance of the SPF-GARCH model for the two-quarters-ahead
(h = 2) and three-quarters-ahead (h = 3) densities.

Assuming multivariate normality, Table A.7 indicates that SPF consensus projections
continue to enhance the multivariate predictive density for all horizons up to h = 3. At
the beginning of the quarter, h = 3 corresponds to a four-quarters-ahead forecast based on
SPFy:—4. Augmenting the variance equation with the NFCI produces further reductions

in out-of-sample log-scores; these reductions are, at times, similar in magnitude to the

33



improvements obtained from adding the SPF to the conditional mean and are occasionally
statistically significant.

For the univariate distributions, Table A.8 shows that the SPF median forecasts for
GDP growth do not improve its marginal predictive density relative to the AR-GARCH
benchmark, whereas the marginal distributions of inflation and unemployment are signifi-
cantly better. Thus, the improvements in the multivariate densities primarily reflect SPF
information for inflation and unemployment. This confirms that predictability limits are
reached for GDP growth at horizons of two or more quarters, consistent with Stark (2010),
who document that SPF forecast performance deteriorates rapidly beyond one-quarter-
ahead, especially for GDP. Regarding calibration of the SPF-GARCH model, Figure B.6
shows that GDP growth and inflation forecast distributions remain well calibrated at
longer horizons, while for unemployment at least the tails are well modeled.

Table A.9 suggests that both the CCC and the ¢-copula approaches marginally, albeit
non-significantly, refine the out-of-sample scores of the SPF-GARCH model, implying that
incorporating a correlation matrix for scenario analysis does not compromise predictive
accuracy. Although the out-of-sample gains are insignificant, Table A.10 suggests that the
t-copula is preferred in-sample.

Turning to scenario densities for h = 2 and h = 3, Figure B.7 shows that conditional
densities for all macro indicators remain substantially different from their marginals.
Figure B.8 illustrates that the conditional GDP growth distributions of SPF-GARCH and
AR-GARCH are fairly similar at these horizons. Nevertheless, even though SPF forecasts
do not improve GDP growth predictive densities for h = 2 and h = 3, the framework still
captures meaningful conditional tail risks. Notably, the lower conditional quantiles display
pronounced time variation, while the upper quantile remains relatively stable. Finally,
Figure B.9 shows that conditional downside risks estimated under Student-t marginals

with a t-copula shift further downward relative to the multivariate normal specification.
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7 Conclusion

This paper proposes to assess joint macroeconomic tail risks by modeling the multivariate
predictive density of macroeconomic indicators. We incorporate SPF consensus forecasts
to model the conditional mean of real GDP growth, inflation, and unemployment, and
use an AR-GARCH framework to capture time-varying macroeconomic uncertainty and
cross-variable correlations.

The resulting predictive densities can be evaluated out-of-sample, and we find that
SPF consensus projections significantly improve density forecasts at short horizons. This
highlights the value of combining survey-based expectations with econometric models to
better capture short-term macroeconomic risks.

Scenarios are defined as conditional predictive densities, such as GDP growth conditional
on high inflation and unemployment. We find strong dependence between GDP growth
and unemployment, resulting in pronounced shifts of the scenario distributions relative to
their marginals. Comparing SPF-GARCH with a purely statistical AR-GARCH shows
that survey information substantially alters scenario densities, especially around the global
financial crisis and subsequent recovery.

Taken together, this framework offers policymakers a statistically grounded, real-
time tool to assess macroeconomic scenarios and quantify joint risks across multiple
dimensions. The approach remains deliberately agnostic: although it does not deliver
structural interpretation, it provides a transparent econometric basis for modeling joint
macroeconomic risks and for incorporating judgment or external information.

Future extensions could broaden the set of variables included in the joint system, even
in the absence of SPF projections, by integrating additional macro-financial indicators
such as the term spread or credit conditions. Moreover, while our scenarios are closely
related to CoVaR-type conditional functionals that are not elicitable and therefore cannot
be directly evaluated, recent work shows that such conditional scenario quantiles can be

assessed jointly with VaR in a lexicographical sense (Fissler and Hoga, 2024).
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Appendices

A Tables

Table A.1: In-sample fit of SPF-GARCH

One-step-ahead Nowecast
week 4 8 12 4 8 12
Normal -844.45*  -799.27*  -795.10"* -615.00" -540.20* -410.09**

Normal-CCC  -827.93 -778.70 -775.80 -610.17  -533.47 -405.78
Normal-DCC -826.28 -778.18 -775.07 -609.93  -532.95 -403.73

Notes: This table reports in-sample log-likelihoods comparing SPF-GARCH model specifications for
GDP growth, inflation, and unemployment. Models are estimated on the sample 1968:Q4-2019:Q4.
The baseline model (row 1) assumes a multivariate normal distribution with a diagonal covariance
matrix. Row 2 shows the normal-CCC model with constant conditional correlations, and row 3
presents the normal-DCC model with dynamic conditional correlations. Stars indicate significance
of likelihood-ratio (LR) tests when comparing the normal-CCC model (row 2) against the baseline
diagonal covariance model (row 1) and the DCC model (row 3), imposing three and two restrictions,
respectively. Significance levels are: * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A.2: Out-of-sample log-scores excluding the COVID-19 pandemic

One-step-ahead Nowcast
week 4 8 12 4 8 12
AR-GARCH: 465 449 431 3.77 3.13 233

+a),; = NFCI,, 441 429 412 3.60 3.08 2.26
+af,; = NFCI,, 459 447 439 390 3.31 2.36
SPF-GARCH: 437 3.95 385 363 271 1.99
+al . = NFCI,, 4.28 410 3.90 3.54 2.64 1.89
+ay,; = NFCI,, 431 398 3.83 371 280 1.94
+af,; = SPE ™ 438 398 391 367 276 1098

Notes: This table reports average log-scores of the multivariate normal distribu-
tion for GDP growth, inflation, and unemployment over the out-of-sample period
1990:Q1-2025:Q1, excluding the 2020 calendar year (137 observations). AR-GARCH
denotes the baseline AR(1)-GARCH(1,1) model, while SPF-GARCH augments
the conditional mean with SPF projections. All models are estimated using an
expanding window with an initial length of 85 observations. Columns indicate the
week of the quarter in which forecasts are formed. Gray shading denotes inclusion
in the 90% model confidence set; bold entries indicate the lowest average loss within
each column.
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Table A.3: Out-of-sample log-scores based on rolling-window estimation

One-step-ahead Nowecast
week 4 8 12 4 8 12
AR-GARCH: 4.60 4.41 4.23 3.60 3.00 2.16
+at i = NFCIy, 4.42 4.25 4.08 3.57 3.06 2.17
+x7,; = NFCly,, 4.56 4.48 4.38 3.78 3.25 2.27
SPF-GARCH: 4.33 3.79 3.69 345 2.54 191
2t = NFCIyy, 439 399 395 3.44 265 1.83
7, = NFCly,, 4.45 4.15 394 3.60 2.68 1.85

+ag,,; = SPFe™ 433 3.78 3.72 346 265 1.90

Notes: This table reports average log-scores of the multivariate normal distribution
for GDP growth, inflation, and unemployment over the out-of-sample period 1990:Q1-
2019:Q4 (120 observations). AR-GARCH denotes the baseline AR(1)-GARCH(1,1)
model, while SPF-GARCH augments the conditional mean with SPF projections.
All models are estimated using a rolling window of 100 observations, with the initial
estimation sample consisting of 85 observations. Columns indicate the week of
the quarter in which forecasts are formed. Gray shading denotes inclusion in the
90% model confidence set; bold entries indicate the lowest average loss within each
column.

Table A.4: Out-of-sample log-scores using the t-copula specification

One-step-ahead Nowcast
week 4 8 12 4 8 12
AR-GARCH: 4.43 422 405 358 298 2.14
24 = NFCIy 414 397 386 3.34 293 2.09
7, = NFCIy,, 4.44 417 414 3.66 3.02 2.14
SPF-GARCH: 4.04 3.65 3.51 333 253 1.84
a1, = NFCIy 3.93 3.66 361 3.21 248 1.73
+7,,; = NFCly,, 4.01 3.63 352 331 259 1.74

+a7,,=SPF/J™ 405 369 361 344 258 1.86

Notes: This table reports average log-scores of multivariate predictive densities
constructed from a t-copula with Student-¢ marginals and a constant conditional
correlation matrix for GDP growth, inflation, and unemployment over the out-
of-sample period 1990:Q1-2019:Q4 (120 observations). AR-GARCH denotes the
baseline AR(1)-GARCH(1,1) model, while SPF-GARCH augments the conditional
mean with SPF projections. All models are estimated using an expanding window
with an initial length of 85 observations. Columns indicate the week of the quarter
in which forecasts are formed. Gray shading denotes inclusion in the 90% model
confidence set; bold entries indicate the lowest average loss within each column.
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Table A.5: Out-of-sample log-scores of SPF-GARCH model
specifications using the t-copula

One-step-ahead Nowcast

Log-score 4 8 12 4 8 12

Normal-CCC 409 3.66 3.58 338 256 1.85
t-copula-CCC 4.04 3.65 3.51 3.33 2.53 1.84

Notes: This table reports average log-scores of SPF-GARCH model
specifications for GDP growth, inflation, and unemployment over the
out-of-sample period 1990:Q1-2019:Q4 (120 observations). The models
are Normal-CCC (assuming a multivariate normal distribution with a
constant conditional correlation matrix) and ¢-copula-CCC (constructed
from univariate GARCH models with Student-¢ marginals combined via a
t-copula with constant conditional correlations). All models are estimated
using an expanding window with an initial length of 85 observations.
Columns indicate the week of the quarter in which forecasts are formed.
Gray shading denotes inclusion in the 90% model confidence set; bold
entries indicate the lowest average loss within each column.

Table A.6: In-sample fit of SPF-GARCH using the t-copula

One-step-ahead Nowecast
week 4 8 12 4 8 12

Normal-CCC  -827.93** -778.70* -775.80"* -610.17* -533.47* -405.78
t-copula-CCC  -821.10 -770.48 -766.75 -603.83  -529.45 -403.79

Notes: This table reports in-sample log-likelihoods comparing SPF-GARCH model specifications for
GDP growth, inflation, and unemployment. Models are estimated on the sample 1968:Q4-2019:QA4.
The baseline model (row 1) assumes a multivariate normal distribution with a constant conditional
correlation (CCC) matrix. Row 2 shows the t-copula-CCC model constructed from univariate
GARCH models with Student-t marginals combined via a t-copula with constant conditional
correlations. Stars indicate significance of likelihood-ratio (LR) tests comparing the t-copula-CCC
model (row 2) against the normal-CCC model (row 1), imposing four restrictions. Significance
levels are: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.7: Out-of-sample log-scores for longer forecast horizons

Three-step-ahead Two-step-ahead

week 4 8 12 4 8 12

AR-GARCH: 5.88 583 5.82 526 4.99 487
—i—mﬁwﬂ- = NFC1,, 507 511 509 498 4.71 4.55
+f,; = NFClp,, 5.52 543 537 5.08 4.74 4.72

SPF-GARCH: 557 5.05 512 497 438 4.34
—i—xﬁw’i = NFC1I,, 5.04 496 4.95 483 434 4.31
+x7,; = NFCl,, 5.14 4.65 4.63 4.66 4.12 4.08

+a7,, =SPEE™ 562 498 5.05 501 434 433

Notes: This table reports average log-scores of the multivariate normal distribution
for GDP growth, inflation, and unemployment over the out-of-sample period 1990:Q1-
2019:Q4 (120 observations). AR-GARCH denotes the baseline AR(1)-GARCH(1,1)
model, while SPF-GARCH augments the conditional mean with SPF projections.
All models are estimated using an expanding window with an initial length of 85
observations. Columns indicate the week of the quarter in which forecasts are formed.
Gray shading denotes inclusion in the 90% model confidence set; bold entries indicate
the lowest average loss within each column.

Table A.8: Out-of-sample log-likelihood for longer forecasts horizon

Three-step-ahead Two-step-ahead

Overall 4 8 12 4 8 12

AR-GARCH 706.00  699.95 698.30 631.04 599.22  584.91
SPF-GARCH  668.33 605.44 614.45 596.04 525.72 521.34

real GDP 4 8 12 4 8 12

AR-GARCH 279.36  279.39  280.07 275.16 275.16 275.41
SPF-GARCH  276.80 279.05 277.35 275.56 269.09 266.44

Inflation 4 8 12 4 8 12

AR-GARCH 189.06  194.72  194.44 19590 194.47 194.99
SPF-GARCH  184.98 184.59 183.15 186.27 177.01 178.57

Unemployment 4 8 12 4 8 12

AR-GARCH 23759  225.84  223.79 15997 129.59 114.51
SPF-GARCH  206.55 141.80 153.95 134.21 79.63 76.32

Notes: This table reports negative log-likelihoods for individual macroeconomic indicators
over the out-of-sample period 1990:Q1-2019:Q4 (120 observations). AR-GARCH denotes
the baseline AR(1)-GARCH(1,1) model for GDP growth, inflation, and unemployment,
while SPF-GARCH augments the conditional mean with SPF projections. All models
are estimated using an expanding window with an initial length of 85 observations and
assume a multivariate normal distribution. Columns indicate the week of the quarter in
which forecasts are formed. Gray shading denotes inclusion in the 90% model confidence
set; bold entries indicate the lowest average loss within each column.
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Table A.9: Out-of-sample log-scores of SPF-GARCH model specifications
for longer forecast horizons

Three-step-ahead Two-step-ahead

Log-score 4 8 12 4 8 12
AR-GARCH 5.88 5.83 5.82 526 499 487
SPF-GARCH 5.57 505 512 497 438 4.34
SPF-GARCH-CCC 541 485 493 480 4.25 4.22

SPF-GARCH-t-copula-CCC 5.36 4.62 4.65 4.67 4.18 4.15

Notes: This table reports average log-scores of the multivariate predictive densities for
GDP growth, inflation, and unemployment over the out-of-sample period 1990:Q1-2019:Q4
(120 observations). Using a multivariate normal distribution, the models are AR-GARCH
(baseline AR(1)-GARCH(1,1)), SPF-GARCH (adding SPF projections in the conditional
mean), and SPF-GARCH-CCC (assuming a constant conditional correlation matrix). The
SPF-GARCH-t-copula-CCC model is constructed from univariate GARCH models with
Student-t marginals combined via a t-copula with constant correlations. All models are
estimated using an expanding window with an initial length of 85 observations. Columns
indicate the week of the quarter in which forecasts are formed. Gray shading denotes
inclusion in the 90% model confidence set; bold entries indicate the lowest average loss
within each column.

Table A.10: In-sample fit of SPF-GARCH using the t-copula for longer forecast
horizons

Three-step-ahead Two-step-ahead
week 4 8 12 4 8 12

Normal-CCC  -947.06** -943.84™* -941.82"* -893.88*** -857.72* -856.07*
t-copula-CCC  -941.25  -929.35 -927.93 -886.91 -853.30  -851.97

Notes: This table reports in-sample log-likelihoods comparing SPF-GARCH model specifications for
GDP growth, inflation, and unemployment. Models are estimated on the sample 1968:Q4-2019:Q4.
The baseline model (row 1) assumes a multivariate normal distribution with a constant conditional
correlation (CCC) matrix. Row 2 shows the ¢-copula-CCC model constructed from univariate GARCH
models with Student-t marginals combined via a t-copula with constant conditional correlations.
Stars indicate significance of likelihood-ratio (LR) tests comparing the ¢-copula-CCC model (row 2)
against the normal-CCC model (row 1), imposing four restrictions. Significance levels are: * p < 0.10,
** p < 0.05, ¥** p < 0.01.
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B Figures

Figure B.1: Probability integral transform of the SPF-GARCH model

(a) Real GDP: One-step-ahead (b) Real GDP: Nowcast
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Notes: This figure displays the probability integral transform (PIT) over 1990:Q1-2019:Q4 for the
SPF-GARCH model estimated on an expanding window under a multivariate normal distribution. Black
dashed lines denote 95% confidence bands under the null of uniformity and independence; red dashed
lines show 95% bootstrap bands assuming uniformity only, following Rossi and Sekhposyan (2019).
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Figure B.2: Upside inflation scenarios based on the SPF-GARCH model

(a) One-step-ahead inflation densities (b) Nowcast inflation densities
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Notes: This figure plots the 10th and 90th percentiles of the marginal predictive density for inflation (blue
lines) and the corresponding conditional percentiles when both GDP growth and unemployment are in their
lower deciles (red lines), i.e., QF ,, ,(7) | (y < Qih‘t’w(O.l)7 U < QFyyi4,,,(0-1)) for 7 € {0.1,0.9}. The
black line depicts realized quarterly annualized inflation. Panel (a) shows the one-step-ahead distribution
(h = 1), and panel (b) the nowcast distribution (h = 0), each evaluated at weeks w = 8 within a quarter.
All forecasts are from the SPF-GARCH-CCC model assuming a multivariate normal distribution. The
sample period is 1990:Q1-2019:Q4 and the model is estimated using an expanding window. Vertical gray
bands indicate NBER recessions.

Figure B.3: Upside unemployment scenarios based on the SPF-GARCH model

(a) One-step-ahead unemployment densities (b) Nowcast unemployment inflation
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Notes: This figure plots the 10th and 90th percentiles of the marginal predictive density for unemployment
(blue lines) and the corresponding conditional percentiles when both real GDP growth and inflation are in
their lower deciles (red lines), i.e., Qi ., (7) | (y < Qﬂh‘t’w(o.l), T < QFpy,0(0-1)) for 7 € {0.1,0.9}.
The black line depicts realized quarterly unemployment. Panel (a) shows the one-step-ahead distribution
(h = 1) and panel (b) the nowcast distribution (h = 0), each evaluated at week w = 4 within the quarter.
All forecasts are from the SPF-GARCH-CCC model assuming a multivariate normal distribution. The
sample period is 1990:Q1-2019:Q4 and the model is estimated using an expanding window. Vertical gray
bands indicate NBER recessions.
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Figure B.4: Downside GDP scenarios based on the SPF-GARCH model under normality
and the t-copula

(a) One-step-ahead GDP scenarios (b) Nowcast GDP scenarios
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Notes: This figure plots the 10th and 90th percentiles of the conditional predictive density for real
GDP growth when both inflation and unemployment are in their upper deciles, i.e., Qf+h|t7w(r) | (m >
QFn)tw(0.9), uw = QY ,,(0.9)) for 7 € {0.1,0.9}, alongside realized quarterly annualized GDP growth
(black line). Blue lines depict forecasts from the SPF-GARCH model assuming a multivariate normal
distribution; red lines depict forecasts from the SPF-GARCH model with Student-¢t marginals combined
via a t-copula with constant conditional correlations. Panel (a) shows the one-step-ahead distribution
(h =1) and panel (b) the nowcast distribution (h = 0), each evaluated at week w = 8 within the quarter.
The sample period is 1990:Q1-2019:Q4 and the models are estimated using an expanding window. Vertical
gray bands indicate NBER recessions.

Figure B.5: Estimated degrees of freedom from the SPF-GARCH model using the ¢-copula

(a) One-step-ahead correlations (b) Nowecast correlations
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Notes: This figure plots the estimated degrees-of-freedom (DoF) parameters over time from the
SPF-GARCH model using the t-copula specification with Student-t marginal distributions. Panel (a)
shows results for the one-step-ahead distribution (h = 1) and panel (b) for the nowcast distribution
(h = 0), each evaluated at week w = 8 within the quarter. Blue, red, and yellow lines correspond to the
DoF parameters of real GDP growth, inflation, and unemployment, respectively, while the black line
depicts the DoF parameter of the t-copula. The sample period is 1990:Q1-2025:Q3 and the model is
estimated using an expanding window. Vertical gray bands indicate NBER recessions.
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Figure B.6: Probability integral transform of the SPF-GARCH model

(a) Real GDP: Three-step-ahead
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(b) Real GDP: Two-step-ahead
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(f) Unemployment: Two-step-ahead
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Notes: This figure displays the probability integral transform (PIT) over 1990:Q1-2019:Q4 for the
SPF-GARCH model estimated on an expanding window under a multivariate normal distribution. Black
dashed lines denote 95% confidence bands under the null of uniformity and independence; red dashed
lines show 95% bootstrap bands assuming uniformity only, following Rossi and Sekhposyan (2019).
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Figure B.7: SPF-GARCH model-based scenarios for longer forecast horizons

(a) Three-step-ahead GDP densities (b) Two-step-ahead GDP densities
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Notes: This figure replicates the scenarios shown in Figures 2, B.2, and B.3 for the sample period
1990:Q1-2019:Q4. Each panel plots the 10th and 90th percentiles of the conditional predictive density
(red) and of the marginal distribution (blue), alongside its realized value (black line). Panel (a) and (b)
show the three-step-ahead (h = 3) and the two-step-ahead distribution (h = 2), each evaluated at week
w = 8 within the quarter. All forecasts are from the SPF-GARCH-CCC model estimated on an expanding
window, assuming a multivariate normal distribution. Vertical gray bands indicate NBER recessions.
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Figure B.8: Downside GDP scenarios under AR-GARCH and SPF-GARCH models for
longer forecast horizons

(a) Three-step-ahead GDP scenarios (b) Two-step-ahead GDP scenarios
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Notes: This figure plots the 10th and 90th percentiles of the conditional predictive density for real
GDP growth when both inflation and unemployment are in their upper deciles, i.e., Qf+h|t7w(7) | (m >
QFn)1w(0.9), uw > Qfy,,,(0.9)) for 7 € {0.1,0.9}, alongside realized quarterly annualized GDP growth
(black line). Blue lines depict forecasts from the baseline AR-GARCH model; red lines depict forecasts
from the SPF-GARCH model. Panels (a) and (b) show the three-step-ahead (h = 3) and the two-step-
ahead distribution (h = 2), each evaluated at week w = 8 within the quarter. The sample period is
1990:Q1-2019:Q4 and the models are estimated using an expanding window. Both models assume a
multivariate normal distribution and constant correlations. Vertical gray bands indicate NBER recessions.
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Figure B.9: Downside GDP scenarios based on the SPF-GARCH model under normality
and the t-copula for longer forecast horizons

(a) Three-step-ahead GDP scenarios (b) Two-step-ahead GDP scenarios
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Notes: This figure plots the 10th and 90th percentiles of the conditional predictive density for real
GDP growth when both inflation and unemployment are in their upper deciles, i.e., Qf+h|t7w(7) | (m >

tnjew(0:9), w = Qi ,(0.9)) for T € {0.1,0.9}, alongside realized quarterly annualized GDP growth
(black line). Blue lines depict forecasts from the SPF-GARCH model with a multivariate normal
specification; red lines depict the version with Student-t marginals combined via a t-copula with constant
conditional correlations. Panels (a) and (b) show the three-step-ahead (h = 3) and the two-step-ahead
distribution (h = 2), each evaluated at week w = 8 within the quarter. The sample period is 1990:Q1-
2019:Q4, and the models are estimated using an expanding window. Vertical gray bands indicate NBER
recessions.
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C Copula-based robustness specification

For each indicator ¢ € {y, m, u}, the univariate h-step-ahead distributions are modeled as

Student-t:

Rithltaw ™ t (Nt+h|t,w> Ot thltws Vt,w) ) (27)

where the conditional mean and variance are given in equations (8) and (9), and v}, > 2
denotes a degrees-of-freedom parameter that is estimated using data available in week w
of quarter ¢t and held fixed within that estimation window.
Let T, denote the cumulative distribution function of the standard Student-t,: distri-
bution. The standardized residuals are given by
Z§+h|t,w - Ni+h\t,w

i _
Nethltw = i ) (28)
Otthltw

which are transformed to the unit interval as

ﬁi+h|t,w =T, (77§+h\t7w) . (29)

To construct the joint predictive distribution, we couple the marginal distributions
using a Student-¢ copula. The Student-¢ copula with vy, degrees of freedom and constant

conditional correlation matrix R;,, is defined as

Coer (rinita) = Toer (T (Wonpw) - Toe (Monpr) » Tt (snie)) > (30)

where T, g denotes the multivariate Student-¢ cumulative distribution function, and
Th4hjt,w collects the probability integral transforms defined in equation (29).

In this robustness specification, the marginal distributions are estimated separately
for each indicator, yielding one degrees-of-freedom parameter V,f’w for each marginal

distribution. Dependence across variables is captured by a Student-t copula with a
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constant conditional correlation (CCC) matrix Ry, and an additional copula degrees-of-
freedom parameter vy ,,. The CCC assumption implies that correlations are constant within
each estimation window, which keeps the parameterization parsimonious while allowing for
tail dependence through the copula. Estimation proceeds in two steps: first, the univariate
Student-t GARCH models are fitted for each indicator; second, the copula parameters
(Rtw, vf,,) are estimated conditional on the marginal fits using the probability integral
transforms defined in equations (28) and (29). This two-step approach ensures flexibility

in the marginal distributions while maintaining tractability in the joint specification.
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