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1 Introduction

Macroeconomic downside risk modeling has recently emerged as a prominent field of research

in economics (Adrian et al., 2019; Chavleishvili et al., 2021; Forni et al., 2024; Carriero et al.,

2024; Korobilis and Schröder, 2025). The growing interest in this topic has been in part

driven by the increased emphasis policymakers have placed on downside risk when deter-

mining economic policy (Powell, 2021, 2024). One of the seminal contributions that sparked

much of the interest in this area is Adrian et al. (2019), which showed that downside risk to

U.S. economic growth increases when financial conditions tighten. Since then, the literature

has extended the study of downside risk to a broad collection of macroeconomic variables.

This collection includes, to name a few, inflation, unemployment, business conditions, hous-

ing, and investment (Ghysels et al., 2018; Prasad et al., 2019; Lopez-Salido and Loria, 2020;

Deghi et al., 2020; Banerjee et al., 2020; Lang and Forletta, 2020; Adams et al., 2021; Kiley,

2022; Adrian et al., 2022; Lenza et al., 2023; Amburgey and McCracken, 2023; Keijsers and

van Dijk, 2024).

Most contributions in the literature analyze downside risk for individual macroeconomic

variables in isolation. In this paper, we adopt a multivariate perspective and study downside

risk across a large panel of U.S. macroeconomic variables. Our primary objective is to assess

which factors (if any) capture the dynamics of downside risk across the entire panel. It is

well established in empirical macroeconomics that a small number of factors can effectively

track the location dynamics of a broad set of macroeconomic variables (Stock and Watson,

2016). We investigate whether analogous evidence holds for downside risk. Understanding

which factors drive downside risk for a large number of macroeconomic variables is essential

for effective risk monitoring, as these factors predict the occurrence of joint extreme adverse

events in the economy.

We are interested in predicting downside risk for a large panel of (stationary) macroeco-

nomic variables. We assume that an extreme negative realization of any variable in the panel

signals an adverse economic outcome. We define downside risk for a macroeconomic variable
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over a given horizon as the p-th quantile of the conditional distribution of the forward-average

of that variable. We link factors to downside risk through two model classes: quantile re-

gression and location-scale regression. Quantile regression is a standard methodology in

the downside risk literature (Adrian et al., 2019) and consists of modeling the conditional

quantile of the forward-average of each variable as a linear function of the factors. Location-

scale regression extends direct regression models widely used for macroeconomic forecasting

(Stock and Watson, 2002; Kim and Swanson, 2014) and consists of modeling the conditional

mean and variance of the forward-average of each variable as a function of the factors, from

which the conditional quantiles follow in closed form. Location-scale regression is inspired

by and closely related to Component GARCH and MIDAS-GARCH models, which have a

rich literature in econometrics (Ding and Granger, 1996; Amado and Teräsvirta, 2013; Engle

et al., 2013; Conrad and Engle, 2025).

We apply this framework to study downside risk for a large panel of U.S. macroeconomic

variables using a broad set of candidate downside risk factors. The panel is constructed using

a subset of the variables in the FRED-MD database (McCracken and Ng, 2016) over the

period January 1959 to July 2025, after being appropriately transformed to ensure station-

arity. We restrict the panel to variables whose extreme realizations signal adverse economic

outcomes, excluding variables driven by policy decisions such as interest rates and mone-

tary aggregates. We rotate the variables so that extreme negative realizations signal adverse

economic conditions. We group the candidate factors into four categories. The financial,

macroeconomic, and text-based categories consist of factors constructed from financial data

(e.g., the NFCI; Adrian et al., 2019), macroeconomic data (e.g., the macroeconomic uncer-

tainty index; Jurado et al., 2015), and text data (e.g., the geopolitical risk index; Caldara

and Iacoviello, 2022), respectively, and designed to capture conditions harmful to macroeco-

nomic and financial stability. The statistical category consists of PCA-based factors (Stock

andWatson, 1998) and quantile factors (Chen et al., 2021) extracted from the macroeconomic

panel, as well as the first principal component of the full set of financial, macroeconomic and
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text-based predictors.

Our empirical study consists of both in-sample and out-of-sample analyses, with primary

emphasis on the latter.

The in-sample analysis yields several findings. First, the panel of macroeconomic vari-

ables exhibits substantial lower tail dependence. The joint occurrence of adverse economic

outcomes follows a heavy-tailed distribution consistent with a power law, highlighting a

strong cross-sectional clustering of extreme events. Second, a factor screening exercise iden-

tifies the macroeconomic uncertainty index of Jurado et al. (2015) as the most prominent

downside risk factor in the panel, although financial and statistical factors also exhibit strong

performance. Third, location-scale regression provides more accurate estimates of downside

risk at short and medium horizons, whereas quantile regression proves most effective at

longer horizons. Finally, a quantile impulse response function analysis based on both quan-

tile regression and location-scale regression shows that the impact of downside risk factors on

macroeconomic variables varies across quantiles, corroborating the findings in Adrian et al.

(2019).

The out-of-sample analysis provides the primary evidence on which factors most effec-

tively predict downside risk. Relying on an out-of-sample analysis is natural in this context

as it mitigates overfitting concerns when identifying the factors that provide the most infor-

mative signals of macroeconomic distress. We forecast downside risk across multiple horizons

from January 1990 through July 2025. We construct forecasts using a comprehensive collec-

tion of one-, two-, and three-factor models. Predictions are based on both quantile regression

and location-scale regression, and are evaluated by their forecast accuracy and the adequacy

of the corresponding prediction intervals. We apply the model confidence set (Hansen et al.,

2011) to identify the set of models that are statistically indistinguishable from the best-

performing model. Our results point to a one-factor structure: the macroeconomic uncer-

tainty index consistently delivers the strongest forecasting performance across the panel,

its sub-categories, and key policy-relevant variables. Forecasts based on the macroeconomic
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uncertainty index achieve gains of up to 25% over the historical quantile and sizable improve-

ments over univariate benchmarks, especially at longer horizons. Several other financial and

statistical indicators, such as the NFCI and quantile factors, achieve predictive accuracies

that rival the macroeconomic uncertainty index. Location-scale regression performs best at

short and medium horizons, whereas quantile regressions dominate at longer horizons.

Our results indicate that, as with location dynamics, a small number of factors effectively

track downside risk across a broad range of macroeconomic variables. The key difference is

that downside risk appears to be driven predominantly by a single factor, broadly associated

with macroeconomic volatility, best proxied empirically by the macroeconomic uncertainty

index of Jurado et al. (2015). Text-based factors are notably absent from the group of top-

performing indicators as they generally fail to deliver strong predictive performance. Our

findings suggest that downside risk in the U.S. economy is largely a volatility phenomenon,

effectively captured by a parsimonious factor structure.

This paper contributes to two strands of the literature. The first is the literature on

macroeconomic downside risk modeling (Delle Monache et al., 2024; Gächter et al., 2025;

Carriero et al., 2025), which has largely focused on individual variables. We complement this

work by adopting a panel perspective and systematically comparing the predictive content

of a broad set of factors. The second is the literature on macroeconometric forecasting with

factor models (Stock and Watson, 2002; Kim and Swanson, 2014, 2018; Medeiros et al.,

2021; Goulet Coulombe et al., 2022). We contribute to this literature by showing that,

unlike location dynamics, downside risk across the panel is driven by a single factor broadly

associated with macroeconomic volatility.

The rest of the paper is organized as follows. Section 2 introduces the downside risk

framework and the quantile regression and location-scale regression models. Section 3 de-

scribes the macroeconomic panel and the candidate factors. Section 4 presents the empirical

results. Section 5 concludes.
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2 Downside Risk Modeling and Forecasting

In this section we introduce the downside risk definition employed in our analysis and describe

our strategies to forecast downside risk in a large panel of macroeconomic variables using

common factors.

2.1 Downside Risk Definition

We consider a balanced panel of n stationary variables observed over T time periods. We

denote by Yi t the measurement of the i-th variable at time t, for i = 1, . . . , n and t = 1, . . . , T .

We assume that a large negative realization represents an adverse economic outcome for each

variable in the panel. We measure downside risk at horizon h for the i-th variable as the p-th

conditional quantile of the forward-average of that variable over h future periods (Adrian

et al., 2019). Formally, let Y
(h)

i t+1 =
1
h

∑h
l=1 Yi t+l for h ≥ 1 denote the forward-average of the

i-th variable from t + 1 to t + h. Then the p-th conditional quantile of Y
(h)

i t+1 is denoted as

Q
(h)
i t+1(p) and is defined as

P
(
Y

(h)

i t+1 ≤ Q
(h)
i t+1(p)

∣∣∣Ft

)
= p ,

where Ft denotes the information set available at time t. We assume throughout that

the conditional distribution function of each variable is invertible, which guarantees the

uniqueness of the conditional quantiles.

2.2 Downside Risk Modeling and Forecasting

Our primary objective is to assess which factors (if any) capture the dynamics of downside

risks in the panel. We therefore focus on the predictive content of factors. We forecast

downside risks on the basis of two model classes that allow us to explore alternative functional

forms linking the factors to downside risk measures. The first is quantile regression, in which

the factors affect the conditional quantiles of the forward-average of the macroeconomic
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variables. The second is a class of models that we refer to as location-scale regression,

in which the factors affect both the conditional mean and the conditional variance of the

forward-average of the variables.

Quantile regression (QR) has become a standard tool for modeling downside risk (Adrian

et al., 2019). Let Ft = (F1 t, . . . , Fr t)
′ denote the set of candidate factors to be used for

downside risk prediction. QR specifies that the p-th conditional quantile of the forward-

average at horizon h of the i-th macroeconomic variable be modeled as

Q
(h)
i t+1(p) = α(p) i + β′

(p) iFt + γ(p) iYi t . (1)

In the QR framework, downside risk is directly modeled as a function of the factors and

forecasts can be readily obtained on the basis of (1). If the impact of the factors is constrained

to be zero, the QR specification is analogous to a (direct) quantile autoregression (QAR(1)),

which we include as a benchmark in the empirical study. We remark that the parameters

α(p) i, β(p) i and γ(p) i, depend on the horizon h, but we keep the dependence on this quantity

implicit to avoid burdening notation. All parameters are estimated by minimizing the tick

loss. Details on estimation and inference for this class of models is standard and can be

found, for example, in Koenker and Basset (1978).

In order to summarise the impact of factors on downside risk implied by QR we rely

on reduced form quantile impulse response functions (QIRFs). A highlight of QIRFs in

the context of our analysis is that also they facilitate comparisons across different modeling

approaches. For simplicity and in-line with the analysis of (Adrian et al., 2019) we introduce

our notion of QIRF when the specification in (1) contains only one factor that we denote as

Ft. Then, the QIRF measuring the impact of the factor on the p-th conditional quantile of

the forward-average at horizon h of the i-th variable is defined as

QIRF
(h)
i j (p) = E

(
Q

(h)
i t+1(p)

∣∣∣Ft = MF + δ, Yi t = MYi

)
− E

(
Q

(h)
i t+1(p)

∣∣∣Ft = MF , Yi t = MYi

)
,

(2)
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where MF and MYi
denote respectively the median of the factor and the median of the i-th

variable and δ is the “intervention” on the factor. In words, the QIRF measures the change

in the downside risk forecast when the factor F increases from its median value MF to the

“intervened” value MF + δ. It is immediate to see that for QR the QIRF simplifies to

QIRF
(h)
i j (p) = β(p) iδ .

We remark that our QIRF definition is closely related to the definition of the ∆CoVaR

(Adrian and Brunnermeier, 2016), which is a standard systemic risk measure in the literature.

Location-scale regression (LSR) is an extension to the standard specifications used for

prediction in macroeconomic applications (Kim and Swanson, 2014). It is customary in

the macroeconometrics literature to employ a direct regression to model the location of a

macroeconomic variable of interest using some appropriate set of predictors, typically factors

recovered via PCA. Here we consider an extension of this modeling approach that consists

in allowing the factors to impact both the location and the scale of the forward-average of

the target variable of interest. That is, LSR specifies that the forward-average at horizon h

of the i-th macroeconomic variable be modeled as

Y
(h)

i t+1 = α(µ) i + β′
(µ) iFt + γ(µ) iYi t + exp

(
α(σ2) i + β′

(σ2) iFt

)
ϵ
(h)
i t+1 , (3)

where ϵ
(h)
i t+1 is a mean-zero unit-variance innovation term. Empirically, the specification in

(3) is often unable to adequately capture the time-varying heteroscedasticity present in the

data, which, in turn, may deteriorate the performance of quantile forecasts. To this extent,

we explicitly model the heteroscedasticity dynamics of ϵ
(h)
t+1. We specify that

ϵ
(h)
t+1 =

√
v
(h)
i t+1 Z

(h)
i t+1 , (4)

where Z
(h)
i t+1 is a mean-zero unit variance innovation term with distribution F

Z
(h)
i

and v
(h)
i t+1 is a
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variance process assumed to be unit-mean and predictable given the information set in period

t. The distribution F
Z

(h)
i

is assumed to belong to a location-scale family of distributions. We

model {v(h)i t } as a GARCH-type process defined as

v
(h)
i t+1 = (1− δ1 i − δ2 i) + δ1 i(ϵ

(h)
t−h+1)

2 + δ2 iv
(h)
i t , (5)

where δ1 1 > 0, δ2 1 ≥ 0, δ1 1 + δ2 1 < 1 and v
(h)
i 1 = 1. In the LSR framework, downside risk is

indirectly modeled as a function of the factors through their impact on the conditional mean

and conditional variance, and the downside risk forecast implied by the model specified in

(3)–(5) is given by

Q
(h)
i t+1(p) = α(µ) i + β′

(µ) iFt + γ(µ) iYi t + exp
(
α(σ2) i + β′

(σ2) iFt

)√
v
(h)
i t+1 F

−1

Z
(h)
i

(p) . (6)

If the impact of the factors is constrained to be zero, the LSR specification is analogous to a

(direct) AR(1)-GARCH(1,1), which we include as a benchmark in the empirical study. The

parameters α(µ) i, β(µ) i, γ(µ) i, α(σ2) i, β(σ2) i, δ1 i and δ2 i depend on the horizon h but we keep

the dependence on this quantity implicit for simplicity. We estimate the specification (3)–(5)

using a quasi-maximum likelihood approach.1 The location-scale regression parameters are

estimated by maximising the Gaussian quasi-likelihood of the model and the standardized

innovation distribution F
Z

(h)
i

is estimated nonparametrically as the empirical distribution

function of the standardized residuals.

We summarise the impact of factors on downside risk implied by LSR using the same

setup of (2). Importantly, we present QIRFs for the LSR under the restriction that the

variance process {v(h)i t } is constant and equal to one.2 Under this restriction the QIRF for

1That is we maximise

LT (θ) =

T−H−1∑
t=1

(
−1

2
log(2πσ2

t+1)−
(Y

(h)
t+1 − µt+1)

2

2σ2
t+1

)
,

where µt+1 and σt+1 are the conditional mean and variance implied by the equations (3)–(5).
2This assumption can be relaxed at the expense of having to estimate the conditional expectation of the
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LSR is given by

QIRF
(h)
ij (p) = β(µ) iδ +

[
exp

(
α(σ2) i + β(σ2) i(MFj

+ δ)
)
− exp

(
α(σ2) i + β(σ2) iMFj

)]
F−1

Z
(h)
i

(p) .

We remark that the QIRF of the LSR model class varies across quantiles only if β(σ2) i is

nonzero, and its behavior is determined by the quantile function of the innovations Z
(h)
i . In

particular, the QIRF will be asymmetric if the distribution of Z
(h)
i is asymmetric.

A number of features of the LSR specification are worth emphasizing. First, the volatility

specification of the model can be interpreted as a component volatility model. There is a large

literature on component volatility models in econometrics (Ding and Granger, 1996; Amado

and Teräsvirta, 2013; Engle et al., 2013; Conrad and Engle, 2025). This modeling approach

allows for a flexible characterization of volatility dynamics, for example, by disentangling

persistent and transitory volatility components. Second, we note that the LSR specification

makes it possible to construct direct multi-step-ahead quantile forecasts by computing direct

multi-step-ahead forecasts of the mean and the variance (Marcellino et al., 2006). This

stands in contrast to more standard specifications, which construct multi-step-ahead quantile

forecasts based on an iterated approach relying on simulation-based procedures (Brownlees

and Engle, 2017). In the current setup, a direct forecasting approach is more appealing, as

it does not require to specify the dynamics of the factors.3

3 Data

In this section we describe the panel of macroeconomic variables and the set of candidate

downside risk factors considered in our analysis.

process v
(h)
i t , which can be carried out using nonparametric methods.

3We have considered an alternative specification of the LSR model with an iterated forecasting procedure
to construct multi-step-ahead quantile forecasts based on simulations.The performance of such forecasts was
to that of the direct forecasts.
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3.1 Macroecomic Panel

We study a large panel of macroeconomic variables constructed on the basis of the August

2025 release of the FRED-MD database, which spans the period January 1959 to July 2025

(McCracken and Ng, 2016).

TABLE 1 ABOUT HERE

We outline our panel construction below. First, we exclude from the analysis four vari-

ables of FRED-MD that do not have observations prior to February 1968.4 Second, we follow

the standard guidelines of McCracken and Ng (2016) to identify outliers and transform vari-

ables to ensure stationarity. Observations identified as outliers are then replaced with the

previous available value. Third, we restrict the panel to include only variables whose extreme

realizations indicate adverse economic outcomes and that are not directly driven by policy

decisions. This leads us to exclude interest rate (seventeen variables) and monetary base vari-

ables (six variables). Fourth, we adjust the remaining variables so that an extreme negative

realization signals an adverse economic outcome, in line with our methodological framework.

For variables where low realizations already indicate adverse outcomes, no adjustment is

needed. This is the case for sixty-eight variables in the panel. For variables where high

realizations indicate adverse outcomes, we multiply the series by minus one. This applies

to ten variables: eight measures of unemployment, the USD/GBP exchange rate, and the

CBOE Volatility Index. For variables where both extreme high and low realizations indicate

adverse outcomes, we include the series in the panel twice, with opposite signs. This applies

to twenty-one variables, which are all price index measures. Table 1 provides the economic

interpretation associated with our definition of adverse outcomes. The procedure yields a

panel of 120 variables.

4The FRED-MD codes of the excluded variables are ACOGNO, ANDENO, TWEXAFEGSMTH, and
UMCSENT.
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3.2 Downside Risk Factors

We consider a comprehensive collection of downside risk factors, grouped into four classes:

financial, macro, text-based, and statistical. The financial, macro and text-based categories

consist of measures whose large realizations capture conditions that are particularly harmful

for macroeconomic and financial stability, such as increases in uncertainty, financial distress,

or risk perceptions, as well as declines in housing prices, or excessive credit buildups. The

statistical category includes estimates of latent factors associated with the macroeconomic

panel as well as latent factors constructed from the set of financial, macro and text-based

downside risk factors.

The class of financial factors consists of the national financial conditions index (Adrian

et al., 2019, NFCI), financial uncertainty5 (Ludvigson et al., 2021; Andreasen et al., 2024,

FUNC), the CBOE volatility index (Bloom, 2009, VIX), the composite indicator of systemic

stress6 (Hollo et al., 2012, CISS), and the excess bond premium (Gilchrist and Zakraǰsek,

2012; Favara et al., 2016, EBP).

The class of macroecomic factors consists of the macroeconomic uncertainty index7 (Ju-

rado et al., 2015; Jovanovic and Ma, 2022, MUNC), the housing price index8 (Leamer, 2007;

Claessens et al., 2009, HPI), and the credit-to-GDP gap (Borio et al., 2002, CTG).

The class of text-based downside risk factors consists of the economic policy uncertainty9

(Baker et al., 2016; Hengge, 2019, EPU), the world uncertainty index10 (Ahir et al., 2022,

WUI), the geopolitical risk index11 (Caldara and Iacoviello, 2022, GPR), and firm-level risk

5We use the 1-step-ahead uncertainty measure.
6We use the “NEW CISS – Composite Indicator of Systemic Stress., United States, Daily”.
7We use the 1-step-ahead uncertainty measure.
8The monthly version of the index (CSUSHPINSA) is available from January 1987, we integrate it with

the quarterly version (USSTHPI) which is available from January 1975. Both series are normalized to 100 in
January 1987. We transform the resulting series using the log difference, dividing it by three in the period
January 1975 – January 1987, where the frequency of the data is quarterly.

9We use the “News Based Policy Uncertainty Index” at monthly frequency.
10We use the US three-quarter weighted moving average of the world uncertainty index because the authors

write that “This smoothed version of the index is our preferred measure for country-level data.”
11We use the historical version, available from January 1900, because the standard GPR is available only

from January 1985 and the correlation between the two series, in the overlapping period, is grater than 0.95.
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measures12 (Hassan et al., 2019, RISK, PRISK, NPRISK).

The class of statistical factors includes the first linear factor estimated via PCA (Stock

and Watson, 2002, PC1) and the first 5% quantile factor (Chen et al., 2021, QF1) associated

with the macroeconomic panel. Additionally, we also consider the first linear factor asso-

ciated with the downside risk factors in the financial, macroeconomic and text categories

(Keijsers and van Dijk, 2024, PCF1). We remark that the quantile factor estimation strat-

egy used in this work differs from that employed in Chen et al. (2021) in their analysis of

the FRED-QD database. Chen et al. (2021) do not adjust the variables in the panel so that

an extreme negative realization of a variable signals an adverse economic outcome. As a

result, the lower quantile factors they estimate may not have a straighforward interpretation

as downside risk factors.

TABLE 2 ABOUT HERE

Table 2 provides summary information on the downside risk factors. It is important to

emphasize that not all downside risk factors are constructed using exclusively backward-

looking data, which clearly introduces look-ahead bias into the analysis. The column Real

Time indicates whether the factors used in our analysis would have been available in real-

time. Overall, the pool of candidate downside risk factors contains 20 predictors.

4 Empirical Analysis

Our empirical investigation combines both in-sample and out-of-sample analyses, with the

primary emphasis placed on the out-of-sample results.

4.1 In-sample Analysis

The in-sample analysis comprises four components. First, we conduct a screening exercise

to identify which factors predict downside risk across the panel. Second, we assess whether

12We aggregate the firm-level data taking the cross-sectional average at each point in time.
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which modeling approach is better suited for downside risk modeling. Third, we carry

out a quantile impulse response analysis to assess the impact of downside risk factors on

the distribution of macroeconomic variables. We conclude this section by examining the

relationship between downside risk factors and macroeconomic volatility.

4.1.1 Downside Risk Factor Screening

We conduct a screening exercise to identify which downside risk factors most effectively

predict downside risk across the panel. For each variable, we estimate the downside risk at

horizons 1, 3, 6, and 12 for p = 0.05 using QR with one candidate risk factor at a time. We

then compute the fraction of macroeconomic variables for which the coefficient on the factor

is statistically significant at the 5% level. We remark that this procedure is close in spirit to

(linear) bivariate Granger causality test used to assess the relevance of predictors.

TABLE 3 ABOUT HERE

Table 3 reports summary results. The table reports for each predictor the percentage of

macroeconomic variables for which the β(0.05) i coefficient is significant at the 5% significance

level over different forecasting horizons. The predictors are sorted in descending order by the

average percentage of significant coefficients across horizons. A number of findings emerge.

First, MUNC is statistically significant for the largest proportion of variables in the panel,

ranging from 80% at horizon 1 to 70% at horizon 12. This performance is notable, as all other

downside risk predictors are significant for up to 72% of the variables at horizon 1 and 50%

at horizon 12. Second, with the exception of MUNC, the most relevant downside risk factors

are either financial or statistical factors. The NFCI, arguably the most popular downside risk

indicator, is ranked fourth in the table and relevant for about half of the series in the panel

across all horizons. QF1 is ranked fifth, performs well at shorter horizons, and outperforms

its location counterpart, PC1. These results are consistent with the view that indicators

of financial distress and latent factors extracted from the panel are relevant downside risk
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predictors, at least in-sample. Third, text-based factors have limited predictive power and

contribute modestly to capturing downside risk dynamics in the panel. Overall, the screening

exercise indicates that a large fraction of the downside risk predictors considered convincingly

capture downside risk across the panel, with MUNC exhibiting the strongest performance,

and text-based factors the weakest.

4.1.2 Downside Risk Model Screening

We conduct out a screening exercise to examine which modeling approach best captures

downside risk. For each variable, we estimate the downside risk at horizons 1, 3, 6, and

12 for p = 0.05 using QR and LSR with one candidate risk factor at a time. We estimate

three variants of the LSR: (i) a model where the risk factor impacts only the location of the

variables (i.e. β(σ2) i = 0), (ii) a model where the risk factor impacts only the scale of the

variables (i.e. β(µ) i = 0), and (iii) a model where the risk factor impacts both the location

and scale of the variables (i.e. no restrictions are imposed on the parameters). All LSR

models feature time-varying volatility dynamics, as described in equation (4).

The goodness-of-fit of the models is benchmarked against the historical quantile. In

addition to the historical quantile benchmark, we also consider models that rely solely on

past values of the target series: a QAR(1) (for QR models) and an AR(1)-GARCH(1,1) (for

LSR models). We assess the goodness-of-fit of each model by the average of the relative tick

loss associated with the 5% quantile across all series. Define the tick loss associated with

the p-th quantile for the i-th series as

TL
(h)
p i =

1

T − h

T−h∑
t=1

ρp

(
Y

(h)

i t+1 − Q̂
(h)
i t+1(p)

)
,

where ρp(e) = (p − 1{e<0})e and Q̂
(h)
i t+1(p) denotes the forecasts of the p-th quantile for the
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i-th series. We then define the average tick loss gain as

TLG
(h)

p =

[
1

n

n∑
i=1

(
1−

TL
(h)
p i

TL
(h),Bench
p i

)]
× 100 , (7)

where TL
(h),Bench
p i is the p-quantile for the i-th variable of the benchmark model, which in

this study is the historical quantile. As it is well known, the tick loss is a proper scoring

rule for eliciting quantile forecasts (Giacomini and Komunjer, 2005) and is our primary

criterion to assess goodness-of-fit. We note that the goodness-of-fit measure employed is not

necessarily monotonic with respect to the number of restrictions imposed in the LSR model,

and constrained models can, at least in principle, perform better than unconstrained models.

TABLE 4 ABOUT HERE

Table 4 presents summary results on the model screening analysis. The table reports

the average tick loss gain for each downside risk factor and forecast horizon considered. At

horizons 1 and 3 the unrestricted LSR model achieves the best fit, whereas at horizons 6 and

12 QR performs best. Comparing the performance of the three LSR specifications, factors

in the scale component typically lead to better predictive performance than factors in the

location component, which highlights the importance of accounting for volatility dynamics in

downside risk forecasting. Reassuringly, the ranking of the downside risk predictors is fairly

stable across different models. We note that the AR(1)–GARCH(1,1) specification, which

does not rely on downside risk factors, performs on par with the best-performing models at

short horizons. However, as the forecast horizon increases, the performance gap relative to

factor-augmented models widens, reflecting the increasing value of downside risk factors.

4.1.3 Quantile Impulse Response Analysis

We carry out a (reduced form) QIRF analysis to study how changes in the downside risk

factors affect the distribution of the macroeconomic variables in the panel, in the spirit of

Adrian et al. (2019, Figure 4). In particular, we estimate the QIRF of the twelve-month
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forward-average of four policy-relevant variables (Kim and Swanson, 2014): Real Personal

Income (RPI), Industrial Production (INDPRO), Unemployment Rate (UNRATE) and Con-

sumer Price Index (CPI) to a change in MUNC from its median value to its 95% quantile.

The QIRFs are estimated for nine equally spaced quantiles of the macroeconomic variables

from the 10% to the 90% quantile. Estimates are obtained on the basis of both the QR

and the LSR specifications over the full sample. For reference, we also include the QIRF

implied by a LSR specification in whichh the downside risk factor affects only the location

component (i.e. β(σ2) i = 0), implying a constant effect across all quantiles.

FIGURE 1 ABOUT HERE

Figure 1 displays the QIRFs for the selected variables, along with 95% confidence bands

for the location only QIRF. There is strong evidence of heterogeneity in the impact of changes

in MUNC across quantiles: the null hypothesis of a constant QIRF is consistently rejected

at conventional significance levels. In general, an increase in MUNC has a negative effect

on the location (as measured by the increase in the median) and a positive effect on the

scale (as measured by the increase in the interquartile range), with the exception of CPI, for

which the impact on location is negligible. The evidence for asymmetric effects of MUNC

varies across target variables and modeling approaches. For RPI and INDPRO, the QR-

based QIRFs exhibit substantial asymmetry in response to an intervention to MUNC, which

is in line with the findings of Adrian et al. (2019, Figure 4). This result is consistent with

the view that increases in macroeconomic uncertainty substantially worsen downside risk

scenarios but have a limited effect on upside potential. By contrast, for UNRATE and CPI,

the responses are more symmetric. The LSR-based QIRFs display largely symmetric effects

for all variables. We stress that the LSR estimation approach adopted in this study does

not impose symmetry. Rather, symmetry emerges as an empirical outcome of the estimation

results.
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4.1.4 Downside Risk Factors and Macroeconomic Volatility

We examine the relationship between the best-performing downside risk factors (as identi-

fied in the screening exercise) and macroeconomic volatility. It is important to point out

that in this paper the term macroeconomic volatility refers to the square root of the cross-

sectional average of the conditional variance of the macroeconomic variables in the panel.

We acknowledge that there is an ongoing debate in macroeconomics regarding the distinction

between uncertainty and volatility. This distinction is not central to our analysis and we

largely abstract from it in the present discussion. Our objective is to provide insights on

how to interpret the downside risk factors and what type of economic signals they capture.

FIGURE 2 ABOUT HERE

The top panel of Figure 2 displays the percentage of series in the panel with realizations

below their historical 5% quantiles over time. Spikes in this percentage are associated with

adverse economic conditions and, often, with recessions.13 These spikes are also indicative

of a factor structure: downside risks seem to increase simultaneously for a large fraction of

the panel.

The middle panel of Figure 2 plots three candidate downside risk factors: the NFCI,

QF1, and MUNC. Although originating from three distinct methodologies and datasets,

these factors share similar time series dynamics, suggesting that they broadly capture the

same underlying information rather than provide independent signals.

The bottom panel of the figure summarizes the dynamics of conditional volatility for the

macroeconomic variables included in the panel. For each variable, we estimate a predictive

regression that includes four lagged principal components extracted from the full macroeco-

nomic panel, along with one lag of the variable itself.14 We then fit a GARCH(1,1) model to

the residuals of this regression and compute the model-implied conditional variance for each

series. We remark that this procedure is close in spirit to one of the empirical illustrations

13We use the NBER-based recession indicators.
14For this exercise, all macroeconomic variables are standardized to have zero mean and unit variance.
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of Jurado et al. (2015). The figure reports the square root of the cross-sectional average

of these conditional variances, together with the cross-sectional first and third quartiles of

the conditional volatilities. The time-series dynamics of macroeconomic volatility closely

mirrors those of the downside risk factors shown in the middle panel. The strong association

between macroeconomic volatility and MUNC is not surprising, as MUNC can be interpreted

as a nonparametric estimator of the square root of the average conditional variance in the

panel. Consistent with this interpretation, the first canonical correlation between the set of

downside risk factors and the model-implied conditional volatilities of the macroeconomic

variables exceeds 90%. Taken together, our results suggest that the most successful downside

risk factors capture, to a large extent, macroeconomic volatility.

4.2 Out-of-sample Analysis

We present the main empirical evidence of our study through an out-of-sample forecasting

analysis that evaluates which factors effectively predict downside risk across the entire panel.

The forecasting exercise is designed as follows. We construct out-of-sample downside risk

(p = 0.05) forecasts at horizons 1, 3, 6 and 12 starting from January 1990 until July 2025.

Starting the forecasting exercise from January 1990 implies that our out-of-sample analysis is

based on, roughly, 55% of the sample. Forecasts are constructed on the basis of both QR and

LSR. We consider all possible single-factor models that can be constructed from the entire

set of factors15 as well as all possible two- and three-factor models that can be constructed

from the nine best-performing factors from the factor-screening exercise of Section 4.1.1,

excluding PCF1. PCF1 is omitted from these multi-factor specifications because it represents

an average of existing factors rather than a distinct source of information. This procedure

yields 28 single-factor models, 78 two-factor models, and 184 three-factor models, for a total

of 280 specifications. The predictive performance of the factor-based forecasts is evaluated

relative to three benchmarks: the historical quantile, a QAR(1) model, and an AR(1)-

15In the out-of-sample analysis, we exclude from the set of downside risk factors the variables RISK,
PRISK, and NPRISK, as these are only available starting from 2002.
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GARCH(1,1) model. All forecasting models are recursively estimated each month.

Forecast accuracy is evaluated using standard metrics from the risk management liter-

ature. We rely on the average tick loss gain as defined in Section 4.1.2, as our primary

performance measure. We then evaluate the quality of the forecasts by examining whether

the corresponding prediction intervals attain adequate coverage properties. To this end, we

rely on the dynamic quantile test (Engle and Manganelli, 2004) which assesses the accuracy

of prediction intervals by studying the properties of the so-called hit variable. The hit vari-

able at horizon h for the i-th macroeconomic variable is defined as H
(h)
i t+1 = 1{Y (h)

i t+1≤Q̂
(h)
i t+1(p)}

,

that is the indicator variable taking the value one when the realized value of Y
(h)

i t+1 is not

included in the one-sided forecast interval (Q̂
(h)
i t+1(p),∞). It can be shown (Christoffersen,

1998) that when Q̂
(h)
i t+1(p) is the p-th conditional quantile of Y

(h)

i t+1 then the corresponding hit

variable is unpredictable given the information set available at t. This fact motivates (Engle

and Manganelli, 2004) to propose the dynamic quantile test. Let W1 t, . . . ,WK t denote a set

of auxiliary regressors, and consider the regression

H
(h)
i t+1 − p = c0 +

K∑
k=1

ckWk t + u
(h)
i t+1, (8)

where u
(h)
i t+1 is an error term. The dynamic quantile test thus consists of testing the null

hypothesis H0 : c0 = · · · = cK = 0 against the alternative H1 : ck ̸= 0 for some k =

0, . . . , K. Failure to reject the null hypothesis implies that the forecasts exhibit correct

coverage conditional on the information set associated with the auxiliary predictors. We

consider two variants of this test. The first is based on no auxiliary predictors (we label

this DQU). This tests whether downside forecasts have correct unconditional coverage. The

second is based on setting the auxiliary predictors to four lags of the hit sequence (we label

this DQC). This tests whether downside forecasts have correct coverage conditional on the

information set generated by the hit sequence itself. Additionally, we employ the Model

Confidence Set (MCS) procedure of Hansen et al. (2011) to assess the relative predictive
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performance of competing models. The MCS is a procedure that detects the set of models

that are not significantly inferior to the best-performing model. In particular, we run the

MCS procedure for the four horizons, one at a time, using a weighted average16 of tick loss as

a measure of forecast accuracy. Starting from an initial collection of candidate models, the

procedure sequentially eliminates models that exhibit significantly worse performance until

a set remains for which the null hypothesis of equal predictive ability cannot be rejected at

a given confidence level. The resulting model confidence set thus contains the best model

among the candidates with a given confidence.

TABLE 5 ABOUT HERE

Table 5 summarizes the MCS for each forecast horizon. The top rows of the table report,

for each specification subgroup, the share of models included in the MCS and the highest

average tick loss gain for that subgroup. The first row considers the full set of models, while

the next two decompose it by model type and number of factors. The bottom rows of the

table report, for individual models, whether they are elements in the model confidence set,

as well as the corresponding average tick loss gain. A number of findings emerge. First,

the MCS procedure is fairly conservative in the sense that the fraction of models included

in the set of best performing models is large across all horizons. Second, the share of LSR

models in the MCS is large across all horizons and this set always includes (at least) the

model that achieves the highest average tick loss gain. QR models on the contrary are rarely

included in the MCS at horizons 1 and 3, whereas roughly half of them are included MCS

for horizons 6 and 12. Third, a large fraction of one-factor models is included in the MCS

across all horizons. Moreover, the best performing model at horizon 6 and 12 is a one-factor

model. This suggests that richer multi-factor specifications do not lead to superior forecast

accuracy than simple one-factor models. Fourth, it is interesting to note that the AR(1)-

GARCH(1,1) is always included in the MCS, implying that factor models do not significantly

outperform models that rely exclusively on univariate time-series models. That being said,

16Each tick loss series is scaled by the in-sample standard deviation of the target variable. why?

21



the gap between the forecasting performance of the best-performing factor model and the

time series specifications tends to widen with the forecasting horizon.

TABLE 6 ABOUT HERE

Table 6 summarizes the performance of one-factor models across the entire panel and for

each forecast horizon. The table reports for each model the average tick loss gain, the number

of times this model is the best one-factor model, the grand average of the hit variable, and

the fraction of series for which we do not reject the null of correct forecasts for the DQU and

DQC tests. Results are shown separately for QR and LSR. A number of findings emerge.

First, overall the specifications based on MUNC achieve the best performance. In particular,

at horizons 1 and 3 the LSR one-factor based on MUNC has the highest average tick loss

gain and achieves the minimum tick loss more frequently for individual series. At horizons

6 and 12 the QR one-factor model with MUNC is also the specification that achieves the

minimum tick loss most often for individual series, whereas the LSR one-factor model based

on FUNC achieves the highest average tick loss gain. Factors in the financial category tend

to perform best on average across all horizons. PCF1 has a good performance, which is close

to MUNC. QF1 and PC1 also perform satisfactorily. Interestingly, QF1 always has a better

average tick loss gain than PC1. The DQ tests show that LSR prediction intervals have

substantially better coverage properties than their QR counterparts across nearly all factors

and horizons.

TABLE 7 ABOUT HERE

Table 7 reports the summary performance of multiple-factor models across the entire

panel and for each forecast horizon. The table reports for each multi-factor model the

average number hits, the average tick loss gain and the fraction of series that do not reject

the null of correct forecasts for the DQU and DQC tests. We report results for a selection of

multi-factor specifications that complement the top-performing one-factor models identified

above.
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TABLE 8 ABOUT HERE

Table 8 reports the summary performance of the one-factor models across the sub-

categories of the panel for each forecast horizon. This table reports for each forecast horizon

the average tick loss gain relative computed with respect to each FRED–MD category.

Results are shown separately for QR and LSR. The evidence in the table is consistent with

the previous results. In particular, MUNC frequently emerges as the factor that produces the

most accurate downside risk forecasts. At horizons 1 and 6, LSR-based forecasts generally

achieve the highest accuracy, whereas at horizons 9 and 12, both QR and LSR contribute to

top-performing forecasts. In some instances indices in the financial category, such as FUNC,

also demonstrate strong predictive performance.

TABLE 9 ABOUT HERE

Table 9 reports the performance of the one-factor models for the policy-relevant variables

of the panel for each forecast horizon. This table reports for the tick loss gain for the

policy-relavant variables of the FRED-MD. Results are shown separately for QR and LSR.

Again, the table presents results that are broadly consistent with our previous findings.

Notably, MUNC frequently stands out as the factor delivering the most accurate downside

risk forecasts. At horizons 1 and 3 forecasts based on LSR tend to perform best, while at

horizons 6 and 12, both QR and LSR contribute to the strongest predictive results.

In conclusion, a one-factor model based on MUNC demonstrates moderate effective-

ness across individual FRED–MD categories. While alternative indicators occasionally show

strong predictive performance, none consistently outperform MUNC in any specific category.

5 Conclusions

This paper studies which common factors drive downside risk across a large panel of U.S.

macroeconomic variables. We consider a rich pool of candidate factors, drawn from financial,
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macroeconomic, statistical, and text-based sources. We evaluate the relevance of each factor

through a comprehensive out-of-sample forecasting exercise, where we construct downside

risk forecasts using quantile regression and location-scale regression. By comparing a broad

set of competing specifications across horizons and predictors, our goal is to identify which

factors provide the most reliable signals of adverse macroeconomic scenarios across the en-

tire panel. Overall, the out-of-sample evidence highlights that across horizons, variables,

and model specifications, the factors that best predict downside risk are those that track

macroeconomic volatility. In particular, forecasts based on the macroeconomic uncertainty

index of Jurado et al. (2015) repeatedly emerge among the top performers, and a pure

volatility model with no other factors performs at par with the best performing models. Our

findings highlight that monitoring the overall level of volatility in the economy provides a

practical, informative and direct approach for tracking downside risks across a broad set of

macroeconomic variables.

References

Adams, P. A., Adrian, T., Boyarchenko, N., and Giannone, D. (2021). Forecasting macroe-

conomic risks. International Journal of Forecasting, 37(3):1173–1191.

Adrian, T., Boyarchenko, N., and Giannone, D. (2019). Vulnerable growth. American

Economic Review, 109(4):1263–89.

Adrian, T. and Brunnermeier, M. K. (2016). Covar. American Economic Review,

106(7):1705–1741.

Adrian, T., Grinberg, F., Liang, N., Malik, S., and Yu, J. (2022). The term structure of

growth-at-risk. American Economic Journal: Macroeconomics, 14(3):283–323.

Ahir, H., Bloom, N., and Furceri, D. (2022). The world uncertainty index. Technical report,

National bureau of economic research.

24
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Table 1: Downside Risk Interpretation by Category

Category Adverse Economic Outcome

Output and Income Decreasing output
Labor Market Rising unemployment, decreasing employment or worked hours
Housing Low starts and permits
Orders & Inventories Decreasing sales, consumption, unfilled orders, and inventories
Credit Decreasing growth rate in loans
Exchange rates Weakening US dollar
Prices Falling and soaring inflation
Stock Market Falling S&P and spiking VIX

This table reports the definition of adverse economic outcomes across the FRED–MD categories. For

each category, the table indicates the type of realization that signals a deterioration in economic conditions

and is therefore interpreted as downside risk in the analysis.
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Table 2: Downside Risk Factors

Class Name Mnemonic Reference Real Time

Financial

National Financial Condition Index NFCI Federal Reserve Bank of Chicago, 2025 No
Excess Bond Premium EBP Federal Reserve Bank of New York, 2016 No
Financial Uncertainty FUNC Ludvigson et al., 2021 No
CBOE Volatility Index VIX Chicago Board Options Exchange, 2025 Yes
Composite Indicator of Systemic Stress CISS Hollo et al., 2012 No

Macroeconomic
Macroeconomic Uncertainty MUNC Jurado et al., 2015 No
U.S. National Home Price Index HPI S&P Dow Jones Indices LLC, 2025 No
Credit-to-GDP CTG Bank for International Settlements, 2025 No

Statistical
Principal Component PC Stock and Watson, 1998 No
Quantile Factor QF Chen et al., 2021 No

Text

World Uncertainty Index - US WUIUS Ahir et al., 2022 Yes*
Geopolitical Risk Index GPR Caldara and Iacoviello, 2022 No
Economic Policy Uncertainty Index EPU Baker et al., 2016 No
Firm-Level Political Risk PRISK Hassan et al., 2019 Yes*
Firm-Level Non Political Risk NPRISK Hassan et al., 2019 Yes*
Firm-Level Risk RISK Hassan et al., 2019 Yes*

This table reports summary information on the downside risk factors considered in the analysis. The

factors are grouped into four classes—financial, macroeconomic, statistical, and text—and for each factor the

table lists its name, mnemonic, reference, and whether the series is constructed using exclusively backward-

looking data. An asterisk (*) in the last column denotes factors constructed using data through the latest

quarter that are not subject to subsequent revision.
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Table 3: Downside Risk Factor Screening

Horizon

1 3 6 12

MUNC Macro 80.0 81.7 79.2 70.0
PCF1 Stat 71.7 66.7 57.5 46.7
FUNC Fin 62.5 66.7 63.3 49.2
NFCI Fin 40.8 50.0 50.8 46.7
QF1 Stat 68.3 53.3 41.7 24.2
VIX Fin 58.3 52.5 45.0 31.7
PC1 Stat 50.8 59.2 45.8 31.7
CISS Fin 52.5 50.0 44.2 20.0
EBP Fin 37.5 43.3 38.3 36.7
EPU Text 35.0 32.5 24.2 13.3
CTG Macro 28.3 19.2 21.7 27.5
HPI Macro 10.0 22.5 17.5 11.7
RISK Text 17.5 19.2 10.8 10.0
PRISK Text 15.0 14.2 9.2 16.7
NPRISK Text 15.0 15.8 10.8 8.3
WUI Text 16.7 16.7 10.0 5.8
GPR Text 4.2 1.7 5.0 10.0

This table reports the results of the downside risk factor screening exercise. For each predictor, the table

lists the percentage of macroeconomic variables for which the coefficient on the predictor is statistically

significant at the 5% level. The percentages are obtained from quantile regression, with p = 0.05, at horizons

of 1, 3, 6, and 12 months. Predictors are sorted in descending order according to the average percentage of

significant coefficients across horizons.
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Table 4: Downside Risk Model Screening

FRED-MD TLG

h Class Model QR LR SR LSR

1

Bench
HIST 0.0 0.0 0.0 0.0
AR 14.6 22.6 22.6 22.6

Fin

NFCI 16.9 22.6 23.0 23.1
EBP 16.3 22.4 22.6 22.7
FUNC 18.2 23.3 24.2 24.2
VIX 17.2 22.9 23.2 23.2
CISS 19.1 23.7 24.2 24.2

Macro
MUNC 20.9 23.1 25.2 25.4
HPI 15.8 23.1 22.9 23.0
CTG 15.6 22.6 22.7 22.7

Stat
PC1 17.3 23.5 23.1 23.9
QF1 19.1 23.1 23.7 23.9
PCF1 20.6 23.7 25.0 25.0

Text
WUI 15.5 22.6 22.7 22.7
GPR 14.8 22.6 22.6 22.7
EPU 16.7 22.7 23.1 23.1

3

Bench
HIST 0.0 0.0 0.0 0.0
AR 16.2 22.1 22.1 22.1

Fin

NFCI 20.7 22.7 23.1 24.0
EBP 18.9 21.7 21.5 22.2
FUNC 23.2 24.2 26.3 27.2
VIX 20.7 23.2 23.7 24.0
CISS 21.6 24.0 23.9 24.6

Macro
MUNC 26.1 23.5 26.8 27.6
HPI 18.2 22.9 22.7 23.1
CTG 17.6 22.2 22.3 22.4

Stat
PC1 20.5 24.1 23.4 25.0
QF1 22.3 23.1 24.5 24.8
PCF1 24.5 24.3 25.3 25.9

Text
WUI 17.9 22.3 22.9 23.0
GPR 16.6 22.2 22.1 22.3
EPU 19.0 22.3 22.7 22.8

6

Bench
HIST 0.0 0.0 0.0 0.0
AR 15.3 19.2 19.2 19.2

Fin

NFCI 21.8 21.3 22.0 23.7
EBP 19.5 20.0 20.2 21.7
FUNC 24.0 22.4 24.9 25.9
VIX 20.2 20.7 21.4 21.9
CISS 22.0 22.2 22.0 23.0

Macro
MUNC 26.4 21.3 24.2 25.1
HPI 19.0 21.4 21.0 21.6
CTG 17.6 19.5 20.0 20.2

Stat
PC1 19.8 21.6 21.5 23.3
QF1 20.6 20.3 21.5 21.9
PCF1 25.6 23.1 24.6 25.3

Text
WUI 17.2 19.4 19.7 20.2
GPR 15.7 19.2 19.2 19.4
EPU 18.0 19.5 19.2 19.4

12

Bench
HIST 0.0 0.0 0.0 0.0
AR 11.1 14.7 14.7 14.7

Fin

NFCI 16.0 15.8 15.5 17.2
EBP 14.7 16.4 15.7 17.6
FUNC 18.3 17.7 17.9 20.4
VIX 15.2 16.0 16.4 16.8
CISS 17.4 18.0 18.6 19.1

Macro
MUNC 21.6 16.6 17.1 19.2
HPI 14.9 17.7 17.1 18.4
CTG 15.1 15.9 16.8 17.6

Stat
PC1 14.3 16.3 16.0 17.4
QF1 14.5 15.3 15.5 15.8
PCF1 21.2 19.1 19.5 21.0

Text
WUI 13.4 15.3 15.3 16.1
GPR 11.9 14.8 15.2 15.4
EPU 14.1 15.2 14.9 14.9

This table reports the results of the downside risk model screening exercise. For each downside risk

factor and forecast horizon, the table lists the average tick loss gain associated with quantile regression, with

p = 0.05, and the three variants of the location-scale regression at horizons of 1, 3, 6, and 12 months. The

gains are computed relative to the historical quantile benchmark.
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Table 5: Model Confidence Set

Horizon

1 3 6 12

% TLG % TLG % TLG % TLG

All 38.5 26.9 49.1 29.0 71.0 27.9 60.4 19.4

QR 0.0 22.1 0.7 24.5 47.5 24.9 42.6 17.6
LSR 77.3 26.9 97.9 29.0 95.0 27.9 78.7 19.4

1 Factor 42.9 26.6 50.0 28.7 71.4 27.9 78.6 19.4
2 Factors 43.6 26.9 51.3 29.0 79.5 27.1 70.5 18.3
3 Factors 35.6 26.9 48.3 29.0 67.2 27.0 52.9 17.2

QR NFCI × 16.8 × 19.5 ✓ 18.4 ✓ 9.1
LSR NFCI ✓ 25 ✓ 25.4 ✓ 23.5 ✓ 14.3
QAR(1) × 14 × 15.9 ✓ 15.6 ✓ 11.1
AR(1)-GARCH(1,1) ✓ 24.1 ✓ 23.9 ✓ 20.3 ✓ 15.3

This table reports the results of the Model Confidence Set procedure for the downside risk forecasts

at horizons 1, 3, 6, and 12. For each forecast horizon, the table lists the share of models included in the

MCS and the highest average tick loss gain within each specification subgroup. The first row refers to the

full set of models, while the following rows decompose the results by model type and by number of factors.

The bottom rows report, for selected individual models, whether the specification is included in the MCS

together with the corresponding average tick loss gain.
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Table 6: Downside Risk Prediction Using One Factor

FRED-MD QR LSR

h Class Model TLG W H DQU DQC MCS TLG W H DQU DQC MCS

1

Bench
HIST 0.0 1 6.4 47.5 26.7 × 0.0 1 6.4 47.5 26.7 ×
AR 14.0 0 6.2 47.5 36.7 × 24.1 1 5.4 75.8 80.0 ✓

Fin

NFCI 16.8 1 7.3 35.0 40.8 × 25.0 5 6.3 57.5 65.0 ✓
EBP 16.4 0 6.3 47.5 47.5 × 24.9 4 5.6 70.0 83.3 ✓
FUNC 17.4 2 6.1 49.2 48.3 × 25.5 7 5.3 71.7 81.7 ✓
VIX 16.2 0 6.1 47.5 50.8 × 24.1 1 5.4 74.2 79.2 ✓
CISS 18.4 2 6.9 44.2 49.2 × 25.1 9 6.1 68.3 74.2 ✓

Macro
MUNC 21.0 6 6.2 45.8 53.3 × 26.6 41 5.6 73.3 74.2 ✓
HPI 14.1 0 6.3 54.2 43.3 × 23.4 7 5.5 78.3 80.8 ×
CTG 13.5 0 7.0 50.8 39.2 × 23.7 2 5.8 72.5 75.0 ✓

Stat
PC1 15.1 0 5.8 47.5 50.0 × 23.9 3 5.3 70.0 81.7 ✓
QF1 18.5 4 5.8 50.8 54.2 × 24.8 5 5.3 75.8 80.8 ✓
PCF1 19.6 1 6.6 51.7 46.7 × 25.7 10 5.9 70.8 72.5 ✓

Text
WUI 14.1 0 5.8 55.0 38.3 × 23.7 1 5.2 78.3 82.5 ✓
GPR 13.1 0 6.4 48.3 35.8 × 23.8 2 5.5 74.2 80.0 ✓
EPU 14.3 0 5.4 55.8 47.5 × 23.0 5 4.9 71.7 84.2 ×

3

Bench
HIST 0.0 0 6.7 67.5 38.3 × 0.0 0 6.7 67.5 38.3 ×
AR 15.9 0 6.1 65.0 63.3 × 23.9 2 5.6 84.2 79.2 ✓

Fin

NFCI 19.5 3 8.5 38.3 46.7 × 25.4 3 7.4 52.5 64.2 ✓
EBP 19.4 1 6.1 60.8 62.5 × 25.6 1 5.7 77.5 74.2 ✓
FUNC 22.1 2 6.5 60.0 62.5 × 28.4 21 5.8 74.2 76.7 ✓
VIX 18.7 1 6.2 54.2 64.2 × 24.8 2 5.6 80.0 80.8 ✓
CISS 21.1 1 6.9 66.7 64.2 × 25.9 3 6.3 75.8 81.7 ✓

Macro
MUNC 25.5 15 6.6 51.7 60.8 × 28.7 25 6.1 69.2 75.0 ✓
HPI 15.9 0 6.5 70.0 58.3 × 23.6 3 6.1 80.8 76.7 ✓
CTG 14.7 0 7.5 64.2 68.3 × 23.4 11 6.3 77.5 73.3 ✓

Stat
PC1 17.6 0 5.9 57.5 63.3 × 25.0 4 5.4 76.7 80.8 ✓
QF1 21.1 0 5.7 52.5 60.0 × 26.0 3 5.5 78.3 76.7 ✓
PCF1 23.4 3 7.0 64.2 62.5 × 26.6 8 6.4 69.2 76.7 ✓

Text
WUI 15.5 1 5.9 70.8 71.7 × 23.5 2 5.5 82.5 80.0 ✓
GPR 14.9 0 6.4 64.2 55.0 × 23.6 2 5.8 85.0 71.7 ✓
EPU 16.4 1 5.0 80.0 78.3 × 22.5 2 5.0 85.0 75.8 ✓

6

Bench
HIST 0.0 1 6.9 70.8 50.0 × 0.0 1 6.9 70.8 50.0 ×
AR 15.6 0 6.3 64.2 60.8 ✓ 20.3 1 5.8 84.2 89.2 ✓

Fin

NFCI 18.4 0 9.4 40.8 55.0 ✓ 23.5 11 8.2 52.5 71.7 ✓
EBP 19.6 1 6.5 63.3 75.8 × 24.7 4 5.7 76.7 87.5 ✓
FUNC 22.4 4 7.0 59.2 63.3 ✓ 27.9 16 6.1 75.0 85.0 ✓
VIX 18.5 0 6.5 55.0 65.8 × 23.2 1 5.7 80.8 81.7 ✓
CISS 18.8 5 7.5 65.0 73.3 ✓ 23.4 6 6.9 81.7 83.3 ✓

Macro
MUNC 24.7 24 7.4 44.2 64.2 ✓ 25.9 8 6.5 61.7 73.3 ✓
HPI 14.4 0 7.2 69.2 69.2 × 21.4 3 6.5 85.8 79.2 ✓
CTG 13.8 1 8.3 60.0 69.2 × 20.2 5 6.9 74.2 80.8 ✓

Stat
PC1 17.4 3 6.2 65.8 65.0 × 23.6 7 5.8 81.7 80.8 ✓
QF1 20.8 2 5.9 60.0 62.5 × 24.0 1 5.5 79.2 82.5 ✓
PCF1 21.2 5 7.8 63.3 67.5 ✓ 24.6 2 6.8 76.7 84.2 ✓

Text
WUI 13.9 2 6.4 70.8 67.5 ✓ 18.9 0 6.0 87.5 75.8 ✓
GPR 13.9 0 6.7 65.8 56.7 ✓ 19.8 2 6.0 80.8 85.0 ✓
EPU 15.2 1 5.3 71.7 71.7 × 18.6 4 5.1 81.7 73.3 ×

12

Bench
HIST 0.0 1 7.5 62.5 58.3 × 0.0 1 7.5 62.5 58.3 ×
AR 11.1 1 6.8 69.2 79.2 ✓ 15.3 3 6.2 81.7 84.2 ✓

Fin

NFCI 9.1 4 10.0 48.3 75.0 ✓ 14.3 8 9.3 56.7 79.2 ✓
EBP 13.1 10 6.8 70.8 77.5 ✓ 18.8 13 6.8 76.7 86.7 ✓
FUNC 13.9 1 8.0 65.8 73.3 ✓ 19.4 5 7.1 78.3 75.8 ✓
VIX 13.2 1 7.0 64.2 77.5 ✓ 17.5 1 6.4 75.0 87.5 ✓
CISS 9.4 1 8.4 71.7 80.0 ✓ 15.7 3 7.9 80.8 84.2 ✓

Macro
MUNC 17.6 21 8.4 52.5 72.5 ✓ 16.7 11 7.7 65.0 77.5 ✓
HPI 5.9 1 7.8 67.5 83.3 × 12.7 6 7.4 73.3 85.8 ✓
CTG 3.5 3 10.0 54.2 73.3 × 12.4 6 8.2 68.3 78.3 ✓

Stat
PC1 9.7 2 7.0 69.2 77.5 ✓ 16.6 5 6.6 75.8 81.7 ✓
QF1 12.9 1 6.8 70.0 78.3 ✓ 16.4 1 6.5 77.5 80.0 ✓
PCF1 11.5 0 9.3 60.8 78.3 ✓ 16.7 7 8.3 74.2 82.5 ✓

Text
WUI 7.6 0 7.3 70.8 79.2 × 12.8 2 6.9 79.2 86.7 ✓
GPR 9.4 0 7.1 68.3 82.5 × 14.7 0 6.6 77.5 85.8 ✓
EPU 8.4 1 6.0 79.2 82.5 × 12.2 1 5.8 81.7 82.5 ×

This table reports backtesting statistics for the downside risk forecasts of one-factor specifications at

horizons 1, 3, 6, and 12. For each forecast horizon and specification, the table lists the average tick loss

gain, the number of pairwise wins against other one-factor models, the grand average of the hit variable, the

fraction of series that do not reject the null of correct coverage in the dynamic quantile tests for unconditional

and conditional coverage, and whether the specification is included in the model confidence set. Results are

reported separately for quantile regression and location–scale regression specifications.
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Table 7: Downside Risk Prediction Using Multiple Factors

FRED-MD QR LSR

h Class Model TLG H DQU DQC MCS TLG H DQU DQC MCS

1

Bench HIST 0.0 6.4 47.5 26.7 × 0.0 6.4 47.5 26.7 ×
Macro MUNC 21.0 6.2 45.8 53.3 × 26.6 5.6 73.3 74.2 ✓
Macro + Fin MUNC + FUNC 20.7 6.3 51.7 54.2 × 26.8 5.6 70.0 71.7 ✓

MUNC + NFCI 22.1 6.6 45.0 49.2 × 26.9 6.0 61.7 70.8 ✓
MUNC + EBP 20.9 6.8 44.2 43.3 × 26.8 6.0 68.3 69.2 ✓
MUNC + FUNC + EBP 20.6 6.8 44.2 42.5 × 26.4 6.0 65.0 64.2 ✓

Macro + Text MUNC + EPU 19.6 6.4 50.0 50.0 × 25.6 5.6 73.3 80.0 ✓
Macro + Stat MUNC + PC1 20.6 6.1 52.5 50.8 × 26.1 5.4 67.5 72.5 ✓

MUNC + PC1 + QF1 20.4 6.2 55.8 52.5 × 25.2 5.5 70.8 75.8 ✓
Fin FUNC + CISS 18.8 6.7 50.8 47.5 × 25.5 5.9 71.7 74.2 ✓

FUNC + EBP 17.4 6.4 50.8 48.3 × 25.4 5.7 72.5 79.2 ✓
CISS + EBP 17.3 7.5 38.3 41.7 × 24.8 6.3 63.3 73.3 ✓

Fin + Text FUNC + EPU 16.6 5.9 58.3 55.0 × 24.3 5.2 73.3 80.8 ×
Fin + Stat NFCI + PC1 16.8 6.9 41.7 40.8 × 24.6 5.9 64.2 74.2 ✓
Fin + Stat + Text FUNC + PC1 + EPU 16.5 5.9 56.7 55.8 × 23.5 5.3 68.3 77.5 ×

FUNC + QF1 + EPU 18.2 6.0 52.5 58.3 × 24.1 5.3 72.5 80.8 ×
NFCI + CISS + QF1 19.1 6.7 42.5 48.3 × 24.3 6.2 60.0 65.8 ✓
NFCI + EPU 17.6 6.8 45.0 40.0 × 24.6 6.1 62.5 65.8 ✓

Stat QF1 + QF2 + QF3 18.5 6.1 53.3 56.7 × 24.6 5.3 75.8 80.8 ✓
PC1 + QF1 18.2 5.8 53.3 59.2 × 24.1 5.2 71.7 75.0 ✓

Stat + Text PC1 + QF1 + EPU 17.5 5.6 58.3 65.8 × 22.4 5.2 78.3 83.3 ×

3

Bench HIST 0.0 6.7 67.5 38.3 × 0.0 6.7 67.5 38.3 ×
Macro MUNC 25.5 6.6 51.7 60.8 × 28.7 6.1 69.2 75.0 ✓
Macro + Fin MUNC + FUNC 25.0 7.0 54.2 58.3 × 29.0 6.3 65.8 73.3 ✓

MUNC + NFCI 24.5 7.6 50.0 61.7 ✓ 27.2 7.1 55.0 65.0 ✓
MUNC + EBP 24.3 7.6 51.7 59.2 × 28.2 6.7 64.2 64.2 ✓
MUNC + FUNC + EBP 23.5 7.8 50.0 52.5 × 28.0 6.8 64.2 68.3 ✓

Macro + Text MUNC + EPU 23.5 6.8 68.3 63.3 × 26.9 6.2 71.7 71.7 ✓
Macro + Stat MUNC + PC1 25.3 6.5 52.5 62.5 × 28.2 5.9 65.8 71.7 ✓

MUNC + PC1 + QF1 25.2 6.6 54.2 65.0 × 28.3 6.0 66.7 68.3 ✓
Fin FUNC + CISS 22.3 6.8 64.2 63.3 × 27.5 6.3 79.2 80.0 ✓

FUNC + EBP 20.6 7.1 60.8 61.7 × 27.4 6.0 73.3 73.3 ✓
CISS + EBP 20.0 7.5 55.8 58.3 × 25.5 6.7 67.5 73.3 ✓

Fin + Text FUNC + EPU 21.8 6.1 73.3 75.0 × 26.6 5.7 81.7 74.2 ✓
Fin + Stat NFCI + PC1 19.7 7.9 45.8 51.7 × 25.4 6.9 57.5 64.2 ✓
Fin + Stat + Text FUNC + PC1 + EPU 21.1 6.2 70.0 70.0 × 26.2 5.7 78.3 79.2 ✓

FUNC + QF1 + EPU 21.9 6.3 70.0 69.2 × 26.3 5.8 76.7 70.0 ✓
NFCI + CISS + QF1 20.8 7.7 55.0 56.7 × 24.4 7.0 60.0 74.2 ✓
NFCI + EPU 20.0 7.9 50.0 65.8 × 24.5 7.1 56.7 67.5 ✓

Stat QF1 + QF2 + QF3 20.1 6.1 56.7 64.2 × 25.4 5.5 73.3 80.8 ✓
PC1 + QF1 20.2 5.7 51.7 63.3 × 24.7 5.5 74.2 80.0 ✓

Stat + Text PC1 + QF1 + EPU 20.1 5.5 66.7 72.5 × 23.0 5.2 77.5 79.2 ✓

6

Bench HIST 0.0 6.9 70.8 50.0 × 0.0 6.9 70.8 50.0 ×
Macro MUNC 24.7 7.4 44.2 64.2 ✓ 25.9 6.5 61.7 73.3 ✓
Macro + Fin MUNC + FUNC 23.8 8.0 48.3 55.0 ✓ 27.0 6.8 64.2 73.3 ✓

MUNC + NFCI 22.0 9.0 42.5 58.3 ✓ 22.7 8.2 50.8 65.8 ✓
MUNC + EBP 22.9 8.1 55.0 60.0 ✓ 23.8 7.0 65.0 75.8 ✓
MUNC + FUNC + EBP 21.4 8.8 50.8 61.7 ✓ 23.4 7.5 59.2 77.5 ✓

Macro + Text MUNC + EPU 22.2 8.0 51.7 60.0 ✓ 23.7 6.7 72.5 68.3 ✓
Macro + Stat MUNC + PC1 24.9 7.3 54.2 61.7 ✓ 24.9 6.4 67.5 77.5 ✓

MUNC + PC1 + QF1 24.6 7.4 56.7 61.7 ✓ 26.3 6.6 66.7 78.3 ✓
Fin FUNC + CISS 21.4 7.6 65.0 65.8 ✓ 25.1 6.8 81.7 85.8 ✓

FUNC + EBP 20.6 8.0 55.0 72.5 ✓ 25.2 6.5 74.2 79.2 ✓
CISS + EBP 18.2 8.3 51.7 75.8 × 22.8 7.3 75.8 80.0 ✓

Fin + Text FUNC + EPU 21.3 6.8 70.8 75.8 ✓ 25.7 6.0 78.3 82.5 ✓
Fin + Stat NFCI + PC1 18.1 9.1 46.7 57.5 ✓ 23.6 7.9 60.8 75.0 ✓
Fin + Stat + Text FUNC + PC1 + EPU 20.6 7.0 66.7 65.0 ✓ 25.3 6.1 80.8 77.5 ✓

FUNC + QF1 + EPU 21.4 7.0 68.3 67.5 ✓ 25.2 6.1 77.5 80.8 ✓
NFCI + CISS + QF1 17.7 8.8 52.5 60.0 × 21.2 7.9 67.5 68.3 ✓
NFCI + EPU 18.0 9.3 44.2 65.0 ✓ 22.3 8.3 47.5 75.0 ✓

Stat QF1 + QF2 + QF3 19.7 6.3 65.0 60.0 × 23.2 5.4 76.7 84.2 ✓
PC1 + QF1 19.2 6.0 60.0 60.0 × 23.7 5.8 81.7 78.3 ✓

Stat + Text PC1 + QF1 + EPU 18.1 5.8 64.2 68.3 × 21.8 5.4 80.0 80.8 ✓

12

Bench HIST 0.0 7.5 62.5 58.3 × 0.0 7.5 62.5 58.3 ×
Macro MUNC 17.6 8.4 52.5 72.5 ✓ 16.7 7.7 65.0 77.5 ✓
Macro + Fin MUNC + FUNC 14.1 9.2 53.3 68.3 ✓ 16.4 8.5 62.5 70.8 ✓

MUNC + NFCI 13.9 9.5 50.8 76.7 ✓ 12.4 9.3 50.8 74.2 ✓
MUNC + EBP 14.0 9.3 57.5 75.8 ✓ 14.2 8.5 60.8 77.5 ✓
MUNC + FUNC + EBP 10.6 10.2 55.8 75.8 × 12.6 9.0 60.8 80.8 ✓

Macro + Text MUNC + EPU 14.1 9.4 50.8 72.5 × 14.1 8.3 65.8 77.5 ✓
Macro + Stat MUNC + PC1 16.7 8.7 52.5 65.8 ✓ 15.9 8.0 63.3 77.5 ✓

MUNC + PC1 + QF1 16.5 8.9 49.2 70.8 ✓ 17.2 8.4 58.3 80.8 ✓
Fin FUNC + CISS 9.1 9.0 63.3 85.8 × 13.7 8.7 71.7 80.8 ✓

FUNC + EBP 9.7 8.9 56.7 72.5 × 17.6 7.4 73.3 85.0 ✓
CISS + EBP 10.5 9.5 55.8 70.0 × 15.5 8.9 70.0 82.5 ✓

Fin + Text FUNC + EPU 10.8 7.9 72.5 75.0 × 15.8 7.0 80.0 78.3 ×
Fin + Stat NFCI + PC1 7.7 10.3 45.8 79.2 ✓ 14.2 9.3 57.5 76.7 ✓
Fin + Stat + Text FUNC + PC1 + EPU 8.4 8.5 62.5 72.5 × 15.0 7.4 72.5 75.8 ×

FUNC + QF1 + EPU 10.3 8.2 68.3 70.0 × 14.5 7.2 78.3 75.8 ×
NFCI + CISS + QF1 4.2 10.3 51.7 69.2 ✓ 10.1 9.7 56.7 77.5 ✓
NFCI + EPU 7.0 10.5 36.7 73.3 × 12.4 9.6 51.7 70.0 ✓

Stat QF1 + QF2 + QF3 11.7 7.2 67.5 76.7 ✓ 15.3 6.5 72.5 83.3 ✓
PC1 + QF1 10.6 7.0 68.3 76.7 ✓ 16.2 6.7 75.8 81.7 ✓

Stat + Text PC1 + QF1 + EPU 8.4 6.9 70.0 79.2 × 13.3 6.3 79.2 80.0 ×

This table reports backtesting statistics for the downside risk forecasts of selected one-, two-, and three-

factor specifications at horizons 1, 3, 6, and 12. For each forecast horizon and specification, the table lists the

average tick loss gain, the grand average of the hit variable, the fraction of series that do not reject the null of

correct coverage in the dynamic quantile tests for unconditional and conditional coverage, and whether the

specification is included in the model confidence set. Results are reported separately for quantile regression

and location–scale regression specifications.
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Table 8: Downside Risk Prediction for the FRED-MD Sub-Categories

h Class Model Output Labor Hous Ord
Inv

Credit Exch
Rates

Prices
Down

Prices
Up

Stocks

1

Bench
HIST 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AR QR 5.1 17.7 72.2 8.7 4.4 7.9 2.9 3.3 19.3
AR LS 14.6 26.4 74.4 21.3 15.4 12.5 15.0 18.2 28.1

QR

NFCI 9.0 22.1 72.0 10.2 4.6 8.7 5.9 5.2 25.9
EBP 6.7 21.1 72.0 13.3 4.1 6.0 6.3 6.5 21.7
FUNC 10.7 22.1 72.5 15.6 4.6 7.3 6.9 4.3 28.2
MUNC 16.0 25.0 72.4 20.1 5.3 7.2 11.5 10.8 25.6
QF1 11.5 23.0 72.7 19.2 6.0 8.5 9.1 6.3 21.4
PCF1 11.5 24.6 72.3 18.5 5.2 6.3 11.1 8.2 27.2

LSR

NFCI 16.8 28.6 74.3 19.5 15.9 12.8 16.0 18.2 25.8
EBP 14.4 28.6 74.4 22.2 15.4 12.4 16.2 18.1 29.0
FUNC 17.3 28.2 74.6 23.2 15.0 11.2 17.2 18.0 34.7
MUNC 20.9 29.6 74.4 27.1 14.6 8.5 17.8 19.9 27.9
QF1 14.5 28.3 74.8 25.0 15.0 12.2 16.4 17.1 27.4
PCF1 14.8 30.0 74.3 25.9 15.9 11.2 17.8 18.4 26.4

3

Bench
HIST 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AR QR 4.3 19.6 73.1 9.4 6.7 0.5 7.1 9.5 12.6
AR LS 10.2 26.0 74.1 15.2 10.6 7.6 14.1 26.5 28.3

QR

NFCI 12.3 24.7 73.3 15.0 6.7 0.1 8.8 12.2 18.1
EBP 9.6 27.1 73.2 19.5 3.3 -5.2 7.7 12.2 17.4
FUNC 18.4 29.6 74.4 23.7 7.3 -0.6 8.9 10.6 25.5
MUNC 24.0 32.4 74.4 27.7 7.5 -0.2 13.4 16.6 20.0
QF1 12.8 28.4 73.6 23.9 5.8 0.1 8.6 13.6 16.0
PCF1 18.7 30.6 73.8 26.8 6.8 0.1 9.9 15.8 16.8

LSR

NFCI 14.4 29.7 74.0 16.0 13.0 3.8 14.6 26.3 22.6
EBP 13.9 31.6 75.1 19.7 11.3 2.9 14.5 24.6 24.1
FUNC 20.1 32.6 75.5 23.5 12.9 7.2 17.3 26.6 34.3
MUNC 22.1 35.0 75.0 30.3 12.9 6.1 18.2 23.0 22.9
QF1 10.6 31.3 74.9 24.7 13.0 6.9 14.5 26.3 25.4
PCF1 16.9 33.7 74.0 25.8 11.8 2.5 14.0 24.2 19.9

6

Bench
HIST 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AR QR 4.9 16.8 71.6 7.8 6.7 -1.0 9.1 11.7 8.3
AR LS 5.1 20.1 73.0 11.5 5.5 3.7 12.5 23.8 28.2

QR

NFCI 12.2 19.9 71.3 11.8 6.9 -4.9 11.1 13.2 16.4
EBP 14.4 28.0 72.0 20.2 3.8 -8.7 7.6 10.0 13.8
FUNC 17.8 29.9 73.3 24.4 8.6 -3.6 10.4 11.9 20.3
MUNC 21.9 32.1 73.8 27.4 8.2 -5.4 12.5 16.6 17.6
QF1 14.3 27.7 71.9 22.7 7.9 -1.8 9.4 12.5 11.2
PCF1 15.2 29.2 73.1 20.8 6.3 -6.3 10.4 12.5 11.0

LSR

NFCI 12.9 24.7 72.5 13.6 10.7 -1.4 14.7 27.2 22.2
EBP 16.1 31.0 74.0 19.4 8.0 0.3 12.2 24.5 16.9
FUNC 20.3 33.5 75.5 24.2 11.0 3.4 14.9 27.3 27.7
MUNC 20.0 30.9 74.5 26.0 7.7 4.2 11.7 25.0 21.4
QF1 12.6 28.6 73.3 19.7 9.1 2.9 12.0 25.2 21.1
PCF1 13.7 31.0 73.1 20.6 10.2 1.2 12.8 25.5 9.5

12

Bench
HIST 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AR QR 1.5 11.4 66.6 2.2 7.5 0.2 3.5 6.1 6.0
AR LS 1.7 12.2 67.7 -0.4 0.0 -1.1 12.8 20.7 13.9

QR

NFCI 1.5 5.9 63.1 0.7 3.2 -11.5 5.2 5.3 13.9
EBP 6.8 22.4 66.9 13.7 2.0 -9.4 0.7 -1.2 11.4
FUNC 4.3 18.6 67.4 14.1 7.7 -7.3 3.5 5.0 15.4
MUNC 10.0 21.4 68.7 12.9 8.4 -5.9 6.8 13.4 16.0
QF1 4.5 18.0 65.9 11.7 7.3 -3.9 3.1 3.0 7.9
PCF1 -1.5 16.9 66.0 7.5 7.9 -15.0 2.3 6.1 2.5

LSR

NFCI 1.9 8.3 65.0 3.2 1.5 -12.2 13.2 21.6 15.3
EBP 4.9 23.7 67.7 10.2 -0.9 -9.4 14.9 18.5 11.5
FUNC 5.8 22.6 69.4 12.2 1.8 1.5 11.2 21.6 16.2
MUNC 9.2 17.7 68.5 12.9 -5.7 0.5 5.0 21.1 7.4
QF1 4.9 17.6 67.9 7.3 0.2 -0.7 11.4 17.5 5.4
PCF1 0.3 18.5 65.8 9.2 1.5 -6.5 11.5 23.0 -0.2

This table reports the out-of-sample predictive performance of selected one-factor downside risk models

across the FRED–MD categories at horizons 1, 3, 6, and 12. For each forecast horizon, specification, and

sub-category, the table lists the average tick loss gain relative to the historical quantile benchmark. Results

are reported separately for quantile regression and location–scale regression specifications.
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Table 9: Downside Risk Prediction for Policy-Relevant Variables

h Class Model RPI IP UR ALL
EMP

HOU
ST

PPI PPI
up

CPI CPI
up

1

Bench
HIST 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AR QR -4.1 9.7 10.3 37.7 84.2 6.3 13.8 -0.0 -3.8
AR LS 24.1 19.5 9.8 46.9 84.4 15.7 25.9 14.1 12.5

QR

NFCI -1.9 17.6 19.6 48.8 83.6 10.0 14.5 3.8 -2.9
EBP 1.5 12.3 14.1 45.2 84.1 10.7 14.0 6.2 1.4
FUNC 1.0 18.9 13.8 45.9 84.1 11.9 15.7 6.4 -2.0
MUNC 5.6 29.2 20.4 50.5 84.5 18.7 22.6 14.3 10.8
QF1 4.1 18.5 14.6 44.6 84.9 15.6 20.7 10.7 0.5
PCF1 -5.0 21.9 16.6 51.5 83.4 15.2 18.3 13.1 2.1

LSR

NFCI 27.1 22.0 17.8 50.5 84.1 16.2 26.3 14.1 11.5
EBP 29.6 17.1 12.0 47.9 84.0 16.3 26.9 14.5 13.8
FUNC 27.8 22.2 15.1 49.7 84.4 19.1 27.6 16.3 10.8
MUNC 30.8 28.0 22.1 51.4 85.3 19.4 31.9 18.6 15.6
QF1 26.2 15.8 15.1 48.0 85.2 16.2 31.1 16.7 8.2
PCF1 15.5 19.9 17.9 49.5 84.4 19.2 28.3 15.6 12.6

3

Bench
HIST 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AR QR -10.6 9.5 14.7 37.2 83.6 8.3 13.6 8.0 12.0
AR LS -0.7 20.5 19.9 38.0 83.7 9.3 33.8 12.2 31.3

QR

NFCI -1.0 22.7 32.0 44.1 83.7 8.8 14.6 8.1 13.4
EBP 2.6 18.6 30.7 47.9 83.7 11.6 16.9 8.4 13.9
FUNC 4.7 27.7 32.4 53.6 85.1 10.7 18.6 8.4 9.9
MUNC 8.2 39.6 35.0 57.5 86.2 15.9 29.8 19.3 19.8
QF1 9.7 22.0 25.4 48.0 84.3 12.0 20.4 8.0 18.0
PCF1 4.6 30.6 32.8 51.6 84.5 9.3 19.6 9.4 18.9

LSR

NFCI -0.9 25.1 31.3 45.7 84.4 9.3 34.4 9.7 31.7
EBP 11.1 21.1 26.1 50.9 85.2 10.5 32.5 12.9 28.3
FUNC 4.5 29.3 30.1 53.8 85.9 12.6 36.1 13.0 31.2
MUNC 11.7 34.7 34.1 55.1 86.6 12.9 34.0 20.5 26.6
QF1 9.1 16.5 23.2 48.3 85.8 10.9 32.4 11.6 30.3
PCF1 8.9 23.7 30.4 53.5 84.8 9.2 34.9 8.1 25.6

6

Bench
HIST 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AR QR -6.9 8.7 15.9 25.7 81.0 11.9 28.8 9.4 13.2
AR LS -10.7 9.4 16.7 20.7 82.2 10.6 42.0 9.6 31.0

QR

NFCI -1.8 20.5 29.6 26.1 80.3 12.0 28.9 9.5 13.6
EBP 12.4 21.0 36.2 47.0 82.2 11.0 29.4 4.2 5.8
FUNC 16.6 27.4 34.2 49.4 83.1 11.7 29.9 9.4 11.5
MUNC 16.1 32.4 40.7 57.0 86.2 12.0 38.1 12.8 19.2
QF1 18.0 19.0 28.8 44.9 81.5 12.3 32.9 8.5 13.5
PCF1 14.8 22.0 34.4 47.3 82.8 12.5 29.0 7.3 12.2

LSR

NFCI -1.8 20.1 27.2 36.8 80.2 11.8 39.3 9.6 34.6
EBP 8.6 22.6 33.3 49.5 83.2 10.8 42.3 1.4 24.6
FUNC 11.4 26.0 34.2 52.5 86.4 11.1 45.3 10.9 31.6
MUNC 15.8 30.2 32.7 50.7 84.9 8.4 41.6 7.2 28.6
QF1 13.7 18.1 26.3 43.8 83.2 10.6 43.1 4.9 27.3
PCF1 11.9 16.4 31.9 48.3 83.0 11.3 43.7 4.4 22.4

12

Bench
HIST 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AR QR -1.9 4.2 12.7 12.1 73.9 -1.0 18.0 0.4 1.2
AR LS -4.9 4.5 9.6 19.8 73.5 4.4 41.0 8.6 20.9

QR

NFCI -1.8 6.2 19.7 -3.7 70.1 -0.5 14.2 -1.9 -2.2
EBP 3.5 12.3 33.3 41.0 76.7 -0.9 16.5 -2.9 -7.9
FUNC 6.2 11.0 22.2 25.0 74.9 -1.5 16.4 2.2 -2.9
MUNC 17.3 14.4 34.3 35.3 80.0 1.6 32.6 5.2 12.1
QF1 4.7 10.6 18.2 26.0 72.5 -0.1 17.5 2.1 0.1
PCF1 2.3 -0.2 24.4 24.2 74.9 -0.2 16.2 1.4 -2.2

LSR

NFCI 1.0 5.3 18.2 3.1 72.5 6.9 37.4 4.6 19.4
EBP 10.2 7.6 30.8 29.8 74.8 11.1 37.4 11.7 17.9
FUNC 3.8 3.3 15.8 36.7 79.9 3.1 41.9 8.7 22.0
MUNC 18.0 12.9 17.4 28.3 77.2 -2.4 39.5 6.1 21.0
QF1 10.0 9.5 16.5 28.0 75.9 3.1 38.0 10.1 8.9
PCF1 2.5 3.2 28.0 24.9 75.4 5.9 39.7 14.3 17.3

This table reports the out-of-sample predictive performance of one-factor downside risk models for selected

policy-relevant variables at horizons 1, 3, 6, and 12. For each forecast horizon, specification, and variable,

the table lists the average tick loss gain relative to the historical quantile benchmark. Results are reported

separately for quantile regression and location–scale regression specifications.
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Figure 1: Quantile Impulse Response Analysis
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This figure displays the QIRFs of selected macroeconomic variables to an increase in MUNC from its

median to its 95% quantile. The responses refer to the twelve-month forward average of Real Personal

Income (RPI), Industrial Production (INDPRO), the Unemployment Rate (UNRATE), and the Consumer

Price Index (CPI). The QIRFs are reported for nine equally-spaced quantiles from the 10% to the 90% of

the distribution and are estimated using quantile regression and location–scale regression. The shaded area

represents the 95% confidence band around the OLS estimate.
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Figure 2: Downside Risk Factors and Macroeconomic Volatility
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This figure displays the relationship between selected downside risk factors and macroeconomic volatility.

The top panel reports the share of macroeconomic variables with realizations below their 5% empirical

quantile. The middle panel reports the time series of the three leading downside risk factors: NFCI, QF,

and MUNC. The bottom panel reports the cross-sectional average, along with the first and third quartiles,

of the estimated macroeconomic volatility.
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