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Abstract
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Université Paris Nanterre (on leave). Associate Researcher at the Centre interuniversitaire de recherche en analyse des
organisations (CIRANO). Email: rkotchoni@imf.org / rkotchoni@parisnanterre.fr / rachidi.kotchoni@cirano.qc.ca.
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1 Introduction

This paper proposes a framework for multi-horizon, real-time, state-dependent forecasting of

macroeconomic variables, with GDP growth as the primary target. The workhorse model — termed

AAR-PROBIT — augments a direct autoregression (ARD) with the probability of recession at

the forecast horizon and/or an Inverse Mills Ratio (IMR) derived from a static Probit. Forecasts

conditioned on expansion at the horizon of interest are termed optimistic; those conditioned on a

recession scenario are termed pessimistic.

The paper contributes to the literature on state-dependent and conditional forecasting by providing a

systematic way to incorporate business cycle information into multi-horizon, real-time macroeconomic

projections. The framework explicitly conditions forecasts on future economic regimes, allowing

a clear distinction between the baseline projection and outcomes expected under expansions or

recessions. Beyond improving forecast accuracy during downturns, the AAR-PROBIT model offers

a structured, internally consistent approach to real-time downside risk assessment: the pessimistic

scenario is derived from the same information set and probabilistic model as the baseline forecast,

rather than from an auxiliary or ad hoc procedure.1 These features make the AAR-PROBIT

framework particularly well suited for policy analysis and stress testing exercises.

Optimistic and pessimistic forecasts can in principle be obtained by splitting the sample according

to whether there is a recession or not, as in an illustrative example presented in Hamilton (2011).

Here, we follow an alternative approach that involves IMR corrections. Dueker (2005) and Dueker

and Wesche (2005) propose a Qual VAR model, which is a VAR system that includes a latent

variable that governs the occurrence of a binary outcome. This approach is not favored here because

it does not naturally lead to state-dependent forecasts of economic activity in real time.2 Related

work also emphasizes the role of risk scenarios and conditional paths to assess macroeconomic

outcomes under adverse conditions, notably in the context of policy analysis and stress-testing

exercises (Moran et al., 2025). The AAR-PROBIT produces real-time, multi-horizon optimistic and

1This perspective is complementary to distribution-based approaches to downside risk such as the framework of
Adrian et al. (2019), which characterizes risks through the lower tail of conditional growth distributions.

2More recent contributions extend the conditional forecasting framework to binary outcomes and recession scenarios
using multivariate structures, such as VAR–probit models that allow structural shocks to affect the conditional
likelihood of downturns (McCracken et al., 2022).
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pessimistic forecasts of economic activity through a parsimonious nonlinear structure, by relying

only on the assumption about the economy’s future position in the business cycle.3

The AAR-PROBIT falls within the broad family of conditional forecasting models studied by Clark

and McCracken (2013). This family includes all forecasting models that assume a particular policy

path (e.g., announced inflation target) or a scenario for the future path of given macroeconomic

variables (e.g., low inflation and high unemployment).4 Recent work also highlights the importance

of accounting for nonlinearity and latent state dependence when constructing conditional macroeco-

nomic scenarios and forecasts (Antoĺın-Dı́az et al., 2021). Conditional forecasting models are used

by major financial institutions and regulatory agencies worldwide to perform stress tests, see e.g.

Grover and McCracken (2014). The methodology developed in this paper can be useful in that

context as well.

To implement the AAR-PROBIT model empirically, we need an operational definition of a recession.

A recession is conventionally defined as the period between a peak and the subsequent trough in

economic activity, whereas an expansion spans the interval from a trough to the next peak. 5

We assume that the peaks and troughs of economic activity are observed (with a release lag) and

that they coincide with the NBER dates. Second, we need a model to predict the probability of

a recession h quarters ahead. Sophisticated models that account for structural breaks and state

dependence in the dynamics of the probability of a recession (Chauvet and Potter, 2002, 2005)

or based on machine learning (Vrontos et al., 2021) could have been used. Here, however, we

advocate a simple Probit model that allows us to obtain parsimonious closed form expressions for

the conditional forecasts.

3Our framework assumes that recession dates are observed up to the most recent turning point announced by the
NBER. Studies on variables that lead future economic activity include Stock and Watson (1989), Issler and Vahid
(2006) and Ng and Wright (2013).

4For instance, Giannone et al. (2014) perform an inflation forecasting exercise conditional on pre-specified paths
for oil price indicators. Schorfheide and Song (2015) produce inflation and growth forecasts conditional on forecasts
obtained from judgmental sources. Other references on conditional forecasts include Sims (1982), Doan et al. (1984),
Meyer and Zaman (2019) and Aastveit et al. (2017).

5This definition of a recession raises two practical issues. The first issue concerns the precise meaning of the
expression “economic activity”. The Business Cycle Dating Committee of the National Bureau of Economic Research
(NBER) does not provide a precise definition to this expression. Rather, it defines a recession as “a significant decline
in economic activity spread across the economy, lasting more than a few months, normally visible in real GDP, real
income, employment, industrial production, and wholesale-retail sales.” The second issue concerns the identification
of the business cycle turning points (i.e., peaks and troughs of real economic activity) from the observed data. The
Business Cycle Dating Committee does provide a precise response to the latter issue by regularly publishing turning
points with approximately one year lag.
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This modelling choice – along with a joint normality assumption on the disturbances – allows us

to build an average scenario that depends on the probability of recession along with pessimistic

and optimistic forecasts involving IMR corrections. We compare our AAR-PROBIT model to

several benchmarks in a real-time out-of-sample forecasting exercise covering 1981Q4–2025Q3. The

comparators include the ARD, a version of the AAR that assumes a linear probability model for

recessions (AAR-LPM), a Markov-switching AR model, and a time-varying-parameter AR with

Probit-gated activation. The simplest AAR-PROBIT outperforms all four benchmarks during

NBER recessions, with up to 38% Mean Square Prediction Error (MSPE) reductions at one-year

horizon relatively to the ARD model. The pessimistic forecast closely tracks GDP growth around the

2007–2009 contraction, and the systematic gap between the pessimistic and optimistic scenarios is

consistent with the growth-at-risk perspective of Adrian et al. (2019). Robustness exercises (reported

in the appendix) with non-farm payroll employment growth as target, and with year-over-year

differencing of both GDP and payroll growth, confirm the main findings.

Our finding that the predictability of economic series varies across the business cycle is not new in the

literature. Rapach et al. (2010) and Gargano and Timmermann (2014) find that the predictability

of the stock market and commodity prices is stronger during recessions. Kotchoni et al. (2019)

document cyclical patterns in the predictability of real activity variables, stock market returns,

exchange rates and inflation growth, and find that the optimal structure of forecasting equations

changes over time. Chauvet and Potter (2013) use a methodology that is similar to ours and find

an improvement in forecasting performance at short horizon. Our approach provides a simple

and flexible nonlinear framework to forecast economic series in real time. Moreover, the first step

Probit models captures recession signals quite well up to four quarters ahead. As a result, our

AAR-PROBIT model improves the accuracy of GDP growth forecasts over the benchmark at longer

horizons.

The remainder of the paper is organized as follows. Section 2 details the construction of the

AAR-PROBIT model and derives the average, pessimistic and optimistic forecasts. Section 3

motivates the static Probit model used for the probability of recessions and discusses alternative

approaches. Section 4 describes the real-time implementation conventions. Section 5 presents the

empirical application. Section 6 the conditional forecasts, and Section 7 concludes.
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2 Modeling the Economic Activity

Let yt denote an economic activity variable (e.g., GDP growth, unemployment rate, etc.), Rt ∈ {0, 1}

the indicator of recession6 at time t andXt a row vector of potential predictors of recessions (excluding

the constant, which is captured separately by the intercept γh,0 in the Probit specifications below).

Our main objective is to produce multi-horizon forecasts of the variables yt. The intended forecasting

model normally takes the form:

yt+h = ρh,0 + ρh,1yt + δhRt+h + vt+h, (1)

for t = 1, ..., T − h, where h ≥ 1 is the forecast horizon and vt+h ∼ N(0, σ2h) is a Gaussian error

term. This error is assumed to be potentially correlated with Rt+h but uncorrelated with lagged

realizations of yt. Unfortunately, these models cannot be used for real time forecasting as the right

hand side contains a regressor that is not yet observed at period t.

Taking the expectation of yt+h conditional on the information available at time t yields an equation

that expresses the expected value of yt+h in terms of quantities that depends on the information

available at time t:

E (yt+h|yt, Xt) = ρh,0 + ρh,1yt + δh Pr (Rt+h = 1|yt, Xt) ≡ ŷt+h. (2)

Historical values of the economic activity variable yt might have been used by the economists of the

NBER to produce the series Rt. Therefore, there is a risk that a model that forecasts the probability

of a recession at period t+ h conditional on an information set that includes yt be spuriously good

in-sample and bad out-of-sample. To avoid this issue, we posit that the probability of a recession at

period t+ h depends on Xt only.

According to what precedes, yt+h may be represented as an Augmented Autoregressive (AAR)

process as follows:

yt+h = ρh,0 + ρh,1yt + δh Pr (Rt+h = 1|yt, Xt) + ṽt+h, (3)

6That is, Rt = 1 if the NBER dating committee designated period t as a recession time and Rt = 0 otherwise.
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where ṽt+h ≡ vt+h + δh (Rt+h − Pr (Rt+h = 1|yt, Xt)) is a zero mean error term. AAR models

essentially differ in their approach to estimate the probability of recession.

It is possible to go one step beyond the average forecast (2) by taking advantage of the observability

of the recession dates (Rt). Indeed, a forecast can be generated based on the pessimistic assumption

that the economy will experience a recession at horizon t+ h. We have:

E (yt+h|yt, Xt, Rt+h = 1) = ρh,0 + ρh,1yt + δh + δh,1E (ṽt+h|yt, Xt, Rt+h = 1) . (4)

In this equation, δh is a constant shift and δh,1E (ṽt+h|yt, Xt, Rt+h = 1) is caused by “a break” in

the structure of dependence between yt+h and Xt due to recession. This break is absent when vt+h

is uncorrelated with recession so that δh,1 = 0. The pessimistic forecast may be used to assess how

severe a recession is expected to be if it were to effectively occur at the forecast horizon. This

formula can be used to perform a wide range of stress testing exercises, including in the banking

sector to anticipate extreme losses on a portfolio, or in macroeconomic analysis to assess the fragility

of the housing sector.

Another forecast based on the optimistic scenario of no recession at horizon t+ h can be specified

as well. We have:

E (yt+h|yt, Xt, Rt+h = 0) = ρh,0 + ρh,1yt + δh,0E (ṽt+h|yt, Xt, Rt+h = 0) , (5)

where δh,0E (ṽt+h|yt, Xt, Rt+h = 0) is a break that marks expansion periods. This optimistic forecast

can be used to assess how favorable the economic conjuncture is expected to be if an expansion

were to occur at the forecast horizon.

The parameters δh, δh,0 and δh,1 are all expected to be negative if yt is pro-cyclical (that is, if yt

increases during expansions and shrinks during recessions). The terms δh,1E (ṽt+h|yt, Xt, Rt+h = 1)

and δh,0E (ṽt+h|yt, Xt, Rt+h = 0) capture the combined effects of factors that are difficult to measure

explicitly, including supply and demand shocks, policy responses to these shocks, investors sentiments,

consumer confidence, agents anticipations, etc.
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The conditional expectations (4)–(5) connect our framework to two strands of the recent literature

on state-dependent forecasting. First, McCracken et al. (2022) develop a Bayesian system to jointly

produce recession and conditional forecasts using the Qual-VAR of Dueker (2005): a Gaussian VAR

is augmented with a latent variable deterministically linked to the recession indicator via a sign

rule, and conditional forecasts are drawn from the posterior distribution using truncated-normal

simulations. Our two-step procedure achieves the same objective from a different angle by relying

on a single-equation specification of the probability of recession combined with a sample-selection

correction.

Second, Gonçalves et al. (2024) study the econometrics of state-dependent forecasts distinguishing

the conditional average response from the conditional marginal response to a shock. They show that

when the state variable is endogenously determined, standard state-dependent Local Projections

models correctly capture the conditional marginal response to shocks but are biased for the

conditional average response to shocks of non-trivial magnitude. Our pessimistic and optimistic

forecasts (4)–(5) are conditional average forecasts in the sense of Gonçalves et al. (2024). We elude

the local-projection bias by relying on a probabilistic model of recession that is conditioned on

forward looking indicators.

Pooling the forecasting formulas (4) and (5) yields:

yt+h = ρh,0 + ρh,1yt + δhRt+h + δh,0IMR0,t+h + δh,1IMR1,t+h + ˜̃vt+h, (6)

where ˜̃vt+h is a zero mean error term and:

IMR1,t+h =

 E (ṽt+h|yt, Xt, Rt+h = 1) if Rt+h = 1,

0 otherwise.
,

IMR0,t+h =

 E (ṽt+h|yt, Xt, Rt+h = 0) if Rt+h = 0,

0 otherwise.
.

To implement the AAR model empirically, one first estimates a probabilistic model for recessions.

The output of this probabilistic model is then used to compute fitted values for the probability of
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recession P̂t,h = Pr (Rt+h = 1|yt, Xt) as well as for ÎMR1,t+h and ÎMR0,t+h. The average forecasts

are obtained as the fitted values of the following OLS regression:

yt+h = ρh,0 + ρh,1yt + δhP̂t,h + et+h, (7)

where et+h is an error term. Finally, the parameters that are needed to compute the optimistic and

pessimistic forecasts are deduced from the following OLS regression:

yt+h = ρh,0 + ρh,1yt + δhP̂t,h + δh,0ÎMR0,t+h + δh,1ÎMR1,t+h + ẽt+h, (8)

where ẽt+h is an error term.

3 Modeling the Probability of Recession

This section describes the model used to estimate the probability of a recession at different forecast

horizons. Our objective is not to provide the best possible model for dating turning points but to

construct a simple forward-looking predictor that can be flexibly incorporated into the conditional

forecasting framework developed previously.

We posit the existence of a latent lead indicator Zt+h taking the form:

Zt+h = γh,0 +Xtγh,1 + ut+h, for all t and h, (9)

with ut+h ∼ N(0, 1), and which satisfies:

Rt+h =

 1 if Zt+h > 0,

0 otherwise.

This assumption implies a Probit model for the probability of recessions:

Pr (Rt+h = 1|Xt) = Φ (γh,0 +Xtγh,1) , (10)
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where Φ is the cumulative distribution function (CDF) of the standard normal random variable.

The static Probit model has several advantages. First, our optimistic and pessimistic forecasting

formulas depends on the expressions of E (vt+h|Xt, Rt+h = 1) and E (vt+h|Xt, Rt+h = 0), which are

easily calculated by assuming that (ut+h, vt+h) are jointly Gaussian for all h ≥ 1. Second, the static

Probit specification is convenient for real-time forecasting. Dynamic Probit models (Kauppi and

Saikkonen, 2008; Hao and Ng, 2011) and regime-switching models (Hamilton, 1989) may improve

recession prediction in fully revised samples, but they typically rely on information that is difficult

to exploit in real time: lagged values of the recession indicator are announced by the NBER with

substantial delays and may be revised ex post, and latent regime states are inferred from the full

sample. By contrast, a static Probit model that conditions on forward-looking financial indicators

available at time t generates probability estimates that are well-defined in real time and that can be

directly embedded into the conditional forecasting framework developed in this paper.

Under a joint normality assumption on (vt+h,ut+h), E (vt+h|Xt, Rt+h = 1) and E (vt+h|Xt, Rt+h = 0)

are well-known Inverse Mills Ratios. We have:

IMR1,t+h =


ϕ(γh,0+Xtγh,1)
Φ(γh,0+Xtγh,1)

if Rt+h = 1,

0 otherwise.

, (11)

IMR0,t+h =


−ϕ(γh,0+Xtγh,1)
1−Φ(γh,0+Xtγh,1)

if Rt+h = 0,

0 otherwise.

(12)

where ϕ is the probability distribution function (PDF) of the standard normal random variable.

Plugging the estimates (γ̂h,0, γ̂h,1) of (γh,0, γh,1) into the expression of the probability of recessions

(10) and the IMRs (11)-(12) yields the proxies ÎMR1,t+h and ÎMR0,t+h that are needed to implement

the forecasting equations (7) and (8). Our feasible average, pessimistic and optimistic forecasts are

given by:

ŷt+h = ρ̂h,0 + ρ̂h,1yt + δ̂hΦ (γ̂h,0 +Xtγ̂h,1) . (13)

y
t+h

= ρ̂h,0 + ρ̂h,1yt + δ̂h + δh,1
ϕ (γ̂h,0 +Xtγ̂h,1)

Φ (γ̂h,0 +Xtγ̂h,1)
. (14)
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yt+h = ρ̂h,0 + ρ̂h,1yt + δ̂h,0
−ϕ (γ̂h,0 +Xtγ̂h,1)

1− Φ (γ̂h,0 +Xtγ̂h,1)
, (15)

In the previous equations, the IMRs have the usual interpretation of sample selection bias corrections

in the spirit of Heckman (1979). In this framework, the Probit model serves as a reduced-form

selection equation that distinguishes between recession and expansion states, as dated by the NBER.

The AAR-PROBIT model captures systematic differences in the conditional dynamics of economic

activity across these states while accounting for the non-random selection of observations into

recessions or expansions. Since business-cycle turning points are announced with up to four quarters

lag, a probabilistic model of recession is useful in its own right, as it can be estimated on historical

data and used to infer the likelihood of an upcoming turning point ahead of an official NBER

announcement, as suggested by Wright (2006).

The prediction of the probability of recessions is not a new exercise in the empirical macroeconomic

literature. Stock and Watson (1989) use a probabilistic framework to construct a coincident and a

lead index of economic activity as well as a recession index. Estrella and Mishkin (1998) examine

the individual performance of financial variables such as interest rates, spreads, stock prices and

monetary aggregates at predicting the probability of a recession. They find that stock prices are

good predictors of recessions at one to three quarters horizon while the slope of the yield curve is a

better predictor beyond one quarter.

The forecasting power of the yield curve is also documented in Rudebusch and Williams (2009), who

find that professional forecasters do not properly incorporate the information from the yield spread.

Nyberg (2010) advocate a dynamic Probit model and find that in addition to the TS, lagged values

of stock returns and foreign spreads are important predictors of a recession. Anderson and Vahid

(2001) apply nonlinear models to predict the probability of U.S. recession using the interest-rate

spread and money stock (M2) growth. Wright (2006) estimates several Probit models and finds

that adding the FFR to the TS outperforms the model of Estrella and Mishkin (1998) that used

the TS only. Christiansen et al. (2014) find that sentiment variables have predictive power beyond

standard financial series.

In the AAR-PROBIT, the forecasting formula exploits the information content of Xt in a nonlinear
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manner. This suggests an alternative specification where Xt enters linearly in the model. That is:

yt+h = ρh,0 + ρh,1yt +Xtβh + εt+h, (16)

where εt+h is an error term. The specification above implicitly assumes a linear probability model

(LPM) for recessions. Accordingly, we may refer to it subsequently as the AAR-LPM. The value

added of the AAR-PROBIT vis-à-vis the AAR-LPM model is essentially attributed to nonlinearity.

One may also consider embedding a slightly more complex model of the probability of recession into

the AAR-PROBIT. For instance:

yt+h = ρh,0 + ρh,1 yt + δhΦ

γh,0 + q∑
j=0

X ′
t−jγh,j+1

+ εt+h, (17)

Finally, a model assuming that Xt is irrelevant for predicting yt+h is given by

yt+h = ρh,0 + ρh,1 yt + εt+h, (18)

We refer to (18) as the Direct Autoregressive (ARD) model, which is direct (local) projection of

yt+h onto yt.

The vector Xt may contain several financial variables (e.g. term spread, credit spread, Fed funds

rate). While we favor a simple probabilistic model conditioned on a small set of lead financial

indicators for the sake of parsimony and robustness, the set of lead indicators of recession can be

large in the real world. In data-rich contexts, various signal extraction or dimensionality reduction

approaches may be used to predict the probability of a recession, as for instance in Stock and

Watson (2013) and Ng (2014).

4 Real-Time Implementation

The real-time implementation of the AAR model must accommodate several release lags inherent to

the GDP data and to the NBER recession indicator. This section details how these release lags

shape the samples used to estimate the Probit and the second-stage regression, and discusses the
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parameters update schedule that fully exploits the information available at each point in time while

avoiding look-ahead biases.

At quarterly frequency, the financial predictors Xt (term spread, credit spread, Fed funds rate, etc.)

are observable in real time: at the current period t∗, Xt is known for all t ≤ t∗. Two release lags

must be monitored and accommodated in the real-time implementation of the AAR:

• The first release of the GDP series yt is available with one-quarter delay; at t∗ we observe yt

for t ≤ t∗ − 1. The “final” release is typically available with approximately a one-year lag.7

• The NBER Business Cycle Dating Committee announces each turning point (peak or trough)

with an average lag of four quarters, but announcements are infrequent : once a turning point

has been designated, the entire path of Rt is considered fully revised up to that turning point,

and no new designation occurs until the next peak or trough is identified. At Period t∗, let

t∗ − l be the most recent turning point announced by the NBER. Because announcements are

rare, l can be substantially larger than four.

While the asymmetry in release lags does not matter for an in-sample prediction exercise based on

fully revised data, it has practical implications in a real-time forecasting exercise. At the current

period t∗, the latest observable GDP growth is yt∗−1 For that reason, the real-time implementation

replaces the current-quarter regressor yt that appears on the right-hand side of equations (13)–(15)

with the lagged value yt−1. Moreover, forecasts are generated using a direct autoregressive formula

at each horizon h = 0, 1, . . . ,H (that is, yt+h is predicted directly using information available at

Period t or earlier). Therefore, the Probit, ARD and AAR-PROBIT models are specified in real

7In the realm of real-time data, the “final value” of a variable is a release that is unlikely to be revised further.
Strictly speaking, there is no definitive final value.

11



time as:

Probit : Pr(Rt+h = 1 | Xt) = Φ(γh,0 +Xtγh,1), (19)

ARD : yt+h = ρh,0 + ρh,1 yt−1 + εt+h, (20)

AAR-LPM : yt+h = ρh,0 + ρh,1 yt−1 +X ′
tβh + εt+h, (21)

AAR-PROBIT : yt+h = ρh,0 + ρh,1 yt−1 + δhΦ

γh,0 + q∑
j=0

X ′
t−jγh,j+1

+ εt+h, (22)

with q = 0 leading to the simplest AAR-PROBIT derived previously.

For each forecast horizon h ≥ 1, the Probit (19) is estimated on the longest sample for which both

Xt and the dependent variable Rt+h are observable in real time. At Period t∗, Rt+h is observable as

long as t+h ≤ t∗− l, which gives the estimation window t ∈ [1, t∗− l−h]. The resulting estimate γ̂h

is then used to compute the fitted probability P̂t,h as well as the inverse Mills ratios ÎMR0,t+h and

ÎMR1,t+h over the full range t ∈ [1, t∗]. This extrapolation is possible because Xt is observable in

real-time: γ̂h can be used to back out the constructed probabilities P̂t,h over the entire path [1, t∗].

The regression models (18)–(22) can be estimated on a sample longer than that of the Probit. The

binding constraint is no longer the availability of Rt+h but the availability of the dependent variable

yt+h. Because the first release of GDP growth is available with a one-quarter lag, yt+h is observable

whenever t+ h ≤ t∗ − 1, the ARD, AAR-LPM and AAR-PROBIT are estimated by OLS on the

sample t ∈ [2, t∗ − h− 1] (binding on the availability of yt−1 on the right-hand side and of yt+h as

dependent variable), using the probabilities P̂t,h inferred using the first-step Probit.

Upon estimating the parameters, h-period ahead forecasts are produced at t∗ using the formulas:

ARD : ŷt∗+h = ρ̂h,0 + ρ̂h,1yt∗−1 (23)

AAR-LPM : ŷt∗+h = ρ̂h,0 + ρ̂h,1yt∗−1 +X ′
tβh, (24)

AAR-PROBIT : ŷt∗+h = ρ̂h,0 + ρ̂h,1yt∗−1 + δhΦ

γ̂h,0 + q∑
j=0

X ′
t−j γ̂h,j+1

 (25)

for h = 0, 1, . . . H, where yt∗−1 is the first release of GDP growth observed at t∗ and Xt∗ is the
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real-time value of the financial predictors. The coefficient estimates are plugged into the forecasting

formulas (14) and (15) to obtain the pessimistic and optimistic scenarios. A nowcast of yt∗ is

obtained at horizon h = 1 from t∗ − 1.

The re-estimation schedule for parameters update is asymmetric. The Probit estimate γ̂h is re-

computed only when the NBER announces a new turning point, since only then does the observable

support of Rt+h expand. Between two consecutive announcements, γ̂h (and therefore the entire

path of P̂t,h) is held fixed. In contrast, the ARD, AAR-LPM and AAR-PROBIT coefficients are

re-estimated at every new quarter, because the sample of observable yt+h grows by one observation

each period. This asymmetric rule exploits information as fully as possible while avoiding any

look-ahead bias.

A concrete illustrative example is as follows. Consider a GDP growth forecast four-quarters

ahead constructed at t∗ = 2006Q4 (target 2007Q4, h = 4). At 2006Q4, the most recent NBER

announcement is the 2001Q4 trough (announced July 17, 2003), so Rt is considered known only up

to 2003Q2 and l ≈ 13 quarters.

• Probit : estimated on 1959Q1–2002Q2 by matching Xt (for t ≤ 2002Q2) with Rt+4 (for t+4 ≤

2003Q2), yielding γ̂4. The probabilities P̂t,4 = Φ(γ̂4,0 +Xtγ̂4,1) are then computed for all t ≤

2006Q4 (including the extrapolation window 2003Q3–2006Q4).

• AAR: estimated on 1959Q2–2005Q3 (the dependent variable yt+4 is observed up to the first

release of y2006Q3, received at 2006Q4), yielding ρ̂4,0, ρ̂4,1 and δ̂4. ARD and AAR-LPM are

estimated on the same 1959Q2–2005Q3 sample.

• Forecast for 2007Q4:

ŷ2007Q4 = ρ̂4,0 + ρ̂4,1 y
1st rel.
2006Q3 + δ̂4Φ

(
γ̂4,0 +X2006Q4 γ̂4,1

)
.

When we roll forward to t∗ = 2007Q1, γ̂4 remains unchanged (no new NBER announcement), but

(ρ̂4,0, ρ̂4,1, δ̂4) are re-estimated on the extended sample 1959Q2–2005Q4. The Probit parameters

γ̂4 are updated only when the NBER announces the 2007Q4 peak (December 1, 2008). Figure 1

13



summarizes this timing.

Figure 1: Real-time timeline of the AAR procedure

time
1959Q1 t∗ − l − h t∗ − l t∗ − h− 1 t∗ t∗ + h

(origin) (target)

γ̂h frozen between consecutive NBER announcements, ρ̂h, δ̂h re-estimated each quarter

forecast ŷt∗+h

Probit estimation
Rt+h observed

ARD / AAR-LPM / AAR-PROBIT estimation
yt+h observed (1st release)

Xt∗ observed, yt∗−1 first-released

Note: The Probit (blue) is estimated on [1, t∗ − l − h], the longest range for which Rt+h is observable. γ̂h is

held fixed between NBER announcements and used to compute P̂t,h for t up to t∗. The ARD, AAR-LPM and
AAR-PROBIT models (green) are estimated on the longer sample [2, t∗ −h− 1], binding only on the first-release
availability of yt+h. Their parameters are re-estimated at each new quarter. Forecasts at t∗ + h combine the
frozen γ̂h, the quarter-specific (ρ̂h, δ̂h), the real-time Xt∗ and the first release of yt∗−1.

5 Empirical Application

We now assess the out-of-sample forecasting performance of the AAR model and compare it to a set

of competing specifications that either enrich or challenge the role of the recession probability as a

conditioning variable. All forecasts follow the real-time conventions of Section 4: the right-hand

side uses yt−1, the Probit parameters γ̂h are held fixed between successive NBER announcements,

and (ρ̂h, δ̂h) are re-estimated at each new quarter. Unless noted otherwise, the historical estimation

sample uses the 1st release of GDP growth, while the evaluation target is the most recent vintage

(MRV) of GDP at the target quarter, which we take to be the best available proxy for the unobserved

true value. We use MRV throughout the paper to denote the latest available data, a deliberate

choice over final, since BEA revisions continue for years after the first release.

5.1 Data and Models Specification

The NBER quarterly recession indicator and all financial variables are obtained from FRED at

monthly frequency and aggregated to quarterly averages. We consider three single-predictor sets,

each corresponding to a distinct segment of the U.S. Treasury yield curve: the canonical term spread

TS = GS10−TB3MS of Estrella and Mishkin (1998); the forward-based spread TS Wright of Wright
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(2006), computed at a 1.5-year maturity from the Svensson zero-coupon curve of Gürkaynak et al.

(2007); and the long-end spread TS 10Y 2Y = GS10−GS2 widely followed by market practitioners.

Two multi-predictor sets that combine the term spread with the Federal Funds Rate and the Moody’s

Baa−10Y credit spread are reported in Appendix A.

The real-time vintages of GDP are obtained from the Federal Reserve Bank of Philadelphia’s

real-time data set. The Probit estimation sample spans 1959Q1 to 2025Q4, and the out-of-sample

evaluation period runs from 1981Q4 to 2025Q3, giving 176 target quarters for each forecast horizon

h = 1, . . . , 8. Throughout the paper, we exclude the two COVID-19 quarters 2020Q1 and 2020Q2

from the reported MSPE statistics. The pandemic shock represents an extreme outlier driven by

public-health rather than financial or cyclical forces, and its inclusion mechanically inflates every

MSPE in its vicinity, dominating the comparisons across specifications. Results that include these

two quarters are qualitatively similar and are available on request.

We estimate two families of Probit models that differ in the specification of their latent variable

Zt+h. The first specification is:

Zstat
t+h = γh,0 + Xtγh,1 + Xt−1γh,2 + · · · + Xt−qγh,q+1 + ut+h, (26)

with lag orders q ∈ {0, 1, 2, 3, 4}.

The second specification is the autoregressive (AR) Probit of Kauppi and Saikkonen (2008), recently

applied to Canadian recessions by Poulin-Moore and Tuzcuoglu (2024). We have:

ZAR
t+h = γh,0 + Xtγh,1 + αh Z

AR
t−1+h + ut+h, |αh| < 1. (27)

with αh restricted to the stationary region via the reparametrisation αh = ψ/(1 + |ψ|). Under this

conditions, inverting the process (27) yields:

ZAR
t+h =

γh,0
1− αh

+ γh,1

∞∑
ℓ=0

αℓ
hXt−ℓ +

∞∑
ℓ=0

αℓ
h ut+h−ℓ, (28)

Hence, the invertible AR Probit is equivalent to a Probit with infinite lags.
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We estimate the Probit model based on the latent variable (26) with q ∈ {0, 1, . . . , 4} lags and the

Probit model based on (27) by maximum likelihood. The six models are estimated separately using

each of the three sets of predictors, leading to a total of 18 AAR-PROBIT specifications. The

ARD model (18) that excludes the information content of the probability of recession is used as

comparator.

5.2 Forecasting performance of the AAR models

Tables 1 and 2 report the ratios of MSPE relative to ARD for the 18 AAR specifications over

two subsamples. Table 1 restricts the evaluation to NBER recession quarters; Table 2 reports the

corresponding ratios over the full out-of-sample period. Statistical significance is assessed with

the Clark and McCracken (2013) test of equal predictive accuracy against ARD, with asymptotic

p-values computed from HAC variance estimates with bandwidth h− 1.

Table 1: MSPE ratios vs ARD: NBER Recessions — estimation vintage: 1st release

Predictors Probit h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Static probit
TS q=0 1.30 1.08 0.85 0.74∗ 0.90∗∗ 0.92∗∗ 0.93∗ 1.06
TS q=1 0.96∗ 0.92 0.83 0.75∗ 0.87∗∗ 1.12∗∗ 0.97∗∗ 0.99
TS q=2 0.96∗ 0.94 0.85 0.76∗ 0.85∗ 1.13∗∗ 0.94∗∗ 1.01
TS q=3 0.96∗ 0.95 0.86 0.90∗ 0.80∗ 1.01∗∗∗ 0.99∗ 1.04
TS q=4 1.00∗ 1.01 1.05 0.91∗∗ 0.79∗∗ 1.04∗∗∗ 0.98 1.02

TS Wright q=0 1.10 0.91 0.69∗ 0.63∗∗ 0.87∗∗ 0.91∗∗∗ 0.93 1.10
TS Wright q=1 0.87∗ 0.75∗ 0.68∗ 0.63∗∗ 0.81∗∗ 1.10∗∗∗ 0.95∗∗ 1.01
TS Wright q=2 0.82∗ 0.76∗ 0.70∗ 0.63∗∗ 0.83∗∗ 1.05∗∗∗ 0.97∗∗ 1.03
TS Wright q=3 0.82∗∗ 0.77∗ 0.69∗ 0.63∗∗ 0.97∗∗ 1.01∗∗∗ 0.98∗ 1.05
TS Wright q=4 0.81∗∗ 0.77∗ 0.77∗ 0.69∗∗∗ 0.98∗∗ 0.99∗∗∗ 0.97∗ 1.06

TS 10Y 2Y q=0 1.37 1.33 1.04 1.02 0.82 0.78 0.76 0.74
TS 10Y 2Y q=1 1.27 1.19 1.00 1.00 0.81 0.77 0.76 0.74
TS 10Y 2Y q=2 1.25 1.20 1.00 1.00 0.81 0.77 0.75 0.75
TS 10Y 2Y q=3 1.27 1.20 1.00 0.99 0.82 0.76 0.75 0.74
TS 10Y 2Y q=4 1.24 1.20 1.01 1.00 0.81 0.76 0.74 0.74

Panel B — Autoregressive probit
TS AR-probit 1.09 0.96 0.82 0.75∗ 0.86∗∗ 0.99∗∗ 0.99 1.06
TS Wright AR-probit 0.79∗ 0.73∗ 0.68∗∗ 0.63∗∗ 0.83∗∗ 1.01∗∗∗ 1.03 1.09
TS 10Y 2Y AR-probit 1.29 1.22 1.01 1.00 0.81 0.77 0.75 0.75

Notes: Entries are MSPE ratios of AAR-PROBIT forecasts relative to ARD over NBER Recessions. Panel A reports
the AAR-PROBIT with lag orders q ∈ {0, 1, 2, 3, 4}; Panel B reports the AAR-PROBIT with autoregressive Probit
at q = 0. The historical estimation sample uses the 1st release of GDP (real-time convention). Forecast errors are
computed against the MRV of GDP at the target date, which is the best available proxy for the unobserved “true”
value. Significance stars refer to the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

The baseline AAR-PROBIT based on the term spread delivers a 26% reduction in the mean squared

prediction error at the one-year horizon during recessions. For the TS-based AAR-PROBIT at q = 0,
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Table 2: MSPE ratios vs ARD: Full OOS — estimation vintage: 1st release

Predictors Probit h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Static probit
TS q=0 1.10 1.12∗∗ 1.05∗∗ 0.97∗∗ 0.99∗∗ 0.97∗∗ 0.98∗∗ 1.03
TS q=1 0.92∗∗∗ 0.99∗∗ 0.99∗∗ 0.97∗∗ 1.00∗ 1.06∗ 1.00∗∗ 0.99
TS q=2 0.91∗∗∗ 0.99∗∗ 0.99∗∗ 0.98∗ 0.98∗∗ 1.03∗∗ 0.98∗∗ 1.01
TS q=3 0.93∗∗∗ 1.01∗∗ 0.99∗∗ 1.01∗ 0.97∗∗ 1.00∗∗ 1.02∗ 1.07
TS q=4 0.95∗∗∗ 1.02∗∗ 1.03∗∗ 1.01∗∗ 0.97∗∗ 0.99∗∗ 0.99∗ 1.05

TS Wright q=0 1.06∗ 1.06∗∗ 1.00∗∗ 0.97∗ 0.99∗ 0.98∗∗ 0.97∗∗ 1.03
TS Wright q=1 0.93∗∗∗ 0.99∗∗ 0.99∗∗ 0.98∗ 0.99∗ 1.06∗ 1.01∗∗ 1.00
TS Wright q=2 0.91∗∗∗ 1.03∗∗ 0.98∗∗ 0.98∗ 1.00∗ 1.03∗∗ 1.01∗ 1.01
TS Wright q=3 0.96∗∗ 1.03∗∗ 0.97∗∗ 0.98∗ 1.04 1.03∗∗ 1.03 1.04
TS Wright q=4 0.97∗∗ 1.02∗∗ 1.00∗∗ 1.00∗ 1.05 1.01∗∗ 1.00∗ 1.04

TS 10Y 2Y q=0 1.14 1.15 1.18 1.07 1.04 1.02 0.99 0.97∗

TS 10Y 2Y q=1 1.05 1.04 1.12 1.07 1.03 1.03 0.98∗ 0.97∗

TS 10Y 2Y q=2 1.03∗ 1.03 1.08 1.07 1.03 1.04 1.00 0.97∗

TS 10Y 2Y q=3 1.04∗ 1.04 1.07 1.07 1.03 1.05 1.00 0.98∗

TS 10Y 2Y q=4 1.04∗ 1.04 1.07 1.06 1.02 1.03 1.00 0.98∗

Panel B — Autoregressive probit
TS AR-probit 1.00∗∗∗ 1.02∗∗ 0.97∗∗ 0.97∗∗ 0.99∗∗ 0.99∗ 0.98∗ 1.01
TS Wright AR-probit 1.00∗∗ 1.01∗∗ 0.96∗∗ 0.98∗ 0.99∗ 1.00∗ 0.99 1.00
TS 10Y 2Y AR-probit 1.06 1.06 1.10 1.05 1.01 1.02∗ 1.00∗ 0.97∗

Notes: Entries are MSPE ratios of AAR-PROBIT forecasts relative to ARD over Full OOS. Panel A reports the
AAR-PROBIT with lag orders q ∈ {0, 1, 2, 3, 4}; Panel B reports the AAR-PROBIT with autoregressive Probit at
q = 0. The historical estimation sample uses the 1st release of GDP (real-time convention). Forecast errors are
computed against the MRV of GDP at the target date, which is the best available proxy for the unobserved “true”
value. Significance stars refer to the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

the MSPE ratio relative to ARD is 0.74∗ at h = 4, and the gain is statistically significant at the 5%

level for h = 5, 6, 7 as well. Adding lags to the latent variable of the Probit reduces the MSPE at the

shortest horizons: the TS-based AAR-PROBIT at q = 1 improves the h = 1 ratio from 1.30 to 0.96∗,

and the gain saturates around q = 2. Further lags do not help, reflecting the exponential decay

of information content in the term-spread as one moves back in time. This saturation pattern is

broadly consistent with what the autoregressive Probit captures parsimoniously through the single

parameter αh.

The Wright forward-spread emerges as the most informative single predictor at short and medium

horizons. The static Probit with the Wright spread and q ∈ {2, 3, 4} delivers MSPE reductions

of 36 to 38% at the central h = 4 horizon during recessions, while the model based on infinite

lag Probit (or AR-Probit) matches this performance with only one additional parameter. For the

AAR-PROBIT (based on infinite lag Probit) based on the Wright spread, the MSPE ratio reaches

0.63∗∗ at h = 4 and remains significant at the 5% level or better for horizons 1 through 5. The
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forward-based construction therefore exploits information beyond the standard slope of the yield

curve, plausibly reflecting expectations about the path of the short rate two to six quarters ahead.

Turning to the longer end of the yield curve, we find that the 10Y − 2Y spread is the most

informative predictor at long horizons. The AAR-PROBIT based on the 10Y−2Y spread delivers

MSPE reductions of 22 to 28% at h = 6, 7, 8 during recessions, while the term spread and Wright

spread AARs lose most of their predictive power beyond h = 5. This pattern is consistent with

the fact that the 10Y− 2Y segment is less sensitive to short-run monetary policy fluctuations and

captures longer-run expectations about real activity.

Over the full out-of-sample period, the MSPE ratios are substantially closer to one and the gains are

mostly concentrated at h = 1. Table 2 shows that most specifications cluster in [0.91, 1.15], which is

consistent with the well-documented difficulty of forecasting the conditional mean of GDP growth

outside of recession episodes: the process is close to a random walk around a stable mean. The

AR Probit combined with the Wright spread, as well as the static Probits with q ∈ {1, 2} across all

three predictor sets, achieve MSPE reductions of two to nine percent at h = 1 that are statistically

significant at conventional levels. The term spread therefore retains some predictive content even

outside recessions, though the magnitudes are necessarily modest.

5.3 Contribution of Nonlinearity to Forecast Accuracy

The AAR-PROBIT differs from a standard AAR-LPM regression in one single respect: the lead

indicators of recession enters the forecast equation through the non-linear transformation Φ(γ̂h,0 +

Xtγ̂h,1), while it enters linearly in the AAR-LPM. Variants of AAR-LPM forecasting models of

output growth involving financial indicators have been explored, among others, in Gilchrist et al.

(2009), Chauvet and Potter (2013) and Ng and Wright (2013). A natural question is whether the

gains documented above come primarily from the information content of the term spread, which

the AAR-PROBIT and AAR-LPM share, or from the specific non-linear mapping through which

the PROBIT channels this information into the AAR. To answer this question, we compare the

AAR-PROBIT and the AAR-LPM under the same predictor set Xt (possibly including lags of the
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original predictor, as defined in Section 4) and the same Probit lag order:

AAR-PROBIT : yt+h = ρh,0 + ρh,1 yt−1 + δhΦ
(
γ̂h,0 +Xtγ̂h,1

)
+ εt+h, (29)

AAR-LPM : yt+h = ρh,0 + ρh,1 yt−1 +Xtβh + εt+h. (30)

Tables 3 and 4 report the ratio MSPE(AAR-PROBIT)/MSPE(AAR-LPM) for every combination

of predictor set, Probit lag order and horizon, under both the 1st-release and MRV estimation

vintages. Entries below unity indicate that the non-linear transformation improves the forecast

accuracy.

The non-linearity effect is large and pervasive during recessions. For q ≥ 2, the AAR-PROBIT

delivers MSPE ratios against the AAR-LPM that fall between 0.56 and 0.63 for the Wright spread

at h = 4 and h = 6, which translates into a 37 to 44% reduction in MSPE attributable solely

to the Probit transformation. Similar magnitudes are obtained for the canonical TS spread at

longer horizons. The mechanism is intuitive. During recessions the term spread takes extreme,

and often negative, values. The Probit CDF compresses these into the saturating region of [0, 1]

where marginal effects decay rapidly. A linear specification, by contrast, extrapolates the effect of

the spread proportionally and produces exaggerated predictions of GDP growth. When only the

contemporaneous regressor is used (q = 0), the two models are close to parity, since a monotone

function of a single index can be well approximated by OLS on that same index. The non-linearity

therefore pays off specifically when several lags of the predictor jointly feed into the Probit.

Over the full out-of-sample period, the non-linearity effect is smaller but uniformly in favor of

the AAR-PROBIT, with MSPE ratios in [0.80, 0.98] and gains in the range of 10 to 20% at most

horizons. The gap between AAR-PROBIT and AAR-LPM widens substantially during recessions

relative to the full sample, which is consistent with the state-dependent interpretation of the Probit

transformation: its marginal effect adjusts endogenously to the current level of the spread, an

adjustment that a linear specification cannot reproduce.
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Table 3: MSPE ratio of AAR-PROBIT to AAR-LPM at matched Probit lag: NBER Recessions

Predictors Lag h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Estimation vintage: 1st release
TS q=0 0.95 1.11 1.05 1.05 1.07 1.03 1.01 0.94

q=1 0.89∗ 0.89∗ 0.88∗ 1.13 1.11 0.76 0.78∗ 0.91∗

q=2 0.83∗ 0.85∗ 0.90∗ 1.19 0.71 0.62 0.75∗ 0.90∗

q=3 0.79∗ 0.82∗ 0.81∗∗ 0.77 0.69 0.62 0.81∗ 0.88∗

q=4 0.80∗ 0.90∗ 0.76∗∗ 0.76 0.68 0.67 0.76∗ 0.87∗

TS Wright q=0 0.89 1.11 1.03 1.07 1.09 1.06 1.01 0.90∗

q=1 0.91 0.89∗ 0.92 1.15 1.03 0.68 0.75∗ 0.81∗

q=2 0.82∗ 0.90∗ 0.97 1.07 0.65 0.56∗ 0.74∗ 0.79∗

q=3 0.84∗ 0.87∗ 0.80∗ 0.56∗ 0.82 0.55∗ 0.74∗ 0.76∗

q=4 0.80∗∗ 0.89∗∗ 0.63∗ 0.59 0.73∗ 0.57∗ 0.73∗ 0.77∗

TS 10Y 2Y q=0 1.05 1.07 1.01 1.03 1.07 1.07 1.06 1.04
q=1 1.00 0.90 0.89 1.08 1.10 1.06 1.04 1.04
q=2 0.93 0.87 0.92 1.09 1.09 1.03 1.04 1.04
q=3 0.91 0.92 0.91 1.07 1.05 1.03 1.03 1.04
q=4 0.96 0.96 0.92 1.06 1.07 1.03 1.02 1.04

Panel B — Estimation vintage: MRV
TS q=0 0.97 1.05 0.97 0.98 1.00 1.00 1.00 0.97∗∗

q=1 0.83∗ 0.89∗ 0.92 1.02 0.99∗ 1.02 0.82∗ 0.95∗∗∗

q=2 0.81∗ 0.95 0.92 1.04 0.96 0.88 0.80∗ 0.93∗

q=3 0.85∗ 0.89∗ 0.86∗ 1.13 0.92∗∗ 0.84∗ 0.83∗∗ 0.93∗

q=4 0.80∗∗ 0.98∗ 0.97 1.09 0.84∗∗ 0.86∗ 0.82∗ 0.95

TS Wright q=0 0.93 1.05 0.97 0.97 0.99 1.01 1.01 0.96∗

q=1 0.83 0.87 0.88 0.98 0.98 1.00 0.79∗ 0.93∗∗

q=2 0.78∗ 0.93 0.86 1.00 0.88 0.85 0.79∗ 0.91∗

q=3 0.87 0.84∗ 0.83∗ 0.88 1.05 0.81∗ 0.81∗ 0.90∗

q=4 0.79∗∗ 0.82∗∗ 0.82∗ 0.92∗ 0.96∗ 0.82∗ 0.80∗ 0.91∗

TS 10Y 2Y q=0 1.05 1.09 1.02 1.03 1.07 1.06 1.04 1.01
q=1 1.02 0.88 0.97 1.10 1.01 1.03 1.03 1.02
q=2 0.98 0.91 1.05 1.06 1.00 1.02 1.03 1.03
q=3 1.05 0.97 1.01 1.03 0.98 1.02 1.03 1.03
q=4 1.10 0.97 1.00 1.02 0.98 1.01 1.03 1.03

Notes: Entries are the ratio MSPE(AAR-PROBIT) / MSPE(AAR-LPM) for matched predictor set and Probit lag
order q. Both models include a constant and yt−1; they differ only in whether Xt (which may contain lags of the
predictor) enters linearly (AAR-LPM) or through the Probit CDF Φ(Xtγ̂h) (AAR-PROBIT). Entries below 1 indicate
that the non-linear transformation improves forecast accuracy. Panel A uses the 1st-release estimation vintage; Panel
B uses the MRV. Forecast errors are evaluated against the MRV of GDP at the target quarter. Significance stars
refer to the Clark-West test of equal predictive accuracy (AAR-PROBIT vs AAR-LPM): ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

5.4 Comparison with latent-state alternatives

The AAR-PROBIT exploits an observable lead indicator (i.e., the term spread) through the Probit

model, and then combines the resulting recession probability with a linear autoregressive backbone.

Two prominent nonlinear alternatives in the literature rely instead on latent information about the

business-cycle state: the two-state Markov-switching AR of Hamilton (1989), which infers regime

probabilities from the dynamics of yt alone; and the time-varying parameter AR of Hall et al. (2026),

which lets the autoregressive coefficients drift over time according to a random walk whose variance
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Table 4: MSPE ratio of AAR-PROBIT to AAR-LPM at matched Probit lag: Full OOS

Predictors Lag h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Estimation vintage: 1st release
TS q=0 0.99 1.01 1.01∗ 1.00 1.01 1.00 1.00 0.99

q=1 0.86∗∗∗ 0.87∗∗∗ 0.92∗∗∗ 1.00∗ 1.03 0.94 0.97 0.95∗∗

q=2 0.83∗∗∗ 0.86∗∗∗ 0.92∗∗∗ 1.00∗ 0.90∗ 0.85∗ 0.93∗ 0.96∗∗

q=3 0.84∗∗∗ 0.86∗∗∗ 0.88∗∗∗ 0.93∗∗ 0.88∗∗ 0.84∗∗ 0.95∗ 0.95∗∗

q=4 0.85∗∗∗ 0.87∗∗∗ 0.86∗∗∗ 0.89∗∗∗ 0.87∗∗ 0.84∗∗ 0.91∗∗ 0.92∗∗

TS Wright q=0 0.98 1.01 1.02 1.03 1.03 1.00 0.99∗ 0.98
q=1 0.91∗∗∗ 0.94∗∗∗ 0.98∗∗ 1.03 1.03 0.90 0.95 0.93∗

q=2 0.89∗∗∗ 0.97∗∗∗ 0.99∗∗ 1.01∗ 0.91 0.81∗ 0.93∗ 0.93∗

q=3 0.94∗∗∗ 0.96∗∗∗ 0.94∗∗∗ 0.90∗ 0.93∗∗ 0.80∗ 0.93∗ 0.92∗

q=4 0.94∗∗∗ 0.95∗∗∗ 0.88∗∗∗ 0.87∗∗ 0.89∗∗ 0.80∗∗ 0.90∗ 0.91∗

TS 10Y 2Y q=0 0.99∗ 0.97∗∗ 0.97∗∗∗ 0.98∗∗ 0.98∗∗ 0.98∗∗ 0.98∗ 0.98∗∗

q=1 0.90∗∗∗ 0.88∗∗∗ 0.90∗∗∗ 0.98∗∗ 0.97∗∗ 0.98∗∗ 0.99 0.96∗∗∗

q=2 0.86∗∗∗ 0.85∗∗∗ 0.90∗∗ 0.98∗∗∗ 0.96∗∗∗ 1.00 1.00 0.93∗∗∗

q=3 0.86∗∗∗ 0.88∗∗∗ 0.89∗∗∗ 0.97∗∗∗ 0.94∗∗∗ 1.00 1.01 0.92∗∗∗

q=4 0.85∗∗∗ 0.87∗∗∗ 0.88∗∗ 0.95∗∗∗ 0.94∗∗∗ 0.97∗∗ 1.00 0.92∗∗

Panel B — Estimation vintage: MRV
TS q=0 0.99 1.00 0.98∗ 0.98∗ 0.99∗ 1.00 1.00∗ 1.00

q=1 0.88∗∗∗ 0.92∗∗∗ 0.96∗∗ 0.98∗∗ 0.96∗∗∗ 1.03 0.97 0.99∗

q=2 0.87∗∗∗ 0.93∗∗∗ 0.94∗∗∗ 0.98∗∗ 0.94∗∗∗ 0.98 0.94∗ 0.96∗

q=3 0.89∗∗∗ 0.91∗∗∗ 0.92∗∗∗ 1.00∗∗ 0.91∗∗∗ 0.96∗ 0.94∗∗ 0.99∗

q=4 0.88∗∗∗ 0.93∗∗∗ 0.94∗∗∗ 0.98∗∗∗ 0.88∗∗∗ 0.95∗∗ 0.92∗∗ 0.98∗∗

TS Wright q=0 0.99 1.02 1.01 1.02 1.01 1.00 1.00 0.99
q=1 0.92∗∗∗ 0.95∗∗ 1.00 1.01∗ 0.99∗∗ 1.04 0.95 0.98∗

q=2 0.90∗∗∗ 1.00∗∗ 0.96∗∗ 1.01 0.97∗ 0.96∗ 0.94∗ 0.97∗∗

q=3 0.96∗∗∗ 0.95∗∗∗ 0.95∗∗ 0.99∗ 0.98∗∗∗ 0.94∗ 0.94∗ 0.97∗

q=4 0.94∗∗∗ 0.94∗∗∗ 0.95∗∗ 0.98∗∗ 0.94∗∗ 0.94∗ 0.92∗ 0.97∗∗

TS 10Y 2Y q=0 0.99∗ 0.97∗∗ 0.97∗∗∗ 0.98∗∗ 0.96∗∗ 0.96∗∗ 0.97∗∗ 0.98∗∗∗

q=1 0.90∗∗∗ 0.88∗∗∗ 0.94∗∗∗ 0.97∗∗ 0.93∗∗∗ 0.95∗∗∗ 0.97∗∗ 0.96∗∗∗

q=2 0.87∗∗∗ 0.87∗∗∗ 0.94∗∗∗ 0.95∗∗∗ 0.91∗∗∗ 0.95∗∗∗ 0.98 0.95∗∗∗

q=3 0.88∗∗∗ 0.89∗∗∗ 0.92∗∗∗ 0.94∗∗∗ 0.88∗∗∗ 0.95∗∗∗ 0.98 0.93∗∗∗

q=4 0.87∗∗∗ 0.88∗∗∗ 0.91∗∗∗ 0.93∗∗∗ 0.90∗∗∗ 0.95∗∗∗ 0.98∗∗ 0.92∗∗∗

Notes: Entries are the ratio MSPE(AAR-PROBIT) / MSPE(AAR-LPM) for matched predictor set and Probit lag
order q. Both models include a constant and yt−1; they differ only in whether Xt (which may contain lags of the
predictor) enters linearly (AAR-LPM) or through the Probit CDF Φ(Xtγ̂h) (AAR-PROBIT). Entries below 1 indicate
that the non-linear transformation improves forecast accuracy. Panel A uses the 1st-release estimation vintage; Panel
B uses the MRV. Forecast errors are evaluated against the MRV of GDP at the target quarter. Significance stars
refer to the Clark-West test of equal predictive accuracy (AAR-PROBIT vs AAR-LPM): ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

is activated when a structural break is suspected. A third, hybrid, approach is that of Chauvet

and Potter (2013), who augment an autoregression with the probability of recession inferred from

a dynamic factor regime-switching model; conceptually this is close to our AAR-PROBIT, but it

relies on a latent-state model for the probability rather than on the observable forward looking lead

indicator (i.e., the term spread). In real-time applications, such inherits the limitations discussed in

Section 3. We implement the Hamilton (1989) and Hall et al. (2026) alternatives as benchmarks

against which to measure the value added by exogenous term-spread information.
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For the MS-AR, we consider a two-regime specification in which only the intercept switches:

yt+h = cst + ρ1 yt−1 + εt+h, st ∈ {1, 2}, (31)

with transition probabilities estimated jointly with (c1, c2, ρ1, σ
2) via the Hamilton filter. This

restriction is motivated by the structural symmetry with the AAR-PROBIT: integrating over the

filtered regime probability yields a functional form that is similar to (17), with the critical difference

that Pr(st = 1 | Ft) is inferred from the history of yt alone rather than from an exogenous predictor.

The MS-AR is re-estimated at every out-of-sample origin on the sample [2, t∗ − h− 1].

The TVP-AR(4) of Hall et al. (2026) writes the forecast equation as a direct h-step regression with

coefficients following a random walk:

yt+h = x′
t βh,t + εt+h, βh,t = βh,t−1 + ηt, ηt ∼ N (0, Qt), (32)

where xt = (1, yt−1, yt−2, yt−3, yt−4)
′ and Qt is a time-varying variance of the coefficient innovations.

In the original application of Hall et al. (2026), Qt is activated at a single exogenously known break

date, which is a strong assumption in our multi-recession setting. To preserve real-time consistency,

we adopt an activation rule based on the observable term-spread Probit:

Qt = 1
{
P̂t,1 > τw(t),1

}
· 0.01 · I5, (33)

where P̂t,1 is the one-step-ahead TS-based Probit probability and τw,1 is the window-specific

threshold calibrated to control the type-I error rate at α = 0.10. The threshold is computed from the

distribution of P̂t,1 over expansion quarters in the Probit estimation sample of each NBER window,

so it obeys the same asymmetric update schedule as the AAR-PROBIT. Details on the calibration

of τw,1 and on the ROC-based predictive performance of the TS-based Probit are provided in

Appendix B. Over the full sample, this rule activates coefficient drift in 9.7% of quarters, which is

close to the 10% target false-positive rate.

Tables 5 and 6 report the MSPE ratios of the two latent-state benchmarks alongside the reference TS-

based AAR-PROBIT at q = 0. During recessions, both alternatives fail to match the AAR-PROBIT.
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Table 5: MSPE ratios vs ARD: latent-state benchmarks — NBER Recessions

Model h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Estimation vintage: 1st release
TVP-AR(4) [Probit-gated] 1.12 1.35 1.39 1.28 1.08 1.10 1.10 1.03
MS-AR [const-switch] 1.38 1.24 1.26 1.20 0.88 0.88 1.07 1.06
AAR-PROBIT: TS + static q=0 (ref.) 1.30 1.08 0.85 0.74∗ 0.90∗∗ 0.92∗∗ 0.93∗ 1.06

Panel B — Estimation vintage: MRV
TVP-AR(4) [Probit-gated] 1.02 1.15 1.18 1.10 1.07 0.98 0.97 0.95∗∗

MS-AR [const-switch] 0.85∗∗∗ 0.85∗∗ 1.11 0.98 0.89 0.91 0.96 0.97
AAR-PROBIT: TS + static q=0 (ref.) 1.20 1.03 0.81 0.73∗ 0.82∗∗∗ 0.92∗∗∗ 0.94∗∗∗ 1.02

Notes: Entries are MSPE ratios relative to ARD over NBER Recessions. “TVP-AR(4) [Probit-gated]” is the time-

varying-parameter AR(4) with Qt activated whenever the TS-based Probit probability P̂t,1 exceeds the real-time
threshold τw,1 (FPR = 0.10). “MS-AR [const-switch]” is a two-regime Markov-switching AR with switching constant
only. The last row repeats the reference AAR-PROBIT specification (TS, q = 0). Panel A uses the 1st-release
estimation vintage; Panel B uses the MRV. Forecast errors are evaluated against the MRV of GDP at the target quarter.
Significance stars refer to the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

Table 6: MSPE ratios vs ARD: latent-state benchmarks — Full OOS

Model h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Estimation vintage: 1st release
TVP-AR(4) [Probit-gated] 1.33 1.16 1.31 1.26 1.28 1.24 1.22 1.05
MS-AR [const-switch] 2.64 2.44 2.52 2.16 1.75 1.42∗ 1.28 1.50∗∗

AAR-PROBIT: TS + static q=0 (ref.) 1.10 1.12∗∗ 1.05∗∗ 0.97∗∗ 0.99∗∗ 0.97∗∗ 0.98∗∗ 1.03

Panel B — Estimation vintage: MRV
TVP-AR(4) [Probit-gated] 1.16 1.28 1.35 1.35 1.22 1.09 1.10 1.07
MS-AR [const-switch] 2.25 2.01 2.20 1.84 2.07 1.62 1.69 1.84
AAR-PROBIT: TS + static q=0 (ref.) 1.11 1.14 1.06 1.03 1.03 1.01 1.01 1.01

Notes: Entries are MSPE ratios relative to ARD over Full OOS. “TVP-AR(4) [Probit-gated]” is the time-varying-

parameter AR(4) with Qt activated whenever the TS-based Probit probability P̂t,1 exceeds the real-time threshold
τw,1 (FPR = 0.10). “MS-AR [const-switch]” is a two-regime Markov-switching AR with switching constant only. The
last row repeats the reference AAR-PROBIT specification (TS, q = 0). Panel A uses the 1st-release estimation vintage;
Panel B uses the MRV. Forecast errors are evaluated against the MRV of GDP at the target quarter. Significance
stars refer to the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

The TVP-AR delivers MSPE ratios in the range 0.95 to 1.41 and rarely beats the ARD benchmark,

while the MS-AR shows occasional improvement at short horizons under the MRV estimation

convention (ratios of 0.85 at h = 1, 2) but is notably erratic under the real-time convention, where

estimation noise from GDP revisions leads to unstable regime inference. The AAR-PROBIT, in

contrast, yields an MSPE ratio of 0.74∗ at h = 4 and remains consistently below both alternatives

across nearly every combination of horizon and release convention.

The gap is more striking over the full out-of-sample period, where the MS-AR produces MSPE ratios

between 1.42 and 2.64. This pattern reflects the well-known difficulty of estimating Markov-switching

models on samples that are dominated by expansion observations: the high-inflation or high-activity
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regime is only weakly identified, and the filter’s smoothed probabilities carry little forecasting

content outside recession episodes. The TVP-AR fares somewhat better but never matches the

AAR-PROBIT.

These findings suggest that the recession probability inferred from the term spread is substantially

more informative than either the latent Markov regime extracted from the history of yt or the

adaptive parameter-drift triggered by the same Probit signal but channeled through the autoregressive

structure. The observable yield curve therefore contributes predictive content that the AAR-PROBIT

exploits directly in the conditional mean, while the latent-state alternatives either discard this

information (MS-AR) or dilute it through their own inference mechanisms (TVP-AR).

5.5 Robustness to the estimation vintage

Tables 7 and 8 replicate the main results of Section 5.2 using the MRV of GDP throughout the

historical estimation sample. This choice removes the measurement noise induced by post-release

revisions in the estimation data, but is not strictly consistent with the real-time information set at

each forecast origin. The specification rankings are preserved and the recession MSPE reductions

are broadly consistent with those obtained under the 1st-release convention, confirming that the

conclusions of Sections 5.2–5.4 are not driven by revision noise in the estimation sample. If anything,

MRV estimation slightly sharpens the results at the central recession horizon: the AAR-PROBIT

based on the Wright spread with a static Probit at q = 0 delivers 0.62∗∗ at h = 4 during recessions

under the MRV convention, against 0.63∗∗ under the 1st-release convention.

Three additional robustness exercises are reported in the online Supplementary Material. Sec-

tion S1 replicates the AAR-PROBIT pipeline with the annualized growth rate of non-farm payroll

employment as target; the mechanism continues to deliver meaningful MSPE reductions during

recessions, with a ranking shift towards TS 10Y 2Y as the dominant Probit predictor. Sections S2

and S3 re-run the pipeline on year-over-year log-growth of the same two targets. The low-frequency

differencing sharply amplifies the AAR-PROBIT gains: TS 10Y 2Y reaches an MSPE ratio of 0.20

at h = 3 during recessions on year-over-year (YoY) payroll growth, and TS Wright reaches 0.44 at

h = 5 on YoY GDP growth, with the peak of the gains shifting from medium to longer horizons.

Together these three exercises indicate that the AAR-PROBIT framework is robust to the choice
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of activity target and to the differencing convention, and that the term-spread signal is naturally

low-frequency.

Table 7: MSPE ratios vs ARD: NBER Recessions — estimation vintage: MRV

Predictors Probit h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Static probit
TS q=0 1.20 1.03 0.81 0.73∗ 0.82∗∗∗ 0.92∗∗∗ 0.94∗∗∗ 1.02
TS q=1 0.84∗ 0.88 0.79 0.74∗ 0.81∗∗ 0.96∗∗∗ 0.93∗∗ 0.97∗∗

TS q=2 0.87 0.89 0.79 0.75∗ 0.82∗∗ 0.96∗∗ 0.90∗∗∗ 1.02
TS q=3 0.85∗ 0.90 0.81 0.87∗∗ 0.78∗∗ 0.92∗∗∗ 0.95∗∗ 1.02
TS q=4 0.86∗ 0.98 0.94 0.87∗∗ 0.77∗∗ 0.94∗∗∗ 0.94∗∗ 0.99

TS Wright q=0 1.08 0.91 0.70∗ 0.62∗∗ 0.73∗∗∗ 0.86∗∗∗ 0.90∗∗∗ 1.01
TS Wright q=1 0.82∗ 0.76∗ 0.68∗∗ 0.64∗∗ 0.72∗∗ 0.91∗∗∗ 0.89∗∗∗ 0.96∗∗∗

TS Wright q=2 0.81∗ 0.76∗ 0.70∗∗ 0.64∗∗ 0.73∗∗ 0.92∗∗∗ 0.89∗∗∗ 1.00
TS Wright q=3 0.80∗ 0.76∗ 0.70∗∗ 0.64∗∗ 0.87∗∗∗ 0.90∗∗∗ 0.93∗∗ 1.00
TS Wright q=4 0.80∗ 0.79∗ 0.74∗∗ 0.69∗∗∗ 0.87∗∗∗ 0.91∗∗∗ 0.93∗∗ 1.00

TS 10Y 2Y q=0 1.19 1.13 0.95 0.89 0.81 0.73 0.78 0.74
TS 10Y 2Y q=1 1.11 0.99 0.92 0.87 0.80 0.74 0.78 0.73
TS 10Y 2Y q=2 1.10 1.02 0.93 0.86 0.82 0.74 0.76 0.74
TS 10Y 2Y q=3 1.17 1.03 0.92 0.87 0.83 0.72 0.76 0.74
TS 10Y 2Y q=4 1.13 1.01 0.93 0.88 0.80 0.72 0.76 0.74

Panel B — Autoregressive probit
TS AR-probit 1.01 0.91 0.78 0.73∗ 0.78∗∗ 0.93∗∗∗ 1.00 1.04
TS Wright AR-probit 0.78∗ 0.75∗ 0.69∗∗ 0.63∗∗ 0.71∗∗∗ 0.89∗∗∗ 1.00 1.02
TS 10Y 2Y AR-probit 1.14 1.02 0.93 0.87 0.81 0.74 0.78 0.75

Notes: Entries are MSPE ratios of AAR-PROBIT forecasts relative to ARD over NBER Recessions. Panel A reports
the AAR-PROBIT with lag orders q ∈ {0, 1, 2, 3, 4}; Panel B reports the AAR-PROBIT with autoregressive Probit at
q = 0. The historical estimation sample uses the most recent vintage (MRV) of GDP. Forecast errors are computed
against the MRV of GDP at the target date, which is the best available proxy for the unobserved “true” value.
Significance stars refer to the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

6 Conditional Forecasts

The average AAR-PROBIT forecast in (13) treats the realized state of the business cycle as a random

variable over which the expectation is taken. For many applications, however, policymakers and

practitioners are interested in the forecast value of output conditional on a specific realization of the

state: the pessimistic forecast when a recession is assumed to occur and the optimistic forecast when

it is not. Such conditional predictions are standard inputs into stress-testing exercises and scenario

analysis (Grover and McCracken, 2014), and they lie at the heart of the growth-at-risk literature

(Adrian et al., 2019). Our framework delivers these objects through the feasible pessimistic and

optimistic scenarios (14)–(15), obtained under joint normality of the Probit and AR disturbances.
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Table 8: MSPE ratios vs ARD: Full OOS — estimation vintage: MRV

Predictors Probit h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Static probit
TS q=0 1.11 1.14 1.06 1.03 1.03 1.01 1.01 1.01
TS q=1 0.97∗∗ 1.05 1.05 1.03 1.05 1.04 1.03 1.00
TS q=2 0.98∗∗ 1.09 1.04 1.04 1.04 1.03 1.01 1.01
TS q=3 1.01∗ 1.09 1.05 1.07 1.04 1.01 1.03 1.02
TS q=4 1.01∗ 1.12 1.09 1.08 1.04 1.01 1.02 1.02

TS Wright q=0 1.09 1.08 1.01∗ 1.00 1.00 0.98∗ 0.99 1.00
TS Wright q=1 0.98∗∗ 1.01∗ 1.02 1.01 1.00 1.03 1.02 0.99∗

TS Wright q=2 0.97∗∗ 1.08 1.01 1.01 1.02 1.01 1.01 1.00
TS Wright q=3 1.02∗ 1.06 1.01 1.02 1.06 1.01 1.03 1.00
TS Wright q=4 1.03∗ 1.07 1.03 1.04 1.06 1.01 1.01 1.01

TS 10Y 2Y q=0 1.15 1.17 1.08 1.07 1.12 1.03 1.11 1.06
TS 10Y 2Y q=1 1.11 1.06 1.05 1.08 1.08 1.02 1.11 1.04
TS 10Y 2Y q=2 1.08∗ 1.06 1.06 1.06 1.07 1.03 1.10 1.04
TS 10Y 2Y q=3 1.10∗ 1.07 1.04 1.07 1.07 1.02 1.10 1.04
TS 10Y 2Y q=4 1.09∗ 1.06 1.04 1.06 1.06 1.01 1.10 1.04

Panel B — Autoregressive probit
TS AR-probit 1.07 1.10 1.02 1.03 1.03 1.01 1.03 1.01
TS Wright AR-probit 1.06∗ 1.08 1.01∗ 1.01 1.00 0.99 1.01 0.99
TS 10Y 2Y AR-probit 1.10 1.09 1.05 1.05 1.06 1.02 1.11 1.05

Notes: Entries are MSPE ratios of AAR-PROBIT forecasts relative to ARD over Full OOS. Panel A reports the
AAR-PROBIT with lag orders q ∈ {0, 1, 2, 3, 4}; Panel B reports the AAR-PROBIT with autoregressive Probit at
q = 0. The historical estimation sample uses the most recent vintage (MRV) of GDP. Forecast errors are computed
against the MRV of GDP at the target date, which is the best available proxy for the unobserved “true” value.
Significance stars refer to the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.

6.1 Setup

At each out-of-sample origin t∗ and forecast horizon h, we estimate the parameters of the pessimistic

and optimistic formulas by running the IMR-augmented OLS regression (8) on the sample t ∈

[2, t∗ − l − h]. This sample is shorter than the one used for the AAR-PROBIT average forecast

because the two inverse Mills ratios depend on the realized Rt+h, which is only observable up to the

most recent NBER announcement t∗ − l. The Probit parameters γ̂h are those of Section 4, so the

fitted probabilities and IMRs entering the regression are the real-time objects P̂t,h = Φ(γ̂h,0+Xtγ̂h,1),

ÎMR1,t+h and ÎMR0,t+h. Plugging the estimated coefficients (ρ̂h,0, ρ̂h,1, δ̂h, δ̂h,0, δ̂h,1) together with

Xt∗ and yt∗−1 into the formulas (14) and (15) yields the pessimistic and optimistic forecasts of GDP

growth at target quarter t∗ + h. We focus on the TS-based Probit throughout this section. Results

for the two other univariate term-spread predictors used in Section 5.2 (TS Wright and TS 10Y 2Y)

are qualitatively similar and reported in Appendix C.

Conditional forecasts differ from the out-of-sample exercise of Section 5 in an important respect.

26



The average AAR-PROBIT forecast aims to predict the unobserved true value of GDP growth at

the target quarter from the information set available at t∗; real-time consistency then dictates that

the historical estimation sample uses the 1st release of yt. A conditional forecast, by contrast, is a

counterfactual object: it answers the question of what the expected level of output growth would be

if the economy were in a specific state at the horizon. Its proper calibration relies on an estimation

sample that isolates the structural relationship between the Probit index and GDP, free of the noise

introduced by subsequent revisions. Throughout Section 6.2, we therefore present results under

two alternative estimation conventions: the MRV convention that we take to be the appropriate

benchmark for scenario calibration, and the 1st-release convention inherited from Section 5. The

comparison between the two reveals how data revisions contaminate the identification of the scenario

parameters, as documented below.

6.2 Asymmetric Risk and Point-Forecast Accuracy

We begin with a visual illustration of the scenario forecasts around a single recession episode, and

then turn to aggregate statistics that confirm and extend the picture. Figure 2 plots the four-quarter-

ahead scenario forecasts of the TS-based AAR-PROBIT around the 2007–2009 recession. The solid

black line is the realized GDP growth evaluated against the Final release, which is the target of

our forecast. The dotted gray line is the 1st-release observation, i.e. the value a forecaster would

have seen in real time at the corresponding target date. The gap between the two realized series

widens precisely during the recession, with the Final release recording a contraction more than three

percentage points below the 1st-release figure at the trough. The average AAR-PROBIT forecast

(blue) tracks the realized Final path closely through the cycle. The pessimistic forecast (dashed

green), calibrated on the Final vintage, anticipates the depth of the contraction in 2008–2009, while

the optimistic forecast (dashed orange) tracks the recovery path after 2009Q2. The wedge between

the two scenarios widens sharply in the quarters preceding the downturn, signaling heightened

state-dependent risk well before the realization, and contracts during the expansion phase. The

episode illustrates the primary use of the framework: the pessimistic and optimistic paths bracket

the realized trajectory and summarize the asymmetric risk conveyed by the term spread.
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Figure 2: Scenario forecasts around the Great Recession (h = 4)
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Notes: The black solid line is the realized GDP growth evaluated against the MRV; the gray dotted line is the
1st-release observation. The blue line is the average forecast ŷt+4; the orange and green dashed lines are the
optimistic yt+4 and pessimistic y

t+4
scenarios. All forecasts use the MRV estimation convention. The shaded

band marks the NBER recession.

Table 9 quantifies the visual pattern across the full out-of-sample sample. For each horizon and

each sub-period, we report the average vertical distance of the optimistic forecast from the AAR-

PROBIT mean (y − ŷ) and of the AAR-PROBIT mean from the pessimistic forecast (ŷ − y), in

annualized percentage points. The pessimism of the downside scenario is systematically larger

than the optimism of the upside scenario: over the full out-of-sample period, the ratio of downside

pessimism to upside optimism reaches five to seven to one at medium horizons. The magnitude of the

downside scenario is somewhat compressed during recessions, when the term spread already signals

weakness and the inverse Mills ratio ϕ/Φ is smaller, while the upside expands in that regime as the

probability of the counterfactual expansion state decreases. This asymmetry is the counterpart of

the wedge visible in Figure 2, and it aligns with the growth-at-risk interpretation of Adrian et al.

(2019): the conditional distribution of output growth is asymmetric, downside risk exceeds upside

potential, and the asymmetry varies with the cyclical signal. Our scenario forecasts complement

the quantile-regression formulation of these authors by zooming in on a specific pair of points in

the conditional distribution, the recession and expansion regimes, rather than tracing out the full
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distribution.

Table 9: Asymmetry of scenario forecasts around the AAR-PROBIT average

Sub-period Quantity h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Full OOS y − ŷ +4.57 +2.40 +1.86 +1.98 +1.75 +1.42 +1.70 +2.32
ŷ − y +25.02 +16.08 +13.52 +13.20 +12.95 +10.69 +12.24 +14.30

NBER Recessions y − ŷ +4.37 +3.35 +3.78 +6.38 +5.02 +3.26 +2.43 +2.49
ŷ − y +23.39 +14.20 +10.38 +9.63 +9.39 +9.07 +12.61 +13.69

Expansions y − ŷ +4.59 +2.31 +1.66 +1.53 +1.42 +1.23 +1.63 +2.31
ŷ − y +25.19 +16.27 +13.83 +13.56 +13.31 +10.86 +12.20 +14.36

Notes: Entries are mean values in annualized percentage points of the vertical distance between the scenario forecast
and the AAR-PROBIT average, computed over the indicated sub-period. y − ŷ measures the upside of the optimistic
scenario; ŷ − y measures the downside of the pessimistic scenario. MRV estimation. A larger downside than upside
indicates that the state-dependent forecasting framework assigns larger potential losses in recession than gains in
expansion.

Beyond the asymmetric risk profile, we also report in Table 10 the point-forecast MSPE of each

scenario, conditional on the realized state of the economy. These statistics should be read with the

caveat that the pessimistic and optimistic formulas are not point-forecast-optimal predictors: they

are conditional expectations of output given that a specific state materializes with certainty, and

they are expected to overshoot the realized path whenever the prevailing signal contradicts the

assumed state.

Table 10: Conditional MSPE ratios of scenario forecasts vs ARD

State Forecast h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Estimation vintage: 1st release
NBER Recessions average 1.30 1.08 0.85 0.74 0.90 0.92 0.93 1.06

pessimistic 28.46 5.87 3.69 2.42 2.19 4.26 3.01 2.03

Expansions average 1.05 1.13 1.10 1.04 1.02 0.99 0.99 1.02
optimistic 4.15 1.41 1.17 1.12 1.03 0.89 0.97 1.22

Panel B — Estimation vintage: MRV
NBER Recessions average 1.20 1.03 0.81 0.73 0.82 0.92 0.94 1.02

pessimistic 12.17 2.78 1.59 1.26 0.94 0.68 1.67 1.84

Expansions average 1.08 1.18 1.17 1.17 1.13 1.06 1.04 1.01
optimistic 3.49 1.91 1.57 1.65 1.40 1.25 1.55 1.78

Notes: Entries are MSPE ratios of the TS-based AAR-PROBIT average, pessimistic and optimistic forecasts relative
to ARD, computed over the indicated sub-period. Sub-periods exclude the COVID quarters 2020Q1–2020Q2. Values
below 1 indicate an improvement over the ARD benchmark. The scenario forecasts are obtained by plugging the
estimates of the IMR-augmented regression into equations (14)–(15) derived under joint normality. Panel A uses the
1st (advance) release of GDP as the historical estimation vintage (the real-time convention of Section 5.2); Panel B
uses the MRV, which is appropriate for scenario calibration because the evaluation target is the same MRV. In both
panels, forecast errors are evaluated against the MRV of GDP at the target quarter.

Panel B of Table 10 uses the MRV throughout estimation, which is our preferred calibration for

scenario forecasts as discussed in Section 6.1. During recessions, the pessimistic forecast reaches

an MSPE ratio of 0.68 relative to ARD at h = 6, outperforming both the ARD benchmark and
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the average AAR-PROBIT forecast (0.92) at this horizon. Once a recession has fully materialized

and the Probit signal has sharpened, conditioning on the recession state therefore produces more

accurate point predictions than the probability-weighted average. At short and medium horizons,

the pessimistic forecast is dominated by the average AAR-PROBIT on MSPE grounds, which is

expected: the inverse Mills correction diverges when the term spread is in an expansionary region,

and the scenario overstates the depth of the downturn that would have to materialize against the

prevailing signal.

Panel A of Table 10 repeats the exercise under the 1st-release estimation convention. The ratios for

the scenario forecasts are systematically larger than in Panel B: the recession pessimistic forecast

reaches 28.46 at h = 1 and never falls below 2.03 across horizons. This degradation relative to

Panel B quantifies the real-time-versus-structural trade-off in the calibration of scenario forecasts.

Historical data releases in recessionary periods are routinely revised downward, sometimes by

several percentage points: the 2008Q4 vintage initially reported an annualized contraction of −3.8%,

whereas the current vintage records −8.5%. A pessimistic formula calibrated on the 1st-release

estimation sample is fitted on a dampened representation of recessions and therefore underestimates

the depth of the contraction when evaluated against the MRV. The gap between the two realized

series in Figure 2 makes this mechanism visible: the 1st-release values of GDP growth during

2008Q4–2009Q2 understate the severity of the contraction by several percentage points, so that any

scenario calibration built from these initial releases cannot capture the depth of the MRV realization.

Panel B removes this noise by calibrating directly on the data that the forecast ultimately targets.

Sections S1–S3 of the online Supplementary Material extend the conditional-forecast exercise to

payroll employment growth and to year-over-year differencing of both targets. The asymmetric-risk

reading of the scenarios holds strongly on GDP under either differencing convention. It is attenuated

on the quarterly target and partially restored once the target is smoothed to YoY growth, consistent

with the view that the growth-at-risk signal carried by the term spread is itself low-frequency.
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7 Conclusion

This paper proposes a simple and parsimonious framework for producing state-dependent forecasts

of real economic activity in real time. The approach (termed AAR-PROBIT) is an Augmented

AutoRegressive (AAR) model that explicitly conditions forecasts on the probability of future

recessions inferred from a first-step Probit model based on forward-looking financial indicators. By

combining direct multi-horizon forecasting with regime conditioning, the AAR-PROBIT delivers

average forecasts together with pessimistic and optimistic conditional forecasts associated with

recession and expansion scenarios.

Empirical results show that incorporating recession probabilities systematically improves forecasting

performance relative to linear probability benchmark, particularly at medium horizons and during

NBER recessions. Compared to Markov-switching and time-varying-parameter benchmarks, the

proposed approach exploits forward-looking information in real time, allowing regime-related signals

to affect forecasts earlier and more gradually. These features are especially valuable when forecasting

the most recent vintage of GDP, which is subject to substantial revisions during economic downturns.

Overall, the framework provides a transparent and easily implementable tool for real-time macroeco-

nomic forecasting and scenario analysis. Its reliance on standard estimation techniques and limited

data requirements makes it well suited for applications in policy institutions and stress-testing

environments, where timely assessments of downside risks and adverse scenarios are essential. The

main findings are robust to alternative activity targets (GDP and non-farm payroll employment)

and differencing conventions (quarterly-annualized and year-over-year growth), as documented in

the online Supplementary Material.
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A Multi-predictor Probit specifications

This appendix reports results for two additional predictor sets that extend the three yield-curve-slope

specifications of Section 5.2 with the level of the Federal Funds Rate and the Moody’s Baa–10Y

credit spread:

• TS + FFR: a two-predictor set combining the 10Y− 3M term spread with the level of the

Federal Funds Rate, as in Wright (2006). The intuition is that, for a given slope of the yield

curve, the level of the policy rate contains additional information about the stance of monetary

policy.

• TS + FFR + CS: a three-predictor set that adds the Moody’s Baa–10Y credit spread to

capture financial-distress information, following the tradition initiated by Gilchrist et al. (2009)

and Adrian et al. (2019).

For each of these two predictor sets we re-run the full pipeline: five static Probit lag orders

q ∈ {0, 1, 2, 3, 4} and the AR Probit of Kauppi and Saikkonen (2008) with q = 0. The OOS

evaluation and timing conventions are identical to those of Section 5.2.

Tables 11 and 12 report the MSPE ratios under the real-time (1st release) estimation convention,

and Tables 13 and 14 under the MRV estimation vintage.

Short-horizon gains from the credit spread. The most striking result is that, during recessions,

the AAR-PROBIT based on TS + FFR + CS with q ∈ {0, 1, 2} delivers the lowest h = 1 MSPE

ratios under both estimation conventions (as low as 0.73∗∗ under the 1st release convention, see

Table 11), substantially improving on the single-predictor yield-curve specifications at the shortest

horizon. This suggests a promising extension of the AAR framework: incorporating financial-distress

information alongside the yield curve. A full exploration of this avenue requires more care in the

selection of predictors and in handling potential estimation issues (e.g., perfect separation in the

Probit when credit spreads are strongly correlated with recession indicators), which we leave for

future work.
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Table 11: MSPE ratios vs ARD: NBER Recessions — estimation vintage: 1st release

Predictors Probit h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Static probit
TS+FFR q=0 1.11 0.94 0.95 0.79∗ 0.80∗∗ 0.80∗∗ 0.85∗∗∗ 0.92∗

TS+FFR q=1 1.01 1.01 0.93 0.80∗ 0.92∗∗ 1.08 0.93∗∗ 0.92∗∗

TS+FFR q=2 1.03 1.04 0.95 0.80∗ 0.93∗ 1.09 0.95∗ 0.94∗∗

TS+FFR q=3 0.96∗ 1.06 0.92 0.90 0.93 1.10 0.96 0.90∗

TS+FFR q=4 0.98∗ 1.20 1.02 1.18 1.05 1.11 0.92 0.92∗

TS+FFR+CS q=0 0.88∗ 0.97 1.02 0.82 0.76∗∗ 0.76∗∗ 0.84∗∗∗ 0.93∗

TS+FFR+CS q=1 0.88∗∗ 1.08 1.03 0.82∗ 0.89∗ 0.95∗∗∗ 0.85∗∗∗ 0.89∗∗

TS+FFR+CS q=2 0.91∗∗ 1.13 1.06 0.85∗ 0.95∗∗ 1.07∗ 0.91∗∗∗ 0.86∗∗

TS+FFR+CS q=3 0.91∗∗ 1.19 1.16 1.02 0.95∗∗ 0.98∗∗∗ 0.95∗∗∗ 0.79∗

TS+FFR+CS q=4 0.93∗∗ 1.19 1.21 0.95∗∗ 1.18∗ 1.02∗ 0.94∗∗ 1.00

Panel B — Autoregressive probit
TS+FFR AR-probit 1.05 0.88 0.91 0.80∗ 0.84∗∗ 0.85∗∗ 0.87∗∗ 0.93∗

TS+FFR+CS AR-probit 0.98 0.93 0.98 0.81 0.81∗ 0.80∗∗ 1.00 1.09

Notes: Entries are MSPE ratios of AAR-PROBIT forecasts relative to ARD over NBER Recessions. Panel A
reports the static Probit AAR-PROBIT with lag orders q ∈ {0, 1, 2, 3, 4}; Panel B reports the autoregressive Probit
AAR-PROBIT at q = 0. The historical estimation sample uses the 1st release of GDP (real-time convention). Forecast
errors are computed against the MRV of GDP at the target date, which is the best available proxy for the unobserved
“true” value. Significance stars refer to the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 12: MSPE ratios vs ARD: Full OOS — estimation vintage: 1st release

Predictors Probit h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Static probit
TS+FFR q=0 1.04∗ 0.95∗∗∗ 0.95∗∗∗ 0.94∗∗ 0.95∗∗ 0.98∗ 1.04 1.11
TS+FFR q=1 0.91∗∗∗ 0.98∗∗ 0.95∗∗ 0.96∗∗ 1.02 1.05 1.05 1.04
TS+FFR q=2 0.93∗∗∗ 1.00∗∗ 0.97∗∗∗ 0.98∗∗ 1.01∗ 1.05 1.07 1.03
TS+FFR q=3 0.96∗∗∗ 1.02∗∗ 0.99∗∗ 1.01∗∗ 1.02∗ 1.07 1.07 1.00
TS+FFR q=4 0.99∗∗∗ 1.07∗∗ 1.01∗∗ 1.07 1.11 1.10 1.10 1.02

TS+FFR+CS q=0 0.99∗ 1.06∗∗ 1.01∗∗ 0.99∗ 0.97∗ 1.01 1.07 1.15
TS+FFR+CS q=1 1.14∗ 1.07∗ 1.02∗ 1.00∗ 1.06 1.01 1.02 1.02
TS+FFR+CS q=2 1.13∗ 1.07∗∗ 1.03∗∗ 1.08 1.12 1.06 1.04 0.99
TS+FFR+CS q=3 1.07∗∗ 1.08∗∗ 1.20 1.19 1.16 1.07∗ 1.03 0.98
TS+FFR+CS q=4 1.11∗∗ 1.28 1.23 1.16∗ 1.25 1.13∗ 1.14 1.05

Panel B — Autoregressive probit
TS+FFR AR-probit 1.08 0.95∗∗∗ 0.95∗∗∗ 0.97∗∗ 0.98∗∗ 0.99∗ 1.02 1.03
TS+FFR+CS AR-probit 1.23 1.09∗ 1.03∗ 1.01 0.98∗ 0.99 1.06 1.03

Notes: Entries are MSPE ratios of AAR-PROBIT forecasts relative to ARD over Full OOS. Panel A reports the
AAR-PROBIT with lag orders q ∈ {0, 1, 2, 3, 4}; Panel B reports the AAR-PROBIT (with autoregressive Probit)
at q = 0. The historical estimation sample uses the 1st release of GDP (real-time convention). Forecast errors are
computed against the MRV of GDP at the target date, which is the best available proxy for the unobserved “true”
value. Significance stars refer to the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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Table 13: MSPE ratios vs ARD: NBER Recessions — estimation vintage: MRV

Predictors Probit h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Static probit
TS+FFR q=0 0.93 0.86 0.87 0.76∗ 0.74∗∗ 0.77∗∗ 0.84∗∗ 0.90∗∗

TS+FFR q=1 0.86∗ 0.90 0.85 0.78∗ 0.82∗∗ 0.95∗∗ 0.89∗∗ 0.87∗∗

TS+FFR q=2 0.88∗ 0.93 0.85 0.78∗ 0.85∗∗ 0.97∗ 0.91∗∗ 0.87∗

TS+FFR q=3 0.83∗ 0.98 0.86 0.85 0.84∗ 1.00 0.91∗∗ 0.91∗∗

TS+FFR q=4 0.88 1.16 0.96 1.09 0.97 1.02 0.92∗ 0.92∗∗

TS+FFR+CS q=0 0.81∗∗ 0.89 0.94 0.80∗ 0.74∗∗ 0.75∗∗ 0.84∗∗∗ 0.89∗∗

TS+FFR+CS q=1 0.73∗∗ 0.97 0.93 0.80∗ 0.80∗∗ 0.86∗∗∗ 0.86∗∗∗ 0.89∗∗∗

TS+FFR+CS q=2 0.77∗∗ 1.03 0.94 0.79∗ 0.84∗∗ 0.94∗∗∗ 0.86∗∗∗ 0.82∗∗∗

TS+FFR+CS q=3 0.80∗∗ 1.10 1.03 0.93∗ 0.84∗∗∗ 0.91∗∗∗ 0.88∗∗∗ 0.80∗∗∗

TS+FFR+CS q=4 0.84∗∗ 1.18 1.07 0.87∗∗ 0.94∗∗∗ 0.94∗∗ 0.83∗∗∗ 0.91∗∗

Panel B — Autoregressive probit
TS+FFR AR-probit 0.95 0.83 0.84 0.77∗ 0.77∗∗ 0.80∗∗ 0.86∗∗ 0.93∗∗

TS+FFR+CS AR-probit 0.90 0.89 0.91 0.80∗ 0.78∗ 0.76∗∗ 0.99 1.02

Notes: Entries are MSPE ratios of AAR-PROBIT forecasts relative to ARD over NBER Recessions. Panel A
reports the static Probit AAR-PROBIT with lag orders q ∈ {0, 1, 2, 3, 4}; Panel B reports the autoregressive Probit
AAR-PROBIT at q = 0. The historical estimation sample uses the most recent vintage (MRV) of GDP. Forecast
errors are computed against the MRV of GDP at the target date, which is the best available proxy for the unobserved
“true” value. Significance stars refer to the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 14: MSPE ratios vs ARD: Full OOS — estimation vintage: MRV

Predictors Probit h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A — Static probit
TS+FFR q=0 1.06 1.02 1.00 1.01 0.99 0.97 1.06 1.14
TS+FFR q=1 0.96∗∗ 1.04 1.02 1.03 1.04 1.03 1.02 1.06
TS+FFR q=2 0.98∗∗ 1.09 1.02 1.04 1.03 1.03 1.05 1.03
TS+FFR q=3 1.03∗∗ 1.11 1.04 1.07 1.03 1.06 1.07 1.02
TS+FFR q=4 1.05∗ 1.19 1.07 1.14 1.12 1.09 1.14 1.03

TS+FFR+CS q=0 1.00 1.12 1.05 1.08 1.01 0.99 1.07 1.18
TS+FFR+CS q=1 1.13 1.13 1.09 1.08 1.10 1.00 0.99∗ 1.01
TS+FFR+CS q=2 1.12 1.18 1.09 1.14 1.14 1.02 0.99∗∗ 0.98∗

TS+FFR+CS q=3 1.13 1.20 1.23 1.23 1.14 1.04∗ 0.99∗∗ 0.99∗∗

TS+FFR+CS q=4 1.15 1.40 1.24 1.19 1.20 1.11∗∗ 1.10∗∗ 1.05∗∗

Panel B — Autoregressive probit
TS+FFR AR-probit 1.13 1.04 1.02 1.03 1.01 0.98 1.03 1.02
TS+FFR+CS AR-probit 1.26 1.20 1.12 1.09 1.03 0.98 1.07 1.02

Notes: Entries are MSPE ratios of AAR forecasts relative to ARD over Full OOS. Panel A reports the static Probit
AAR with lag orders q ∈ {0, 1, 2, 3, 4}; Panel B reports the autoregressive Probit AAR at q = 0. The historical
estimation sample uses the most recent vintage (MRV) of GDP. Forecast errors are computed against the MRV of
GDP at the target date, which is the best available proxy for the unobserved “true” value. Significance stars refer to
the Clark-West test of equal predictive accuracy against ARD: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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B Predictive Performance of the TS-Based Probit

This appendix assesses the predictive performance of the Probit recession-classification model that

underlies the AAR-PROBIT forecasts of Section 5.2, using TS as the sole predictor. For each

forecast horizon h = 1, . . . , 8, we estimate

Pr(Rt+h = 1 | Xt) = Φ(γh,0 + γh,1TSt) ,

on the Probit sample consistent with the most recent NBER announcement, following the real-time

schedule of Section 4. We then evaluate how well the fitted probabilities P̂t,h = Φ(γ̂h,0 + γ̂h,1TSt)

discriminate between expansion and recession quarters.

ROC curves and area under the curve. Figure 3 plots the receiver operating characteristic

(ROC) curves for each horizon h, obtained by varying a classification threshold τ over [0, 1]:

TPR(τ) = Pr
(
P̂t,h > τ | Rt+h = 1

)
,

FPR(τ) = Pr
(
P̂t,h > τ | Rt+h = 0

)
.

The black dashed line is the 45-degree random-classifier benchmark, and the red dotted vertical

line indicates the target false-positive rate α = 0.10 used later in the paper. Table 15 reports

the associated area under the curve (AUC) and the quantile threshold τα = τ0.10 at which the

false-positive rate equals α.

38



Figure 3: ROC curves for the TS-based Probit across horizons
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ROC curves: TS-based Probit recession forecast

h=1 (AUC = 0.637)
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h=4 (AUC = 0.879)

h=5 (AUC = 0.868)

h=6 (AUC = 0.824)

h=7 (AUC = 0.779)

h=8 (AUC = 0.728)

Notes: Each curve plots the true-positive rate against the false-positive rate for the TS-based Probit

at horizon h, obtained by varying the classification threshold τ . Estimation sample through the most

recent NBER announcement (trough 2020Q2, announced 2021Q3). The black dashed line is the 45-degree

random-classifier benchmark; the red dotted vertical line marks the target FPR α = 0.10.

Table 15: Predictive performance of the TS-based Probit

Horizon h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

AUC 0.637 0.758 0.844 0.879 0.868 0.824 0.779 0.728
τ0.10 0.194 0.253 0.280 0.283 0.283 0.286 0.267 0.237
# recessions 32 32 32 32 32 32 31 30
# expansions 213 212 211 210 209 208 208 208

Notes: AUC is the area under the ROC curve of the TS-based Probit at forecast horizon h, computed on the Probit
estimation sample through the most recent NBER-confirmed trough (2020Q2). Predictor: TS = GS10 − TB3MS.
τ0.10 is the threshold at which the false-positive rate equals α = 0.10, computed as the (1− α)-quantile of the fitted
probabilities over expansion quarters.

Three empirical facts emerge from this exercise. First, the Probit achieves an AUC above 0.80 at

horizons h ∈ {3, 4, 5, 6}, with a peak of 0.879 at h = 4. This is consistent with the well-established

finding that the 10Y-3M term spread is an effective lead indicator of U.S. recessions at a one-year
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horizon. Second, predictive performance declines monotonically beyond h = 4, but remains above

0.70 even at h = 8. Third, even at the shortest horizon (h = 1), the AUC of 0.64 exceeds random

classification, confirming that the Probit is informative at all horizons, if less so at nowcasting

horizons.

Threshold τ0.10 and the TVP-AR activation rule. The row τ0.10 in Table 15 reports, for

each horizon, the threshold at which the false-positive rate equals 10%. This threshold is computed

as the (1−α)-quantile of P̂t,h over expansion quarters (Rt+h = 0). For h = 1, the threshold is 0.194,

substantially below the naive 0.5 cutoff: the Probit recession probability is, unsurprisingly, typically

well below 0.5 even in the lead-up to NBER-dated recessions, so 0.5 would almost never trigger

a recession classification. Controlling the type-I error at 10% produces a more sensible threshold

that activates the non-linear response of the AAR-PROBIT (and, later, the TVP-AR) at the right

moments.

Figure 4 plots the time series of P̂t,1 against NBER recession shaded areas, with the threshold

τ0.10 = 0.194 shown as a red dashed horizontal line.

Figure 4: Time series of the TS-based Probit probability P̂t,1
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Notes: The blue line plots the one-step-ahead Probit recession probability P̂t,1 using the TS predictor, estimated

on the full sample through 2020Q2. NBER recession periods are shaded in gray. The red dashed line marks the

activation threshold τ0.10, i.e., the (1− α)-quantile of P̂t,1 over expansion quarters with α = 0.10.
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The probability consistently rises above τ0.10 before or at the onset of every NBER recession in

the sample, with the notable exception of the COVID recession, which is unrelated to yield-curve

dynamics and materializes through a financial-market shock orthogonal to the term spread. This

pattern motivates using P̂t,1 as a state-variable that governs the activation of time-varying parameters

in the TVP-AR benchmark (Section 5.4, to be extended in future work).

41



C Robustness of scenario forecasts across predictors

This appendix reports conditional MSPE ratios of the scenario forecasts of Section 6 for the three

univariate term-spread predictors used in Section 5.2: TS, TS Wright and TS 10Y 2Y. For each

predictor, we estimate the Probit under the real-time convention of Section 4, back out the inverse

Mills ratios by OLS as in equation (8), and evaluate the pessimistic and optimistic forecasts obtained

from equations (14)–(15). Table 16 reports conditional MSPE ratios vs ARD by state (recession vs

expansion) under the MRV estimation vintage.

The qualitative message of Section 6.2 carries over to the two alternative predictors. Pessimistic

forecasts are severely penalized at short horizons in quadratic loss by the Mills-ratio correction, but

their MSPE ratio versus ARD falls below one in the medium range h ∈ {5, 6} for all three predictors.

Optimistic forecasts remain above one in expansion in most cells. Together with the asymmetry

measures of Section 6, this confirms that the pessimism of the downside scenario is systematically

larger than the optimism of the upside scenario, regardless of which term-spread measure enters the

Probit.

Table 16: Conditional MSPE ratios of scenario forecasts vs ARD: univariate predictors

Predictor State Forecast h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

TS NBER Recessions average 1.20 1.03 0.81 0.73 0.82 0.92 0.94 1.02
pessimistic 12.17 2.78 1.59 1.26 0.94 0.68 1.67 1.84

Expansions average 1.08 1.18 1.17 1.17 1.13 1.06 1.04 1.01
optimistic 3.49 1.91 1.57 1.65 1.40 1.25 1.55 1.78

TS Wright NBER Recessions average 1.08 0.91 0.70 0.62 0.73 0.86 0.90 1.01
pessimistic 12.02 2.89 1.77 1.35 0.91 0.73 4.06 1.46

Expansions average 1.09 1.15 1.15 1.18 1.13 1.04 1.03 1.00
optimistic 3.26 1.81 1.55 1.64 1.34 1.29 1.63 1.74

TS 10Y 2Y NBER Recessions average 1.30 1.23 1.05 0.95 0.90 0.85 0.86 0.84
pessimistic 19.03 4.32 2.32 1.89 1.75 0.50 1.40 1.82

Expansions average 1.02 1.13 1.05 1.05 1.13 1.04 1.10 1.06
optimistic 3.07 1.51 1.14 1.12 1.11 1.11 1.23 1.23

Notes: Conditional MSPE ratios vs ARD for the three univariate term-spread predictors used in Section 5.2: TS is
the 10-year minus 3-month Treasury spread; TS Wright is the Wright (2006) 6-quarter forward spread minus the
3-month Treasury rate; TS 10Y 2Y is the 10-year minus 2-year Treasury spread. Entries use the MRV of GDP as
estimation vintage, and the MRV as evaluation target. Sub-periods exclude the COVID quarters 2020Q1–2020Q2.
The scenario forecasts follow equations (14)–(15).
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