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ABSTRACT
In this paper, we examine the macroeconomic predictive power of the volatility of the US Treasury yield curve slope (term spread 
volatility). Our forecasting exercise shows that US term spread volatility has significant predictive power for US industrial pro-
duction and employment growth. The predictive power of term spread volatility is stronger at medium- and long-term forecasting 
horizons and remains robust when well-established predictors of economic activity, such as the term spread and stock market re-
turns, are included. Our results also show that term spread volatility has statistically and economically distinct predictive power 
compared to other measures of economic uncertainty. Moreover, the predictive power of term spread volatility increases signif-
icantly after the 2008 Great Recession, indicating that the relationship between uncertainty about macroeconomic expectations 
and macroeconomic performance has strengthened in the post–Great Recession period. Finally, our out-of-sample forecasting 
results show that term spread volatility outperforms the term spread in forecasting economic activity over the longer term.
JEL Classification: C22, E32, E43, E44, E47

1   |   Introduction

The term structure of interest rates has been considered as a 
strong indicator of future economic activity (Aguiar-Conraria 
et  al.  2012; Ang et  al.  2006; Chinn and Kucko  2015; Estrella 
and Hardouvelis 1991; Estrella and Mishkin 1997, 1998; Stock 
and Watson 1989; Wright 2006). In particular, the slope of the 
Treasury yield curve is among the most widely known pre-
dictors of real output. Existing findings in the literature show 
that an upward-sloping yield curve is associated with future 
economic expansions, whereas a flat or downward-sloping 
yield curve serves as an early warning signal of a recession 
(Ahmed and Chinn  2025; Bernanke and Blinder  1992; Chinn 
and Ferrara 2024; Estrella and Hardouvelis 1991; among others).

In recent years, a growing body of literature in macroeconomic 
forecasting has investigated the relationship between the yield 

curve and future real economic activity, but the findings remain 
ambiguous. There is not yet strong evidence in the relevant lit-
erature that the yield curve can be used as a robust forecasting 
tool for real output. Specifically, whereas a few papers document 
strong predictive accuracy of the yield spread for GDP growth 
(see Duarte et al. 2005; Yang 2020; among others), several other 
studies find that the predictive power of yield curve moments 
for future economic activity is time-varying and may be affected 
by parameter instability (Chinn and Kucko 2015; De Pace 2013; 
Estrella et al. 2003; Hännikäinen 2017; Gertler and Lown 1999; 
Schrimpf and Wang 2010; among others). For example, Estrella 
and Mishkin (1998) and Estrella et al. (2003) show that the term 
spread of yield curve provides poor results for output predic-
tions since the mid-1980s. Moreover, Schrimpf and Wang (2010) 
find that the predictive power of the yield spread on quarterly 
GDP growth varies when structural breaks are taken into 
consideration.
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There is no universal explanation for the time-varying pre-
dictability of yield curve moments in relation to economic 
activity. One strand of the literature argues that this variabil-
ity may be linked to monetary policy decisions (Estrella 2005; 
Giacomini and Rossi  2006; Hännikäinen  2015). For example, 
Hännikäinen (2015) finds that the term spread of US Treasury 
notes has had a more pronounced effect on industrial production 
growth since 2008, particularly during the zero lower bound pe-
riod. However, D'Agostino et al. (2006) support the view that the 
informativeness of the term structure of interest rates has been 
affected by the increased stability of macroeconomic variables 
since the mid-1980s.

Independently, there is a large and growing body of literature 
highlighting the importance of uncertainty shocks for the real 
economy, linking financial and macroeconomic uncertainty 
to declines in investment and economic activity (see Baker 
et  al.  2016; Bloom  2009; Caggiano and Castelnuovo  2023; 
Caldara et al. 2016; among others). Additionally, many studies 
have documented the linkage between the volatility of financial 
variables (used as a proxy for uncertainty) and output. For ex-
ample, Campbell et  al.  (2001) show that the variance of stock 
returns is a strong predictor of real output, whereas Bakshi 
et al.  (2011) find that the term structure of implied volatilities 
predicts future GDP growth. Moreover, Cremers et  al.  (2021) 
find that the implied volatility of long-term Treasury notes can 
predict subsequent economic activity. More recently, Megaritis 
et al. (2025) show that the volatility of the term spread of the US 
Treasury yield curve has a significant negative impact on US 
industrial production growth.

Motivated by these strands of literature, in this paper, we con-
struct a measure of uncertainty about the future slope of the 
US Treasury yield curve. More specifically, we estimate un-
certainty in the slope of the yield curve as the monthly real-
ized variance of the daily yield curve slope. According to the 
expectations hypothesis, the slope of the yield curve reflects 
expectations about future interest rates and, ultimately, future 
output growth. Because the yield curve slope is widely used 
as an indicator of macroeconomic expectations, increasing 
volatility in the slope (TSRV, henceforth) can be interpreted 
as higher dispersion in expectations about future macroeco-
nomic outcomes and, therefore, as greater economic uncer-
tainty. Based on this reasoning, we postulate that, similar to 
other popular uncertainty proxies, rising dispersion in the 
yield curve slope will be associated with subsequent declines 
in US output growth. Our goal is to provide a parsimonious 
and accessible measure for policymakers and market partic-
ipants that offers additional predictive information about fu-
ture economic activity.

Our analysis on the forecasting power of the TSRV on eco-
nomic activity shows that increasing TSRV predicts a drop 
in US industrial production growth for forecasting horizons 
ranging from 1 to 12 months ahead. Moreover, the predic-
tive power of TSRV remains robust to the inclusion of well-
known indicators of macroeconomic activity like the slope of 
the yield curve (Estrella and Hardouvelis  1991; Estrella and 
Trubin 2006), the rate of inflation, the US Treasury bill rate, 
and popular uncertainty proxies like the VIX (Bloom  2009) 
and the economic and monetary policy uncertainty (EPU and T
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MPU) indices (Baker et al. 2016). The fact that TSRV remains 
robust to the inclusion of MPU shows that it contains statisti-
cally and economically differentiated predictive power to that 
of MPU, not necessarily related to uncertainty about future 
monetary policy. In this way, our findings are the first to show 
that the TSRV reflects information not solely related (or cor-
related) to MPU.

Moreover, in order to further assess the forecasting power of 
TSRV, we conducted a pseudo–real-time out-of-sample fore-
casting exercise using both recursive and rolling window esti-
mation approaches. Our out-of-sample results show that TSRV 
has higher predictive power as compared to the yield curve 
slope (TS) for medium- and long-term forecasting horizons. 
Our analysis is the first to show that the TSRV outperforms 
the slope of the yield curve for medium- and long-term real-
time forecasts of economic activity. In detail, we find that the 
TSRV factor provides a rich information content regarding 
midterm and long-term predictions of industrial production 
and employment growth. Our results also corroborate the 
findings of Cremers et  al.  (2021), who verify the strong pre-
dictability of the implied volatility of long-term treasury notes 
on subsequent real output.

When we examine the time-varying predictive power of 
TSRV on US economic activity, we find that the TSRV has 

stronger predictive power on industrial production growth 
during periods of unconventional monetary policy and in-
creased uncertainty (e.g., during the zero lower bound pe-
riod). Our empirical results are in line with the findings of 
Hännikäinen (2015), who identifies stronger predictability of 
the slope of the US Treasury curve on economic activity during 
the same period. Our findings provide additional insights into 
the macrofinance literature, which has extensively identified 
an increasing interdependence between financial markets and 
the macroeconomy during and after the 2008 Global Financial 
Crisis (GFC) period (Abbate et  al.  2016; Caldara et  al.  2016; 
Prieto et  al.  2016). Additionally, our findings provide new 
insights for the monetary policy literature identifying the ef-
fectiveness of unconventional monetary policy tools like the 
forward guidance, which was also first deployed during the 
GFC period (see Swanson  2021). Finally, our results are the 
first to show that the forecasting power of TSRV remains sig-
nificant both during and after the COVID-19 outbreak, a pe-
riod characterized by volatile US Treasury rates, inflationary 
pressures, and depressed economic activity.

In summary, our paper contributes to the relevant literature in 
two ways. First, we propose a parsimonious and robust predic-
tor of future economic activity for the medium- and long-run 
horizons, which contains economically and statistically dif-
ferentiated predictive information from other commonly used 

TABLE 3    |    Forecasting OLS regression models.

Panel A
ln
(

IPIt+h ∕IPIt
)

 = b0 + b1TSRVt + �t

Horizon (h) b0 t-stat (b0) b1 t-stat (b1) % R2

1 month 0.003*** (2.89) −4.244 (−1.63) 1.57

3 months 0.007*** (3.77) −8.655*** (−4.47) 3.86

6 months 0.012*** (4.56) −13.32*** (−3.72) 6.0

12 month 0.021*** (4.40) −16.91*** (−3.76) 5.84

Panel B
ln
(

EMPLt+h ∕EMPLt
)

 = b0 + b1TSRVt + �t

Horizon (h) b0 t-stat (b0) b1 t-stat (b1) % R2

1 month 0.002*** (3.31) −2.973 (−1.30) 4.69

3 months 0.004*** (3.49) −3.511** (−2.27) 2.32

6 months 0.007*** (4.03) −5.554*** (−3.51) 3.54

12 months 0.012*** (4.64) −8.891*** (−4.09) 5.86

Panel C
P(NBER=1)t+h = b0 + b1TSRVt + �t

Horizon (h) b0 t-stat (b0) b1 t-stat (b1) % pseudo-R2

1 month −1.701*** (−15.14) 655.7*** (5.29) 13.3

3 months −1.617*** (−14.96) 511.7*** (4.34) 8.5

6 months −1.762*** (−14.54) 811.9*** (5.17) 15.4

12 months −1.560*** (−14.73) 271.6** (2.49) 2.65

Note: Reported t-statistics are corrected for autocorrelation and heteroscedasticity using the Newey–West (1987) estimator.
*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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measures of uncertainty. Second, our findings provide further 
insights into the relevant literature that identifies a time-varying 
behavior of the yield curve predictability due to monetary policy 
decisions and tools.

The remainder of the paper is organized as follows. Section 2 de-
scribes the data. Section 3 outlines the empirical methodology. 
Section  4 presents the main empirical results and robustness 
checks. Finally, Section 5 concludes.

2   |   Data

We obtain daily data for the US Treasury bill rates and the US 
government bonds from the FRED database in order to esti-
mate the realized variance of the term spread (TSRV) of the 

yield curve. Following the empirical approach of Estrella and 
Hardouvelis  (1991), Estrella and Mishkin  (1996), and Estrella 
and Trubin (2006), we estimate the daily slope (term spread) of 
the yield curve as the difference between the daily 10-year US 
government bond yield and the 3-month US Treasury bill rate. 
The volatility of the term spread (TSRV) is then calculated as the 
variance of the daily term spread for each month.

We also collect monthly data on the 3-month Treasury bill 
rate (TBILL3M) and the 10-year constant maturity Treasury 
yield (GOV10Y). The term spread (TS), defined as the slope 
of the US Treasury yield curve, is estimated as the differ-
ence between the 10-year and the 3-month Treasury rates 
(Estrella and Trubin 2006). Furthermore, we collect data on 
the US consumer price index (CPI), the US industrial pro-
duction index (IPI), and the US employment rate (EMPL), 

TABLE 4    |    Forecasting OLS regression models on US industrial production growth (IPI) when controlling for macroeconomic fundamentals.

ln
(

IPIt+h∕IPIt
)

=b0+b1ln
(

IPIt∕IPIt−1
)

+b2INFLt+b3GOV10Yt

+b4BAAt+b5ln
(

HSTARTSt∕HSTARTSt−1
)

+b6TSt+b7TSRVt

+b8ln
(

SP500t∕SP500t−1
)

+b9VIXt+b10MPUt+�t

Horizon (h) h = 1 h = 3 h = 6 h = 12

Constant Coef. −0.0005 −0.004 −0.008 −0.012

t-stat (−0.13) (−0.62) (−0.80) (−0.75)

IPI Coef. −0.354*** −0.324*** −0.372*** −0.0757

t-stat (−4.96) (−4.47) (−4.82) (−0.74)

INFL Coef. −0.001 −0.137 −0.439* −1.154**

t-stat (−0.01) (−0.98) (−1.81) (−2.24)

GOV10Y Coef. 0.104 0.187* 0.337** 0.680**

t-stat (1.63) (1.76) (2.24) (2.53)

BAA Coef. 0.0003 −0.017 −0.033* −0.028

t-stat (0.06) (−1.28) (−1.96) (−1.03)

HSTARTS Coef. 0.039** −0.025 −0.002 0.021

t-stat (2.31) (−0.79) (−0.10) (0.67)

TS Coef. 0.104 0.305* 0.429* 0.846**

t-stat (1.21) (1.90) (1.88) (2.24)

TSRV Coef. −3.604* −6.620** −11.83*** −11.62***

t-stat (−1.92) (−2.50) (−3.34) (−3.07)

SP500 Coef. 0.052 0.120*** 0.106*** 0.086***

t-stat (1.52) (4.87) (5.03) (3.66)

VIX Coef. 0.000261 0.00209* 0.00401** 0.00485

t-stat (0.51) (1.83) (2.49) (1.64)

MPU Coef. −0.0001 −0.00001 0.00005 0.0001

t-stat (−1.46) (−0.45) (1.25) (1.51)

% adj. R2 17.1 17.5 21.7 25.5

Note: Reported t-statistics are corrected for autocorrelation and heteroscedasticity using the Newey–West (1987) estimator.
*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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as well as the binary measure identifying NBER recessions 
(NBER). The US housing starts index is used as a proxy for 
construction (HSTARTS). The Baa corporate bond spread 
(BAA) is used as a proxy for the spread between corporate and 
government bonds. The return of the S&P500 index (SP500) 
is used as a measure of the stock market, whereas the VIX 
index (Bloom 2009) is used as a proxy for stock market vola-
tility (VIX). Inflation (INFL) is measured as the monthly per-
centage change in the CPI. The EPU and MPU indices (Baker 
et  al.  2016) are used to measure uncertainty related to eco-
nomic and monetary policy. The data for these series are also 
sourced from the FRED database. Our monthly dataset covers 
the period from January 1990 to June 2025 (426 observations).

3   |   Methodology

3.1   |   In-Sample Regressions

Our empirical approach starts with an in-sample analysis using 
bivariate and multivariate predictive regression models, followed 
by an out-of-sample analysis using a pseudo–real-time forecasting 
framework with similar models. We first estimate a set of bivari-
ate and multivariate predictive regression models on the measures 
of real economic activity in the United States. The bivariate and 
multivariate regression models are estimated for various forecast-
ing horizons ranging from 1 to 12 months ahead. We, therefore, 
estimate bivariate OLS predicting regressions in which we use the 

TABLE 5    |    Forecasting OLS regression models on US employment growth (EMPL) when controlling for macroeconomic fundamentals.

ln
(

EMPLt+h∕EMPLt
)

=b0+b1ln
(

EMPLt∕EMPLt−1
)

+b2INFLt+b3GOV10Yt

+b4BAAt+b5ln
(

HSTARTSt∕HSTARTSt−1
)

+b6TSt+b7TSRVt

+b8ln
(

SP500t∕SP500t−1
)

+b9VIXt+b10MPUt+�t

Horizon (h) h = 1 h = 3 h = 6 h = 12

Constant Coef. 0.0008 0.0009 0.002 0.002

t-stat (0.44) (0.18) (0.23) (0.14)

EMPL Coef. −0.016 −0.146 −0.338 −0.402**

t-stat (−0.14) (−0.79) (−1.57) (−2.15)

INFL Coef. 0.036 0.015 0.008 −0.177

t-stat (1.61) (0.23) (0.07) (−1.09)

GOV10Y Coef. 0.007 −0.005 −0.009 0.043

t-stat (0.18) (−0.06) (−0.09) (0.31)

BAA Coef. −0.001 −0.006 −0.008 −0.011

t-stat (−0.78) (−1.14) (−1.00) (−0.72)

HSTARTS Coef. 0.0158* −0.015 −0.008 0.013

t-stat (1.72) (−0.84) (−0.53) (1.18)

TS Coef. 0.0199 0.0756 0.145 0.383

t-stat (0.45) (0.61) (0.83) (1.36)

TSRV Coef. −2.097 −3.287* −5.700*** −5.538**

t-stat (−1.28) (−1.89) (−2.61) (−2.49)

SP500 Coef. 0.038 0.036** 0.029*** 0.046***

t-stat (1.41) (2.32) (3.01) (3.91)

VIX Coef. 0.0001 0.001* 0.001 0.002

t-stat (0.95) (1.82) (1.54) (1.47)

MPU Coef. −0.00001 0.00001 0.00001 0.00001

t-stat (−0.81) (0.27) (0.74) (0.52)

% adj. R2 13.5 11.1 6.8 9.04

Note: Reported t-statistics are corrected for autocorrelation and heteroscedasticity using the Newey–West (1987) estimator.
*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

 1099131x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/for.70132 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [16/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



7Journal of Forecasting, 2026

TSRV as the only predictor of real output, employing the following 
time-series predictive regression model for IPI growth:

We then estimate a multivariate specification to verify that the 
TSRV factor remains a robust predictor of real economic activ-
ity to the inclusion of other commonly used predictors. In this 
setting, we additionally control for some key indicators of US 
real output, such as the lagged value of IPI growth, the CPI in-
flation (INFL), the 10-year government bond rate (GOV10Y), the 
Baa corporate bond spread (BAA), the return of the US housing 
starts (HSTARTS), the S&P500 returns (SP500), the VIX index 
that reflects uncertainty of the US equities market (VIX), the 
MPU index (Baker et al. 2016) (MPU), and the slope of the US 

Treasury yield curve (TS) (Estrella and Hardouvelis 1991). The 
multivariate model for IPI growth is specified as follows:

Moreover, for robustness purposes, we estimate identical regres-
sions using an alternative measure of economic activity, namely, 
the US employment rate (EMPL). We also estimate the probabil-
ity of the NBER-dated recessions (NBER) by employing bivariate 
and multivariate probit models using the same regressors with 
the linear regression specifications provided in Equations  (1) 
and (2). Finally, we perform additional multivariate models with 
a number of alternative selected variables in Section 4.3.1

(1)ln
(

IPIt+h ∕ IPIt
)

= b0 + b1TSRVt + �t .

(2)

ln
(

IPIt+h∕IPIt
)

=b0+b1ln
(

IPIt∕IPIt−1
)

+b2INFLt+b3GOV10Yt

+b4BAAt+b5ln
(

HSTARTSt∕HSTARTSt−1
)

+b6TSt+b7TSRVt

+b8ln
(

SP500t∕SP500t−1
)

+b9VIXt+b10MPUt+�t

.

TABLE 6    |    Forecasting the probability of NBER recession when controlling for macroeconomic fundamentals.

P(NBER=1)t+h=b0+b1INFLt+b2GOV10Yt

+b3BAAt+b4ln
(

HSTARTSt∕HSTARTSt−1
)

+b5TSt+b6TSRVt

+b7ln
(

SP500t∕SP500t−1
)

+b8VIXt+b9MPUt+�t

Horizon (h) h = 1 h = 3 h = 6 h = 12

Constant Coef. −2.884*** −2.549*** −2.221*** −1.208**

t-stat (−7.36) (−5.97) (−4.68) (−2.39)

INFL Coef. 22.75*** 50.58*** 65.83*** 45.15***

t-stat (2.69) (4.85) (4.74) (3.39)

GOV10Y Coef. −2.000 2.224 −2.296 −9.835

t-stat (−0.34) (0.35) (−0.26) (−1.15)

BAA Coef. 3.286 45.16** 23.26 −3.113

t-stat (0.58) (2.06) (1.04) (−0.24)

HSTARTS Coef. −2.611** −3.090*** −1.419 −4.528***

t-stat (−2.00) (−2.66) (−1.35) (−4.53)

TS Coef. 13.39 −15.62 −80.21*** −110.3***

t-stat (1.34) (−1.40) (−3.79) (−5.26)

TSRV Coef. 506.8*** 319.2* 1273.2*** 332.3**

t-stat (3.17) (1.78) (3.58) (2.18)

SP500 Coef. −5.339** −10.59*** −8.561*** −0.0425

t-stat (−2.37) (−4.81) (−4.69) (−0.03)

VIX Coef. −0.468 −6.468** −3.465 0.044

t-stat (−0.66) (−2.05) (−1.09) (0.03)

MPU Coef. 0.005*** −0.001 −0.007** −0.007**

t-stat (2.94) (−0.63) (−2.09) (−2.24)

% adj. R2 65.8 30.1 41 58.4

Note: Reported t-statistics are corrected for autocorrelation and heteroscedasticity using the Newey–West (1987) estimator.
*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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3.2   |   Out-of-Sample Specifications

We also evaluate the forecasting power of TSRV on real output 
using a pseudo–real-time out-of-sample specification for similar 
regression models to those in Equations (1) and (2) across mul-
tiple forecasting horizons. In the out-of-sample framework, we 
apply both a rolling window and recursive methods. Specifically, 
we start with an 84-month (7-year) initial window to estimate 
the first OLS regressions for period t + h (where h is the fore-
casting horizon) using available data up to month t.2 In the re-
cursive method, the estimation window is extended by 1 month 
in each step to produce the new out-of-sample forecasts. In the 
rolling window setting, we follow the “pool forecast” approach 
of Schrimpf and Wang (2010) in order to also consider structural 
breaks and shifts in economic conditions over our sample.3 We 
evaluate forecasting accuracy by comparing the relative mean 
squared forecast errors (MSFEs) and mean absolute forecast er-
rors (MAFEs) across the alternative models.

We also conduct predictive accuracy tests to validate the sta-
tistical significance of the forecast errors in the out-of-sample 
framework. Specifically, we perform the Diebold–Mariano 
(DM) test (Diebold and Mariano  1995) and the Clark–West 
(CW) test (Clark and West 2007), two widely used statistical 
tests for comparing the predictive accuracy of two competing 
models.4 Finally, we employ the Giacomini–Rossi (GR) fluctu-
ation test, as proposed by Giacomini and Rossi (2010), to assess 
the predictive value of the TSRV and its robustness to struc-
tural breaks.

4   |   Empirical Results

Initially, we estimate the descriptive statistics and the correla-
tions among the regressors in our setting. Tables 1 and 2 show 
the descriptive statistics and correlations for our variables, 
respectively.

Based on both tables, we observe that regressors are not highly 
correlated except for the yields of the 3-month Treasury bill 
and the 10-year Treasury bond, as well as the MPU and EPU 
indices.5

4.1   |   In-Sample Forecasting Results

This section discusses the in-sample forecasting results. First, 
we perform bivariate regression models, and the results are pre-
sented in Table 3.

For the bivariate predictive models, TSRV emerges as a ro-
bust predictor of subsequent economic activity across multiple 
forecasting horizons. Specifically, for midterm and long-term 
predictions of IPI growth and the unemployment rate, the es-
timated coefficients remain statistically significant across all 
horizons. Additionally, higher volatility in the yield curve slope 
(TSRV) is linked to a higher probability of a subsequent reces-
sion (NBER), which is observed over the short-term, midterm, 
and long-term horizons.

Tables  4–6 display the results of the multivariate regression 
models for predicting US industrial production growth (IPI), US 
employment growth (EMPL), and the probability of an NBER 
recession (NBER), respectively.

TABLE 8    |    Fluctuation test results.

Panel A (recursive window)

Dependent variable: IPI

Horizon
TSRV 
vs. TS

MULTI vs. 
MULTI–TS

MULTI–TS vs. 
MULTI–TS–TSRV

1 month Reject Fail to reject Fail to reject

3 months Reject Reject Reject

6 months Reject Reject Reject

12 months Reject Reject Reject

Dependent variable: EMPL

Horizon
TSRV 
vs. TS

MULTI vs. 
MULTI–TS

MULTI–TS vs. 
MULTI–TS–TSRV

1 month Reject Reject Reject

3 months Reject Reject Reject

6 months Reject Reject Reject

12 months Reject Reject Reject

Panel B (rolling window)

Dependent variable: IPI

Horizon
TSRV 
vs. TS

MULTI vs. 
MULTI–TS

MULTI–TS vs. 
MULTI–TS–TSRV

1 month Fail to reject Fail to reject Reject

3 months Reject Fail to reject Fail to reject

6 months Reject Reject Reject

12 months Reject Reject Reject

Dependent variable: EMPL

Horizon
TSRV 
vs. TS

MULTI vs. 
MULTI–TS

MULTI–TS vs. 
MULTI–TS–TSRV

1 month Fail to reject Reject Reject

3 months Fail to reject Fail to reject Reject

6 months Reject Reject Reject

12 months Reject Reject Reject

Note: This table reports the results of the Giacomini–Rossi fluctuation tests 
performed on specific regression models presented in Table 7. Specifically, 
we perform the fluctuation test under the null hypothesis that the expected 
loss difference between the two models is zero at all time points, against the 
alternative that the first model has lower expected losses at some time point. 
Each column represents the comparisons between two specific regression 
models. The table reports whether we reject or fail to reject the null hypothesis. 
Panel A reports the results based on a recursive estimation window, whereas 
Panel B reports the results based on a rolling estimation window. See Table 7 for 
additional details.
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The multivariate analysis further confirms the strong predic-
tive power of TSRV, particularly over medium- and long-term 
horizons. Specifically, the TSRV coefficient is statistically 
significant for most forecasting horizons. When predict-
ing economic activity (IPI and EMPL), the t-statistic of the 
TSRV coefficient exceeds two over the long-term forecasting 

horizons. An interesting finding is that the term spread 
(TS) coefficient itself is found less significant (especially for 
EMPL), in contrast to its volatility component. In addition, 
in the NBER recession regressions (Table 6), the TSRV coef-
ficient is found to be positive and significant across all fore-
casting horizons. These results are consistent with previous 

FIGURE 1    |    Estimated beta of TSRV when forecasting economic activity 6 months ahead.

Panel A (IPI)

Panel B (EMPL)
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studies that highlight the inconsistent predictive power of the 
term spread for economic activity (Chinn and Kucko  2015; 
De Pace 2013; Estrella et al. 2003; Hännikäinen 2017). To the 
best of our knowledge, this is the first study to show that the 

volatility of the yield curve slope (TSRV) is a strong and robust 
predictor of economic activity, providing unique information 
not captured by the level of the term spread and/or other well-
known predictors.

FIGURE 2    |    Estimated beta of TS when forecasting economic activity 6 months ahead.

Panel A (IPI)

Panel B (EMPL)
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4.2   |   Out-of-Sample Forecasting Results

This section presents the results of the pseudo–real-time out-
of-sample forecasting exercise. As described in Section  3, 

we use both recursive and rolling window methods in this 
exercise. Table  7 reports the relative MSFEs in order to eval-
uate the model performance across a series of bivariate regres-
sions with alternative predictors, as well as our multivariate 

FIGURE 3    |    Estimated R2 when forecasting economic activity 6 months ahead using TSRV.
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models. Specifically, in Columns 1–11, we present the MSFEs 
for alternative bivariate models, using the regressors individ-
ually employed in our multivariate models, as well as some 
additional common predictors of economic activity, such 

as the macroeconomic uncertainty (MU) index of Jurado 
et al. (2015) and the geopolitical risk (GEOP) index of Caldara 
and Iacoviello (2022). From the bivariate regressions (Columns 
1–11), we observe that the MSFE is consistently lower for the 

FIGURE 4    |    Estimated R2 when forecasting economic activity 6 months ahead using TS.

Panel A (IPI)

Panel B (EMPL)
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models with the TSRV measure when compared to those using 
the TS factor, regardless of whether a rolling or recursive win-
dow method is employed. Moreover, the MSFEs associated 
with the TSRV are generally the lowest among all individual 
predictive factors. This supports our earlier findings from the 
in-sample analysis, indicating that the volatility of the yield 
curve slope (TSRV) is a strong and robust predictor of economic 
activity even when compared to the term spread level and other 
well-established predictors.

Additionally, Table  7 includes the results from the DM test, 
which compares the forecast performance of the bivariate 
model using the term spread (TS) with that of the model using 
the TSRV.6 Moreover, the CW test is used to validate whether 
the addition of the TSRV factor and/or of the TS factor signifi-
cantly reduces the forecasting errors of the multivariate model.7 

Specifically, we perform the CW test on the full multivariate 
model (Equation 2) and on a restricted model (without the term 
spread), and then we also compare the multivariate model 
(without the term spread) with a more restricted model that 
also excludes the TSRV factor. Finally, we perform the GR fluc-
tuation test to ensure that the TSRV adds predictive value and 
that its performance is robust to structural breaks. Specifically, 
we conduct a one-sided fluctuation test in which we assess 
whether the expected loss difference is zero across all time 
points or whether the model that includes TSRV outperforms 
in certain subperiods. The results of the GR test for the various 
cases are reported in Table 8.

The results from both the DM and CW tests in Table  7 again 
confirm the superior performance of TSRV over TS in forecast-
ing economic activity. Specifically, the DM test (Columns 1 and 

TABLE 9    |    Forecasting OLS regression models on US industrial production growth (IPI) when controlling for macroeconomic fundamentals 
(alternative specification).

ln
(

IPIt+h∕IPIt
)

=b0+b1ln
(

IPIt∕IPIt−1
)

+b2INFLt+b3TBILL3Mt

+b4ln
(

HSTARTSt∕HSTARTSt−1
)

+b5TSt+b6TSRVt

+b7ln
(

SP500t∕SP500t−1
)

+b8VIXt+b9EPUt+�t

Horizon (h) h = 1 h = 3 h = 6 h = 12

Constant Coef. −0.0008 −0.012 −0.023** −0.036**

t-stat (−0.28) (−1.61) (−2.10) (−2.14)

IPI Coef. −0.353*** −0.312*** −0.342*** −0.021

t-stat (−4.82) (−4.93) (−5.59) (−0.37)

INFL Coef. −0.0009 −0.103 −0.385* −1.142**

t-stat (−0.01) (−0.76) (−1.76) (−2.49)

TBILL3M Coef. 0.085* 0.198** 0.412*** 0.845***

t-stat (1.65) (2.03) (2.79) (3.21)

HSTARTS Coef. 0.039** −0.025 −0.0004 0.023

t-stat (2.30) (−0.87) (−0.02) (0.80)

TS Coef. 0.196 0.532** 0.873*** 1.656***

t-stat (1.57) (2.44) (3.13) (3.97)

TSRV Coef. −4.477** −7.410*** −11.64*** −11.25***

t-stat (−2.20) (−2.98) (−3.49) (−3.20)

SP500 Coef. 0.0544 0.126*** 0.109*** 0.0903***

t-stat (1.55) (5.00) (5.77) (4.35)

VIX Coef. 0.0002 0.0004 0.001* 0.0023**

t-stat (0.75) (1.12) (1.87) (2.25)

EPU Coef. −0.00002 0.00004 0.0001** 0.0003***

t-stat (−0.46) (0.82) (2.19) (3.62)

% adj. R2 16.8 22.1 28.2 36.5

Note: Reported t-statistics are corrected for autocorrelation and heteroscedasticity using the Newey–West (1987) estimator.
*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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2) shows that the forecasts generated using the TSRV factor are 
more statistically significant than those based on the term spread 
(TS), especially in the medium- to long-term horizons. The TSRV 
also consistently produces lower mean squared errors over all 
horizons. Moreover, the CW test (Columns 10–12) indicates that 
the inclusion of TSRV in the multivariate model significantly 
improves its forecasting performance, as can be seen from both 
the rolling and recursive window settings. Interestingly, the ad-
dition of TS is not always beneficial. This highlights the distinct 
predictive information provided by TSRV for economic activity 
forecasts.8 Also, the results from the fluctuation test, reported in 
Table 8, reaffirm the evidence based on the DM and CW tests. 
Specifically, we find that the null hypothesis (that the expected 
loss difference between the two models is zero at all time points) 
is rejected in most cases, indicating that TSRV yields lower ex-
pected losses in at least some subperiods of our sample.

Our results provide new evidence about the predictive power 
of TSRV, thereby contributing to the literature focusing on the 
macroeconomic predictive power of interest rate and yield curve 
uncertainty (Cremers et al. 2021; Engle et al. 2013; among oth-
ers). Another noteworthy finding is the main difference between 
TSRV and TS in terms of mean squared errors when using the 
rolling window method, particularly for the industrial produc-
tion growth forecasts.

To further investigate the time-varying behavior of the TSRV 
and TS coefficients, we present the figures showing the time-
varying R2 and beta coefficients, along with 95% confidence in-
tervals, from the out-of-sample exercise.9 Figures 1 and 2 show 
the time-varying beta coefficients, whereas Figures 3 and 4 pres-
ent the time-varying R2 values for those two coefficients (TSRV 
and TS).

TABLE 10    |    Forecasting OLS regression models on US employment growth (EMPL) when controlling for macroeconomic fundamentals 
(alternative specification).

ln
(

EMPLt+h∕EMPLt
)

=b0+b1ln
(

EMPLt∕EMPLt−1
)

+b2INFLt+b3TBILL3Mt

+b4ln
(

HSTARTSt∕HSTARTSt−1
)

+b5TSt+b6TSRVt

+b7ln
(

SP500t∕SP500t−1
)

+b8VIXt+b9EPUt+�t

Horizon (h) h = 1 h = 3 h = 6 h = 12

Constant Coef. 0.0003 −0.003 −0.006 −0.01

t-stat (0.40) (−0.61) (−0.72) (−0.84)

EMPL Coef. −0.015 −0.103 −0.245 −0.261*

t-stat (−0.13) (−0.60) (−1.39) (−1.78)

INFL Coef. 0.038** 0.027 0.014 −0.188

t-stat (2.01) (0.42) (0.13) (−1.31)

TBILL3M Coef. 0.001 0.009 0.0303 0.105

t-stat (0.02) (0.13) (0.30) (0.83)

HSTARTS Coef. 0.016* −0.015 −0.008 0.013

t-stat (1.69) (−0.89) (−0.58) (1.16)

TS Coef. 0.026 0.088 0.173 0.484

t-stat (0.34) (0.49) (0.71) (1.40)

TSRV Coef. −2.421 −3.487* −5.887*** −5.947***

t-stat (−1.32) (−1.93) (−2.70) (−2.84)

SP500 Coef. 0.039 0.038** 0.034*** 0.051***

t-stat (1.38) (2.27) (3.11) (3.91)

VIX Coef. 0.00003 0.0001 0.0002 0.001*

t-stat (0.23) (0.29) (0.68) (1.90)

EPU Coef. −0.000004 0.00003 0.0001 0.0001*

t-stat (−0.21) (1.05) (1.51) (1.75)

% adj. R2 10.5 7.96 11.9 26.6

Note: Reported t-statistics are corrected for autocorrelation and heteroscedasticity using the Newey–West (1987) estimator.
*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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These time-varying results validate our main conclusion that 
TSRV is a more robust predictor of economic activity than the term 
spread (TS). Our findings align with much of the existing litera-
ture (Chinn and Kucko 2015; De Pace 2013; Hännikäinen 2017; 
among others) that highlights the time-varying predictability of 
the term spread for subsequent economic activity. However, the 
estimated time-varying beta coefficients for TS are not consis-
tently statistically significant across most periods in the sample. 
The estimated beta coefficients and R2s shown in Figures 1 and 
3 clearly show that the forecasting power of TSRV on US eco-
nomic activity is low during the 1990s and early 2000s, whereas 
it jumps during the GFC period and remains high and significant 
afterwards. For example, the beta coefficient of TSRV becomes 
statistically significant after 2008 when forecasting IPI growth. 
In addition, the time-varying R2 rises from approximately 5% 
to more than 15% when forecasting EMPL growth and as we 
move from the pre- to the post-2008 GFC period. Our results 
are broadly in line with the findings of Abbate et al. (2016) and 
Prieto et al. (2016) who show an increased trend in macrofinan-
cial linkages during the post-2008 recession period.

4.3   |   Robustness Checks

In this section, we analytically describe the additional models 
and estimations employed to confirm the robustness of our 
main results. First, as we have provided in Tables 3 and 5, we 
estimate our baseline regression models on the US employment 
growth (instead of the US industrial production growth), and 
the regression results are quantitatively and qualitatively simi-
lar. Moreover, we estimate probit models on the binary variable 
indicating the NBER recession periods (Tables 3 and 6), and we 
show that the TSRV is also a significant predictor of US eco-
nomic recessions. Furthermore, we include an alternative spec-
ification of the multivariate model presented in Equation  (2). 
Specifically, Tables  9–11 report the multivariate regression 
results when we employ an alternative model specification. In 
this specification, we replace the 10-year US bond yield and the 
Baa default spread with the yield of the 3-month US Treasury 
bills, as well as the MPU with the EPU index. As is evident from 
Tables 9 to 11, the results remain unaltered under this alterna-
tive specification.

TABLE 11    |    Forecasting the probability of NBER recession when controlling for macroeconomic fundamentals (alternative specification).

P(NBER=1)t+h=b0+b1INFLt+b2TBILL3Mt

+b3ln
(

HSTARTSt∕HSTARTSt−1
)

+b4TSt+b5TSRVt

+b6ln
(

SP500t∕SP500t−1
)

+b7VIXt+b8EPUt+�t

Horizon (h) h = 1 h = 3 h = 6 h = 12

Constant Coef. −3.226*** −2.400*** −1.722*** −0.845

t-stat (−7.36) (−5.34) (−3.39) (−1.52)

INFL Coef. 24.16*** 45.73*** 69.14*** 46.99***

t-stat (2.92) (4.83) (4.86) (3.15)

TBILL3M Coef. 1.653 −2.182 −5.657 −7.988

t-stat (0.29) (−0.36) (−0.63) (−0.87)

HSTARTS Coef. −2.266* −2.952*** −1.699 −4.264***

t-stat (−1.80) (−2.59) (−1.61) (−4.24)

TS Coef. 12.89 −11.06 −72.48*** −100.2***

t-stat (1.18) (−0.91) (−2.96) (−4.19)

TSRV Coef. 616.7*** 198.2 1125.4*** 286.9*

t-stat (4.04) (1.28) (3.73) (1.90)

SP500 Coef. −5.651** −7.861*** −9.687*** −0.506

t-stat (−2.53) (−4.63) (−4.82) (−0.34)

VIX Coef. −0.133* −0.191* −0.328 −0.258*

t-stat (−1.84) (−1.74) (−1.30) (−1.70)

EPU Coef. 0.006*** −0.001 −0.014*** −0.013***

t-stat (3.51) (−0.73) (−3.00) (−2.71)

% adj. R2 30.8 38.5 60.1 52.9

Note: Reported t-statistics are corrected for autocorrelation and heteroscedasticity using the Newey–West (1987) estimator.
*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

 1099131x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/for.70132 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [16/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



17Journal of Forecasting, 2026

T
A

B
L

E
 1

2    
|

    
O

ut
-o

f-s
am

pl
e 

re
su

lts
 (m

ea
n 

sq
ua

re
d 

fo
re

ca
st

 e
rr

or
s)

 u
si

ng
 6

0-
m

on
th

 in
iti

al
 w

in
do

w
.

Pa
ne

l A
 (r

ec
u

rs
iv

e 
w

in
do

w
)

D
ep

en
de

nt
 v

ar
ia

bl
e:

 IP
I

H
or

iz
on

T
SR

V
T

S
G

O
V

10
Y

E
PU

M
PU

V
IX

M
U

G
E

O
P

B
A

A
H

ST
A

R
T

S
SP

50
0

M
U

LT
I

M
U

LT
I–

T
S

M
U

LT
I–

T
S–

T
SR

V

1 m
on

th
0.

43
9

0.
44

4
0.

44
4

0.
45

8
0.

44
1

0.
43

3
0.

44
1

0.
44

1
0.

43
8

0.
43

9
0.

43
9

0.
43

8
0.

43
3

0.
42

9

3 m
on

th
s

0.
75

7
0.

79
0

0.
79

3
0.

85
8

0.
77

2
0.

78
8

0.
82

4
0.

78
5

0.
77

8
0.

81
2

0.
71

4
0.

73
7

0.
75

2
0.

75
9

6 m
on

th
s

1.
15

7
1.

24
3

1.
27

3
1.

27
6

1.
20

4
1.

25
0

1.
39

2
1.

22
7

1.
24

7
1.

23
9

1.
11

1
1.

10
1

1.
19

5
1.

23
4

12
 m

on
th

s
2.

11
4

2.
31

5
2.

47
7

2.
24

7
2.

20
0

2.
35

4
2.

88
1

2.
24

7
2.

37
2

2.
32

2
2.

08
8

2.
85

1
2.

88
6

2.
92

5

D
ep

en
de

nt
 v

ar
ia

bl
e:

 E
M

PL

H
or

iz
on

T
SR

V
T

S
G

O
V

10
Y

E
PU

M
PU

V
IX

M
U

G
E

O
P

B
A

A
H

ST
A

R
T

S
SP

50
0

M
U

LT
I

M
U

LT
I–

T
S

M
U

LT
I–

T
S–

T
SR

V

1 m
on

th
0.

08
0

0.
08

2
0.

08
2

0.
09

0
0.

08
3

0.
08

1
0.

08
4

0.
08

1
0.

08
1

0.
08

1
0.

08
0

0.
22

7
0.

22
7

0.
23

1

3 m
on

th
s

0.
22

7
0.

23
5

0.
23

7
0.

24
1

0.
23

1
0.

23
1

0.
24

2
0.

23
0

0.
23

0
0.

23
5

0.
22

6
0.

39
9

0.
39

3
0.

39
7

6 m
on

th
s

0.
36

9
0.

39
3

0.
40

0
0.

40
5

0.
38

1
0.

39
1

0.
41

4
0.

38
1

0.
38

0
0.

39
5

0.
37

6
0.

51
5

0.
49

2
0.

50
5

12
 m

on
th

s
0.

56
7

0.
64

1
0.

67
5

0.
65

6
0.

58
8

0.
63

8
0.

69
0

0.
60

3
0.

61
3

0.
56

9
0.

54
5

0.
89

1
0.

77
5

0.
79

1

Pa
ne

l B
 (r

ol
li

n
g 

w
in

do
w

)

D
ep

en
de

nt
 v

ar
ia

bl
e:

 IP
I

H
or

iz
on

T
SR

V
T

S
G

O
V

10
Y

E
PU

M
PU

V
IX

M
U

G
E

O
P

B
A

A
H

ST
A

R
T

S
SP

50
0

M
U

LT
I

M
U

LT
I–

T
S

M
U

LT
I–

T
S–

T
SR

V

1 m
on

th
0.

53
8

0.
46

9
0.

47
4

0.
60

0
0.

47
4

0.
47

9
0.

46
2

0.
47

8
0.

45
8

0.
47

0
0.

45
8

0.
62

5
0.

60
4

0.
59

6

3 m
on

th
s

0.
82

3
0.

93
0

0.
90

8
1.

08
5

0.
81

4
0.

85
4

0.
91

1
0.

85
0

0.
86

9
0.

81
1

0.
73

0
1.

50
0

1.
43

0
1.

35
7

6 m
on

th
s

1.
21

5
1.

81
9

1.
61

2
1.

41
8

1.
29

7
1.

58
0

1.
96

6
1.

48
4

1.
85

5
1.

31
5

1.
55

2
2.

22
7

1.
78

6
2.

18
4

12
 m

on
th

s
2.

46
0

5.
08

4
3.

81
2

3.
37

9
2.

68
8

4.
89

8
10

.7
30

3.
25

5
5.

87
3

2.
93

4
4.

76
9

11
.8

11
7.

83
0

7.
80

6

D
ep

en
de

nt
 v

ar
ia

bl
e:

 E
M

PL

H
or

iz
on

T
SR

V
T

S
G

O
V

10
Y

E
PU

M
PU

V
IX

M
U

G
E

O
P

B
A

A
H

ST
A

R
T

S
SP

50
0

M
U

LT
I

M
U

LT
I–

T
S

M
U

LT
I–

T
S–

T
SR

V

1 m
on

th
0.

01
6

0.
01

7
0.

01
8

0.
03

0
0.

01
8

0.
02

2
0.

01
7

0.
01

7
0.

01
7

0.
01

7
0.

01
8

0.
07

4
0.

07
4

0.
12

8

3 m
on

th
s

0.
04

7
0.

04
7

0.
05

2
0.

05
6

0.
04

7
0.

04
6

0.
04

7
0.

04
0

0.
04

2
0.

04
4

0.
04

6
0.

23
5

0.
20

9
0.

23
3

6 m
on

th
s

0.
06

6
0.

07
6

0.
08

0
0.

08
7

0.
07

1
0.

06
7

0.
07

0
0.

07
3

0.
06

5
0.

05
4

0.
06

6
0.

10
7

0.
05

3
0.

04
7

12
 m

on
th

s
0.

06
3

0.
11

2
0.

08
9

0.
09

0
0.

07
3

0.
06

4
0.

11
4

0.
10

6
0.

08
3

0.
03

7
0.

06
1

0.
33

9
0.

71
3

0.
81

7

N
ot

e:
 T

hi
s t

ab
le

 re
po

rt
s t

he
 o

ut
-o

f-s
am

pl
e 

m
ea

n 
sq

ua
re

d 
fo

re
ca

st
 e

rr
or

s (
M

SF
Es

) w
he

n 
fo

re
ca

st
in

g 
in

du
st

ri
al

 p
ro

du
ct

io
n 

(I
PI

) a
nd

 e
m

pl
oy

m
en

t (
EM

PL
) g

ro
w

th
 a

t 1
-, 

3-
, 6

-, 
an

d 
12

-m
on

th
 h

or
iz

on
s.

 P
an

el
 A

 re
po

rt
s t

he
 re

su
lts

 b
as

ed
 

on
 a

 re
cu

rs
iv

e 
es

tim
at

io
n 

w
in

do
w

, w
he

re
as

 P
an

el
 B

 re
po

rt
s t

he
 re

su
lts

 b
as

ed
 o

n 
a 

ro
lli

ng
 e

st
im

at
io

n 
w

in
do

w
. T

he
 ta

bl
e 

co
nt

ai
ns

 th
e 

M
SF

Es
 o

f a
 n

um
be

r o
f b

iv
ar

ia
te

 m
od

el
s,

 u
si

ng
 e

st
ab

lis
he

d 
in

di
ca

to
rs

 o
f e

co
no

m
ic

 a
ct

iv
ity

 a
s t

he
 

m
ai

n 
pr

ed
ic

to
r (

C
ol

um
ns

 1
–1

1)
, a

lo
ng

si
de

 o
ur

 m
ul

tiv
ar

ia
te

 se
tt

in
gs

 (C
ol

um
ns

 1
2–

14
). 

Th
e 

m
od

el
s M

U
LT

I, 
M

U
LT

I–
TS

, a
nd

 M
U

LT
I–

TS
–T

SR
V 

re
pr

es
en

t g
ra

du
al

ly
 re

du
ce

d 
m

ul
tiv

ar
ia

te
 fo

re
ca

st
in

g 
m

od
el

s.

 1099131x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/for.70132 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [16/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



18 Journal of Forecasting, 2026

T
A

B
L

E
 1

3    
|

    
O

ut
-o

f-s
am

pl
e 

re
su

lts
 (m

ea
n 

ab
so

lu
te

 fo
re

ca
st

 e
rr

or
s)

.

Pa
ne

l A
 (r

ec
ur

si
ve

 w
in

do
w

)

D
ep

en
de

nt
 v

ar
ia

bl
e:

 IP
I

H
or

iz
on

T
SR

V
T

S
G

O
V

10
Y

E
PU

M
PU

V
IX

M
U

G
E

O
P

B
A

A
H

ST
A

R
T

S
SP

50
0

M
U

LT
I

M
U

LT
I–

T
S

M
U

LT
I–

T
S–

T
SR

V

1 m
on

th
14

.5
87

14
.5

90
14

.5
63

14
.7

93
14

.6
32

14
.4

71
14

.5
80

14
.5

47
14

.3
36

14
.7

47
14

.5
87

13
.9

79
13

.9
87

13
.8

02

3 m
on

th
s

18
.0

95
18

.4
03

18
.8

73
18

.8
02

17
.8

91
18

.3
76

19
.3

14
18

.6
02

18
.0

00
18

.5
75

17
.3

31
18

.0
00

18
.4

25
18

.4
94

6 m
on

th
s

22
.9

16
23

.2
23

24
.6

30
23

.7
95

22
.8

05
23

.9
55

25
.2

16
23

.5
90

23
.9

71
23

.3
02

21
.8

67
24

.0
16

25
.4

42
25

.8
20

12
 m

on
th

s
28

.6
82

29
.2

68
35

.2
78

30
.3

63
29

.4
20

32
.7

19
34

.2
43

29
.4

68
33

.5
16

31
.5

01
28

.4
48

40
.7

69
41

.0
93

41
.3

10

D
ep

en
de

nt
 v

ar
ia

bl
e:

 E
M

PL

H
or

iz
on

T
SR

V
T

S
G

O
V

10
Y

E
PU

M
PU

V
IX

M
U

G
E

O
P

B
A

A
H

ST
A

R
T

S
SP

50
0

M
U

LT
I

M
U

LT
I–

T
S

M
U

LT
I–

T
S–

T
SR

V

1 m
on

th
2.

62
6

2.
68

6
2.

73
8

2.
84

1
2.

76
9

2.
70

3
2.

71
1

2.
65

8
2.

59
4

2.
67

8
2.

74
3

3.
48

4
3.

43
6

3.
46

5

3 m
on

th
s

5.
39

5
5.

58
1

5.
76

6
5.

53
5

5.
43

0
5.

43
8

5.
67

7
5.

39
6

5.
42

7
5.

49
1

5.
40

1
6.

69
8

6.
69

9
6.

74
8

6 m
on

th
s

8.
32

4
8.

95
0

9.
59

9
8.

68
8

8.
51

4
8.

60
9

9.
24

9
8.

73
8

8.
70

2
8.

55
1

8.
53

7
10

.3
89

10
.3

65
10

.6
00

12
 m

on
th

s
13

.1
43

14
.9

02
16

.2
51

14
.2

79
13

.5
51

14
.1

73
15

.1
44

14
.1

72
14

.8
11

13
.1

06
13

.1
56

18
.1

63
17

.1
24

17
.4

88

Pa
ne

l B
 (r

ol
li

n
g 

w
in

do
w

)

D
ep

en
de

nt
 v

ar
ia

bl
e:

 IP
I

H
or

iz
on

T
SR

V
T

S
G

O
V

10
Y

E
PU

M
PU

V
IX

M
U

G
E

O
P

B
A

A
H

ST
A

R
T

S
SP

50
0

M
U

LT
I

M
U

LT
I–

T
S

M
U

LT
I–

T
S–

T
SR

V

1 m
on

th
15

.2
18

14
.7

84
14

.8
36

15
.2

77
15

.1
66

15
.1

14
14

.7
61

14
.7

64
14

.6
87

14
.8

65
15

.1
00

15
.6

90
15

.3
15

15
.1

95

3 m
on

th
s

18
.9

35
19

.9
48

19
.5

70
20

.1
85

18
.3

75
18

.9
04

19
.6

89
19

.6
32

19
.0

62
19

.3
42

17
.4

29
21

.3
37

20
.8

87
21

.1
96

6 m
on

th
s

23
.9

22
27

.8
16

26
.4

43
25

.6
79

24
.8

08
25

.2
19

28
.2

84
26

.1
99

26
.2

13
25

.1
85

23
.1

66
30

.5
51

29
.4

99
31

.7
46

12
 m

on
th

s
32

.5
56

46
.0

55
38

.8
51

34
.7

04
35

.5
33

37
.0

11
45

.9
53

40
.2

65
38

.2
99

36
.4

64
34

.5
23

69
.5

58
46

.8
86

47
.1

69

D
ep

en
de

nt
 v

ar
ia

bl
e:

 E
M

PL

H
or

iz
on

T
SR

V
T

S
G

O
V

10
Y

E
PU

M
PU

V
IX

M
U

G
E

O
P

B
A

A
H

ST
A

R
T

S
SP

50
0

M
U

LT
I

M
U

LT
I–

T
S

M
U

LT
I–

T
S–

T
SR

V

1 m
on

th
3.

68
2

2.
79

0
2.

97
7

3.
32

6
3.

50
4

3.
63

9
2.

71
7

2.
83

5
2.

77
8

2.
98

2
3.

43
7

5.
24

8
5.

06
1

5.
24

9

3 m
on

th
s

6.
32

3
6.

56
5

6.
40

4
6.

36
1

5.
86

0
5.

54
4

6.
06

9
6.

14
4

5.
83

7
6.

01
8

5.
86

9
11

.7
78

11
.3

87
11

.9
21

6 m
on

th
s

9.
56

4
11

.5
72

11
.5

17
10

.1
21

9.
47

5
8.

68
5

10
.5

63
10

.1
87

9.
90

1
9.

75
6

9.
54

4
18

.5
57

17
.7

96
18

.0
83

12
 m

on
th

s
15

.4
26

21
.8

03
20

.2
60

18
.2

64
15

.8
82

15
.0

42
19

.5
28

18
.8

07
17

.0
60

14
.9

79
15

.7
95

33
.7

98
36

.4
70

37
.5

66

N
ot

e:
 T

hi
s t

ab
le

 re
po

rt
s t

he
 o

ut
-o

f-s
am

pl
e 

m
ea

n 
ab

so
lu

te
 fo

re
ca

st
 e

rr
or

s (
M

A
FE

s)
 w

he
n 

fo
re

ca
st

in
g 

in
du

st
ri

al
 p

ro
du

ct
io

n 
(I

PI
) a

nd
 e

m
pl

oy
m

en
t (

EM
PL

) g
ro

w
th

 a
t 1

-, 
3-

, 6
-, 

an
d 

12
-m

on
th

 h
or

iz
on

s.
 P

an
el

 A
 re

po
rt

s t
he

 re
su

lts
 b

as
ed

 
on

 a
 re

cu
rs

iv
e 

es
tim

at
io

n 
w

in
do

w
, w

he
re

as
 P

an
el

 B
 re

po
rt

s t
he

 re
su

lts
 b

as
ed

 o
n 

a 
ro

lli
ng

 e
st

im
at

io
n 

w
in

do
w

. T
he

 ta
bl

e 
co

nt
ai

ns
 th

e 
M

A
FE

s o
f a

 n
um

be
r o

f b
iv

ar
ia

te
 m

od
el

s,
 u

si
ng

 e
st

ab
lis

he
d 

in
di

ca
to

rs
 o

f e
co

no
m

ic
 a

ct
iv

ity
 a

s t
he

 
m

ai
n 

pr
ed

ic
to

r (
C

ol
um

ns
 1

–1
1)

, a
lo

ng
si

de
 o

ur
 m

ul
tiv

ar
ia

te
 se

tt
in

gs
 (C

ol
um

ns
 1

2–
14

). 
Th

e 
m

od
el

s M
U

LT
I, 

M
U

LT
I–

TS
, a

nd
 M

U
LT

I–
TS

–T
SR

V 
re

pr
es

en
t g

ra
du

al
ly

 re
du

ce
d 

m
ul

tiv
ar

ia
te

 fo
re

ca
st

in
g 

m
od

el
s.

 1099131x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/for.70132 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [16/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



19Journal of Forecasting, 2026

Additionally, we re-estimate the real-time forecasting exercise 
using a different window setting, that is, a 60-month (5-year) 
window, to ensure that our main findings are not influenced 
by the out-of-sample setting characteristics. As shown in 
Table 12, the results of the out-of-sample analysis are similar 
when using a different initial estimation window. In this way, 
we show that the out-of-sample predictability of the TSRV 
factor does not depend on the choice of the initial time-series 
window. Moreover, in addition to the MSFE, we estimate the 

MAFE to evaluate model performance. The relevant results, 
reported in Table 13, show that our conclusions regarding the 
out-of-sample forecasting power of TSRV remain unaltered 
when using the MAFE instead of the MSFE as our forecasting 
power metric.

We additionally provide further econometric evidence showing 
the increased forecasting power of TSRV during the post-crisis 
period. In more detail, we estimate the same multivariate models 

TABLE 14    |    Forecasting OLS regression models on US industrial production growth (IPI) while controlling for the post-crisis period.

ln
(

IPIt+h∕IPIt
)

=b0+b1ln
(

IPIt∕IPIt−1
)

+b2INFLt+b3GOV10Yt

+b4BAAt+b5ln
(

HSTARTSt∕HSTARTSt−1
)

+
(

b6+d6
)

TSt+
(

b7+d7
)

TSRVt

+b8ln
(

SP500t∕SP500t−1
)

+b9VIXt+b10lnMPUt+�t

Horizon (h) h = 1 h = 3 h = 6 h = 12

Constant Coef. −0.001 −0.002 −0.003 −0.003

t-stat (−0.15) (−0.22) (−0.20) (−0.13)

IPI Coef. −0.364*** −0.329*** −0.385*** −0.078

t-stat (−5.16) (−4.60) (−5.21) (−0.79)

INFL Coef. 0.008 −0.126 −0.409* −1.130**

t-stat (0.11) (−0.94) (−1.80) (−2.22)

GOV10Y Coef. 0.091 0.123 0.190 0.449

t-stat (1.05) (0.81) (0.91) (1.30)

BAA Coef. 0.003 −0.016 −0.031 −0.034

t-stat (0.53) (−1.04) (−1.55) (−1.06)

HSTARTS Coef. 0.038** −0.029 −0.009 0.009

t-stat (2.28) (−0.90) (−0.43) (0.29)

TS Coef. 0.09 0.362*** 0.570*** 1.144***

t-stat (1.13) (2.87) (3.21) (3.36)

TS-Post Coef. 0.085 −0.07 −0.183 −0.542

t-stat (0.53) (−0.29) (−0.50) (−0.98)

TSRV Coef. 0.246 −2.775 −3.863 −8.296

t-stat (0.15) (−1.37) (−1.20) (−1.61)

TSRV-Post Coef. −7.027 −6.736* −13.72*** −5.187

t-stat (−1.51) (−1.94) (−3.10) (−0.70)

SP500 Coef. 0.0430 0.117*** 0.104*** 0.0912***

t-stat (1.40) (4.96) (4.98) (3.44)

VIX Coef. 0.0001 0.002* 0.004** 0.005*

t-stat (0.17) (1.66) (2.25) (1.68)

MPU Coef. −0.00003 −0.00002 0.00004 0.0001

t-stat (−1.59) (−0.72) (1.03) (1.43)

% adj. R2 18.6 22.4 27.6 30.8

Note: Reported t-statistics are corrected for autocorrelation and heteroscedasticity using the Newey–West (1987) estimator.
*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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discussed in Section  3.1 (Equation  2), introducing a dummy 
variable for the post-crisis period, which interacts with both the 
TSRV and TS factors. The results from Tables 14 and 15 further 
support our argument, as they show that the TSRV coefficients 
become more negative (and significant) when controlling for the 
crisis period. Similarly, we perform a Bayesian forecast com-
bination approach (see Koop and Korobilis  2012) for US eco-
nomic activity and show that the statistical significance of TSRV 

increases significantly after the 2008 GFC period, confirming 
our previous out-of-sample exercise.10

Furthermore, we present in the Supporting Information the 
time-varying beta coefficients for TSRV and TS (similarly to those 
shown in Figures 1 and 2) for the 12-month forecasting horizon. 
The results presented in Figures A1 and A2 of the Supporting 
Information show that the macroeconomic forecasting power of 

TABLE 15    |    Forecasting OLS regression models on US employment growth (EMPL) while controlling for the post-crisis period.

ln
(

EMPLt+h∕EMPLt
)

=b0+b1ln
(

EMPLt∕EMPLt−1
)

+b2INFLt+b3GOV10Yt

+b4BAAt+b5ln
(

HSTARTSt∕HSTARTSt−1
)

+
(

b6+d6
)

TSt+
(

b7+d7
)

TSRVt

+b8ln
(

SP500t∕SP500t−1
)

+b9VIXt+b10lnMPUt+�t

Horizon (h) h = 1 h = 3 h = 6 h = 12

Constant Coef. 0.000876 0.00247 0.00493 0.00629

t-stat (0.32) (0.35) (0.46) (0.40)

IPI Coef. −0.0212 −0.142 −0.343* −0.402**

t-stat (−0.19) (−0.79) (−1.66) (−2.21)

INFL Coef. 0.0410* 0.0241 0.0252 −0.147

t-stat (1.66) (0.40) (0.24) (−0.94)

GOV10Y Coef. −0.00582 −0.0515 −0.0969 −0.0940

t-stat (−0.12) (−0.46) (−0.60) (−0.42)

BAA Coef. 0.000119 −0.00458 −0.00776 −0.0116

t-stat (0.04) (−0.57) (−0.65) (−0.56)

HSTARTS Coef. 0.0148* −0.0183 −0.0122 0.00697

t-stat (1.74) (−1.00) (−0.79) (0.55)

TS Coef. 0.0191 0.112 0.230** 0.534***

t-stat (1.05) (1.61) (2.32) (2.86)

TS-Post Coef. 0.0306 −0.0329 −0.119 −0.228

t-stat (0.31) (−0.19) (−0.51) (−0.63)

TSRV Coef. 0.0323 0.0268 −1.280 −1.069

t-stat (0.04) (0.02) (−0.82) (−0.38)

TSRV-Post Coef. −3.814 −5.857 −7.542* −7.758*

t-stat (−0.94) (−1.45) (−1.96) (−1.79)

SP500 Coef. 0.0334 0.0338** 0.0286*** 0.0480***

t-stat (1.46) (2.33) (3.11) (4.20)

VIX Coef. 0.000113 0.000621 0.00104 0.00203

t-stat (0.76) (1.21) (1.21) (1.22)

MPU Coef. −0.0000133 −0.000000462 0.00000830 0.00000949

t-stat (−0.96) (−0.03) (0.41) (0.29)

% adj. R2 13 8.66 11.3 24.4

Note: Reported t-statistics are corrected for autocorrelation and heteroscedasticity using the Newey–West (1987) estimator.
*, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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TSRV is similar for medium-term (6-month) and long-term (12-
month) forecasting horizons.

Moreover, we conduct another robustness check regarding 
the estimated realized volatility measure of the term spread. 
Specifically, we estimate the TSRV as the realized volatility of 
the difference between the 10-year and 1-year Treasury yields 
(instead of the difference between the 10-year Treasury yield 
and the 3-month Treasury bill rate). This robustness check 
ensures that the predictive power of the term spread volatility 
for economic activity is not sensitive to the specific definition 
of the term spread. We thus re-estimate Equation  (2), replac-
ing TSRV with the 10-year minus 1-year term spread volatility 
(TenOneRV, henceforth). The results reported in the Supporting 
Information (Tables  A1–A3) are consistent with our baseline 
findings, confirming that the evidence on the forecasting power 
of term spread volatility is robust to alternative definitions of the 
term spread.

In order to examine whether the TSRV contains statistically 
and economically distinct information beyond that of long-
term yield volatility (see Cremers et al. 2021, among others), we 
estimate our baseline forecasting regression models while con-
trolling for the predictive content of long-term yield volatility 
(LongRV). In particular, we re-estimate a multivariate model 
(as shown in Equation 2) that also includes the LongRV factor 
in the right-hand side of the regression equation. In addition, 
we conduct our analysis in an out-of-sample setting. To do this, 
we estimate a trivariate model with TSRV and LongRV, along 
with the relevant measure of economic activity, in the pseudo–
real-time forecasting exercise, and we plot the corresponding 
time-varying beta coefficients of TSRV and LongRV, similar to 
those in Figures 1 and 2. The results are reported in Tables A4–
A6 (in-sample regressions) and in Table A7 and Figures A3–A6 
(out-of-sample exercise) of the Supporting Information. We can 
observe that including the long-term yield does not affect the 
predictive power of the TSRV. More specifically, Figures A3–
A6 show that the TSRV yields a statistically significant coeffi-
cient for most of the sample period, whereas LongRV fails to do 
so, especially in the case of industrial production growth.

5   |   Conclusions

Our study demonstrates that term spread volatility (TSRV), de-
fined as the monthly realized variance of the daily term spread, 
is a more robust and consistent predictor of US economic activ-
ity than the term spread (TS). The term spread is defined as the 
difference between the 10-year Treasury note and the 3-month 
Treasury bill. The predictive power of TSRV is stronger at medi-
um- and long-term forecasting horizons and remains robust even 
when well-established predictors of economic activity, such as the 
term spread and stock market returns, are included. The results 
also show that TSRV has statistically and economically significant 
predictive power, distinct from other measures of economic un-
certainty. Moreover, although the predictive power of TS fluctu-
ates across different periods, particularly before the 2008 financial 
crisis and after the dot-com bubble, TSRV consistently exhibits 
stronger predictive ability across various time horizons. The time-
varying beta and R2 coefficients further confirm that TSRV is a 

valuable tool for forecasting economic activity, especially during 
periods of heightened uncertainty. These findings provide new in-
sights into the role of yield curve volatility in economic forecasting 
and suggest that TSRV offers unique and more reliable informa-
tion for predicting economic downturns, making it a valuable in-
dicator for policymakers and market participants.
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Endnotes

	 1	Specifically, we include the rate of the 3-month US Treasury bill 
instead of the 10-year government bond rate and the Baa corporate 
bond spread, as well as the EPU index instead of the MPU index. 
We do not include these two variables in the main multivariate 
model due to their high degree of correlation with the rest of the 
variables. Moreover, for the purpose of robustness check, we esti-
mate our multivariate model by also including the macroeconomic 
uncertainty (MU) index of Jurado et al. (2015) and the geopolitical 
risk (GEOP) index of Caldara and Iacoviello (2022), and our results 
remained unaltered. These additional results are available upon 
request.

	 2	We also perform the same rolling and recursive window forecasting set-
tings with a spectrum of initial windows starting from 60 to 120 months. 
The results based on these alternative windows are qualitatively sim-
ilar. The estimates based on the 60-month window can be found in 
Section 4.3, whereas the additional results are available upon request.

	 3	In the rolling window setting, we follow the empirical approach of 
Pesaran and Timmermann  (2007) and Schrimpf and Wang  (2010). 
Namely, we estimate an average forecast across multiple selected 
forecasting windows, named “pooled forecast” in Schrimpf and 
Wang (2010). In Section 4.3, we also perform a rolling setting using a 
60-month window. The results remain qualitatively the same as those 
from the “pool forecast” approach.

	 4	Furthermore, we have employed the model confidence set (MCS) test 
(Hansen et al. 2011) to identify which of the set of models is statisti-
cally equivalent in predictive ability, assessing whether differences 
in forecast accuracy are significant or due to random variation. The 
results based on the MCS test are available from the authors upon 
request.

	 5	We have thus estimated our main multivariate models without these 
correlated regressors, and then, in Section 4.3, we examine alterna-
tive specifications using the alternative variables, and the results re-
main unaltered. These additional results are available upon request.
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	 6	The DM test evaluates whether the forecasts from one model are sta-
tistically significantly different (and potentially better) than those 
from an alternative model. In this case, we compare two competing 
forecasting models by examining their forecast errors. Specifically, 
we report the DM test results for the bivariate model with the TSRV 
factor versus the model with the TS factor to assess whether the for-
mer performs better than the latter.

	 7	The CW test is a modified version of the DM test, specifically designed 
for comparing forecasts from nested models. It allows for comparison 
between a parsimonious null model and a larger model that nests the 
null. The test explicitly adjusts for the bias introduced by estimating 
additional parameters in the extended model relative to the restricted 
model.

	 8	Finally, we have also performed the MCS test of Hansen et al. (2011) 
to check which models are excluded by the MCS test at the 5% signifi-
cance level. The results based on this test confirm the main evidence 
provided by the DM and CW tests and are available from the authors 
upon request.

	 9	For brevity, we present the plots of the time-varying TSRV and TS 
coefficients based on the 6-month ahead forecasts, which are the 
two main predictive factors we aim to compare. The reported coef-
ficients are estimated using a recursive forecasting method. In our 
Supporting Information, we also provide the time-varying coeffi-
cients for the 12-month ahead forecasting horizons. More details can 
be found in Section 4.3.

	10	The results based on the Bayesian forecast combination approach are 
available from the authors upon request.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Table A1: Forecasting OLS regression 
models on US industrial production growth (IPI) when controlling for 
macroeconomic fundamentals (alternative measure of term spread). 
Table  A2: Forecasting OLS regression models on US employment 
growth (EMPL) when controlling for macroeconomic fundamentals 
(alternative measure of term spread). Table A3: Forecasting the prob-
ability of NBER recession when controlling for macroeconomic funda-
mentals (alternative measure of term spread). Table  A4: Forecasting 
OLS regression models on US industrial production growth (IPI) when 
controlling for macroeconomic fundamentals (including the volatility 
of long-term yield). Table A5: Forecasting OLS regression models on 
US employment growth (EMPL) when controlling for macroeconomic 
fundamentals (including the volatility of long-term yield). Table  A6: 
Forecasting the probability of NBER recession when controlling for 
macroeconomic fundamentals (including the volatility of long-term 
yield. Table  A7: Out-of-sample results for TSRV and LongRV (Mean 
Squared Forecast Errors). Figure  A1: Estimated beta of TSRV when 
forecasting economic activity twelve months ahead. Figure  A2: 
Estimated beta of TS when forecasting economic activity twelve months 
ahead. Figure A3: Estimated beta of TSRV when forecasting economic 
activity six months ahead (based on the trivariate model with TSRV and 
LongRV). Figure A4: Estimated beta of LongRV when forecasting eco-
nomic activity six months ahead (based on the trivariate model with 
TSRV and LongRV). Figure  A5: Estimated beta of TSRV when fore-
casting economic activity twelve months ahead (based on the trivariate 
model with TSRV and LongRV). Figure A6: Estimated beta of LongRV 
when forecasting economic activity twelve months ahead (based on the 
trivariate model with TSRV and LongRV). 
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