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Abstract

This study examines the predictability of the Japanese recession using data
from Japanese government bonds and stock markets. It uses a probit model
to estimate Japan’s recession probability. The ratio between the expected
and current short-term interest rates and the term premium, the two factors
comprising the yield spread, with each containing independent information ex-
plaining future recessions. This research also demonstrates that stock market
information can be used to predict recessions when interest rates are con-
strained by a lower bound. In particular, this study demonstrates that, in
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Japanese stock market capitalization can help predict Japanese economic re-
cessions.
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1 Introduction

Many researchers have compiled studies on the predictability of future recessions

using financial market information. After the 1980s, several studies have reported

the yield spread’s usefulness in forecasting future consumption, inflation, output,

and recession in the United States. For example, Harvey (1988) reported1 that the

real yield spread is related to real consumption growth at 2 or 3 quarters ahead in the

subperiod from January 1972 to January 1987 in U.S. data. Estrella and Hardouvelis

(1991) analyzed whether yield spreads have explanatory power for individual private

sector components of real economic activity in the United States. According to

their findings, yield spreads have explanatory power for the majority of economic

activity components: consumption, consumer durables, and investment. Compared

to those components, the yield spread’s explanatory power for government spending

is limited. Meanwhile, Estrella and Mishkin (1997) investigated the relationship

between future real economic and inflation rates and yield spreads in European

countries2 in addition to the United States. Their research employed models that

incorporated yield spreads and other financial variables.3 The explanatory power

of the other financial variables varies by country, but they found that yield spreads

have independent information in predicting real economic growth in most countries.

The pure expectations hypothesis easily explains the background behind the

usefulness of yield spreads for predicting future recessions. It posits that long-term

interest rates can be considered as the average of the expected value of short-term

interest rates from the present to the future. Therefore, the yield spread (i.e., the

difference between long- and short-term interest rates) can therefore be viewed as the

expected value of future short-term interest rates. Additionally, in accordance with

1Harvey (1988) demonstrated that the real yield spread has nonsignificant explanatory power
for real consumption growth.

2Moneta (2005) analyzed the relationship between yield spreads and recession probabilities for
eurozone countries using various definitions of yield spreads.

3Estrella and Mishkin (1997) predicted future changes in real GDP using the central bank rate,
the real central bank rate, the short-term government rate, M0, M1, or M2, in addition to the
yield spread.
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the Taylor rule (Taylor, 1993; Woodford, 2001, Orphanides, 2001), the yield spread

can be regarded as containing information about future inflation and the future

GDP gap because short-term interest rates can be explained by the inflation rate

and the GDP gap. Therefore, the relevance of the yield spread to future economic

trends, inflation rates, or business cycles is theoretically valid.

A probit model was used by Estrella and Hardouvelis (1991), Estrella and Mishkin

(1997), Estrella and Mishkin (1998), Bernard and Gerlach (1998), Moneta (2005),

and Erdogan et al. (2015) to examine the relationship between the yield spread

and the probability of a future recession. Their empirical findings indicate that the

yield spread can be used to forecast a future recession. Furthermore, Estrella (2005)

discussed the theoretical foundations of yield spreads’ usefulness in predicting re-

cessions. The estimation of recession probabilities has been applied to various other

areas in addition to analyzing business cycle fluctuations.4

Thus, many previous studies have focused on forecasting future inflation rates,

(real) economic growth, or recession probability in the United States or Europe,

whereas only a few studies have investigated forecasting the Japanese recession.

Therefore, this study uses data from the financial markets to forecast future Japanese

recession. The yield spread has been shown in prior studies to be useful in predict-

ing future recessions in the United States; as this paper will demonstrate later, the

yield spread lags in Japan also have explanatory power for business cycle fluctua-

tions when using quarterly data, but the usefulness of the model decreases during

periods of low interest rates. Additionally, prior research (Okimoto and Takaoka,

2017) has shown that yield spreads have weak explanatory power5 for the business

cycle fluctuations. One of the main causes of this is that yields on Japanese govern-

ment bonds have remained low for a long time and the yields, including long-term

maturity, have fluctuated little since the Bank of Japan implemented its zero interest

4Ang and Smedema (2011) used the recession probability estimated from the yield spread as a
proxy for the recession prospects of firm managers.

5Nakaota (2005) showed that the yield spreads have no explanatory power for the industrial
production growth in Japan.
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rate policy in February 1999.

This study considers using stock market data in addition to government bond

yields to forecast recessions in Japan to overcome this issue. According to Erdogan

et al. (2015), the market capitalization and trading volume of the U.S. stock markets

provide information that can be used to forecast a future recession in the country.

Following the research, this study employs the market capitalization and trading

volume of the Japanese stock market, as well as information from the Japanese

government bond markets, to predict Japan’s future recession. Why is stock mar-

ket data regarded as important in forecasting future recessions? Fama (1990) and

Schwert (1990) reported the link between stock market information and economic

activity. Meanwhile, Nyberg (2010) showed that apart from yield spreads, stock

return lags can be used to predict recessions. Moreover, Farmer (2015) specified

that the U.S. stock market contains information explaining the variation in the un-

employment rate. In theory, stock prices are determined by a firm’s future free cash

flow and dividends. Furthermore, stock prices are cyclical, with market capitaliza-

tion falling during recessions. In other words, market capitalization peaks before a

recession. In particular, Japan has had a long period of low interest rate policy, and

the independent information that interest rates is thought to be limited due to the

bond market’s low volatility. Therefore, this study aims to improve the predictions

of future recessions in Japan by adding stock market information to the model.

This study analyzes the relationship between the yield spread and recession prob-

ability using the following models: a spread-only model as a baseline model, a model

that decomposes the yield spread into expected future interest rates and term pre-

miums, and a model that adds information on the Japanese stock market’s trading

volume and market capitalization to that model. Many studies analyzing U.S. reces-

sions have used the benchmark model (Estrella and Hardouvelis, 1991; Bernard and

Gerlach, 1998). Additionally, Hamilton and Kim (2002) showed that the spread can

be divided into the expected future short-term interest rate relative to the current
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short-term interest rate and the term premium. Based on this concept, this paper

predicts a Japanese recession using a model that decomposes the spread. Finally,

this paper shows that incorporating stock market information into a model that

decomposes the spread, referred to as an extended model in this study, improves

recession predictions.

The remainder of this paper is organized as follows. Section 2 depicts the models

used to forecast Japan’s future recession. Section 3 shows the in-sample prediction

and out-of-sample forecasting of future recession in Japan for each model. Section

4 discusses the findings. Finally, Section 5 concludes the paper.

2 Material and methods

2.1 Decomposed yield spread model

This section begins to establish the baseline model to predict the future recession

in-sample-fit. Like previous studies (Estrella and Hardouvelis, 1991; Estrella and

Mishkin, 1997; Estrella and Mishkin, 1998; Bernard and Gerlach, 1998; Moneta,

2005; Erdogan et al., 2015),6 the present study also employs a probit model to

construct the relationship between the recession and yield spread. This study utilizes

the following static probit model to investigate the predictability of recessions:

P (Xt = 1) = Φ (αBS,j + βSPREAD,j × SPREADt−j) , (1)

where Xt is a dummy variable representing economic recession and expansion. Xt =

1 when the economy is in recession at time t, and Φ(.) is cumulative standard density

function. During the expansion period, Xt = 0 is taken. This study employs the

recession dates that are published by the Cabinet Office of Japan.7 j denotes the

time lag. In this paper, the time frequency is an end of a quarter because the GDP

information is incorporated into the model constructed in the following section. In

this paper, Equation (1) is defined as a baseline model. This study computes the

6The dynamic probit models were used by Kauppi and Saikkonen (2008) and Nyberg (2010).
7Data are available from the Cabinet Office website (https://www.esri.cao.go.jp/jp/stat/di/hiduke.html).
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SPREAD8 as the difference between the yield to maturity9 of Japanese government

bonds (JGBs) with 10- and 1-year maturity terms. This model’s sample period

is from 1994:Q2 to 2012:Q1. As demonstrated by Hamilton and Kim (2002), the

SPREAD can be broken down into the future expected short-term interest rate and

the term premium. Let i10t and i1t denote the 10-year interest rate (i.e., the long-

term interest rate) and the 1-year interest rate (i.e., the short-term interest rate),

respectively. Figure 1 depicts the recessionary periods and dynamics of short- and

long-term interest rates. Short- and long-term interest rates have been declining

since Japan’s asset bubble burst in 1990s. Furthermore, with the exception of mid-

2000, short-term interest rates have remained at an extremely low level since the

Bank of Japan adopted a zero interest rate policy in 1999.

The frequency of the yield data is quarterly, and the sample period10 extends

from 1994:Q2 to 2012:Q1. The three recession periods analyzed are from 1997:Q3

to 1999:Q1, from 2001:Q1 to 2002:Q1, and from 2008:Q2 to 2009:Q1. Here, the

long-term interest rate with a time-varying term premium TPt can be defined as

follows:

i10t =
1

40

39∑
k=0

Eti
1
t+k + TPt, (2)

where
∑39

k=0Eti
1
t+k denotes the average of the market expectation of the short-term

interest rate,11 and TPt is the term premium, which includes a liquidity premium

8Erdogan et al. (2015) employed SPREAD calculated from the difference between 10-year
Treasury bonds and 3-month Treasury bills, but because Japan’s Ministry of Finance (MOF) only
publishes yield data for 1-year maturities, the 10-year and 1-year yields were used in this study.
Furthermore, for the analysis’ reproducibility, this paper relies on data published by MOF rather
than fee-based databases like Bloomberg or Refinitiv EIKON. The data can be found on the MOF
website (https://www.mof.go.jp/jgbs/reference/interest˙rate/index.htm).

9Although it is preferable to assess the spot rate, this study instead used the yield to maturity
due to convenience. During the preliminary analysis, the results did not change regardless of
whether spot rates or the yield to maturity were used for the analysis.

10We need to use data up to 9 years ahead to calculate the term premium. Following that, the
sample period for models estimated using term premiums will be the same.

11The pure expectations hypothesis posits that a long-term spot interest rate is an average of
short-term forward rates.

5



Note: Figure 1 depicts the dynamics of the short- and long-term yields. The short-term (the solid
line) and long-term (the dashed line) yields represent the yields on 1-year and 10-year Japanese
government bonds, respectively. The shadow areas in the figure represent Japan’s recessionary
periods.

Figure 1: The time-series of the short-term interest rate and long-term interest rate
in JGB markets.

as well as a risk premium. Using Equation (2), we can rewrite SPREAD as follows:

SPREADt =

(
1

40

39∑
k=0

Eti
1
t+k − i1t

)
+

(
i10t − 1

40

39∑
k=0

Eti
1
t+k

)
, (3)

where SPREADt = i10t − i1t . The first term of the right-hand side in Equation (3) is

the difference between the expected short-term interest rate over the next 40-quarter

period and the current rate (hereafter, Expected), and the second term is the term

premium12 (hereafter, TP). Fig. 2 shows the recession periods, Expected, and TP

from 1994:Q2 to 2012:Q1.

The shadow parts in Fig. 2 depict Japan’s economic downturns during those

times. The solid, dashed, and dotted lines represent the time-series of the Expected,

TP, and SPREAD terms, respectively. Particularly, the declining term premium

during recessionary times demonstrates the flight-to-quality (Longstaff, 2004; Bansal

et al., 2014; Asgharian et al., 2015). Investors favor government bonds over risky

12According to the liquidity premium hypothesis, investors will demand excess returns on long-
term bonds because they cannot sell them at favorable prices, and finding buyers is more difficult
than selling short-term bonds.
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Note: Fig. 2 shows the recession periods and the dynamics of the expected short-term interest
rate and the term premium. The shadow parts in the figure indicate the recession periods in
Japan. The solid, dashed, and dotted lines indicate the variations of the expected short-term
interest rate, term premium, and the yield spread in Japanese government bond markets,
respectively.

Figure 2: Recession periods, the expected short-term interest rate, and the term
premium.

investments in the economic recession.

This study uses Hamilton and Kim’s (2002) framework13 to predict a recession.

Substituting Equation (3) for Equation (1), we can extend Equation (1) to Equation

(4) under the rational expectations hypothesis:

(4)

P (Xt = 1) = Φ

[
αDP,j + βExpected,j ×

(
1

40

39∑
k=0

i1t+k−j − i1t−j

)

+ βTP,j ×

(
i10t−j −

1

40

39∑
k=0

i1t+k−j

)]
.

In this paper, Equation (4) is defined as a decomposed model. Ordinarily, a decrease

in the yield spread indicates a coming recession. Such decrease in yield spread is

caused by two possibilities: (1) a decrease in expected future short-term interest

rates, or (2) a decrease in the risk premium of holding a long-term bond. The

former is caused by market participants’ expectation that the central bank will

13Nakaoka (2005) applies this framework to explain fluctuations in Japanese economic activity
(industrial production index).
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raise short-term interest rates. The latter is caused by investor behaviors, such as

rebalancing their portfolio to risk-free long-term government bonds from risk assets,

particularly equity, if the investor anticipates a future recession. The parameters of

Equation (4) are the generalized representation. Strictly speaking, βExpected = βTP

should hold.

2.2 Macro-liquidity and macro-depth model

Thus far, the discussion has centered on the recession and yield spread. Nevertheless,

according to Erdogan et al. (2015), it is reasonable to assume that not only interest

rate market information but also stock market information is useful for forecasting

recessions. Therefore, this study extends Equation (4) to a model that incorporates

market liquidity and market depth for the Japanese stock market.

Following (Erdogan et al., 2015), this study extends Equation (4) to models

incorporating macro-depth (MD)14 and macro-liquidity deviation (MLD). However,

as analyzed by Hamilton and Kim (2002), the previous study (Erdogan et al., 2015)

does not separate the SPREAD term into its two components: Expected and TP.

This study defines the MD and the macro-liquidity (ML) as the ratio of Tokyo Stock

Exchange’s first section15 market capitalization to Japan’s nominal GDP16 and the

ratio of Tokyo Stock Exchange first section’s quarterly trading volume17 to Japan’s

nominal GDP.

The recession periods and dynamics of the ML and MD from 1994:Q1 to 2012:Q1

are depicted in Fig. 3. The solid and dashed lines represent the ML and MD,

respectively. During recessionary periods, MD decreases as investors shun risky

assets, and flight-to-quality ensues. In addition to these results, the MD tends

14Erdogan et al. (2015) defined the ML and MD as the ratio of NYSE market capitalization
to nominal GDP in the United States and the ratio of NYSE quarterly trading volume to the US
nominal GDP.

15After April 2022, Tokyo Stock Exchange reorganized the market classification.
16The series is the seasonally adjusted nominal GDP in Japanese yen.
17Japan Exchange Group (JPX) publishes data on the trading volume and market capital-

ization of the Tokyo Stock Exchange 1st section. Data are available on the JPX website
(https://www.jpx.co.jp/markets/statistics-equities/misc/index.html).
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to peak just prior to a recessionary period. Meanwhile, the ML rises during an

economic downturn. Due to a decline in stock market capitalization, the amount

of equity available for purchase per unit of GDP rises during a recession. The ML

reflects such a situation.

Many previous studies have demonstrated the usefulness of the stock market

information in predicting a recession. Estrella and Mishkin (1998) demonstrated

the usefulness of the New York Stock Exchange (NYSE) composite index for both

in-sample-fit prediction and out-of-sample forecasting of the U.S. recession. They

concluded that the stock price provides additional information that does not include

the yield spread for recession prediction. In particular, they claimed that the pre-

dictability of the recession can be improved by incorporating GDP into the yield

spread and the NYSE composite index. Næs et al. (2011) reported that the business

cycle and liquidity are related. Along with these studies, Fama (1990) and Schwert

(1990)18 also offered proof of the connection between the stock markets and actual

economic activity.

Following Erdogan et al. (2015), this study estimates the MLD as the first

difference of the model’s residuals:

MLt = γ0 + γ1 ×MDt + ut. (5)

The following is the extended model:

(6)P (Xt = 1) = Φ [αEX + βExpected,l + βTP,l × TPt−l + βDMD,l ×DMDt−l

+ βMLD,l ×MLDt−l] ,

where Expectedt−l = 1
40

∑39
k=0Eti

1
t+k−i1t and TPt−l = i10t − 1

40

∑39
k=0Eti

1
t+k. l denotes

the time lag. DMD˙t is the first difference of MD. MLD is a cyclical variable that is

closely related to recessions. If the stock market capitalization is high in comparison

to the level of trading volume, the stock market capitalization will eventually fall to

an appropriate level.

18Their study employed United States data.
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Note: Fig. 3 shows the recession periods and the dynamics of the macro-liquidity and the
macro-depth. The shadow parts in the figure indicate the recession periods in Japan. The solid
line and the dashed line indicate the variations of the macro-liquidity and the macro-depth in
Japanese stock markets.

Figure 3: Recession periods and the dynamics of the macro-liquidity and the
macro-depth.

Table 1 shows the descriptive statistics of each variable, the short-term interest

rate, long-term interest rate, yield spread (SPREAD), Expected, TP, DMD, and

MLD. The sample period spans the periods 1994:Q2–2012:Q1. Table 1 shows that

the maximum value of Expected is 0.24, indicating that it has been at a low level

for a long time. As shown in Table 1, the variation in the term premium is greater

when comparing the standard deviation of the Expected and the TP.

3 Results

3.1 Results of in-sample-fit

This section demonstrates the estimation outcomes of Equations (1), (4), and (6).

These probit models are non-linear models, so this paper shows the pseudo-R2 pro-

posed by Estrella (1998). Pseudo-R2 is obtained as follows:

pseudo-R2 = 1 − logLu

logLc

−(2/T ) log(Lc)

, (7)
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Table 1: Descriptive statistics of each variable.

Mean Std. Dev. Min Max Obs
One-year 0.394 0.530 0.008 2.536 72
Ten-year 1.801 0.871 0.657 4.632 72
Spread 1.408 0.516 0.640 2.809 72

Expected −0.216 0.494 −2.169 0.240 72
TP 1.623 0.814 0.418 4.264 72

DMD −0.002 0.06 −0.207 0.161 72
MLD 1.23 × 10−6 9.69 × 10−6 −3.00 × 10−5 2.42 × 10−5 72

Note: Table 1 shows the descriptive statistics of each variable. 1-year and 10-year indicates the
Japanese government bond yields of 1-year and 10-year maturity. SPREAD indicates the
difference between the yields of 10-year maturity and 1-year maturity in Japanese government
bonds. Expected and TP indicate the future expected short-term interest rate and the term
premium in Equation (3). DMD is the first difference of MD. MLD is Macro-Liquidity-Deviation,
which is the first-order difference of the residuals calculated from Equation (5). Obs indicates the
number of observations of each variable.

where logLu is the log-likelihood of the models and logLc is the log-likelihood of

the constant only model. T indicates the size of the sample. However, pseudo-R2

does not consider the number of explanatory variables in the model. Therefore, to

compare the goodness of fit of models between models with different numbers of

explanatory variables, Equation (7) needs to be modified as follows:

Adjusted pseudo-R2 = 1 −
(
1 − ps.R2

) T − 1

T −K − 1
, (8)

where ps.R2 and K indicate the pseudo-R2 and the number of estimated parameters

in the model.

Table 2 displays the estimation result of Equation (1). In this study, lags from

the 1st to the 12th quarter were employed. The estimated parameters of the probit

models are not the marginal effects, although the sign is consistent with that of

marginal effects. As presented in Table 2, the yield spreads of JGB have explana-

tory power to the future recession from 7-quarters ahead to 11-quarters ahead at a

1% significance level. For the sample period of this study, the yield spreads have

independent information about future business cycle fluctuations.

As explained earlier, following Hamilton and Wu (2002), the spread can be de-

11



composed into two terms. The question of which factor is more important in ex-

plaining future business cycle fluctuations in Japan is critical. Table 3 shows the

estimation result of Equation (4). The model that decomposes the yield spread is

based on Expected and TP terms. Table 3 shows that Expected has explanatory

power for future recessions with a 7- to 11-quarter lag. Similarly, TP has explana-

tory power for future recessions. At a lag of 6 to 12 quarters, the term premium

parameter is statistically significant. These findings suggest that Expected and

TP contain information that can be used to explain future business cycle fluctua-

tions. The chi-squared value in Table 3 shows the Wald test of the null hypothesis,

βExpected = βTP . Except for the models of 8- and 9-quarter lags, we cannot reject

the null hypothesis. The largest value is the pseudo-R2 of the 8-quarter lags. Based

on the results of pseudo-R2, we will use an 8-quarter lag for Expected and TP in

the following analysis.

Next, the model is extended by incorporating DMD and MLD as stock market

information. This paper follows Erdogan et al. (2015) in defining MLD as the

difference of residuals in the regression model of Equation (5). Equation (9) is the

estimated result.

MLt = 6.82 × 10−6︸ ︷︷ ︸
standard error
(1.66×10−5)

+ 6.50 × 10−5︸ ︷︷ ︸
standard error
(2.46×10−5)∗∗∗

×MDt + ut, (9)

The explanatory power of MD in Equation (5) is statistically significant at 1%

significant level. The result shows that increasing MD by one unit increases ML by

6.50 × 10−5 times. Table 4 shows the results of Equation (6). The model employs

Expected and TP of an 8-quarter lag.
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Table 2: Predicting recession probability using yield spread-only model.

Lags αBS βSPREAD Pseudo-R2 Adjusted Number of
pseudo-R2 observations

1 0.256 −0.755** 0.05 0.02 71
(0.506) (0.362)

2 −0.130** −0.445 0.02 −0.01 70
(0.488) (0.336)

3 −0.596 0.096 0.00 −0.03 69
(0.478) (0.316)

4 −1.020** 0.205 0.01 −0.02 68
(0.492) (0.317)

5 −1.496*** 0.529* 0.04 0.01 67
(0.509) (0.321)

6 −1.945*** 0.824** 0.09 0.06 66
(0.540) (0.333)

7 −2.350*** 1.087*** 0.14 0.11 65
(0.555) (0.332)

8 −2.813*** 1.385*** 0.19 0.17 64
(0.555) (0.322)

9 −2.745*** 1.348*** 0.19 0.16 63
(0.552) (0.318)

10 -2.470*** 1.181*** 0.16 0.13 62
(0.573) (0.331)

11 −2.159*** 0.989*** 0.13 0.10 61
(0.560) (0.332)

12 −1.884*** 0.820** 0.09 0.06 60
(0.553) (0.334)

Note: Table 2 shows the estimation results of Equation
(1),P (Xt = 1) = Φ(α+ β × SPREADt−j). Using as instruments a constant and SPREADt−j ,
where SPREAD is the difference between 10-year Japanese government bond interest rate,i10t and
one-year Japanese government bond, i1t .j denotes a lag, and the time frequency is a quarterly in
the model. Pseudo-R2 proposed by Estrella (1998) is defined by

pseudo-R2 = 1 −
(

logLu

logLc

)−(2/T ) logLc

, where logLu is the log-likelihood of Equation (1) and

logLc is the log-likelihood of the constant only model. Adjusted pseudo-R2 is calculated as
1 −

(
1 − ps.R2

)
T−1

T−K−1 , where ps.R2 and K are the pseudo-R2 and the number of estimated
parameters, respectively. The values in the parenthesis are robust standard error. The asterisk,
***, **, * indicate the statistical significance level at 1%, 5%, and 10%, respectively.
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Table 4 shows that an increase in Expected and TP terms with an 8-quarter lag

predicts a future recession.19 Furthermore, DMD of a 1-quarter lag is statistically

significant in each model. Meanwhile, MLD is statistically significant only at an 8-

to 10-quarter lag. When the DMD has a 1-quarter lag, the pseudo-R2 is the greatest

in this model.

Fig. 4 depicts the in-sample-fit predictions of the baseline, decomposed, and

extended models. The baseline model is only an 8-quarter lag spread model. The

decomposed model is based on the Expected and the TP of an 8-quarter lag. Mean-

while, the extended model is built on the Expected and TP of an 8-quarter lag, the

DMD and MLD of a 1-quarter lag. This extended model has the largest adjusted

pseudo-R2 in Tables 2, 3, and 4. The solid, dashed, and dotted lines represent the

in-sample-fit prediction of these models, respectively. As illustrated in Fig. 4, the

extended model predicts a higher recession probability in the three recession periods

from 1997:Q3 to 1999:Q1, 2001:Q1 to 2002:Q1, and 2008:Q2 to 2009:Q1. Moreover,

Fig. 4 shows that by incorporating information from both the stock and bond

markets, we can build models that are more useful in predicting future economic

recessions in Japan.

3.2 Results of out-of-sample

In the preceding section, this study demonstrated the explanatory power to the

future recession in-sample-fit. Nonetheless, one of the concerns in economics and

financial economics is the out-of-sample forecasting of future recessions. This sub-

section shows the out-of-sample projections of the future recession for the base-

line, decomposed, and extended models. Using recursive rolling probit regression,

this study estimates a 1-quarter-ahead forecast. It first predicts the probability of

a recession in 2006:Q4 using data from 1994:Q2 to 2006:Q3. Subsequently, this

19Owing to space limitations, we did not present estimation results for the baseline model in
addition to DMD and MLD in the in-sample-fit analysis, although the estimation results were
consistent with the findings of this study. A later, out-of-sample analysis revealed the predicted
results of that model as an extended SPREAD model.
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Note: Fig. 4 shows in-sample-fit prediction of the three models from 1996:Q2 to 2012:Q1. The
solid, dashed, and dotted lines indicate the prediction of the baseline, decomposed, and extended
models, respectively. The shadow parts in the figure indicate the recession periods in Japan.

Figure 4: In-sample-fit forecast of the recession probability.

study predicts the probability of a recession in 2007:Q1 using data from 1994:Q2

to 2006:Q4. The recursive probit regression estimates a one-period out-of-sample

forecast based on the sample period preceding the forecast. The baseline model is

the only yield spread model with an 8-quarter lag:

P (Xt+1) = Φ [αSPREAD + βSPREAD × SPREADt−7] . (10)

The decomposed model is as follows:

P (Xt+1) = Φ [αDP + βExpected × Expectedt−7 + βTP × TPt−7] . (11)

Meanwhile, the extended model is as follows:

(12)P (Xt+1) = Φ [αMLD + βExpected × Expectedt−7 + βTP × TPt−7 + βDMD

×DMDt + βMLD ×MLDt] .

In the out-of-sample forecast, this study employs the 8-quarter lag of the Expected

and the TP, and the 1-quarter lag of DMD and MLD from the previous estimation

results.

However, these models are not strictly out-of-sample analysis because the Ex-

pected and TP are calculated based on the future realized interest rates. Therefore,
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Note: Fig. 5 shows the out-of-sample forecast of the recession probability in the models of
Equation (10), (11), (12), and (13). The forecast sample period is from 2006:Q4 to 2012:Q1. The
solid line indicates the forecast of the baseline model, and the dashed and the dotted lines
indicate the forecast of the decomposed, extended, and extended SPREAD models. The shadow
parts in Fig. 5 indicate the recession period.

Figure 5: Out-of-sample forecast of the recession probability.

to confirm the usefulness of the Japanese stock market information for recessions

in out-of-sample analysis, we also present the forecasting result for the following

model:

(13)P (Xt+1) = Φ [αEXS + βExpected × Expectedt−7 + βTP × TPt−7 + βDMD

×DMDt + βMLD ×MLDt] .

This model is defined as the extended SPREAD (EXS) model. The setting of this

model is similar to that of the model developed by Erdogan et al. (2015).

Figure 5 shows the results of out-of-sample recession forecasts for the baseline,

decomposed, extended, and extended SPREAD models. The solid, dashed, dotted,

and the dashed and dotted lines represent the forecasted line of the baseline, de-

composed, extended, and the extended SPREAD models, respectively. The periods

of forecast are from 2006:Q4 to 2012:Q1. The shadow part in Fig. 5 represents the

recession.

As shown in Fig. 5, the forecasted value of the extended and the extended

SPREAD models has more variation than both the baseline and the decomposed
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Table 5: Forecast errors and the forecast accuracy test

MSE RMSE p-value
Baseline model 0.160 0.400
Decomposed model 0.190 0.436 0.0996
Extended model 0.124 0.353 0.0292
Extended SPREAD 0.086 0.294 0.0097

Note: Table 5 shows the mean squared error and root mean squared error of the baseline,
decomposed, extended, and extended SPREAD models, as well as the p-value of Diebold and
Mariano’s (1995) test. The forecast period is 22 periods from 2006:Q4 to 2012:Q1. The extended
SPREAD (decomposed, extended) model’s forecast accuracy is assumed to be the same as the
baseline model, which is the null hypothesis.

models. In particular, the extended and the extended SPREAD models accurately

depict the recession during the global financial crisis (2007–2008). Subsequently, the

study employs Diebold and Mariano’s (1995) test to assess the forecasting accuracy

of the recession probability. The null hypothesis for the statistical test is that the

forecasting accuracy of the two models is equivalent.

Table 5 displays the MSE and the RMSE for the baseline, decomposed, extended,

and extended SPREAD models and Diebold and Mariano’s test statistics. Table 5

shows that the RMSE of the extended SPREAD model is lower than that of the other

models. Additionally, Diebold and Mariano’s (1995) test supports better forecasting

accuracy of the extended SPREAD model at the 1% statistical significance level.

Additionally, the test supports better forecasting accuracy of the extended model at

the 5% statistical significance level. Therefore, compared to the traditional spread-

only baseline model, these models incorporating stock market information is more

reliable for forecasting recessions.

4 Discussion

This section discusses the estimation results and interprets them in light of previ-

ous research findings. Previous research (Estrella and Hardouvelis, 1991; Estrella

and Mishkin, 1997; Estrella and Mishkin, 1998; Bernard and Gerlach, 1998; Mon-
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eta, 2005; Erdogan et al., 2015) found spreads to be useful in predicting recessions

probability. The major difference in the results from the previous study is that the

spread coefficient is positive in Table 2. In Japan, a larger yield spread, rather than

an inverse yield, is a predictor of an impending recession. This result suggests that

in Japan, the long-term interest rate plays a more important role than the short-

term interest rate in stimulating an economic recession. The work of Okimoto and

Takaoka (2017) is among the studies that forecast the Japanese business cycle. The

coincident index is used as a measure of the business cycle in their study. Their

findings reveal that term spreads20 are only useful for forecasting the business cycle

1 month ahead.21 Nakaoka (2005) also reports that yield spreads have no explana-

tory power for economic activity. However, this study, using quarterly data, reveals

that yield spread has explanatory power to recessions in the medium term.

By decomposing the spreads into their Expected and TP terms, this study inves-

tigates which factor is more useful in explaining a future recession. Fig. 3 illustrates

this trend. Hamilton and Kim (2002) used the Expected and TP obtained by de-

composing the spread to predict GDP growth; they discovered that these variables

exhibit explanatory power within an 8-quarter lag. These two variables are applied

to the recession probability model in this study. Table 3 shows that they have ex-

planatory power in predicting recessions with a lag between 7 and 11 quarters. A

positive coefficient of Expected indicates that a situation in which we expect rela-

tively more monetary accommodation than at present will reduce the probability of

a future recession. Furthermore, the results indicate that the recession probability

increases as the term premium increases and that increased risk in the government

bond market predicts a future recession.

Adding the Japanese stock market’s market capitalization and trading volume

per national income to the expected future short-term interest rate and term pre-

20The study defines the spread as the interest rate at 5-year maturity minus the interest rate at
1-year maturity.

21Ahrens (2002) demonstrated that yield spreads can be used to forecast recessions in Japan for
data up to December 1996.
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mium improves the explanatory power for future recessions. As DMD has explana-

tory power for future recessions, market capitalization contains more independent

information about future economic trends than trading volume. The results of this

study are theoretically valid because equity prices are determined from future corpo-

rate free cash flow or dividends. As shown in Fig. 3, market capitalization per GDP

tends to rise during boom periods, but it falls a few quarters before recessions. This

interpretation is supported by the estimation results in Table 4, which show that

an increase in DMD decreases the probability of a recession in the short run, but

it predicts a recession (increases the recession probability) in the long run. In this

study, MLD represents the change in the amount by which MD deviates from ML.

In other words, it measures the deviation of market capitalization relative to trading

volume. While MLD has explanatory power for recessions at 8- and 9-quarter lags,

Erdogan et al. (2015) found that MLD has explanatory power in the short run,

which contradicts our findings.

As shown in Table 4, the DMD parameters are negative, particularly for short-

term lags, which is consistent with Erdogan et al. (2015). The results of this study

are valid because increasing market capitalization is associated with a booming

economy, at least in the short-term. In addition, the recession probability falls

significantly in the middle of the recessionary period, which is due to a temporary

rebound occurring during the downturn in the stock market. This is due to the

DMD of the 1-period lag in the model, which affected the predicted values.

Using data from Tables 2, 3, and 4 and Fig. 4, we show that in the in sample-fit

predictions, the extended model, which incorporates stock market data, demon-

strates greater predictive power than the model based solely on information about

government bond interest rates. Similar to the findings for the United States, this

suggests that market capitalization and trading volume in the Japanese stock market

have independent information about future recessions. Even with only government

bond interest rate data, the extended model predicts a high probability of recession
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in the period preceding the introduction of the zero interest rate policy. Despite

the fact that models that rely solely on government bond rates have become ineffec-

tive during the period of low interest rates since the early 2000s, it is evident that

models that incorporate stock market information are useful for predicting reces-

sions. Specifically, the model with DMD and MLD predicts a high probability of

recession during the recessionary period corresponding to the global financial crisis.

The results indicate that stock market information is important in predicting future

recessions when government bond interest rates remain at low levels.

Meanwhile, the out-of-sample forecasting results show that the extended and

the extended SPREAD models’ forecast accuracy is statistically and significantly

higher than that of the baseline and the decomposed models. For the United States,

Binswanger (2000) examined the relationship between stock returns and economic

trends and reported findings that suggested the relationship might vary over time.

Fig. 5 suggests that out-of-sample forecasts were sufficient to predict recessions

during the global financial crisis but may not be sufficient to forecast other recessions.

5 Conclusions

This paper provides empirical evidence that information about Japanese government

bond markets and stock markets predicts Japan’s future recession. The evidence

suggests that yield curves and Japanese stock markets contain substantial infor-

mation. To forecast future recession, this study used expected future short-term

interest rates and the term premium in Japanese bond markets, and the liquidity

and depth in Japanese stock markets, as independent variables. The term premium

and expected future short-term interest rates have a greater predictive power for fu-

ture recessions than the yield spread alone. In addition to the results, incorporating

stock market information improves the predictive power for the recession.

The paper provides evidence that, apart from bond market information, stock

market information is effective in predicting future recessions, particularly in Japan,
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where interest rates are low. Given that stock prices are theoretically explained by

a firm’s future free cashflow and dividends, it is reasonable to expect that stock

market data predict future recessions. The method becomes more useful in predict-

ing recessions in countries like Japan, where low interest rate policies make interest

rates less volatile.

However, the following points should be noted. The market capitalization and

trading volume of firms listed in the First Section of the Tokyo Stock Exchange are

used in this study. Therefore, this study does not analyze the relationship between

market capitalization (or market trading volume) and the likelihood of a recession

by industrial sector. Furthermore, due to the limited sample period, additional

analysis is required in the future.

Acknowledgments

This research was supported by Chukyo University Research Fund. I am grateful

to the participants in Hitotsubashi University’s finance seminar in October 2022 for

their useful comments and suggestions.

References

[1] Ahrens, R., (2002). Predicting recessions with interest rate spreads: a multi-

county regime-switching analysis. Journal of International Money and Finance,

21(4), 519-537.

[2] Ang, J. and Smedema, A., (2011). Financial flexibility: Do firms prepare for

recession? Journal of Corporate Finance, 17, 774-787.

[3] Asgharian, H., Christiansen, C., and Hou, A. J. (2015). Effects of macroeco-

nomic uncertainty on the stock and bond markets. Finance Research Letters,

13, 10-16.

23



[4] Bansal, N., Connolly, R., and Stivers, C., (2014). The stock-bond return rela-

tion, the term structure’s slope and asset-class risk dynamics. Journal of Fi-

nancial and Quantitative Analysis, 49(3), 699-724.

[5] Bernard, H. and Gerlach, S., (1998). Does the term structure predict recessions?

The international evidence. International Journal of Finance and Economics,

3(3), 195-215.

[6] Binswanger, M., (2000). Stock market booms and real economic activity: is this

time different? International Review of Economics and Finance, 9(4), 387-415.

[7] Diebold, F. X. and Mariano, R. S., (1995). Comparing predictive accuracy.

Journal of Business and Economic Statistics, 13(3), 134-144.

[8] Erdogan, O., Bennett, P., and Ozyildirim, C., (2015). Recession prediction

using yield curve and stock market liquidity deviation measures. Review of

Finance, 19(1), 407-422.

[9] Estrella, A. (1998). A new measure of fit for equations with dichotomous de-

pendent variables. Journal of Business and Economic Statistics, 16(2), 198-205.

[10] Estrella, A., (2005). Why does the yield curve predict output and inflation?

Economic Journal, 115, 722-744.

[11] Estrella, A. and Hardouvelis, G. A., (1991). The term structure as a predictor

of real economic activity. Journal of Finance, 46(2), 555-576.

[12] Estrella, A. and Mishkin, F. S., (1997). The predictive power of the term struc-

ture of interest rates in Europe and the United States: Implication for the

European Central Bank. European Economic Review, 41, 1375-1401.

[13] Estrella, A. and Mishkin, F. S., (1998). Prediction U.S. recession: financial

variables as leading indicators. Review of Economics and Statistics, 80(1), 45-

61.

24



[14] Farmer, R. E. A., (2015). The stock market crash really did cause the great

recession. Oxford Bulletin of Economics and Statistics, 77(5), 617-633.

[15] Fama, E. F., (1990). Stock returns, expected returns, and real activity. Journal

of Finance, 45(4), 1089-1108.

[16] Hamilton. J. D. and Kim, D. H., (2002). A reexamination of predictability

of economic activity using the yield spread. Journal of Money, Credit, and

Banking, 34 (2), 340-360.

[17] Harvey, C. R., (1988). The real term structure and consumption growth. Jour-

nal of Financial Economics, 22(2), 305-333.

[18] Kauppi, H. and Saikkonen, P., (2008). Predicting U.S. recessions with dynamic

binary response models. Review of Economics and Statistics, 90(4), 777-791.

[19] Longstaff, F. A., (2004). The flight-to-liquidity premium in U.S. treasury bond

prices. Journal of Business, 77(3), 511-526.

[20] Moneta, F., (2005). Does the yield spread predict recessions in the Euro area?

International Finance, 8(2), 263-301.

[21] Nakaota, H., (2005). The term structure of interest rates in Japan: the pre-

dictability of economic activity. Japan and the World Economy, 17, 311-326.

[22] Næs, R., Skjeltorp, J. A., and Ødegaard, B. A., (2011). Stock market liquidity

and the business cycle. Journal of Finance, 66(1), 139-176.

[23] Nyberg, H., (2010). Dynamic probit models and financial variables in recession

forecasting. Journal of Forecasting, 29(1-2), 215-230.

[24] Okimoto, T. and Takaoka, S., (2017). The term structure of credit spreads and

business cycle in Japan. Journal of the Japanese and International Economies,

45, 27-36.

25



[25] Orphanides, A., (2001). Monetary policy rules based on real-time data. Amer-

ican Economic Review, 91(4), 964-985.

[26] Schwert, G. W., (1990). Stock returns and real activity: a century of evidence.

Journal of Finance, 45(4), 1237-1257.

[27] Taylor, J. B., (1993). Discretion versus policy rules in practice, Carnegie-

Rochester Conference Series on Public Policy, 39, 195-214.

[28] Woodford, M., (2001). The Taylor rule and optimal monetary policy, American

Economic Review, 91(2), 232-237.

26


	DP2_表紙_Nan
	中京大学総合政策学部ディスカッションペーパー規程20220413改正 (1)
	【3月教授会案：別紙２】ディスカッションペーパー表紙
	タイトル
	執筆者




	main_text_DP



