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Abstract

This paper investigates the stock–bond dependence structure using a dependence-switching

copula model. The model allows stock–bond dependence to switch between positive depen-

dence regimes (contagions or crashes of the two markets during downturns or booms in both

markets during upturns) and negative dependence regimes (flight-to-quality from stock mar-

kets to bond markets or flight-from-quality from bond markets to stock markets). Using data

from four developed markets including the US, Canada, Germany, and France for the period

between January 1985 and August 2022, we find that the within-country stock–bond (ex-

treme) dependence could be both positive and negative. In the positive dependence regimes,

the stock–bond dependence is asymmetric with stronger left tail dependence than the right
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tail dependence, giving evidence of a higher likelihood of joint stock–bond market crashes or

contagions during market downturns than the collective stock–bond market booms. Under the

negative dependence regimes, we find both flight-from-quality and flight-to-quality, with flight-

to-quality being more dominant in the North American markets while flight-from-quality is

more prominent in the European markets. Further, the dependence switches between positive

and negative regimes over time. Moreover, the dependence is mainly in the positive regimes

before 2000 while mostly in the negative regimes after that, indicating contagions mostly before

2000 and flights afterwards. Further, the dependence switches between positive and negative

regimes around financial crises and the COVID-19 pandemic. These results greatly enrich the

findings in the existing literature on the co-movements of stock–bond markets and are impor-

tant for risk management and asset pricing.

Keywords: Dependence-switching copula; Contagion; Flight-to-quality; Flight-from-quality;

Tail dependence; Systemic risk.
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1 Introduction

The dependence between financial asset markets has been an important topic in empirical finance

due to its importance in risk management and risk diversification. Stocks and bonds constitute the

two most traded financial instruments in capital markets. In particular, studies have investigated

the dependence within the same or across different asset classes at either domestic or international

level. Forbes and Rigobon (2002) focus on identifying contagion in global equity markets. Ro-

driguez (2007) also studies contagions between equity markets using a copula approach. Durand

et al. (2010) investigate the dependence between bond and stock markets at the national level and

distinguish between a regular regime and a rare occurrence state. Dungey et al. (2006) find that

the bond market turmoil transmits across countries only if a nation is easily susceptible to other

countries and is mostly a regional phenomenon. Ning (2010) examines the dependence across the

stock and foreign exchange markets and finds symmetric tail dependence. Wang et al. (2013) re-

examine the dependence between the stock–currency markets and find asymmetric tail dependence

in the negative dependence regime in addition to the symmetric extreme dependence found in Ning

(2010). Baur and Lucey (2009) analyze the dependence of the stock–bond market by studying both

the level and direction of changes in correlations. Garcia and Tsafack (2011) examine the depen-

dence between bond and stock markets via copula models and find asymmetric positive extreme

dependence. Tachibana (2020) investigates the flight-to-quality from stocks to bonds and finds that

US and UK government bonds are safe haven assets during stock market downturns.

This paper revisits the stock–bond markets co-movement with a dependence-switching copula

model. We intend to investigate the direction of the dependence, either a positive one due to conta-

gion or a negative one owing to flight-to (from)-quality. Both empirical evidence and theory suggest
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that bonds and stocks could be either positively or negatively correlated. For their positive cor-

relations, see Ilmanen (2003) and Bernanke and Kuttner (2005). This is based on the risk–return

trade-off relationship, i.e., if systematic risk increases in the economy, the expected returns for all

assets should increase to compensate for the additional risk (and if the risk is expected to fall, the

opposite will occur). Hence, it is reasonable to conjecture that overall bond and stock markets could

have a positive correlation. A positive dependence between stock and bond markets during a market

downturn also indicates contagion between the two markets. Higher interest rates will also lead to

lower bond returns and lower equity returns if stock prices are the net present value of future cash

flows to shareholders.

On the other hand, the stock–bond markets could also be negatively dependent. Higher interest

rates will also lead to higher bond returns and lower equity returns if stock prices are the net present

value of future cash flows to shareholders. Empirically, for example, Connolly et al. (2005) find a

negative correlation between the two asset markets in several sub-periods. A negative dependence

between bonds and stocks is an indication of either flight-to-quality or flight-from-quality. In general,

bonds are considered as safer assets than stocks. Therefore, bonds are usually considered quality

assets (See Gonzalo and Olmo (2005); Durand et al. (2010); Opitz and Szimayer (2018); Baele et al.

(2020)). In this paper, flight-to-quality means that investments move from stocks to quality asset

bonds, while flight-from-quality means investments move from quality asset bonds to stocks. During

a stock market downturn, assets tend to move away from the downturn stock markets to the quality

bond markets. This is a flight-to-quality. On the other hand, during a stock market upturn, a

flight-from-quality event is likely to occur, i.e., investments leaving from quality bond markets to

stock markets. Deflationary recessions, equity weakness and high volatility in stock markets could
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all lead to a flight to quality. A flight-to (from)-quality implies a potential diversification benefit

between the two types of assets. Opitz and Szimayer (2018) find the risk-free rate to be the most

crucial factor in determining the severity of flight-to-quality.

In the previous research on stock market contagion, most studies relied on statistically significant

increases in correlations to determine if there exists systemic risk in the market. Boyer et al. (1997)

point out that papers based on this methodology have two significant drawbacks. First, the linear

correlations do not capture the nonlinear and asymmetric dependence across markets. For exam-

ple, literature has documented that negative returns are more correlated than positive returns in

financial markets, which implies that market downturns spread more readily than upturns. By def-

inition, linear dependence measures are not adequate to quantify a nonlinear relationship. Second,

there exists a conditioning bias in the linear correlation analysis. Direct correlations underestimate

extreme dependence. Forbes and Rigobon (2002) conclude that if we account for heteroscedasticity,

there is no contagion between global stock markets during financial crises, only ever-present inter-

dependence. Alternatively, in the hopes of addressing Forbes and Rigobon’s (2002) critique, Longin

and Solnik (2001) utilize extreme value theory (EVT) to quantify extreme co-movements in inter-

national equity markets. One major problem with EVT is that it assumes asymptotic dependence

and cannot measure the observed tail dependence. Methodologies such as exceedance correlation

which are used to measure extreme dependence as well as to identify a market contagion, are in-

clined to criticism that the threshold level set to determine a crisis is arbitrary. Furthermore, the

ability to replicate the data-generating process is dubious in approaches that attempt to capture

asymmetric dependence, such as extreme value theory (EVT) or multivariate GARCH models. For

more discussions, see Longin and Solnik (2001) and Garcia and Tsafack (2011).
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This paper investigates the dependence structure between the stock and bond markets using a

dependence-switching copula approach in Wang et al. (2013). This approach avoids the methodology

issues discussed above and provides complete information on the dependence structure, including

possibly nonlinear, asymmetric, and extreme dependence. Uniquely, it can identify if the stock–bond

dependence switches between positive and negative regimes over time. A positive regime indicates

that both stock and bond markets move in the same direction, either booming together or crashing

together or contagion between the two markets in the downturn. A negative regime means the

two markets move in the opposite direction. Investments either fly from the stock market to the

bond market (flight-to-quality) or fly from the bond market to the stock market(flight-from-quality).

Using the dependence switching copula model and weekly stock and bond market data from Jan-

uary 1985 to August 2022 for the US, Canada, Germany and France, we obtain important findings.

First, the stock–bond dependence is mostly positive before 2000, then switches to mainly negative

after the 2000 dot-com bubble, indicating that the stock–bond markets tend to move together before

2000 but move oppositely (flight from/to quality) after the 2000 dot-com crisis. Further, the corre-

lations switch signs around the crisis periods, including the 1987 stock market crisis, the 1997 Asian

financial crisis, the 2007–2008 financial crisis, and the COVID-19 pandemic. This finding is new,

and it would not be revealed by other approaches without allowing for the dependence switching be-

tween the positive and negative dependence regimes. Second, in the positive dependence regime, the

left-tail dependence is stronger than the right-tail dependence. This asymmetric dependence implies

stronger dependence during a market downturn than the market upturn, which is consistent with

the finding in Garcia and Tsafack (2011). This implies that the stock–bond markets are more likely
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to crash together than boom together. Third, in the negative dependence regime, we find that flight-

to-quality is more prominent in the North American market, while in Europe, flight-from-quality is

more dominant. These findings are new and essential to risk management as well as portfolio pricing.

To the best of our knowledge, this is the first paper that measures the dependence structure

between the stock and bond markets in both a positive dependence regime and a negative depen-

dence regime and the switches between the two regimes. The tractable dependence-switching copula

approach provides insights into the dynamic dependence structure between stock and bond markets

that were otherwise not yet or impossible to uncover. Our results summarized above enrich the find-

ings in the existing literature. In particular, the regime-switching dependence structure uncovered

is crucial to stock–bond portfolio risk management and portfolio pricing. The positive stock–bond

dependence suggests limited risk diversification benefits, while the negative dependence found in

the study implies the potential for risk diversification between the two markets. For example, the

primary purpose of portfolio allocation is to reduce the risk of a loss in case of a downturn. If

diversification is not available due to high positive dependence between stocks and bonds in the

portfolio during financial distress, then its benefits are cut in times when they are needed most.

Indeed, the increase of positive dependence across stock and bond markets can decrease the benefit

of diversification. On the other hand, including negatively dependent assets such as stocks and

bonds in a portfolio would increase the benefit of diversification. Thus, both contagion (positive

dependent assets) and flights (negative dependent assets) have important implications for portfolio

allocation. The uncovered regime-switching dependence structure between the two markets also

suggests a time-varying Value at Risk (VaR) and different stock–bond portfolio weights for different

dependence regimes and hence different pricing of the portfolio.
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This paper is related to Garcia and Tsafack (2011) and Tachibana (2020) in that we all inves-

tigate the dependence structure between the stock and bond markets. We are different in that

our paper allows for both positive and negative dependence regimes and the switches between

the regimes, while Garcia and Tsafack (2011) focus on the positive stock–bond dependence, and

Tachibana (2020) investigates the negative stock–bond dependence, i.e., flight-to-quality. Further,

the dependence regimes that we examine are different from those of Garcia and Tsafack (2011)

and Tachibana (2020). We investigate linear and tail dependence in both the positive and negative

dependence regimes while they both examine a linear dependence regime and a tail dependence

regime. Our paper is also related to Wang et al. (2013), who use the dependence switching copula

model to examine the interdependence between currency and stock markets. Our paper differs in

that we investigate the dynamic relationship between the stock and bond markets.

The organization of the paper is as follows: Section 2 describes the models. Section 3 presents

the data and results. Section 4 concludes.

2 Models and Estimations

2.1 The joint model: the dependence switching copula model

To measure the dependence structure between the bond and stock markets, we adopt the dependence

switching copula model in Wang et al. (2013). Let us,t and ub,t be the probability-integral transforms

of stock and bond returns Rs,t and Rb,t, respectively, and C be the copula function that describes the

dependence structure between the stock and bond return series. Consider the following state-varying
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copula:

C
(
us,t, ub,t; θC

1
, θC

0|St
)

=


C1
(
us,t, ub,t; θC

1
)
, if St = 1

C0
(
us,t, ub,t; θC

0
)
, if St = 0

, (1)

where St is an unobserved state variable with two states, i.e., the positive dependence regime and

the negative dependence regime. C1(us,t, ub,t; θC
1) and C0(us,t, ub,t; θC

0) are two mixed copulas cor-

responding to the two different regimes. Copula C1(us,t, ub,t; θC
1) describes the dependence between

the stock–bond markets during the positive dependence regime (St = 1), while C0(us,t, ub,t; θC
0)

captures the dependence in the negative dependence regime (St = 0). θC1and θC
0 represent the

parameter sets in the two copulas, C1and C0 respectively.

The state variable St follows a Markov chain with a transition matrix Π, i.e.,

Π =

 Π00 1− Π00

1− Π11 Π11

 , (2)

where,

Π00 = Pr(St = 0|St−1 = 0), (3)

Π11 = Pr(St = 1|St−1 = 1). (4)

Hence Π11 is the transition probability between two consecutive positive dependence regimes, with

1 − Π11 being the transition probability from a positive dependence regime (state 1) to a negative

dependence regime (state 0). Similarly, Π00 is the transition probability between two consecutive
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negative dependence regimes, with 1− Π00 being the transition probability from a negative depen-

dence regime (state 0) to a positive dependence regime (state 1).

The two-state copula functions mix the Clayton copula (CC) with the survival Clayton copula

(CSC) as follows:

C1(us,t, ub,t; θC
1) = CC(us,t, ub,t;α1) + CSC(us,t, ub,t;α2)

2 , (5)

C0(us,t, ub,t; θC
0) = CC(1− us,t, ub,t;α3) + CSC(1− us,t, ub,t;α4)

2 , (6)

where θC1 = (α1, α2)′, θC0 = (α3, α4)′ are copula parameters in the corresponding state with αk ∈

(0,∞) (k = 1, 2, 3, 4). The bivariate Clayton copula and the survival Clayton copula are given by

CC(us,t, ub,t;αk) = (u−αks,t + u−αkb,t − 1)−
1
αk (7)

CSC(us,t, ub,t;αk), = us,t + ub,t − 1 + CC(1− us,t, 1− ub,t;αk). (8)

The advantage of this joint model is that it allows for both positive and negative dependence

regimes and transitions between them. Thus we are able to investigate both contagions between the

stock–bond markets as well as flight-to (from)-quality and how they switch from each other.

2.2 Dependence measures

Based on the joint copula model, we can define and derive a set of nonlinear dependence measures

for the stock–bond markets. Kendall’s τ is a rank correlation measure. It is the probability that

the concordance is greater than the discordance between two variables. It can be defined via the
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copula parameters (αk) as follows:

τk(us,t, ub,t;αk) = 4
∫ 1

0

∫ 1

0
C(us,t, ub,t;αk)dC(us,t, ub,t;αk)− 1,

= αk
(2 + αk)

. (9)

The linear correlation ρk can also be computed using Kendall’s τ as follows,

ρk(us,t, ub,t;αk) = sin
(
π

2 τk(us,t, ub,t;αk)
)
. (10)

To capture the dependence at extremes, we use the tail dependence coefficients. By definition, the

right (left) tail dependence coefficient is the probability of observing an extremely high (low) value

of one variable given an extremely high (low) value of the other variable. That is the probability of

both variables in their right (left) tail of the distribution or are both extremely high (low). Since

the Clayton copula only has left tail dependence while the survival Clayton copula only has right

tail dependence, the mixture of the two copulas would have both left and right tail dependence. For

the two regimes, we have four different tail dependence coefficients in total.

In the positive dependence regime, we have

λLL1 (us,t, ub,t;α1) = 2−
1
α1
−1
, (11)

λRR2 (us,t, ub,t;α2) = 2−
1
α2
−1
. (12)

where λLL1 and λRR2 are the left and right tail dependence coefficients, respectively, measuring the
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probability that both stock and bond returns are extremely low together (left tail dependence mea-

sured by λLL1 ) or extremely high together (right tail dependence measured by λRR2 ) respectively.

In the negative dependence regime, we have

λRL3 (us,t, ub,t;α3) = 2−
1
α3
−1
, (13)

λLR4 (us,t, ub,t;α4) = 2−
1
α4
−1
. (14)

where λRL3 measures the probability that stock returns are extremely high while the bond returns

are extremely low. The opposite is for λLR4 . Thus, λRL3 and λLR4 measure the probability of flight-

from-quality and flight-to-quality, respectively. Also, note that these measures are independent of

the four marginal distributions of bonds and stocks. They are determined by the copula parameters

αk.

Figure 1 summarizes the dependence structure of the regime-switching copula. The positive de-

pendence regime comprises quadrants 1 and 3, which represent joint market upturn and downturn,

respectively. The negative dependence regime includes quadrants 2 and 4, which correspond to the

flight-to-quality and flight-from-quality, respectively.
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Figure 1: Visualization of state dependence

Stock

Bond

Two-state regimes

Quadrant 1
(Both upturn)

Quadrant 4
(Flight-from-quality)

Quadrant 2
(Flight-to-quality)

Quadrant 3
(Both downturn)

State 1
(Positive dependence regime)

State 0
(Negative dependence regime)

λRR2 , α2

λLL1 , α1 λRL3 , α3

λLR4 , α4

Notes: λ··k denotes the tail dependence coefficient. R and L signify the
right tail and left tail, respectively.

2.3 Marginal Model

We consider a class of ARMA models in combination with a set of GARCH processes for our

marginal models. We use ARMA models in order to remove serial correlations and GARCH models

to remove heteroscedasticity in the return data. We filter our returns with such models in order to

obtain i.i.d. data inputs required for copula models. The GARCH models considered include the

standard GARCH model, the GJR-GARCH by Glosten et al. (1993), and the exponential GARCH

(EGARCH) model introduced by Nelson (1991). Following Tachibana (2020), we select our marginal

models based on the Akaike information criterion (AIC).
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Let Rs,t and Rb,t be the stock and bond returns, respectively. The ARMA model for both series

is as follows:

Ri,t = µi +
p∑
`=1

φi,`Ri,t−` +
q∑
`=1

ϕi,`εi,t−` + εi,t; εi,t|Ii,t−1 ∼ f(·); i = s, b, (15)

where It−1 is the information set at time t− 1 and f(·) is the distribution for the conditional error

term εi,t|Ii,t−1. We consider a set of distributions including normal, Student’s t, and skewed Student’s

t distributions. The maximum order of ARMA(p, q) terms is set to 1. The standard GARCH(1,1)

process for the conditional variance hi,t can be expressed as follows

hi,t = βi,0 + βi,1ε
2
i,t−1 + βi,2hi,t−1; i = s, b. (16)

The GJR-GARCH takes the form:

hi,t = ωi + αiε
2
i,t−1 + γiε

2
i,t−11(εi,t−1 < 0) + βihi,t−1; i = s, b, (17)

where γi is the leverage parameter. A positive γi indicates that a negative shock increases the

volatility in the next time period. Let ri,t represent the standardized residual.

ri,t = εi,t√
hi,t

; i = s, b (18)

The EGARCH can be expressed as follows:

ln hi,t = ωi + αi[|ri,t−1| − E(ri,t−1)] + γiri,t−1 + βi ln hi,t−1; i = s, b, (19)
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where γi is the leverage parameter and is expected to be negative as a negative γi suggests that a

negative shock increases volatility in the next period. The advantage of an EGARCH is that there

are no restrictions on the signs of parameters.

2.4 Estimation

Following the literature, we use an Inference for Margins (IFM) approach for the estimation. See

Joe and Xu (1996) and Joe (1997). This is a two-step estimation procedure. In the first step, we

estimate the ARMA-GARCH (or GJR-GARCH, EGARCH) parameters in the marginal models and

the cumulative distribution functions (CDF) of the standardized residuals in the marginal models.

In the second step, we estimate the copula models and parameters given the estimated standardized

residuals in the marginal models as follows:

θ̂C = arg max
θC∈ΘC

T∑
t=1

LC(ûs,t, ûb,t; θC), (20)

where θ̂C = (α1, α2, α3, α4,Π00,Π11) are the estimated parameters in the copula models, while LC is

the log-likelihood functions of the copula models. As shown by Joe (1997), under certain regularity

conditions, the IFM estimators are consistent and asymptotically normal.

To avoid misidentification in the marginal distributions, the margins are estimated non-parametrically

by their empirical distribution functions of the standardized residuals. This results in a uniformly

distributed

ûi,t = 1
T + 1

T∑
n=1

1(ri,n ≤ ri,t); i = s, b, (21)

where 1(·) is an indicator function being 1 if ri,n ≤ ri,t and 0 otherwise.
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The density of the stock–bond dependence switching copula model can be expressed as follows

f(Rs,t, Rb,t; θMs , θMb , θC) = f(Rs,t, Rb,t; θMs , θMb , θC
1
, θC

0)

=


1∑
j=0

Pr(St = j)cj(us,t, ub,t; θC
j)

×
fs(Rs,t; θMs )× fb(Rb,t; θMb )

, (22)

where cj is the copula density function under regime j with copula parameter set θCj and fi is the

marginal density function with parameter set θMi (i = s, b).

The log-likelihood function is

L(Θ) = LC(us,t, ub,t; θC) + Ls(Rs,t; θMs ) + Lb(Rb,t; θMb ),

= LC(us,t, ub,t; θC) +
T∑
t=1

[
log

(
fs(Rs,t; θMs )

)
+ log

(
fb(Rb,t; θMb )

)]
, (23)

where Θ = (us,t, ub,t; θC , θMs , θMb ), LC and Li are the log of the copula density and the marginal

densities, respectively. In more detail, with the two states of dependence, the log-likelihood of the

copula function is

LC(ub,t, ub,t; θC) =
T∑
t=1

log[Pr(St = 1)c1(us,t, ub,t; θC
1) + (1− Pr(St = 1))c0(us,t, ub,t; θC

0)]. (24)

We can further break down the densities into their corresponding components. Since the depen-

dence is a Markov-switching process, we follow Wang et al. (2013) and apply a Hamilton filter to

transform the log-likelihood function of the copula model as follows
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LC(ub,t, ub,t; θC) = log(ξ̂′t|t−1ct), (25)

ct =

c(us, ub; θC
1)

c(us, ub; θC
0)

 ,

ξ̂t|t = ξ̂t|t−1 � ct
ξ̂′t|t−1ct

, (26)

ξ̂t+1|t = Π′ · ξ̂t|t, (27)

where � is the Hadamard product, and ct represents the conditional density of the copula given the

state. The vector ξ̂t|t is the probability of being in either state 0 or 1, given all the information up

to the current period t. Analogously, ξ̂t+1|t represents the probability of being in either state at time

t+ 1, given the information up to time t.

With the estimated CDF of the marginals ûb,t, ûb,t, we can then maximize the copula log-

likelihood function LC(ûb,t, ûb,t; θC) to estimate the copula parameters θC .

3 Data and empirical results

3.1 Data description

We downloaded weekly stock and bond indices for the United States (US), Canada, France, and

Germany from Datastream. The stock indices are initially compiled by Morgan Stanley Capital
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International (MSCI) and sourced by Datastream. The bonds are generic Datastream 5-year bond

indices. The sample period starts on January 02, 1985, and ends on August 03, 2022. We use weekly

data to alleviate the problem of noisiness and non-synchronous trading issues (Cappiello et al., 2006;

Jammazi et al., 2015; Tachibana, 2020) in daily data.

Figure 2: Index values

(a) Stocks (b) Bonds

Figures 2a and 2b plot the indices for all the countries. All indices show an upward trend. Figure

2a also shows a sharp increase in the US stock market from the latter half of 2020 to the end of

2021, primarily due to quantitative easing (QE) and the cutting of the federal funds rate (FFR)

in the wake of the COVID-19 pandemic (also see Kontonikas et al. (2013) and Rebucci et al. (2022)).
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To remove the trend and obtain stationary time series, we compute the returns for the series by

taking the log difference of the indices multiplied by 100. We plot the returns for stocks in Figure

3a and bonds in Figure 3b. Apparently, the returns do not show any trend, pointing to stationary

time series. The German stock market appears to be the most volatile one among the four stock

markets. Comparing Figures 3a and 3b, it is clear that the stock markets are much more volatile

than the bond markets. Also noted is that the bonds show lower volatility before 2012 than after.

Figure 3: Stock and bond market returns

(a) Stocks (b) Bonds

Figures 4a-4d exhibit a country’s bond and stock returns within the same graph. As expected, the

bond markets are much less volatile than the stock markets for all countries. The graph also shows

that the absolute magnitude of negative returns far exceeds that of positive returns, indicating far
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more risk of loss than gains. All countries see large negative returns for equities during the financial

crises of 1987 and 2008, as well as the beginning of the 2019 pandemic.

Table 1 presents summary statistics of the returns. The measures are in terms of percentage. For

example, the maximum return for the US stock is 10.78%. The standard deviations of the stocks

and bonds confirm that the stock markets are much more volatile than the bond markets, and the

German stock market is the most volatile one. All returns are negatively skewed except for the US

bond, implying a risk of losses in these markets in general. The excess kurtosis is positive for all

securities, indicating fat tails in the return distributions.

Table 1: Summary statistics of returns

Mean Std Skewness Kurtosis Min Max JB
USA stock 0.160 2.300 -1.000 6.120 -16.750 10.780 3, 396.620∗∗∗
USA bond 0.020 0.590 0.090 1.940 -2.610 3.730 311.700∗∗∗
Canada stock 0.110 2.210 -1.100 7.930 -19.120 12.320 5, 545.770∗∗∗
Canada bond 0.020 0.590 -0.170 2.190 -2.920 2.690 401.040∗∗∗
France stock 0.130 2.900 -0.670 5.750 -21.190 16.550 2, 854.700∗∗∗
France bond 0.020 0.480 -0.170 2.630 -2.520 2.560 574.750∗∗∗
Germany stock 0.100 3.000 -0.870 5.460 -22.340 16.460 2, 691.610∗∗∗
Germany bond 0.010 0.420 -0.150 1.930 -2.050 2.270 314.110∗∗∗

Notes: Weekly data covers the period from January 02, 1985, to August 03, 2022. JB denotes the Jarque-Bera
statistic for normality, and three asterisks signify the rejection of the null of a normal distribution at a 1%
significance level.

Table 2 lists three different dependence measures (linear correlation, Spearman’s rank correlation,

and Kendall’s τ) for the four stock–bond pairs. All the dependence measures are negative except

for the French pair. This gives evidence of flights between the stock–bond markets in general
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Figure 4: Pair returns

(a) USA (b) Canada

(c) France (d) Germany
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for the US, Canadian and German markets. For the French pair, the overall positive dependence

coefficients suggest, on average, contagions between the stock–bond markets. However, these are

average dependence measures and do not tell how they change over time.

Table 2: Dependence measures

USA Canada France Germany
Linear correlation -0.088 -0.034 0.063 -0.145
Spearman’s ρ -0.026 -0.021 0.060 -0.076
Kendall’s τ -0.016 -0.014 0.042 -0.050

In order to gain a better understanding of the stock–bond market association from the data,

we follow Knight et al. (2005), Ning (2010), and Medovikov (2016) and compute empirical copulas

in Table 3. Essentially this is to assemble a frequency table, where the observations are ranked in

ascending order and then divided into ten equal-sized bins. The lowest set of returns corresponds to

column (row) 1, while the highest set of returns corresponds to column (row) 10. The intersection

of column 1 and row 1, which corresponds to cell (1,1), gives the number of observations that are

less than or equal to the 10th percentile for both bonds and stocks. Similarly, cell (i, j) gives the

number of observations that falls into the intersection of the ith row (ith bin) of stocks and the jth

column (jth bin) of bonds. Numbers in the corner cells of Table 3 reflect the extreme dependence

between stock and bond markets. The top–left (cell (1, 1)) and bottom–right (cell(10, 10)) corners

give the joint frequencies of both stock–bond markets’ downturn and upturn respectively, while the

top–right (cell (1, 10)) and bottom–left (cell(10, 1))corners provide the joint frequencies of flight-to-

quality and flight-from quality respectively. For example, for the US pair, the largest number is 46

in the top–right corner (cell (1, 10)) of the table, which is much larger than the number (27) in the
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bottom–left corner of cell (10, 1), showing evidence of much more prevalent of flight-to-quality than

flight-from-quality. Similar evidence is also found in the French and German pair. For the Canadian

pair, the highest number of joint frequency is 30 in cell (1, 1), much higher than 21 in cell (10, 10),

which is evidence of a higher likelihood of joint stock–bond market crashes than booms. Overall,

the empirical copula from data shows evidence of extreme dependence. This is also an indication of

systemic risk.

3.2 Marginal model results

Table 4 provides estimation results for marginal models for the stock returns. Based on the lowest

AIC, an EGARCH with a skewed student t distribution is the best fit model for stock returns.1

The estimates for the leverage effect parameter γ are all strongly significant negative, indicating a

significant leverage effect, i.e., a negative shock increases future volatility. All ARCH and GARCH

terms are strongly statistically significant, indicating significant heteroscedasticity in returns. Thus

it is necessary to remove the heteroskedasticity in returns with the EGARCH model. The marginal

model results for bonds are given in Table 5. Based on AIC, an EGARCH with a Student’s t distri-

bution is the best fit model for the US and Canadian bonds, while a standard GARCH(1,1) model

with the skewed t distribution is the best fit model for the French and German bonds. Different

from stock returns, the leverage effect is not significant for bonds. Similar to stocks, all ARCH and

GARCH terms are significant, indicating significant heteroskedasticity to be removed.

1The goodness-of-fit test results based on AIC are available from the authors upon the request.
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Table 3: Empirical copula table

(a) USA
Bond

1 2 3 4 5 6 7 8 9 10 N
1 26 16 13 11 9 19 13 16 27 46 196
2 28 20 20 16 16 20 15 17 19 25 196
3 22 24 13 25 21 12 19 18 21 21 196
4 21 23 13 22 23 26 24 18 13 13 196
5 11 20 25 24 25 23 25 17 18 8 196

E
qu

it
y

6 15 22 28 27 23 14 20 17 20 10 196
7 14 18 20 20 20 26 25 23 17 13 196
8 13 14 19 17 20 25 17 32 22 17 196
9 19 22 20 20 18 17 19 26 15 20 196
10 27 17 25 14 21 14 19 12 24 24 197
N 196 196 196 196 196 196 196 196 196 197 1961

(b) Canada
Bond

1 2 3 4 5 6 7 8 9 10 N
1 30 10 11 14 17 17 22 27 22 26 196
2 28 24 20 10 15 22 9 28 18 22 196
3 26 22 21 14 20 21 13 16 22 21 196
4 11 26 19 18 17 28 22 23 17 15 196
5 19 23 24 11 21 14 26 15 22 21 196

E
qu

it
y

6 16 18 18 28 19 27 31 15 12 12 196
7 14 19 19 22 17 19 25 20 22 19 196
8 10 16 22 31 23 18 20 19 18 19 196
9 19 22 19 21 23 15 18 16 22 21 196
10 23 16 23 27 24 15 10 17 21 21 197
N 196 196 196 196 196 196 196 196 196 197 1961

(c) France
Bond

1 2 3 4 5 6 7 8 9 10 N
1 35 16 7 11 14 17 16 17 30 33 196
2 31 21 15 12 23 15 23 16 24 16 196
3 25 21 20 27 20 17 19 22 13 12 196
4 22 29 22 26 14 21 18 14 16 14 196
5 16 14 24 22 28 25 18 27 15 7 196

E
qu

it
y

6 12 15 30 21 27 19 24 24 11 13 196
7 9 24 23 17 23 18 16 21 25 20 196
8 12 16 23 21 16 26 22 22 17 21 196
9 12 15 18 24 18 20 23 19 22 25 196
10 22 25 14 15 13 18 17 14 23 36 197
N 196 196 196 196 196 196 196 196 196 197 1961

(d) Germany
Bond

1 2 3 4 5 6 7 8 9 10 N
1 22 13 12 11 15 10 18 20 33 42 196
2 28 9 20 20 11 20 25 17 20 26 196
3 19 22 20 17 17 19 29 20 15 18 196
4 18 27 23 29 16 15 17 20 15 16 196
5 16 26 17 24 23 15 27 17 20 11 196

E
qu

it
y

6 14 17 29 19 26 24 17 19 12 19 196
7 12 17 20 22 26 28 16 27 18 10 196
8 14 21 16 21 21 32 18 22 13 18 196
9 17 18 18 20 23 18 20 15 27 20 196
10 36 26 21 13 18 15 9 19 23 17 197
N 196 196 196 196 196 196 196 196 196 197 1961

Notes: The data are from January 1, 1985–August 3, 2022, with 1961 observations. The stock and bond returns
are ranked in ascending order and then divided into ten equal-sized bins. The lowest set of returns corresponds to
column (row) 1, while the highest set of returns corresponds to column (row) 10. Cell (i, j) gives the number of
observations that fall into the intersection of the ith row (ith bin) of stocks and the jth column (jth bin) of bonds.
The upper–left and lower–right corners represent the frequencies of joint downturns and joint upturns, respectively,
while the upper–right and lower–left corners correspond to the frequencies of flight-to-quality and flight-from-quality,
respectively.
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Table 4: Stock market marginal model estimates

Response variable:
USA Canada France Germany
(1) (2) (3) (4)

µ 0.146∗∗∗ 0.091∗∗ 0.130∗ 0.551∗∗∗
(0.043) (0.042) (0.069) (0.049)

φ −0.058∗∗ 0.965∗∗∗
(0.024) (0.001)

ϕ −0.090∗∗∗ −0.959∗∗∗
(0.029) (0.00001)

ω 0.091∗∗∗ 0.095∗∗ 0.126∗∗ 0.130∗∗∗
(0.033) (0.039) (0.051) (0.050)

α 0.222∗∗∗ 0.258∗∗∗ 0.261∗∗∗ 0.251∗∗∗
(0.030) (0.044) (0.042) (0.043)

γ −0.146∗∗∗ −0.108∗∗∗ −0.122∗∗∗ −0.127∗∗∗
(0.033) (0.031) (0.037) (0.033)

β 0.937∗∗∗ 0.930∗∗∗ 0.932∗∗∗ 0.931∗∗∗
(0.022) (0.028) (0.026) (0.025)

ζ 0.720∗∗∗ 0.800∗∗∗ 0.780∗∗∗ 0.784∗∗∗
(0.025) (0.028) (0.028) (0.026)

ν 6.481∗∗∗ 8.592∗∗∗ 8.600∗∗∗ 7.388∗∗∗
(0.885) (1.718) (1.473) (1.221)

Log Likelihood −4,039.345 −4,020.099 −4,541.032 −4,609.769
AIC 4.128 4.107 4.640 4.711
Notes: *, **, and *** denote significance at 10%, 5%, and 1% respectively. In sequential
order the first set of parameters are the mean intercept (µ), AR (φ), and MA (ϕ)
coefficients for the ARMA model. The next set of parameters signifies the estimates for
the EGARCH model: the dispersion intercept (ω), ARCH term (α), GARCH term (β),
and leverage term (γ). The skewness parameter (ζ) is in regards to the skew-Student-
t distribution, wheres the degrees of freedom parameter (ν) is common to both the
Student-t distribution and its skewed version. The standard errors are in parentheses.
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Table 5: Bond market marginal model estimates

Response variable:
USA Canada France Germany
(1) (2) (3) (4)

µ 0.012 0.020∗∗∗ 0.003 0.007
(0.014) (0.006) (0.013) (0.011)

φ 0.952∗∗∗ 0.828∗∗∗
(0.013) (0.095)

ϕ −0.930∗∗∗ −0.777∗∗∗
(0.014) (0.107)

ω −0.025∗∗ −0.031∗∗∗ 0.004∗ 0.005∗∗
(0.010) (0.011) (0.002) (0.002)

α 0.157∗∗∗ 0.216∗∗∗ 0.115∗∗∗ 0.110∗∗∗
(0.031) (0.039) (0.033) (0.026)

γ 0.015 0.011
(0.015) (0.017)

β 0.978∗∗∗ 0.974∗∗∗ 0.876∗∗∗ 0.871∗∗∗
(0.008) (0.008) (0.038) (0.034)

ζ 0.909∗∗∗ 0.924∗∗∗
(0.028) (0.033)

ν 8.845∗∗∗ 8.039∗∗∗ 6.765∗∗∗ 8.087∗∗∗
(1.725) (1.518) (1.053) (1.411)

Log Likelihood −1,617.505 −1,556.816 −1,105.860 −923.086
AIC 1.656 1.594 1.136 0.950
Notes: *, **, and *** denote significance at 10%, 5%, and 1% respectively. In se-
quential order the first set of parameters are the mean intercept (µ), AR (φ), and
MA (ϕ) coefficients for the ARMA model. The next set of parameters signifies the
estimates for the EGARCH model: the dispersion intercept (ω), ARCH term (α),
GARCH term (β), and leverage term (γ). The skewness parameter (ζ) is in regards
to the skew-Student-t distribution, wheres the degrees of freedom parameter (ν) is
common to both the Student-t distribution and its skewed version. The standard
errors are in parentheses.
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3.3 Joint model results

In Table 6, we present the estimation results of the dependence switching copula model for the

stock–bond pairs in the four countries. In the positive dependence regime, we find both significant

left and right tail dependence, evidence that the two markets are likely to crash together or boom

together. Further, the left-tail dependence estimates λLL1 are greater than the right-tail dependence

estimates λRR2 , which is indicative of an asymmetric dependence, implying that the stock–bond mar-

kets move more together in market downturns than upturns. This is consistent with the findings of

Garcia and Tsafack (2011). The linear correlation coefficients ρ1 in the joint downturns are higher

than the linear correlation coefficients ρ2 during the upturns for all countries. Thus the results

of average linear dependence measured by the linear correlations are consistent with the results of

the extreme dependence measured by the tail dependence in the positive dependence regime. The

asymmetry of the dependence is more evident in Germany, Canada and the US and less evident in

France. In terms of the strength of the downturn dependence, It is strongest in the US, followed by

Germany and France, and the least is the Canadian pair.

In the negative dependence regime, the dependence coefficients are also statistically significant

for all pairs, suggesting the existence of investment flights between stock–bond markets. For the

US and Canadian pair, the flight-to-quality parameter estimates for both the correlation coefficient

ρ4 and the tail dependence coefficient λLR4 are greater than the flight-from-quality parameter esti-

mates ρ3 and tail dependence λRL3 , respectively, implying that flight-to-quality (from stock to bond

markets) is more prominent than flight-from-quality in the North American markets. Whereas in

Europe, the flight-from-quality dependence parameter estimates are higher than those of the flight-

to-quality, evidence that flight-from-quality is more dominant. Our findings about flight-to-quality
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are also consistent with those of Tachibana (2020).

The transition probability Π11 ranges from 99.1% to 99.7% for all pairs, indicating that the

transition between positive dependence regimes is almost surely. This suggests that if it is in the

positive dependence regime, it stays in that regime for a long time. The transition probability

between the negative dependence regimes Π00 is in the range of 98.9% to 99.6%, indicating that if

the status is in the negative dependence regime, it also stays in that regime for a long time. Since

the transition probabilities of remaining in either the positive or negative dependence regime are

high and statistically significant, both dependence regimes play an important role in the stock–bond

dependence structure. On the other hand, since both the transition probabilities Π11 and Π00 are

close to 1, this implies that the switches from one regime to the other are not very often.

To better understand how and when the dependence regimes switch, we compute the smoothed

probability as well as the smoothed correlations over time (see Kim (1994)) and plot both variables

together for each stock–bond pair on the same graph in Figure 5. The graph confirms that the

stock–bond dependence remains either positive or negative with infrequent switches. This is con-

sistent with our estimated high transition probabilities between the same dependence regimes in

Table 6. It is clear that the positive dependence was dominant before 2000 (except for the 87 and

97 crisis periods), indicating that stock–bond markets generally moved together before 2000. On

the other hand, the negative dependence state becomes prominent after the 2000 dot-com bubble,

providing strong evidence of flight to (from) quality after 2000. This is consistent with the negative

dependence coefficients presented in Table 2.
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Table 6: Joint model estimates

Stock–bond pairs:
USA Canada France Germany
(1) (2) (3) (4)

ρ1 0.474∗∗∗ 0.377∗∗ 0.419∗∗∗ 0.436∗∗∗
(0.015) (0.202) (0.169) (0.115)

λLL1 0.235∗∗∗ 0.173∗ 0.201∗∗ 0.212∗∗∗
(0.009) (0.135) (0.109) (0.072)

ρ2 0.307∗∗∗ 0.151 0.348∗∗∗ 0.244∗∗∗
(0.028) (0.452) (0.028) (0.035)

λRR2 0.123∗∗∗ 0.019 0.153∗∗∗ 0.077∗∗∗
(0.020) (0.210) (0.020) (0.025)

Π11 0.991∗∗∗ 0.997∗∗∗ 0.992∗∗∗ 0.994∗∗∗
(0.004) (0.023) (0.004) (0.004)

ρ3 0.296∗∗∗ 0.110∗∗∗ 0.418∗∗∗ 0.374∗∗∗
(0.023) (0.014) (0.111) (0.065)

λRL3 0.116∗∗∗ 0.005∗ 0.200∗∗∗ 0.171∗∗∗
(0.017) (0.003) (0.072) (0.044)

ρ4 0.477∗∗∗ 0.276∗∗∗ 0.309∗∗∗ 0.307∗∗∗
(0.014) (0.035) (0.048) (0.005)

λLR4 0.237∗∗∗ 0.101∗∗∗ 0.125∗∗∗ 0.123∗∗∗
(0.008) (0.026) (0.035) (0.004)

Π00 0.990∗∗∗ 0.996∗∗∗ 0.992∗∗∗ 0.989∗∗∗
(0.005) (0.043) (0.004) (0.006)

Log Likelihood −138.229 −56.284 −127.572 −104.625
Notes: *, **, and *** denote significance at 10%, 5%, and 1% respectively.
ρk represents the correlation coefficient. The parameter λ··k denotes the tail
dependence coefficient where the superscript L and R signify the left and right
tails, respectively. Π11 and Π00 are the two transition probabilities between
two consecutive positive dependence regimes and two consecutive negative
dependence regimes respectively. The standard errors are in round brackets.
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The graphs in Figure 5 also show that the stock–bond dependence does switch between the pos-

itive and negative dependence regimes, especially around financial crises. For example, correlations

switch from positive to negative, then to positive again during the 1987 stock market crisis (except

for France) and the 1997 Asian financial crisis. For the US pair, the correlation also switches from

positive to negative during the 2007 financial crisis. The evidence that the dependence switches

from positive to negative during crises suggests that investments move from the risky downturn

stock market to the safer quality bond markets, a flight-to-quality. Interestingly, during the 2019-

2022 pandemic, the US stock–bond dependence experiences three times of regime switching. It

remains negative in 2020 and switches to positive in the 1st quarter of 2021, then turns to negative

in the last quarter of 2021, and switches again to positive at the beginning of 2022. The negative

dependence in 2020 implies flight-to-quality during the beginning of the pandemic, which is in line

with the evidence found during other crises. Different from the other crises, the dependence is pos-

itive in the 2021 pandemic episode. This is likely related to the Fed’s QE policy, which helps move

both the stock and bond markets upturn. On the other hand, the positive dependence between

the US stock–bond markets in 2022 could be related to the aggressive FFR hikes, which move both

stock and bond markets into a downturn. Out of all the countries, Canada has experienced the

least switches between the positive and negative dependence states, indicating that the Canadian

stock–bond pair are more likely to stay in the same dependence regime than switch between the

regimes.
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Figure 5: Smoothed dependence probability and smoothed correlations

(a) USA (b) Canada

(c) France (d) Germany
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4 Conclusion

This paper adopts a dependence-switching copula model to measure the dependence structure be-

tween the stock and bond markets. The model allows us to identify four different co-movement

directions between the stock–bond markets: both moves lower due to contagion, or both move

higher for a joint booming, or stock moves higher, but bond moves lower, a phenomenon of flight-

from-quality or stocks move lower while bonds move higher, an event of flight-to-quality. Using data

from four developed countries, we find co-movements in all four directions. Specifically, in the pos-

itive dependence regime, the left tail dependence is higher than the right tail dependence, evidence

of stronger co-movement (contagion) in the market downturn than in the upturn. In the negative

dependence regime, flight-to-quality is stronger than flight-from-quality for the US and Canadian

pairs, while the opposite is for German and the French pairs of stock–bond markets. Over time, the

dependence switches from a positive dependence regime to a negative one around 2000, indicating

flights are more evident after 2000. Further, the stock–bond dependence switches between positive

and negative dependence regimes around major crises and the COVID-19 pandemic. Our findings

are important for risk management and portfolio pricing.
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