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Abstract. Using a variety of copula models, this study examines the correlation and tail dependency 
between UK stock market and gilt market across three distinct economic periods: the financial crisis, 
the Covid-19 pandemic and normal economic period (normal time period in between financial crisis 
and Covid-19 pandemic without economic instability), and investigates how these correlations differ, 
with a particular focus on the extreme correlation. The analysis reveals that the UK stock market and 
gilt market are exhibiting certain correlations in all three time periods, but there’s significant variations 
in the strength of the correlations and tail dependencies.  
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1. Introduction 

The stock market and the gilt market stand as twin pillars of paramount significance within the 

broader financial landscape. Gilts, as securities issued by the government, are typically viewed as 

safe havens, whereas the stock market is characterised by its inherent unpredictability and volatility. 

Gleaning insights into the dynamic interplay between these two markets is pivotal for adept risk 

management and judicious asset allocation, particularly during times of economic downturn and 

uncertainty. This study, with a specific focus on the UK financial market, seeks to elucidate the 

fluctuating degrees of interdependence between the stock and gilt markets under varying economic 

conditions. 

Employing a comprehensive dataset of UK daily stock and gilt market indices, this research spans 

three distinct economic epochs: the financial crisis, the Covid-19 pandemic, and a period deemed 

'normal'. Our objective is to scrutinise and contrast the correlation and tail dependency between the 

stock and gilt markets. By leveraging a suite of copula models to fit the data, we aim to illuminate 

these relationships, with a particular emphasis on extreme scenarios. This approach will enable us to 

discern how shifting market conditions impact the intensity and structure of the interdependencies 

between stocks and gilts, and to offer explanations for the observed variances in these dependencies. 

Over recent decades, the application of copula models within the econometric analysis of financial 

markets has garnered considerable scholarly attention. Copulas provide a framework for modelling 

the correlation between multiple variables, with Sklar’s Theorem (1959) serving as the theoretical 

cornerstone. This theorem posits that any multivariate distribution can be decomposed into marginal 

distributions and a copula, which delineates the dependencies between these marginals. Prior studies 

have employed copula models to investigate the extreme correlation of stock and bond futures 

markets across the US, UK, and Germany (Chin Man Chui & Jian Yang, 2011); to compare bond and 

stock market correlations in various economies (Shalini Agnihotri, 2017); and to probe the extreme 

correlation of international equity markets (Francois Longin & Bruno Solnik, 2002). 

The present study contributes to the existing literature in three principal ways: Firstly, while previous 

research has predominantly focused on the general correlation and dependencies across two or more 

markets, our work extends the analysis to include tail dependence, which specifically captures the 

interrelation of data in extreme scenarios. Secondly, this research encompasses multiple temporal 

segments, with a particular emphasis on two economic disruptions, juxtaposed against a 'normal' 

period, to furnish a robust understanding of how changing market conditions influence asset 
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correlations. Lastly, following our empirical analysis, the paper delves into the interpretation of the 

observed differences in stock-gilt correlations, with a special focus on tail dependency, across distinct 

time periods. 

The structure of this paper unfolds as follows: Section 2 delineates the data and the methodological 

approach employed. Section 3 presents and interprets the empirical findings. Finally, Section 4 offers 

a conclusive summary of the entire paper. 

2. Data and Methodology 

2.1. Data 

This study employs two pivotal datasets to scrutinise the correlation and tail dependency between 

stock and gilt returns, under varying economic conditions. The stock data comprises daily returns 

from the FTSE 350 Index, a benchmark that tracks the performance of the 350 largest companies 

listed on the London Stock Exchange—widely acknowledged as the definitive UK stock market 

indicator. Complementing this, the gilt data encompasses daily returns from 10-year UK government 

securities, obtained from the UK Debt Management Office’s official website. These gilts, 

characterised by their robust liquidity and trading volume, serve as a foundational reference for 

central bank monetary policy formulation. 

Our analysis traverses three distinct economic epochs: the Financial Crisis Period, spanning from 1st 

September 2007 to 31st December 2011—a tumultuous era marked by severe global economic 

downturns and heightened volatility; the Normal Period, delineated from 1st January 2012 to 31st 

December 2019, characterised by relative economic stability and gradual recovery from the financial 

crisis; and the Covid-19 Period, from 1st January 2020 to 31st May 2023, a time defined by the 

unprecedented disruptions and policy responses precipitated by the pandemic. 

The datasets underwent preprocessing to derive log-returns, a relative metric that gauges price 

variations over time. Log-returns are a preferred choice in financial analyses due to their consistency 

across different scales and their superior efficacy in handling data with significant percentage changes. 

Summary statistics for the data are delineated in Table 1. To initiate our exploration of the stock-gilt 

relationship, we computed three established correlation measures: Kendall’s Tau, Pearson Correlation, 

and Spearman Correlation. These conventional correlation techniques offer a foundational 

perspective, essential for elucidating the general correlation between datasets. 

Table 1.Summary statistics of stock and gilt log-returns for financial crisis, Covid-19 pandemic and 

normal period 
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2.2. Copula 

The copula method is a powerful tool in the area of multivariate statistics, enables us to separate the 

marginal distributions from the dependency structure of a given multivariate distribution. This 

concept is justified by the Sklar’s Theorem (1959), according to which, any multivariate joint 

distribution function can be separated into its marginal distributions and a copula function that 

describes the dependency structure between variables: 

𝑭(𝒙𝟏, 𝒙𝟐, … , 𝒙𝒏) = 𝑪(𝑭𝟏(𝒙𝟏), 𝑭𝟐(𝒙𝟐), … , 𝑭𝒏(𝒙𝒏)) 
where  F1(x1), F2(x2), … , Fn(xn) are the uniformed marginal distributions for random variables 

X1, X2, … , Xn respectively, and F is the joint distribution function.  

C: [0,1]d → [0,1] is the copula function which has the property of being invariant under strictly 

increasing transformation of the marginals, also, if the marginals are uniformly distributed on [0,1], 

the copula is also uniformly distributed on [0,1]. And the marginal consistency property can ensure 

that the copula correctly preserves the given marginal distributions in the joint distribution. The more 

detailed and comprehensive description of the copula properties can be found in Martin Haugh (2016), 

An Introduction to Copulas.  

I will use various types of copulas, with different characteristics and properties, to model the 

dependency structure of my data. After that, I will compare the statistics and results of those various 

copula models to see which one gives the best fit to my data and most contributes to drawing 

conclusions. Here’s a list and introduction for them: 

Gaussian copula:  

The Gaussian copula is derived from the multivariate normal distribution, characterized by linear 

correlation between variables. 

The copula function is defined by: 

CGaussian(u1, u2, . . . , un) = ΦΣ(Φ
−1(u1), Φ

−1(u2), . . . , Φ
−1(un)) 

where ΦΣ is the multivariate normal distribution with correlation matrix Σ. 

t-Copula: 

Similar to Gaussian copula, the t-Copula incorporated tail dependence, making it more suitable to 

model data under extreme cases. 

The copula function is defined by:Ct(u1, u2, . . . , un) = tν,Σ(tν
−1(u1), tν

−1(u2), . . . , tν
−1(un)   where 

tν,Σ is the multivariate t-distribution with degrees of freedom ν and correlation matrix Σ.      

Archimedean copulas: are a class of copulas, including but not limited to the following: 

Clayton copula: CClayton(u1, u2) = (max[(u1
−θ + u2

−θ − 1),0])
−
1

θ, θ > 0 

Gumbel copula: CGumbel(u1, u2) = exp [−{(−logu1)
θ + (−logu2)

θ}
1

θ] , θ ≥ 1 

Frank copula: CFrank(u1, u2) = −
1

θ
log (1 +

(exp(−θu1)−1)(exp(−θu2)−1)

exp(−θ)−1
) , θ ≠ 0 

Among all the copula models listed, the Gaussian copula is the most simple and straightforward one, 

making it easy to implement and very popular. But the Gaussian copula doesn’t have tail dependence 

in theory, which limits its usefulness in certain scenarios. Also, the Gaussian copula is not suitable 

for modeling non-linear relationships due to that its dependency structure is based on linear 

correlation. In contrast, the t-Copula captures both upper and lower tail dependence, but it is more 

complex to estimate and interpret. Frank copula covers a wide range of dependency structures, which 

provides it with high usefulness, but it also doesn’t have tail dependence. Different from the copulas 

described above, the Gumbel and Clayton copulas are both asymmetric, the Gumbel copula has only 

upper tail dependence and the Clayton copula has only lower tail dependence. 
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Here, in this study, I will use the pseudo-maximum likelihood estimation to estimate copulas, which 

is a common and useful way. I first performed the Shapiro-Wilk Test to test the normality of my data, 

the test results are shown in Table 2, which gives very low p-value for both stock and gilt returns in 

all three periods, indicating that the data does not display a normal distribution. In this way, I choose 

to estimate the marginal CDFs using the empirical CDF of x1,j, x2,j, . . . , xn,j , which is 

𝐹
̂

𝑋𝑗
(𝑥) =

∑ 1{𝑥𝑖,𝑗≤𝑥}
𝑛

𝑖=1

𝑛 + 1
.
 

Table 2. Test results of the Shapiro-Wilk Test for normality, the Stock p-value and Gilt p-value 

indicate the tested p-values for stock and gilt data respectively. The p-value less than 0.05 rejects 

the null hypothesis, suggesting the data is not following a normal distribution 

 

 

Then estimate the copula parameter using the CDF value for each data point by maximizing  

∑
i=1

n

log [cX (F
̂

X1(xi,1), … , F
̂

Xd
(xi,d) ∣ θC)], 

where θC is the copula parameter.  

2.3. Tail Dependence 

Not only examining the correlation between stock market and gilt market by using traditional 

correlation coefficients and copula techniques, this study also investigates the dependence of the 

upper and lower parts (extremes) of the returns of these two assets using the technique called tail 

dependence. Generally, most dependence measurements consider the entire distribution of two or 

more random variables, but the dependency between the extreme parts of two distributions may be 

different from that in general cases.  

Tail dependence just measures the possibility that two random variables attain extreme parts of their 

distributions simultaneously, it provides a deep insight into the joint behavior of variables in the tails 

of their distributions, which is imperative for risk management in financial analysis. When two 

markets are calculated to have high tail dependence coefficients, it infers that they are likely to 

experience extreme gains or losses simultaneously. 

Tail dependence is quantified by tail dependence coefficient, which measures the magnitude of 

dependence in the extreme parts of two distributions. The upper tail dependence coefficient λU , 

defined as the probability that the return of one asset exceeds a certain high quantile given that the 

another asset also exceeds that quantile, is calculated as: 

λU = lim
u→1−

Pr(U2 > F2
−1(u) ∣ U1 > F1

−1(u)) = lim
u→1−

1−2u+C(u,u)

1−u
, 

similarly, the lower tail dependence coefficient λL is calculated as: 

λL = lim
u→0+

Pr(U2 ≤ F2
−1(u) ∣ U1 ≤ F1

−1(u)) = lim
u→0+

C(u,u)

u
, 

where U1 and U2 are the uniform marginals, F1
−1(u) and F2

−1(u) are the quantile functions of the 

respective marginals. 

Because some copula models such as Gaussian copula doesn’t have a tail dependence coefficient in 

theory, in order to compare the fits of different copulas to tail dependency, I select a range of upper 



 

469 

tail u value from 0.950 to 0.995 with an increment of 0.005, and corresponding lower tail u value 

from 0.050 to 0.005 to approximate the value of tail dependence coefficients. This also allows me to 

analyze the change of tail dependence coefficients along with the change of u value. 

Figure 1 is the scatter plot of the log-returns of stock versus gilt for three distinct periods, which can 

visualize the general correlation and tail dependence properly. The two dashed lines at x = 0.97 and 

y = 0.97 indicate the thresholds, above which both stock and gilt returns are in their upper tails, very 

close to the most extreme values observed. Manually count the number of dots that fall into the upper 

right corner region and divide by the total number of dots that is on the right of x = 0.97 gives the 

conditional probability that gilt return exceeds its upper tail threshold given that stock return is also 

above its upper tail threshold, which is the upper tail dependence with u = 0.97. 

 

Figure 1. Scatter plot of the log-returns of stock vs. gilt across three economic periods. 

The dashed lines of x = 0.97 and y = 0.97 are used for visualizing the upper tail dependence 

3. Empirical Results and Interpretation 

3.1. Data and Simple Correlations 

Based on the summary statistics in Table 1, the mean returns for both stock and gilt are exhibiting 

similar levels across three time periods. The standard deviation of stock returns is generally lower 

than that of gilt returns, indicating the gilt market are more volatile for all three periods. The most 

volatile time period is Covid-19, followed by normal period and then financial crisis in terms of gilt 

market. This significantly higher volatility in gilt market may be due to the uncertainty caused by 

central bank monetary policy during the pandemic. However, the financial crisis is the time period at 

which the stock market being the most volatile, followed by Covid-19 and normal period, which 
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reflects the financial crisis caused a strong turbulence in stock market. According to the percentile, 

the gilt returns are more spread out than the stock returns in general, the stock market has the largest 

IQR during the financial crisis, which represents relatively unstable market conditions, this accords 

with the results of standard deviation. While the gilt market are most spreading during the Covid-19. 

The skewness and kurtosis of both assets are significant compared with the standard skewness of a 

normal distribution. Stock returns are negatively skewed across all three periods, gilt returns, on the 

other hand, displayed negative skewness only at financial crisis. This tendency of kurtosis and 

skewness indicates that the data is having heavy tails and high possibility of observing extreme values.  

According to the summarized correlation coefficients in Table 3, the strength of stock-gilt correlation 

varies across three periods and also varies among different correlation measures. The correlation 

coefficients are highest during financial crisis across all three measures, suggesting that both assets 

were affected the same way under such economic conditions. On the contrary, the correlations during 

the normal period is the weakest, indicating the returns of stock and gilt are less likely to move 

together. This may be due to the excess government interventions during crisis, and also consistent 

with the idea that different financial markets may be more correlated as investors react to economic 

recessions or risks. The correlations at Covid-19 is close to that at normal period, which may be 

because the UK government carried effective measurements and monetary policies to help recover 

the economy during pandemic. The Pearson correlation, which measures linear relationships, is 

generally higher than Kendall’s Tau and Spearman correlations, suggesting the linear relationship 

between the two assets is relatively stronger than rank-based relationships. 

Table 3. Correlation coefficients calculated by three distinct traditional correlation methods 

 

 

3.2. Copula and Tail Dependence 

Table 4 displays the copula modeling results for each period, containing the estimates, the MLE 

(Maximum Likelihood Estimation) and AIC (Akaike Information Criterion) value, and the standard 

errors. A higher MLE value indicates the model provides a higher likelihood of generating the 

observed data, in other words, suggests a better fit to the data. The MLE value is calculated by 

maximizing the log-likelihood function: 

logL(θ|X) = ∑
i=1

n

logf(xi|θ) 

where f(xi|θ) is the probability density function for the i-th observation, given the parameter θ. 
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Table 4. Modeling results for different copula models across three economic periods 

 

 

 

 

A more negative AIC value generally indicates a better model, which explains the data with fewer 

parameters, in other words, suggests a better goodness of fit and simplicity. The formula for AIC 

value is calculated as: 

AIC=2k-2logL(θ
̂

|X) 

where k is the number of parameters in the model and logL(θ
̂

|X) is the log-likelihood evaluated at 

the maximum likelihood parameter estimates θ
̂
. 

The highest MLE values and the most negative AIC values for t-Copula across all three periods 

indicate that t-Copula gives the general best fit to our data during every economic period we selected. 

And we can conclude from the estimates of copula models that UK stock market and gilt market are 

exhibiting mild and similar dependence at the Covid-19 and normal period, this is consistent with the 

conclusions we drawn previously from the simple correlation coefficients. However, for the financial 

crisis period, the dependency between stock market and gilt market increases significantly, the 

estimate of t-Copula doubles at financial crisis compared with that at normal and the Covid-19 period, 

and the estimates of other copula techniques also have a considerable increment at financial crisis. 

The standard errors are generally low across all periods and copula models, indicating precise 

estimates. 

Table 5 presents the tail dependence results evaluated with each copula model and the empirical tail 

dependence on real data. The results show that the empirical lower tail dependence is higher across 

all three periods, this indicates that during economic recession or market downturns, stock and gilt 
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returns tend to decline together more strongly, in simple words, the stock and gilt markets are more 

synchronized during economic bad times. Also, the dependency level at extreme cases is weakest 

during normal period, and the tail dependency is higher and similar for financial crisis and Covid-19 

period, indicating that the extreme correlations of stock and gilt markets are more significant during 

market instability periods. This is different from the general dependency level we evaluated using the 

copula estimates and simple correlation coefficients, where normal and Covid-19 periods have low 

and similar correlations.   

Table 5. Tail dependence estimations for different copula models and the empirical tail dependence 

across three economic periods. The row indexes represent the upper tail u values we selected to 

approximate the tail dependence, each upper-tail u also corresponds to a lower tail u which 

equals 1 − uupper . The format of the elements in the table follows: (upper tail dependence, lower 

tail dependence) 
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Comparing the tail dependence results evaluated by each copula models and the empirical tail 

dependence, we can conclude that t-Copula is not only the best copula technique for analyzing the 

correlation in general case, but also a robust choice for evaluating the tail dependence of stock and 

gilt markets which represents the level of dependency between these two assets in extreme cases. The 

only exception is at Covid-19 period, Clayton copula provides a slightly better  estimation for the 

lower tail dependence than t-Copula. 

3.3. Interpretation of Results 

The correlation between stock and long-term government bond returns has been a subject of extensive 

research in the literature, including studies by Baele et al. (2010), Baele and Holle (2017), Campbell 

et al. (2017), Christiansen and Ranaldo (2007), David and Veronesi (2013), and Guidolin and 

Timmermann (2007). The impact of monetary and fiscal policies on these returns has also been 

investigated. For instance, Song (2017) suggests that an aggressive monetary policy can lead to a shift 

in the stock-bond correlation. Erica et al. (2022) emphasize the role of a mix of monetary and fiscal 

policies in explaining changes in returns correlation using a general equilibrium framework. Most of 

this research focuses on the US market, which makes the findings of this study particularly valuable 

as they provide insights into the correlation between the UK stock and gilt markets across different 

economic periods. 

Erica et al. (2022) argue that a proactive monetary policy, which causes interest rates to fall more 

than inflation, stimulates output and consumption, amplifying the effect of positive technology shocks. 

This, in turn, improves corporate profits and pushes up stock prices, while also leading to higher long-

term government bond prices. Consequently, the stock-bond return correlation is positive in response 

to technology shocks and active monetary policy. However, during the financial crisis, the aggressive 

monetary policy, as evidenced by the Bank of England's substantial reduction of the base rate, resulted 

in a higher positive correlation between stock returns and yield changes, indicating a stronger negative 

correlation between stock and bond returns. 

The Covid-19 pandemic presented a unique economic shock characterized by market turbulence, high 

unemployment, and recession, similar to the financial crisis. Despite the already low interest rate, 

monetary action was limited, and proactive fiscal policy became the dominant factor. Erica et al. 

(2022) posit that a proactive fiscal policy combined with a reactive monetary policy would lead to a 

negative stock-bond return correlation due to investment shocks and diminished technology shocks. 

This is consistent with the results of this study, which show a positive correlation between stock 

returns and long-term gilt yield changes during the Covid-19 period, reflecting a negative stock-bond 

return correlation when the UK government pursued aggressive fiscal policies. The general stock-gilt 

correlation during Covid-19, while substantial, was not as significant as during the financial crisis 

period, potentially due to the successful policies and measures implemented by the UK government 

to stabilize the market and labour market. Moreover, some literature suggests that fiscal policy 

generally has less impact on stock-bond return correlation than monetary policy. 

Despite the lower general correlation, the tail dependence of stock and gilt markets during Covid-19 

is almost as high as during the financial crisis period. This suggests that the pandemic's crisis nature 

caused similar market instability and panics to the financial crisis. The importance of measuring tail 

dependence in financial market correlations is evident, as simple correlation and general copula 

models may fail to capture such dependence under extreme market conditions. The notably lower 

correlation and tail dependence between stock and gilt markets during the normal period indicate that 

the returns of the two assets are not influencing each other considerably during economic stability. 

The consistent high performance of the t-Copula in fitting the data across different economic periods 

supports its status as the best copula model among those assessed in this study. 
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4. Conclusion 

Employing stock and gilt market data spanning three distinctive economic epochs—the financial 

crisis, the Covid-19 pandemic, and a period of normalcy—this study applies a suite of copula models, 

encompassing Gaussian, t, Frank, Gumbel, and Clayton copulas, to investigate and contrast both the 

general dependency structure and the tail dependency between these two financial assets under 

varying market conditions. 

Evidence elucidates a positive general correlation between stock returns and gilt yield changes, 

signifying a negative correlation between stock and gilt returns, which is most pronounced during the 

financial crisis, and comparatively lower during the Covid-19 pandemic and normal period. Notably, 

during the Covid-19 pandemic, while the general correlation is less pronounced than during the 

financial crisis, the tail dependence remains strikingly high, underscoring the imperative of analysing 

both general correlation and tail dependence to fully comprehend the interrelationship between the 

two assets. 

Moreover, the study's findings on tail dependence reveal that both the financial crisis and Covid-19 

periods exhibit heightened tail dependence relative to the normal period, illustrating that extreme co-

movements between stocks and gilts become more pronounced under conditions of economic 

instability. This observation aligns with Chin & Yang (2011), which examines extreme stock-bond 

correlations in the UK, demonstrating that empirical lower tail dependence is consistently higher than 

upper tail dependence. This suggests that extreme co-movements are more intense during economic 

downturns than in periods of economic prosperity. 

Finally, the implementation of multiple copula models in this paper facilitates a comprehensive 

comparison of their efficacy in fitting market data and capturing the dependency structure. The t-

Copula model emerges as the most efficacious, rendering it well-suited for modelling correlations in 

financial markets, particularly during periods of market volatility. However, the t-Copula is not 

without limitations, as its symmetric property may lead to reduced accuracy, and it is outperformed 

by the Clayton copula in modelling tail dependence during the Covid-19 period. Consequently, future 

research should explore the application of more sophisticated copula models, such as the SJC copula, 

to more accurately capture the potentially asymmetric tail dependencies between financial assets. 

Expanding the analysis to incorporate a broader array of asset types, such as foreign exchanges or 

corporate bonds, or conducting comparative analyses between different countries could provide a 

more robust understanding of how various markets interact under differing economic conditions and 

policy environments. This knowledge is of immense value to policymakers and market participants, 

including portfolio managers. 

In summary, the research underscores the complex interplay between stock and gilt markets under 

varying economic conditions, highlighting the significance of tail dependence analysis. The findings 

support the use of the t-Copula for modelling market correlations, while also indicating the need for 

further exploration of advanced copulas to refine the understanding of asymmetric tail dependencies. 

A wider investigation into diverse asset types and comparative analyses across countries would 

significantly enhance our knowledge of market interactions, benefitting a multitude of stakeholders 

in the financial sector. 
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