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Disclaimer

The opinions expressed in this presentation and on the following slides are solely those of the 
presenter and not necessarily those of ING or past employers.



Postdoctoral researcher at UvA Computational Science Lab and Quant at ING FM Quantitative 
Analytics. 

Joined ING in 2016 and did my PhD as a Marie Curie fellow at  

Background in risk analytics and modelling (EC, Stress Testing, Credit Risk). 

BSc & MSc in Applied Mathematics (Athens), MSc in Financial Mathematics (Edinburgh).
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Prof. Drona Kandhai 
Professor of Computational Finance at UVA  
Head of FM Quants NL at ING
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Multiple financial time series:

temporal cross-correlations
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Multiple financial time series: temporal cross-correlations

From single to multiple time series 
In financial markets, several assets are traded simultaneously. 
Looking only at individual assets necessarily means ignoring interactions. 
Cross-correlations among different time series are a first step towards studying interactions. 

Theoretical importance 
Correlations probe the microscopic interactions between buyers and sellers.  
Obvious correlations between related companies. Are there less obvious ones? 
Separate collective behaviour (market-wide) from individual or group behaviour. 

Practical importance 
Portfolios with highly correlated assets increase the probability of large losses. 
We need parsimonious factor models that can capture the dependence structure efficiently. 
Can we construct optimal portfolios based on cross-correlations? (Markowitz, 1959)



Credit default swaps
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Multiple financial time series: temporal cross-correlations

General definition 
Correlation coefficient between two time series i and j: 

 

Possible range of correlations:    
For standardised time series 

Standardise the log-returns:    

(this removes simple heterogeneities across different assets). 

Then the correlation matrix simplifies to:   

Cij(Δt) =
⟨ri(t, Δt)rj(t, Δt)⟩t − ⟨ri(t, Δt)⟩t⟨rj(t, Δt)⟩t

[⟨r2
i (t, Δt)⟩t − ⟨ri(t, Δt)⟩2

t ] [⟨r2
i (t, Δt)⟩t − ⟨rj(t, Δt)⟩2

t ]
−1 ≤ Cij(Δt) ≤ + 1, Cii = 1

ri(t, Δt) →
ri(t, Δt) − ⟨ri(t, Δt)⟩t

σi(Δt)

Cij(Δt) = ⟨ri(t, Δt)rj(t, Δt)⟩t



Prices are not independent random walks
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In real markets asymmetric distributions are systematically observed 

Example: Pairwise correlations 
extracted from the CDS 
spreads of N = 786 issuers 
during the period 2007-2016 
(T = 2608). 
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Multiple financial time series: eigenvalue spectrum

Random Matrix Theory: Wishart matrices  
Correlation matrix of N independent time series of length T, with T ≥ N. 
The eigenvalues asymptotically follow the Marchenko-Pastur distribution: 

 

 

where  

ρ(λ) =
T
N

(λmax − λ)(λ − λmin)
2πλ

if λmin ≤ λ ≤ λmax

ρ(λ) = 0 otherwise

λmin ≡ [1 −
N
T ]

2

and λmax ≡ [1 +
N
T ]

2
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Multiple financial time series: eigenvalue spectrum

Real financial correlation matrices 
Correlation matrix extracted from the CDS spreads of N = 786 issuers during the period 
2007-2016 (T = 2608).  
The bulk is consistent with RMT but there are extremely large deviating eigenvalues.  

 is ~ 170 times larger than expected (market mode?). 
By contrast, shuffled time series are perfectly consistent with RMT.
λmax

λmax
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Community detection:
from networks to cross-correlations



Can we identify modules that are positively correlated internally and negatively correlated 
across?
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Challenges: noise and global signal.

We want to detect modules from plus and minus signs
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Network community detection?

Pretend your correlation matrix is a weighted network and maximise modularity 

 

where   is a null model - but which model?  

 

inconsistent with properties of correlations: 
correlation matrices are not weighted networks! 

Q(σ) =
1

Cnorm

N

∑
i, j=1

[Cij − ⟨Cij⟩] δ(σi, σj)

⟨Cij⟩

⟨Cij⟩naive =
sisj

2W
=

Cov[Xi, Xtot] ⋅ Cov[Xj, Xtot]
Var[Xtot]

= Corr[Xi, Xtot] ⋅ Corr[Xj, Xtot]

si =
N

∑
l=1

Cil = Cov[Xi, Xtot] and 2W =
N

∑
i, j=1

Cij = Var[Xtot]



Eigenvalues of <C>naive 

 λ = 0 with multiplicity N − 1

λ =
N

∑
i=1

Corr[Xi, Xtot] with multiplicity 1
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Null model <Cij>naive 

M. MacMahon, D. Garlaschelli (2015), Physical Review X 5, 02106.

{

… only one community detected.

http://dx.doi.org/10.1103/PhysRevX.5.021006


A null model based on the spectra of random correlation matrices
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ρ(λ) =
T
N

(λ+ − λ)(λ − λ−)

2πλ
if λ− ≤ λ ≤ λ+

λ± ≡ [1 ± N
T ]

2
Marchenko-Pastur distribution, 
valid for 0 < lim N/T < 1

Market (m)

Groups (g)

Random (r)

Spectral decomposition of empirical correlation matrix: 

 C = C(r) + C(g) + C(m) C(m) ≡ λm |vm⟩⟨vm | C(r) ≡ ∑
i:λi≤λ+

λi |vi⟩⟨vi |



New null model:   
(null hypothesis = market mode + random modes)

⟨Cij⟩ = Cm
ij + Cr

ij
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C

A

B

C

A

B

Communities 
have overall positive 
internal correlation 

and negative (relative) 
cross-correlations.
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Hierarchical market structure revealed



Divergence from initial community structure over time
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Divergence from initial community structure for different sampling 
frequencies

20



Pair co-occurrence: hard cores and soft peripheries
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Fixed time window 
(2007-2016), 

multiple frequencies 
(1 day to 1 month) 

Fixed frequency 
(1 day), 

multiple time windows 
(6 months over 2007-2016) 
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Harnessing the power of communities

to improve portfolio risk modelling
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A model for the calculation of Default Risk Charge (DRC)

DRC is a capital requirement intended to capitalise default risks in the trading book 
Regulatory framework requires a default simulation model with multiple systematic risk 

factors of two types. 
Default correlations must be based on credit spreads or listed equity prices, covering a 

period of 10 years which includes a period of stress. 
Common practice to consider global + sector or global + region factors. 
We can define factors based on the detected communities and subcommunities as cross-

sectional averages at each time point.

The model 
based on global + 

subcommunity factors 
offers a better fit than 

the other two-factor 
models
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Better reproduction of the dependence structure

Correlation 
errors for the model 
based on global + 

subcommunity  are 
heavier around zero 

and have thinner tails.
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Numerical experiments

Four synthetic test portfolios to study the properties of the proposed framework 

Portfolio A: Long-only portfolio consisting of 36 sovereign issuers from the iTraxx SovX index 
family. 

Portfolio B: Long-only portfolio consisting of 89 corporate issuers (Financials and Non-
Financials) from the iTraxx Europe index. 

Portfolio C: Long-only consisting of 125 issuers from Portfolio A and Portfolio B combined. 
Portfolio D: Long-short portfolio consisting of 22 long positions on issuers from Financials 

and 22 short positions on issuers from Non-Financials from the iTraxx Europe index selected 
such that the average default probability between the two groups is the same.

Portfolio creditworthiness
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Numerical experiments

The model 
based on global + 
subcommunity  is 
always among the 
most conservative
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Summary
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Thank you for your attention

Questions? 

ioannis.anagnostou@ing.com 

mailto:ioannis.anagnostou@ing.com



