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We propose a method for learning the  
connections between equities focusing on large losses  
and exploiting this knowledge in portfolio construction. 



•  We refer to the large losses as events.  

•  Given a set of equities A, some of which had 
events and some of which didn’t, learn which 
equities in a disjoint set B, are mostly to 
experience an event on the same day? 

•  Use this learned relationship to construct a 
portfolio containing assets that are less likely to 
have correlated events in the future. 

Problem Statement 



•  Correlation measures give equal weight to small and 
large returns, and therefore the differential impact of 
large returns may be hidden. 
– Conditional Correlation: Starica, C. Multivariate extremes for models 

with constant conditional correlations. Journal of Empirical Finance. 1999. 

•  But conditional correlation of multivariate normal 
returns will always be less than the true correlation. 
– Extreme value theory: Longin, F. and Solnik, B. Correlation structure 

of international equity markets during extremely volatile periods. 1999. 

–  Semi-parametric methods: Boldi, M O and Davison, A C. A mixture 
model for multivariate extremes. Journal of the Royal Statistical Society: Series 
B (Statistical Methodology). 2007.  

Background 



•  A downside of these methods is that the 
linkage is learned independently for pairs of 
time series. Other time series might be lurking 
variables. 
– Partial correlation: Kendall, M.G. and Stuart, A. The Advanced 

Theory of Statistics. Vol. 2: Inference and: Relationship. 1973. 

Background 



•  Transmission of financial shocks by measuring 
by measuring the linkages on extreme returns 
–  Bae, K H. A New Approach to Measuring Financial Contagion. Review 

of Financial Studies. 2003  

•  Linkages on multivariate extreme values 
–  Coles, S.G. and Tawn, J.A. Modelling extreme multivariate events. 

Journal of the Royal Statistical Society. Series B. 1991. 
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guish extreme values.

2.2. Understanding Extreme Returns

Correlation between stocks has traditionally been used
when measuring co-movements of prices, and discov-
ering contagion in financial markets (Richards, 1995;
Bae, 2003). Researchers have also used partial cor-
relations to build correlation-based networks. These
networks are then used to identify the dominant
stocks that drive the correlations present among stocks
(Kenett et al., 2010).

Bae (2003) distinguishes extreme returns in establish-
ing the linkages between financial time series. They
capture the transmission of financial shocks to answer
questions such as how likely is it that two Latin Ameri-
can countries will have extreme returns on a day given
that two countries in Asia have extreme returns on
that or the preceding day. There has been extensive re-
search on multivariate extreme values (Coles & Tawn,
1991; Pekasiewicz, 2007). Chen & Chihying (2007)
provides a method to model the temporal sequence
associations for rare events. Arnold et al. (2007) ex-
amines a host of algorithms that, loosely speaking, fall
under the category of graphical Granger methods to
quantify the connectedness in time series.

3. Method

If the closing prices of the equity j on day T and T �1
are p

T,j

and p

T�1,j

, the return for equity j on day T is
given by r

T,j

= (p
T,j

� p

T�1,j

)/p

T�1,j

. On day T + 1,
we are given historical daily returns for m equities in
a T ⇥m matrix R = {r

t,j

}; 1  t  T, 1  j  m. We
use indexing t for days, and j, k for equities. When
r

t,j

< �0.1 (10% loss), we say that equity j had an
event on day t.

We assume that daily returns (rows of R) are indepen-
dent. While daily returns are generally believed to be
heteroskedastic (White, 1980), since we focus on large
returns that are rare, we can safely assume that the
modeling errors are uncorrelated. We use regulariza-
tion to tackle over fitting. The regularization parame-
ter � is determined by cross validation.

Factor model representation of returns is common in fi-
nance and econometrics (Longin & Solnik, 1999; Khan-
dani & Lo, 2007).

We model the return of equity k on day t by
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In this model, we explicitly learn the factors for equity

k: equity’s active return a

k

, equity’s sensitivity to the
market b

k

, and equity’s connectedness with other equi-
ties w

j,k

, where 1  j  m; j 6= k. The S&P500 index
return (r

t,⇤) averages the returns of all the equities on
a given day.

Our focus is on negative returns, which are not nor-
mally distributed. Therefore, we apply the Box-Cox
transformation to make the daily return samples more
normal distribution-like (Box & Cox, 1964).

We use least squares minimization to estimate the
weights. We find that better performance is achieved,
when we capture the di↵erential impact of certain val-
ues by weighting with a cost function f(x).
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The flexibility in choosing the cost functions allows us
to optimize di↵erent aspects of the problem. For top-k
ranking evaluation, we define events at or below �10%
daily return. We use f(x) = e

�(x�r✓)2 ; r
✓

= �0.1 to
achieve higher accuracy because the maximum ambi-
guity is at the boundary. For portfolio construction
problems, we consider all negative returns, and use a
di↵erent cost function

We can e�ciently compute model parameters (✓ =
{(a

k

, b

k

, w

j,k

|1  k  m, 1  j  m, j 6= k}) by es-
timating the inner products. However, estimating the
weights directly on the observed data is prone to over-
fitting (Bell & Koren, 2007). Therefore, we learn the
parameters by solving the following regularized least
squares problem:
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We use gradient descent to minimize the regularized
square errors. For each r

t,k

2 R, we update the pa-
rameters by:
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Here, ⌘ is the learning rate that is dynamically ad-
justed using line search, and e

t,k

def= f(r
t,k

)(r
t,k

� r̂

t,k

).
We use the last 500 days in the historical data to train
our model. We iterate 100 times for the initial esti-
mate of the parameters. The model is updated daily
to make predictions for the next day. Since this new
training set di↵ers from the previous for only two days,
convergence is achieved within a few iterations.

Active return 

Market Dependency 

Connectedness with 
other equities 

Daily return of stock k on day t 

Method 
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Regularization factor 

Method 

²  Cost function that weights the tails more 
²  E.g., f(x) = e-x/0.05 

Cost function 



•  From the interpolation weights, we built 
connectedness matrix G. 

•  Such a matrix should be positive semi-definite to 
be used in portfolio optimization involving 
quadratic programming.  
– Any positive semi-definite matrix G can be 

decomposed into PPT, where P ∈ Rm×m 

Connectedness Matrix 
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3.1. Connectedness Matrix

In portfolio construction, connectedness between equi-
ties is used to find less correlated assets. Generally, a
covariance matrix C is used to find the optimal diversi-
fication, i.e., minimum variance portfolio. In contrast,
our model uses the connectedness matrix G, which is
learned using the factor model. We assume that the
portfolio is built with m equities that belong to a sec-
tor and the S&P500 index (SPX).

Table 1. Connectedness matrix construction

1 ... j ... m ⇤

1 �2
1 ... w1,j ... w1,m b1

... ... ... ... ... ... ...
j wj,1 ... �2

j ... wj,m bj

... ... ... ... ... ... ...
m wm,1 ... wm,j ... �2

m bm

⇤ b1 ... bj ... bm �2
⇤

We build the connectedness matrix G 2 <(m+1)⇥(m+1)

from the interpolation weights of the factor model, and
demonstrate that it provides better diversification. A
direct construction is given in Table 1. Here, �

2
j

is the
variance of the daily returns of the equity j. ⇤ denotes
SPX.

Such a matrix should be positive semi-definite to
be used in portfolio optimization involving quadratic
programming. Since any positive semi-definite ma-
trix G can be decomposed into PP

T , where P 2
<(m+1)⇥(m+1), we reformulate Equations 1 and 3 as:
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We begin the training by initializing P to P̃ , where P̃

is the Cholesky factorization of the covariance matrix
C, i.e., C = P̃ P̃

T . We compute the covariance matrix
C on historical data. For each r

t,k

2 R, we update P

and a

k

by moving against the gradient. For 1  j 
m; j 6= k, and 1  v  m, the updates are:

⌧t,j = rt,j � dt,j

Pk,v  Pk,v + ⌘(et,k(P⇤,v · rt,⇤ +
X

j 6=k

Pj,v⌧t,j)� � · Pk,v)

Pj,v  Pj,v + ⌘(et,k · Pk,v⌧t,j � � · Pj,v)

P⇤,v  P⇤,v + ⌘(et,k · Pk,v · rt,⇤ � � · P⇤,v)

ak  ↵k + ⌘(et,k � � · ↵k)

3.2. Discussion

In our model (Equation 1), we represent the relation-
ship between the returns of equities after discounting
their interactions with the market. Thus, interpolation
weights w

j,k

resemble partial correlation estimates. In
the factor model, we simultaneously fit the regression
model and learn the correlation weights. Further, reg-
ularization is employed in our model to reduce the like-
lihood of spurious estimates.

For a matrix X, a column vector Y , and a regression
problem expressed as Xw = Y , an explicit solution,
denoted by ŵ is given by: ŵ = (XT

X)�1
X

T

Y . If the
variables are mean adjusted, ⌃ is the covariance of X,
and C is the covariance between Y and each column of
X, it can be rewritten as, ŵ = ⌃�1

C. In Equation 1,
we can observe the similarity between these variables
(X and Y ) and adjusted returns, i.e., y

t

⇡ (r
t,k

�d

t,k

),
and x

t,j

⇡ (r
t,j

� d

t,j

). The connectedness matrix G,
built from the interpolation weights, models the pair-
wise connection between the adjusted returns of two
equities while discounting the connectedness among all
other equities.

4. Results

Though univariate time series of daily equity returns
lack both significant autocorrelation and stationarity,
multivariate time series of returns exhibit consistent
correlation that persist over time. This persistent cor-
relation is what makes portfolio diversification possible
(Borodin et al., 2004; Kalai & Vempala, 2000; Kenett
et al., 2010).

4.1. Data

We use daily return data from CRSP1. We examine
all 369 companies that were in the S&P500 from 2000
to 2011. This time period contains two major finan-
cial crises (2001 and 2008). The set of companies are

1CRSP, Center for Research in Security Prices. Gradu-
ate School of Business, The University of Chicago (2004).
Used with permission. All rights reserved. www.crsp.

uchicago.edu
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²  We use daily return data from CRSP. 
²  Consider 369 companies that were in the S&P500 from 

2000 to 2011. 
²  Build Markowitz portfolios for each sector. 
²  Compare the connectedness matrix built using our method 

(FAC) against covariance (COV) estimated on historical 
returns. 

²  Distribute the capital equally across sectors. 

Experiments 



•  Given all returns for days 1 to T, and returns on day  
T+1 for equities in A, we predict which equities from B 
will have events (losses greater than 10%) on that day. 

•  Rank equities from B according to their likelihoods of 
having events on day T+1. 
–  Evaluate using Mean Average Precision (MAP). 
–  In our experiments, we randomly pick 80% of the equities 

for set A, and the rest for set B, and repeat the process 100 
times. 

Top-K Ranking 



Sectors Ours 
(FAC) 

Correlation 
(CR) 

Partial Correlation 
(PCR) 

Extreme Value 
Correlation(EVCR) 

Consumer Discrt. 0.72±0.082 0.30±0.075 0.45±0.114 0.34±0.101 
Energy 0.81±0.044 0.62±0.073 0.71±0.073 0.86±0.081 
Financials 0.74±0.051 0.44±0.055 0.62±0.062 0.65±0.114 
Health Care 0.78±0.161 0.33±0.144 0.58±0.212 0.27±0.073 
Industrials 0.81±0.087 0.33±0.095 0.56±0.112 0.26±0.067 
Information Tech. 0.61±0.054 0.41±0.057 0.52±0.049 0.42±0.071 
Materials 0.91±0.089 0.70±0.105 0.84±0.215 0.73±0.195 

-  results are averaged over 100 runs 
-  the larger the better 

Top-K Ranking Results 



•  Markowitz portfolio for each sector, from 2001 to 
2011. 

•  Baseline is an MVP portfolio (COV) built using the 
estimated covariance matrix. 

•  FAC is the portfolio built using connectedness matrix 
G that was learnt in our model. 

Portfolio Construction 



Magnitude of the return Gain Loss 

Daily Returns – Energy Sector 



No change from the returns of COV Gain Loss 

Daily Returns – Energy Sector 



Largest daily loss 
dropped from 23% to 16% 

No change from the returns of COV Gain Loss 

Daily Returns – Energy Sector 



Cumulative Returns – Energy Sector 



Measures FAC COV PCR EVCR EW CVaR SPX 

Worst Day -0.04 -0.11 -0.12 -0.09 -0.1 -0.11 -0.09 
Expected Shortfall (5%) -0.02 -0.03 -0.04 -0.03 -0.02 -0.04 -0.2 
Max Drawdown -0.13 -0.6 -0.59 -0.6 -0.6 -0.58 -1.02 
Cumulative Return 6.52 3.68 5.29 1.89 3.2 6.36 -0.09 
Sharpe Ratio 0.14 0.09 0.1 0.2 0.17 0.13 - 

–  COV,PCR, EVCR are portfolios using correlation, partial-correlation, and extreme-
value correlation respectively. 

–  EW: Equi-weighted portfolio  
–  CVaR: portfolio where the optimization minimizes conditional variance at 5% level. 
–  SPX: S&P500 index 

Market Wide Results 



Learning Connections in Financial Time Series. 
 Proceedings of the 30th International Conference on 

Machine Learning (ICML-13). 2013. 
Also appearing in JMLR Volume 28 

This work was supported by Quanta Computers Inc 


