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Motivation
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Figure 1: Dynamic lasso
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http://hintergrundbilder.wallpaperstock.net/cowboy-with-lasso-wallpapers_w11662.html

Motivation

High dimensions
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Figure 2: Daily stock prices (USD)
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Motivation 1-3

Financial stress

Hakkio and Keeton (2009): Key phenomena

1.

AR

Time Varying Lasso

Increased uncertainty about fundamental value of assets
Increased uncertainty about behavior of other investors
Increased asymmetry of information

Decreased willingness to hold risky assets

Decreased willingness to hold illiquid assets
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Motivation

Systemic risk

"Risk of financial instability so widespread that it impairs the
functioning of a financial system to the point where economic

growth and welfare suffer materially.”

ECB, Financial Network and Financial Stability, 2010.

[J Adrian and Brunnermeier (2011): CoVaR as a measure of

systemic risk
[ Hardle et al. (2015): TENET
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Motivation

Financial Risk Meter
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Figure 3: Time series of A (7 = 0.05) from financialriskmeter

Time Varying Lasso

1-5


http://sfb649.wiwi.hu-berlin.de/frm/index.html

Motivation 1-6

Network Dynamics

2007-12-07 Depositories
Insurers
Broker-Dealers

Others
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Figure 4: Financial risk network dynamics Depositories, Insurance, Broker-
Dealers, Others ; T =266, 7 = 0.05.
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Motivation

Challenges

(] Time series of Lasso penalty parameter A
[ Prediction of A

» Volatility
» Multicolinearity
» Significant explanatory variables

(] Monitoring of systemic risk

Time Varying Lasso
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Outline

Motivation v
Lasso in linear regression
Lasso dynamics

Simulation

o~ b=

Real-data application
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Lasso in linear regression

Lasso in linear regression

[] Regression model
Y=XB+¢

with Y:(Yl,...,yn)T,,B:(,Bl,...,ﬁp) X(n><p
iid

Emx1) 2 (0,02)

(] Tibshirani (1996): Estimation using a penalty function

n

p
B= argmﬁin Z (Y,- _Xi75)2 —I—)\Z |B;]
j=1

i=1

with X; = (xi1,...,Xjp) |, tuning parameter A > 0
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Lasso in linear regression 2-2

Geometrical interpretation

[] Quadratic objective function (8 — BOLS)TXTX(B - BOLS)
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6

B2
4
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Figure 5: How does Lasso work

Q MVAlassocontour
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http://quantlet.de/index.php?p=show&id=2963

Lasso in linear regression 2-3

Lasso in REGAR model

[] Wang et al. (2007): Lasso for linear regression model with
autoregressive errors (REGAR)

t=g+1 j=1

2
T q
Q) = QB.9)= 3 { Ve X[ B3 6i(Yerj— XLB)}

(T—q ZWJH (T—gq Zm

Jj=1 Jj=1

6 = arg meinQ(Q), 52 0
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Lasso in AR model

[ Nardi and Rinaldo (2011): Lasso for autoregressive model

1 T p 2 p
*TZ Xe= D ¢iXemj o +ADNloyl,
=1 j=1

Jj=1

A=A {NJj=1....p}} =argminQ(A), A = 0
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Lasso dynamics 3-1

Penalty parameter A

] Osborne et al. (2000): Duality interpretation

ao (Y= XB)'Xp (1)
181

(1 Penalty A dependent on

1. Residuals’ size
2. Condition number x of XX
3. Cardinality of active set g «f Il B llo
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Lasso dynamics 3-2

A dependent on volatility o
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Figure 6: Implied volatility index (VIX) and A for 20070103 - 20150925
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Lasso dynamics 3-3

A dependent on active set g
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Figure 7: Time series of A from TEDAS, Hardle et al. (2015)
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Simulation study

How does \ change

[J] 100 scenarios

(-] Design matrix X, p)

{Xitor ~ Np(0,2),

n = 1000, p = 100

[ Covariance matrix Z(

Lhj=1...,p

pxp)

o = 05!/

Time Varying Lasso
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Simulation study

How does )\ change

1. Volatility change (Ao):
B(IOOXI) = (17 17 17 1a 1) 07 sy O)T
N(0,1), if t < 500

Er

N(0,1.21),  t> 500

2. B change (ApB):
(1,1,1,1,1,1,1,1,1,1,0,...,0)7, if t <500
(1,0.9,08,...,0.2,0.1,0,...,0) T, t > 500

gr ~ N(0,1)

Time Varying Lasso

4-2



Simulation study

How does )\ change

3. Active set g change (Aq):
(1,1,1,1,1,1,1,1,1,1,0,...,0)", if t <500
:{(1,1,1,1,1,0,...,0)T, t > 500
ge ~ N(0,1)
4. Condition number (X" X) change (Ak):
] 12000, (0 = 0.5/"1), if £ <500
e 100000, (o7 = 0.9, t > 500
ge ~ N(0,1), Bioox1) = (1,1,1,1,1,0,...,0)"

Time Varying Lasso

43



Simulation study

Simulation results (Ao)
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Figure 8: Time series of A and g with change of Var(e;) after t = 500,
moving windows of length 110.

» More details
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https://github.com/QuantLet/TimeVaryingPenalization/tree/master/TVPvariance
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Simulation study

Simulation results (Ap)
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(a) Penalty parameter A (b) Cardinality of active set ¢

Figure 9: Time series of A and g with change of j3; after t = 500, moving
windows of length 110.

Q TVPbetanorm
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https://github.com/QuantLet/TimeVaryingPenalization/tree/master/TVPbetanorm
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Simulation results (Aq)
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(a) Penalty parameter A (b) Cardinality of active set q

Figure 10: Time series of A and g with change of g after t = 500, moving
windows of length 110.

Q TVPactiveset
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https://github.com/QuantLet/TimeVaryingPenalization/tree/master/TVPactiveset
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Simulation results (Ak)
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(a) Penalty parameter A (b) Li-norm of B

Figure 11: Time series of A and Lj-norm of 3 with change of K(XTX)
after t = 500, moving windows of length 110.

Q TVPdesign
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https://github.com/QuantLet/TimeVaryingPenalization/tree/master/TVPdesign

Real-data application 5-1

Data description

[ NASDAQ: 100 US financial companies

[] Log returns of daily adjusted stock close prices
[] 6 macroprudential variables

[] Time interval 20070103 - 20150925

[J Source: Datastream, Yahoo Finance
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Real-data application

Financial Risk Meter construction

(] Each company regressed on the others and on the
macroprudential variables

[J LAR algorithm
[J Moving windows of size w = 126
(1 X chosen by BIC criterion

Time Varying Lasso

5-2



Real-data application

Visualizati
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(a) Penalty parameter A

(b) Cardinality of active set q

Figure 12: Time series of A and g for 20070103 - 20150925.
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Real-data application 5-4

. . .
Visualization
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Figure 13: Time series of Ly-norm of residuals and Li-norm of B\ for
20070103 - 20150925.
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Real-data application

Visualization
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Figure 14: Time series of x(X ' X) and maximum eigenvalue of XX,

Smax(X T X), for 20070103 - 20150925.
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Conclusion

Summary

[ Time series of penalty parameter \

[] Dependency of A on

» Residuals
» Active set
» Design matrix

[J Evidence of variation over time

Time Varying Lasso
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Appendix

CoVaR as a systemic risk measure |

Step 1. Estimate linear quantile regressions

Xip = @i +7iMe1 + i,
Xj.e = i+ iMey + BjiXie + &jies

L) Xi ¢ is the log return of a financial institution i,

(] M;_1 are lagged macro state variables.

Adrian and Brunnermeier (2011)
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Appendix

CoVaR as a systemic risk measure |l

Step 2. Generate predicted values under assumption
F;}(T“\/It_l) =0 and Faj,},t(ﬂMt—lei,t) =0,7=(0,1),

— =7 ~ ~

VaR,-J = Qj +'7th—17
— T A5 b’
CoVaR;j; , = &) + 7jiMe-1 + ) VaR; ;.

Adrian and Brunnermeier (2011)

Time Varying Lasso
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Appendix 8-3

Assumptions on Lasso in linear regression

1 Normalized columns of X = (xj)i=1,...n, j=1,...p

n n
nt g xj =0, nt g X,-Jz-=1
i=1 i=1

» Back to "Lasso in linear regression"
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Appendix
Selection of )\ in Lasso

[J Efron et al. (2004)
> Least Angle Regression (LAR) algorithm

[J Zou et al. (2007)
» Bayesian Information Criterion (BIC)

Y = XBO) I | log(n) g

no? n

BIC(A) =

with error variance estimator 52(A\) = n~! || Y — XBOLS 1
and \B/C = arg min BIC()\)

» Estimator of number of effective parameters

df(\) =l BV llo

Time Varying Lasso
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Appendix 8-5

REGAR model

[J REGAR model

Ye=X/B+u, t=1,...,T
Up =P1Us—1 + Pl + ... + PqUg—1 + €,

Xt = (tha cee 7ti)Tr 6 = (/817' o a/BP)Tr ¢ = (¢17- . -ad)q)—ry

iid
€(nx1) ™~ (0, 02)

» Back to "Lasso in REGAR model"
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Appendix

AR model

[ AR model

Xt:¢1Xt—1+"‘+¢pXt—p+6t7 t:].,

£t iid N(0,0?), cov(ee, Xs) =0 for s < t

) {X:} has a MA(c0) representation
oo
Xe = jee
j=0

» Back to "Lasso in AR model"

, T

Time Varying Lasso
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Appendix 8-7

Lasso duality interpretation |

(] Alternative representation

n

p
B = argmféi}n% {Z (Y,- — X,Tﬁ>2} , s t. Z 1Bi| <s (2)
j=1

i=1
with tuning parameter s > 0
(] Notation
f(8) =350 (Vi - X7 8)°
g(B) =27 118jl—s

Time Varying Lasso




Appendix

Lasso duality interpretation |l

[J For (2) as a convex programming problem the Lagrangian is

L(B, ) = £(B) + A& (p)
(] Primal-dual relationship

minimize sup L(3,\) > maximize inf L(3, A
imize sup (8,A) = maximize inf L(5, \)

[J The dual function is igf L(B, ) with

(Y - XB)TXB
15 Il

» Back to "Penalty parameter A"

Time Varying Lasso
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Appendix 8-9

Simulation results (Ao)
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Figure 15: Time series of Ly-norm of residuals and L;-norm of B with
change of Var(e;) after t = 500, moving windows of length 110.

Q TVPvariance
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https://github.com/QuantLet/TimeVaryingPenalization/tree/master/TVPvariance
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Simulation results (Ap)
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Figure 16: Time series of Ly-norm of residuals and L;-norm of B with
change of f; after t = 500, moving windows of length 110.

Q TVPbetanorm
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https://github.com/QuantLet/TimeVaryingPenalization/tree/master/TVPbetanorm
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Simulation results (Aq)
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Figure 17: Time series of Ly-norm of residuals, Li-norm of ,@ with change
of g after t = 500, moving windows of length 110.

Q TVPactiveset
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https://github.com/QuantLet/TimeVaryingPenalization/tree/master/TVPactiveset
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Simulation results (Ak)
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Figure 18: Time series of Lp-norm of residuals, x(X " X) with change of
k(X T X) after t = 500, moving windows of length 110.

Q TVPdesign
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Appendix

Financial companies

8-13

WFC
C

GS
AlG

FNF

Wells Fargo & Company

Citigroup Inc.

Goldman Sachs Group, Inc. (The)
American International Group, Inc.
BlackRock, Inc.

PNC Financial Services Group, Inc. (The)
Capital One Financial Corporation
Prudential Financial, Inc.

Franklin Resources, Inc.

Marsh & McLennan Companies, Inc.
Allstate Corporation (The)

BB&T Corporation

Aflac Incorporated

AMERIPRISE FINANCIAL SERVICES, INC.
SunTrust Banks, Inc.

TD Ameritrade Holding Corporation
Hartford Financial Services Group, Inc. (The)
M&T Bank Corporation

Fifth Third Bancorp

Lincoln National Corporation

Principal Financial Group Inc

KeyCorp

CBRE Group, Inc.

CNA Financial Corporation

Fidelity National Financial, Inc.

BAC

USB

SCHW

TROW

Bank of America Corporation
American Express Company

U.S. Bancorp

Morgan Stanley

MetLife, Inc.

Bank Of New York Mellon Corporation (The)
The Charles Schwab Corporation
The Travelers Companies, Inc.
CME Group Inc.

State Street Corporation
McGraw Hill Financial, Inc.

Aon plc

Intercontinental Exchange Inc.
Chubb Corporation (The)

T. Rowe Price Group, Inc.
Moody's Corporation

Invesco Plc

Northern Trust Corporation
Progressive Corporation (The)
Loews Corporation

Regions Financial Corporation
Affiliated Managers Group, Inc.
Equifax, Inc.

Markel Corporation

Huntington Bancshares Incorporated

Time Varying Lasso




Appendix

Financial companies
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CINF
NDAQ
RJF
AJG
NYCB
TMK
LM
WRB
ZION
HCC
EV
PACW
DNB
CFR
AlZ
BOKF
SLM
ERIE
SNV
UMPQ
BPOP
Fll
FHN
WBS
FNFG

Cincinnati Financial Corporation
The NASDAQ OMX Group, Inc.
Raymond James Financial, Inc.
Arthur J. Gallagher & Co.

New York Community Bancorp, Inc.
Torchmark Corporation

Legg Mason, Inc.

W.R. Berkley Corporation

Zions Bancorporation

HCC Insurance Holdings, Inc.
Eaton Vance Corporation
PacWest Bancorp

Dun & Bradstreet Corporation (The)
Cullen/Frost Bankers, Inc.
Assurant, Inc.

BOK Financial Corporation

SLM Corporation

Erie Indemnity Company

Synovus Financial Corp.

Umpqua Holdings Corporation
Popular, Inc.

Federated Investors, Inc.

First Horizon National Corporation
Webster Financial Corporation
First Niagara Financial Group Inc.

UNM
CMA
ETFC

SEIC
Sive

Unum Group

Comerica Incorporated
E*TRADE Financial Corporation
Alleghany Corporation

SEI Investments Company

SVB Financial Group

Signature Bank

East West Bancorp, Inc.
American Financial Group, Inc.
Hudson City Bancorp, Inc.

City National Corporation
People's United Financial, Inc.
Brown & Brown, Inc.

AmTrust Financial Services, Inc.
Waddell & Reed Financial, Inc.
Commerce Bancshares, Inc.
White Mountains Insurance Group, Ltd.
Old Republic International Corporation
Credit Acceptance Corporation
Stifel Financial Corporation
Prosperity Bancshares, Inc.

CNO Financial Group, Inc.
Morningstar, Inc.

Bank of the Ozarks

MarketAxess Holdings, Inc.
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Appendix 8-15

Macroprudential variables

VIX

Daily change in the 3-month Treasury maturities
Change in the slope of the yield curve

Change in the credit spread

Daily Dow Jones U.S. Real Estate index returns
Daily S&P500 index returns

o E W

Table 1: Macro state variables. Source: Adrian and Brunnermeier (2011),
Datastream.
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