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Motivation

Motivation
Corporate Bankruptcy

e Does a company survive or go bankrupt within the prediction
period?

e Are there any changes in the dynamics of its indicators?
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Motivation

Available Information

fundamental indicators

option and stock trading data
announcements
macroeconomic indicators
corporate governance principles
employee profiles

expert assessments
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Motivation

Applications
e estimating bankruptcy risks

e company bond rating (e.g. AAA, C, BB) based on the default
probability

e loss given default (LGD) estimation (Basel Il)

e pricing of non-traded companies (IPOs, private companies)
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Motivation

General Questions
e What structural changes are typical for failing companies?
e What indicators are most useful for predicting default?

e \What methods should be used to extract maximum information
contained in the performance indicators?
— stock and option markets

— expert assessment

— statistical tools
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Motivation

Bankruptcy Prediction Methods

e Multivariate discriminant analysis Beaver (1966), Altman (1968)
/-score:

-
Z; = a1%i1 + a2xi0 + ... + aqrig = a x4,

where z; = (241, ...,2;4) ' € R? are financial ratios for the i-th
company.

successful company: Z; > z

failure: Z; < 2
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Motivation

Linear Discriminant Analysis
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Motivation

Linear Discriminant Analysis
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Motivation

Bankruptcy Prediction Methods (cont.)
e Probit model Martin (1977), Ohlson (1980)

Elyi|z:] = ® (ap + a1241 + asxio + ... + aqriq), vy; =10,1}

e Logit model

exp(ap + @121 + ... + aqxiq)
1+ exp(ao +a1x;1 + ...+ adxid>

Ely;|z;] =

e Gambler's ruin Wilcox (1971)
e Recursive partitioning Frydman et al. (1985)

e Neural networks (1990's)

Predicting Corporate Bankruptcy with SVMs



Motivation

Linearly Non-separable Classification Problem

A
N 0]
<
o 0 0o
0 o o X Surviving
o companies
(0] 0
o © o X
0 40 X 0 X O
0]
(0] X X
0 X/ 0 4 X X X
0] X 0]
0]
0 0 o X « X
0/ x X X y
Failing 0 o x X X
companies / X «
>
X

10

Predicting Corporate Bankruptcy with SVMs T



Motivation 11

The Benchmark Moody’s Model

Elyi|z;] = ®{aop + Z aj fi(wiz)}

[; are estimated non-parametrically on univariate models

Profit Measures, 5-Year Cumulative Probability of Default, Public Firms, 1980-1999
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Outline of the Talk 12

Outline of the Talk
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2. Support Vector Machines and Their Optimal
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Expected Risk vs. Empirical Risk Minimization
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Support Vector Machines and their Optimal Properties

Support Vector Machines (SVMs)

SVMs are a group of methods for classification and regression that make
use of classifiers providing “high margin”.

e SVMs possess a flexible structure which is not chosen a priori
e Optimality of SVMs is given by the statistical learning theory

e SVMs do not rely on asymptotic properties; they are optimal for
small samples, i.e. in most practically significant cases

e SVMs always give a unique solution

13
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Support Vector Machines and their Optimal Properties

Classification Problem
Training set: {(x;,y;)}"_, with the distribution P(z;,y;).

Find the class y of a new object = using the classifier f: X +— {£1},
such that the expected risk R(f) is minimal.

x; Is the vector of the i-th object characteristics;

y; € {—1,41} or {0,1} is the class of the i-th object.

Regression Problem

Setup as for the classification problem but: y € R
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Expected Risk vs. Empirical Risk Minimization 15

Expected Risk Minimization

If P(x,y) is known, then the expected risk

1
R(P) = [ 510@) = yldP(@.y) = EpylL
can be minimized directly over P(z,y)

fopt — arg ?22 R(f)

Theloss L =1|f(z) —y| = 0 if classification is correct

= 1 if classification is wrong

F is the set of (non)linear classifier functions
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Expected Risk vs. Empirical Risk Minimization

Empirical Risk Minimization

In practice P(x,y) is usually unknown: use Empirical Risk

n

R(f) — %Z%U(l’i) —yi\

Minimization (ERM) over the training set {(z;,y;)}"

- B
Jn = argmin R(f)

16
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Expected Risk vs. Empirical Risk Minimization

Empirical Risk vs. Expected Risk
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Expected Risk vs. Empirical Risk Minimization 18

Convergence

From the law of large numbers

lim R(f) = R(f)

In addition ERM satisfies

i min R(f) = min 7(f)

if “F is not too big".
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Expected Risk vs. Empirical Risk Minimization 19

Vapnik-Chervonenkis (VC) Bound

This is a basic result of the Statistical Learning Theory that already
started in the 1960s:

n n

R < R(7) + o (2, 20)

when the bound holds with probability 1 — n and

; (@7 zn(n)) ~ \/h(ln%” 1) —In(?)

n n n

N

Minimize VC bound — Structural Risk Minimization — search for the
optimal model structure described by S;, C F; f € Sj,.
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Expected Risk vs. Empirical Risk Minimization 20

Vapnik-Chervonenkis (VC) Dimension

Definition. h is VC dimension of a set of functions if there exists a set
of points {z;} , such that these points can be separated in all 2"
possible configurations, and no set {x;}?_, exists where ¢ > h satisfies
this property.

Example 1. The functions A sinfx has an infinite VC dimension.

Example 2. Three points on a plane can be shattered by a set of linear
indicator functions in 2% = 23 = 8 ways (whereas 4 points cannot be
shattered in 2" = 2% = 16 ways). The VC dimension equals h = 3.
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Expected Risk vs. Empirical Risk Minimization 21

VC Dimension (cont.)
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Realization of the SVMs 22

Linear SVMs. Separable Case
The training set: {(z;,y:) ", i = {£1}, ; € R9. Find the classifier

=17

with the highest margin.
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Realization of the SVMs

Let 2 "w + b = 0 be a separating hyperplane. Then d_ (d_) will be the
shortest distance to the closest objects from the classes +1 (—1).

] w+b>+1 fory; = +1
vl w+b< —1fory =1

combine them into one constraint

yile, w+b)—1>0 Vi (1)

The canonical hyperplanes xiTw + b = £1 are parallel and the distance
between each of the them and the separating hyperplane is d+ = 1/||w||.
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Realization of the SVMs 24

Linear SVMs. Separable Case

The margin is dy + d_ = 2/||w||. To maximize it minimize the
Euclidean norm ||w|| subject to the constraint (1).

X"w+b=0

X

2 margin
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Realization of the SVMs

The Lagrangian Formulation

The Lagrangian for the primal problem

1 n
Lp = ol = > audyi(a] w+b) - 1)
1=1

The Karush-Kuhn-Tucker (KKT) Conditions

gful,: =0 & >l oyt =0 k=1,...d
E%—lf =0 & Ylayi=0

yi(z]w+b)—1>0 i=1,...n

OéZZO

ai{yi(zw+b) =1} =0
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Realization of the SVMs

Substitute the KKT conditions into L and obtain the Lagrangian for the
dual problem

n mn mn
Z 1 Z Z T
LD = o; — 5 O&,;Oéjyz‘yjilfz- 333'
The primal and dual problems are
min max L p
wk,,b ag
max L p
07}
S.t.
mn
o > 0 E Q;Y; —
i=1

Since the optimization problem is convex the dual and primal
formulations give the same solution.

26
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Realization of the SVMs

The Classification Stage

The classifier function is:

f(x) = sign(z " w +b)

where

W= Gy
b=(zs +z_) w

x4 and x_ are any support vectors from each class

a; = argmax Lp
o

subject to the constraints.

27
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Realization of the SVMs 28

Linear SVMs. Non-separable Case

In the non-separable case it is impossible to separate the data points
with hyperplanes without an error.
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Realization of the SVMs 29

The problem can be solved by introducing the positive variables {&;}7 4
in the constraints

rlw+b>1-¢ for vy, =1
vl w+b< -1+ for y; =—1
& >0 Vi

If & > 1, an error occurs. The objective function in this case is
1 2 - v
ol + (> €)
i=1

where v is a positive integer controlling sensitivity to outliers
C' controls the generalization power
Under such a formulation the problem is convex.
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Realization of the SVMs

The Lagrangian Formulation

The Lagrangian for the primal problem for v = 1:

:—||w||2—|—C’z:£Z Zaz{y@x w+b) —1+¢&;}

1=1

The primal problem:

min max Lp
Wy ,b,8; g

Z &ifi

30
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Realization of the SVMs

The KKT Conditions

OLp X\
awl,: =0 < wg= Zizl QGYi Tk

G =0 & YLy =0
9L — () < C—oa;—p; =0
yi(z, w+b) —1+& >0

& >0

a; > 0

i =0

ai{yi(zi w+b) —1+&} =0
pi& =0

31
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Realization of the SVMs

For v = 1 the dual Lagrangian will not contain &; or their Lagrange

multipliers

n 1 mn n

LD = Z&i — 5 ZZ&i&jyiijIZ;rﬂij

1=1 1=1 7=1

The dual problem is
max L p
o

subject to

n
> iy =0
i=1
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Non-linear Case 33

Linear SVM. Non-separable Case

A

xw+b=0

margin
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Non-linear Case 34

Non-linear SVMs

Map the data into the Hilbert space H and perform classification there

U:RY— H

Notice, that in the Lagrangian formulation (2) the training data appear
only in the form of dot products :z:;rxj which can be mapped into
U(z;) " U(z;).

If a kernel function K exists such that K (z;,z;) = ¥(x;)' ¥(z;), then
we can use K without knowing W explicitly.
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Non-linear Case 35

Mercer’s Condition (1909)

A necessary and sufficient condition for a symmetric function K(x;,z;)
to be a kernel is that it must be positive definite, i.e. for any data set
x1,..., Ty and any real numbers A1, ..., \,, the function K must satisfy

n

i=1 j=1
Some examples of kernel functions:
112 /262 .
K(zi, ;) = e~ llzi—eill"/20 — Gaussian kernel
K(zi,z;) = (z] m; + 1)P — polynomial kernel

K(x;,x;) = tanh(kz; z; — §) — hyperbolic tangent kernel
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Non-linear Case 36

Classes of Kernels

A stationary kernel is the kernel which is translation invariant

K(xi,ﬂi‘j) = Ks(llf@ — Zlfj)

An isotropic (homogeneous) kernel is one which depends only on the

norm of the lag vector (distance) between two data points

K(zi,xj) = Kr(||z; — 24]|)

A local stationary kernel is the kernel of the form

2137;—|-£Uj

K(jS,ﬂjj):Kl( 9

) Ko (2i — ;)

where K7 is a non-negative function, K5 is a stationary kernel.
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Non-linear Case 37

Matérn kernel

Ki(lwi —x4l]) 1 2vVvlzi — 4l L 2V VT — a4
K1(0) B zv—lr(y)< 0 )P HL( 0 )

where I' is the Gamma function and H,, is the modified Bessel function
of the second kind of order v.

The parameter v allows to control the smoothness. The Matérn kernel
reduces to the Gaussian kernel for v — oo.
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Company Classification with SVMs

Company Analysis

Source: annual reports of the companies from 1998-1999 available
through the Securities and Exchange Commision (SEC) (www.sec.gov)

e n=84.

e 42 companies survived and 42 companies went bankrupt by
2001-2002.

The failing and surviving companies were matched in size and industry.
The bankruptcy was declared by filing Chapter 11 of the Bankruptcy
Code.

38
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Company Classification with SVMs 39

The companies were characterized by 14 variables from which the
following financial ratios were calculated:

1. Profit measures: EBIT/TA, NI/TA, EBIT /Sales;

2. Leverage ratios: EBIT /Interest, TD/TA, TL/TA;

3. Liquidity ratios: QA/CL, Cash/TA, WC/TA, CA/CL, STD/TD.
4. Activity or turnover ratios: Sales/TA, Inventories/COGS.

The average capitalization of a company: $8.12 bin. d = 14
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Company Classification with SVMs

Cluster Analysis of the Companies

Operating  Bankrupt
EBIT/TA | 0.263 0.015
NI/TA | 0.078 -0.027
EBIT /Sales | 0.313 -0.040
EBIT/INT | 13.223 1.012
TD/TA | 0.200 0.379
TL/TA | 0.549 0.752
SIZE | 15.104 15.059
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Company Classification with SVMs 41

Operating  Bankrupt

QA/CL | 1.108 1.361
CASH/TA | 0.047 0.030
WC/TA | 0.126 0.083
CA/CL | 1.879 1.813
STD/TD | 0.144 0.061
Sales/TA | 1.178 0.959
INV/COGS | 0.173 0.155

There are 19 members in the cluster of survived companies and 65
members in cluster of failed companies. The result significantly changes
in the presence of outliers.
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Company Classification with SVMs 42

Company Classification with SVMs.

The Influence of Different Classifier
Complexities
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Company Classification with SVMs
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Figure 1: The case of a low complexity of classification functions (near

linear functions are used, the radial basis is 203!/2). The generalization
ability is fixed (C =1).

43

Predicting Corporate Bankruptcy with SVMs 0




Company Classification with SVMs

15
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Figure 2: The case of an average complexity of the classifier functions
(the radial basis is 2X:'/2). The generalization ability is fixed (C = 1)
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Company Classification with SVMs
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Figure 3: The case of a highly complex classification functions (the radial
basis is 0.53X1/2). The generalization ability is fixed (C' = 1)
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Company Classification with SVMs 46

Company Classification with SVMs.

The Influence of Different Generalization
Abilities
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Company Classification with SVMs
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Figure 4: The case of a very high generalization ability (C' = 0.01). The
radial basis is fixed at 2X1/2
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Company Classification with SVMs

15

Leverage (TL/TA)

0.5

X:

T
-0.5

T
0
Profitability (NI/TA)

T
0.5

Figure 5: The case of an average generalization ability (C' = 1). The
radial basis is fixed at 2X21/2
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Company Classification with SVMs
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Figure 6: The case of low generalization ability (C = 100). The radial

basis is fixed at 221/2
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