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Abstract

In this paper, we'll examine the effect of Cauchy errors in a linear model on the perfor-
mance of the least squares and maximum likelihood estimators with the aid of two factors;
the sample size and the Cauchy scale parameter. A sampling distribution of one hundred
experiments was done to judge the estimation process in the case of least squares method.
On the other hand, multivariate Newton Raphson method was used to calculate the unique
solution of the partial derivatives of the log likelihood function. The uniqueness of the solu-
tion is proved for a known location parameter and unknown scale parameter. At the end, a
comparison is held based on the experimental methods done.

The methodologies used were implemented on R language.
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Introduction

The assumption of normality in stochastic modeling has been adapted to almost statistical
inference. This assumption had not been questioned until the time of Pareto. As a result,
it is very important to test the cffect of infinite variance distributions on the performance
of the conventional statistical methods’ estimators specifically the least squares method and
the maximum likelihood estimation. This study will mainly focus one of the most extreme
members of the infinite variance family which is the Cauchy distribution. The fact that
Cauchy distribution can result as a ratio of normal variables or even the ratio of non-normal
variables makes our study very reasonable and cfficient. Morcover, it is not unreasonable to
suggest that the Cauchy can’t arise in some applied economic research because the modeling
of investment expenditures Resek’s calls for the ratio of investment in constant dollars to
capital stock which may lead to a Cauchy distribution.

Blattberg and Sargent have shown that the OLS (ordinary least squares) estimator doesn’t
perform well in the estimation of linear models with non gaussian errors. Consequently, the
relevant question becomes whether the performance of OLS with models following Cauchy
errors can be applicable for small samples or not. Moreover, this arouses the question about
the factors that affect the performance of OLS estimators. Since the theoretical results don’t
give any evidence for the threshold sample size for the use of OLS, a series of sampling ex-
periments have been performed to test the effect of the sample size and the Cauchy spread
parameter on the OLS estimators’ performance.

The maximum likelihood estimation method is also tested regarding the sample size and
the Cauchy spread parameter. Multivariate Newton Raphson method is used to find the
solution of the log of the likelihood function due to the lack of closed form solutions for a
sample size greater than 4. The Newton Raphson method is implemented using R language.



Preliminaries

0.1 Continuous Random Varaibles

Definition 0.1. Continuous Random Variables

A random wvariable is a mapping X: 5— R from the sample space S to the real numbers
inducing a probability measure Px(B)=P{(X~YB)),B € R.

A random variable is said to be continuous if there exists fx : R — R such that Px(B) =
/. wep fx{x)dx where fx is the probability density function {pdf) of X.

0.2 Cumulative Distribution Function

Definition 0.2. Cumulative Distribution Function
The cumulative distribution function (cdf) is given by Fx(z) = [*_ fx(t)dt Vz € R.

0.3 Probability Density Function

Definition 0.3. Probability density function
The probability density function is the derivative of the cumulative distribution function given

by fx{(z) = ad;Fx(x)-

0.4 Expectation and Variance

0.4.1 Expectation

Let X be a continuous random variable. The expectation or the mean is px or Ex(z) defined
by Ex(X) = [7 zfx(z)dz.

Linearity of Expectation

Clearly, we can see that Ex(aX +b) = aEx(X)+0b



0.4.2 Variance

Definition 0.4. The variance of a continuous random variable is given by o2 or Var x(X) =
Ex(X ~ px)* = [Z{x - px) fx(z)dz

It is easy to show that Varx(X) = Ex(X?)—Ex(X )2. Moreover, for a linear transformation
Varx(aX +b) = a®Varx(X).

0.4.3 Moment Generating Function

Definition 0.5. Moment Generating Function
The moment generating function is defined as Mx(t) = E{e’X) = [ e fx(z)dz.

Theorem 1 (Central Limit Theorem). Central limit theorem is the second fundamental the-
orem of probability. It states that if S, is the sum of n identically independent random vari-

%’%’iﬁ < z) —&(z)

ables X; having finite mean (ux ) and variance ( 02) then lim, P(

where ® is the normal cumulative distribution function.

0.5 Linear Regression

Definition 0.6. Regression Analysis
Regression analysis is the art and science of fitting straight lines to patterns of data. The
independent variable Y in a linear regression model is predicted from k other independent
variables Xy, Xa,....,Xx. The value of Y at time t is determined by the following linear
equation

Y, = Bo+ B Xu + BeXog + oo + B Xt + &

where the betas are constants and the epsilons are independent identically distributed normal
random variables with mean 0 and variance equal to 1. Epsilons are called the noise. (B is
called the intercept of the model and By, are called the multiplier or coefficient of the variables
Xirs-

The corresponding equation for predicting Y; from the corresponding values of the Xy
is
Y, =by+ b1 X1 + b2 Xo + ... + b Xk

where the b/, are the estimates of the 3y, obtained by least squares method.



Chapter 1

Cauchy Distribution

The Cauchy distribution is, also called the Lorenztian distribution, is a continuous function
which describes the distribution of horizontal distances at which a line segment titled at a
random angle cuts the x-axis. let 6 be the angle that a line with a fixed point of rotation
makes with the vertical axis as shown in the following figure.

X

Figure 1.1: Cauchy distribution description

x
tanf = —
an 3
z
= arctan =
f = arctan 5
1 dz
W=—"2%
1+ I
so the distribution of @ is given by:
111 - dz
™ ™ z° b
1+ %



1.1 The Standard Cauchy Distribution

Let X be a random variable,then X has the standard Cauchy distribution if it has the fol-
lowing probability density function:

1.1.1 Cumulative distribution function

X has a cumulative distribution function given by:

T

F(z) = / f(t)dt = — arctant = —arctanz + 3
oo T

1.1.2 Expected Value

The expected value of a Cauchy distribution doesn’t exist.

Proof. By definition -
E(X)z/ zf{z)dz

-

For the latter improper integral not to exist at least one of the integrals [~ zf(z)dz or
J2. zf(x)dz doesn’t exist.

z 1 o

E(X):/oo:cf(m)dz=/wmda:=%ln(1+x2) = 00

Consequently, the expected value doesn’t exist.

11



1.1.3 Characteristic Function

The expected value of the function exp{itx) is called the characteristic function for the prob-
ability distribution f(x), where t is parameter that can have any real value and i is the square
root of -1. That is to say, the characteristic function of fx) is

Oft) = Elexplitz)) = / exp(itz) f(z)dx
X has a characteristic function © given by
{(t) = Xy / itr
Oft) = E{e"") _ooe ——“ﬂ(1+z2)d$

This integral will be computed using Cauchy’s integral formula. Suppose first that t> 0.
For r>1, let I', denote the curve in the complex plane consisting of the line segment L, on
the x-axis from -1 to r and the upper half circle C, of radius r centered at the origin. We
give I, the usual counter-clockwise orientation. On the one hand we have:

eitz eitz eitz
= =g _© 4
/r, 1+ 2% /L A+t /c A+ 2"

We have on L, z=x so dz=dx then

eitz d T eita: d
/Lr (1 + 22) 2= /_r (1 + z2?) o

Now on C,, we have {e?**| < 1 and {l—_:z—gl < T2—1_1 thus we obtain

ett? 1 r
— dl < ——7r = —0asr—
/cr (1 + 2%) z‘ Sre oD o1

itz

Let g(CL') = 'ﬂ(i—_*_zg—)‘

We notice that g(x) has one singularity inside I'; at i. Thus, the residue

eitz eitz e—t

e gt _e
1513}(2 Z)7r(1+22) le»I}W(z+i) 2mi

" Hence by Cauchy’s integral formula,

itz —t
/ ~—e—dz = 2m’e—, =et
r, m(1+4 2?) 27
Letting r— oo we get

12



]00 —Em dr =et
oo M1+ 32)

For t<0, choose the change of variable u=-x to get

o0 et o -t .
——dz = ————du=¢
/_.C,{J (1 + z?) /_oo (1 + u?) u=e

Hence the characteristic function of the Cauchy distribution is given by ©(t) = exp{(—it|).

1.1.4 Ratio of independent normal variables

Let ng where both Y and Z follow a standard normal distribution. Then X follow a stan-

dard Cauchy distribution. By definition, Z?2 follow the Chi-Square distribution with a degree
of freedom equal to 1 and independent with Y. Hence also by definition X =Y/VZ2 =Y/Z
has the Student t distribution with 1 degree of freedom. Using the general formuia for the

student t PD¥F, we see that the PDF of }Z: is

r(1) a1 1
b= rap )T T rive

1.2 General Cauchy Distribution

The Cauchy distribution is generalized by adding scale and location parameters. Suppose
that Z has the standard Cauchy distribution. Now, consider X=a+bZ where a € R and b
€ (0,00).Then, X has the Cauchy distribution with location parameter a and scale parameter
b.

1.2.1 Probability density function

Suppose that X has the Cauchy distribution with location parameter a € R and scale pa-

rameter b € (0, 00).
The probability density function is given by

b

99 = i oy “F

Proof. Let g(z) = 1 f (%52) where f is the standard Cauchy PDF. O

13



1.2.2 Cumulative distribution function

X has a distribution function given by G(x).
G{x)=3 + Larctan (52), z€R.

Proof. G(x) = F(%2) O

1.2.3 Simulating Cauchy Random Variables

If U has the standard uniform distribution, then X = a + b tan [7r (U - %)] has the Cauchy
distribution with location parameter a and scale parameter b.

Proof. Let X=F~{U) where U« U{(0,1) then X has the same distribution as F. Now, P(X
< x)=P(F1U) < x)=P(U < F(x))=F(x).As a result, we set F(x)=U and solve for X in
terms of U to get the result. O

14



Chapter 2

Least Squares Method

In the real world linear relations exist in many aspects. For example, the force of the spring
(y) linearly depends on the displacement of the spring (x) where y=kz and k is the spring
constant. Moreover, the gravitational potential energy linearly depends on the height of the
object where it is related to the height by this linear equation E,=mgh. The mass of the
object is denoted by m and the gravity is denoted by g.

Unfortunately, it is unlikely that we observe a perfect linear relationship but rather approx-
imately linear. The method of least square method finds the best fitting straight line for a
set of points as seen later on.

2.1 Statistics Review

v 1
Given a sequence of data z;, Zj,...., £y, we define the mean by T = N 22;1 Z,. The mean
is the average value of the data.
1
The variance of the data is denoted by o? where 0% = N SV (z; — T)%. The standard

deviation is the square root of the variance:

o=\ S -7

We mean by best fitting straight line y = az — b that y — (az +b) must be zero. Given the N-

observations (z1,1),{z2,Y2), .-, (TN, YN ), we look at y; — {az1 + b),y2 — (az2 + b), ... ,yn —{azn +b).

1 .
The variance of the given data set is o2 = N 22;1(% —{ax, + b))?. We use the squaring

instead of the absolute value to give higher weight to large errors than small ones. Also, the
absolute value function is not differentiable which makes the tools of calculus inaccessible.

2.2 The Method of Least Squares

The general linear model assumes that the dependent variable Y is determined by one or
more factors X; in a given linear relationship

15




Y=X3+¢
Y = m x 1 is a vector of m observations
X =m x (n+ 1) is a matrix of {n + 1) observations for m regressors

3 ={n+1) x 1 is a parameter vector
€ =m x 1 is a vector of m values for the noise

.~ -

Y: (1 X X . . . X ] {5 i€
1Y2 I Xo1 Xoo . . . Xoni |5 £ 1
= +
_Ym_ _]- Xml Xm2 e an_ _,Bn_ | Em

Our goal is to obtain estimates of the population parameters in the S —wvector. The estimates
of B is given by 3 = (XTX) ' XTY.

Proof. Define the objective function
m n 2
S=Y - ﬁX“2 - z lyi — ZXijﬁjl
i=1 §=0
Let &; = y; — Y7 Xi;8; then

S=ia?=(Y—Xﬁ)T(Y—Xﬁ) =¢ele

=1

S is minimized when its gradient vector is zero. The elements of the gradient vector are the
partial derivatives of S with respect to the parameters:

ds T, de;
— =9 Ei——
ap; ; ap;

we have

de; X,
dp;
thus substituting in (1) we get:

m n

% =2 Z(yi - ZXik,Bk)(—Xij)
i i=1 k=0

16



3 minimizes S when

m n

QZ(% - ink,Bk)(—Xij) =0
i=1 =0

Thus we get

Z Z XinikBk = Z Xijyi
i=1 k=0 i=1
hence we get 3 = (XTX) 1 XTY. a

2.3 The Gauss-Markov Assumptions

1.Y=Xp+e.

This assumption states that there is a linear relationship between Y and X.

2. X is n x £ matrix of full rank.

We mean the columns of X are linearly independent. This assumption is known as the iden-
tification condition.

3. E(e\X) =0.

The zero conditional mean assumption states that the stochastic errors average to zero for
any value of X. This implies that E(Y) = E(X ).

4. E(e€T) = oI where Q = 0?1 is the variance-covariance matrix of the stochastic error.

5. X may be fixed or random but it should be generated by a mechanism where it is unre-
lated to €.

2.4 Gauss-Markov Theorem

The Gauss-Markov theorem states, based on the assumptions mentioned above, that the
least squares method estimator is the best linear, unbiased and efficient estimator (BLUE).

2.4.1 Unbiased

B is an unbiased estimator of 5.

Proof. We have shown that B=1{XTX)'XTY ,and we have Y = X3+¢. This means that

17



B=(X"X)'XTXB+e
B=B+(XTX)'XTe
E(B) = E(B) + E({(XTX) ' XTe)
E(B) = E(8) + (X"X) "' XTE(e)

E(B) = E() +0

E(E) = E(B) since E(e) = 0 Thus, E is an unbiased estimator of £.

2.4.2 Linear

We want to show that B is a linear estimator.

Proof. B =3+ (XTX)1XTe.
Take A = (XTX) !XT then we can write 8 = 8 + Az. Hence, (8 is a linear estimator. O

2.4.3 Minimum Variance

Remember that our goal is to find the estimator E that minimizes the sum of the squared
residuals (3_;_, &:%).

The vector of residuals is given by e =Y — X ﬁ

The sum of the square residuals is given by €'e.

We have

-~ ~

gle = (Y - XB)HY - XB)
=YY - BX'YY —Y'XB+ B X' XB
=YY - 28' XY + B X'XP

since the transpose of a scalar is a scalar.
To find § that minimizes the sum of the squared residuals we find the partial derivative of

ete with respect to 3.

ete

d—= = —2X'Y +2X'Xf 2.1)

18



To check that 3 minimizes 2.1, we take the partial derivative of 2.1 with respect to B\ again
to obtain:

2XtX is a positive definite matrix hence a minimum.

2.5 Normality of the Stochastic Error

The general linear model
Y=Xg3+¢

with all of its properties mentioned above kept the same.c follows a normal distribution
where R

)5 — (XTX)—IXT),
as seen in section 3.2.
In this case, where the stochastic errors follow a normal distribution the least squares method
turns out to be equivalent to the maximum likelihood method.

Proof. First, consider the density function for a single error term.
¢; follows a normal distribution N(0, 0?).

1 —£2
f(€,;) = WGXP{ 20_; }

We have ¢; = y; — z;8 with z; as the i-th row of the matrix X. Now, y; is a linear function
of £; hence it will be normally distributed.
Now, consider

L=T] foz ) = (=) ewigsaty— X8 -x0)

Consider the logarithm of this function

L(8,0%) = ~ 2 in(2m) — 2 Ino?) — 55y — XB)y = XP)

We take the partial derivative of L* with respect to 8 and o2. As a result, we get

ar*

- (Y - X)X (22)

19



dL* n 1 ;
= - 4 Y =) - X 2.
s =g+ 5alY — XA - XB) (23)

To find the maximum likelihood estimator of 8 we set 2.2 equal ¢o zero to get 3=
(XTX) 1 XTY as found in the least squares method.
To find the maximum likelihood estimator of 02 we set 2.3 equal to zero to get 52 =
Ly - XBy(v - xP).
This is the same as least squares method in large samples. Now, it is-clear that the maxi-
mum likelihood and least squares method estimates are equivalent when the error terms are
assumed to be normally distributed. O

20



Chapter 3

Cauchy Stochastic Errors

The assumption of normality for the stochastic error has been basic to nearly all statistical in-
ference. However, the departure from normality haven’t been taken seriously. In this paper,
we will 'study the distribution of the least squares method estimates considering stochastic
errors following a Cauchy distribution. Moreover, we will concentrate on the properties of
the least squares method estimates as the stochastic errors follow a Cauchy distribution.
Now, consider the general linear model

Y=XB+¢

Y =m x 1 is a vector of m observations

X =m x (n+ 1) is a matrix of (n + 1) observations for m regressors
B ={(n+1) x 1is a parameter vector

€ =m X 1 is a vector of m values for the noise

[Y1] [1 X Xa . . . X [Bo €1
Y, 1 Xon Xoo . . . Xon{ {5 €2
- . Ll

_Ym_ _1 Xml Xm2 . e s an_ _.Bnd _Em_

where € «~ C(0, 6).
We have seen that 8 = (XTX)1XTY.
It will be shown that 8 follow a Cauchy distribution as well.

Proof. we have proved in chapter 3 that

A=+ (XTX) ' XTe

21



The proof proceeds from the characteristic function. 'We consider the first clement of the
B — vector. we get,

/§1 =p + z Ciet

t=1

where C}; is the first row of (X*X) ' X! ;i =1,...,m.
The characteristic function of a given &;, centered at zero with scale parameter 6, is given
as:

O(s) = Elexp(ise;)] = El(exp(is6,)] = exp(—|s6,])
Consequently, the characteristic function for the sum of Cj,e; is given by

M2, exp{—|sCul6:} = exp{—{s| > _ iCul0.} {3.1)

t=1

a

Equation 3.1 shows that 3 ;- Cye, follows a Cauchy distribution centered at zero with
scale parameter > -, |C1:|0;. Then S follows a Cauchy distribution with £ location param-
eter and Y, {C14}6; as a scale parameter.

Accordingly, the deviations of Bl from (; may also be shown to obey the following statement.

P

I//B\l - Bl < Zicltlgt:l. =0.5 {3.2)

t=1

Proof. Let X = By — 3 and b= 37 {Cul6,
Then we have

® bdzx /" bdz 1 z
p b2+ 22 S o b

b2]

Pixi<t = [

b b2l +

3.1 Law of Large numbers and Central Limit Theorem
The law of large numbers and central limit theorem don’t apply for the Cauchy errors,

consequently the justification for the use of least squares method with a model of Cauchy
errors should be tested. As we have seen in equation 3.2 that the deviation of 8 from § is

22



independent of the sample size and the Cauchy scale parameter.This will be tested by an
experiment which will be discussed later on.

For now, we will simulate standard Cauchy random variables vs standard normal random
variables to check whether the sample mean is representative of the population mean.

With the help of a statistical software, we will generate first standard Cauchy random

variables and we will calculate the sample mean as the sample size increases. This will
be illustrated in the following figure

T ——

Figure 3.1: Variation of sample mean as a function of sample size (Cauchy <ase)

The grey dots represent the simulated standard cauchy random variables where as the
blue dots represent the mean of these grey dots as sample size increases.
Because the parameters of the Cauchy distribution don’t correspond to a mean and variance,
attempting to estimate the parameters of the Cauchy distribution by using a sample mean
and a sample variance will not succeed.

One can obviously see how the sample mean varies as a function of the sample size which
ensures that the estimation process won’t work.

Now, let us have a look at the simulated standard normal random variables. We will apply
the same procedure i.e we will calculate the sample mean as the sample size increases. The
result is illustrated in the following figure

Figure 3.2: Variation of sample mean as a function of sample size (normal case)
One can obviously notice that the mean is almost the same as the sample size increases.

23



Thus, we can conclude that the law of large numbers which states that as the number of
identically distributed, randomly generated variables increases, their'sample mean (average)
approaches their theoretical mean fails in the case of Cauchy errors.

3.2 Sampling distribution of the mean

In this section,1000 samples of size 100 were drawn from a standard cauchy distribution. We
will calculate the mean of each sample to give us an idea about the sampling distribution of
the mean. This simulation is done using excel; here are the descriptive statistics for these
1000 sample means:

ﬂ mean minimum Q1 median Q3 Maximum standard deviation ”

-0.026 -1010 -1.174  0.047 1.1369 218 58.56

Table 3.1: Summary Table

One can notice that the minimum and the maximum values are very extreme outliers.
Moreover, we can notice that the standard deviation is much larger than the interquantile
range. A scatter plot has been performed to visually detect the outliers.

Figure 3.3: Visual detection of outliers

3.3 Outliers

Definition 3.1. An outlier is an observation that is distant from other observations. The
common sources of outliers are measurement error and experimental error. Qutliers may also
ezist by chance, but they are often indicative of measurement error or heavy-tailed distribution
of the population. In the former case, we use robust statistics to outliers while in the latter
case they indicate that the distribution has high kurtosis.

24



One can note that the Cauchy distribution is a heavy tailed one due to the non- existence
of the moment generating function for all ¢>0.
In our case, we are dealing with errors that follow a Cauchy distribution instead of a nor-
mal one. Outliers can have deleterious cffects on statistical analyses. They increase error
variance and reduce the power of statistical tests. Moreover, they seriously bias or influence
estimates which is obvious in our case.

3.4 How to deal with outliers?

Robust methods are robust against the presence of outliers. Common robust estimation
are the use of trimmed mean or the Windsorized mean. We mean by the trimmed mean is
that we eliminate extreme observations at both ends of the sample while Windsorized mean
replaces the extreme residuals with the next closest value in the dataset .

Our main point in this chapter is to study the effect of Cauchy errors on the bias and
cfficiency of the 8 — estimate. Thus our next step will cover an experimental method to
asses which factors influence the performance of 8 — estimate.

3.5 Experimental Method

A one regressor model given in 3.3 will be used as a frame of reference for the sampling
experiments. One hundred experiments were performed to estimate 3, and ;.

Y, = 6o+ /X + C (3.3)

These experiments are distinguished by the sample size (20 and 100 observations) and the
Cauchy spread parameter 6.
The Cauchy errors will be generated according to this equation:

C = m+ 6tan(n(U — 0.5))

where m is the location parameter, U a uniformly random variable and 6 is the Cauchy scale
parameter.

Ten values of 8 ( § = 1,2, ...,10) each for the two sample sizes will be taken.
Due to the lack of real data, we’ll consider a hypothesized model with §; = 1 and 3, = 5.
We construct this data by adding the Cauchy errors to a certain data for X and to get the

Y values.

The OLS estimates of 3, and §; are computed starting with a sample size of 20 observations.
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The following table shows the mean, median, bias and the RMSE {root mean square error)
of 8 — estimates.

, Bo B Bo B Bo B Bo b
Theta mean mean median median bias bias RMSE RMSE

1.00 798 5.15 1.31 5.00 6.98 0.15 19.93 0.07
200 1492 5.13 1.63 5.00 1392 0.13 3985 0.15
3.00 218 5.10 1.94 500 2086 0.10 59.78 0.22
4.00 28.80 5.08 2.25 500 2780 0.08 79.71 0.29
5.00 35.74 5.06 2.57 5.00 34.74 0.06 99.64 0.37
6.00 4268 5.03 2.88 5.00 4168 0.03 11956 0.44
700 49862 501 3.20 499 4862 001 13949 0.51
8.00 56.56 4.99 3.51 499 55.56 -0.01 159.42 0.59
9.00 6351 4.96 3.82 499 6251 -0.04 17934 0.66
10.00 7045 4.94 4.14 499 6945 -0.06 199.27 0.73

Table 3.2: A small sample size result table, n=20

One can see that the increase in the Cauchy spread parameter, 6, tends to worsen the
OLS performance of the 3-estimates. However, we can notice that the estimated parameter
31 seems to evidence less sensitivity to that increase.

Examining the values of the mean of Eo as the scale parameter increases by one unit, we can
see that the mean corresponding to scale parameter 1 tends to be multiplied by the values
of #. This huge increase worsen the estimation of B, which is obviously tested using Bias
and the root mean squared error (RMSE). We conclude that the mean is a biased estimator
which doesn’t represent the population.
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As a next step, I've estimated the median for S-estimates to test its performance as the
scale parameter increases. It turned out as shown in the table that the median is a better
estimator for both 8y and 3;. Now, the same experiment is done but dealing with a sample
size of 100. The following table shows the mean, median, bias and the RMSE (root mean
square error) of 3 — estimates as above.

Bo B 5o ) o % Bo o}
Theta mean mean median median bias bias RMSE RMSE

1.00 -1.09 5.18 0.76 5.00 -209 0.18 6.13 0.03
200 -3.22 5.19 0.52 5.00 -4.22 019 1226 0.06
3.00 -534 5.19 0.28 5.00 634 019 18.39 0.09
4.00 -747 5.20 0.04 5.00 -8.47 0.20 24.52 0.13
5.00 -959 521 -0.20 5.00 -10.59 0.21 30.65 0.16
6.00 -11.72 5.22 -0.44 5.00 -12.72 0.22 36.78 0.19
7.00 -13.84 522 -0.68 5.01 -1434 0.22 4291 0.22
8.00 -1597 523 -0.92 501 -16.97 0.23 49.05 0.25
9.00 -18.09 524 -1.16 501 -19.09 0.24 55.18 0.28
10.00 -20.22 5.25  -1.40 5.01 -21.22 0.25 61.31 0.32

Table 3.3: A large sample size result table, n=100

The increase in the sample size (100) made the performance of the mean for 3-estimates
better than dealing with a sample size of 20. The OLS performance pattern is mainly focused
on the estimation of 8y since it is clearly noticed that §; is much less sensitive to the sample
size and scale parameter variation.

Although this increase has lessened the bias and root mean squared error of the mean, it
still doesn’t represent the real 5’s which all goes back to the large sensitivity that 5, shows.
Also, we can notice that the median is a much better estimator than the mean.

This experiment has shown that the sample size and the Cauchy spread parameters are
two main factors that affect the performance of OLS. Moreover, this experiment has shed
the light on the costs in terms of estimator performance associated with using conventional
methods such as OLS and MLE as it will be shown later on. Using such methods to estimate
the parameters of a linear regression model where the errors follow a Cauchy distribution
maybe misleading taking into consideration the infinite variance of the Cauchy errors. Fur-
thermore, we conclude that as the scale parameter and the sample size increases we totally
doubt the performance of OLS method due to the high probability of outliers occurrence
that messes that whole estimation process leading to a huge variance.

As a next step, we will test the performance of Maximum Likelihood Estimation in esti-
mating beta parameters.This experiment will allow us to compare the results of both .
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Chapter 4

Maximum Likelihood Estimation

Definition 4.1. Maximum Likelihood Estimation

Mazimum likelihood estimation (MLE) is a method of estimating the parameters of a statisti-
cal model. The Mazimum likelihood estimate of parameter 6 is the value of 6 which mazimizes
the likelihood L(6). For data values of n-sample x4, o, ..., T, the likelihood is is given by

L,(8) = I, fx(z;,0)

This ts equivalent to mazimize
4(6) = Log(Ln(6)) = Y _ logfx(x:,6)

since log is an increasing function.

Definition 4.2. Likelihood

The likelihood is defined as the joint density or probability of the outcomes,with the roles of
the values of the outcomes y and the values of the parameters 0 interchanged. Let f(y,0)
be a class of joint densities with the parameter vector 8 in o set {(parameter space) ©. The
likelthood is defined as the function

L{6,y) = f(y,0)

The mazimum likelihood estimator of 8 for the model given by the joint densities or proba-
bilities f(y, @), with 0 € O, is defined as the value of 6 at which the corresponding likelihood
L(8, y) attains its mazimum:

ML = argmazeL(6, y)

This definition is not complete because there is no guarantee that such a mazimum ezists or,
when it does exist, it is unique. However, in many settings this definition turns out to be
very useful and constructive, yielding an estimator with good properties.
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4.1 MLE of Cauchy distribution with zero mean and
unknown scale parameter

We will consider the estimation of the scale parameter b of a Cauchy distribution with zero
mean and an unknown scale parameter say C{m=0, b).

Haas et al. (1970) have shown that b, the maximum likelihood of b, does exist and it is
unique. We will solve the MLE using numerical methods due to the lack of existence of a
closed form solution.

4.2 Location parameter Known

The problem of estimating b using MLE of b from the Cauchy distribution with known m, is
considered to be a simpler problem from estimating the location parameter given thescale
one. This will be shown according to the following theorem.

Theorem 2. Let L{z,b) be the likelihood function for the Cauchy distribution with known
location parameter m then there exists a unique b such that

OlogL(z,b) _
ab bp

Proof. The Likelihood function as defined previously is given by

n

L) = ][ ——

i=1 Tb[]. + b_2

and
logL(z,b) =Y~ —log(mb[1 + )
i=1
or
logL(z,b) = —nlogm — nlogh — Zlog 1 + 2 b2
=1

Hence,

b )

OlogL(z,b) n_ 2
B b ; b? + z?
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Now, we seek the solution of
, | " \
h(b) = Ologl{z,b)  n gzb T _y

b b blia?

Notice that h is a continuous function and h{0)=n and h{oco)=-n and

n 2
O ) " —
) %;(b2+x?)2<0

for all b>0. Then it follows that there is a unique bsuch that h(’l;)zo.
The function h{b) is nonlinear in b. To find b we’ll use Newton-Raphson method starting
with a value that causes convergence. O

4.3 Newton Raphson Method

The Newton-Raphson method is used to solve equations of the form f(z) = 0. First, we
begin by making an initial guess for the root we are trying to find, we call this initial guess
9. Now, the sequence xg, 21,3, ....., Tn, .. generated in the manner described below should
converge to the exact root. To implement it analytically we need a formula relating each
approximation with the previous one i.e z,,; in terms of z,,.

This method is constructed by finding the equation of the tangent line of f{z) at the point
{Zo, f(z0)). The tangent line is given by this equation :

Y — f{mo) = f'(zo)(z ~ 20)

The tangent line intersects the x-axis when y = 0 = z1, so solving for z; we get:

f(zo)
f'(zo)

Ty = To —

and more generally we get:

f(@n)

:L‘n+1 = xn - fl(.'r )
n
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4.4 Multi-Dimensional Case For Newton Raphson Method

Now, consider the system of n non-linear equations and n unknowns.

Consider
filz1, 22,23, ...y ) =0
f2($1,$2,173, """ 7$n) =0
f3($1,1}2,1§3, ..... ,CL‘n) =0
f4(.’2}1,172,$3, .....,CL”n) = 0
fa(z1, 22,23, ccocy ) =0

One technique used to solve this problem is called the Multivariate Newton Raphson Method
{MNRM). The basic idea comes from the fact the the derivative of a function of two variables

:fjv is

df] d 4+ 4 fJ

df.’i dz, dz 2

For the n variable case we have:

Z df] d.’E,

where j represents the index over the functions, i the index over the variables and the su-
perscript in parenthesis stands for iterations. We suppose now that we have n equations so
j goes from 1 to n. This system can be written of the form:

F(@®) = fzD) Z df( @ _ 5y

We want our next iteration to lead us to the root so we take f(z(®) = 0 Thus the iterative
method for solving a system of n non-linear equations and n unknowns is given by:

:Ek+1 —_ .'Ek _ J_lf(l‘k)

where
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4.5 Experimental Method

In this experiment, we will test the same data used in the OLS method. Sample sizes of 20
and 100 will be taken to examine the performance of the MLE estimators in the presence of
Cauchy errors. As we mentioned before, we need a starting value which is close to the real
solution to run the multivariate Newton-Raphson method to insure convergence.

This experiment is implemented using R program with the aid of RootSolve and MASS
packages and the solution of the likelihood function is given to the nearest 10712,

To find the maximum likelihood estimates for regression parameters with Cauchy errors,
we just look at that likelihood:

L(Bo, B1,0) =[] .

i=1 0 (1 + (%)2)

We take the log of the likelihood function £(8y, 81,0) = log(L(Bs, 51,0)), set the partial
derivatives equal to zero as given below and solve the obtained system using multivariate
Newton Raphson method.

After differentiating we get the following non-linear system:

ﬂo 51, g 2(y; — Bo — Buz:) _
Z (0% + (yi — Bo — B1z:)?) : =9
Bf(ﬂh Bi,0) ‘L 2z(yi — Bo — Brzs) -0
9B L (0% + (yi — Bo = Brz:)?)
0L(By,B1,0) _n 20 —
oo E‘Z(a2+(y—ﬁo—,@1x)) -0

To solve this system using multivariate Newton Raphson method we need an initial
guess. This initial guess will be the vector ¢ = (medzanﬁo, medianf;, IQR(error)/2) where
IQR is the interquartile range of the estimated error vector. This choice is based on the
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results we have discussed in chapter 2. Moreover, we choose the IQR since it is a robust
estimator of the scale parameter.

In the case of the sample size 20, we run the R program 10,000 times to get the vector

of /J’O, ,6’1 and the estimated scale parameter of the Cauchy distribution 7. The result is

c¢=(1.3,5,1.01). As we can see that ,6’0, /31 and ¢ are very close to the real emphasizing that

the multivariate Newton Raphson method has converged very close to the real parameters
in the case of a small sample size.

In the case of the sample size 100, we get the estimated vector ¢=(1.3,5,1.00) where we
can notice that the estimation of 8y and $8; and ¢ are also very close to the real parameters
(1,5,1) illustrating that the method has also converged to the same point for big sample size.

We can notice that solving the log of the maximum likelihood function using multivari-
ate Newton Raphson method has certainly gave very impressive results which are very close
to the real ones. Moreover, one should be careful of the choice of the starting point since
this method is expected to converge only near the solution. As a result, we can say that the
MLE method is much more preferable than the OLS method regarding sample size factor
and limited scale parameter.

As a next step, we will test the MLE while increasing our scale parameter to check whether
the losses may be torelable or not. In our former case, the scale parameter was 1 and it
turned out that the estimation of the parameters was very close to the real ones. Now, we
will see the effect of the increase of the scale parameter on the MLE solution as shown in
the following table.

The results below are computed for a sample size of 20.

g Bo B o

1.00 1.31 5.00 1.01
2.00 1.31 4.99 2.11
5.00 1.31 4.99 5.29
10.00 1.31 5.00 10.57

Table 4.1: MLE estimators, n=20
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Now, the results are computed for a sample size of 100.

o Bo 9 o

1.00 1.30 5.00 1.00
2.00 1.3 5.00 2.03
9.00 1.3 5.00 9.07
10.00 1.3 5.00 10.10

Table 4.2: MLE estimators, n=100

N.B: The results of both tables 4.1 and 4.2 are taken to be the mean of 10000 runs.

As we can see, that the increase in the Cauchy spread parameter has no effect on the es-
timation of the linear model parameters while using multivariate Newton Raphson method.
We can notice that that estimated parameters are insensitive to both changes: sample size
and Cauchy scale parameter. As a result, MLE could be used in the parameter estimation
for linear models with Cauchy errors.

In conclusion, we can say that the MLE results using Newton Raphson method were valid to
equation 3.2 which stated that the convergence of ’s are independent of the sample size and
the Cauchy scale parameter unlike the OLS method. These results have unified the theoret-
ical and experimental aspects in the case of MLE contrary to the OLS results. Moreover, we
can’t ignore the importance of OLS in providing a starting point for the Newton Raphson
iterations with the help of robust estimators such as the median and the interquartile range.

4.6 Optimum Properties of Maximum Likelihood Es-
timation

Let us consider the maximum likelihood estimation of the parameter 8, which is to be
estimated on the basis of a random sample from a density f{.; ), where § is assumed to be a
real number. That is, let us consider the unidimensional-parameter case and estimate ¢ itself.
Recall that for the observed sample z,2s,...,Z, the maximum likelihood estimate of § is the
value, say 5, of 6 which maximizes the likelihood function 1{6,z1, Za,..., Zn)=] 5, f(z:; 6).
Let én:(?n(xl, ..., X,) denote the maximum likelihood estimator of 8 based on a sample of
size n.

Theorem 3. If the density f(x; 0) satisfies certain reqularity conditions and if On= @\n(X 1y--y Xn)
is the mazumim likelihood estimator of 6 for a random sample of size n from f(z;8), then:

~ 8 2
6., is asymptotically normally distributed with mean 6 and variance 1/n Eq [ [59-50g f(X; 9)] ] .
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4.7 Disadvantages of Newton Raphson Method

4 The method is very time consuming and computationally challenging. We mean the cal-
culation of the inverse of the Jacobian matrix and the evaluation of the function and its
derivative.

4 The method doesn’t converge if the tangent is parallel or nearby parallel to the x-axis.

¢ Usually the Newton method is expected to converge only near the solution.
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Conclusion

The objective of this paper was to test the effect of Cauchy errors in adinear model on the
performance of the OLS and MLE estimator. In the OLS method, one hundred sampling
experiments were performed to test the effect of the sample size and the Cauchy spread pa-
rameter on the performance of the OLS estimators. It turned out that the sample size and
the Cauchy spread parameter affect the performance of OLS. In this study, a one regressor
linear model was tested and the results showed that §y was verysensitive to the increase in
the sample size and the Cauchy scale parameter contrary to f;.

In the MLE case, we encountered the initial guess problem in which we took the values
of the sample median and the interquartile range of the error vector to start with. Moreover,
we have shown that the derivative of log of the likelihood function has a unique root in the
case of known location parameter and unknown scale parameter. This unique root exhibited
close values to real beta values in which it was insensitive to the increase of both factors;
the sample size and the Cauchy scale parameter.

At the end, we can say that the application of OLS in a linear model with Cauchy errors
is not representative in which it is important to be aware of the costs in terms of estimator
performance associated with using such conventional method. On the other hand, the MLE
is strongly recommended for the estimation of a linear model parameters although it is very
time consuming and computationally demanding.
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Appendix

This appendix will display the R-programming of multivariate Newton-Raphson method.
sum=c{0,0,0)

k=0

norm=1

for (i in 1:10000)

{

xvect=c(500*runif(100))

evect=c(10*tan(180*(runif(100)-0.5)))

yvect=1+5*xvect+evect

evect=yvect-1.31-5.0007272*xvect

Ql=quantile(evect,0.25)

Q3=quantile{evect,0.75)

IQR=Q3-Q1

c¢=¢(1.31,5,1QR/2)

f=function(t=0,beta,parms = NULL epsilon=10"12)c(fl=sum((2*1/beta(3]>*(yvect-beta[l]-
beta[2]*xvect))/(1+1/betaf3])2*(yvect—beta{l]—beta[2}*zvect)?)), f2=sum((2*xvect*1/beta{3]**(yvect-
beta[1}-betal2]*xvect))/(1+1/beta[3)?*(yvect — beta[l] — betal2] * zvect)?)), £3=100/betaf3]-
sum(2*beta(3]/(beta{3)?+(yvect — beta[l] — beta{2] * Tvect)?))

while (norm > 10712 & & is.finite(norm)==TRUE & & is.nan(norm)==FALSE )
{
J=jacobian.full{y=c,func=f)
c=c-ginv(J)% * %f(t=0,beta=c)
delta=-ginv(J)% * %f(t=0,beta=c)
absdelta=abs(delta)
norm=sum{absdelta)

}

if(is.finite(norm)==TRUE && is.nan(norm)==FALSE)
sum=sum-+c

k=k+1

}

solution=sum/k
print(solution)
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