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The Likelihood Function

Let X1,...,Xn be aniid sample with pdf f(x;;0), where 0 is a (k X 1) vector
of parameters that characterize f(x;; 0).

Example: Let X;”N(u, %) then

fi0) = (2ro?) exp (— (e — p)?)
0 = (u,0°)



The joint density of the sample is, by independence, equal to the product of
the marginal densities

F@1,- s wni 0) = f(w1;0)- - f(wni0) = 1] £(w::0).
1=1

The joint density is an n dimensional function of the data x1, ..., xn given the
parameter vector € and satisfies

flx1,...,2zn;0) > 0O
/.”/f(ail,...,a:n;H)daZ1°-'d$n

I
=



The likelihood function is defined as the joint density treated as a function of
the parameters 6 :

L(Q|£U]_, e ,iUn) — f(xla cees Ly 9) — H f(x’l,’ 9)
1=1

Notice that the likelihood function is a k dimensional function of 0 given the
data x1,...,xn.

It is important to keep in mind that the likelihood function, being a function
of 6 and not the data, is not a proper pdf. It is always positive but

/---/L(«9|x1,...,:vn)d@l---dek;é 1.

To simplify notation, let the vector x = («x1,...,2n) denote the observed
sample. Then the joint pdf and likelihood function may be expressed as f(x; )
and L(0|x), respectively.



Example 1 Bernoulli Sampling

Let X;~ Bernoulli(6). That is,
X; = 1 with probability 6
X; = 0 with probability 1 — 6
The pdf for X is
f(wi; 0) = 6%i(1 —6)' %, ;= 0,1

Let X1,...,Xn be an iid sample with X;~ Bernoulli(8). The joint density /
likelihood function is given by

n
f(x;0) = L(0|x) = H 6%i(1 — 9)1_972' — 92i=1 Zi(1 — Q)H—Zizl T;
1=1
Since X is a discrete random variable

f(x;0) =Pr(X1 ==1,...,Xn =zn)



Example 2 Normal Sampling

Let X1,...,Xn be an iid sample with X;”N(u, 02). The pdf for X; is

1
f@i0) = (2ro?) 2exp (5 5o~ w)?),
202
0 = (0%
—o0 < u < oo, 02>0, — o0 < x; < 00
The likelihood function is given by

X) = i 7TO'2_1/2eX —ix-— 2
LOR) = TT@ro?) e (5t —wp?)

1 n
= (2m0?) "2 exp (—— (z; — u)Z)
20% /=



The Maximum Likelihood Estimator

Suppose we have a random sample from the pdf f(x;; 0) and we are interested
in estimating 6.

The maximum likelihood estimator, denoted 9mle, is the value of 6 that max-
imizes L(0|x). That is,

0,1c = arg max L(6|x)
Alternatively, we say that 9mle solves

max L(0]|x)



It is often quite difficult to directly maximize L(6|x). It usually much easier
to maximize the log-likelihood function In L(6|x). Since In(-) is a monotonic

function

0,1c = arg max In L(0|x)

With random sampling, the log-likelihood has the particularly simple form

In L(6|x) = In (ﬁ f(z;; 9)) = i In f(x;; 6)
1=1 1=1



Example 3 Bernoulli example continued

Given the likelihood function

L(0]x) = 62i=1%i(1 — §)" Li=1%,

the log-likelihood is
In L(A|x) = In (92?:1 Ti(1 — 9)’”—2?:1 wz)

mn n
= (D x| @)+ |n—> x| In(1—-10)
=1 1=1
Recall the results

In(z - y) = In(z) + In(y), In (g) = In(x) — In(y), In(z¥) = yIn(x)



Example 4 Normal example continued

Given the likelihood function

In L(0|x) = (27TO'2)_n/2 exp (—Z; En:(l'z - N)2>
1=1

the log-likelihood is
_on n 5 1 X2 | 5

Recall the result

In(e®) =z



Since the MLE is defined as the maximization problem, we can use the tools of
calculus to determine its value. That is, we may find the MLE by differentiating
In L(0|x) and solving the first order conditions

OIn L(Opielx)
o0 -

0

Since 0 is (k X 1) the first order conditions define k, potentially nonlinear,
equations in k unknown values:

[ 9ln La(@mle\x) \

dln L(émle|x) L .61

00 9in LD, . [x)

\ 90, )




Review of Optimization Techniques: Unconstrained Optimization

Example: finding the minimum of a univariate function

y = f(z) = a?
min y = f(2)
First order conditions for a minimum
d
0= f(ZB): d2x:2-33
dx dx
= =0

Second order conditions for a minimum

2
@) _d,

0< =
dx? dx




e R function optimize()

— Use to optimize (maximize or minimize) functions of one variable

e Excel solver

— General optimizer for unconstrained and constrained optimization prob-
lems involving many variables

— solver in Office 2010 is substantially improved and expanded



Example: Finding the minimum of a bivariate function
y:f(:c,z) :332—|—22
min y = f(z, z)

First order conditions for a minimum

O:c’)f(a:,z)_ 0 <$2+Z2):2,

oxr  Ox
_3]”(3:,2)_8 2 2\
0= 0z _8,2(:1: —|—z>_2-

—x =0, 2=0



Remark:

Second order conditions depend on the properties of the second derivative
Hessian matrix

[ 92f(z.2) O%f(x.2) |
H(x,z) = (2, 2) — ggﬁ’ ) 3fﬂ£3; )
’ 89{332: 82f($,2) azf(xrz)

| 0z0x 822 |




e R functions nlminb(), optim()

— Use to optimize (maximize or minimize) functions of one or more vari-

ables variable

— nlminb () uses Newton's method based on 1st and 2nd derivatives and

can allow for box constraints on parameters

— optim() can use 4 types of algorithms (secant method, Newton method,

simplex method, simulated annealing)

e Excel solver



Example b Bernoulli example continued

To find the MLE for 8, we maximize the log-likelihood function

In L(0|x) = En: x;In(0) + (n — En: xz) In(1 — 0)
1=1 1=1

The derivative of the log-likelihood is

dInL(Ox) 1 1 n
20 92T g |\" Z.:Zl%

1=1

9 n L(0]x)
90

The MLE satisfies — 0 and solving for 6 gives

~ 1
Omie = E Z Lq-
1=1



Example 6 Normal example continued

To find the MLE for = (u, o)/, we maximize the log-likelihood function

1

In L(0]|x) = —g In(27) — g In(0%) = 5 é(x — )2

The derivative of the log-likelihood is a (2 X 1) vector given by

dIn L(0]x) ( 2 L{01x) )

Y 0In L(0|x)
o2




where

dInL(x) 1 &
A1 — 0_27;:2:1(377, 1)

0In L(60|x)
Do2

0In L(0]x)
00

n, os_1 1, oi o >
——(o + —(o T; —
2( ) 2( ) ;:1:( ()

Solving — 0 gives the normal equations

AIn L(0,,0|x) 1 2 R

s — A0 Z(xz — fiie) =0

mle 1=1

dlIn L(émle|x) a2 -1
9oz~ \omie)

1.2 \—2v .
+§(O-mle) Z(mz — :umle) =0
1=1

oL Y




Solving the first equation for f[i,,,;. gives

1 n
l/lmle:_E:xi:a_j
i1

2

Solving the second equation for 67

gives
2 1 & 2
Omle — E Z(xz — Mmle) '
1=1

Notice that 6-$nle is not equal to the sample variance.



Invariance Property of Maximum Likelihood Estimators

One of the attractive features of the method of maximum likelihood is its

invariance to one-to-one transformations of the parameters of the log-likelihood.

That is, if 0, is the MLE of 6 and o = h(6) is a one-to-one function of 6

then &7, = h(0,,.) is the mle for a.



Example 7 Normal Model Continued

The log-likelihood is parameterized in terms of 1 and o2 and

/Ilmle = T

A2 1 & 2

Omle — E Z(wz — Umle)
1=1

Suppose we are interested in the MLE for
o = h(c?) = (02)1/2

which is a one-to-one function for o2 > 0.

The invariance property says that

. 1/2
R 2 172 (1 NERY:
Omle — (Jmle) — E Z(xz — :UJmle)

1=1



The Precision of the Maximum Likelihood Estimator

Intuitively, the precision of émle depends on the curvature of the log-likelihood
function near 0,,,;,.

If the log-likelihood is very curved or “steep” around 9mle, then 0 will be
precisely estimated. In this case, we say that we have a lot of information
about 6.

If the log-likelihood is not curved or “flat” near 9mle, then 6 will not be precisely
estimated. Accordingly, we say that we do not have much information about

0.

If the log-likelihood is completely flat in 6 then the sample contains no informa-
tion about the true value of 6 because every value of 8 produces the same value
of the likelihood function. When this happens we say that 6 is not identified.



The curvature of the log-likelihood is measured by its second derivative matrix
(Hessian)

C 02InL(9)x)  9%InL(f]x)
H(el ) 82 In L(9|X) 891891 89189k
X) = = E e :
0606’ 52 In L(0]x) 82 In L(0]x)
50,00, ' 00,00,

Since the Hessian is negative semi-definite, the information in the sample about
6 may be measured by —H(0|x). If 0 is a scalar then —H(6|x) is a positive
number.

The expected amount of information in the sample about the parameter 6 is
the information matrix I(0|x) = —E[H(6|x)].

As we shall see, the Hessian and information matrix are directly related to the
precision of the MLE.



Asymptotic Properties of Maximum Likelihood Estimators

Let X1, ..., Xp beaniid sample with probability density function (pdf) f(x;; 0),
where 0 is a (k X 1) vector of parameters that characterize f(x;; 0).

Under general regularity conditions, the ML estimator of 6 is consistent and
asymptotically normally distributed. That is,

N

Hmlegeasnﬁoo

and for n large enough the Central Limit Theorem gives

émle ~ N(é’, I(9|X)_1)



Computing MLEs in R: the maxLik package

The R package maxLik has the function maxLik () for computing MLEs for any
user-defined log-likelihood function

e uses the optim() function for maximizing the log-likelihood function

e Automatically computes standard errors by inverting the Hessian matrix



Remarks

e In practice we don't know I(0|x) = —FE[H(0|x)] but we can estimate
its value using —H (0,,,;.|x). Hence, the practically useful asymptotic nor-

mality result is

émle ~ N(Q, _H(émle|x)_1)

e Estimated standard errors for the elements of 9mle are the square roots of
the diagonal elements of —H (0,,,5.|x) 1 :

@(@i,mle) — \/{_H(émldx)_l]ii
[—H(émldx)_lhi = (7,1) element of — H(émle|X)_1



Optimality Properties of MLE (or why we care about MLE)
e Recall, a good estimator § has small bias and high precision (small SE())

e The best estimator among all possible estimators has the smallest bias and
smallest SE(0)

e In many cases, it can be shown that maximum likelihood estimator is the

best estimator among all possible estimators (especially for large sample
sizes)



MLE of the CER Model Parameters

Recall, the CER model matrix notation is
ry = p+e, e~ GWN(0, )
= 1t~ 1id N(u, )

Given an iid sample r = {ry,...,rn}, the likelihood and log-likelihood func-
tions for @ = (u, X2) are

LOFr) = (2m) 22 exp {—— (e — ) =N - m}

t=1

n n 1 Iv—1
InL(fr) = —ZIn(2r) — 7 In|X| —EZ(rt—u)E (ry — @)
t=1



It can be shown that the MLEs for the elements of p and X are

1 T
ﬁi,mle:_zrita 1=1,...,n
Tt:1
2 1 & 2
6z,mle — ? Z(th IZ\LZ) , 1 =1, , T
t=1
A a0 .
ai,mle Ji)mle? ? 17 7n
T
A 1 . A
Tijmle = f Z(T’it — /’L’L)(T]t _ /’L])a ) — 17 ceey M
t=1
. G ij.mie .
Pijmle = % , 4,7 =1,...,n

O¢mle " 94,mle



Remarks

e The MLEs for u; and p;; are the same as the plug-in principle estimates

e The MLEs for o2

1

estimates. They differ by a degrees of freedom adjustment (% VS. ﬁ)

o; and o;; are almost equal to the plug-in principle

e The plug-in estimates for O',LZ and o;; are unbiased; the MLEs have a tiny
bias that disappears in large samples.

e The formulas for the standard errors of the plug-in principle estimates come
from the formulas for the standard errors of the MLEs



