4. Gaussian models
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Introduce Bayesian inference for one and two sample problems with normally
distributed data, illustrating the differences and similarities between Bayesian
solutions and classical solutions.
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Introduction: one sample inference problems

Initially, we shall consider the problem of estimating the mean, p, and/or
variance, o2, of a single normal population, X |u, 02 ~ N (p,0?), with density

f (o) = — = exp (~5sta = )

o\ 2T

from a Bayesian perspective.

We shall consider three different scenarios:

a) inference for 1 when o2 is known,
b) inference for 02 when u is known,
2

c) joint inference for u,o”.

and will assume throughout that we observe a sample, x, of size n.



Inference for p when o is known

In order to develop a conjugate prior, we must first represent the normal
distribution in exponential family form. We have:

f(x|) Py L - :
€T —exp | — exp| —— ] ex — x
H P 202 ) o/ 21 P 202 P 02 S~
(g —~ AN - J/ \/'/8(37)

C(n) h(z) (1)

which is a one-parameter exponential family representation as in Definition 3.



A conjugate prior distribution

Given this exponential family representation, from Theorem 9, we can derive
the form of a conjugate prior distribution as

p(p) oo C(u)*exp(e(u)b)

o’

which is also a normal distribution, p ~ N (m, 72), where m = g and 7% = Z.



The predictive and posterior distributions

Let X|pu ~ N (p,02) with prior distribution g ~ AN (m,7%). Then the
predictive distribution of X is

X~N<m,02+7'2).

Given a sample x = (z1,...,x,), the posterior distribution is p|x ~
N (m*,7*%) where




Derivation of the predictive distribution

We can write X = p1 + € where p ~ N (m,7?) and € ~ N (0,0?) are
independent. Thus, the marginal distribution of X is

XNN(m—I—O,U2—I—7'2)

and the result follows.

We can derive the posterior distribution either directly via Bayes theorem, or
alternatively via Theorem 9. In order to apply Bayes theorem, it is first useful
to give a general expression for the normal likelihood function.



The normal likelihood function

If a sample, x, of size n is taken from the normal distribution X|u,o? ~
N (p,0?), then the likelihood function is

1

[, o]x) = (27) " %o " exp (—272 [(n—1)s* +n(u— 5:)2]>

where s = L-3"" (2, — 7)2.



l(p,olx) = ﬁ 127Texp (—2%2(937:—#)2)

and the result follows.

Now the posterior distribution can be derived from Bayes theorem in the usual
way.



Derivation of the posterior distribution via Bayes Theorem

p(ulx) o p(u)l(ulx)
o exp (—%(u - m)2> o " (—2%2 [(n—1)s* + n(p — @ﬂ)
o <_; [(“;mfﬂ (“;“f)])
(G IR Cal)




Derivation via Theorem 9

In deriving the prior distribution, we found that m = b/a and 7* = 0% /a

where f(u) oc C'(1)® exp(¢p(p)b) is the conjugate representation of the prior in
Theorem 9. Therefore, a = 0%/72 and b = mo?/72. Also, we have s(z) =

in our exponential family representation, which implies that, a posteriori,

at = a+n—0—2—|—n—02 i+£
o _7—2 o 7—2 0-2
o= b4 > s =m g =0 (m 4 L
= S\T;) = M—% nr =o —m —L |,
— 7—2 7—2 0-2




How to remember the updating formulae

There is a simple way of remembering the normal updating formulae. Note
firstly that the maximum likelihood estimator for p is

2
XNN(,LL,%).

precision and — is the precision of the estimator X SO,

2 — —5 Where % Is the prior

posterior precision = prior precision + precision of MLE.

Also, the posterior mean is simply a weighted average, m* = wm + (1 — w)z,

2
where w = 11/T is proportional to the prior precision.

1. n
2T 2

osterior mean — prior precision X prior mean + precision of MLE X MLE
P N prior precision + precision of MLE




Interpretation

Write 72 = 0%/« so that the prior distribution is p ~ A (m, %2) and the

posterior distribution is

a+n ‘a+n

| N(am—l—ni: o2 >
(|x ~ .

Thus we can interpret the information in the prior as being equivalent to the
: . : 2 .
information in a sample of size a = Z; with sample mean m.



Limiting results and comparison with classical results

Suppose that we let @ — 0 (or equivalently, 72 — oc). Then the posterior

distribution tends to )
o
Ul ~ A7 (as —)
n

and the posterior mean is equal to the MLE and, for example, a posterior 95%

credible interval -

/n

is (numerically) equal to the classical 95% confidence interval.

1=+ 1.96

The limiting (improper) prior distribution in this case is uniform,

p(p) o< 1.



Inference for o when u is known

In order to find a conjugate density for o (or 0?), we can again represent the
normal density in one-dimensional exponential family form as

flalo) = = — L@ —p)’
rlo)= — exp | —w 5 (& —p
<O /21 . 20 W
C@) h(z) ¢(o)

This implies that a conjugate prior for o takes the form

(0) x o~ !
XX X —_——
p o) 0} p 20_2

for some values of ¢, d. This is not a well known distributional form, although
we can derive a simple prior distribution using a transformation.



A conjugate prior for the precision ¢

It is much easier to work in terms of the precision ¢ = %

have X]gbw]\/(,u, %) and

flalg) = \/% exp (_g@ . u)2>

which is already in exponential family form and implies that a conjugate prior

density for ¢ is
p(¢) (\/5) exp (—§d>

for some ¢, d, which is a gamma density, ¢ ~ G (%,%) where a = ¢ + 2 and
b=d.

In this case, we

Note that using the change of variables formula on the prior for o, we could
also show that the implied prior for ¢ has the same structure.



Inference for ¢ when p is known

Let X|p ~ N (,u, %) and suppose that ¢ ~ G (%, g) for some a, b. Then, the
marginal distribution of X is

and given a sample x = (x1,...,%,), the posterior distribution of ¢ is

a-+n b+(n—1)s2+n(,u—53)2)
2 2 .

¢m~g(



Proof of the predictive distribution

Define Z = /(X — ) ~ N (0,1) and Y = b ~ x2 and therefore,

from standard distribution theory we know that }Z/ ~ 7,, is a Student’s t
a

distributed random variable with a degrees of freedom and transforming back,
we have
A X —u

Ha e

which proves the predictive distribution formula.

In order to demonstrate the formula for the posterior distribution, it is first
convenient to give the formula for the reparameterized normal likelihood
function.



The reparameterized normal likelihood function

If a sample, x, of size n is taken from the normal distribution X| ~ N (Iu, %)
then the likelihood function is

L, p|lx) = (2%)_%q§% exp (—g [(n —1)s* +n(pu — CE)Q})

where s = L-3"" (2, — 2)2.

This follows immediately by substituting ¢ = 1/02 in Theorem 17.

Given this form for the normal likelihood function, the posterior distribution in
Theorem 18 can be derived immediately from Bayes Theorem by combining
prior and likelihood.



Interpretation

In this case, we can interpret the information in the prior as equivalent
to the information in a sample y of size a where the sufficient statistic

Z?=1(3/7: — ,LL)2 = 0.

Limiting results

Letting a, b — 0, we have the limiting improper prior f(¢) % and the limiting
posterior distribution

n n —1
dlx ~G (ﬁ 2= (i 'u)z) so that E[¢|x] = (i >

=1

which is the classical MLE of ¢. Note however that

1
E|=
[fb

which is not the MLE of o2,

n

x] = E[o?x] = > i (@i — p)°

n— 2




Interval estimation for o (or o?)

Let o ~ G (%,g) and define ¢ = 1//¢. Then the constant, ¢, such that
b

_ _ 2 _ .2 - S
p= P(o <c)=P(o* < c”), for given p, is c = 20

1
p = P(a<c):P(02<62):P((b>?)
b b 5
= Plbp>—= ) =P(Y > where Y ~ x
c c
b
3 = Xa(l-p)




Limiting case posterior interval estimation of o and o2

Let X|¢p ~ N (u,1/¢) with (improper) prior distribution f(¢) o< 1/¢. Then

MXNQCEZLNW_Mj-

2’ 2

Moreover, let o = 1/y/¢. Then a 100(1 — p)% credible interval for o is

\/2?1(37_ <O_<\/Zzl
X2 (1-1%)

and a 100(1 — p)% credible interval for o2 is

Z?:l(xi — M)2 2 Z?:l(x'i — N)Q

X2 (1-%) Xz (5)

which are equal to the classical 100(1 — p)% confidence intervals for o and o2.




We have already given the posterior density for ¢ and the credible
intervals follow immediately from Theorem 20 by setting a = n and b =

2?21(33'& — N)2-



Joint inference for p and ¢

When both parameters are unknown, it is again convenient to model in terms
of the precision, ¢, instead of the variance. Representing the normal density in
exponential family form, we have

2 1 ¢
f(z|p, ¢) fexp( ) —exp | o & —= I
\2,.73 b1 (p, ) S1(x) \2’ s2(x)

C(1,0) h(zx) P21, ®)

so that a conjugate prior for i, ¢ can be found as

2 a
p(p, @) (\/gexp (-%)) exp (blgb,u — bgg) for some a, b1, by
X Cb% exp (—g [CLNQ — 2011 + bQ}) X (b% exp (_g [d + CL(/L . c)2]>

where ¢ = b1 /a and d = by — b%/a. This is a normal-gamma distribution.



The normal-gamma distribution

Let Y = (Y1,Ys2) and suppose that Yi|Yy ~ N(H,%Yz) and Yo ~ G(6, k).

Then the distribution of Y is called a normal-gamma distribution, Y ~
NGO, )\, 0,k). The normal-gamma density function is

)

K A 201
fly) = F(5)V 5 Y2 > exp (—% [2% + AMy1 — 9)2}) for —oco < y1 < 00,y > 0.

The following theorem gives the properties of the marginal distribution of Y.

IfY = (Y1,Y2) ~ NG(0,\, 6, k), then —2=2— ~ T55. Furthermore, E[Y;] = 6

V[ (X)
if 6 > 5 and V[V1] = x5y if 6 > 1.




flyr) = /f(m,yz)dyz

— \/7/OO T exp —% 26+ A(y1 — 9)2]) dy>

o0 25+1
x / 7 e (—52 26+ A1 — 9)2}) dys
0

201 1 yp — 0
x (26 + Ay —0)*) % o« |1+
( (y1 - 6)°) 25( K/(A5)>
Vi_g 2641
and defining T' = —_, we see that f(t) « (1 + 5 t2) which is the

VE/(A0)
nucleus of a Student’s t density with 26 degrees of freedom. The mean and

variance formulae follow from writing Y1 = 6 + \/x/(Ad)T and noting that

E[T) =0 for 20 > 1 and V[T] = 525 = =2 for 26 > 2.




Conjugate inference for p, ¢ given a normal-gamma prior

Let X|u, ¢ ~ N(,u,%) and p, ¢ ~ NG (m,a,2,2) so that ul¢ ~ N(
and o ~ G (2, 2) Then the marginal distribution of X is

X —-m
V(a+1)b/(aa)

Given a sample, x, the posterior distribution of pu, ¢ is

~ T,

b
pd ~ NG (m*, *%§> where

« _ am+nx
= a+n
of = a+n
a“ = a-+n
b = b4 (n—1)s2+ —2 (m— 7).

a-+n

)



Note first that

X\qbwj\/(m, (14—&) é)

Therefore, X and ¢ have a normal gamma distribution.

1
X 6~ NG <m, (1 n é) /2, b/2>

and the marginal distribution of X follows immediately from Theorem 22
setting (A, \,0,Kk) = <m, (1+%)_1,a/2,b/2). In order to calculate the
posterior distribution, we can use Bayes theorem:



p(p, dlx) o p(p, &)1, P|x)

x ¢ exp <—§ b+ o — m)QD 6% exp (—% [(n—1)s* +n(u— :1:-)2])
X ¢G+Tn_l exp <—§ b+ (n— 1)s? + (o + n)p? — 2(am + nZ)p + am? + nq‘ﬂ)
x ¢TF exp <—¢ b+ (n—1)s*+ (a+n) (u _amT mj) + am?® + nz*—
2 a—+mn
(am + nx)?
o« +n ])
X ¢a+3_1 exp <—g [b + (n — 1)32 + aomn(m — j)2-|—

which is the nucleus of the given normal-gamma density.



Results with the limiting prior

Suppose that we use the improper prior p(u, ¢) x % Then,

p(p; ¢lx) %Qb% exp (_g (n—1)s" +n(u— 52)2})
X qb(”_%)—l exp (—% [(n —1s* +nlp— :1:)2]> <o that
wdlx ~ NG (5377?/7 n ; 17 (n —21)52>



Now, from Theorem 22, we have that

= hoT o

Vin—10s/(n(n—1)) s/v/n

Therefore, for example, a 100(1-p)% posterior credible interval for i is

@i%fn_l (1 —g)

which is equal to the classical confidence interval.



Semi-conjugate inference via Gibbs sampling

The fully conjugate, normal-gamma prior distribution is slightly unnatural from
the point of view of real prior choice, in that the distribution of 1 depends
on the unknown model precision ¢. An alternative is to assume that p and ¢
have independent prior distributions, say

1 a b

where m, 1, a, b are all known.

In this case, the joint posterior distribution given a sample, X, is

p(p, dl%) o< 67" L exp (—% [(b+ (n=1)s*) ¢+ no(p — 2)° + P(u — m>2}) -



The marginal distributions of 1 and ¢ are

_a+n

p(plx) o exp <—%(N - m)Q) (b+ (n—1)s*+n(p—2)%) 2

oz G n i

Neither the joint posterior density or the marginal posterior densities has a
standard form. One possible solution is to use numerical integration techniques
to estimate the integration constants, moments etc. of these densities.

Another possibility is to use a Monte Carlo approach. In this case, direct
Monte Carlo sampling cannot easily be applied. However, an indirect approach
is available.



Note firstly that the conditional posterior densities of u|¢,x and of ¢|u,x are
available in closed form. We have

noexr + Ym 1
o~ N( no + ’n¢+w>

a+n b+ (n—1)s*>+n(p—z)?
QS‘N?X ~ g( 9 9 )

It is straightforward to sample from these distributions. Therefore, we can set
up a Gibbs sampler to give an approximate Monte Carlo sample from the joint
posterior distribution.



Aside: The (two variable) Gibbs sampler

Assume that we wish to sample from the density of X = (X7, X3). Suppose
that the conditional densities, p(-|X2) and p(-|X1) are known. Then the (two
variable) Gibbs sampler (Geman and Geman 1984) is a scheme for iteratively
sampling these conditional densities as follows.

1. t+=0. Fix an initial value z”.

2. Sample a;gt) ~ P (azglxgt_l)> :
3. Sample a:@ ~ P (ajllxét)) :

4. Set t=t+ 1.

5. Go to 2.



As t increases, it can be demonstrated that the sampled values approximate a
Monte Carlo sample from the joint density, p(X) and can be used in the same
way as any other Monte Carlo sample.

The Gibbs sampler is an example of a Markov chain Monte Carlo (MCMC)
algorithm and will be discussed in full in chapter 6.



Applying the Gibbs sampler to sampling p(u, ¢|x)

In our case, we can implement the Gibbs sampler as follows.

1. t=0. Fix an initial value p(9.

bt(n—1)s24n =D _z 2
2. Generate ¢) ~ G (a"g” (n1)s n(u x) :

2

()
3. Generate ,u(t) ~ N (nigb(giﬁm’ n¢(751)+w)

4. Set t=t+ 1.

5. Go to 2.

In order to estimate the marginal density of u, for example, we can recall that

p(u|x) = [ p(uld, x)p(dlx) ~ =3, p (1lo®,x) .



Normal body temperature example

The normal core body temperature, T', of a healthy adult is supposed to be
08.6 degrees fahrenheit or 37 degrees celsius on average. As temperature can
very around the mean, depending on given conditions, a normal model for
temperatures, say T'|u, ¢ ~ N (u,1/¢), has been proposed.

Mackowiak et al (1992) measured the core body temperatures of 130 individuals
and a histogram of the results is given below.
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The sample mean temperature is T = 98.2492 fahrenheit with sample standard
deviation s = 0.7332. Thus, a classical 95% confidence interval for the true
mean temperature Is

98.2492 4+ 1.96 x 0.7332/+v/130 = (98.1232,98.3752)

and the hypothesis that the true temperature is 98.6 degrees is clearly rejected.

From a Bayesian viewpoint, we will analyze using two different prior

distributions.  Firstly, we assume the limiting prior p(u,®) % and

secondly, we assume independent priors with relatively large variances, that is
p~N(98.6,1) and ¢ ~ G (3,3).

p—98.2492
0.7332/+/130
T129 and a 95% posterior credible interval for i coincides with the classical

confidence interval.

Given the limiting prior, we know that the posterior density of u is

Given the independent priors, the Gibbs sampler was run for 10000 iterations,
starting at u(® = 98.2492. The following diagram shows a plot of the
estimated posterior mean of 1 versus the number of iterations.
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The estimated mean appears to have converged after 2000 iterations or less.
The estimated posterior mean of p was F|u|x] ~ 98.2512.



The following diagram shows the posterior densities of © given the limit and
independent priors.

T
limit prior
independent priors ]

It can be seen that the posterior probability that u is bigger than 98.6 fahrenheit
is virtually zero.



The final diagram shows the predictive density of 1" given the observed data
and the independent prior distributions.
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The fit of the normal distribution is reasonable although it might be improved
by incorporating other covariates, e.g. sex or heart rate.



A simple MATLAB code for executing the Gibbs sampler is as below.

n=length(temp); xbar=mean(temp); s=std(temp); % Summary statistics.

a=1l; b=1; m=98.6; psi=1; % Priors for phi and mu.
iters=10000;mu=zeros(1,iters) ;phi=zeros(1l,iters); % Sample
murange=98+[0:1000] /1000 ; pmu=zeros(1,length(murange)) ;pmuuninf=pmu % initialization
xrange=min (temp)+[0:1000] * (max (temp) -min(temp))/1000; fx=zeros(1l,length(xrange));

% Start of Gibbs sampler

mu(1)=xbar; phi(1l)=gamrnd((a+n)/2,2/(b+(n-1)*s*s+n*((mu(1l)-xbar)~2)));

for t=2:iters
mu (t)=normrnd ( (psi*m+n*phi(t-1)*xbar)/(psi+n*phi(t-1)),1/sqrt(psi+n*phi(t-1)));
phi(t)=gamrnd((a+n)/2,2/ (b+(n-1) *s*s+n* ((mu(t)-xbar)~2)));
pru=pmu+normpdf (murange, (psi*m+n*phi (t)*xbar)/(psi+n*phi(t)),1/sqrt(psi+n*phi(t)));
fx=fx+normpdf (xrange ,mu(t) ,1/sqrt(phi(t)));

end

pmu=pmu/iters; fx=fx/iters; JNormalization.

pruuninf=normpdf (murange,xbar,s/sqrt(n)); %Posterior density given 1/phi prior.
% Plots

figure; plot([l:iters],cumsum(mu)./[1:iters]); figure;

plot (murange,pmuuninf); hold on; plot(murange,pmu,’-.r’); hold off;

figure; histadjusted(temp,10); hold on; plot(xrange,fx); hold off;



Two sample problems

Various two sample problems have been studied.

1. Paired data samples: difference in means.

2. Unpaired samples:

a) Difference of two population means: variances known,

b) Difference of two population means: variances unknown but equal,
c) Difference of two population means: unknown variances,

d) Ratio of two population variances.

(
(
(
(

We shall consider Bayesian inference for each situation in turn.



Paired data

As in classical inference, by considering the differences of each pair, this reduces
to a single normal sample inference problem.

Unpaired data: known variances

Assume that we have X|ux ~ N (ux,0%) and Y ~ N (puy, 0} ) where 0%
and o% are known. Suppose also that we use independent, uniform priors for
tx and py. Then, given samples x and y of sizes nx and ny respectively,
we know that the posterior distributions are independent normal

0'2 0'2
MX|XNN(55,—X) MY!YNN<§7—Y)-
nx ny

Therefore, if we define 0 = ux — py to be the difference in the two population
means, then the posterior distribution of ¢ is

2 2
5‘X7yNN(x_y7O__X_|_O-_Y)

nx ny



In this case, a 95% credible interval for ¢ is

2 2
z—j5+1.96, X + ¥
nx ny

which is equal to the corresponding classical confidence interval.

It is, of course, straightforward to generalize this result to the case when proper
priors for px and py are used.



Unpaired data: unknown, equal variances

Suppose now that X|ux,¢ ~ N(/@g%) and Yluy,¢p ~ N(,uy,%) have

common, unknown precision ¢ and that we observe samples x and y of sizes
nx and ny respectively. Consider the joint prior distribution

p(px, py, @) o %

Then, the joint posterior distribution is

plux, by, 9|X,y) o< ¢ exp (—g [(nx — 1)s% + (ny — 1)sy+

nx(px —I)° 4+ ny (py — ?7)2]> :

Given this joint distribution, we can see that

1

1
:LLX|¢7X7Y NN(ZC 7¢) /~LY|¢7X y ~ N( ny¢)



Integrating out px and py successively from the joint distribution, we have

blx ~ G nx +ny — 2 (nX—1)5§(+(ny—1)s§,
2 ’ 2 '

Also, from the previous slide, if 0 = ux — py, then

1/ 1 1
5‘¢7X>YNN<CI_C—Z?,$ (a—'—E)) .

Thus, the joint posterior distribution of 0 and ¢ is normal-gamma

1 1)1 nx +ny —2 (nx —1)s% + (ny — 1)s%

57¢|X7YNNQ <33—y, <—+—

nx ny 2 ’ 2

) |



Therefore, the marginal posterior distribution of J is Student'’s t:

b — (T —17) _ 6 — (T —7) T
(nX—l)s%(—l—(ny—l)s%, \/( 1 4 1 ) (nx—l)s%(—i—(ny—l)sg/ xXTny
(é_i_%) —1(nX+ny_2) nx ny nX—l—ny—Q

Now, a 95% credible interval for § is given by

1 1
T — 1yt %X+ny2(0.975)\/( + )sc

nx Ny

where 52 is the (classical) combined variance estimator

2 (nx — 1)s% + (ny — 1)s¢
B nx + ny — 2 '

C

This is equal to the usual, classical confidence interval.



The Behrens-Fisher problem

Now assume that X|ux,dx ~ N(“X’i) and Y|uy, ¢y ~ N(M%#)
where all parameters are unknown. Given the (improper) prior distributions

1 1

p(NX7¢X)O<¢—X and  p(py, ¢y) by

then we know that the marginal posterior distributions of ux and uy are
independent, shifted, scaled t distributions:

px —T ~ T ny — Yy T
Sx/\/’n}X X Sy/\/’ny Y

Thus, if 0 = ux — py, we have

1.

SX Sy _ _

n _Tn— T T
X1\/@ Ylﬁ (T —¥)

where Ty represents a t distributed variable with d degrees of freedom.

6_




We could try to derive the density formula of ¢ directly from this expression.
However, it is more straightforward to work in terms of a transformed variable.

Let &/ = \/326_@_@2) . Then we can write

6 =Tp—18inw —T),, 1 coSw

_ —18x/V/MX
where w = tan B

From the previous page, we have

SX Sy _ _
0 = The 13— —Th, - — (T —
L 5X Sy
0 —(z—y) _ T”X—l\/ﬁ B TnY—l\/W
VX /nx + sy /ny Vsx/nx +sy/ny /sy /nx +s3/ny

and the result follows by observing that the squares of the coefficients on the
right hand side sum to 1.



The Behrens-Fisher distribution

The distribution of
Y =1, sinw—"1T,,cosw

where T,,, and T}, are standard Student’s t variables with 7 and v, degrees of
freedom, is the Behrens-Fisher distribution, (Behrens 1929) with parameters
v1,vo and w. In this case, we write Y ~ BF(vy,vo,w).

Thus, from Theorem 24, we have

%,y ~ “ 1,y - 1tan-LSXVIXY
0%,y BF(nX Ny an v [y

Note that this Bayesian solution to the Behrens-Fisher problem corresponds to
the fiducial solution and was first developed in this context by Fisher (1935).



Patil’s approximation and other appoximate methods

Tables of the percentage points of the Behrens-Fisher distribution are available
for given values of w, see e.g. Kim and Cohen (1996). For other values, Patil's
(1965) approximation may be applied.

If Y ~ BF(v1,v2,w) then we have Y/a =~ 7T}, where

b= 44 vy coslw  vpsin?w ’ Vi cos? w n V2 sin® w -
B VW — 2 Vo — 2 (Vl — 2)2(V1 — 4) (V2 — 2)2(V2 — 4)
b [ricos2w  gsinw !
a —
b—2 Vv — 2 Vo — 2

Alternative approximation methods are given by Ghosh (1975) or Willink
(2004).



A Monte Carlo approach

Another approach is to use Monte Carlo sampling to approximate a Behrens
Fisher distribution as follows. Suppose that Y ~ BF(v1,2,w). Then we can
generate a sample from the Behrens Fisher distribution as follows:

1. Fix some large M.

2. For 1=1,..., M

(a) Generate tgi) ~ 7, and t;i) ~Ty,,.
(b) Define y@ = t\¥ cosw — t{” sinw.

Then, approximate 95% credible intervals for Y could be estimated using the
sample quantiles. If M is increased sufficiently, the accuracy of these estimates
can be derived to any fixed precision.



The frequentist approach to the Behrens-Fisher problem

No equivalent solution exists in frequentist inference because in this case, the
sampling distribution of ¢’ depends upon the ratio, ¢x /¢y, of the unknown

precisions.

The usual frequentist approximation to this sampling distribution is:

(8% /nx + 8% /ny)?
(A0 o)

0 ~ 7, where r =

nX—l ’ny—l

However, we cannot know how good this approximation is for any given sample.



Another look at the normal body temperature example

The sample contained 122 males and 22 females. The following two histograms
illustrate the temperature distributions for both groups.
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We may wish to question whether or not the mean body temperatures are the
same in both groups.



The means (and standard deviations) for males and females are 98.1046
(0.6988) and 98.3938 (0.7435) respectively.

In this case, an approximate classical 95% confidence interval for the mean
difference ¢ is given by (—0.5396, —0.0388) and there is strong evidence that
the mean body temperature is higher in females than in males.

Using a Bayesian approach with improper priors as outlined earlier, a 95%

posterior credible interval for § is given by (—0.5359, —0.0426) which is slightly
narrower than the classical interval.



Also, the fitted predictive posterior densities for both groups are given in the
following diagram. The normal fits appear to have improved somewhat.
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Comparing two population variances

Suppose as earlier that X|ux,dx ~ N(MX;%) and Y|uy,dy ~
N (,LL}@#) with the usual improper priors;

p(px, px) o< ¢LX p(py, Py ) o CZ%Y

Then, from earlier, given samples of sizes nx and ny, we know that

nx —1 (nx —1)s% ny —1 (ny —1)s%
oxbe g (M DU gy g (M

and therefore,

(nx —1)sxox ~ X1 (ny —1L)sydy ~xp .



Recalling that the ratio of two chi-squared distributions divided by their degrees
of freedom is F distributed, we thus have

sk ¢x

S%/ Oy

ny—l

and Bayesian and classical credible intervals will coincide.



Application |l: Bayesian inference for the
half-normal distribution

We will follow the analysis of Wiper et al (2008).

The half-normal distribution

If Z ~ N(0,1) then X = |Z| has a half-normal distribution, X ~ HAN(0,1),
with probability density function

f(x) = 2¢(x) forxz >0, where

1 x>
r) = exp{ —— Is the standard normal pdf.



The generalized half-normal distribution

In this case, we allow the location and scale parameters to vary. Thus, let
X =&+ n|Z| where Z is a standard normal random variable as earlier. Then
we say that X has a generalized half-normal distribution, X|&,n ~ HN (&, 1),

with density

Flalen) = 2 ("” — 5) for z > €.
i i



Applications

The half-normal distribution is a model for truncated data with applications in
various areas:

e measuring body fat indices in athletes (Pewsey 2002, 2004).

e stochastic frontier modeling (Aigner et al 1977, Meeusen and van den
Broeck, 1977).

e fluctuating asymmetry modeling (Palmer and Strobeck 1986).
e fibre buckling (Haberle 1991).

e blowfly dispersion (Dobzhansky and Wright 1947).



Classical inference for the half-normal distribution

Suppose we have a sample x = (z1,...,x,) from HAN (£, n) and that we wish
to estimate £ (and 7). Now from Pewsey (2002,2004):

e The MLE for ¢ is £ = x(1), the minimum of the data.

e Uncorrected and bias corrected estimators for n are

ﬁz\—z i —T))?  fpc = "

e An (asymptotic) 95% confidence interval for &:

1 1

(1) + log(a)n@~" (5 + %> <& < 1)



Bayesian inference for the half-normal distribution

Inference is similar to the usual normal case. First we reparameterize by
defining 7 = <; so that
n

f(zlg, ) = 2vTo (V7(z —£)).

Now we can define a generalized version of the normal-gamma prior distribution,
that is the right-truncated normal-gamma distribution.



The right-truncated normal-gamma distribution

We say that, &, 7 have a RTNG with parameters &, m, a, a, b,

E,17 ~ RTNQ({Q,m,Oé,Eé> if

272
o) = - - O 25ty (L v ate —my)
)

for £ < & where ®4(+) is the Student’s t cdf with d degrees of freedom;
Py(z) = ¢a(y) dy and

o) = S L (10T




What is the motivation for this density?

a2 o _ ;
p(&,7) = (I)a( ;_m )(§<3>2) \/;7- 2 exp{—§ [b—l—oz( —m) }}

p(&,T) = ) jom \(ﬁéz)/c;/; \/gTaTH—lexp {—% [b + a(€ — m)ﬂ}J
' (w)/(aa))

e e S o o)

~
the usual normal gamma density

o—m
b/ (aa)

V .
from the truncation




Thus, &

The marginal density of &

_ _&-m

~ /b/(aa)

~ 7T,, truncated onto the region £ <

o—m

\/b/(aoz)-



Moments of &

2
o—m So—m
a + 1)
b (\/b aa) a(baa)
El(] = m-— o) e fora > 1
ao a—1 & ( co—m
“\Vb/(aa)

fora > 2

aq a—1 5. ( o—m

We have explicit formulae for all moments of &.




The conditional and marginal densities of 7

The conditional density of 7 given £ is the same as in the usual normal-gamma
model, that is

)2
T‘f”g(g,bJr&(z m) ) for 7 > 0.

The marginal distribution of 7 is a Gaussian modulated gamma distribution,

that is 7 ~ GMG(/a(§o — m),a,b), with density

NS

_ @ (Var(&—m)) (3)

p(r) = @a(%) T (2)

b




Moments of 7

Dyio ( §o—m )
b/(ax(a+2
Bl — Vo/(ala2) ) a

) ( §o—m ) b
“\ V/b/(aa)

Pata (¢b/£<0_<m+4>>> a(a + 2)
2 ala
L [T } — c b2
o, | So=m_
(\/b/ma))

We can derive all positive and negative moments of 7 and therefore 7.



The RTNG distribution is conjugate to the truncated normal

From standard normal gamma distribution theory, it is clear that given a sample

x of half-normal data, and a RTNG prior, £, 7 ~ RTNG (fo,m o)

,2,2) then

the posterior distribution is

& TIx

RING (fg,m*, * % %) where

min{&y, x}
am + nx

a—+n
a+n

a-+n

b+ (n—1)s*+ an T)?

(m — )

a—+n



The limiting case posterior

Suppose that we define the improper prior p(&,7) % for —oo < £ < o0.
Then, the posterior distribution is

_ )2
£lx ~ RTNG (min{x},:@,n, e > 1, (n 21)8 ) .

Also, the posterior mean in this case is:

2
min{x}—z min{x}—z
s n (PR o (M)
n n—1 min{x}—=
v @, (Mint=r)

Elélx] = — + € = min{x},

The classical and Bayesian estimator for & are different.



Comparison of the Bayesian posterior mean and the MLE

Bias

We simulated 1000 samples of various sizes from HAMN(0,1). The Table
compares the estimated biases of the Bayesian posterior mean estimator of ¢
with the MLE.

AN

n| € E[¢X]
510.217 —0.063
10 | 0.118  —0.011
20 | 0.060  —0.003
50 | 0.025 —0.0005
100 | 0.012 —0.0002
1000 | 0.001 2 x 107°

The bias of the Bayesian estimator is much lower than that of the MLE and
compares with Pewsey's (2002,2004) unbiased estimator



Coverage of credible and confidence intervals

Classical intervals Bayesian intervals
Uncorrected Bias Corrected

n | coverage length coverage length coverage length

5 0.880 0.585 0.904 0.655 0.950 0.910

10 0.916 0.332 0.927 0.350 0.945 0.398

20 0.937 0.177 0.943 0.181 0.951  0.192

50 0.944 0.073 0.946 0.074 0.949  0.076

100 0.948 0.037 0.948 0.037 0.950  0.038

1000 0.950 0.004 0.950 0.004 0.949  0.004




The athletes data example

Pewsey (2002,2004) analyzes data on the body fat indices of athletes.

0.2 .

0.18f
0.16
0.14}
0.12}
— 0.1f
0.08f
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0.02|
0 e
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22

Maybe they can be well fitted by a half-normal model.



The predictive distribution function of X using Bayesian and classical methods

Empirical cdf
— — Bayesian
Classical

5 10 15 20

The fit doesn’t look too good, but ...



Extension: the half-t model

Empirical cdf []
Half t

Il 1
5 10 15 20

. results of fitting a half-t distribution model are much more promising. But
that's another story.
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