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6.12 Definition' -4n r,'stint ator i.s asYmPtoticallY

i -a * -\'1{t. 1).
SC

Normal l/
\loclels. Statistical lnference and [-earning

6.,J.2 Cttnfudr:n.u: St:t's

A 1 - rt confidence interval for'

1,[e.Le o : a(Xr..... X") aud b :
srrch tlttrt

a 1)iuitllleter g is trrr intclr-al

b(Xr.. . . .In) are filllctioli-(

C,, : (a.b)

of the dilta

(6 e)

14 Example' Tlit'ftrtr Iirr:i ' "'.
..- ,Lbr.rut 6 is t'tllfirsirtr. L ' l-t' '- -

'= . Let e be ii iixeri. ktl"i'l- r' .-

.. : rtr vat'ittblcs sr.tc'h tliiLt : -\'

" - -\i trucl -tttllllt'rsu tlliir -' '

',,)Ilfl(lellce itltt'lvirl" rtltl' l- ' 
-FeGeC,,) )1-o. forall 6e C)

In n,orrls. (o.1.,) tlaps d u-ith plobabilitl' 1- o \\i'<'trll 1- rt tlte coverage of

the confidettt'e iutelval'

Warning! C,, is t'trudoul atrd 0 is fixed'

cor[[roulv. peclple itse 9]-l l)ercellt c'oulicletlce ititet'r'tr1's' n'ltic']r corlesirol]ds

toclroosingo:0.(]5'If6isrr\'ectol.tlrenrvcusetrconfidenceset(.srtclras
a spltel'c ol arr ellillst') ilstetrcl of arl ilterval'

Warning! T]rer'e is trttlc.lr r.olrfusicltr allout lrou- to irrterllr.et tr r,rlttficlt-ttce

iriterr.al. A <.orrficlerrc.e irrterr.al is tiot tr lll.ollal>iIitr..ctiltCllIelit irbortt 6 silrce

0 is tr fixerl <luantitr'. rrot tr ratlclotu r-atitrble. Sotnt'texts iute'rpret Cotlfideuce

i[tervtrls as follorvs: if I re,petrt the experiurellt oYer all(l oYeI' thc intel\.trl ['iil

Co[ttriti the ltural]rt't('f 9r) pel('e1lt of the tirDe' Thi-s is cot'lt'c't l)ttt lrst'less sitrce

.,ve rirrelr'repe,irt tlte strtrre exl)e1'il}X.Ilt o\.el'illrd or't.r. A }letter itrterptetirtiorr

is this:

On day 1, you collect data and construct a 95 percent confidence

interval for a parameter dl On day 2' you collect new data and con-

struct a g5 percent confidence interval for an unrelated parameter 0:

On day 3, you collect new data and construct a 95 percent confi-

denceintervalforanunrelatedparameter03.YouContinUethisway
constructing confidence intervals for a sequence of unrelated param-

eters d1 .02.... Then 95 percent of your intervals will trap the true

parametervalue'Thereisnoneedtointroducetheideaofrepeating
the same exPeriment over and over'

6.13Example.Er.er1-da1..nerr.spal)elsIePoIttlllilrioripolls.For'extrtrrple.tller.
ruiglrtstrvtlitrt.'E.]p€-fcelltoftlrellollrrltrtiotrfar.orirrtriitrgpilotsrvitlrglll]S.
Usutrilv. vou r,vill see il stateulelt like "tliis poll is itt'crrLtlte to NithiD l poittts

( .lr'-
c'= { ,',I r]

. . , itll clieck tlitrt. llo llliitr('1 "'"' 
-

- ii pcLt r'llt ('ullhd{'ll('(r llrT-: " '

' .et )l : 15 and lz : 17. Tl"''-
- '..',,r'eL. 1\:e ilre certtritr tirar ' : -

.- ..-ts,ulelit abotrt e 1'ctrt rr'oukl |l' : '
-i'irrg rvrortg u'itli strr-iug tirrit -'

- .' IroT lr lrt,rlrltltilit\- :tillt'llr' l '

l-. Clrirlrtel l I ri'e rvill 'li-t rt'' t-' "
-.'rt l':rttrlotLt lirl'iirl'le ltlt'l u'' '

:rir'ttltrr. t'e t'il1 tnakc sttrtetliel--- -

'.,' datir. is 95 perc'etrt." Hou't'r'":

:-irelit'f probabilities. Tht'se Btr".--'

,ralllctel' 9J-r Ilerce[t of tlie tirttt-

5.15 Example' In the c'oin flippir-- -

- : f6g(2/o ) lQn)' Frorrt Hoeff'l::-'

?i1, -

, r e\?r)'11. Hence. C,, is ir 1- ti 
'

-\s trtr:tttiouecl eirrlier'. 1;oitrt e't-:.
-:.tbutiort. ttieatritrg tiriit equtrtitll

r,ie \\'e calr constmct (approximii:'

92 6. Models, Statistical Inference and Learning 

6.12 Definition. An estimator is asymptotically Normal if 

On 9 

se 
X(0. 1). (6.8) 

6..9. Con.fideiice Sets 

A 1 - n confidence interval for a parameter 9 is an interval C, = (a. h) 

where a = a(X1 Xn) and b = h(X1 X,,) are hnictions of the data 

such that 
(OqC,,)≥1n. for all OdO. (6.9) 

In words. (a. h) traps 9 with probability 1 - u. \Ve call 1 - a the coverage of 

the confidence interval. 
Warning! C,, is random and 9 is fixed. 
Commonly. people use 95 percent confidence intervals, which corresponds 

to choosing a = 0.05. If 9 is a vector then we use a confidence set (stich as 

a sphere or an ellipse) instead of an interval. 
Warning! There is much confusion about how to interpret a confidence 

interval Aconfidence interval is not a probability statement about 9 since 

9 is a fixed quantity. not a random variable. Some texts interpret confidence 

intervals as follows: if I repeat the experiment over and over, the interval will 

contain the parameter 95 percent of the time. This is correct but useless since 

we rarely repeat the same experiment over and over . A better interpretation 

is this: 

On day 1, you collect data and construct a 95 percent confidence 

interval for a parameter 01. On day 2, you collect new data and con-

struct a 95 percent confidence interval for an unrelated parameter 92. 

On day 3, you collect new data and construct a 95 percent confi-
dence interval for an unrelated parameter 9:. You continue this way 

constructing confidence intervals for a sequence of unrelated param-

eters 91. 92.. . . Then 95 percent of your intervals will trap the true 

parameter value. There is no need to introduce the idea of repeating 

the same experiment over and over. 

6.13 Example. Every (lay, newspapers report opinion polls. For example. they 

might saY that 83 percent of the population favor arming pilots with guns. 

Usually, von will see a statement like "this poll is accurate to within 4 points 

Hut 

-- :Th 'ins. It \'(i t..: 

- - : -Halir life. 115 pen h-nt 

true even tliuuali 

.u:est ion every day. • 

14 Example. The fact iLu 

.ti'OUt 9 15 c'aiifiiiiii. L 

Let 0 he a fixed. Lu' c:. 

'ill variables such that I 

= - X and suppose that 

H infidence interval" whi::. 

3 'U 

oil cheek that, no watt.......... 

• . percent confidence jute: 

et Y1 = 15 and Y, = 1. I:±a 

a ever, we are certain that a = 

:cment about 9 you would p, 

Lug wrong with saying that 

not a probability statement 

In Chapter 11 we will discuss 3: 

a random variable and w­. 1 

•rt cular. we will niake stateniei. - - 

- ..' data. is 95 percent. Howev'-: 

:-belief probabilities. These Bay--: 

.rameter 95 percent of the time. 

5.15 Example. In the coin flippin_ 

-- = log( 2/a) / (211). Fi'orn Hoeffl 

i every p. Hence. C,, is a 1 - a 

As mentioned earlier, point eat:: 

:ibution. meaning that equation 

ie we can construct (approximat-
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(3.3 Fundamental Concepts in Inference 93 

.totically Normal if 

(6.8) 

H- an iiterval C = (a. b) 

are functions of the data 

e. (6.9) 

\\' call 1 - o the coverage of 

.:ltervals. winch corresponds 

a confidence set (such as 

to interpret a confidence 

H- -ry tatenient about 9 since 

:ue texts interpret confidence 

- cr and over, the interval will 

ThH- H- correct but useless since 

ver. A better interpretation 

95 percent confidence 

::-ect new data and con-

unrelated parameter 8. 

::s:'act a 95 percent confi-

You continue this way 

 -ce of unrelated param-

':evals will trap the true 

  the idea of repeating 

:uion polls. For example. they 

:\)r arming pilots with guns. 

accurate to within 4 points 

percent of the tune.' They are saving that 83 + 4 is a 95 percent confidence 

:en-al for the true but unknown proportion p of people who favor arming 

:.uts with guns. If von form a confidence interval this way every day for the 

--t of your life. 95 percent of your intervals will contaui the true parameter. 

iis is true even though you are estimating a different quantity (a different 

:11 question) every day. . 

5,14 Example. The fact that a confidence interval is not a pi'obabihtv state-

- -ut about 9 is confusing. Consider this example front Berger and Vlolpert 

'4). Let 9 be a fixed. known real number and let XI. X,) be iiidepeiideiit 

:.doiri variables such that (X = 1) = F(X1 = —1) = 1/2. \ow define 

- = 9 H- X and suppose that you only observe Y1 arid Y. Define the follow-

- "confidence interval which actually only coirtaii is, one point: 

C= 
5 {} 1} if III = 

{(I })/2} if )'i 

- 1 can (-heck that, no matter what 9 is. we have F(9 g C) = 3/4 so this 

75 percent confidence interval. Suppose we now do the experiment and 

-- 2et YI = 15 and Y = 17. Then our 75 percent confidence interval is {16}. 

.vevei'. we are certain that 9 = 16. If you wanted to make a probability 

' -oliieut about 9 you would probably say that F(9 E CiY1. Y) = 1. There is 

- lung wrong with saving that { 16} is a 75 percent confidence interval. But 
not a probability statement about U. . 

Chapter 11 we will discuss Bayesian methods in which we treat 9 as if it 

a random variable and we do make probability statements about P. In 

ieu1ar, we will make statements like 'the probability that 0 is ill C. givell 

lata. is 95 percent." However. these Bayesian intervals refer to degree-

- o n lief probabilities. These Bayesia intervals will hot, ill general. trap the 

meter 95 percent of the tine. 

5 15 Example. In the coin flipping setting. let C = - . + e ) where 
- = lo-(2/o)//(2o). From Hoeffding's inequality (4.4) it follows that 

F(J) C CrR ) > 1 (1 

- --very p. Hence. C,, is a 1 - o confidence interval. • 

mentioned earlier, point estimators often have a limiting Normal (his-

- :t ion. nieniling that equation (6.8) holds. that is. 9, N(9. 2), In this 

we can construct (approximate) confidence intervals as follows. 
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156 10. Llvpothesis 'lt.sting and p-r.alues

( l- I e

(l-)0
011

FIC}l.'RE 10.2. Scienti{ic significancre vel'sus statistir'al signiiicance. -\ level o test
lejects II1y :0 : ()o if anrl onlv if thc 1 cr tortfitlence irttelval cloes not incluclc
0p. Hcle alc tri'o clillerent conllderrr:t'interlals. Both exclucle r(l s() in both cases the
te,st ri'ould lejecl -F1e. Rut in the fir'st ca.se . the estinratecl value of 0 is close to do so

thc finding is plobabll'of little scientific or practictrl value. Iu the seconrl c'trst'. the
estirntrted value r-if 0 is far flonr do so thc fin<ling is of scie'utific r-trlue. 

.l 
ltis shon's

tu'o things. First. statistical signilicancc cloes not inrplv that a findirrg is of scientific
inrportance. Ser:orrr1. corrfidenc'r, intt,rvals are o{ien rnc.rre infornrative than test>.

1,0.2 I)*\rahl()s

Repolting "reject f1o" or "retilin flo" is lrot \-erl infblntatirr-. Iu-steacl. rve

(:oLrld ask. fbl evelr-o. 1\'hether the. test rej(.c'ts tlt that 1t'r'e1. Genelallr'. if the

test rdects at le.,'r'l a it ri'ill irlso leject irt ierel o/ > o. Hence. there i-s a

srrrallest o trt 
"r'hich 

tht'tr.st re,iects trrrrl u't'call this rir.rrrll)el thc p-r'tr1ue. See

Figrrle 10.i3.

Lifcrrniallr,-. the ir-r'trlue is zr

the, p-r'alue. the stlouger the

tlie follorving eviclerice sctrle:

lneasiire of the etidenc'e agaiust

eviclence agairlst,F10. Tvpicalll-,

\es

Rt' jcct?

])-\'i1.

al(;t tlE 10.13. pvalrre's explainecl. F.

.t k:r.'t:l rr'l I'lrc p-r.alrrc. is thc srniili.,-
rqainst H6 is strong. the p-r-alue ii ti-

p-value evider::
< .01

.01 .0r-_r

.01-r .10

>.1

2We discuss quantities like ?(l1e L)ir

Warning! A lalge p-\'aluc is rL, -

'-t'irltt,'( illl {)('( llt fi)I l\\'u lca:()il-: .

.riis lo\Y po\\.€,r.

Warning! Do not corrfrrse the 1,-".
not the probability that the ntrll

The follori-irrg lesult expl'rirrs 1rr .." -

0s

YPI\'.-
st LotL.

n'eiik -'.
litt1" , r

I1s: the slualler'

LeseaLclteLs trse'

L0.11. Definition. Suppose tltat for et'ery a € (0. l) a'r: hoL'r: o ,:i:t' rt tr-st

u:'i,t,lt relec:tion reqietn R,,. Then.

p-r'irltt'' = i"t{" : r1'1") : R,,}'tl
That is. the: p-taLua is tlte smrLl,lest LeteL at u,hiclt u'(: con rejec:t Hs.

156 10. Hypothesis lesting and p-values 

0 Yes 

0 0 

0 Reject? 

0 0 

FIGURE 10.2. Scientific significance versus statistical significance A level a test 
rejects 110 0 = 0 if and only if the 1 - a confidence interval does not include 
00. Here are two different confidence intervals. Both exclude ()0 so in both cases the 
test would reject H0. But in the first case. the estimated value of 0 is close to Oo so 
the finding is probably of little scientific or practical value. In the second case. the 
estimated value of 0 is far from 00 so the finding is of scientific value. Ihis shows 
two things. First, statistical significance does not imply that a finding is of scientific 
importance. Second. confidence intervals are often more informative than tests. 

10.2 I)Va1U(s 

Reporting "reject H0 or retain H0" is not very informative. Instead, we 

could ask, for every ci, whether the test rejects at that level. Generally. if the 

test rejects at level o it will also reject at level o' > o. Hence. there is a 

smallest n at winch the test rejects and we call this number the l)-value. See 

Figure 10.3. 

10.11 Definition. Suppose f/tot for every ci F 0. 1) ac hare o si.n 0 test 

with rejection region R1, . Then. 

p-value = inf { o : T( X fl) R( 

That is. the p-co/tie is the smallest lerel at oh ic/i crc can reject H0. 

Informally. time 1)-value is  measure of the evidence against H0: the smaller 

the f)-value. the stronger the evidence against H0. Typically, researchers use 

time following evidence scale: 

No 

0 t 
1'I(TFIE 10.3. p-values explained. F 
: level o" The p-value is the sntalcr-' 
ainst H0 is strong, the p-value o:i. - 

p-value eviden:s 

< .1 very 

.11 - .05 strati-

.05 -- .10 weak 

> .1 little 

Warning! A large 1)-value is n - 

-value can occur for two reason: 

nas low power. 

Warning! Do not confuse the j_': 

not the probability that the nul. 

The following result explains licv: 

2 W discuss quantities like il(J1 Do: 

9, 
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dnn?-\-(l drll J]n(luro.) ol -\\orl stlltlclxJ lllrsJ.r 3ur.\\olloJ atll

'anrl sr srsaqlod,{q IInrr aq} }r3rl} .{}rlrqBqord aq} }oi:
sI anle^-d aHI r '(e1uq uI1)d,{fr.n;n1u-r-cl rrl} rsrutro) lorr oC 13uru;e6

'.ta-uotl -tto1 s'
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aE.ru1 y 0ll lo .ro.\p.J rrr rJrr.)pr.\.) Euo:ls lorr sr ,ln1l?.\-rl .r3.ru1 y 13u1ureL1

0g lsrrn:Fu J.)rrJpr.\a orr .1o al]lJl I' <
017 lsrrre8u aJrrrpr.\J {ua.!r 0I' C0'

0p. lsuru8e a,)uJpr.\.) Srro.rts q0' I0'
'rff l:tllttEt: r),)TJirlrl-\,r .3tlr,.l1* -1.1r-1 Il) .

aluaPrAaan 1 en-d

o.)urpr.\.) Jr{} .ll 'trly' 1;ala.r op
oIJ ].).rh.r ]sr] Jno sJop :IsP

'llr?ru,s a(l 11r.rr arrle.r-c[ ;qi 3rro.r]s sr ol1 ]suru::
J-\\ II.)Irl.\\ le r) ]-sallprus Jtl] sr.)I1lu^\-(l .tq.1.;,tr I.)-\rl r'l

rre.) J-\\ i) rlJr?J.rog p;rrruldxr s-Jnlp.\-d t:'0I Stir'li)l:

lsn s.IJrl).Iuasa.I '-illP.)I(1.\J 'oH r'-. r -

rallpirrs arll :01? lstIIPSE J.)II.l pI.\.: :-. -

lrq 'rnlu.\-d dq] .IJqIIrIllI slrll IIlr
ir SI J.IJIi] 'J;)IIaH 't) < /U i.J.\.ri -

Itll lI '.i111?.I.)IIdD '].).\al llrIIl .!1r i- -

'.\\'l)ri,ltslIl .r.\III?ur,tollII .i.t-.r "

'slsJ] tIPII] J.\llPtrt.IoJrtl J,I()lli i;'-
)qrlrtJrJS 3o sr ,lrrrprrg e 1ut1l .l1cl',1;. ,

s-r\olis slq.l. 'alrIe.\ JIJI]uJIJs- JO :1 :'i
aq] osr?J []uoJrs Jlll uI 'JlrlP.\ It? r:-

os 00 o] dsolJ st (, Jo au[P.\ I).]lrrllli---
Jr{} sJsE) 1{loq ul os 04, oPrllJxhll. A

.rpniJlII lou sJol) [1?.\.IJJuI J,]lIrl)l:i:
lsJl o IJ.\J] y 'r'r.rtterylrt8l:^ Irl.rlrjl.:

an1u.r.-rl

,'.-I.ta[,lg

sJ,\

e#

g#

M sanle,r-rl 7 61

10.2 1)-values 157 

I  (9 

(9 

- -T 1st ical significance A level o test 
deiìce interval clues not include 

th exclude Oo so in both cases the 
imated value of 0 is close to Oo so 

- : al value. In the second case. the 
= is of scientific value. 1 his shows 

- ::oplv that a finding is of scientific 
- a :1 inure informative than tests. 

very informative. Instead, we 

-- at that level. Generally, if the 

- level ci ' > c. Hence. there is a 

all this mirnber the p-value. See 

-, 0. 1) WC hate a size (A test 

it/i we can reject H0. 

evidence against H0: the smaller 

H0. Typically, researchers use 

Yes 

Reject 

No 

0 '1 
l)-value 

fIGURE 10.3. j)-values explained. For each o we can ask: does our test reject 110 
t: level o .' The p-value is the smallest o at which we do reject 11g. If the evidence 

ainst H0 is strong. the 1)-value will he small. 

p-value evidence 

very strong evidence against H0 

strong evidence against H0 

weak evidence against H0 

little or no evidence against H0 

Warning! A large l)-value is not strong evidence in favor of HO. large 

-value can occur for two reasons: (i) H 11 is true or (ii) H1 is false hut the test 

-- 11  low power. 

Warning! Do not confuse the 1)-value with (H0 Data). 2 The p-value is 

not the probability that the null hypothesis is true. 

The following result explains how to compute the 1)-value. 

-We discuss quantities like f(1I (1 L)ata) in the chapter on Bayesian inference. 
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15E 10. [Ir.pothesis 'I'esting arrcl p-r'alues

10.12 Theorem. Suppose: tLtat the si,zr: ct test is of tlte fornt

reject /Ie if ancl onlr. if 7(f " ) ) ri,.

Then.

p-r'alrre - 
r,:Li 

Fo(f(_Y") > I(..,))

u:here x" is tLLe obserted t:olrLe of X". If Oo: {01} then

p-\'illue: Fe, (f(I") ) f(,r:")).

\\'e can express

The p-value

test statistic

observed.

Theor.eni 10.12

is the probability

the same as or

tl's fo11..,r.'.'

(under 1111) of observing a

more extreme than what

value of the

was actually

|'

;1-RE 10.4. 'l'he p-r.alue i.
i the p-r'alue for the \\-ald r..
.n,lall r,f tha rejer,tiorr r.egi,.:.
: (0 ?n)l&. lhis implie: -:
- .Y(0. l).

r.3 The t2 Distrrllr

r' > 0. It can be sliou-n th...:

:ule proceeding u.e need r,

:.'perrdent. slandard \or.rr, ,--
r distribution with k clesr*-,
.sity of V is

10.13 Theorem. Let r,- (A do)i,G drttote tltt: obserue:d L,alLLe: of the
WaLd statistic II' . The p-t,alLr.e is qit,en bu

p-','alue:Fo,(ill'> u')=P(tZ > r,')-2q>( 1') (10.7)

wh,ereZ-f(0.1).

To urrderstand tliis lttst theoreni. look at Figuro 10.J.
Here is an irlport:rnt propeltr- of p-r'tilucs.

I'0.14 Theorem. If tlrc te:tt.,statistic has o r:orttin.rLctLL,c distribu,tiort. the-n under
Hg:0 - 00. the p-t,alut has o Lnifomt (0,1) distr.ibutir.trL. Tht:ref.r.e. if u,e

reyct Hs uhen tlt,e p-lnlue is l,e.ss than o. tlte probabiLLtu of u tqpe I error i,s

In otlier rvords. if Hs i-s true. the p-r'alue is likc ir rturdorrr cllau- freur t'r

Unif(O, 1) distl'ibutiorr. If 111 is tlue. tlie clistribLrtion of tli<, p-r'irlrre ri'ill tenrl
to concentrate closer to 0.

L0.15 Example. Rer:a]l the cholesterol clata fronr Exanipie 7.15. To test if the
nlea[s are clifferent \\e collrputr.

i-nII-::-
SE

216.2 - 195.3 :3.78.

- corlprrte the p-value. ler Z
.- ltrltle. Then.

1l-valtre-Pi Z .,

:.iih is ven'strotrg er-iclenr.,.

. :ii arc tlifferetrt. Iet D1 a:,,: .

11': lr
S:

.--r'e tlie starrdtrrd error i.i-,.'

1r-r-alue : ; ;

.-.. 1r is btrong r.r'iderrce ir!,r:---

r-v
/-

/# + #
,f:l---;--:t

v )- t t.4-

158 10. Hypothesis Testing and p-values 

10.12 Theorem. Suppose that the size o test is of the form 

reject H0 if and only if T(X) > c. 

Then, 

p-value = sup I (T(°) > T(iu)) 

where rr is the obserred value of X If e0 = {8} then 

p-value = 9,,(T(X) > T(.rr)). 

We can express Theorem 10.12 as follows: 

The p-value is the probability (under H0) of observing a value of the 

test statistic the same as or more extreme than what was actually 

observed. 

10.13 Theorem. Let u' = (9 8)/ denote the observed value of the 

Wald statistic W. The p-value is given by 

P - value = Fo lij > I u( 

where Z N(0. 1). 

F(Z > n' = 2l(— (10.7) 

To understand this last theorem, look at Figure 10.4. 

Here is an important property of p-values. 

10.14 Theorem. If the test statistic has a continvous distribution, then under 

H0 : 8 = 8o the p-value has a Uniform (0.1) distribution. Therefore. if we 

reject H0 when the p-value is less than a. the probability of a type I error is 

a. 

In other words, if H0 is true. the p-value is like a random draw from a 

Unif(0, 1) distribution. If H1 is true, the distribution of the p-value will tend 

to concentrate closer to 0. 

10.15 Example. Recall the cholesterol data from Example 7.15. To test if the 

means are different we compute 

—0 X — Y 216.2-195.3 

se V/52 + 2.42 

I d'RE 10.4. The p-value 
the p-value for the \Vald t. 

ndary of the rejection regi:.r 
= (0 - 0)/. This implie' 

.V(0. 1). 

compute the p-value, let Z 

::iable. Then. 

1)-value = F Z 

rich is very strong evidenc 

:is are different, let i and 

IT -
= 

:.re the standard error 7. 

p-value = Z 

:.:ch is strong evidence agari 

.3 The 2 Distrih ii 

:are proceeding we need t 

-- :-pendent. standard Normri 

2 distribution with k denr 

:.sity of V is 

= 3.78. cv > 0. It can be shown tha 

cuantile  

I, 
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