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Statistics Review

» Astalislic 1 a fustction ol u sample of data

* An gxtfmator s o stalistic . ; { l .
« Population parameter — unknown | 4L ¢ 7 ﬁm[ll'\mcf 1—, rm|n‘, =ie L"S“"?
« Estimarar  » USL’L“ o estimate an unknown pnnuhnon paramefer
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Since estimators are(fandont, they have 4 #/e! Lon'ed pivena
special name: ¢ o

We will oblain properies of the sampling distribution v see il the
Y

estimator iz “good” or not,
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3.1 Rundom Sampling rom the Population E vnkncnn vy h

» Typically, we want to know something ahout & popidation

« The populalion is considered (o be very litge (ifiuie), and
conraing some unknown “trnth’™

* We likely won't ohserve the whaele population, but a sampde from
Lhe pop.

« We'll use the sanple, v, 1o estimate that something

Example: suppose we want to know the mean height ot'a
222K U of M student

Let w=height of 2 e student

« Population: all sise students

» Populution parameter of interest: )
We can’t atford to nbsarve the whale pop,
we'll have to collect a swmpde, ».
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We want the sample to retlect the population.

. . : »
Cuiestion: [low should the sample be selected fromthe papulation? |

[ particular we wanl the sample (o be 3i.d. 7 - ) )

» Identically = all p drows e coffec: Pey
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* Distributed Jeums /
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S0, the sampleavis randeam?!
& Could have gotten a dillerem

* Parallel universe
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Hova could . be violated in the | whh example? yamne
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Fxample: mean income of Hnw cortld i be vinlated?
s Lsing phene
Lnnet pusrpmé
Herwe should we estimale the meandweighi? hus.dne
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3.2 Dstimators and Sampling Distributions
An estiinator uses the sample ¥ W “guess” something about the pop,
Wi caallert, cunr s {1 |, BER ¥ 18800, 1687
1522, 1717, 1621, 1634, 186 n
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3.2.1 Sample mean
A popular choice for estimaring a population mean is by vsing a
sethpe mean (00 sample gveroge oF just average)
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* Lrom heights example: F = 1741, p,, = 1768 V"'" “““’ hde (r‘

» There are many ways 1 cstimate g, Exumples? M.J(;/mdmn\ /gpm..,\lf -
* Why is (3.1) a0 popular?
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* How good is y at estimating g, in gencral? wm:;';f
« Lo answer these questions: idea ol a sampling distribngon Vhtaly ) em
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elememt of y was arlected
a dliffevent. anmphe
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e papnlation (ladle 31, s |h|
+ Randomly sample rom he population — gel g
o is random
o Use h:r calculate ¥
o F is random
)cnuld have gotten a different sample —» could have gatten a

differant




) Sampling distribulion ol the sample mean

« F is random vanable (iUs an estimator, all eslimators are random)

« random variables usually have probabilicy functions

* ¥ has {prnh:ibi]ity funetion tor an
estimator)

& sanyling disivibudion — imagine all pessible values for ¥ that you
could zet— plot a histogram

+ Using a computer, T drew 1 mil, differenc random samples of 20
from fable 3.1, Calculate ¥ each time. Plat histogram:

Fimmre 3.1: Hiscogram for
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Which probability function is right for 32?7 Why?
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* Look at figure 3.1
* Notice the summation oparator in equation 3.1
o Answer:_Nevwmal Reuson:_CLT

¥ is random. We'll derive ils:

Use these o delermine 710 u *good™ estimator g theee statistical
properties: -

« Lfliciency
» Consistency
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3.2.3 Nias
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An estimator is unbiased if its expectad walue is equal to the
population parameter it's estimating.
Thut is, ¥ ix unbigsed i E|F] =
5 «

Tlnhiased if it gives “the right answer on average”.

Biaged Ll pives the wiong answer on average,
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f var (e¥) = ¢ Uar('() are wdepew deat
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An estimator is etficient i€t has the smallest varianee among all other n*
pulential estimators { for us., polential = linear, unbiased) = __[_l ?Wf (Y‘) =Tar ("f‘\" TR (.P‘ﬁ B J
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3.2.5 Consislency 3 consiS Lm{_
Suppuse we had a lot of information, (r — =) @: i y
Whal value should we gol lor our eslimalor? = ‘L-"H‘ \u/
Hivw would state this mathematically? \
% &
.|‘|:1N Vol [‘\ﬂ"‘:o and !-“\ E[Y] = My e o [ Ol
€2) Prove that the sample mean i3 a consistent estimalor lor the
population mean.,
0 Delme the werms wnbiusedness, cilivieney, ind consislency.
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* Lalimare iy, [usiug@for exarmple)
* Sew it uppears Telose” Loty
o Remember, § is randowmn! (zl[lq f\&_}_lfl_.lﬂl)

o 1[i's close — fail w reject
o Ifit's far - reject

T assign I I Ay =35
Lixumple:
+ Hypuothesize that mean heightl of'a U oM student is 173em
Iy g, — 173
Hypy #7173
o Colleet u sample: v= {1739, 171.7, (. 172.0}
« Calculate ¥ 1741
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* Suppose (very unrealistically that we lnow thn
* Whit now?
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(3.3)
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Figure 3.2: Normal distribution with @00 278 sad o2 w, Shuded nres

is the probability chat the nermal variable is greater then 1711,
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The p-value for the ahove test is 0.44. How to interpret this?
Loprb of gutling @ Gtk is more adverse e H, aerwed
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3.3.1 Significance of a test . L 0;;’,.,.:,,{
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3.3.2 Type [ ermor _
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3.3.4 Testsiatistis bdest sk .

& Jusl w more convenienl way ol getling the p-value lor e st y=
» Lach hvpothesis rest would present us with a new normal curve ' 2
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3.3.4 Teststatistics & $odest shed

& Jusl w more convenient way ol getling the p-value lor the west

* Lach hypothesis rest would present us with a new normal curve
that we would have to draw, and caleulate a new area (see fig. 3.2)

» Instead: standardize

o This gives us eae cueve for all fexting proflems (the slandard
normal curve)

» Caleulate a bunch of arcas under the curve, and tabulate them

* Mot un issuc with moden compulers, but this is s610 the way we do
Lhings _

* Llow o el a o Lest staustic? 1

* Do a = test for our heights example.
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3.3.5 Critical values —7 )
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3.3.6 Confidence intervals = By |
Whalo is e prodalilite Lhat core gostabistie will e within s cerlasin
§ i the o0 IR Firr #xamples, whit ix the fillowing
dility
= 954. (3.12)
——
= ) .95 [2.13)

Finally, we solve equation 303  that the mll hypnthesis
middle of the probability starement:

iy i in the

:)_@_y 11865 \”5J (@ (3.14)
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I'r (y . 106 =

g: 196 = s.e.(9)
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3.4 Hypothesis lests (unknown oy )
* Much more realistically, ﬁ)-‘.’ (variance of ¥y will he unknowm.
® Recall that: Var[#] =7y
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3.4.1 Estimating Cl')z
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3.4.1 Estimating Cl')z

* A “natural™ estimg

b
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o 45 biased L (y)
2 s brase y
« 15 this J eat FWhy or why not? ¥ : nL
® A better estimator: | csedh
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Mot fowr large o, the £ test is cquivalent to the = test
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