MEANS et = s of tails(DF) -

Nearly Normal Assumption
-Data comes from dist. that is uni-modal & symmetric
~With large enough samples (>40) we are safe to use normal model

One-Sample t-Interval
When the assumptions and conditions are met, we're ready to find the confidence
interval for the population mean, u. The confidence interval is
J %t X SE(),
\
One-Sample f-Test for the Mean

The conditions for the one-sample r-test for the mean are the same as for the one-
sample z-interval. We test the hypothesis Hy: s = uo using the statistic

where the standard error of j is: SE(y) = L\/_
n

When the conditions are met and the null hypothesis is true, this statistic follows a
Student’s -model wi In degrees of freedoml We use that model to obtain a
P-value.

Confidence Interval for the Difference Between Two Means

When the conditions are met, we’re ready to find a two-sample z-interval for the dif-
ference between means of two independent groups, sy — p. The confidence interval is

(1 = 52) = % X SE (31 — 32)s
where the standard error of the difference of the means is

2

7

SE(n —y) =

m

The critical value #*,¢ depends on the particular confidence level and on the
number of degrees of freedom.

I
Two-Sample t-Test
When the appropriate assumptions and conditions are met, we test the hypothesis
Hypy =y = Ao,
where the hypothesized difference Ay is almost always 0. We use the statistic
Fi-y) - A
S [T )] B0
-

df = <
1 1 (3

() -

- 1\m - 1\m.
When the null hypothesis is true, the statistic can be closely modelled by a Student’s
t-model with a number of degrees of freedom given by a special formula. We use that

model to compare our ¢-ratio with a critical value for ¢ or to obtain a P-value.

Pooled t-Test and Confidence Interval for the Difference Between Means|
The conditions for the pooled r-test for the di
i s h

erence between the means of two
with the additional
We test the hypothesis

HYPOTHESIS TESTING

|

STEP 1: State Hypothesis for Parameter
Ho: Null Hypothesis
Ha: Alternate Hypothesis

STEP 2: Calculate the Test Statistic
STEP 3: Calculate the Critical Value
STEP 4: Compare & Conclusion

-Test Statistic vs Critical Value
-P-value vs Level of Significance

If  P-value < LS: REJECT Ho

Zerit: 2 @ LS/ # of tails
(from table)

where 2* is the critical value and

Two-Proportion z-Test
Testing whether the difference betwee
two is equal to a given
number, K.

In order to test
Hypi-p, =K
Hep-p#K

we calculate the test stati

Binomial Formula

e sy

b -
SD(pr = b

u
I

)

where

B,

SDGi = ) = [

m

We then obtain the correspond-
ing P-value from the table for the
Normal distribution.

(Br=p) £

Two-Sided One-Sided RIGHT | One-Sided LEFT Decision or| State of Nature | State Of Nature H,
How we write itin | Ho: p = po Ho:p=py Ho: p = po Conclusion H
this baok Hy:p # py He:p>py Hy:p < py ¢
How some people No change, i.e., Hi:p=py H:p=py —
write it to spellout | Hy: p = py Ho: >y Ho: 0 < py H, Correct Decision | Type II Error: E;
the details Ha:p # py P[E,|= B
Practical example Is the proportion of Is there a home field Arc customers returning fewer
“up" days on the advantage? items this year than the 3% -
stock market differ- they returned last year? Hy TypeIError: E; |  Correct Decision
gnt fmT the Empm— P[EJ= @
tion of “down" days?
Py in the example 0.5 5 0.03

Two-Tailed & Left - Tailed: If {| Test Statistic|} > {Critical Value}: REJECT Ho

PROPORTIONS Confidence Interval for the Difference Between Two Proportions

The confidence interval for the difference between two proportions is

= X SE(py = ps

Two-Proportion z-Test for
equal proportions

n

Testing whether two proportions

are equal.

In order to test
Hy:pi-p=0
Hypi-p#0

we calculate the test statistic:

__h-

SD(py = b

Right Tailed: If {Test Statistic} > {Critical Value}: REJECT Ho

One-Proportion zInterval

When the conditions are met, we are ready to find the confidence interval for the

population proportion, p. The confidence interval is j + 2* X SE (}), where the
7

standard deviation of the proportion is estimated by SE(f) =
critical value discussed in Section 11.3.

, and 2* is the

One-Proportion z-Test
The conditions for the one-proportion z-test are the same as for the one-proportion
z-interval. We test the hypothesis Hy: p = py using the statistic
_G-m
SD(p) "

We use the hypothesized proportion to find the standard deviation:

SD(f) = P%, When the conditions are met and the null hypothesis is true,
this statistic follows the standard Normal model, so we can use that model to obtain
) a P-value.

Independence Assumption: The two samples are independent of each other.

Randomization Condition: The people in each sample were selected at
random.

10% Condition: The sample is less than 10% of the population of the two
countries.

Success/Failure Condition:

mpr> 10, mg,> 10; mypy> 105 m9,> 10.

CHI SQUARE

Assumptions & Conditions

-Independence Assumption & Randomization Condition
-Sample Size Condition - Expected Cell Frequency >= 5

-Counted Data Condition: The data must be counted for the categories of the categorical variable

The Chi-Square Calculation
Tlere are the steps to calculate the chi-square statistic:

1. Find the expected values. These come from the null hypothesis
Every null model gives a hypothesized proportion for cach
pected value is the product of the total number of abserva-

tions times this proportion. (The result need not be an integer.)

Compute the residuals. Once you have expected values for cach cell,

Homogeneity (Independence):

magazine preference, Sports Hlustrated, Cosmopolitan, ot The
the following result:

GOF VS H y ) find the residuals, Ofs — Exp.

How to Find Expected Values 3. Square the residuals. (Ofs — Exp)

Obs — Expy’
) Ina contingency table, to test for homogeneity, we need to find th i 4, Compute the components. Find 22 =52 ¢ coh cell,

GOF: values when the null hypothesis i true. To find the expected value for row ?

fand column j, we rake 5. Find the sum of the components. That's the chi-square statistic,
df=r-1 Total., X Total; s (Obs - Exp?
Ho: The distribution is the same Bxpy = Y= Eg
Ha: The distribution is different Here's an example:

Suppose we ask 100 people, 40 men and 60 womnen, to name their 6. Find the degrees of freedom. It's equal to the mumber of cells minus one.

Tese the hypothesis. Large chi-square values mean lots of

Economist, with
from the hypothesized model, so they give small P-values. Lool

p

the critical value from a table of chi-square values, such as Table X in
Df = (r-1)(c-1) Wagazine Preference Appendix B, or use technology to find the P-value directly.
Ho: Homogeneous | Sports usrated _ Cosmopoitan | Economist _Total The steps of the chi-square calculations are often lid out in tables, as in
§ Ha: Not Homogeneous Wen % 5 10 w0 Table 16.3. Use one row for cach eategory, and columns for obscrved
The standard error of 7, — i is Women 10 5 5 [} counts, expected counts, residuals, squared residuals, and the contributions
Ho: Independent w | ® 5 o N to the chi-square total:
e [T 1 . '
SE poated(F1 = 7) = Spooted \/; iy Hx: Not Independent Then, for example, the expected value under homogeneity for Men comoren
: who prefer The Economist would be Residual ol |
— standardized Residuals Fremts Observed Expected |~ (0hs — £rp) (005 | o
where the pooled variance is Obs — Exp B =100 >=6 Monday 192 193369 -1.369 187 0.0097
. (m = D)s+ (n, — 1)s3 _— Performing similar calculations for all cells gives the expected values: Tuesday 189 | 202582 —l3582 184471 09106
$Booled = T —— e, ! —16 i .
pooled (m — 1)+ (m— 1) \/ Exp Sports lustrated  Cosmopalitan | Economist :::'::::" i:: ;g; ::: 1 7: ::: i::i z:i:;
-Residuals become ‘z-scores’ and can Hen " pl 6 20 = 7 : 5 =
When the conditions are met and the null hypothesis is truc, we can model this statis= | 0. be checked for significance using 2 Wonen 2 » EI) ) el S L e
tic’s sampling distribution with a Student’s r-model with (2, — 1) + (m, — 1) degrees values % 50 15 100 I/TAMG 162 Calcolatioss Fuf tha chi-sauaie statlstic i e rading days Sxampk
of freedom. We use that model to obtain a P-value for a test or a margin of error for a b SRR eSS RS TR e
confidence interval.
The ¢ ding pooled ¢ confid interval is ANOVA - Analysis of Variance
re=) =8 i i ANOVA-BLOCKED | Test #1-W. Test #2-Fact “*If in test #1
- Test #1-Was est #2-Factor in test #1 we
val ¢ depends o the confdence levl and s found with One Way Analysis of Variance | ANOVA-B- Blocm N sedat? Factor Dofigstiive |
[egrees of freedom. Assumptions . M, =, = emustruna1- |
5 H, : Allmeans are equal -See 1-Way ANOVA T_‘inm t- };ﬂ)T }":u.\ Hoéﬁ';’ot gff facﬁljr /AY ANOVA to
ired & _ o a:not all bloc :
L tTes‘. 3 , T . || H, : Atleast one mean differs from the others **Raview BLOCKED means equal means equal (t)'l;nple_te test #2,
When the conditions are met, we're ready to test whether the mean paired is e ANOVA table in the E =MS. /MS erwise, you can
significantly different from a hypothesized value (called Ao). We test the hypothesis Source | SS DF MS F | book for detailed FoatMS,/MS,,, | ™ MSu MSe, ro&:ﬁ% Yﬁ;‘éi?éut.
Ho:pa = Ao, calculations. F i i
g - . or both tests Reject Ho if |[F,, | > |F ,|Jorp<a.
where the d’ are the pairwise differences and Ay is almost always 0. Model |SST -1 MST MST/MSE 2P ible Tests There will be 2 F-values an olr p-values in minitab.
We use the statistic Error |SSE N-I MSE dfplock=b-1  dffac=c-1 . dfer=(b-1)*(c-1)  dficr=N-1 b= # of rows
-4,
byt = — Total |SSTotal |N-1
-1 =SB 3STote - . -rr?e M:_:del N Example
; e proceed essentially as if this were a two factor analysis . N . "
where s, is the mean of the pairwise differences,  is the number of pairs, and 1 # of sample groups, N - sum total of all sample sizes With 10 iteraction torm, e 3‘;‘;’;"5;;5& are ntorested I tosting the impact of gasoline
f : > Thus our model is... ) \ -
i 5 Two Way Analysis of Variance » Candidate for one way ANOVA as we have one factor —
SE(d) = o Y Y Xy=u+a+p,+¢; gasoline type — and one response variable — gas mileage.
5 . v (AN OVA) > where g; is a random variable with constant variance o? > But a potentially confounding factor that impacts gas
where s, is the standard deviation of the pairwise differences. . > We divide the total variation SSTotal into variation due to mileage is vehicle type
ired +-Confi the treatment (column), SSB, the variation due to the block i i i
Paired t-Confidence Interval A Test for Interaction e o v et ucn due fo theflock > If we did @ completely randomized design, our samples for
3 s " S Total = SSB + SSA + SSE each factor may have different types of vehicle which would
‘When the conditions are met, we're ready to find the confidence interval for the mean . . . . . > De ress‘af reedom are N-1 (or SSTotal), b-1 (for SSB), bring into question any conclusion we might draw
of the paired differences. The confidence interval is > The first step is to see if there is any interaction between |~ 292 SSA) and (a-1)(b-1 ((fo, SSE) where a(,s the > One way of controlling for this is to divide the population of

4+, | X SE@),

where the standard error of the mean difference is SE(d) =

v

The critical value #* from the student’s -model depends on the particular confi-

dence level you pecify and on thddegress o reedom, 1 — T whichis basd on the
number of pairs, 7.

Wilcoxin
Ho:M,=0
Ha:M,<0

Mann-Whitney
Ho:M,- M,=0 Ho:M,-M,=0
Ha:M,- M,<0 HaM,-M, =0

-Dependent Samples
-Sample of Diff is NOT

HoM,=0
. Normally Distributed

Ha:M,#0

-independent Samples
-One or both of the
samples is NOT
normeatly distributed

Required Sample Size (aways round up)| The Kruskal-Wallis test
-proportion  *p,gandE arealways | The Kruskal-Wallis test
n=, zﬁ q .;n éiﬁésa?mk ez)\z/;ends ‘t)l‘;; _VVilcoxon .rzmk;lsum
B 1 b ts oo gl
-means -means Hy: All the samples come from
(o known) (o unknown) the same distribution.
nZgd  nelgs | e
E i E is shifted higher or lower than
Binomial e cthe
Ho:p=0.3 Ho:p=0.4
Happ<0.3 Hap=04

P(X=x) = nCr*p'q™

n=# of trials (si le si
p=probablii (Dafrgpsscgggg

‘ g: B ability of a failure

| x=# of successes in "n" trials
RejectHoif p<a

the two factors

» Hy: No interaction between factors A and B
H,: A and B interact

» If H is true then the individual measurements are
modeled as

Impact of
i Factor A Random Variation
K™ individual
Measurement / (or residual)
from the i* —u+a +f8. +¢
levelofthe i = H i ﬁ j ik
first factor ! A\
and the j" Mean
level of the Response impact of
2 factor

an interaction term

Xx/k =:“+a.+/j, +Ey

Deriving a Test Statistic
> Our test statistic is therefore

MSAB
MSE

> If we have determined that there is no significant
interaction we can test for the main effects of each
separately...

F= ~ F‘(a—l)(/?—l),ah(r—l)

« Step 3: If Interaction is not Present, then with caution, do
all the further analysis on the Factor Level Means to find
out if the they are all Equal, or some of them not Equal.

Meaningful Main Effects?

» The main effects in our example were
significant while the interaction term was
not significant.

> If the interaction had been significant then
the main effects tests are less easily
interpretable as they no longer represent
the entire impact of each factor.

> If Hy is false then we have a different model that includes

number of blocks — that is tf
each treatment level — and
levels

» We are only interested in the main effect of the column
variable

e number of observations in

cars up by size and randomly assign one car from each
bis the number of treatment

size to each gasoline type (essentially creating a 2 factor)

» This way we insure that the size of the car does not impact
on the outcome.

This is called a randomized block design.

v

* Please notice the non-

parallelness (skewness) of

-

. o X “x-ye )
the three lines. This indicates some Interaction. 1223 m 2 U)E
Interaction Diagram Lhle ||524s 2 -
SSEl oE 2 z
TODTOx Qo ' E } W
. | = 2859 48
§ | § £ 'gg= &%
H w 20 8'c
H = o % A "i vE
A 50
= g © 2T u b - i
{ . 3 hE
lgw o ||< o % 285
|s = IR L EL S
1S5 &E||857%8 = wsy
o T 3E||m@'E 3 adl
(223 JE| |82 =5 AL
| Qv - SERY] E'e- ©
e £El|8 332 B
was a8y 5% o§T
- i To
+ Independence Condition: | < 2 o o =37
As before, there is no test to verify this assumption, but we , - > 8 .Q-U*C) -° 8 § =
can check the randomization condition. The observations | =038 Gese 5 ol L
within each treatment group must be independent of one | %5 £222 "23 X £
another. 1;,fm>-“' EoE0n S L7
- E55 58 & 82
+ Equal Variance Condition: L8238 cgegf @ bt
In two-way ANOVA (as in one-way ANOVA), the | TE- 8| %080 ,2, =0
variances of all treatment groups are required to be equal. x5 3&55||8: ® i 25
The residuals after fitting both effects are what we pool for Iy g3g@||FT T W QOf.-
the error mean square, so it’s their variance that we need : < = & o E e
to examine. c&8: 8w .
|Exis8 ]
We check this assumption with the similar variance | < @ %i
condition. | Tl g 4
. . 1§ Egc ||1§ 2%c<3 @
* Normality Condition: | EQ ¢y P4 g @
Olms €2 Olpy<Sem .=
In two-way ANOVA we need to make sure that the lz clz.8g8 Zc>nD 2 ] i
underlying errors follow a Normal model. <2 o § 5 <| 8 s 2 8 bt - - Lo
E ~
To do so, we check a corresponding nearly Normal =8> e ||= gL egs8 T@y
condition with 2 Normal probability plot or histogram of \g 83 [IL5% ad x gé %
the residuals. , 2258 | 1293 FZ28e%
lem| AR Y S al<<? ¥ < ™o

Bonferroni usedto identify where the actual differences between rﬁeans are.
Step 1 - Determine number of rows (1), number of columns (c) and number of observations in each

Rule - if the interval contains “07 there is no difference between the means being compared
OR - if |actual diff | < |critical diff |, there is no difference between the means

Source of |Degrees of [Sumof  |Mean Sum F-statistic |
Variation |Freedom |Squares |of Squares
FactorA |a-1 SSA MSA= |MSAMSE || samples bei
Step 2 - Calcul

SSA/dfa Step 3 - Calculate a!? a/2(J) and the df = dfe
FactorB  |b-1 SSB MSB=  |MSBMSE | Step4-GetT-valuefro

SSB/dfb
AB (a-1)(b-1) |SSAB MSAB= |MSAB/
interaction SSAB/dfab | MSE
Error ab(r-1)or |SSE MSE =

N-ab SSEldfe ~Used for 1-WAY ANOVA and 2-WAY ANOVA, do not use for BLOCKED ANOVA
Total N1 SSTotal »F(I)t 2-WAY ANOVA there are 3 types of possible comp
al

oW Comp column comparisons and cell comparis
| steps will be exactly the same except step 1. The values of r’, “c* “n" are determined based on the type of comparison.

compared (n)

te 7J* (the number of possible comparisons)
m table at a 1 tailed significance level of alpha/2(J) and dfe (pick closest value)
Step 5 - Interval = (x_bar - x_barj) +/- te/23 * s *SQRT(1/n + 1/n3)

critical difference = margin of error =ty2; * s *SQRT(1/ny + 1/n)

J=[(rc)*(rc-1)l/2  s=SQRT(MSE)




CHOOSING THE RIGHT TEST REGRESSION

Measurement Data, One Sample Recognizing Violations of the
Z X . N The regres tion 1
Are we interested in means or proportions? | Assumptions fx = 439 4 0,325 mide Regression line
Normality Assumption Warranted? 1. Non-linearity bredictor  Cosf SE Coot N B R
Means Proportions Yes > The residual plot will have a curve to it Comstant  42.907  4.087 10.50 0.000 The “value” of
_ _ 2 N {ant variance . midt 0.32528 0.06042 5.38 0.000 each coefficient
> The spread of the residuals will change with the & = 134724  R-sq = 20.3%  R-sq(ady) - 19.6%
[l Known Unicn fitted value N Ef\m:ite o!fav . Total variation explained by the model
nknown nalysis of Variance
How many samples are How many samples are 3. Non-normality of the errors ! ANOVA test to
there? there? > Ifthere are more outliers than would be expected by 5% P S ™ o goon | determineif
f ) gression . 1 26.99 0.
the empirical rule then try removing them T hiier 114 1eg0as aE slope of the

— 7\ /I\ - > Ifthere is skewness, try variance-stabilizing Total 115 188193 population
transformations. regression line
Three or more Three or more l | Unusual Observations is non-zero.

An Example of Data

Transformations R denotes a
Can we link the samples > Often if the true relationship between X and Y is non- point with a
b linear it is possible to “linearize” the data by transforming large residual
in some way? either the X or the Y or both X denotes a

point whose X

T~ For example, consider Y = ay(a; e 6o a1, X X : X X
If we take the log of both sides we get . . . . - value makes it
log(Y) =log(e'e) =logat, + X loge, +loge 116 17 aai20 4s.23 313 404 097 %

v v

\ Data, Two Sample: \ [ and thus the log of Y is linearly related to X
Measurement Data, Two D | M I t <
i i - iple Regression
[l 5 oy o iitn oo | Simple Linear Regression ultiple Regressio
Yes
Can we assume equal variance? i | Is the normality assumption warranted? ‘ Population Model:; = 4, + X, + ¢, + asingle (!ependent variablg Y
- ' + multiple independent predictor (or expl )
Yes Yes No ¥, = value of the dependent variable on i observation variables X, X, ..., X,

X, =known value of the independent variable on the i observation T h M d I
& =a vorrandom rrrsuch that € iode
ule;)=0 (equally likely tobe above as below the regression lie)

z
o &

0*(e,)= 0% Vi (constant variance) _
- £,'s areindependent, normally distributed Y: - ﬂo + ,B,Xi, +ot ﬂerk +é;

We want to estimate /5, and 3, to get the "best" regression line possibld ~ Assumptions are the same as before:

Idea: Have an independent variable X that you believe can *Ysare
help predict some other variable Y. What we’re going to do is . nomla.lly distributed,
timate B and B, in order to get timate of the i s
;;, B, and B, in or get an estimate of the regression « independent, and )
Measurement Data, Three or More Samples « have constant variance o2.
] - .
5 Y, =b,+bX, Y is linearlv related to the predictors

- One or Two Factors? Two Two Tests

This is an estimate of what the true regression line would be if wg . .
One Way Analysis of Variance Two Way Analysis of Variance could measure the whole population. This in turn in an > We usefj Minitab to deterrm_ne “-]e
approximation of the true interaction between X and Y. appropriate sample regression line

. . A = bg+byx +bx,+ ... + b.x,
Hypothesis Testing - Is there 3 ¥ = Dot O rh <
A . oo » Minitab also gives 2 types of tests
Linear Relationship? + F-test (ANOVA table) that tests the complete
H,:p=0 What does this mean? model
. X . « T-tests (one for each predictor) that tests the
* 10 linear relationship between X and ¥ usefulness of each predictor given that all
* Xis not a useful linear predictor of ¥ the other predictors are already in the model.
Test Statistic: 7= Sbllz'(_bo) ANOVA Table
\

H,:f>0  Rejectif 1>1,,

fe\

. . H,: 0 Rejectif t<-t,, ,

Non paramet”c alternatlve |Main Effect of Row Factor: | [Main Effect of Column Factor: H“ . ﬂ] b 0 ch.ec lf <t Source Ss df Ms F
for a one way ANOVA: i, iRow i b CJeCtil 1> Lappy OF 1<~z Model [SSR |k MSR |MSR/MSE

. 1S4 MSB
Kruskal-Wallis Test [ = s ™ P |7 =g~ v Categoric Data, Three or More Samples Hypothesis Test Error |SSE nk-1 |MSE

‘ Categoric Data, Two Sampl;l yp
Total SSTotal |n-1
| Does the Null Hypothesis assume proportions equal? ‘ Hy: =0 (Xhasno explanatory info for predicting Y) F-Test (ANOVA)

MSI

R | asa F - distribution with » The F-test looks very much like an

Test Statistic : I =

e

Cl = fit +/- Ta/2 *SEgt (interval for average of all observations) dfieg=k  dferr=n-k-1

Pl = fit +/- Ta/2 *SQRT(SEq? + S°) (interval for 1 observation) dfior= n-1

-Regression Equation Given in Output as Y=c+B,x +Bx,+... +B x

-Residual= actual value - value predicted by mo ei by subbing independent
variables into the regression equation.

“The best. c’;P‘Od L will BF the one with the highest R?or R%4j, the lowest S and the Jowest
rof in e

I

Having added a variable, consider
dropping an existing variable with the
smallest |t.|, if its p-value > o;

Keep adding variables until no new
variable meets the p-value < a criterion.

>

Mallows’ Cp Statistic

_ MSE ANOVA and compares the full model
J Land -2 degrees of freedom-if H, is true. Ve Bt B i,
against a model that includes only the
Reject H, if F > F,_,,, oruse P-values. constant
(Note: 7., =17.,) y=Fo
» In other words, it is testing the hypothesis
Two Key Intervals -
1. C.L for the mean of Y at a given value of X T-test (for each predictor)
2. Prediction interval (P.L.) for a future observation of
Y ata given value of X > The t-test (for the first predictor) is testing
- = = - For a given x°, which interval will be bigger? the full model  _ 4 | 5. s B,
% EY [ e . - P since the mean varics less than  given observation. against a model that contains all the
33s= <) J a redictors except predictor one
eSS 2 = Same point estimate for both: P pLp
gos | ! ) V= Pot Bxs 4P
=03 £ - .
¥33 = % Yy =by+bx Thus, it is testing whether predictor x,
— 282 l d CLfor uly]x) improves the predictive power of a model
¢ .5, Sg S8 = % ( B ’f that already contains all the others.
H 483 L gl |& [ORES AETA La ) o
a gg il 5| |8 P Y l-a) ~Multicollinearity
2 I / o |3 g3 ol e PLfor?|x’ > Multicollinearity occurs when at least one
-~ > 3 < Qo o g — predictor is or is close to being a linear
& g : 5 % H R a < - e 1 _(:L combination of the other predictor
[ @ ol by + b )=t x5 [1+—+
% % s 2 g 8. g v e noy(x-x) variables.
I % g E % > Pairwise collinearity occurs when two
& 3 3 . . . redictors are highly correlated (as in
e 2 1 8E55y = - 2 | |Coefficient of Determination  previous side) ¢
3 g 3 =823 5
! 3 sgo2gog I % = JMSE » Multicollinearity will affect our interpretation
- - &) o @ = - - - ISE y P!
5'.% L 3 & 3 ‘é g2 g g ﬁ R? =" Coefficient of Determination of the coefficients but does not affect our
g <3 b g ﬁ ? < 5 % -3 5 5 % S = Proportion of total variation explained by the model prediction.
Ry % §- T = = :5?’: % 3 E SIS g 3 __SSR | SSE > We test using the Variation Inflation Factors
S' 390 3 = 2 z g’ g =2 1 a 5 ~ SSTotal (Or >Ssrma/) (VIF) and say that any VIF bigger than 10
Soad3 Sk Icga 2 S 5 . . L, . constitutes significant multi-collinearity.
33,39 I g 29 =3 PH =3 S (Insimple linear regression, r” - the correlation . 3
Ngsoe g io 3 3 g = 3 o coeffcient -is equal o R?) > In such a case, we would most likely get rid of
3 3 o £ 2 == - one or more i 3
SESE ST 8883, i ° — ) L
S R =338 [E 2 Computation of R?, VIiE=15
[ o2 o —l . -
5 i s<e R?, = 1 ~(SSE/[n-(k +1)])/(SSTotal/(n-1)) Introducing Categoric Data
1 =1-(MSE)/ (SSTotal/(n-1)) > iugrsose you have a categoric predictor with k
Vi
JE— . L . R = 1—(Error Variance/ Total Variance) > |ntroduc (see slides on
Multiple Regression| Test #1-Significance Test #2-Significance qualitative predictors
H H : H . > Essentially creating k separate regression lines
or Slﬁ)p!e RegreSSIOn of Model of Variable in Model 5 - oo W where the assumption is that the impact of the
ASSUmQtanS HO:B,=82=B3...=B =0 Ho:B =0 Tsm: b" - B" df = dfe g 5 g g & numeric predictors is independent of the level of
~Error Terms Norm Dist. | Ha:Atleast one B, =0 Ha:B,z0 s &g 8 S5 & BB the categoric predictor .
5 . . . bn gi'_ o o <5 » If interaction is suspected, need to include
-Constant Variance F.=MS/MS,, Reject Ho if[T,,, | > [T..Jor p < a e L interacton prediciors as n the example n the
-Error Terms Ind N by L. =3 3 S 2 slides on qualitative predictors
: Reject Ho if |F,,, | > [F. | | -All numbers come from minitab. 2 £ - ; ;
: stat o . 4] g g 51 StepW|se Regresswn
-Linear Model orp<a. -This test can be repeated for g FT 2R E
2 each independent variable. - 4 o B & g 1. Find the simple regression model that
Cl (coefficient) = by +/- Ty2*Stn § g a maximizes |ty,|, provided its p-value < o;
N g 3 2. Add a second variable if it has the
=S S 5 highest |t |, provided its p-value < a;
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5 5 > We choose the set of p predictors that give the
Variance Inflation Factor (VIF) Multicollinearity is a problem caused by highly smallet G statistc subject o the consraint that
VIF = 1/(1-R?) correlated independent variables. )

Itis a problem if VIF>10.

ANOVA and REGRESSION| | Manual Simple Regression Calculations:
Ri = 1+(5Serr/SSt0t) Slope =by =r*(s./sy) r = coefficient of correlation
R adj= 1'(MSQn/M5[ot) lnt(‘fcept ~ bD - -y N b}i Sx = standard dev. of x

- - = standard dev. of
s=SQRT(MSE) ~ MS bRegression equation: —?, TG, Of X Valis Y

SSe = SUMI (ni-1)*s ] ¥ =bo+biX ¥ = mean of y values
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