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Supplementary Applied Exercises
10.72 Quantum turnnelng. At temperatures approaching absolute

zero (273 degrees below zero Celsius), helium exhibits
traits that defy many laws of conventional physics. An
expenment has been conducted with helium in solid form at
vanous temperatures near absolute zero. The sohd helium s
placed in a dilubon refngerator along with a solid impure
substance, and the proportion (by weight) of the impunty
passing through the sohd hehum s recorded. (This phe-
nomenon of solids passing directly through solids 15 known
as guantum tunneling.) The data are given in the table.

&% HeLum

Proportion of Impurity

Passing Through Helium Temperatura
¥ x, "C
315 —262
202 —265
204 —156
620 —267
T15 —270
035 —172
057 —172
006 —172
085 -173
087 -273

10.73

a. Construct a scattergram of the data.

b. Find the least-squares hine for the data and plot 1t on
your scattergram.

C. Define By in the context of this problem.

d. Test the hypothesis (at & = .03) that temperature con-
tnbutes no information for the prediction of the propor-
tion of impunty passing through helium when a linear
model 15 used. Draw the appropnate conclusions.

e. Find a W% confidence interval for 8. Interpret your

results.

Find the coefhicient of correlation for the given data.

2 Find the coefficient of determination for the linear
model you constructed 1n part b Interpret your result.

h. Find a 994 prediction interval for the proportion of
impurity passing through helium when the temperature
15 set at —270°C.

I. Estimate the mean proportion of impunty passing
through helium when the temperature 15 set at —270°C.
Use a 99% confidence interval.

=t

Snow geese feeding trigl. Botamists at the University of
Toronto conducted a senes of expenments to Investigate
the feeding habits of baby snow geese. (Journal of Applied
Ecolegy, Vol. 32, 1995.) Goshings were depnved of food
until their puts were empty, then were allowed to feed for
& hours on a diet of plants or Punna Duck Chow. For each
feeding trial, the change in the weight of the gosling after
2.5 hours was recorded as a percentage of imital weght.
Two other vanables recorded were digestion efficiency
imeasured as a percentage) and amount of acid-detergent
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# 10.72

v <- Intro2R: :myreadxl ()

helium <- v$HELIUM

names (helium)

ylm <- 1lm(PROPPASS ~ TEMP, helium)

library (ggplot2)
g <- ggplot(helium, aes( x = TEMP, y = PROPPASS)) + geom point()

g <- g + geom _smooth (method = "1lm", formula = y ~ Xx)

g

summary (ylm)
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Summary information

> summary (ylm)

Call: You must know how
Im(formula = PROPPASS ~ TEMP, data = helium) tO interpret ALL Of

Residuals: this output!!
Min 10 Median 30 Max

-0.30732 -0.02940 0.03045 0.05943 0.17014

Coefficients:

Estimate Std. Error t value Pr(>|t]|)
(Intercept) -13.490347 2.073772 -6.505 0.000187 **x*
TEMP -0.052829 0.007728 (-6.836)72 0.000133

Signif. codes:
0 Y**x/ (0.001 '**’ 0.01 ‘*’ O ‘. 0.1 Y"1

o

Residual standard e 333 Fn 8 degrees of £
Jjusted R-s :

DF, p-value:

Multiple R-
F-statistic
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SOME DEFINITIONS

Definition 10.1
The variable to be predicted (or modeled), y, is called the dependent (or response) variable.

Definition 10.2
The variables used to predict (or model) y are called independent variables and are denoted by the
symbols x4, X5, X3, etc.




FIGURE 10.2 y

A graph of the data points of 4 .
Table 10.1 and the hypothetical line
of means, E(v) = Bo + Bix

0
Bg = y-intercept { 7 1 2 3 1 5
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A Simple Linear Regression (Probabilistic) Model
y=PBo T BxTte
where
vy = Dependent variable

x = Independent variable

E(y) = By + Bixis the deterministic component (the equation of a

straight line)
e (epsilon) = Random error component

Bo (beta-zero) = y-intercept of the line, i.e., point at which the line intercepts or
cuts through the y-axis (see Figure 10.2)
B1 (beta-one) = Slope of the line. i.e., amount of increase (or decrease) in the

deterministic component y for every | unit increase in x (see
Figure 10.2) l




ASSUMPTIONS

Assumption 1 The mean of the probability distribution of g is 0. That is, the
average of the errors over an infinitely long series of experiments is 0 for each set-
ting of the independent variable x. This assumption implies that the mean value of
v, E(y), for a given value of x is E(y) = Bo + Bix.

Assumption 2 The variance of the probability distribution of € is constant for all
settings of the independent variable x. For our straight-line model, this assumption
means that the variance of € is equal to a constant, say, (rz, for all values of x.

Assumption 3 The probability distribution of € is normal.

Assumption 4 The errors associated with any two different observations are
independent. That is, the error associated with one value of y has no effect on the
errors associated with other y values.
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RESIDUALS

FIGURE 10.4 y
Graph showing the deviations of the
points about a line




NOTICE THE BOOK USES SSE NOT SSR

Definition 10.3
A regression residual € is defined as the difference between an obhserved y value and its correspon-
ding predicted value:

E=y-y

Definition 10.4
The least-squares line is one that has a smaller SSE than any other straight-line model.

The values of Bg and 3; that minimize

n

SSE = > [y — (Bo + Bix) ]’

i=1




Theoretical Exercises
10.19 Show that

E}OZ? _Jéﬁ = EB_JC(JESJ]}’;‘

[Hint: Note that

SSyy E(x,- — )i =)

Pr=is. = SS,,
=Ty B V2 (x = X)
B SS,r SS,y
B D (x — )y
B SS,,

since X (x; —X) = 0.]

10.20 We showed in Example 10.2 that ‘él, the least-squares

10.21

estimator of the slope B, is an unbiased estimator of B,
i.e.. E(B1) = B;. Use the result from Exercise 10.17 to

show that E(ﬁg) = Bo.

In Exercise 10.19, you showed that f-?o could be written as
a linear function of independent random variables. Use
Theorem 6.8 to show that

Y D
oo -2(Z)

n \ SS,,

CANYOU

PROVE THESE?




THE FOLLOWING THEOREM IS PROVED IN
MATH 4773 WHERE LA IS USED EXTENSIVELY

RSS
n—>2

§2 =




THEOREM 10.1

THEOREM 10.1

Let s* = SSE/(n — 2). Then, when the assumptions of Section 10.2 are satisfied, the
statistic

(n — 2)s°

possesses a chi-square distribution with v = (n — 2) degrees of freedom.



Estimation of o2
, SSE SSE

§s¢ = = : =
Degrees of freedom forerror n — 2

where

SSE = Y\ (yi — 3:)* = SS;y — B1SSy

)2
SSyy = 20 — ¥ = 2\,2 _ (E’—'\')

Warning: When performing these calculations, you may be tempted to round the
calculated values of SS,,. B, and SS,,. Be certain to carry at least six significant
figures for each of these quantities to avoid substantial errors in the calculation
of SSE. .




INTERPRETATION OF §

Interpretation of s, the Estimated Standard Deviation of &

We expect most of the observed y values to lie within 2s of their respective least-
squares predicted values, V.



sampling Distribution of 3,

If we make the four assumptions about & (see Section 10.2), then the sampling distri-
bution of ;. the least-squares estimator of slope, will be a normal distribution with
mean 3 (the true slope) and standard error

(see Figure 10.8)

a A
"oVSS,  VSS,, B

Since o will usually be unknown, the appropriate test statistic will generally be a
Student’s T statistic formed as follows:

i

_ [A?] — Hypothesized value of 3, s

- where sg, =
SBy & VSS,,

T

_Bi-0

s/ V' SS

/7N

FIGURE 10.8 A

Sampling distribution of ﬁl

By

}‘f 203 e 2091—;-




RAR MAN

FIGURE 10.9 )

Rejection region and calculated /"\

f value for testing whether the
slope B; = 0

~3.182 0 3.182 1
3.66
Rejection Rejection
—-— — ——

region region



Cl FOR §,

A (1 —a)100% Confidence Interval for the Slope g

B1 £ tansg, where sg =

V SS,

and 7., 1s based on (n — 2) df




~ A
_B] T [ psSa, = J+ 3182( )
g V/SS,,

61
=74+ 3.132() =7+ .61 = (.09, 1.31)

V10

TEDIOUS CALCULATIONS DONE BY R
THROUGH Im()




CORRELATION

Definition 10.5
The Pearson product moment coefficient of correlation r is a measure of the strength of the lin-
ear relationship between two variables x and y in the sample. It is computed (for a sample of n meas-

urements on x and y) as follows:

\/SSuSS,,

r




LINEAR
ASSOCIATION

FIGURE 10.11
WYalues of r and their implications

a. Positive r: ¥ increases
a5 ¥ Incragsss

. Megative r: ¥ decroases
a5 x InCreases

b. r near [ little or no
linear relationship
betwean ¥ and x

d.r = 1: a perfect positive, linear
relationship between
yand x

f. r near ( little or no
linear ralationship
betwean ¥ and x




Warning

High correlation does not imply causality. If a large positive or negative value of the
sample correlation coefficient r 1s observed, it 1s incorrect to conclude that a change in

x causes a change in y. The only valid conclusion is that a linear trend may exist be-
tween x and y. l

CORRELATION # CAUSALITY




STORKS DELIVER BABIES?

+ Pioneering statistician George Udny Yule, author of the
seminal 1911 textbook Introduction to the Theory of
Statistics, explained confounding factors with a
pleasing reference to reproduction. He noted that in
Alsatian villages numbers of human newborns are
correlated with numbers of storks nesting locally. It is
tempting to conclude that storks do actually deliver
babies, but the real explanation is far more mundane.
Larger villages have more houses with chimneys for
storks to build nests, and more babies are of course
delivered in larger villages. The confounding factor is
village size.




cor.test() in R

Test of Hypothesis for Linear Correlation

One-Tailed Test Two-Tailed Test
Hyy p=20 Hy: p=20
H: p=>=70 H: p#0
(orp < 0)

. 1 — 2

Test statistic: 1. =
| — r?
Rejection region: 1. = Rejection region: |T.| > fa/2
(DI‘ _ra)

p-value: P(T > T.) [or P(T < T.)]  p-value: 2P(

where f, and f,, are the critical values based on (n — 2)df obtained from Table 7 of
Appendix B.

Assumptions: The sample of (x, y) values 1s randomly selected from a (bivariate)
normal population.®




Definition 10.6
The coefficient of determination is

R:SSH_SSE: | ~ SSE
SS vy SS},},
It represents the proportion of the sum of squares of deviations of the y values about their predicted
values (y) that can be attributed to a linear relation between y and x. (In simple linear regression, it
may also be computed as the square of the coefficient of correlation r.)

COEFFICIENT OF DETERMINATION OR
MULTIPLE R*




Note that 2 is always between 0 and I, because r 1s between —1 and +1. Thus,
r? = .60 means that the sum of squares of deviations of the y values about their pre-
dicted values has been reduced 60% by the use of y, instead of V, to predict y. Or, more
practically, r> = .60 implies that the straight-line model relating y to x can explain (or
account for) 60% of the variation present in the sample of y values.
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Practical Interpretation of the Coefficient of Determination, r?

About 100(r%)% of the total sum of squares of deviations of the sample y values about
their mean y can be explained by (or attributed to) using x to predict y in the straight-

line model. .

PRACTICAL INTERPRETATION




ADJUSTED R%* = R2 HERE k =1

The Adjusted Multiple Coefficient of Determination

The adjusted multiple coefficient of determination is given by

n—1 SSE 1 — 1
R2=1-— (n — 1) =)= -2 (1 — R?)
n— (k+ 1)\SSy, n— (k+1)

Unlike R%, R? takes into account (“adjusts for”) both the sample size n and the
number of B parameters in the model. R2 will always be smaller than R?. and more im-
portantly, cannot be “forced” to 1 by simply adding more and more independent vari-
ables to the model. Consequently, some analysts prefer the more conservative R2
when choosing a measure of model adequacy.




Introduction

There is a very important identity we use in regression called the “Sum of Squares” identity.
This identity is used in many different contexts and can be rewritten to explain ANOVA for example.

See https://en.wikipedia.org/wiki/Linear least squares#Derivation of the normal equations for more detail.

TSS =MSS+ RSS

T T

= 9) =3 G- 9+ Y~ )

1=1

(]

where T'S S is the total sum of squares, M S .S is the model sum of squares and RS .S is the residual sum of squares.

Please note that many texts use slightly different notation — for example MS uses ESS for RS'S.




ORSS ong 9BSS ang forming two

Proof

To prove this we will need the normal equations. These are derived from taking two partial derivatives, o5 o
0 1

simultaneous equations by setting each to zero.

nfBy +nzf; —ny =0

n .
nﬁoi+ﬁ12$$ —Zmiyt; =0
i=1 i=1

We will approach this problem by turning the left hand side of the SS identity into the RHS.
L]
—\2
TSS = Z(% —Y)
i=1

= Z(% - :l}']: +?}eg - §)2
i=1
ki3 ki) ki3
(v — 9"+ (@ —9)+2) (% —9.)¥: —9)
1 i=1 i=1

i=

— RSS + MSS +2) (% — 9:)(d: — 9)

i=1

To prove the result we need only show that the cross product term is zero.

The following proof is specific to SLR but we can approach this differently and make a more general proof by using matrix methods.

To simplify the last term we will need a couple of results




- (ﬁ}n + Jélmé))(lé[] + 51331? - (/én + 5153))

=B, ((yg (Bo + B17:)))(z: — &

B, Z(% — 3@ — (By + Byz:)(z; — Z))

1=1

— y1$1 yﬁE _ ﬁl]mi + ﬁljp:-E - ﬁﬂ?? + ,811133753)
i=1

T
z:y; — nEY — nZPy +nPoT — By Y 2 + nﬁlrz-z}
i=1

The last line follows by the normal equations.




Theoretical Exercises
10.51 Verify that

SSy
SS

By =r and  SSE = SS,(1 — 72)

10.52 Use the result of Exercise 10.51 to show that

Bl _ rvn— 2
s/VSS,, V1 -/




cor.test() in R

Test of Hypothesis for Linear Correlation

One-Tailed Test Two-Tailed Test
Hyy p=20 Hy: p=20
H: p=>=70 H: p#0
(orp < 0)

. 1 — 2

Test statistic: 1. =
| — r?
Rejection region: 1. = Rejection region: |T.| > fa/2
(DI‘ _ra)

p-value: P(T > T.) [or P(T < T.)]  p-value: 2P(

where f, and f,, are the critical values based on (n — 2)df obtained from Table 7 of
Appendix B.

Assumptions: The sample of (x, y) values 1s randomly selected from a (bivariate)
normal population.®




Sampling Errors for the Estimator of the Mean of y, E(y), and the Predictor
for an Individual y

1. The standard deviation of the sampling distribution of the estimator y of E(y) at a
particular value of x, say, Xps is

\/1 (xp — X)?
P B
y n SS,

where o 1s the standard deviation of the random error .

2. The standard deviation of the prediction error for the predictor y of an individual

y value for x = x, is

1 (xp - 2)2
Oy—y) =0 l+—+ ———
n SS.

where o 1s the standard deviation of the random error €. .

ESTIMATION AND PREDICTION




A (1 —a)100% Confidence Interval for the Mean Value of y, E(y), for x = X

y £ tq2(Estimated standard deviation of y)

oL \/1 (xp — E)z
'+ Sy |—+ —
) a2 n SS.

where 7, 1s based on (n — 2) df l

or




A (1 —a)100% Prediction Interval for an Individual y for x = X

V £ I4/[ Estimated standard deviation of (y — y)]

N 1 (xp - j:)2
Vxilgpsyl +—+

n SS,

or

where ,,, is based on (n — 2) df l

PREDICTION INTERVAL




Example 10.11 Find the variance of ¥ when x = x,.

Deriving v(y) L R R
solution | When x = xp, we have y=PB+ B1xp. where By = y — B1x. Substituting this
value of By into the expression for ¥, we obtain
§= (- BT+ Bily)
=y + B (2 — %)
The next step is to express y as a linear function of the random y values, y;. vo..... y,

so that we can obtain V(V) as the variance of a linear function of independent random
variables. We now write

§=¥+ Bily - )
_ Vi (xp o E) —
= " + 7833 > (x — X)y;

-3 3 _;;ii 3,

EXAMPLE 10.11




We can now express v as a single summation:

X 1 (.1::1:r — X)(x; — X)
) = — +

i.e., v is a linear function of the independent random variables, vy, v,. ..., y,. where
the coefficient of y; is
| (= D — )

— _|_ :
n SSx

Then, by Theorem 6.8,

n | (xp - I)(-":j.r' o I) 2
Vi) = 3| e V()
k. ‘U'




1.2.....n. Therefore,

where V(y;) = o7, i

Xpy — X)L — X Xy — X X — X
iy = [ L4 2 DDy~ D 97

I (*rp o E)z

—\2
1 (xp —X)
2
= — +
7 |:.-‘:-' SS,, :|

You can see that this agrees with the formula for V() given previously in this section.




FIGURE 10.19 y

Comparison of widths of 95% 8
confidence and prediction intervals
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OUTSIDE THE RANGE - WATCH OUT!!

Warning

Using the least-squares prediction equation to estimate the mean value of y or to pre-
dict a particular value of y for values of x that fall oufside the range of values of x con-
tained in your sample data may lead to errors of estimation or prediction that are much
larger than expected. Although the least-squares model may provide a very good fit to
the data over the range of x values contained in the sample, it could give a poor rep-
resentation of the true model for values of x outside this region.



Regressi MSy Use pf()
on 1 MSg
Residual SSR n-2 SSR
error n—2

Total SST n-1




IN I{, f[o: [?1 =0

Console R Markdown

O R405 ~/»

> anova(ylm)
Analysis of Vvariance Table

Response: y
Df Sum Sg Mean Sq F value Pr(>F)

X 1 193134 193134 3329 < 2.2e-16 **%*
Residuals 38 2205 58

Signif. codes: 0 “***’ (0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * ’ 1

> |



https://quantifyinghealth.com/f-statistic-in-linear-regression/

Steps to Follow in a Simple Linear Regression Analysis

1.

The first step is to hypothesize a probabilistic model. In this chapter, we con-
fined our attention to the straight-line model, vy = 3, + B;x + e.

. The second step is to use the method of least squares to estimate the unknown

parameters in the deterministic component, 3, + [3,x. The least-squares estimates

yield a model y = By + Bx with a sum of squared errors (SSE) that is smaller
than the SSE for any other straight-line model.

. The third step is to specify the probability distribution of the random error

component &. Conduct a residual analysis to check the validity of these
assumptions.

. The fourth step is to assess the utility of the hypothesized model. Included here

are making inferences about the slope 8;, calculating the coefficient of correla-
tion r, and calculating the coefficient of determination r.

. Finally, if we are satisfied with the model, we are prepared to use it. We used the
model to estimate the mean y value, E(y), for a given x value and to predict an
individual y value for a specific value of x. l




with(ddt, boxplot(LENGTH ~ SPECIES))

LENGTH

35 40 45 50

30

20 25

| I
B o |

o T

e T

| [ I
CCATFISH LMBASS SMBUFFALO

How do we combine

levels???




ddt2? <- ddt %>¥% mutate(SPECIES2 = recode(SPECIES, LMBASS

with(ddt2, boxplot(LENGTH ~ SPECIES2))

= "BASSBUFF", SMBUFFALO = "BASSBUFF")) %>% mutate(SPECI
ES2 = factor(SPECIES2, levels = c("BASSBUFF", "CCATFISH")))

50

45

40

LENGTH
30 5
|

20 25

I
BASSBUFF

SPECIESZ2

I
CCATFISH

We can order the
levels by using
“factor()”



with(ddt2, var.test(LENGTH ~ SPECIES2))

F test to compare two variances

data: LENGTH by SPECIES2
F = 2.7734, num df = 47, denom df = 95, p-value = 3.983e-08

alternative hypothesis: true ratio of variances is n al to 1

95 percent confidence interval:
2.339752 6.349347
sample estimates:
ratioc of wvariances
3.773412

O O O O

with{ddt2, t.test(LENGTH ~ SPECIES2Z, mu = &, wvar.equal = FALSE))

Welch Two Sample t-test

data: LENGTH by SPECIESZ2

t = -4.2869, df = 59.762, p-value = 3.314e-85

alternative hypothesis: true difference in means between group BASSBUFF and group CCATFISH is not egqual to @

95 percent confidence interval:
-8.484254 -3.815746

sample estimates:

mean in group BASSBUFF mean in group CCATFISH
38.97917 4472917

f R R RRERBRR

BASSBUFF first — why?



OTHER
ISSUES

STATISTIBA[ ERRORS

Pvalues, the ‘gold standard’ of statistical validity, are
not as reliable as many scientists assume.

BY REGINA NUZZO



https://www.nature.com/articles/506150a
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The ASA's Statement on p-Values: Context,
Process, and Purpose

Ronald L. Wasserstein®* & Nicale A. Lazar®
pages 129-133

In February 2014, George Cobb, Professor Emeritus of Mathematics and Statistics at Mount Holyoke
College, posed these questions to an ASA discussion forum:

Q: Why do so many colleges and grad schools teach p=0.05?

A: Because that's still what the scientific community and journal editors use.
Q: Why do so many people still use p = 0.05?

A: Because that's what they were taught in college or grad school.

Cobb's concern was a long-worrisome circularity in the sociology of science based on the use of bright
lines such as p < 0.05: "We teach it because it's what we do; we do it because it's what we teach.” This
concern was brought to the attention of the ASA Board.

highly visible discussions over the last few years. For example,
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Valentin Amrhein et al.
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Karl W. Broman et al.
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EASY TO UNDERSTAND WARNINGS

© & quantifyingheakth.com/make-results-staisica = w % M

ik |
Quantifyin idemiology Jiostatistics sesons from Ressarch Papers  About
Y Healtz 9

7 Tricks to Get Statistically Significant p-Values

@ that helps us distinguish random fluctuation from a true effect. But it
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P-VALUE

c

& quantifyinghealth.com,
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P-Value: A Simple Explanation for Non-Statisticians

A p-value

Why use a threshold of 0.05?

& level of statistical significance. Kee
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Mindless statistics

Gerd Gigerenzer®

Max Planck Institute for Human Development, Lentzeallee 94, 14195 Berlin, Germany

Rituals call for cognitive illusions. Their function 1s to make the final product, a significant

result, appear highly informative, and thereby justify the ritual. Try to answer the following
question (Oakes, 1986; Haller and Krauss, 2002):

Suppose you have a treatment that you suspect may alter performance on a certain task.
You compare the means of your control and experimental groups (say 20 subjects n
each sample). Further, suppose you use a simple independent means 7-test and your re-
sultis significant (r=2.7, d.f. = 18, p=0.01). Please mark each of the statements below
as “true” or “false.” “False” means that the statement does not follow logically from
the above premises. Also note that several or none of the statements may be correct.




1.You have absolutely disproved the null hypothesis (that 1s, there 1s no difference
between the population means).

[] true/false []
2. You have found the probability of the null hypothesis being true.

[] true/false []

3. You have absolutely proved your experimental hypothesis (that there 1s a difference
between the population means).

[] true/false []

4. You can deduce the probability of the experimental hypothesis being true.
[] true/false []

5.You know, if you decide to reject the null hypothesis, the probability that you are
making the wrong decision.

[] true/false []




6. You have a reliable experimental finding in the sense that if, hypothetically, the
experiment were repeated a great number of times, you would obtain a significant

result on 99% of occasions.

[] true/false []




- o’ . .

Statements 1 and 3 are easily detected as being false, because a significance test can
never disprove the null hypothesis or the (undefined) experimental hypothesis. They are
instances of the i/lusion of certainty (Gigerenzer, 2002).

Statements 2 and 4 are also false. The probability p(D|Hyp) 1s not the same as p(Hy|D),
and more generally, a significance test does not provide a probability for a hypothesis.
The statistical toolbox, of course, contains tools that would allow estimating probabilities
of hypotheses, such as Bayesian statistics. Statement 5 also refers to a probability of a
hypothesis. This 1s because 1f one rejects the null hypothesis, the only possibility of making
a wrong decision 1s 1f the null hypothesis 1s true. Thus, 1t makes essentially the same claim
as Statement 2 does, and both are imcorrect.

Statement 6 amounts to the replication fallacy (Gigerenzer, 1993, 2000). Here, p=1%1s
taken to imply that such significant data would reappear 1n 99% of the repetitions. Statement
6 could be made only 1f one knew that the null hypothesis was true. In formal terms, p(D|Hy)
1s confused with 1 — p(D).

To sum up, all six statements are incorrect. Note that all six err in the same direction of
wishtul thinking: They make a p-value look more informative than 1t 1s.
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Home » Lesson 3: SLR Evaluation

e et den 3.5 - The Analysis of Variance (ANOVA) table and the F-test

® Search Course Materials ‘We've covered quite a bit of ground. Let's review the analysis of variance table for the example conceming skin cancer mortality and latitude (skincancer txt |~ ).

The regression equation is Mort = 389 - 5.98 Lat

Predicror cosf SE Cosf = B
Gonstant 289.19 23.81 16.34  0.000
Lat -5.9776 0.5984 -9.39  0.000

+ Lesscn 1: Staistica Inference Foundaticns
+ Lesson : Sumple Linear Regression (SLR) Model 5 = 19.12 R-5q = 68.08  R-Sqladi) = 67.3%
= Lesson 3 SLR Evalustion

& 3.1 - Inference for the Populaticn Intercept Analysis of Variance

= Slope source or s ms ¥

3
* 3.2 - Anotiwer Examgle of Skope lnferance Regression 1 36464 36464 99.80  0.000
@ 33 - Suems of Squares Residual Exror 47  1T173 365
Total 48 53637

o 3.4 Analysis of Vasiance: The Basic ldea

° A8 The Al ofarfance (AROVA) Recall thatthere were 49 suates iathe data set.

table and the Ftest
@ 36 Further SLR Evaluation Examples + The degrees of freedom associated with S5 will ahways be 1 for the simpl model. The degrees of with SSTO s n-1 = 49-1 = 48. The degrees of fieedom associated with SSE i n-2 =
37 Decomposing The Error Wher There 45.2 = 47. And the dearees of freedom add up: 1 = 47 = 48
Are Replicates + The sums of squares add up: SSTO = 58 - SSE. That s, here: 53637 = 36464 = 17173
& 38 The Lack of Fit Ftest When There Are
Sepiaies Let’s tackle a few more columas of the analysis of variance table, namely the “mean square” column, lsbled MS, and the Fstatistic columa, labeled F-
» Lesson 4: SLR Assumptions, Estimation & .
P Definitions of mean squares
» Lesson 5: Maltiple Linear Regression (MLR) We aiready know the “mean square error (MSE)" is defiped as:
Model & Evaluation
# Lesson 6 MLR Asumphors, Estimation &
Predsction.
DU S I T T That i, we obtaia the mean squase ersor by dividing the error sum of squares by its associated degrees of freedom n-2, Similacly, we obtain the “regression * by dividing ion suem of squares by its
+ Lesson 8. Categerical Predictors degrees of frecdom 1.
» Lesson 9: Influential Pomts
b Lesscn 10: Regression Pirfalls _ SR
¥ Lesson 11; Model Building 1
* Lesson 12 Logustic, Posson & Noalmear Of course, that means the regression sum of squares (SSR) and the regression mean square (ASR) are always identical for the simple linear regression model.
Regremion

Now, why do we care about mean squares? Because ther expected values suggest how to test the null hypothesis Hy: ) = 0 against the aliernative hypothess Hy: §) = 0.

Expected mean squares
many, many of size n from " ; line and determining MSR and MSE for each data set obtained. It has been shown that the average (that is, the expected
# Websis fo Applicd Regrmssicn Modeling, 2ad value) of all of the ASRs you can obtain equals:
edition -

8] IMAG2021070619...png A ¥ IMAG2021070819...png A ¥ IMAG2021070619..png A @ IMAG2021070615..png A 8 IMAG2021070818..png A (8 IMAG202107061" ~ ] IMAG202107061%..png A Showall | X

MORE LESSONS (VERY USEFUL)



https://online.stat.psu.edu/stat462/node/107/

FIND A

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) -0.6949 4.6645 ##A## #H##
X 8.2396 ##BH# 31.360 <2e-16 ***

l. -i = o
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FIND B

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) -0.6949 4.6645 ##A## #H##
X 8.2396 ##BH# 31.360 <2e-16 ***

l. -i = n.
* 0|
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FIND C

Coefficients:

Estimate Std. Error t wvalue Pr(>|t]|)
(Intercept) -0.6949 4.6645 -0.149 #H#CH#
X 8.2396 0.2627 31.360 <2e-16 **x*

Signif. codes: 0 ‘***x’ (Q0.001 ‘**’ 0.01 ‘** 0.05 *.” 0.1 " " 1

[ .i = &
- W

Residual standard error: 12.46 on 28 degrees of freedom .
Multiple R-squared: 0.9723, Adjusted R-squared: 0.9713
F-statistic: ##D## on 1 and ##E## DF, p-value: ##F##

' '.lo'n'.l, ;



FIND D

Coefficients:

Estimate Std. Error t wvalue Pr(>|t]|)
(Intercept) -0.6949 4.6645 -0.149 #H#CH#
X 8.2396 0.2627 31.360 <2e-16 **x*

Signif. codes: 0 ‘***x’ (Q0.001 ‘**’ 0.01 ‘** 0.05 *.” 0.1 " " 1

[ .i = &
- W

G
<]

Residual standard error: 12.46 on 28 degrees of freedom
Multiple R-squared: 0.9723, Adjusted R-squared: 0.9713
F-statistic: ##D## on 1 and ##E## DF, p-value: ##F##

' '.lo'n'.l, ;



FIND E

Coefficients:

Estimate Std. Error t wvalue Pr(>|t]|)
(Intercept) -0.6949 4.6645 -0.149 #H#CH#
X 8.2396 0.2627 31.360 <2e-16 **x*

Signif. codes: 0 ‘***x’ (Q0.001 ‘**’ 0.01 ‘** 0.05 *.” 0.1 " " 1

[ .i = &
- W

G
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Residual standard error: 12.46 on 28 degrees of freedom
Multiple R-squared: 0.9723, Adjusted R-squared: 0.9713
F-statistic: ##D## on 1 and ##E## DF, p-value: ##F##

' '.lo'n'.l, ;



FIND F

Coefficients:

Estimate Std. Error t wvalue Pr(>|t]|)
(Intercept) -0.6949 4.6645 -0.149 #H#CH#
X 8.2396 0.2627 31.360 <2e-16 **x*

Signif. codes: 0 ‘***x’ (Q0.001 ‘**’ 0.01 ‘** 0.05 *.” 0.1 " " 1

[ .i = &
- W

G
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Residual standard error: 12.46 on 28 degrees of freedom
Multiple R-squared: 0.9723, Adjusted R-squared: 0.9713
F-statistic: ##D## on 1 and ##E## DF, p-value: ##F##

' '.lo'n'.l, ;



FIND THE SAMPLE PEARSON
CORRELATION COEFFICIENT I

Coefficients:

Estimate Std. Error t wvalue Pr(>|t]|)
(Intercept) -0.6949 4.6645 -0.149 #H#CH#
X 8.2396 0.2627 31.360 <2e-16 **x*

Signif. codes: 0 ‘***x’ (Q0.001 ‘**’ 0.01 ‘** 0.05 *.” 0.1 " " 1

Residual standard error: 12.46 on 28 degrees of freedom
Multiple R-squared: 0.9723, Adjusted R-squared: 0.9713
F-statistic: ##D## on 1 and ##E## DF, p-value: ##F##

i U B -
oo @ §
* 0l



	Slide 1: Chapter 10
	Slide 2: Labs 3 and 4 are critical!!
	Slide 3: Pvalue song
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11: F Statistic Last line of summary
	Slide 12: What we need to cover
	Slide 13: Some definitions
	Slide 14: The model
	Slide 15
	Slide 16: Assumptions
	Slide 17: Error distributions
	Slide 18: Residuals
	Slide 19: Notice the book uses SSE not SSR
	Slide 20: Can you prove these?
	Slide 21: The following theorem is proved in MATH 4773 where LA is used extensively
	Slide 22: Theorem 10.1
	Slide 23: cap S squared
	Slide 24: Interpretation of cap S
	Slide 25
	Slide 26: RAR man!!
	Slide 27: Ci for beta sub 1
	Slide 28: Tedious calculations done by R through
	Slide 29: correlation
	Slide 30: Linear association
	Slide 31: Correlation not equal causality
	Slide 32: Storks deliver babies?
	Slide 33
	Slide 34: Coefficient of determination or multiple cap R squared
	Slide 35: size
	Slide 36: Practical interpretation
	Slide 37: Adjusted cap R squared equals cap R sub a. squared here k equals 1
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43: Estimation and prediction
	Slide 44
	Slide 45: Prediction interval
	Slide 46: Example 10.11
	Slide 47
	Slide 48
	Slide 49
	Slide 50: Outside the range – watch out!!
	Slide 51: F-stat
	Slide 52: In R, cap H sub 0: beta sub 1 equals 0
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57: Other issues
	Slide 58: Be aware of the issues related to the classical paradigm (P-values)
	Slide 59: easy to understand warnings
	Slide 60: P-value
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65: more lessons (very useful)
	Slide 66: Find A
	Slide 67: Find B
	Slide 68: Find C
	Slide 69: Find D
	Slide 70: Find E
	Slide 71: Find F
	Slide 72: Find the sample pearson correlation coefficient

