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Interpreting P-Values

Credit for several slides to
CS1951A Spring 2017



Interpreting P-Values

significance level
(set in advance)

cumulative
density =
p-value

assuming the null kwjpa—&kes&s s brue,
you will be still be “su,rgrisec&” atpka 7
of the time



Interpreting P-Values

< < = <o o i
Retire statistical significance
Valentin Amrhein, Sander Greenland, Blake McShane and more than 800 signatories
call for an end to hyped claims and the dismissal of possibly crucial effects.

https§/www.nature.com/articles/d41586-019-00857-9



https://www.nature.com/articles/d41586-019-00857-9

INnterpreti

ng P-Values

“In my experience teaching many academic physicians, when

physicians are presented w

ith a single-sentence summary of a

study that produced a surprising result with P = 0.05, the
overwhelming majority will confidently state that there is a 95%

or greater chance that
This Is an understanc

he null hypothesis Is incorrect.
able but categorically wrong

iInterpretation because |

he P value Is calculated on the

assumption that the null hypothesis is true. It cannot, therefore,
be a direct measure of the probability that the null hypothesis is

false. This logical error rein

forces the mistaken notion that the

data alone can tell us the probability that a hypothesis is true.”

Goodman SN. Toward evidence-based medical statistics. 1: The P value fallacy. Ann Intern Med.

1999;130:995-1004.

- Credit: CS1951A Spring 2017
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Interpreting P-Values

[ p-valu
or mo

e = Probability of obtaining an effect equal to
‘e extreme than the one observed, assuming

the nu

I hypothesis is true



Interpreting P-Values

[ p-value = Probability of obtaining an effect equal to
or more extreme than the one observed, assuming
the null hypothesis is true

[] NOT the probability that the null or the alternative
hypothesis are correct or incorrect

10



Clicker Question!
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Clicker Question!

It P=0.05, the null hypothesis has
a 5% chance of being true

a) Agree
b) Disagree
¢) Dont know dont care

Steven Goodman: "A Dirty Dozen: Twelve P-Value Misconceptions’
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Clicker Question!

It P=0.05, this means that there is
a 5% chance of making a type |
error (i.e. false positive result).

a) Agree
b) Disagree
¢) Dont know dont care

Steven Goodman: "ADirty Dozen: Twelve P-Value Misconceptions”
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Clicker Question!

If we observe a non-significant
difference between two groups,
(e.g., P=0.1), this means there is

no difference between the groups.

a) Agree
b) Disagree
¢) Dont know dont care

Steven Goodman: "ADirty Dozen: Twelve P-Value Misconceptions”
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Clicker Question!

WRONG INTERPRETATIONS Appropriately Wrongly

An analysis of 791 articles Interpreted interpreted

IT we observe imismassy o
assume non-significance
' ‘ means no effect.
difference bet
— ARTICLES
(e.g., P=0.1), t 1

D t t from F’ b hatz
A ‘v‘(-ur" 20

no difference b -

13 1033 103 ? b

F. B i et al. Eur. Seciol. Rev.

33, 1 2017). enamure

a). Agree
b) Pisagree
¢~ Pon't know don't care

Steven Goodman: "4, Dirty Dozen: Twelve P-Value Misconceptions’



Clicker Question!

You read a study showing that a new drug leads to a
significant decrease in cholesterol. You later read a
newer study that shows that there Is a decrease In

cholesterol but It Is not statistical
studies are contradictory, one of t

a) Agree
b) Disagree

y significant. These

nem must be wrong.

¢) Dont know dont care
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YOU re
signi
New
chole
studie:

BEWARE FALSE CONCLUSIONS

Studies currently dubbed ‘statistically significant” and ‘statistically

non-significant’ need not be contradictory, and such designations might
cause genuine effects to be dismissed.

—0— ‘Significant’ study
(low P value)

‘Non-significant’ study —_0_
(high P value)
The observed effect

(or point estimate)

Is the same in both

studies, so they are
not in conflict, even
If one is ‘significant’
and the other is not.

Decreased effect 4 No effect » Increased effect onature

P values can differ all the time, e.q. due ko sample size. Even f&?@&&ﬁid

tdentical experiments will give different p values.

Steven Goodman: “éBDirty Dozen: Twelve P-Value Misconceptions”



Clicker Question!

| test a new cancer treatment and find a significant

decrease in tumor size for pa
treatment compared to a con

porescribe this treatment to all of
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group. | should

my patients now.
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Clicker Question!

P=0.05 means that the probability of data we have
observed, plus anything more extreme, would only occur
5% of the time assuming the null hypothesis is true.

a) Agree
b) Disagree
¢) Dont know dont care
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Regression

cholesterol = f (mg eucalyptus o1l)
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Regression

cholesterol = f (mg eucalyptus o1l)

Look ak your daka!
plot early. plot often.,

36



Regression

cholesterol = f(mg eucalyptus o01l)

cholesterol
cholesterol

eucalyptus eucalyptus

cholesterol
cholesterol

eucalyptus 37 eucalyptus
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linear

cholesterol
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Regression

cholesterol = f(mg eucalyptus o01l)

inear inear (negative)
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Regression
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Regression

cholesterol = f(mg eucalyptus o01l)
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|_Inear Regression

mx + b + e

Y



|_Inear Regression

mx + b + e



|_Inear Regression
Mc&epemd&am%
variable

(mg eucalyptus oil)
vo=mx + b + e
c&.@.p@.ﬂd@&

variable
(cholesterol)
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| inear Regression
amdepem&em&
variable

(mq ew::ai.jp%us oil)

d@-[ﬁ’e.“‘éf“& slope (co-efficient)
: hva;*m& e 5 expected delta cholesterol
cholestero

for lmqg ncrease i
ew‘:&lﬁp&us ol
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| Inear Regression
independent
variable
(mg eucalyptus oil)

im%er&ep%
ex[zem‘:ﬁed cholesterol
when eu&&i.vpﬁus = O

vo=mx + b + e

d@-[ﬁ’e.“‘éf“& slope (co-efficient)
: hva:m& e 5 expected delta cholesterol
cholestero

for 1mq increase in
eu«t‘:aijp%us oil
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| Inear Regression
independent
variable
(mg eucalyptus oil)

im%er&ep%
ex[zem‘:ﬁed cholesterol
when eu@ai.vp%us = O

vo=mx + b + e
random (L) error

d@-Pe.“‘éf“& slope (co-efficient)
: hva:m& e 5 expected delta cholesterol
cholestero

for 1mq increase in
euﬁaljp%us oil
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|_Inear Regression

1
2
+ b + es

|
=

observed values
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|_Inear Regression

eskimalbed "
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|_Inear Regression

assume to be shared
across the Papuia%wm
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|_Inear Regression

what we want ko minimize
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cholesterol

eucalyptus
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LInear Regression
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Linear Regression
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|_Inear Regression

cholesterol

Minimize
Sum of
Squ&red EYrors

(SSED

eucalyptus
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|_Inear Regression

Y = mX; + b

Tt
?;3\

eucalyptus

cholesterol

Y;




|_Inear Regression

Q = ZY Y)?

1—1

Data Analysis Toolkit #10: Simple linear regression
6 Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkeley.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

Q=% - (mX; + 1))

7/_

Data Analysis Toolkit #10: Simple linear regression
82 Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkeley.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

Q = Z (mX; + b))?

0

& =D ~2Yi—mX; =) =0

Data Analysis Toolkit #10: Simple linear regression
63 Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkeley.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

Q = Z (mX; + b))?

Z —2X;(Y; —b—mX;) =0



|_Inear Regression

00 <
%—;—Z(Yi—m){i—b)—o

Data Analysis Toolkit #10: Simple linear regression
65 Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkeley.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

|
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1=1

|
-

Data Analysis Toolkit #10: Simple linear regression
66 Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkeley.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



| Inear Regression
0Q <
= :;—Z(Yi—m){i—b):o
Z(nb—l—mzn:Xz‘—i:Yi> =0
= %(in —min‘)

Data Analysis Toolkit #10: Simple linear regression
87 Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkeley.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



| Inear Regression
0Q <
= ZZ—Q(Y?;—sz‘—b):O
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Data Analysis Toolkit #10: Simple linear regression
68 Copyright © 1996, 2001 Prof. James Kirchner
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|_Inear Regression
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Data Analysis Toolkit #10: Simple linear regression
89 Copyright © 1996, 2001 Prof. James Kirchner
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|_Inear Regression

1=1

Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkelél.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

S
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Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
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| Inear Regression
0@ _ —2X;(Yi —b—mX;) =0
. —2(V;X; —bX; —mX?) =0
)
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Data Analysis Toolkit #10: Simple linear regression

Copyright © 1996, 2001 Prof. James Kirchner
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|_Inear Regression

—2(V;X; —bX; —mX?) =0

X
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En:(m(i ~-YX;) - mzn:X,? - XX; =0

1=1
Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkel&y.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

i(Y;’Xi -YX;) - miX,L2 ~-XX;=0
1=1 i=1

Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkel&.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

i(Y;’Xi -YX;) - miX,L2 ~-XX;=0
1=1 i=1
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TN, —

Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
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|_Inear Regression

1=1 i=1

Z?:l(lszz _ ?Xz)
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Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
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|_Inear Regression

Z?:1(Xiyi) —nXY
Z?:1(X7;2) — nX?2

TN, —

Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
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|_Inear Regression

XX§0 " — Z?:1(Xiyi)_nXY
e X ST (X2) — nX?
i=* YX ~9
=t

Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkel®y.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

et NI (Xa¥) — XY
T _ _ 3 — n —
$X >y (XF) = nX?
i=} 7 =0

n__ VX =
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Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkel@l.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

¢ =0 _ i (XGY5) — nXY
" _o X%X T — 7 5 =5
S 2im1(X7) —nX
< /Y/YJ/(’O . _ o _
iX , — 2i—1 (XiYs — Xz}/) T Zi:1<‘3(Y — ng()
Pl (XF = XiX) + 300 (X2 = X X)

5 2im1 (X — X)(Y; = V)
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Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
http://seismo.berkel&s.edu/~kirchner/eps_120/Toolkits/Toolkit_10.pdf



|_Inear Regression

Z?:1(Xiyé) —nXY

X/ — m —
ixz - " > i1 (X7) — nX?
141 T =
Y/Y'%X O
mfl o
Zz-l(XQ XX)_I_ZZ 1( XX)

IV (X - X)?
- Cov(X,Y)
= Var(X)

Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
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- Cov(X,Y) _ _
e Var(X) b=Y —mX

Data Analysis Toolkit #10: Simple linear regression
Copyright © 1996, 2001 Prof. James Kirchner
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|_Inear Regression

cholesterol = m(eucalyptus) + Db
m = —-2.4
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cholesterol = m(eucalyptus) + Db

. m = —-2.4

dque increase of 1 mq
? \ ; o

F’&SQ, ~ euaalvp%us oil ->

cholesterol

. ® decrease of 2.4
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Discussion-question-thinly-veiled-as-a-
clicker Question!
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Discussion-question-thinly-veiled-as-a-
clicker Question!
What should we make of the observed

relationship between use of eucalyptus oil and
cholesterol levels?

(a) There probably actually is a relationship. Linear regression is a
legitimate method, so we should frust the resulf.

(b) There is probably no actval relationship. We are confusing
correlation with causation.

(¢) Thereis probably no actval relationship. We are measuring
eucalyptus oil in the wrong units, so it just appears correlated.

(d) There is probably no actval relationship. We are failing to
capture other relevant variables.

(e) We should click on the obviously snarky answer and see if Ellie
gets mad.

93



Discussion-question-thinly-veiled-as-a-
clicker Question!
What should we make of the observed

relationship between use of eucalyptus oil and
cholesterol levels?

(a) TherePromabhmast rela’nonshlp Lmear regression is a
legmma’re me’rhod $0 We SO TPuwing

(b) Thereis probably no actual r rela’nonshl -

(c) %ﬁ,ﬁ'?: ' could be the case, but
evealyptul wont to do due diligence |

ld) 12;;33 g@.&w aumaudefkw - ling to

(e) We should click on the obviously snarky answer and see if Ellie
gets mad.

Wearecon using

‘easuring
is correlated.
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Dicanccion-anoctinu-thinlv-vioilod-ae-a-

rel .

(a) Thet‘.,. RO Te DT OO N rrreenrbgresord Nl (S A
regitimate method, so we should frus’r ’rhe result.

(€1 There is probably no actval relationship. We are measuring
eucalyptus oil in the wrong units, so it just appears correlated.

(d) There is probably no actval relationship. We are failing to
capfure other relevant variables.

(e) We should click on the obviously snarky answer and see if Ellie
gets mad.
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Discussion-question-thinly-veiled-as-a-

clicker Question!
What should we make of the observed
relatio qs'. Letweendise alalcalntug.oiland

ﬁ‘; Uniks shauld ot ma&%an smca'
differences in uniks are
Iegi’rimafe : usualiﬁ equiv&i&ﬂ% wp to

(b) Thereis pro:
§ correl a ’aon Lmem %mmsgaémm
c ’ p -

(a) There prob

‘ 4'!

Pusdaaiial rels lonshlp We are measurmg

eucalvp’rus oul m ’rhe wrong units,

(d) There is probably no actual rela’nonsh(p We are fallmg ’ro
capture other relevant variables.

(e) We should click on the obviously snarky answer and see if Ellie

gets mad.
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Discussion-question-thinly-veiled-as-a-
clicker Question!
What should we make of the observed

relationship between use of eucalyptus oil and
cholesterol levels?

(a) There probably actually is a relationship. Linear rearession is a
legitimate method,

(b) There is probably no
correlation with cat

(¢) Thereis probablv no |
eucalyptus oil in thewwrongowitsrsvrrjostrappearsvorrerated.

(e]” We should click on the obviously snarky answer and see if Ellie
gets mad.
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Discussion-question-thinly-veiled-as-a-
clicker Question!
What should we make of the observed

relationship between use of eucalyptus oil and
cholesterol levels?

(a) There probably actually is a relationship. Linear regression is a
legitimate method, erssachonld dvnat thovoanlt

(b) There is probably no
correlation with cai

(¢) Thereis probably no........ J
eucalyp’rus oil in the wrong units, $0 it just appears correlated.

(d) There is probably no actual relationship. We are failing to
capture other relevant variables.
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|_Inear Regression

cholesterol = m(eucalyptus) + Db

. m = —-2.4

dque increase of 1 mq
? \ ; o

F’&SQ, ~ euaalvp%us oil ->

cholesterol

. ® decrease of 2.4
N
S @ “cholesterols” @)
‘ N

N
@ -
N
~ O
N
N

eucalyptus



|_Inear Regression

cholester»— fus) + Db

| usually take my eucalyptus oll In
the morning, when | eat my heart-
healthy breakfast of cheerios with oat milk,
and take my cholesterol meds. On days
when 1 don’'t have time to eat breaktast, |
typically don't take anything.

eucalyptus
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cholester»— fus) + Db

| usually take my eucalyptus oll In
the morning, when | eat my heart-
healthy breakfast of cheerios with oat milk,
and take my cholesterol meds. On days
when 1 don’'t have time to eat breaktast, |
typically don't take anything.
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Omitted Variable Bias



Omitted Variable Bias

* By construction, we assume that the dependent
variable can be predicted from the explanatory
variables only
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Omitted Variable Bias

* By construction, we assume that the dependent
variable can be predicted from the explanatory
variables only

 \We assume changes in the dependent variable that
are correlated with the explanatory variable are
because of the explanatory variable

104



Omitted Variable Bias

* By construction, we assume that the dependent
variable can be predicted from the explanatory
variables only

 \We assume changes in the dependent variable that
are correlated with the explanatory variable are
because of the explanatory variable

* We assume that changes in the dependent variable
that are not explained by the explanatory variables
IS "noise”
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Multiple Linear Regression

Y = mlX]1l 4+ m2X2 + m3X3 + m4dX4

Y: cholesterol level
X1l: eucalyptus

X2: cholesterol meds
X3: breakfast

X4 : constant term
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Multiple Linear Regression

Y = mlX1l + m2XZ2 + m3X3 + X4

Y: cholesterol level
X1l: eucalyptus

X2: cholesterol meds
X3: breakfast

X4 : constant term
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Multiple Linear Regression

X1 + X2 + X3 + méX4

=
|

Y: cholesterol level
X1l: eucalyptus

X2: cholesterol meds
X3: breakfast

X4 : constant term
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Multiple Linear Regression

Y = X1 + X2 + X3 + mdX4

n

Q — Z(Y; — (leli + moXo; + m3Xs; + m4X4i))2
1=1
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Multiple Linear Regression

Y = X1 + X2 + X3 + mdX4

n

Q — Z(Y; — (leli + moXo; + m3Xs; + m4X4i))2
1=1

0

8m1

— f(X17X27X37X47Y)
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Multiple Linear Regression

Y = X1 + X2 + X3 + mdX4

n

Q — Z(Y; — (leli + moXo; + m3Xs; + m4X4i))2
1=1

0

8m1

— f(X17X27X37X47Y)
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Multiple Linear Regression

Y = mlX1 change in cholesterol
associated with a hnerease of 1
Q = Z (Y; — ™9 euﬁatvp%us oil, holding other
variables &oms%am&

0

(97711

— (X1, X2, X5, X4,Y)
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Multiple Linear Regression

Y = X1 + X2 + X3 + m4dX4
Y = X3

B =(X'X)"'X'Y
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LInAlg Detour

X1 + X2 + X3 + m4dXx4
Y = X3

B =(X'X)"'X'Y



LInAlg Detour
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LInAlg Detour
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LInAlg Detour

X1 + X2 + X3 + méX4

Y =X3 x=/2°

f=(X'X)"'X'Y w _|ac
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LInAlg Detour

X1 + X2 + X3 + m4dXx4
Y = X3

B=(X'X)"'X'Y



LInAlg Detour

X1 + 52 — X3 + m4dX4

123
X =226
4912

B=(X'X)"'X'Y



LInAlg Detour

X1 + 52 — X3 + m4dX4

123
X =226
4912

B=(X'X)"'X'Y



Dummy Variables

Y = mlX1 + m2X2 + + m4dX4

Y: cholesterol level
X1l: eucalyptus
X2: cholesterol meds

X4: constant term
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Dummy Variables

* Used to encode qualitative features



Dummy Variables

* Used to encode qualitative features

 AKA Indicator variables, Boolean variables, one-hot
variables, sparse variables...
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Dummy Variables

* Used to encode qualitative features

 AKA Indicator variables, Boolean variables, one-hot
variables, sparse variables...

* |nterpretable as shift in intercept for different
groups
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Dummy Variables

No breakfast
Yes breakfast

cholesterol
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Dummy Variables

cholesterol ves breakfast

eds \\7 l 7/(:onstant
20 31 0 1 1
205 0 1 1

X= 120400 1 1
25 18 1 0 1

no breakfast

eucalyptus
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Dummy Variables

cholesterol ves breakfast

eds \\7 l 7/(:onstant
20 31 0 1 1
205 0 1 1

X= 120400 1 1
25 18 1 0 1

no breakfast

eucalyptus
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Dummy Variables

cholesterol ves breakfast

eds \\7 l 7/(:onstant
°0 31 0 1 1
205 0 1 1

X= 12040 0 1 1
o5 18 1 0 1

no breakfast

eucalyptus
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Dummy Variables

cholesterol ves breakfast

eds \\7 l 7/(:onstant
°0 31 0 1 1
205 0 1 1

X= 12040 0 1 1
o5 18 1 0 1

no breakfast

eucalyptus
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Dummy Variables

cholesterol
ves breakfast
meds \ l ; constant
20 31 0 |
¥ 20 5 O
— 120 40 O
o 25 18 1
dunimies -
(uﬁuaiij downe i b lod via o
| eucalyptus
for 30M>
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Clicker Question!
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Clicker Question!

For the below model, how many parameters
(coefficients) do we need to estimate”

Y = mlX1l + m2X2 + m3X3 + mdX4 +m5X5

Y: happiness

X1l: day of week (dummies M,T,W,Th,F,S,Su)
X2: bank account balance (real wvalue)

X3: breakfast (dummies yes,no)

X4 : whether you have found your i1nner peace
(dummies yes,no,unclear)

(a)9 (c) 11
(b)10 (d)infinite
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Clicker Question!

For the below model, how many parameters
(coefficients) do we need to estimate”

Y = mlX1l + m2X2 + m3X3 + mdX4 +m5X5

Y: happiness

X1l: day of week (dummies M,T,W,Th,F,S,Su)
X2: bank account balance (real wvalue)

X3: breakfast (dummies yes,no)

X4 : whether you have found your i1nner peace
(dummies yes,no,unclear)

(a)9 (c)11
(b)10 (dlinfinite
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Nonlinear Relationships

cholesterol

eucalyptus
135



Clicker Question!
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Clicker Question!

Can we model this with linear regression?

i (alYes indeed!
2" @ ~. (blHell not

/

cholesterol

eucalyptus
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Clicker Question!

Can we model this with linear regression?

(a)Yes indeed!
»" = ~ (blHell no!

cholesterol

eucalyptus
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Clicker Question!

Can we model this with linear regression?

L (a)Yes indeed!
2" @ ~. (blHell no!

/ \
/ \
/ \

Y = mlX1 + m2X2 + m3X3

Y:-cholesterol
X1l: eucalyptus

lesterol
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Clicker Question!

Can we model this with linear regression?

. (a)Yes indeed!
2" @ ~_ (blHell not

/ \
/ \

Y = m1X1l + m2X2 + m3X3 + mi4x4
Y: cholesterol

X1l: eucalyptus
X2 : cholesterol meds

sterol
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statsmodels

import statsmodels.apl as sm

v, read data ()

= sm.add constant (X)
model = sm.OLS(y, X)
results = model.fit ()
print (results.summary () )

https://www.statsmodels.org/dev/examples/notebooks/generated/ols.html
https://www.statsmodels.org/dev/generated/statsmodels.regression.linear model.OLS .htm|



https://www.statsmodels.org/dev/examples/notebooks/generated/ols.html
https://www.statsmodels.org/dev/generated/statsmodels.regression.linear_model.OLS.html

statsmodels

import statsmodels.apl as sm

import statsmodels.formula.api as smt
M has column headers w/ names
= read data ()

= sm.add constant (X)

model = smf.ols (formula=eq, data=M)
results = model.fit ()
print (results.summary () )

https://www.statsmodels.org/dev/examples/notebooks/generated/ols.html
https://www.statsmodels.org/dev/generatedfstatsmodels.regression.linear model.OLS.htm
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statsmodels

import statsmodels.apl as sm

import statsmodels.formula.api as smft
M has column headers w/ names
= read data()
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results = model.fit ()
print (results.summary () )
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import statsmodels.apl as sm

import statsmodels.formula.api as smft
M has column headers w/ names
= read data()
= sm.add constant (X)

model = smf.ols (formula=eq, data=M)
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print (results.summary () )
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https://www.statsmodels.org/dev/examples/notebooks/generated/ols.html
https://www.statsmodels.org/dev/generated/statsmodels.regression.linear_model.OLS.html

statsmodels

OLS Regression Results

Dep. Variable: Yy R-squared: 1.000
Model: OLS Adj. R-squared: 1.000
Method: Least Squares F-statistic: 4.020e+06
Date: Tue, 26 Feb 2019 Prob (F-statistic): 2.83e-239
Time: 04:42:47 Log-Likelihood: -146.51
No. Observations: 100 AIC: 299.0
Df Residuals: 97 BIC: 306.8
Df Model: 2
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const 1.3423 0.313 4.292 0.000 0.722 1.963
x1 -0.0402 0.145 -0.278 0.781 -0.327 0.247
X2 10.0103 0.014 715.745 0.000 9.982 10.038
Omnibus: 2.042 Durbin-Watson: 2.274
Prob(Omnibus): 0.360 Jarque-Bera (JB): 1.875
Skew: 0.234 Prob(JB): 0.392
Kurtosis: 2.519 Cond. No. 144,

https://www.statsmodels.org/dev/examples/notebooks/generated/ols.html
https://www.statsmodels.org/dev/generatedfstatsmodels.regression.linear model.OLS.htm
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statsmodels

OLS Regression Results

Dep. Variable: Yy R-squared: 1.000
Model: OLS Adj. R-squared: 1.000
Method: Least Squares F-sti .020e+06
Date: 26 Feb 2019 Prob Overati %LE 0%.83e-239
Time: 04:42:47 Log-] -146.51
No. Observations: 100 AIC: 3 ¢ goe s 299.0
Df Residuals: 97 BIC: W‘C}&ﬁi (SSE> 306.8
Df Model: 2
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const 1.3423 0.313 4,292 0.000 0.722 1.963
x1 -0.0402 0.145 -0.278 0.781 -0.327 0.247
X2 10.0103 0.014 715.745 0.000 9.982 10.038
Omnibus: 2.042 Durbin-Watson: 2.274
Prob(Omnibus): 0.360 Jarque-Bera (JB): 1.875
Skew: 0.234 Prob(JB): 0.392
Kurtosis: 2.519 Cond. No. 144,

https://www.statsmodels.org/dev/examples/notebooks/generated/ols.html

https://www.statsmodels.org/dev/generatedfstatsmodels.regression.linear

model.OLS.htm|
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statsmodels

OLS Regression Results

Dep. Variable: Yy R-squared: 1.000
Model: OLS Adj. R-squared: 1.000
Method: Least Squares F-statistic: 4.020e+06
Date: Tue, 26 Feb 2019 Prob (F-statistic): 2.83e-239
Time: 04:42:47 Log-Likelihood: -146.51
. . 100 AIC: 299.0
&0@§¥Lﬁ tenks 97  BIC: 306.8

& 2

g ‘ v , g v t
coef std err t P>|t| [0.025 0.975]
const 1.3423 0.313 4.292 0.000 0.722 1.963
x1 -0.0402 0.145 -0.278 0.781 -0.327 0.247
X2 10.0103 0.014 715.745 0.000 9.982 10.038
Omnibus: 2.042 Durbin-Watson: 2.274
Prob(Omnibus): 0.360 Jarque-Bera (JB): 1.875
Skew: 0.234 Prob(JB): 0.392
Kurtosis: 2.519 Cond. No. 144,
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statsmodels

OLS Regression Results

Dep. Variable: Yy R-squared: 1.000
Model: OLS Adj. R-squared: 1.000
Method: Least Squares F-statistic: 4.020e+06
Date: 26 Feb 2019 Prob (F-statistic): 2.83e-239
Time: 04:42:47 Log-Likelihood: -146.51
No. Observations: 100 AIC: nanon
Df Residuals: 97 BIC: -
Df Model: 2 P“V&L%QS
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
const 1.3423 0.313 4.292 0.000 0.722 1.963
x1 -0.0402 0.145 -0.278 0.781 -0.327 0.247
X2 10.0103 0.014 715.745 0.000 9.982 10.038
Omnibus: 2.042 Durbin-Watson: 2.274
Prob(Omnibus): 0.360 Jarque-Bera (JB): 1.875
Skew: 0.234 Prob(JB): 0.392
Kurtosis: 2.519 Cond. No. 144,
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Discussion Question!*

income: salarv($) const

edu: 1l=college 20000
gender: 1=F -12000
parent edu: l=col| parent edu 15000
parent 1income: parent 1ncome 1.8
salary ($) edu:parent income 2.3

150 * | completely made these numbers up!!
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edu: 1l=college 20000
gender: 1=F -12000
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Discussion Question!*

income: salarv($) const

edu: 1l=college 20000
gender: 1=F -12000
parent edu: l=col| parent edu 15000
parent 1income: parent 1ncome 1.8
salary ($) edu:parent income 2.3

How to we interpret this?

Going to college corresponds to a increase of $20K
in salary, assuming other variables are fixed.

152 * | completely made these numbers up!!



Discussion Question!*

income: salarv($) const
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gender: 1=F -12000
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Discussion Question!*

income: salarv($) const

edu: 1l=college 20000
gender: 1=F -12000
parent edu: l=col| parent edu 15000
parent 1income: parent 1ncome 1.8
salary ($) edu:parent income 2.3

How to we interpret this?

Being female corresponds to a decrease of 12K in
salary, holding all other things fixed.

154 * | completely made these numbers up!!



Discussion Question!*

income: salarv($) const

edu: 1l=college 20000
gender: 1=F -12000
parent edu: l=col| parent edu 15000
parent 1income: parent 1ncome 1.8
salary ($) edu:parent income 2.3

How to we interpret this?

155 * | completely made these numbers up!!



Discussion Question!*

income: salarv($) const

edu: 1l=college 20000
gender: 1=F -12000
parent edu: l=col| parent edu 15000
parent 1income: parent 1ncome 1.8
salary ($) edu:parent income 2.3

How to we interpret this?

Conditioned on your having gone to college, an
increase of $1 tn parents’ salary corresponds to an
increase of $2.3 in your salary, :

A4 "r.v‘v.' TYeswvews P IS WYV JOPV "Tovwwe V Vrul



ok ok, go go go
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