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Mincer (1972) regression framework

* S; € {0,1} is whether i finished college (treatment)

* U; is unobserved error term (ex: ability)

* logY; = 0 denotes log earnings (outcome)

* simple linear population regression function (PRF) logYi=a+[-S;+U;
* [ =~ Mincer (1972) returns to college
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Potential outcomes + treatment effects

Need independence to identify ATE with

simple comparison, which is given by

BOLS

logYi=a+ (-5 +U;

ATE == E[logY;(1) —logY;(0)]
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* Need independence to identify ATE with

U; is unobserved error term (ex: ability)

simple linear population regression function (PRF)

[ =~ Mincer (1972) returns to college
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simple comparison, which is given by

logYi=a+ (-5 +U;

ATE == E[logY;(1) —logY;(0)]

S; LlogY;(1),logY;(0)
< E[UilS;] = E[U;] =0

pOLS = EflogY; |S; = 1] — E[log Y; |S; = 0]
= logY; —logY,
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Why use multiple (vs simple) linear regression?

* Multiple regression: we can get closer to satisfying the hypothetical

(but necessary, and luckily also sufficient assumption known as)
random assignment/independence by conditioning on some observable
(provocative example: 1Q test score)



Why use multiple (vs simple) linear regression?

* Multiple regression: we can get closer to satisfying the hypothetical

(but necessary, and luckily also sufficient assumption known as)
random assignment/independence by conditioning on some observable
(provocative example: 1Q test score)

logYi=a+,B-Si+ y +Ui

S; LlogY;(1),logY;(0) |
(:)E[Ul-lSi, ] =0

* Inclusion of X; allows us to “control” for any reasons why there may not be truly
random assignment of treatment (in simple PRF) 7




Omitted variable bias (OVB)

“True” model logV,=a+p-S;+6- X+ U; Cov(S;, U;)) =0
Our model logY;=a+b-S; +E;
Auxiliary model =c+y- S +n
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Omitted variable bias (OVB)

“True” model logV,=a+p-S;+6- X+ U; Cov(S;, U;)) =0
Our model logY;=a+b-S; +E;
Auxiliary model =c+y- S +n

By (naively) assuming Cov(S;, E;) = 0 in our model, the population value of slope is

~ Cov(S;,logY;)  Cov(Sj,a+pf -85+ X +Up)
- Var(s) Var(S;)
_ COV(SL', CZ) + COV(Si,,BSi) + COV(Sl', ) + COV(Si, Ul)
B Var(S;)
- Var(S;) + o - Cov(S;, Cov(sS;,
_ - Var(sp SuX) _ s V)

Var(S;) Var(S;)



Assumptions

* MLR1 (linear outcome model) Y, = 6o + 1 Xj1 + -+ [ Xi + Uj
* MLR2 (random sampling) (Y, Xi1, ..., Xix Ji=q is random draw
* MLR3 (no collinearity) no X;; linear function of any other X,
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* MLR1 (linear outcome model) Y, = 6o + 1 Xj1 + -+ [ Xi + Uj
* MLR2 (random sampling) (Y, Xi1, ..., Xix Ji=q is random draw
* MLR3 (no collinearity) no X;; linear function of any other X,

* MLR4 (independence) ElU;|X;1, ..., X;] =0
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Assumptions

 MLR1 (linear outcome model)
* MLR2 (random sampling)
* MLR3 (no collinearity)

* MLR4 (independence)

* MLR5 (homoskedasticity)
* MLR6 (normality)

Yi = fo + (1 Xix + -+ [rXix + U;
(Y, Xi1, ..., Xix Ji=q is random draw

no X;; linear function of any other X,
E[Ul-|Xl-1, ""Xik] =0
Var(U;|X;q, ..., Xip) = 07

Ul'NN(O, 0'2)
= Y;~N(Bo + B Xix + - + 1 Xix, 0°)



Ordinary Least Squares (OLS) Estimator

Yi = Fo + b1 Xy + -+ brXix + U;

N
1
min — Yi— B — B Xii — oo — 3. X:)?
{Bo,L1sw ﬁk}N;( i —FPo— ki Br lk)

50LS

= b



Ordinary Least Squares (OLS) Estimator

Y, =Py + [1 Xy + o+ L1 Xy + U;

N
n Y (G~ fo— X BX i)’
min — R _ e — .
(Bobr-pdN Lt 0 P00 o
s0Ls _ Cov(X;Y;) .
= [ = Var(io) Vi ={0,1,..,k}
_ C/O\V(Xl] — élXil — ékXik; Yl)
Ve?r(Xij — 81Xi1 -t HkXik)

by Frisch, Waugh, and Lovell (FWL) <3
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OLS Results Yl = ﬁO + ﬁlXil + .-+ ﬁkXik + Ui

* T1 (unbiased) MLR1+2+3+4 = FE [,BA]-OLS] = ,Bj vj =101, ..,k}
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* T1 (unbiased) MLR1+2+3+4 = FE [,BA]-OLS] = ,8]- vj =101, ..,k}

e T2 (efficient) MLR1+2+3+4+5 = FE -,BAJ-OLS- = ,8]- vVj =101, ..,k}

" ~OLS] ~ other linear

(Gauss-Markov) Var ﬁ] < Var [,Bj ]
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OLS Results Yl = ﬁO + ﬁlXil + .-+ ﬁkXik + Ui

* T1 (unbiased) MLR1+2+3+4 = FE [,BA]-OLS] = ,8]- vj =101, ..,k}

- < OLS]
e T2 (efficient) MLR1+2+3+445 = E|f; =[5 vVj =101, ..,k}
:A OLS: ~ other linear
(Gauss-Markov) Var | f5; < Var [,Bj ]
- OLS] 2
Var :B] = 2

2
Var(Xij)°[1_Rreg X jonall Xk]

E[6*] =E [N—;c—l i=1 ﬁlz] =0°

o [IB\jOLS: — \/\751‘ [IB\J_()LS]
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OLS Results Yl = ﬁO + ﬁlXil + .-+ ﬁkXik + Ui

* T3 (efficient) MLR1+2+3+4+45+6 = B}OLS~N(,BJ-,Var[,8j]) vj=1{0,1,..,k}

(Classical)



OLS Results Yl = ﬁO + ﬁlXil + .-+ ﬁkXik + Ui

* T3 (efficient) MLR1+2+3+4+45+6 = B\jOLS~N(,8j,Var[,8j]) vj=1{0,1,..,k}

(Classical)

__OLS
Bji —Bj _
sd[5] N(O,1)
__OLS
,Bj _.B]
~t(N—Kk—1
se[[] t( f )

24



t and F tests Y, = [y + 1 Xj1 + -+ [ X + Uj
* Individual hypothesis test about slope parameter (t-test)

B\'OLS—O
Ho:ﬁ] — O t/\.OLS = - OLS] ~ t(N - k - 1)

B se[,@;
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t and F tests Yi = fo+ 1 X1 + -+ [ X + U

* Individual hypothesis test about slope parameter (t-test)

EﬁOLS_O
Ho:ﬁ] — O tAOLS = JAOLS ~ t(N - k - 1)
fi el
SSRy ==iﬁf =§(Yi—?i)2
* Joint hypothesis test about entire linear model = =1
SSRy =) (¥ = Bo)’
SSRR—SSRy; =
Ho:ﬁlzlgzz"':ﬁk=0 F = SS’;? NF(k,N_k—l)

N—-k-1
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Confidence Intervals

~ OLS ~ OLS ~ OLS ~ OLS
P|5; —ca-se[ﬁj ]S,BjS,Bj +ca-se[[3j ”=1—a

significance level (rate we tolerate Type 1 errors) a € {0.01,0.05,0.1}
critical value associated w/ « in distribution c, =~ 1.96if 5%
estimated standard error se[7,7"] = \/\751« 177"

interpretation = ???
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Confidence Intervals

~ OLS ~ OLS]

~ OLS ~ OLS
P|5; —ca-se[ﬁj < pj <P +ca-se[[3]~ ”=1—a

significance level (rate we tolerate Type 1 errors) a € {0.01,0.05,0.1}
critical value associated w/ « in distribution c, =~ 1.96if 5%
estimated standard error se[7,7"] = \/\751« 177"

interpretation = this procedure to estimate bounds will cover true [; parameter

95% of the time (over many hypothetical repeated samples)



