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RAGE AGAINST

Race against the machine (learning)

Dedicated followers of fashion
Mentions in NBER working-paper abstracts, % of total papers*

1hs
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=== Regression discontinuity Randomised controlled trial
=== | aboratory (experiments) Machine learning or big data
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Outline

» Are Machine Learning (ML) techniques interesting at all
for labour economists (LE)? 7 vs. 3

» Estimation of causal effects: OLS & IV
» Post Selection (PS) vs. Double Post-Selection in

(a) Linear Models with exogenous covariates
(b) Linear Models with endogenous treatment

(c) Nonlinear models

»  Empirical application: AK (1991)



Why ML for LE?

e ML is making a growing impact on economics with the advent of
Big Data (administrative data)

Belloni et al (2104), Mullanaithan & Spiess (2017), Athey and Imbens (2019), Angrist
& Brigham (2020).

e ML procedures (Lasso, Random trees, Random forests, Bagging,
Boosting, Neural networks) aim at improving forecasts

e In Labour Economics (LE) we care about f8 rather than J or R?s in
experimental contexts

e But in non-randomized setups, need to control for selection on
observables (OLS, IV) and their dimension may be very high

— need to regularize # controls, instruments in 15t-stage
1



Standard model in LE
d; := treatment, i

1,2,...,n

Yoi = M Ty,
Yii = O+ Yoii
Yy — u+ ad; + v,

E(U,ﬁ Id,':l,X,'ZX)zE(U,' |d,;=0,x,-=x) CMI

yi = p+oad; + 8%+, OLS

N = ad; + ,B'Xd + &, vV
di = 7z + e,

Z; = ©X;+w;,



Selection in linear models with exogenous variables

P
y; = ad; + Z .Bj Ti; T+ &4, E(Ei | X;, Z‘z-) = 0
j=1
with p= n or p>>n

Post selection (PS):

(i) Use ML (e.g. Lasso) to select x;;if it’s a relevant predictor for y;
(excluding d;)

(i) Estimate a by OLS using selected x’s and d;



The perils of PS (t-ratio or Lasso with p=1)

DGP y = od;+ Bz +a,

di = T +Ui
a=0,=0.2,y=08,~N(0,1),v~N(0,.32),E(sv) = 0,
x;~N(0,1), n = 100,#simulations = 1000

Figura 1 (Post Seleccién (PS): t-ratio al 5%)

// \\ ‘ Why?: reduced form
/ !

yi=(ay+8) z+ (& +ov) =7z + 1,

m 1s small & y high !!

Similar with Lasso: effective size (47%)>> nominal size (5%)



Double Post selection (DPS)

(i) (i) Use ML (e.g. Lasso) to select xij if it’s a relevant regressor for
yi and d

(ii) Estimate a by OLS using the union of selected x’s and di (or
residualise: Frisch-Waugh- Lovell Theorem)

Assumptions (Bellonietal., 2013, 2014,...)

* Approximate Sparsity: only a subset of regressors sn<<pn is
relevant. E.g. |[)’j| <Aj7% a>1.

* Restricted Isometry: limited dependence among subsets of
regressors



Comparison with previous DGP (now p>>n)

P
v = ad.- + Zﬁt ZL'ij + €i,
DGP =l
p
d; = Z’Yj Tij + Vi,
j=1

With p=200, =100, B;& y; = 0(j %), Hy:a =0

Figura 2 (Post Seleccién Doble (PSD): Lasso al 5%)




Intuition: Omitted Variable Bias (OVB) (with p=1)

n

2 AN 2
V(@ - a) = (Z ) Z (Z%) Y ~87:=(4)+ (B)

=1 1=1 1=1

(drop x)
with f = 0(—)
1
vnBy = \/n O(ﬁ) v+ 0 ify =0 (PS)
but
1

VnB v ynO(—=) O

1 e 1 |
\/ﬁ ﬁ — 0, |fy%(ﬁ)—69¥5)



Similar with 1V

Yy, = de' -+ 3;1’2' T &4,
DGP

di = YZ; T €;,

.7;'2' — Lr?l't' e .,"_,;__.‘z-_‘

with E(Ei ei) * O,E(Ei a),;) = E(Ei xi) — E( a)ixi) =0
* DPSselects x if it’s a good predictor for y,d, z

* Then, apply 2SLS with chosen x’s

—

e BothforOLSandIV &_'Va —a ~- N(0,1)

n



Selection in nonlinear models

y = apd+ go(x)+e,
DGP g (partially linear)
= mo(X) +v, Robinson (1988)

withE(e /d,x) =E(w /x) =0

o n.d;'-") - n_d,; i—AoéI'
QPS:(Z;) Z (y\/g())?

=1 =1

ﬁ(aps—ao):(z ) st, (Z ) Zdi(go(xz/%go(ﬂf)) —(A)+(B)

1=1 =1

Nonparametric convergence rate of go(x) isn™%,0.25 < ¢ < 0.5

B) ~ ynn? = o



(C) = 0o(1) if sample split in 2 parts: (i)one to estimate ly(x) & my(x)
and (ii)another to regress € on ¥

All are cases of Neyman Orthogonality Condition

Sy E(WW, 80,1)p=p, = 0
with8 = a &n = (l,, my)



ho(d. x) + ¢, (non linear)
Chernozhukov et al (2017)

Yy
DGP 4

mo(x) + v,

withd = {0,1}

N dy (1-d)y
" Prd=1/x) 1-Prd=1 x)
W(W.0.n) = h(1. 2) — h(0.x) - d(y—h(l,x)) (1-d)(y-r(0x)) g

m(x) 1 —m(x)

8o = Elho(1.x) — h,(0,x)]

withn = (h(1,x),h(0,x), m(x))

> Use a K-validation approach with 8,z = K—'TE  0o(I, If)

U—l\/ﬁ(am{ —6o) ~ N(0,1),



A model of interactions: Modified Covariates Method (MCM)
Tian et al (2014), Chen et al. (2017)

~f -f
yi = 0 x;+di 0 xi+ &,

i
withd = {0,1} =T = 2d = 1= - = {~0.5,0.5)

~f 1 -f _
Y, — 9 Xz+§ é X; T &3

Cov(xl-j,T,;xik) = Cov(xij,xik)E(Ti) =0

. e
Use Lasso In: Y; — 5 0 X; + &4,



Empirical application (AK (1991)

w; as; + B x;+¢&;, E(s|x,2)=0.

S; Yz; +ox; +v;, B(v; | x,2) =0,

z= quarters of birth, year of birth, state dummies, double & triple
interactions (#1530)
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FiGURE 1
Years of Education and Season of Birth
~ 1980 Census
Note. Quarter of birth is listed below each observation.



Returns to education (original IVs + Lasso)

Cuadro 1. Estimacién del Rendimiento de la Educacién en AK (1991)
n® Vs MCB FULL
3 0.106 (0.019) 0.109 (0.021)

(0.019)
180 0.096 (0.010) 0.103 (0.014)
1530 0.069 (0.005) 0.108 (0.042)
(0.031)
)

1(*)  0.087 (0.031
12(**) 0.088 (0.014) 0.089 (0.014)
Nota: Estimadores MCB y FULL del pardmetro o en el modelo de regresién (21).

Desviacién tipica entre paréntesis. (*) Lasso plug-in, (**) Lasso CV

Stata commands: poivregress and lasso linear







ML for dummies

Ridge & Lasso
min E{Y; — X2+ A|bll3,  {bllg = (S [kl

Las

Lasso Adaptive Lasso

‘)

=1 =l

, IE (% — X0 bz AL Root Lasso
min [\jz - 2 —Zb 1,

:S



Tuning parameters in Lasso

e Pr(A = cmax <<y )— 1

1/ 1
;(_.) i=14i (Vi» Xi, 6o)

i

where g = dQ/ 06 andc > 1

;(wz) z qi (yuxu O) = 1(1 - 2}9)

Pr(A = ¢ max

>1—
Jmax 1—y+o0(1)

— 1
ﬁl:%q) 1(1_2)/_19) &wi:\/;Zl 1QL Vi, x;, 60)



Trees and Forests
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Thanks for your attention

b {101001] 110100

010011 110100
S1010012. 4101
01008 41010041

11n1un111'=“11 m n{m ﬂuh. PEO0LE F10T001

1010 - [ rooroll
11 11010031 11030011

401 Hl]lﬂﬂh oot 11010




