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The Roy Model Motivation

Selection: an Applied Microeconomist’s Best Friend

@ Life (and data) is all about choices
e E.g. schooling (labor), location (urban), insurance (PF), goods (I0)

@ How can a dataset of zeros and ones tell us about meaningful latent
economic parameters?

@ Natural starting point: agents select optimally on potential gains

e Now obvious, but wasn't always: longstanding belief that job choice
“developed by the process of historical accident” (Roy, 1951)

@ With enough structure, link from observed to latent is straightforward
(e.g. Roy (1951), Heckman (1979), Borjas (1987))

e Nature of selection characterized by small set of parameters

@ Still a lot to do on relaxing structure while staying tractable
o Recent attempts: Kirkebgen, Leuven, and Mogstad (2014), Hull (2015)
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Soling Roy
Borjas’ (1987) Roy Notation and Setup

@ Potential wages for individual i with schooling level j € {0,1}:

wij = Ewy] + (wy — E[wj])

=K+ &j
@ Residuals distributed by

€io ~N 0 O'g 001

€i1 0|’ 001 o7
@ Individual i chooses schooling j =1 iff

Wij1 — Wijg > C
Hi1—Ho—C > Eo— &1
=z =V
Where ¢ denotes relative cost (assume constant for now)
@ Question: what is E[w;j|z > v;] for each group?
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The Roy Model Solving Roy

Some Essential Normal Facts

1. Law of Iterated Expectations (not just normals): for nonrandom £(-),

ETYIF(X)] = E[E[Y[X]If(X)]

2. Linear Conditional Expectations: if X and Y are jointly normal

(6}
ELYIX = x] =y + =25 (x — px)
Ox

3. Inverse Mills Ratio: if X ~ N(u,0?), k constant

(k;u
EIXIX>K=p+0—F7—~
1-o ()
0 (%)
EXIX<kl=p—06—22
° (%)
Key to remembering: E[X|X < k] should be smaller than E[X]
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Soling Roy
Solving Roy

Note first that
£jo 0 o5 0§ — 001
v ~N 0|’ |02 —001 OF+02—20
! 0 01 0 1 01

By Fact #1,
E[W;0|Z > Vi] = Up+ E[E,’o’Z > V,']
= U+ E[E[S;O‘V,']‘Z > V,']
By Fact #2,

2
Oy — Op1
Elejo|vi] = OTV:', where 07 = 0§ + 0 — 2001

v
So:
68—601
Elwiolz > vj] = po + TE[V,-\V; < Z]
v
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Soling Roy
Solving Roy (cont.)

By Fact #3,

2
05 — O
E[wio|i chooses 1] = o + OszE[ViWi < 7]
v

oo — 04 ¢ (z/0v)

ST T B (/o)
B 0o\ 6001 ¢ (z/0V)
= Ho + <P01—Gl> o, 7€D(z/6\,)

The same steps give us

E[wi1|i chooses 1] = u; +

o1 0001 ¢ (z/0v)
<co"’°1> o (z/0v)

When are observed j =1 workers “above average"?
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Positive and Negative Roy Selection
@ Positive selection (avg. j =1 wage “above avg." in both groups):
o] c
p01_70>0 and fl—P01>0
o1 G0

Op 61}

= €
Po1 [c o

= Distribution of productivity with schooling more unequal
® Negative selection (avg. j =1 wage “below avg.” in both sectors):
o (o}
p01——0<0 and fl—P01<0
01 6o

o1 Go]

= Po1 € {
Go 01

= Distribution of productivity without schooling more unequal
@ Also can have “refugee selection,” where pg; < min [G o0 } (but

can't have the other case, where pg; > max [01’ gé} >1) )
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Estimating Roy
Bringing Roy to Data

o Let D; =1 if i selects j = 1. What does OLS of w; on D; give?

So1 — 05 ¢ (2/0v)

oy (z/ca)
E[w;|D; = 1] — E[w;| D; = 0] = U1 — Uo (selection bias)

"treatment effect"
@ Suppose costs are random: ¢; € {0,1},¢; L (&1 —€io) :
w; = Uo + (U1 — Mo + €1 — €i0) Dj + €0
D; =1{u — o+ &1 — €io > ¢}
@ Then IV gives LATE; with Roy selection:
Efu1 — 1o+ €1 — €i0|0 < &1 — €io — (1 — o) < 1] # 1 — o
~"~ \W—/
LATE ATE
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Mult-Armed Roy
Estimation with Multi-Armed Roy

@ W/Roy + unrestricted heterogeneity, valid instrument isn't “enough”
@ Problem even worse with many sectors; suppose:
w; = Ho + (Wia — wio)A; + (wip — wijo) B; + €0

@ With binary, independent Z; that reduces cost of sector a, IV identifies
E[wai — woai|A1i > Aol
=E[wai — woi|A1i > Aoi, Boi = 0] P(Boi = 0|A1; > Ao)
+ E[wai — wpi|A1j > Aoi, Boi = 1]P(Boi = 1]A1; > Aoi)

weighted average across compliers with fallback b and with fallback 0

@ Heckman et al. (2006), Heckman and Urzua (2010): unordered
treatment and Roy selection demands a parametric model
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More on Roy Estimation [EEEIINEINE))

isoLATEing: a semi-parametric solution

@ Want to deconvolute E[wa; — w-,i|A1j > Aoj] into its two causal parts
@ Can identify @ = P(By; = 1|A1; > Aoi): just the first stage of B; on Z;

@ If you can split the data into two parts (“strata”) where @ differs but
E[wai — woi|A1; > Aoi, Boi = j] doesn’t, can solve out (“isoLATE")

@ It turns out (see Hull, 2015) two-endogenous variable IV can
automate this deconvolution (and give SEs for free!)

® Problem: if E[w,; — wo;|A1; > Aoi, Boi = j] also varies across strata (as
you'd expect with Roy selection and @ varying), isoLATE is biased

@ Possible solution (work in progress!) assume no Roy selection
conditional on rich enough covariates X;, weight cond. IV over X;

o Similar to Angrist and Fernandez-Val (2013) solution to LATE != ATE,
Angrist and Rokkanen (2016) solution to RD extrapolation
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7oy e o e )
KLM (2014): a data-driven solution

@ Kirkebgen, Leuven, and Mogstad (2014) have data on centralized
post-secondary admissions and earnings in Norway

o Interested in estimating the returns to fields and selection patterns
@ Note that when (A;; = Ag; =0) = (B1; = Byi), IV conditional on
(Ao,' = Bo,') = 0 identifies E[Wa; — Wo,"Al,' > Ao, Boi = 0]
e “Application score” running variable for assignment into ranked fields
e Sequential dictatorship assignment: truth-telling a dominant strategy
o Observe completed field/education and earnings
@ Assume ranking reveals potential behavior (plausible? Could test);
run fuzzy RD for each “next-best” field k:

y =) Budi+x'Yic+ A +e
ik

dj = Zﬂj'ij+X'I//jk+njk+U, Vj # k
JFk
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(\CIERCLN NGRS Kirkebgen, Leuven, and Mogstad (2014)

KLM (2014) First Stages

Completed field

Humanities
Social sci
Teaching

Health
Science
Engineering

Technology

Business
Law

Medicine

Courtesy of Lars Kirkebgen, Edwin Leuven, and Magne Mogstand. Used with permission.

Sclence |  socialsoi | Other \
Humanities | Teaching | Other |
Humanities | Social sci | Other \
Teaching [ social sci | Other |

E | Engineering | Other \
Science | Heaith | Other |
Science | Engineering | Other |
Socialsci | Teaching | Other |
Social sl [t ies | Cther \

Heath [ Technology | Other |
2 4 8 8 1

Share of comhliers
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More on Roy Estima

KLM (2014) IV Estimates

=

Kirkebgen, Leuven, and Mogstad (2014)

Table 4. 2SLS estimates of the payoffs to field of study (USD 1,000)

Next best als

Humanities  Soc Seience  Teaching  Health  Seience Technology  Dusiness  Law
Comploted Beld (j):
Humanities 21.38* -7 4907 65T 221%
(1097 985 (11.86) (48.29) (10.56)
Social Seience 981 1082 55460 11038 2837
(11.55)  (13.00) 5) (102.97) (10.66)
Teaching I3 182 2 -21.08°
(6.58) (37.07) (1.12)
Health 4338 1730
(20.84) (3.97)
1681 L9
(18.07) (10:51)
Engineering 46.00 1303 5766
(4189) (2340)  (166.60)
Technology 7.03 53.07
« (10.09) (0.49) (14753
Business 20224+ 2854 31
(10.86) (15.61) (83.04)
Law 21497 55
96)
Medicine 007 1452
(1L72) (83.61)
Female 700" 6.25" -10.31° 527" 507" 407 -10.63
(L14) (150) (134) (133) (0.07) (1.56) (6.88)
Application score -0.62 4337 1010 068 106> -0.09 13582
(0.80) (L64) (087) ) (0.38) (132) (1457)
Average 3 2001 2240 16.15 5179 ona 8788 a7 7561 105.83
Observations 8,301 11,030 10987 1260 642 3,085 4403 1.251

‘Note: From 25LS estimation of equations (14)-(15), we obtain a matrix of the payofls to fheld § s compared o & for those who prefer j and have k as next-best
fickl. Fach coll is a SLS estimate (wich st. errars in parenthesis) of the Bayoff 10 a given pair of preferred field and nexi-bost field. Th rows represcnt, sompleted
fiells and the columns represent ¢ st ficlds. The row labeled average p* regorts the weighted average of the levels of potential earnings for compliers in the
given next-best field. The final row reports the mumber of ohservations for every next-best field. Stars indicate statistical significance, * 0.10, ** 0.05.

Courtesy of Lars Kirkebgen, Edwin Leuven, and Magne Mogstand. Used with permission.

12/14



More on Roy Estimation Kirkebgen, Leuven, and Mogstad (2014)

Testing for “Comparative Advantage”
o With selection on gains would expect

ELY; Yij K >E[Y; Yok j]

Density of compliers

of —mmM —
T T

: .
- = 1 )
Eflog y' - log y* |d/~d'=1, d'.5:=0] - Ellog ¥/~ log y'|d's—d= 1. duy=0]

Courtesy of Lars Kirkebgen, Edwin Leuven, and Magne Mogstand. Used with permission.
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Roy Takeaways

@ Selection on potential gains a powerful, natural assumption

o Should be comfortable with basic Roy formalization and how to solve
o Above statistics facts are common labor tools

@ Tight link between theory and empirics (all ID roads lead to sorting)

e Post-credibility revolution, we care more about what causal parameters
actually represent and how they inform theory
e Nature of sorting bias can be just as interesting as a treatment effect

@ With Roy selection and unknown heterogeneity, a valid instrument is
not “enough” (ATE vs. LATE, “fallback” heterogeneity, RD locality)

e How much structure is needed/plausible?

o Are “model-free,” data-driven assumptions satisfying (e.g. isoLATE,
KLM'14)? Or is Heckman right that we need a selection model?

e Would love to hear your thoughts!
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