
1/39

The Effects of Parents’ Receiving Unemployment Benefits on
Children’s Educational Attainment

Tiansui Tu (Sean)

University of Oxford

01/03/2023



2/39

Clarifying the question

Interested in

D Y

Y ,D ∈ {0, 1}
D = 1: mother (NOT father) receives a positive amount of UI benefit
when the child is 10 to 18

Y = 1: child graduates from high school at 19

Focusing on

1. US: Unemployment Insurance (UI) provides cash benefits to workers who
lose their jobs through no fault of their own, and they meet work/wage
requirements.

2. Mothers unemployed for ≥ 1 week when the child is 10 to 18

3. Mothers average lagged wage ≥ 0 when the child is 10 to 18
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Timeline

-1 1 3 5 7 9 11 13 15 17 19

Control period Treatment period



4/39

Preview of results

OLS: close to 0, NOT statistically significantly different from 0

Linear IV: negative, statistically significantly different from 0

Non-parametric IV: insignificantly negative

Falsification tests: evidence unclear, inclined to not favor the validity of
IV, probably my IV is rubbish

For falsification tests, not sure how to cluster as they all assume i.i.d.
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Simple Model

Mother is employed with probability s and unemployed with probability 1− s,

max
i,s

log(e)− s2

subject to
i = sw + (1− s)b

e = i

i ≥ 0, 0 ≤ s ≤ 1

s: search effort

i : investment in child’s education

e: education output from the child

w : wage

b: UI benefit

What is ∂e∗/∂b?
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Comparative Statics
Set w = 10,
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Possible causal channels

Among unemployed parents, UI affects child’s education through:

Pecuniary channels:

+: Improving home material conditions

−: Prolonging parents’ unemployment spell, losing potential income

Non-pecuniary channels:

+: Reducing parental stress, better family functioning

−: Stigma/ Exhibits negative role model effect on child

Ambiguous overall effect

(Ku and Plotnick, 2003) (Heflin and Acevedo, 2011)
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Why OLS may not be sufficient?

E.g.
Y = β0 + β1D + β2X + U

X ∈ [0, 1]: fraction of years (child is -1 to 10) mother has high school degree

At least 2 selection biases: (Acevedo and Heflin, 2014)

1. Mothers eligibile for UI differ from those ineligible (conditioning on sample
selection) in some characteristics

2. Among eligible mothers, mothers who take up UI differ from those who do
not in some characteristics

These characteristics may be unobservable and related to both D and Y

OLS may overestimate the effect if mothers getting UI are better in some
sense?
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IV motivation

Dummy Z : whether mother unemployed due to business closure for more than
once when child is 10 to 18

Relevance: eligible for UI if unemployed not because of the fault of your
own

Exogeneity:

i. Cylus, Jonathan (2015) used this as an IV for receiving UI on health,
balance table looks alright for PSID

ii. Maybe some randomness/unexpectedness

iii. Even if ability → firm size → business closure, it is arguably not
correlated with welfare preference, so better than nothing (maybe)

iv. No clear reason for direct effect, maybe exists indirect effect on Y
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Causal diagram for IV

For unemployed mothers,

Z D Y

W ϵwy

X

Y ,D,Z ∈ {0, 1}
Control for X ,W

Typically, chronological order is X ,Z ,W ,Y so

Mostly, X from ages -1 to 9; W from ages 10 to 18

Possibly doomed if there exists unobservable ϵwy or Z → Y directly
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Timeline

-1 1 3 5 7 9 11 13 15 17 19

Control period, control for X Treatment period, control for W

X may include ”D” and ”Z” from age -1 to 9

If ϵwy observed, may also control for it
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Data

Longitudinal surveys: (https://www.nlsinfo.org/content/cohorts)

NLSY79 cohort: 12,686 American youths ages 14-22 when first
interviewed, available annually 1979-1994 and biennially 1996-2018

NLSY79 Child and Young Adult cohort: currently included 11,545 children
born to interviewed NLSY79 mothers

Transform it to cross-sectional:

Y by definition fixed across time

Take central tendency measures of control variables

Unit is mother-child pair, independence across mother clusters

Cannot use child weights

Sample selection:

Mothers unemployed/have positive average wage

Filter out the observations of child being 17 (or 18) and graduating at 17
(or 18), very few obs

https://www.nlsinfo.org/content/cohorts
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Y, D, Z distribution
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Linear IV with homogeneous effects

Stable Unit Treatment Value Assumption violated:
(i) effect of mothers’ receiving UI once different from those receiving UI
twice;
(ii) receiving UI at child age 15 less impactful than 18
Not sure how this affects the results

Relevance: Cov(D,Z) ̸= 0?

Exogeneity: Cov(U,Z) = 0?
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Cov(D,Z ) ̸= 0?

Likely holds, also robust to adding controls (not shown)
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Cov(U,Z ) = 0?

Subsample of mothers unemployed because of either laid off or closure, where
Z ↛ D, so now check if Z → Y (reg D on Z gives -.016 with pval 0.724 )

Violated, so need to condition on X or W
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Cov(U,Z ) = 0?

Z gets smaller coefficient and less significance, can be just because of small
sample size
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Welfare Preference with D and Z
Using ”D” and ”Z” from child age -1 to 9, see how it related to whether
mother wants to go on welfare if needed (answered in 1979)
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Control for pecuniary channel?

Not control for wages/net family income at child age 10-18, as will
eliminate the pecuniary channel, assume this is ok

lwage: wage when 10-18 (treatment period)

lwage : wage when -1 to 9 (control period)
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OLS v.s. IV without controls
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Kitchen-sink IV 1
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Kitchen-sink IV 2
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Kitchen-sink IV 3



24/39

Partialing-out lasso IV
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Non-parametric IV

Assume heterogeneous treatment effect across compliance pop

Linear IV generally has negative weightings in computation of LATE

Need a fully saturated model or at least rich covariates, so use
non-parametric IV

Frolich (2007): need D,Z ∈ {0, 1}

Allow me to use Prof Romu Meango’s slides: page 51/52 of Chapter 5:
The LATE Model for Adv ERM
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Frolich (2007)
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Frolich (2007)
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Stata nplate package

Fitting issue with R package (occurredWarning: glm.fit: fitted probabilities
numerically 0 or 1 ), need to investigate into this, maybe too many variables
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LATE assumptions

Notations: potential outcomes Y (z , d), D(z) and omit the conditioning on X :

Stronger:

S1 Unconfoundedness: Y (1, 1),Y (1, 0),Y (0, 1),Y (0, 0),D(1),D(0) ⊥⊥ Z

S2 Monotonicity: D(1) ≥ D(0)

S3 Exclusion Restriction: Y (1, d) = Y (0, d) := Y (d)

S4 Existence of Compliers: P(D = 1|Z = 1) > P(D = 1|Z = 0)

Weaker:

W1 Unconfounded Type: For all compliance types t ∈ {a, c, n, d},
P(T = t) = P(T = t|Z = 0) = P(T = t|Z = 1)

W2 No Defiers: P(T = d) = 0

W3 Mean Exclusion: E [Y (z , d)|Z = z ,T = t] = E [Y (d)|T = t] ∀(z , t)
W4 Existence of Compliers. P(T = c) > 0

S3 =⇒ W3 but W3 ≠⇒ S3
W4 equivalent to S4 under W1 and W2
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Falsification test MW (Mourifie and Wan, 2017)

MW tests for implications (necessary not sufficient for LATE) of S1-S4: forall
A ∈ BY

P(Y ∈ A,D = 1|Z = 0) = P(Y (z , 1) ∈ A,D(0) = 1|Z = 0)

= P(Y (1) ∈ A,D(0) = 1)

P(Y ∈ A,D = 1|Z = 1) = P(Y (z , 1) ∈ A,D(0) = 1|Z = 1)

= P(Y (1) ∈ A,D(1) = 1)

P(Y (1) ∈ A,D(0) = 1) ≤ P(Y (1) ∈ A,D(1) = 1)

=⇒ P(Y ∈ A,D = 1|Z = 0) ≤ P(Y ∈ A,D = 1|Z = 1)

Similarly

=⇒ P(Y ∈ A,D = 0|Z = 1) ≤ P(Y ∈ A,D = 0|Z = 0)

Intuition: Given treatment status, density of compliers must be nonnegative at
any point in the distribution of the outcome variable.
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Falsification test MW (Mourifie and Wan, 2017)

MW tests ∀y ∈ {0, 1}

θ(y , 1) ≡ E [P(Z = 1)D(1− Z)− P(Z = 0)DZ |Y = y ] ≤ 0

θ(y , 0) ≡ E [P(Z = 0)(1− D)Z − P(Z = 1)(1− D)(1− Z) |Y = y ] ≤ 0

Let V = Y × {0, 1}

H0 : sup{θ(v)∈V}θ(v) ≤ 0, H1 : sup{θ(v)∈V}θ(v) > 0

But MW assumes
{(Di ,Yi ,Zi )}ni=1

for consistency and validity of the proposed testing procedure, and I am not
sure how clustering on mothers affects the results
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Falsification test MW

Full Sample without conditioning on covariates: H0 not rejected at 1% level
but rejected at 5%, 10%
To condition on covariates, zoom in sub-samples: e.g. the child is female: not
rejected; the child is male: rejected only at 10%, not at 1% and not 5%

So conditioning on child gender seems to be useful

But the sample size is limited, there are many variables to split the sample. We
also need to discretize continuous variables.
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Falsification test FGK: Farbmacher, Guber and Klaassen (2022)

Assume unconfoundednees S1, (jointly) tests for S2-S4

Intuition:

If condition on observables, even if the test is passed for the FULL sample,
LATE assumptions may be violated in some subpopulation defined by
observables. If the subpopulation is small, then such violation is diluted in
FULL sample and NOT detected by the test

Need a data-driven way of splitting the sample to detect as many violations as
possible
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Falsification test FGK

In MW, rearranging,

P(Y ∈ A,D = 1|Z = 0,X = x)− P(Y ∈ A,D = 1|Z = 1,X = x) ≤ 0

P(Y ∈ A,D = 0|Z = 1,X = x)− P(Y ∈ A,D = 0|Z = 0,X = x) ≤ 0

Similar to saying, conditioning of X = x , how does changing Z (treatment)
change the inequalities (outcome)?

Reformulate as a conditional average treatment effect (CATE) question, and
use causal forest to estimate CATE.

Use trees to split the sample in covariate space that delivers the largest
heterogeneity between the newly formed subgroup

Finally, if the CATE of that subgroup has positive sign, this means violations of
the null hypothesis implied by LATE asssumptions
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FGK tree

I guess the sample size is not large enough for causal forest...
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What to do next?

maybe try Huber and Mellace (2015) who assume weaker LATE
assumptions not full independence as in MW and FGK

estimate compiler population and characteristics

Sensitivity analysis, Baysian IV?

Lewbel’s (2012) generated IV based on higher moments, do not need an
actual IV

Manski’s Monotone IV to bound LATE

Stein-like 2SLS (interesting but maybe not useful)

other suggestions?
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Don’t think I have time for this ...
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Structural Model (Simplified)

max
ct ,it ,st

T∑
t=1

βt−1

[
log(ct)− γs2t

]
+ α log (eT ) subject to

ct + it + at+1 = (1− pt)bt + (1− τt)

[
ptwt + (1 + rt)at

]

eT = sigmoid

( T∑
t=1

it

)
st = pt , ct , it ≥ 0, 0 ≤ st ≤ 1,T = 18

α includes discounting factor and weight on child’s education; τt is marginal
tax rate from NBER TAXSIM; pt is fraction of time employed.

Parameters/estimand: β > 0, α > 0, γ > 0

Inputs: wt , bt , r , a1, aT ; r is retrieved from data on (1 + r)at

Simulated variables: ct , it , st and for 1 < t < T , at

For non-pecuniary channel, add b, s, and p to the production function of
education, but the parameters are probably unidentified
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Matching moments

Some first moments, average across i , for each t

c̄t , īt

s̄t with p̄t

sigmoid

(∑T
t=1 it

)
with ēT ∈ {0, 1} or generally some production function

Maybe consider second moments

Matching regression coefficients (e.g. of search effort on benefit level)

Currently not identified
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