Density

Supplemental Appendix
“High Schools and Civic Engagement”
Kirsten Slungaard Mumma

Appendix Figures

Figure Al. : Distribution of Index Outcome Measures
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Figure A2. : Distribution of School Effect Estimates
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Figure A3. : Share of Students who Voted and School Characteristics
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Civic Score Effect

Figure A4. : Civic School Effect and Effects on Other Outcomes

A. Test Scores B. Non-Cognitive Outcomes
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English 10 Effect

A. College Exam vs. Test Scores

Figure A5. : Non-Civic Effect Correlations
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Figure A6. : Civic Effects and Alternative Non-Cognitive Effects Estimates

A. Civic Effects vs. Non-Cognitive (no GPA)  B. Civic Effects vs. Non-Cognitive (no imputed
GPA)
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The index measure in Panel A includes all measures used in the main specification except
imputed GPA. The index measure in Panel B includes all measures used in the main
specification but only uses actual GPA. The index measure in Panel C is created using
disciplinary /behavioral outcomes (log suspensions, log unexcused absences, an indicator for
expulsion). This is reverse coded so that a larger value reflects fewer undesirable
disciplinary /behavioral issues. The index measure in Panel D is created using the
non-disciplinary/behavioral outcomes (i.e., grade progression measures — imputed GPA, on
time progression to grade 10, course pass rate). All indices are created with PCA and
standardized, as described in the text.
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Figure A7. : Extracurricular Activities and School Civic Effects

Relationship to School Civic Effects
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Plots point estimates and 95% confidence intervals for indicators for each activity from

separate regressions predicting civic school effects with an indicator for the presence of each
activity with the same controls as used in Table 10, adding a control for the total number of
activities in the school. Robust standard errors.
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Table A1—: Matching Rates by Birth Year

Appendix Tables

Birth Year

1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001

N

380
5502
49401
76284
75280
74982
74532
73661
75242
75572
73065
35075

Share Matched Share Male

to Birth
0.48
0.61
0.69
0.66
0.69
0.70
0.71
0.72
0.71
0.75
0.76
0.74

(if matched)
0.64
0.65
0.54
0.51
0.51
0.51
0.51
0.50
0.51
0.51
0.51
0.46

Share Matched
to Voting
0.54
0.60
0.71
0.73
0.76
0.76
0.78
0.79
0.80
0.77
0.78
0.75

Share Male
(if matched to voting)
0.61
0.68
0.57
0.54
0.53
0.52
0.51
0.51
0.51
0.50
0.50
0.45

Merging sample. Only includes birth years included in estimation sample. Birth years below 1990

and 2002 or above repressed because of small sample size.
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Table A2—: Outcome/Index Measure Summary Statistics

A. Civic Score (Student)

Registered to vote by 4th age-eligible election cycle end year
Voted in first age-eligible general election

Voted in second age-eligible general election

Voted in first age-eligible primary election

Voted in second age-eligible primary election

Number of years voted outside of general/primary elections
in first 4 age-eligible election cycles (odd and even years)*
B. Test Score

English 10 Score

C. Non-Cognitive Measures

Log: suspensions in grade 9 (+1)

Log: days unexcused absences in grade 9 (+1)

Indicator: ever expelled in grade 9

Grade 9 course passing rate

Indicator: progressed to grade 10 on time (observed in
following year in grade 10 in data)

Grade 9 GPA

D. College-Going Measure

Indicator: Took ACT or SAT
E. Mom Civic Score

Mom registered to vote prior to child's first 9th grade year
Number of primary elections mom participated in; 8 years
prior to child's 9th grade

Number of general elections mom participated in; 8 years
prior to child's 9th grade

Number of other elections mom participated in; 8 years
prior to child's 9th grade

F. Dad Civic Score

Dad registered to vote prior to child's first 9th grade year

Number of primary elections dad participated in; 8 years
prior to child's 9th grade

Number of general elections dad participated in; 8 years
prior to child's 9th grade

Number of other elections dad participated in; 8 years prior
to child's 9th grade

Source

L2

L2
L2
L2
L2

L2

IN DOE
IN DOE
IN DOE

IN DOE
IN DOE

IN DOE
IN DOE

IN DOE

L2

L2

L2

L2

L2

L2

L2

L2

Type

Binary
Binary
Binary
Binary
Binary

Integer

Continuous
Continuous
Continuous

Binary
Binary

Binary

Continuous
Binary
Binary
Integer
Integer

Integer

Binary
Integer
Integer

Integer

Mean

0.71

0.23
0.25
0.08
0.08

0.16
0.57
0.01
0.92

0.97
2.58

0.59

SD

0.46

0.42
0.43
0.27
0.27

0.19

0.45
0.83
0.09
0.17

0.18
0.94

N non-missing

456,699

456,699
456,699
456,699
456,699

456,699

280,311
456,699
456,699

456,699
247,063

456,699
247,063

456,699

456,699

456,699

456,699

456,699

420,481

420,481

420,481

420,481

Min Grade Max Grade

Cohort

2008

2008
2008
2008
2008

2008

2009
2008
2008

2008
2012

2008
2012

2008

2008

2008

2008

2008

2008

2008

2008

2008

Cohort

2016

2016
2016
2016
2016

2016

2014
2016
2016

2016
2016

2016
2016

2016

2016

2016

2016

2016

2016

2016

2016

2016

Share missing
(included
cohorts)

0.000

0.000
0.000
0.000
0.000

0.000

0.058
0.000
0.000

0.000
0.046

0.000
0.046

0.000

0.000

0.000

0.000

0.000

0.079

0.079

0.079

0.079
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Table A3—: Correlations: Civic Index Measures (Student)

Registered to Vote e . . Number of Cycles
Civic in First 4 Election Voted: Ist Voted: 2nd Voted: lst-Prlmary Years Voted: Odd Voted (Non-
. General . Election 5 .
Index Cycles . General Election Year Election Primary, Non-
Election

General)

Civie 1.00 0.63 0.66 0.69 0.56 059 045

Index
[456699] [456699] [456699] [456699] [456699] [456699] [456699]
Registered to Vote in First 4

Election Cycles 0.63 1.00 0.35 037 0.19 0.19 0.12
[456699] [456699] [456699] [456699] [456699] [456699] [456699]

Voted: st General Election 0.66 035 1.00 026 035 0.18 0.18
[456699] [456699)] [456699] [456699] [456699] [456699] [456699]

Voted: 2nd General Election 0.69 037 026 1.00 0.19 0.38 017
[456699] [456699] [456699] [456699] [456699] [456699] [456699]

Voted: 1t Primary Election 0.56 0.19 035 0.19 1.00 017 0.16
[456699] [456699] [456699] [456699] [456699] [456699] [456699]

Voted: 2nd Primary Election 0.59 0.19 0.18 0.38 017 1.00 0.19
[456699] [456699] [456699] [456699] [456699] [456699] [456699]

Number of Cycles Voted

(Non-Primary, Non-Goacral) 045 0.12 0.18 0.17 0.16 0.19 1.00

[456699] [456699] [456699] [456699] [456699] [456699] [456699]

All variables over the first four age-eligible vote cycles (two even years and two odd years). Observations for pairwise correlations in brackets.
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Table A4—: Correlations: Maternal Civic Index Measures

Mom N;ggzr of Number of Years Voted in Other
Mom Civic ~ Registered Flec tiorr?s General Elections (Non-General, Non-
Index to Vote Voted Voted Primary)
Mom Civie 1.00 0.77 0.84 0.92 0.67
Index
[456699] [456699] [456699] [456699] [456699]
Mom Registered to Vote 077 1.00 046 0.69 031
[456699] [456699] [456699] [456699] [456699]
Number of Primary Elections
Voted 0.84 0.46 1.00 0.73 0.46
[456699] [456699] [456699] [456699] [456699]
Number of General Elections
Voted 0.92 0.69 0.73 1.00 0.47
[456699] [456699] [456699] [456699] [456699]
Years Voted in Other (Non-
General, Non-Primary) 0.67 0.31 0.46 0.47 1.00
[456699] [456699] [456699] [456699] [456699]

All variables are defined over the 8 years before the child's 9th grade year. Observations for pairwise correlations in

brackets.
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Table A5—: Correlations: Paternal Civic Index Measures

Dad Number of Number of Years Voted in Other
DadCivic ~ Registered Primary Elections General Elections (Non-General, Non-
Index to Vote Voted Voted Primary)
Dad Civie 1.00 0.71 0.83 0.90 0.67
Index
[420481] [420481] [420481] [420481] [420481]
Dad Registered to Vote 071 1.00 038 0.60 026
[420481] [420481] [420481] [420481] [420481]
Number of Primary Elections
Voted 0.83 0.38 1.00 0.70 0.45
[420481] [420481] [420481] [420481] [420481]
Number of General Elections
Voted 0.90 0.60 0.70 1.00 0.45
[420481] [420481] [420481] [420481] [420481]
Years Voted in Other (Non-
General, Non-Primary) 0.67 0.26 0.45 0.45 1.00
[420481] [420481] [420481] [420481] [420481]

All variables are defined over the 8 years before the child's 9th grade year. Observations for pairwise correlations in

brackets.
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Table A6—: Correlations: Non-Cognitive Index Measures

Nonlc;(ziger)l(ltlve Log Gr9 Suspensions Log Cjiis[i:f;cused Ex;::l(liéfiaz(g:r 9) Gr9 Pass Rate  Entered Grade 10 On Time $i§;$$

Noncognitive Index 1.00 -0.66 -0.63 -0.26 0.86 0.35 0.85
[247063] [247063] [247063] [247063] [247063] [247063] [247063]

Log Gr9 Suspensions -0.66 1.00 0.31 0.18 -0.45 -0.17 -0.41
[247063] [456699] [456699] [456699] [247063] [456699] [247063]

Log Gr9 Unexcused Absences -0.63 0.31 1.00 0.08 -0.38 -0.17 -0.40
[247063] [456699] [456699] [456699] [247063] [456699] [247063]

Indicator: Expelled (Gr 9) -0.26 0.18 0.08 1.00 -0.15 -0.13 -0.11
[247063] [456699] [456699] [456699] [247063] [456699] [247063]

Gr 9 Passing Rate 0.86 -0.45 -0.38 -0.15 1.00 0.23 0.74
[247063] [247063] [247063] [247063] [247063] [247063] [247063]

Entered Grade 10 On Time 0.35 -0.17 -0.17 -0.13 0.23 1.00 0.18
[247063] [456699] [456699] [456699] [247063] [456699] [247063]

GPA (with imputation) 0.85 -0.41 -0.40 -0.11 0.74 0.18 1.00
[247063] [247063] [247063] [247063] [247063] [247063] [247063]

Measures used to construct non-cognitive index measure. Observations in brackets. Course data is not available for all years as described in text.
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Table A7—: Voting Outcomes and Alternative Non-Cognitive Effects

(O] (] 3) ) (©)] (6) (@] @®) ©) (10)
Non-Cognitive Effect (Main) 0.002  0.004*
(0.002) (0.002)
No Imputed GPA 0.001 0.001
(0.002)  (0.002)
Drop GPA -0.001  0.001
(0.003)  (0.002)
Behavior/Disciplinary -0.004+  -0.004**
(0.002)  (0.001)
Grade Progression 0.004**  0.006***
(0.002)  (0.002)

English 10 Effect 0.009%** 0.010%** 0.010%3* 0.010%* 0.009%**

(0.002) (0.002) (0.002) (0.002) (0.002)
College Exam Effect 0.002 0.001 0.003 0.002 0.001

(0.002) (0.002) (0.002) (0.002) (0.002)
Civic Effect 0.025%** 0.022%** 0.024%** 0.024%** 0.025%**

(0.002) (0.002) (0.002) (0.002) (0.002)
Student, Cohort, First Election X X X X X X X X X X
Controls
Observations 253,171 146,014 171,717 100,451 253,171 146,014 456,699 297,672 253,171 146,014

See notes for Table 7. Index that does not use GPA only uses actual GPA. Index that drops GPA drops GPA from the measures used to create
the index. Behavior/disciplinary index measure is created using log suspensions, log unexcused absences, and an indicator for being expelled
(grade 9). The behavior/disciplinary index is reverse coded such that a higher value indicates a school that reduces behavioral/disciplinary issues.
Grade progression index is created using all other (non-disciplinary/behavioral) measures in the main non-cognitive index (progression to grade
10 on tiem, GPA, course passing rate). See text for detail. +p<0.10, *p<0.05, ** p<0.01, ***p<0.001. Number of observations differs because
not all cohorts have data available for all measures and some individuals are missing data for certain measures.
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Table A8—: Summary of Control Variables

N non- Min Grade Max Grade

Covariate Mean SD missing Cohort Cohort
Black 0.07 0.261 456699 2008 2016
White 0.84 0.367 456699 2008 2016
Hispanic 0.05 0.209 456699 2008 2016
Asian/Pacific Islander/Hawaiian 0.01 0.075 456699 2008 2016
Free or Reduced-Price Lunch 0.37 0.482 456699 2008 2016
Male 0.50 0.500 456699 2008 2016
English Leaner 0.01 0.090 456699 2008 2016
Special Education 0.12 0.324 456699 2008 2016
Agein Gr9 14.81 0.440 456699 2008 2016
Gr 8 Math (z-score) 0.07 0.964 456699 2008 2016
Gr 8 ELA (z-score) 0.05 0.972 456699 2008 2016
Misisng Either Gr 8 Test 0.01 0.096 456699 2008 2016
(Ln) Lagl Unexcused Absences 0.58 0.824 456699 2008 2016
(Ln) Lag1 Suspensions 0.16 0.443 456699 2008 2016
Missing Lag 1 Unexcused Absences 0.02 0.127 456699 2008 2016
Mom Civic Score 0.01 1.004 456699 2008 2016
Dad Civic Score 0.01 0.961 456699 2008 2016
Matched to Dad 0.92 0.270 456699 2008 2016
Missing County of Birth 0.01 0.101 456699 2008 2016
Ln(County Population) 11.98 1.667 456699 2008 2016
County % BA or Higher 19.32 7.111 456699 2008 2016
County Poverty Rate 10.40 3.249 456699 2008 2016
County Turnout 0.54 0.069 456699 2008 2016
County Rurality 231 1.958 456699 2008 2016
County Political Competitiveness 0.54 0.063 456699 2008 2016
County Republican Partisanship 11.36 15.807 456699 2008 2016
Cohort Size 367.88 239.354 456699 2008 2016
Cohort Share Has Mom 0.72 0.103 456699 2008 2016
Cohort Share Has Dad 0.66 0.113 456699 2008 2016
Cohort Mean Mom Civic Score 0.00 0.211 456699 2008 2016
Cohort Mean Dad Civic Score 0.00 0.212 456699 2008 2016
Cohort Mean Gr 8 ELA Score 0.02 0.278 456699 2008 2016
Cohort Mean Gr 8 Math Score 0.03 0.323 456699 2008 2016
Cohort Share Missing Either Gr8 Test Score 0.07 0.037 456699 2008 2016

Measures are as described in text. County-level measures are from around the time of the child's birth, as described.
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Table A9—: Correlations with Alternative Civic School Effect Estimates

Model Description Preferred Specification

1 Preferred (esimated with vam) 1.0000

2 Drift Limit=3 0.9704

3 Lagged Fall Test Interactions 0.9629

4 No Residualization on School Effects 0.7650

5 No Cohort FE 0.9928

6 No First Election FE 0.9995

7 No First Election FE, No Cohort FE 0.6381

8 SchoolxCohort Residuals 0.7146
Observations 456,699

This table shows the correlations between my preferred civic school effect estimates and estimates from alternative models in the student
sample. Model 1 confirms that estimates I calculate via my two-step process (residualizing values first and then running the vam
function) are equivalent to those produced when residualization is done with the vam function. Model 2 shows that results are similar
when I limit the drift period for civic effect estimates to 3 periods. Model 3 shows results estimated with interactions for fall test score
dates. Model 4 shows results estimated without residualizing on school effects. Model 5 does not include cohort fixed effects. Model 6
does not include first age-eligible election fixed effects. Model 7 drops both sets of fixed effects. Model 8 shows average school-by-
cohort residuals from equation (3).

Table A10—: Distribution of Other Effects by Quartile Civic Effects

Q1 Q2 Q3 Q4 Beta Beta
(smallest) (largest)  (uncontrolled)  (controlled)
M () (3) “4) (5 (6)
N Schools 84 84 84 83
Effects on Other Outcomes
English 10 Test Effect 0.162 -0.143 -0.111 0.092 0.018 0.019
(1.054) (0.754) (0.722) (1.191) (0.083) (0.080)
Non-Cognitive Effect 0.144 0.016 0.022 -0.191 -0.153** -0.013
(1.032) (0.901) (0.918) (0.997) (0.058) (0.054)
College Exam Effect -0.265 -0.160 0.150 0.312 0.225%** 0.071
(0.843) (0.872) (0.883) (1.036) (0.060) (0.058)

Plots average school-level effects on non-civic outcomes by quartile of (average) effects on civic outcomes. See notes for Table 8 for detail. + p<0.10,
*p<0.05, ** p<0.01, ***p<0.001. Two schools are missing data for non-cognitive score effects.
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Table A11—: AP/Extracurricular Measure Summary Statistics

Measure Mean SD N non-missing
(Log) Average # AP Tests 4.27 1.331 335
Participation rate (exams/HS student)
US History 0.02 0.021 335
US Government 0.01 0.015 335
English 0.02 0.022 335
Calculus AB 0.02 0.012 335
English Literature 0.02 0.020 335
Biology 0.01 0.013 335
Chemistry 0.01 0.011 335
Psychology 0.01 0.013 335
World History 0.01 0.018 335
Statistics 0.00 0.010 335
Average scores
US History 2.15 0.681 264
US Government 2.30 0.844 184
English 2.63 0.667 270
Calculus AB 2.06 0.781 325
English Literature 2.50 0.563 258
Biology 2.21 0.672 259
Chemistry 1.99 0.782 259
Psychology 2.62 1.047 157
World History 2.49 0.839 144
Statistics 2.38 0.960 177

Any Extracurricular

Civic 0.31 0.462 335

Music 0.37 0.483 335

Science 0.21 0.407 335

Math 0.15 0.360 335

Quiz 0.70 0.458 335

Speech 0.31 0.463 335

Best Buddies 0.11 0.314 335
Count of Extracurriculars

All Extracurriculars 3.47 3.524 335

Civic 0.50 0.935 335

Music 0.75 1.296 335

Science 0.21 0.426 335

Math 0.20 0.498 335

Quiz 0.96 0.775 335
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Table A12—: Details: Extracurricular Activities

Type Activity Time Coverage  Description of Activity Indicator Source URL

Schools that participated in that year's

Indiana Schools Speech and Debate Speechwire hitps://www.speechwire.com
Association debate contests.

Students argue for or against a resolution using evidence, logic, and

Civie Debate 20112020 ctured formats to sharpen crifical thinking and public speaking.

Students simulate courtroom trials by taking on roles such as
Civic Mock Trial 2016-2020 attorneys and witne:
and teamwork.
Students participate in simulated congressional hearings to
Civie We The People 2020 demonstrate their understanding of the U.S. Constitution, Participated in We the People. Indiana Bar Foundation Shared with me.
government, and civic responsibility.

s to practice legal reasoning, public speaking, Participated in Mock Trial. Indiana Bar Foundation Shared with me.

Two Indiana students are sclected annually to spend a week in DC

Civic U.S. Senate Youth Program 2000-2020 and observe the political process

Student from school participated. https://ussenateyouth.org/about_al
U.S. Senate Youth Progr umni_rosters/

High school and univerisity students in Indiana (age 16-22) are Indiana General

Civic  Indiana Legislative Youth Advisory Council 20182020 ked to advise state asembly on youth issues. Student from school participated. Assembly

hitps://ussenateyouth.org/about_al
umni_rosters/
Students conduct original historical research and present their

Civic National History Day 2020 findings through exhibits, documentaries, papers, performances, or ~ Student placed in state competition.

hitps:/indianahistory.org/wp-

Indiana Historical
ndiana Historica content/uploads/NHDI-State-

websites for regional, state, and national compefititons. Society Winners.pdf
- - School appeared listed as a member in the | .
Newspaper 2005 (preseny e Indiana High School Press Associaion s a satewide dnectors STIISPA rganimtons (s Indiana High Schoal L
organization for school newspapers. Press Association
student newspaper).
N . . » Schools that participated in that year's
Other Speech 20112000  Stdents prepare and perform original or interpretive speeches oS ol Speech and Debate » i s 7 ire.com
develop communication, persuasion, and performance skills. a8
Association speech contests.
Other Best Buddics 2025 (preseny VOIS Exoup 0 supportindividuals with development School has a chpater of the bestbuddies o oL tps:/wvww bestbuddis.orgindi
diasbilites. program. ana/friendship
- ) P )
Music Band 20082019 Music School partcipated n state band finals  Indiana State School  hitpsi/awwwwissma.netorghistory.
(finalist or placed) Music Association  php
Music Orchestra 2008-2019 Music School participated in state orchestra finals Indiana State SCI\auI https://www.issma.net/orghistory.
(finalist or placed). Music Association  php
Music Mixed Choirs 20082019 Music Sehool participated n state mixed choir  Indiana State School  htpsi/www.issmanetorghistory.
finals (finalist or placed). Music Association  php
Music Treble/Ments Choir 20082019 Music Sehool participated n state treble men's  Indiana State School  htps:/wwww.issmanetrghistory.
choir finals (finalist or placed). Music Association  php
B ) P tory.
Music . 20162019 Music Sehool participated n state insturmental or Indiana State School  htps:/www.issmanetorghistory
vocal jazz choir finals (finalist or placed). Music Association ~ php
Music Show Chair 20082019 Mausic Sehool participated i jazz show choir  Indiana State School  htps:/www.issmanetorghistory.
finls (finalist or placed). Music Association ~ php
Music Marching Band 2008-2019 Music School Pan!cmal:d in state marching band [ndm‘na State School https://www.issma.net/orghistory.
finals (finalist or placed). Music Association  php
) Team buzzer compeition to answer questions on acadernic o - Indiana Association of b
Quiz Quiz Bowl 20200nly  estions across a wide variety of arcas. Participated in state competition. School Principals bowl/
Indiana Association of i
1l Bowl 20082020 Team I spell ) Participat f tion.
Quiz Spell Bow 0082020 Team-based oral spelling contests. articipated in state competition. Sehoot rimens apebony
Tean buzzer competiton that focuses on specific academic topics T Indiana tion of /
Quiz Super Bowl 2008-2020 with a theme, Participated in state competition. School Principals super-bowl/
Science Science Olympiad 20192020  Team-based competition with evens across scientific disciplines.  Registered team. g‘fy‘;“;;“‘“"“ http://indianascienceolympiad.org/
hitps:/web.archive.org/web/2022
T . 1116195540 https/fwww.roboteyv
Science Robotics 2018-2019  Team-based robotics competition. Team registered to participate in Vex Robot Events.Com o oo rabot-competitions/vex-
fobotics competiton. (TechPoint Foundation) < > )
robotics-competition/RE-VRC-17-
4490.himl
https:/fwww.rose-
Math Rose Hulman Math Competition 2008-2019  Team-based math competiton. Team participated. 'égf: '::L]“::“ Math  Iman cdu/-rickertNovContest
P noveoni2019.html
hitps:/iweb.archive.org/web/2019
e
Math Indiana Mathematics League 20152020 Team-based math competiton. Team registered to participate in one or - Indiana 0318073 /iold mathleagu

tests. Lea,
‘more contests. gue e.com/reglistREGIN.HTM
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Table A13—: Mean Civic Score Index Measures by Student Cohort

Student Mom Civic Dad Civic

Grade 9 Cohort .
. Civic Score Score Score
(Spring)
(mean) (mean) (mean)
2008 -0.24 -0.12 -0.11
2009 -0.20 -0.06 -0.06
2010 -0.07 0.02 0.02
2011 0.01 0.02 0.03
2012 0.12 0.06 0.06
2013 0.29 0.05 0.05
2014 0.24 0.06 0.07
2015 0.27 0.05 0.05
2016 0.18 0.03 0.02

Overall Mean 0.07 0.01 0.01
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B. Matching K-12 and Birth Records
PREPARING K-12 RECORDS

My initial matching sample was drawn from the records of students who
were first observed in grade 9 in an Indiana school in my data3? between SY
2006-07 and 2021-22. T limited my sample to individuals between 1988 (the first
available year of complete birth record data) and 2010. I cleaned names and
dropped the small number of observations with incomplete first or last names
(including one-letter first or last names) or missing date of birth (DOB). There
was also a small number of records that were duplicates by first name, middle
initial, last name, and DOB. I randomly selected one observation per
name/DOB combination.

My initial sample consisted of approximately 1.38 million student-level
observations that were unique by first name, middle initial (including missing),
last name, and DOB.?? This sample was used for merging to both birth and
voting records.

PREPARING BIRTH RECORDS

I compiled and cleaned birth records for babies born in the state of Indiana
between 1988 and 2009. I dropped records with missing or single letter first or
last names as well as records without complete DOBs. I also dropped the small
number of observations for children born in Canada or in a “not classifiable”
location, since it was unclear if they would be eligible for birthright citizenship.
A small share (2.5%) of births in my records reported that the child was born in
a state that was not Indiana. Of these, Kentucky had the largest share (48% )
followed by Ohio (24%) and Illinois (22%) and Michigan (2%); no other state
exceeded 1% of out-of-state births. I further refined my sample so that it was
unique by first name, middle initial (including missing), last name, and DOB,
collapsing duplicates. For parent entries, I set to missing entries with
single-letter last names or incomplete date of birth information. I also set to
missing the small number of birth dates reported for parents that indicated the
mother or father was younger than 13 or older than 60 at the time of the baby’s
birth.

This resulted in a sample of about 1.9 million babies (children) paired to
about 1.31 million unique mothers (based on name and date of birth) and about
1.15 million unique fathers. Middle initial for children was missing for 2.7% of
observations. Coverage for fathers was bit worse in early years such as 1988 and
1989 when about 75% and 80% of children matched to fathers with complete
information, as compared to about 85.6% on average over all years.

32Note that the statewide enrollment files include students from public and some private schools. I
did not apply sample restrictions based on school type at this stage.
33Middle initial was missing for about 10.3% of observations.
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MATCHING PROCESS: BIRTH/K-12

I matched K-12 and birth records using a combination of exact and fuzzy
matching. Exact matching was based on a combination of (1) first name, last
name, and date of birth or (2) full name (first name, middle name, and last
name combined into a single string) and date of birth. I used full name to
increase the probability of matching individuals who reported first/middle/last
name in different fields across data sources. I discarded matches based on first
and last name that did not match on non-missing middle initials. A small
number of children matched to more than one student and vice versa at this
stage. I disambiguated these based on matching middle or full name and used
randomization to break ties for a small number of observations as necessary.

I supplemented exact matching by using the fastLink function in R to
conduct fuzzy matching (Enamorado et al., 2019). I blocked data by year of
birth to speed up matching. Matching was based on first and last name
(strings) and day and month of birth (numeric). Matching for strings was
conducted using Jaro-Winkler string distance and included partial matching. I
specified a minimum posterior match probability of 0.90. I discarded fastLink
matches involving student or birth records that had already been matched using
exact matching. I required that matches identified by fastLink exactly match on
last name, first name, birth date, and/or full name. I refined matches to ensure
a 1:1 student to birth record match was achieved, using randomization to break
ties as necessary.

Using fuzzy and exact matching, I paired roughly 996,000 of the
approximately 1.38 million students in my sample to an Indiana birth record, or
approximately 72% of observations. Of these, the vast majority (98.9%)
matched to a mother with complete information and 89.4% matched to a father
with complete information.

Appendix Table A1 (earlier) reports summary statistics on match rates and
gender breakdown of matched observations by year of birth.

Appendix Table B1 shows match rates by student birth year across voting
and birth records.

Appendix Table B2 examines how match rates vary for different groups of
students using my initial matching sample. The columns of Appendix Table Bl
report the coefficient, standard error, and p-value for the coefficient on an
indicator variable for that characteristic estimated by regressing the matching
outcome listed in the column header on that indicator variable. Intuitively, it
answers the question if having the listed characteristic predicts matching. The
outcome of column 1 is matching to birth records at all and is estimated using
the full initial merging sample; columns 2-5 are estimated using the sample of
individuals who matched to a birth record to identify if there are group-based
differences in how students matched/whether they matched to both parents.
The outcome of column 2 is matching to a mother with non-missing information
and the outcome of column 3 is matching to a father with non-missing
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information. The outcome of column 4 is exactly matching to a birth records.
Differential matching is evident. Note that it is not clear that we should expect
uniform match rates across demographic groups, since declaring an individual
on a birth record and cross-state mobility may both be related to socioeconomic
status and other factors. Match rates were very slightly higher for female
students than for male students in my sample and were higher for white
students than non-white students. Match rates were substantially lower for
English language learners (ELLs) than for non-ELLs — which makes sense given
that many ELLs may be children in immigrant families, who tend to be mobile,
and may be immigrants themselves. Matching was also lower for children who
qualified for free or reduced-price lunch than for those who did not.
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Table B1—: Match Rates: K-12 to Birth Records, by Birth Year

Student obs

Birth record obs

Share students matched

to birth records
All 1,383,526 996,037 0.72
Matched to Birth 996,036 996,036 1.00
Born 1988 431 163 0.38
Born 1989 1,539 782 0.51
Born 1990 8,724 5,290 0.61
Born 1991 58,153 40,195 0.69
Born 1992 86,105 57,631 0.67
Born 1993 85,799 56,374 0.66
Born 1994 84,610 58,187 0.69
Born 1995 82,065 56,929 0.69
Born 1996 82,394 57,862 0.70
Born 1997 83,818 59,362 0.71
Born 1998 85,604 60,453 0.71
Born 1999 85,778 64,247 0.75
Born 2000 86,590 65,366 0.76
Born 2001 85,072 63,937 0.75
Born 2002 83,792 62,748 0.75
Born 2003 85,116 64,012 0.75
Born 2004 85,504 63,944 0.75
Born 2005 85,140 63,921 0.75
Born 2006 84,000 63,085 0.75
Born 2007 43,142 31,506 0.73

* Birth years above 2007 suppressed for small sample size
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Table B2—: Match Rates by Student Characteristic

Matched to Birth Records
Matched to Matched to Mom Matched to Dad Exact Match
Birth Records
Male
Coefficient -0.005%** 0.0000 0.004*%** -0.027%#*
Std. error (0.001) (0.000) (0.001) (0.000)
p-value 0.00 0.87 0.00 0.00
Number of observations 1,383,526 996,036 996,036 996,036
White
Coefficient 0.248%** -0.008*** 0.173%%* 0.031%**
Std. error (0.001) (0.000) (0.001) (0.000)
p-value 0.00 0.00 0.00 0.00
Number of observations 1,383,526 996,036 996,036 996,036
Black
Coefficient -0.156%%* 0.007%** -0.259%#* -0.050%**
Std. error (0.001) (0.000) (0.002) (0.001)
p-value 0.00 0.00 0.00 0.00
Number of observations 1,383,526 996,036 996,036 996,036
Hispanic
Coefficient -0.254%%% 0.008%** -0.023%%* -0.007%**
Std. error (0.001) (0.000) (0.001) (0.001)
p-value 0.00 0.00 0.00 0.00
Number of observations 1,383,526 996,036 996,036 996,036
Asian American/Pacific Islander (Hawaiian)
Coefficient -0.488%** 0.007%** 0.070%** 0.006%**
Std. error (0.003) (0.001) (0.002) (0.002)
p-value 0.00 0.00 0.00 0.00
Number of observations 1,383,526 996,036 996,036 996,036
EL
Coefficient -0.468*** 0.009%** -0.017%** -0.009***
Std. error (0.002) (0.000) (0.003) (0.002)
p-value 0.00 0.00 0.00 0.00
Number of observations 1,383,526 996,036 996,036 996,036
Special Education Status
Coefficient -0.018*** 0.001** -0.061*** -0.014%**
Std. error (0.001) (0.000) (0.001) (0.001)
p-value 0.00 0.00 0.00 0.00
Number of observations 1,383,526 996,036 996,036 996,036
Free or Reduced-Price Lunch
Coefficient -0.085%** 0.006%** -0.132%%* -0.01 7%
Std. error (0.001) (0.000) (0.001) (0.000)
p-value 0.00 0.00 0.00 0.00
Number of observations 1,383,352 995,977 995,977 995,977

Reflects coefficient on the variable listed in the right-side column in a regression predicting the outcome listed in the column. Robust standard errors in
parentheses. Estimated using initial matching sample. *p<0.05, ** p<0.01, *** p<0.001
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C. Matching Children/Parents to Voting Records
PREPARING STATE VOTING RECORDS

Voting records were purchased from the commercial vendor L2. L2 collects
and consolidates voting records from various sources in a uniform format for
political campaigns and research purposes. L2 provided me with multiple files
for each state from different points in time, generally covering the years
2017-2023.34 Each file represents a snapshot view of voters registered in that
state at that moment, with voter turnout data generally going back to the year
2000. (See Appendix Table C2 for some evidence of coverage in early elections).
To create my state-level merging files, I took one cross-sectional state file per
year from among the available L2 files and assembled a state-level dataset of
observations that were unique by voter ID, first name, last name, middle initial
(including missing) and DOB. Combining voting files from multiple years
allowed me to capture voters who entered/exited the sample over time. It also
allowed me to capture different iterations of names/DOB reported for the same
voter, as identified by their L2-assigned voter ID, over time.?® The source files
used to create the merging file for each state are listed in Appendix Table C1.

I cleaned names and filled in missing information on voter gender and DOBs
with information from non-missing entries for the same voter ID as needed.
Observations missing year of birth were dropped, as were observations that were
missing first or last name, had single-letter first/last names, or had incomplete
DOB information. In some states (not including Indiana), I observed an
unusually high incidence of birthdays reported as 01/01/YEAR. This suggests
incomplete data on month and day of birth. I report the share of observations
with 1/1/YEAR dates of birth in Appendix Table C2. For the purpose of
matching, I treated these as true dates of birth since I was unable to
disambiguate otherwise. This could lead to under-matching in these states.

A small number of observations reported conflicting non-missing gender
information for the same voter ID over time. I was unable to determine whether
this reflected a shift in gender identity or a data recording error. For each voter
ID, I identified the gender that was most frequently reported for that ID and
used this as the gender of record. Where multiple genders were reported with
equal frequency, I broke ties using the earliest reported gender.

Since merging was based on first name, last name, middle initial, an DOB, I
wanted each voting record to reflect a unique combination of these fields within
a state. At this stage, state voting records were unique by voter ID /first

34Data on voter turnout were incomplete for the 2023 year.

35This could be helpful for catching individuals who change their name over time, as is often the case
for women to marry. In such a case, however, this would only be helpful if the individual registered
to vote in a state under their maiden name during a time covered by my cross-sectional files and later
changed it. I do not have access to prior names in these records.


Kirsten Slungaard Mumma


name/last name/middle initial and DOB but some combinations of names/DOB
were associated with more than one voter ID. The vast majority of these
duplicate name/DOB combinations were paired to only two voter IDs. A small
number were paired to more than one voter ID. These duplicate observations
could reflect duplicated entries for the same individual registered under different
voter IDs or they could reflect distinct individuals in the state who shared the
same name/DOB. To distinguish between these two possibilities, I collapsed
voter histories by first name, middle initial, last name, and DOB using data
from all voter IDs associated with the name/DOB combination. If there were no
overlapping turnouts across collapsed records — that is, if turnout was never
recorded twice in the same election across the collapsed records— I determined
that these were duplicate records and I used this collapsed record as the new
voting record for that name/DOB combination, assigning a new voter ID and
taking the first reported registration date and the maximum of an indicator for
turnout in each election in the records. I refer to these as “collapsed voters” in
Appendix Table C1. In a few cases, collapsed voters were formed using the same
voter IDs for different names/DOB combinations. I allowed this to occur since I
was unable to determine which match was preferable. I used randomization to
select one observation per name/DOB for the handful of observations that could
not be collapsed to ensure my data were unique within state by first name, last
name, middle initial, and date of birth.

I limited my sample for parents to individuals who were born between
1928-1995. I chose this range because it covered the years for which the oldest
parent could have been approximately 15-60 years old at the time of the child’s
birth. I limited my sample of children to those who were born between 1988 and
2010.

Appendix Table C1 presents basic statistics about each state-level sample.

Appendix Table C2 presents the share of observations in each state with
1/1/YEAR birthdays and information on coverage of general election turnout in
the earliest years.

MATCHING PROCESS: STUDENTS/VOTING RECORDS
C31. Matching Students to Indiana Voting Records

I matched students to voting records for Indiana using a multi-step process
that combined exact and fuzzy matching. This design was informed by the
following expectations: (1) that student records were unlikely to include
duplicate entries, (2) that most state-level records referred to unique individuals
(after the pre-processing described above), (3) that most individuals would
register to vote in only one state and appear in only one state (though some
would appear in more), and (4) that matches found in Indiana and common
destination states for people from Indiana were more likely to be “true matches”
than matches found in other states.
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I started by exactly matching students to voting records for Indiana. Exact
matching was based on a combination of (1) first name, last name, and date of
birth or (2) full name (first name, middle name, and last name combined into a
single string) and date of birth. I discarded matches based on first and last
name that did not match on non-missing middle initials. A small share of
students matched to multiple voter IDs or vice versa. To disambiguate these
matches, I applied the following hierarchy to pick the best student per voter
(and vice versa): (1) I preferred matches that matched on gender over those
that did not, (2) I preferred matches that matched on middle initial (including
missing) over those that did not, and (3) I preferred full name matches over
first /last matches. I used random selection to break ties where needed and then
treated these exact matches as true matches.

Second, I matched students to voting records for Indiana using the fastLink
package in R. I blocked data by birth year and conducted matching within birth
year blocks to speed up the matching process. I matched students to Indiana
voter records based on first name and last name (strings) and day of birth,
month of birth, and gender (numeric). Matching for strings was conducted using
Jaro-Winkler string distance and specified a minimum posterior match
probability of 0.90. I included partial matching for string variables. I dropped
observations for students or voters that had exactly matched from fastLink
output since these had already been accounted for. I required that matches
identified by fastLink exactly match on last name, birth date, and/or full name.
I refined matches to ensure a 1:1 student to child match was achieved, using
randomization to break ties as needed. Fuzzy matching added about 5,900
additional matches to my sample. Fuzzy matches represented < 1% of matches
to Indiana voting records at this point in my sample.

MATCHING STUDENTS TO OUT-OF-STATE VOTING RECORDS

I conducted exact matching for out-of-state voting records using the same
process I used to exactly match to Indiana voting records. These out-of-state
voting files were prepared the same way that the file for Indiana was, pooling
different iterations of name/DOB over time for the same voter ID. I did not use
fuzzy matching for out-of-state voting records both to save time — fuzzy
matching had only minimally increased match rates for Indiana, accounting for
< 1% of matches — and because including fuzzy matches increased the
probability of false matches. Informal analyses indicated that pooling records
across multiple voter files increased match rates more substantially than fuzzy
matching did. This may be in part because the data on names and dates of
birth available to me from K-12 and birth records were of relatively high quality.

After exact matching files for all states (including D.C., throughout), I
pooled together voting records matches from across all states. Some individuals
matched to voting records in multiple states. I did the following to reconcile
matches across states:
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1) I combined data across non-Indiana states to create a dataset that was
unique at the student-by-state level. Each observation in this dataset
represented a potential match that could be accepted, incorporated into
an existing record (multi-state matches), or discarded.

2) If a student matched to voting records for just one state, I accepted this as
a match.

3) If a student matched to voting records for more than one state, I sorted
state-level potential matches based on the share of Indiana-born
individuals who reported living in that state, based on the ACS 2022 data
(U.S. Census Bureau, 2022).

4) 1 then iterated through potential matches, starting with the “most likely”
and “next most likely” match states and assessing whether these records
could be collapsed (i.e., contained no conflicting turnout records) per the
process previously described. If the observations could be collapsed, I
collapsed these records and created a new record for the individual that
incorporated data from both state records. If not, I discarded the “less
likely” observation. I repeated this process as needed until I had one
match per student.

Appendix Table C3 shows match rates by state for students in the sample.
C32. Matching Process: Parents/Voting Records

I matched parents to voting records using a similar process as was described
for matching students to voting records, starting with exact matching (all
states) and then using fuzzy-matching (Indiana only). Fuzzy matches made up a
larger share of matches for parents than for children (around 4%). The following
notes are relevant re: adapting this process for parents:

e Since gender was not observed for parents, I assigned female gender to
individuals listed as mothers and male gender to individuals listed as
fathers. I did this because it was necessary to block by both birth year
and gender to increase the computational speed of fuzzy matching
processes. Unfortunately, using this approach could lead to
under-matching for children of same-sex parents. According to estimates
from the Williams Institute, there were 4.4 same-sex households per 1,000
households in Indiana and 18.9% of same-sex couples were raising children
(The Williams Institute, 2019).

e [ started by exactly matching parents to voting records across all states
and the District of Columbia, as described.

e [ then used fastLink to fuzzy match parents to voting records for Indiana,
using the same specification as was used for children.
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e Finally, I pooled together matches for parents across states. If a parent
matched to one state voting record, I treated this as a match. I
determined whether to collapse, keep, or discard other matches using the
process described above for student voting records, preferring states that
were more likely destinations for individuals from Indiana.

Appendix Table C3 shows match rates to voting records by state for parents in
the sample.
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State
A. Basic Information

Source Files

N obs (most recent file)

B. Full Multiyear Sample

N records

Ungiue Voter IDs

Unique First/Last/Middle Initial/ DOB
Share duplicated at all

Share duplicated 1 time

Share duplicated >1 time

C. Student Sample

N records

Unique First/Last/Middle Initial/ DOB
‘Ungqiue Fullname/DOB

Unique Voter IDs

Share collapsed voters

Share dupleiate names/DOB (randomly selected)

Share missing gender

Share male

Share missing middle initial

D. Parent Sample

N records

Unique First/Last/Middle Initial/ DOB
Ungiue Fullname/DOB

Unique Voter IDs

Share collapsed voters

Share dupleiate names/DOB (randomly selected)

Share missing gender
Share male
Share missing middle initial

IN

20230327,
20220302,
20210115,
20200227,
20190213,
20180901,
20170418
4,356,818

5,705,460

5,469,205

5,695,701
0.003
0.003
<0.001

1,437,982
1,437,982
1,437,771
1,347,238
0.001
0.001
0.001
0.479
0.096

4,981,666
4,981,666
4,980,692
4,778,147
0.001
0.001
0.001
0.469
0.094

1L

20230318,
20220418,
20210305,
20200303,
20190514,
20180728,
20170418
8,221,447

12,442,215

10,184,953

12,336,749
0.017
0.016
0.001

3,157,963
3,157,963
3,155,624
2,638,990
0.007
0.006
<0.001
0.466
0.184

10,827,001
10,827,001
10,818,338
8,873,455
0.003
0.004
<0.001
0.468
0.194

KY

20230906,
20221011,
20210704,
20200413,
20190502,
20180502,
20170418
3,196,880

4,648,678

4,455,856

4,371,750
0.104
0.064
0.039

1,149,696
1,149,696
1,149,222
1,071,091
0.035
0.044
<0.001
0.462
0.044

3,832,567
3,832,567
3,831,116
3,720,421
0.017
0.026
<0.001
0.459
0.063

Table C1—:

OH

20230627,
20220302,
20210716,
20200503,
20191126,
20180628,
20170418
7,518,644

9,430,522

9,147,781

9,373,307
0.012
0.012
<0.001

2,403,884
2,403,884
2,403,488
2,298,958
0.004
0.005
0.021
0.486
0.049

8,244,467
8,244,467
8,243,126
7,997,362
0.002
0.004
0.011
0.467
0.072

FL

20230913,
20220310,
20210314,
20200422,
20190508,
20180802,
20170418
14,557,650

18,486,104

17,753,278

18,449,324
0.004
0.004
<0.001

4,371,604
4,371,604
4,370,747
4,162,368
0.001
0.001
0.002
0.469
0.129

16,232,408
16,232,408
16,228,794
15,578,848
0.001
0.001
0.001
0.458
0.159

X

20230312,
20220916,
20210612,
20200203,
20190224,
20180629,
20170418
16,589,087

20,218,640

19,363,210

20,151,573
0.007
0.006
<0.001

5,767,882
5,767,882
5,765,788
5,546,914
0.003
0.001
0.001
0.470
0.139

17,145,041
17,145,041
17,139,150
16,381,838
0.002
0.001
0.001
0458
0.138

State Voting Files

M1

20230421,
20220901,
20211103,
20200814,
20190513,
20180717,
20170418
7,751,737

12,901,128

9,788,532

12,135,128
0.113
0.098
0.015

3,066,966
3,066,966
3,066,636
2,427,423
0.060
0.029
<0.001
0.479
0.046

10,671,670
10,671,670
10,670,239
8,076,922
0.039
0.020
<0.001
0.471
0.071

CA

20230905,
20220920,
20210502,
20200510,
20190517,
20180817

23,699,847

28,367,183

27,866,357

28,227,922
0.010
0.009
<0.001

8,264,306
8,264,306
8,237,978
8,139,023
0.002
0.004
0.032
0.480
0.266

24,165,111
24,165,111
24,039,864
23,738,351
0.001
0.004
0.019
0.468
0234

GA

20230627,
20220302,
20210416,
20200407,
20190611,
20180705,
20170418
7,221,668

11,435,568

8,784,322

11,335,214
0.017
0.015
0.002

3,346,830
3,346,830
3,345,894
2,553,516
0.008
0.004
<0.001
0.468
0.091

9,688,123
9,688,123
9,684,680
7,457,217
0.005
0.003
<0.001
0.453
0.097

NC

20230922,
20220510,
20210128,
20200408,
20191120,
20180628,
20170418
6,721,134

11,776,135

8,760,651

11,643,395
0.022
0.020
0.002

3,634,184
3,634,184
3,632,210
2,485,635
0.018
0.005
0.002
0.467
0.063

9,778,557
9,778,557
9,773,962
7,455,581
0.005
0.003
0.001
0.455
0.070

VA

20230909,
20220827,
20210923,
20200301,
20190312,
20180830,
20170418
5,687,648

7,186,071

6,847,437

7,173,919
0.003
0.003
<0.001

1,952,262
1,952,262
1,950,960
1,848,104
0.002
0.001
<0.001
0.469
0.052

6,234,303
6,234,303
6,229,668
5,928,733
0.001
<0.001
<0.001
0.455
0.067

TN

20230909,
20220827,
20210923,
20200301,
20190312,
20180830,
20170418
4,144,698

5,290,828

5,121,014

5,255,653
0013
0.011
0.002

1,336,294
1,336,294
1,335,532
1,280,043
0.006
0.003
<0.001
0.444
0.107

4,642,118
4,642,118
4,639,311
4,493,569
0.004
0.002
<0.001
0.445
0.103

AZ

20230318,
20221008,
20210520,
20201001,
20190510,
20180814,
20170418
4,206,321

7,975,389

5,758,244

7,774,106
0.049
0.046
0.003

1,853,121
1,853,121
1,850,031
1,509,646
0.025
0.012
0.009
0.491
0.128

6,869,573
6,869,573
6,861,461
4,885,118
0.014
0.010
0.004
0.476
0.112

MO

20231024,
20220822,
20210211,
20200305,
20190510,
20180628,
20170418
4,008,503

5,172,423

4,946,229

5,166,951
0.002
0.002
<0.001

1,378,377
1,378,377
1,377,964
1,291,906
0.001
0.001
0.012
0.478
0.063

4,483,129
4,483,129
4,482,288
4,285,844
<0.001
0.001
0.008
0.461
0.071

MN

20230912,
20220513,
20210708,
20200510,
20191003,
20180731,
20170418
3,495,736

5,284,370

4,227,071

5,266,538
0.006
0.006
0.001

1,293,050
1,293,050
1,292,342
1,077,642
0.002
0.004
0.013
0.477
0.067

4,638,065
4,638,065
4,636,121
3,660,243
0.001
0.002
0.009
0.466
0.053

sc

20230511,
20221111,
20210706,
20200510,
20190511,
20180404,
20170418
3,331,400

4,265,411

4,109,230

4,262,176
0.001
0.001
<0.001

968,142
968,142
968,142
917,867
0.001
0.001
<0.001
0.446
0.069

3,819,704
3,819,704
3,819,695
3,678,739
<0.001
<0.001
<0.001
0.450
0.090

KS

20231024,
20220714,
20210712,
20200318,
20190503,
20180709,
20170418
1,803,010

2,273,568

2,192,687

2,271,535
0.002
0.002
<0.001

611,331
611,331
611,231
576,701
0.001
0.001
<0.001
0.465
0.088

1,959,860
1,959,860
1,959,602
1,890,473
<0.001
0.001
<0.001
0.466
0.066
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State
A. Basic Information

Source Files

N obs (most recent file)

B. Full Multiyear Sample

N records

Ungiue Voter IDs

Unique First/LastMiddle Initial/ DOB
Share duplicated at all

Share duplicated 1 time

Share duplicated >1 time

C. Student Sample

N records

Unique First/Last/Middle Initia/DOB
Ungiue Fullname/DOB

Unique Voter IDs

Share collapsed voters

Share duplciate names/DOB (randomly selected)
Share missing gender

Share male

Share missing middle initial

D. Parent Sample

N records

Unique First/LastMiddle Initial DOB
Ungiue Fullname/DOB

Unique Voter IDs

Share collapsed voters

Share duplciate names/DOB (randomly selected)
Share missing gender

Share male

Share missing middle initial

NJ

20231024,
20220720,
20210711,
20200510,
20190403,
20180306,
20170418

6,127,664

7,526,661

7,214,891

7,502,192
0.006
0.006
<0.001

1,942,933
1,942,933
1,942,900
1,867,598
0.002
0.001
0.021
0.481
0.166

6,499,614
6,499,614
6,498,683
6,225,371
0.002
0.002
0.012
0.460
0.252

co

20230711,
20220426,
20210703,
20200123,
20190508,
20180808,
20170418

3,824,119

6,165,508

4,815,307

6,152,672
0.004
0.004
<0.001

1,910,416
1,910,416
1,909,688
1,473,349
0.002
0.001
<0.001
0.485
0.073

5,273,004
5,273,004
5,269,965
4,102,415
0.001
0.001
<0.001
0.480
0.065

NY

20231024,
20220330,
20210722,
20200305,
20190502,
20180814,
20170418

14,416,297

16,656,714

16,135,640

16,518,657
0.016
0.015
0.001

3,771,324
3,771,324
3,770,552
3,622,629
0.005
0.003
0.001
0.462
0.182

14,684,837
14,684,837
14,680,474
14,260,470
0.006
0.003
<0.001
0.453
0.257

Table C1 State Voting Files (cont)

wI

20230428,
20220831,
20210716,
20200510,
20190623,
20180602,
20170418

4,785,050

5,475,516

3,950,204

5,372,539
0.037
0.036
0.002

513,539
513,539
513,512
449,029
0.007
0.020
0.017
0.456
0.049

5,179,357
5,179,357
5,178,949
3,704,188
0.006
0012
0.009
0474
0.068

AL

20230614,
20221231,
20211114,
20201009,
20190827,
20180707,
20170418

3,438,589

4,321,328

4,068,510

4,311,098
0.005
0.004
<0.001

1,093,505
1,093,505
1,092,771
1,024,979
0.002
0.001
<0.001
0.456
0.046

3,773,981
3,773,981
3,771,160
3,548,228
0.001
0.001
<0.001
0.440
0.059

MA

20221231,
20211011,
20200510,
20190510,
20180511,
20170418

4,528,434

5,665,814

5,515,137

5,648,752
0.006
0.006
<0.001

1,469,037
1,469,037
1,468,494
1,425,868
0.002
0.001
0.010
0.478
0.181

4,964,379
4,964,379
4,960,216
4,830,050
0.002
0.001
0.004
0.464
0.182

PA

20231024,
20220830,
20210520,
20200320,
20190509,
20180822,
20170418

8,170,707

10,305,109
9,965,863
10,284,915
0.004
0.004
<0.001

2,526,582
2,526,582
2,526,181
2,419,982
0.001
0.001
0.006
0.468
0.166

9,080,152
9,080,152
9,078,666
8,776,227
0.001
0.001
0.004
0.469
0.167

NV

20230720,
20220825,
20210613,
20200111,
20190604,
20180810,
20170418

2,024,695

2,653,748

2,541,791

2,642,902
0.008
0.008
<0.001

761,561
761,561
760,993
724,208
0.005
0.001
0.022
0.499
0.182

2,278,911
2,278,911
2,277,782
2,181,945
0.003
0.001
0.015
0.489
0.166

AR

20231024,
20220326,
20210721,
20200207,
20190513,
20180901,
20170418

1,608,203

2,130,433

2,054,696

2,127,837
0.002
0.002
<0.001

563,789
563,789
563,682
533,182
0.001
<0.001
0.016
0.485
0.057

1,835,687
1,835,687
1,835,369
1,772,313
0.001
<0.001
0.009
0.451
0.065

wv

20231024,
20220302,
20210311,
20200227,
20190322,
20180814,
20170418

1,073,592

1,470,780

1,420,480

1,469,238
0.002
0.002
<0.001

354,118
354,118
354,097
334,312
0.001
<0.001
0.002
0.477
0.054

1,291,344
1,291,344
1,291,175
1,248,908
0.001
<0.001
0.001
0.464
0.058

WA

20230628,
20220324,
20211016,
20200303,
20190512,
20180715,
20170418

4,941,569

6,257,236

6,056,341

6,247,207
0.003
0.003
<0.001

1,694,706
1,694,706
1,694,199
1,627,161
0.002
<0.001
0.001
0.479
0.108

5,464,416
5,464,416
5,462,860
5,284,714
0.001
<0.001
<0.001
0.476
0.117

MS

20231024,
20221027,
20210709,
20200320,
20190510,
20180323,
20170418

1,932,177

2,217,637

1,790,807

2,199,105
0.016
0.016
0.001

232,944
232,944
232,940
203,699
0.001
0.002
0.031
0.396
0.060

2,114,273
2,114,273
2,114,055
1,707,142
0.002
0.006
0.015
0.436
0.128

MD

20221231,
20210915,
20200507,
20190620,
20180222,
20170418

4,170,282

4,474,667

4,302,532

4,468,863
0.003
0.002
<0.001

924,302
924,302
923,936
875,223
<0.001
0.001
<0.001
0.463
0.067

4,135,015
4,135,015
4,132,086
3,977,888
<0.001
0.001
<0.001
0.454
0.088

MT

20230518,
20220823,
20211122,
20200510,
20190923,
20180803,
20170418

692,447

896,636
867,284
896,257
0.001
0.001
<0.001

217,968
217,968
217,964
207,124
<0.001
<0.001
0.030
0.504
0.197

794,914
794,914
794,877
768,935
<0.001
<0.001
0.013
0.486
0.207

CcT

20230524,
20220817,
20210713,
20201001,
20190603,
20180718,
20170418

2,329,404

3,093,999

2,997,971

3,051,956
0.025
0.017
0.008

746,928
746,928
746,854
721,124
0.006
0.011
<0.001
0.468
0.151

2,692,415
2,692,415
2,691,985
2,607,019
0.003
0.008
0.001
0.457
0.187

OR

20230516,
20221201,
20210205,
20200225,
20190508,
20180726,
20170418

3,268,212

4,171,232

3,845,660

4,166,295
0.002
0.002
<0.001

1,169,055
1,169,055
1,168,603
1,049,683
0.001
0.001
0.012
0.500
0.118

3,592,925
3,592,925
3,591,987
3,328,367
0.001
<0.001
0.010
0.487
0.097

OK

20231024,
20220609,
20210208,
20200225,
20190503,
20180806,
20170418

2,085,813

2,743,766

2,657,868

2,729,206
0.010
0.009
0.001

683,711
683,711
683,525
655,903
0.005
0.001
0.010
0.474
0.044

2,393,097
2,393,097
2,392,550
2,319,886
0.004
0.001
0.006
0.456
0.050
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State
A. Basic Information

Source Files

N obs (most recent file)

B. Full Multiyear Sample

N records

Ungiue Voter IDs

Unique First/Last/Middle InitialDOB
Share duplicated at all

Share duplicated 1 time

Share duplicated >1 time

C. Student Sample

N records

Unique FirstLastMiddle Initia/DOB
Ungiue Fullname/DOB

Unique Voter IDs

Share collapsed voters

Share duplciate names/DOB (randomly selected)
Share missing gender

Share male

Share missing middle initial

D. Parent Sample

N records

Unique First/Last/Middle Initial/DOB
Ungiue Fullname/DOB

Unique Voter IDs

Share collapsed voters

Share duplciate names/DOB (randomly selected)
Share missing gender

Share male

Share missing middle initial

1A

20231024,
20220823,
20210304,
20200303,
20190510,
20180825,
20170418

2,074,150

2,626,605
2,524,616
2,625,307
0.001
0.001
<0.001

737,357
737,357
737,231
690,220
<0.001
<0.001
<0.001
0.474
0.045

2,238,683
2,238,683
2,238,295
2,152,225
<0.001
<0.001
<0.001
0.468
0.038

ND

20230919,
20221014,
20211019,
20200501,
20190513,
20180321,
20170418

422,604

467,429
382,552
466,729
0.003
0.003
<0.001

47,339
47,339
47,328
41,450
<0.001
<0.001
0.007
0.466
0.087

447267
447267
447,164
365,130
<0.001
0.001
0.003
0.486
0.071

AK

20230906,
20221231,
20211124,
20201009,
20190702,
20180815,
20170418
530,462

573,139
461,136
570,569
0.009
0.008
<0.001

73,273
73,273
73,174
61,736
<0.001
<0.001
<0.001
0.432
0.044

548,207
548,207
547,715
440,977
0.002
0.003
<0.001
0.493
0.049

Table C1 State Voting Files (cont)

LA

20231024,
20220412,
20210122,
20201001,
20190515,
20180625,
20170418

2,854,325

6,345,180

3,673,147

6,108,844
0.070
0.057
0.013

1,439,071
1,439,071
1,438,844
904,944
0.020
0.039
<0.001
0.441
0.106

5,440,847
5,440,847
5,439,465
3,130,170
0.008
0.024
<0.001
0.445
0.084

DC

20230918,
20220402,
20210130,
20200302,
20190503,
20180301,
20170418

534312

583,460

466,332

579,455
0.013
0.013
0.001

95,841
95,841
95,840
87,602
0.001
0.002
0.020
0.432
0.104

557,106
557,106
557,078
443,805
0.002
0.005
0.016
0.457
0.121

NH

20230616,
20220822,
20210325,
20200303,
20191022,
20180815,
20170418
1,002,660

1,239,075
950,420
1,233,452
0.009
0.008
<0.001

130,632
130,632
130,628
110,542
0.001
0.001
0.005
0.432
0.051

1,186,838

1,186,838

1,186,795

908,842

0.001
0.003
0.005
0.467
0.077

HI

20230912,
20220823,
20210703,
20201001,
20190513,
20180730,
20170418

793,102

813,370
682,982
808,705
0.011
0.011
<0.001

65,366
65,366
62,603
60,524
0.003
0.002
0.024
0.406
0.095

774,775
774,775
751,010
650,852
0.003
0.003
0.004
0.476
0.080

vT

20230606,
20220302,
20210702,
20200212,
20190512,
20180611,
20170418

465,359

777,785
590,845
774,037
0.010
0.009
<0.001

165,939
165,939
165,925
142,321
0.004
0.001
0.034
0.489
0.144

695,867
695,867
695,660
520,493
0.003
0.002
0.013
0.473
0.163

DE

20230520,
20220824,
20210703,
20200330,
20190510,
20181012,
20171226
722,662

1,203,683
843,122
1,201,947
0.003
0.003
<0.001

308,410
308,410
308,319
213,351
0.001
0.001
0015
0.489
0.066

1,055,328
1,055,328
1,055,146
731,651
<0.001
0.001
0.010
0.465
0.099

NE

20231024,
20221004,
20210713,
20200510,
20191126,
20180711,
20170418

1,174,456

1,492,126
1,433,984
1,491,173
0.001
0.001
<0.001

396,416
396,416
396,407
369,809
<0.001
<0.001
0.015
0.480
0.045

1,289,982
1,289,982
1,289,889
1,240,326
<0.001
<0.001
0.005
0.470
0.049

uT

20230624,
20220330,
20210708,
20200407,
20190503,
20180822,
20170418

1,511,677

2,522,630

1,996,854

2,518,351
0.003
0.003
<0.001

811,692
811,692
810,105
628,462
0.001
0.001
0.011
0.497
0.085

2,110,564
2,110,564
2,107,926
1,693,605
0.001
0.001
0.009
0.484
0.097

wy

20230919,
20221021,
20210113,
20200302,
20190402,
20180726,
20170418
284,937

332,270
262,568
326,310
0.036
0.035
<0.001

24,161
24,161
24,160
22,124
0.002
0.054
0.020
0.467
0.028

316,287
316,287
316,266
248,391
0.001
0.016
0.008
0.477
0.080

SD

20230920,
20220824,
20210122,
20200218,
20190511,
20180608,
20170418
576,989

838,057
630,442
836,192
0.004
0.004
<0.001

145,140
145,140
145,128
116,856
0.001
0.001
0.014
0.477
0.020

778,330
778,330
778,289
583,775
0.001
0.001
0.008
0.475
0.038

ME

20230607,
20220302,
20210702,
20200510,
20190717,
20180428,
20170418

1,043,961

1,542,682

1,230,195

1,535,257
0.009
0.009
0.001

295,802
295,802
295,782
247,409
0.005
0.002
0.016
0.482
0.149

1,400,007
1,400,007
1,399,881
1,105,773
0.003
0.002
0.007
0.465
0.109

D

20221231,
20210316,
20200429,
20190503,
20180821,
20170418

941,511

2,093,193

1,164,533

2,076,772
0.016
0.015
<0.001

477,454
477,454
477,409
279,513
0.004
0.009
<0.001
0.466
0.115

1,849,834
1,849,834
1,849,705
1,028,464
0.002
0.006
<0.001
0.468
0.091

RI

20230920,
20220825,
20210316,
20200422,
20190510,
20180717,
20170418

723,223

988,627
918,223
986,207
0.005
0.005
<0.001

267,112
267,112
267,095
236,649
0.002
<0.001
0.009
0.475
0.117

855,874
855,874
855,704
804,840
0.002
0.001
0.005
0.461
0.146

NM

20230904,
20221128,
20210709,
20200224,
20190503,
20180821,
20170418

1,269,553

2,056,977

1,563,649

2,050,535
0.006
0.006
<0.001

459,056
459,056
458,904
371,619
0.003
0.001
<0.001
0.476
0.106

1,825,648
1,825,648
1,825,358
1,374,124
0.002
0.001
<0.001
0.463
0.128
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Table C2 State Voting File Details

State

IN
FL
1L
X
OH
KY
MI
CA
N
GA
AZ
NC
Cco
VA
MO
WI
SC
WA
AL
PA
NY
MN
OR
MD
AR
OK
NV
KS
MA
1A
NJ
MS
uT
NM
LA
ID
MT
wv
NE
CT
HI
AK
ME
ND
DC
wY
NH
SD
RI
DE
VT

Share IN born

0.687
0.036
0.028
0.022
0.021
0.021
0.021
0.017
0.014
0.012
0.011
0.010
0.008
0.007
0.007
0.006
0.006
0.006
0.005
0.005
0.004
0.004
0.003
0.003
0.003
0.003
0.003
0.003
0.002
0.002
0.002
0.002
0.002
0.002
0.002
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.000
0.000
0.000
0.000
0.000
0.000
0.000

Rank

(eI e Y N e

50
51

N unique name/DOB N 1/1/ Birthdays Share 1/1 Birthdays

5,695,701
18,449,324
12,336,749
20,151,573
9,373,307
4,371,750
12,135,128
28,227,922
5,255,653
11,335,214
7,774,106
11,643,395
6,152,672
7,173,919
5,166,951
5,372,539
4,262,176
6,247,207
4,311,098
10,284,915
16,518,657
5,266,538
4,166,295
4,468,863
2,127,837
2,729,206
2,642,902
2,271,535
5,648,752
2,625,307
7,502,192
2,199,105
2,518,351
2,050,535
6,108,844
2,076,772
896,257
1,469,238
1,491,173
3,051,956
808,705
570,569
1,535,257
466,729
579,455
326,310
1,233,452
836,192
986,207
1,201,947
774,037

24,348
61,356
3,210,250
81,394
42,863
991,854
4,934,927
143,078
17,832
5,356,079
3,835,371
4,864,693
2,651,443
29,265
172,414
1,701,903
14,946
26,728
15,189
44,758
134,572
2,110,096
826,386
54,077
6,453
9,225
7,781
8,062
19,835
11,801
58,113
184,700
704,256
1,059,597
4,107,221
1,420,533
2,461
4,823
43,403
23,539
97,447
49,090
617,048
27,906
76,409
35,185
76,720
449,669
146,038
378,385
374,132

<0.01
<0.01
0.26
<0.01
<0.01
0.23
0.41
<0.01
<0.01
0.47
0.49
0.42
0.43
<0.01
0.03
0.32
<0.01
<0.01
<0.01
<0.01
<0.01
0.40
0.20
0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
0.08
0.28
0.52
0.67
0.68
<0.01
<0.01
0.03
<0.01
0.12
0.09
0.40
0.06
0.13
0.11
0.06
0.54
0.15
0.31
0.48

Voted: Voted:
General 2000 General 2002

0.25 0.19
0.18 0.17
0.30 0.24
0.14 0.12
0.32 0.24
<0.01 0.16
0.29 0.23
0.24 0.18
0.23 0.20
0.21 0.17
0.04 0.14
0.16 0.15
0.19 0.18
<0.01 0.15
0.27 0.25
<0.01 0.32
0.19 0.17
0.22 0.19
0.22 0.21
0.29 0.23
0.10 0.20
0.40 0.39
0.17 0.20
0.28 0.26
0.24 0.23
0.24 0.23
0.11 0.11
0.18 0.17
0.30 0.27
0.13 0.27
0.26 0.19
0.15 0.12
0.22 0.18
0.24 0.24
0.37 0.28
<0.01 0.20
0.21 0.20
0.26 0.19
0.24 0.20
0.11 0.10
0.23 0.27

<0.01 <0.01
<0.01 0.11
0.02 0.26
0.22 0.18

<0.01 <0.01
0.21 0.22
0.30 0.35
<0.01 0.20
0.11 0.17
0.19 0.18

Voted:
General 2004
0.32
0.28
0.38
0.25
0.45
0.26
0.37
0.34
0.31
0.29
0.26
0.26
0.30
0.29
0.40
0.49
0.28
0.31
0.33
0.40
0.35
0.51
0.32
0.39
0.33
0.34
0.19
0.35
0.37
0.42
0.36
0.24
0.32
0.38
0.46
0.30
0.28
0.36
0.37
0.26
0.32
0.43
0.10
0.49
0.29
0.38
0.38
0.42
0.31
0.30
0.33

Share IN-born is based on U.S. Census Bureau ACS estimates from 2022. General election indicators are mean of indicators for having voted in the

indicated election and are presented as a way to assess coverage of elections in early years.
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Table C3 Match Rates by State

N Mom N Dad
State N Matched ~ N has Mom Matched N Has Dad Matched
N 503,020 483,805 287,492 444,529 331,043
FL 9,968 483,805 4,278 444,529 7,354
1L 5,123 483,805 1,109 444,529 2,506
TX 6,440 483,805 1,299 444,529 2,315
OH 7,896 483,805 1,179 444,529 2,297
KY 3,508 483,805 1,540 444,529 2,886
MI 1,432 483,805 861 444,529 1,358
CA 5,721 483,805 617 444,529 1,116
TN 3,722 483,805 1,042 444,529 1,885
GA 760 483,805 390 444,529 592
AZ 704 483,805 415 444,529 566
NC 765 483,805 465 444,529 648
CO 1,085 483,805 286 444,529 360
VA 1,943 483,805 275 444,529 497
MO 1,839 483,805 319 444,529 610
WI 287 483,805 157 444,529 221
SC 1,412 483,805 573 444,529 967
WA 2,173 483,805 181 444,529 334
AL 1,341 483,805 453 444,529 778
PA 1,518 483,805 240 444,529 421
NY 1,777 483,805 271 444,529 468
MN 185 483,805 <100 444,529 <100
OR 434 483,805 <100 444,529 173
MD 291 483,805 <100 444,529 148
AR 539 483,805 129 444,529 280
OK 592 483,805 137 444,529 245
NV 1,187 483,805 227 444,529 471
KS 562 483,805 <100 444,529 210
MA 748 483,805 <100 444,529 108
1A 1,095 483,805 140 444,529 275
NJ 457 483,805 <100 444,529 116
MS <100 483,805 <100 444,529 106
uUT 262 483,805 <100 444,529 <100
NM <100 483,805 <100 444,529 <100
LA <100 483,805 <100 444,529 110
D <100 483,805 <100 444,529 <100
MT 290 483,805 <100 444,529 127
wv 292 483,805 <100 444,529 162
NE 297 483,805 <100 444,529 103
CT 216 483,805 <100 444,529 <100
HI <100 483,805 <100 444,529 <100
AK <100 483,805 <100 444,529 <100
ME <100 483,805 <100 444,529 <100
ND <100 483,805 <100 444,529 <100
DC <100 483,805 <100 444,529 <100
wY <100 483,805 <100 444,529 <100
NH <100 483,805 <100 444,529 <100
SD <100 483,805 <100 444,529 <100
RI <100 483,805 <100 444,529 <100
DE <100 483,805 <100 444,529 <100

VT <100 483,805 <100 444,529 <100
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