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Where We've Been and Where We're Going...

@ Last Week
» spring break
» (before that, experiments)
@ This Week
» designed data
o Next Week
» found data
@ Long Run
» target tasks — data sources — guiding values
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Admin Update

e Major Assignment 1 Redux
e Last Two Proposal Weeks
e Minor Assignments

e Major Assignments 2-3
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Three Simplified Data Source Archetypes

o Experimental Data
we intervene, ask, and analyze
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Three Simplified Data Source Archetypes

o Experimental Data
we intervene, ask, and analyze

o Designed Data
we ask and analyze

o Found Data
we analyze
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© Surveys

@ Total Survey Error Framework

@ Integrating Surveys with Other Data
@ Big Data Paradox

@ Writing Survey Questions is Difficult

O Record Linkage
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@ This week we will focus in on surveys as a particular case of
designed data.
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Surveys as Designed Data

@ This week we will focus in on surveys as a particular case of
designed data.

@ Other types of data share these same properties but surveys are
particularly clear about the target population and the sample.

@ Key feature: a researcher controls how something is measured.

@ Next week we will consider cases where we don't get to control
what or how something is measured (found data).

@ The line is blurry: if someone else runs a survey but then you
analyze it, is the data found or designed?
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Case Study

https://commons.wikimedia.org/wiki/File:Donald_Trump_taking_his_Oath_of_Office.png
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Case Study

An Evaluation of 2016 Election Polls in
the U.S.

Ad Hoc Committee on 2016 Election Polling

Courtney Kennedy, Pew Research Center
Mark Blumenthal, SurveyMonkey

Scott Clement, Washington Post

JoshUA d. Clinton, Vanderbilt University
Claire Durand, University of Montreal
Charles Franklin, Marquette University
Kyley McGeeney, Pew Research Center[1]

Lee Miringoff, Marist College

Kristen Olson, University of Nebraska-Lincoln
Doug Rivers, Stanford University, YouGov

Lydia Saad, Gallup

Evans Witt, Princeton Survey Research Associates
Chris Wiezien, University of Texas at Austin

http://www.aapor.org/Education-Resources/Reports/An-Evaluation-of-2016-Election-Polls-in-the-U-S.aspx
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Case Study

@ National polls were generally correct and accurate by historical
standards.
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Case Study

@ National polls were generally correct and accurate by historical
standards.

@ State-level polls showed a competitive, uncertain contest . . .

@ . . . but clearly under-estimated Trump's support in the Upper
Midwest.
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Case Study

“There are a number of reasons as to why polls under-estimated
support for Trump. The explanations for which we found the most
evidence are:"”

@ “Real change in vote preference during the final week or so of
the campaign”
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“There are a number of reasons as to why polls under-estimated
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evidence are:”
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@ “Adjusting for over-representation of college graduates was
critical, but many polls did not do it"
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Case Study

“There are a number of reasons as to why polls under-estimated
support for Trump. The explanations for which we found the most
evidence are:”

@ “Real change in vote preference during the final week or so of
the campaign”

@ “Adjusting for over-representation of college graduates was
critical, but many polls did not do it"

@ “Some Trump voters who participated in pre-election polls did
not reveal themselves as Trump voters until after the election,
and they outnumbered late-revealing Clinton voters”

Full report:
http://www.aapor.org/Education-Resources/Reports/
An-Evaluation-of-2016-Election-Polls-in-the-U-S.aspx
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A Language for Things Going Wrong
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© Surveys

@ Total Survey Error Framework

@ Integrating Surveys with Other Data
@ Big Data Paradox

@ Writing Survey Questions is Difficult

O Record Linkage
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Total Survey Error

@ A framework for considering sampling, measurement, and
non-sampling errors in surveys

@ Has lead to acknowledgement of errors of observation
(measurement) and errors of non-observation (coverage,
nonresponse, sampling)

@ Decomposition in to bias and variance

@ Learn More!

» Robert M Groves et al. Survey Methodology. Vol. 561. John
Wiley & Sons, 2011. Chapter 2.

» Robert M Groves and Lars Lyberg. “Total survey error: Past,
present, and future”. In: Public Opinion Quarterly 74.5 (2010),
pp. 8497879 .
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Core Idea: Total Survey Error Framework

Total survey error = measurement error 4 representation error
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Core Idea: Total Survey Error Framework

Total survey error = measurement error 4 representation error

Measurement Representation
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What you learn depends on how you ask and who you ask.

Groves and Lyberg 2010, Fig 3

Stewart (Princeton) Week 8: Designed Data March 19, 2024

14 /58


https://dx.doi.org/10.1093/poq/nfq065

Survey Lifecycle

Design Perspective

Measurement

Construct: elements of

information that are sought by
the researcher



Survey Lifecycle

Design Perspective

Measurement

| Construct |

A 4

Measurement

Construct: elements of
information that are sought by
the researcher

Measurement: ways to gather
information about constructs



Survey Lifecycle

Design Perspective

Measurement

| Construct |

A 4

| Measurement |

h 4

Response

Construct: elements of
information that are sought by
the researcher

Measurement: ways to gather
information about constructs
Response: data produced from
information provided through
the survey measurements



Survey Lifecycle

Design Perspective

Measurement

| Construct |

A 4

| Measurement |

v

| Edited Response |

Construct: elements of
information that are sought by
the researcher

Measurement: ways to gather
information about constructs
Response: data produced from
information provided through
the survey measurements
Edited Response: when the
initial measurement provided
undergoes a review prior to
moving on to the next
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Survey Lifecycle

Design Perspective

Measurement Representation
Target
| Construct | £et
Population
v
h 4 Sampling
| Measurement | Frame

h 4
| Response |

v

| Edited Response |

Post-survey
Adjustment

Target Population: the set of
units to be studied

Sampling Frame: the set of
members that has a chance to
be selected into the survey
sample

Sample: units selected from a
sampling frame

Respondents: units successfully
measured

Post-survey Adjustment:
improve quality of estimate
(e.g. adjust for non-response)



Survey Lifecycle

Design Perspective

Measurement Representation
Target L .
[ Construct | Population Survey Statistic: The quantity
2 estimated in the resulting
h 4 Sampling
| Measurement | Frame survey data

,

R
| Response
Post-survey

h 4
| Edited Response |
Adjustment

3 Survey J

Statistic
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Measurement
Y:

Measurement: Y; —
the value of the
measurement

Construct Validity:
The extent to which
the measure is
related to the
underlying
construct.
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@ Total Survey Error breaks into measurement and representation
but doesn't really consider cost.
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@ We want to be right but key question is how do we invest
resources in making that happen.
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Shadow Component: Cost

@ Total Survey Error breaks into measurement and representation
but doesn't really consider cost.

@ Cost—time and money—is a big factor in decision making for
surveys.

@ We want to be right but key question is how do we invest
resources in making that happen.

@ It is sometimes easier to correct some parts of the process than
others!
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© Surveys

@ Total Survey Error Framework

@ Integrating Surveys with Other Data
@ Big Data Paradox

@ Writing Survey Questions is Difficult

O Record Linkage
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@ Integrating Surveys with Other Data
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Probability vs. Non-probability Samples
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Probability vs. Non-probability Samples

Sampling Interviews Data environment
1st era Area probability Face-to-face Stand-alone
2nd era Random digital Telephone Stand-alone

dial

probability
3rd era Non-probability Computer-administered Linked
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Validation: What Big Data Reveal About Survey Misreporting
and the Real Electorate

Stephen Ansolalehere
Hereard UDnfeersity

Insiimion for Social and Paficy
e-prtadl elian Rersh;

iversity, New Sloeen, CF o8320-8208
Ceavreipeaioig suitor )

Ansolabehere and Hersh (2012)
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Data used in analysis

Ansolabehere and Hersh (2012)
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Findings:
@ Over-reporting of voting is rampant: almost half of non-voters

reported voting, someone who reported voting had 80% chance
of actually voting
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Findings:
@ Over-reporting of voting is rampant: almost half of non-voters

reported voting, someone who reported voting had 80% chance
of actually voting

@ Over-reporting is not random; it is more common among
high-income, well-educated, partisans engaged in civic affairs
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reported voting, someone who reported voting had 80% chance
of actually voting

@ Over-reporting is not random; it is more common among
high-income, well-educated, partisans engaged in civic affairs

@ Because of systematic over-reporting, differences between voters
and nonvoters are smaller than they appear from surveys
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Findings:
@ Over-reporting of voting is rampant: almost half of non-voters
reported voting, someone who reported voting had 80% chance
of actually voting

@ Over-reporting is not random; it is more common among
high-income, well-educated, partisans engaged in civic affairs

@ Because of systematic over-reporting, differences between voters
and nonvoters are smaller than they appear from surveys

o Existing theories are better at predicting who will reporting
voting than who will actually vote
Ansolabehere and Hersh (2012)
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Note the different role of the big data in each case
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Predicting poverty and wealth from
mobile phone metadata

Joshua '* Gabriel C * Rubert On™

Blumenstock, Cadamuro, and On (2015)
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© Surveys

@ Total Survey Error Framework

@ Integrating Surveys with Other Data
@ Big Data Paradox

@ Writing Survey Questions is Difficult

O Record Linkage
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@ Big Data Paradox
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Bradley et. al 2021
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Bradley et. al 2021
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Bradley et. al 2021
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Bradley et. al 2021
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Fig 2| Bias-adjusted effective samplesize. An estimate’s bias-adjusted
effective sample size (different from the classic Kish effective sample size) is
thesize of asimplerandomsample that would have the same MSE asthe

observed estimate. Effective sample sizes are shown here onthelog,, scale.
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© Surveys

@ Total Survey Error Framework

@ Integrating Surveys with Other Data
@ Big Data Paradox

@ Writing Survey Questions is Difficult

O Record Linkage
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@ Writing Survey Questions is Difficult

Stewart (Princeton) Week 8: Designed Data



PNAS

LE | A0MICAL SCIENCEE

Current research overstates American support for political

violence

1 Hal

i | 3 e Tepe 1€,

Hapael L

Political scientiscs, pundits, and citizens warry that America is eotering 2 new period of
walent parclaan conflicr, Provacative minvey dara shew char 2 largs share of Amerlcans
(herwecn 8% and A% suppors polinicely morvaed coleses. Yor, despiie medly
auention, pulitical vdelence is rare, ameunting te o Gide mone tan 1% of vicleoo
hate crimes in ¢he Unired Seares, We neconcile these ssemingly conflicting faces with
four large survey sexperi D = A3, d ing; char self reparted arsitades
an polltieal violence are blased wpeard becase of rsposdens disengagement and
sury quostivns Ust allow wulriple incpretions of poliie sl Addesing
question wording wiel reapurdunt disagagement, we lid e mediao of sxising
eseimares of sappart for partisan violence is neasly § times larger than the median of
our estimares [1H.5% versus 2.9%). Critically, we show the pring esimates averstace
smpport far palicical vinlence because of randarn cesponding by disenpaped repandanta.
Respunceot discogmoeowan alao inlates Ow nlationship betwea support lor viekde:
amd previously idkntiGed corrsbates by 2 Bictor of 4. Partial dencificuton bounds imply
thar, under geoerous assumptions, support far vivlence amany enaged and disengaged
cespondents is. ar mace, 6.86%. Tinally, nearly all respandents sapporr eriminalhy
closrging suspeats whio cammle acts of palirlcal sholonce, Theas findings spgest that,
alwsgls vt aves ol polivial violon: dondoate i iews, ey do purlmd A i

e of viglent condlice.

Pl Ecal delores | MO palin Talan CEMBTSHE han

l"mnr.ri\le seear work i 3jcirad in PNAS (1

U ——— J.,Jmu, ot
Amerizans wanle andorse ameraerical

il ik, ané e 10 el
it Appendie, sucrior. | for detalls for
snce, hmv!her. remains ewcadingly rare in the
AN (ks s ecean e i wehic

Stewart (Princeton)

et Poh are 72597 g S i Frard e

Significance

Kerant palitical cvenits shres that

memgers of extrame po 3cal

ZroL s SUPLOIT partEan Wolence,

ang surdey evidence suppasedly

shows witespresd public support.
Fior

;|r'x|||nr|'g far survey basesd
MramiremeTT oot s.apnr for
sartizan vizanga Is far rore
mited. Prior estimatss overstats
support for politizal vio 2nce
catause of “anszm resp«“umg by

sisegiged responder
ez of a relan;
mynatha tinut
wzlerce In general Instead of
guestons o specific acts of
zolitical violence, ~rase same
LS & 20 Cause the magiide
71k relaliveship bulwean

aversmated. 45 palicy makars
consieer Intervertons deslianed
0 dempen sLgport for v olence

SUI FREL TS provde Critical
Turmal cn ataul e magnilide
a7 the probin.

March 19, 2024

36/58



Stewart (Princeto

Distribution of All Kalmoe-Masan Derived
Percantages of Suppoert for Political
Violence From the Media

A 0.3-
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Percent of Demecrats Supporling Vidlence

Fig. 1. We created a census of all reported estimates of support for viclence
using the Kalmae-Masan measure in the media {this includes work dane by
authors cther than Kalmoe and Masan). This figure shows their distribution.
We report thi in the full sample (4), for Republicans {8), and for Democrats
(). To contextualize the problems, in these estimates, we overlay the largest
estimates {orange line) and smallest estimates (blue ling) from the studles that
follow, There is large variation in the reported values, but all are significanthy
larger than our preferred estimate. See 5/ Appendix for additlonal details.
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Ambiguous Questions Create Upward Bias in Estimates of
Support for Violence, Fven if respondents cruthfully reporc their
views on political violence, vague questions make it impossible to
compare responses across individuals, and render sample averages
uninterpretable. For example, a measure from Kalmoe and
Mason (hereafter, Kalmoe-Mason) (2, 3) asks abour perceived
justification for partisan viclence generally: “How much do
you feel it is justified for [respondents own party] ro use
violence in advancing their political goals these days?” But the
estimand measured by this survey item is unclear because it
leaves ambiguous what “violence” refers 1o, Another question
from Robert Pape (23), “lhe use of force is justified 1o restore
Donald Trump w the pn:sidcrlcy,” offers a spociﬁc motivation,
but, like the Kalmoe—Mason measures, leaves definiton of
“violence” to the respondent to fill in. As a simplistic cxample,
suppose thar respondents interpret the question as asking abour
either partisan-motivared assault or partisan-motivated murder
(hath acts of violence). If one individual interprers violence as
“assault” while another interprets violence as “murder,” then these
tesponises are not compatable, and therefore we cannot make
an inference about which respondent expresses more support for
political violence (24). This also affects mean expressed support for
violence, The quantity ”(support partisan violence) is an average
ofrcspondcnlx who interpret the question as asking about assaule
and others interprering the question as asking about murder.
The conditional average suppart for parrisan violence and the
relative prevalence of the components of the mixture are un-
known, P{support partisan violence) = F{support partisan vio-
lenee|assaule) P {assault) + Psupport partisan violence|murder)
P (murder).
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“violence” to the respondent to fill in. As a simplistic example,
suppose that respondents interpret the question as asking about
either partisan-motivated assault or partisan-motivated murder
(both acts of violence). If one individual interprets violence as
“assault” while another interprets violence as “murder,” then these
responses are not comparable, and therefore we cannot make
an inference about which respondent expresses more support for
political violence (24). This also affects mean expressed support for
violence. The quantity P (support partisan violence) is an average
of respondents who interpret the question as asking about assault
and others interpreting the question as asking about murder.
The conditional average support for partisan violence and the
relative prevalence of the components of the mixture are un-
known, P(support partisan violence) = P (support partisan vio-
lence|assault) P (assault) + P (support partisan violence|murder)
P(murder).

~
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Measuring Engagement. To assess how satisficing affects responses, we group
participants based on their cognitive engagement with our survey, measured as
the retention of information from vignettes. Respondents who can identify the
state where the eventin the vignette they just read occurred (information that was
repeated in the headline and up to two times in the text) are coded as engaged,
and those who cannot are coded as disengaged. Reading short passages is
not a cognitively intense task, but committing content to memory is (29), and
reveals engagement with cognitive work. Across our three studies, we group
our sample into “engaged” respondents—those who are sufficiently motivated
to carefully read and retain information-and “disengaged" respondents—those
who can follow instructions but are less likely to retain facts or carefully evaluate
questions.”

Stewart (Princeton) Week 8: Designed Data March 19, 2024
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Outcome Questions. We use three core questions for study 1, study 2, and
study 3 and deploy two strategies to identify satisficing’s upward bias on esti-
mates of support for violence. First, in our justification outcome question, we use
adichotomous scale which should prompt disengaged respondents to randomly
respond, which we can detect by observing the response distribution. Second, we
offer a balanced scale with a neutral midpoint when measuring support, building
on prior work that suggests disengaged respondents will respond with a “don't
know" or neutral midpoint response (11). Our three questions are as follows:

1) “Was the suspect justified or unjustified?" using a dichotomous outcome
scale. This differs from refs. 1-3, where the authors ask a hypothetical question
with an unbalanced five-point Likert scale thatis then recoded in their analysis
to a dichotomous measure.

2) “Do you support or oppose the actions of [suspect]?” This is measured with a
balanced Likert with a neutral midpoint and is intended to separately capture
support for a suspect when a violent act is committed.

3) “Should the suspect face criminal charges?” We capture responses with a
dichotomous yes/no scale, and the question s intended to determine whether
the respondent thinks that someone who commits an act of violence should
or should not face charges.
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In study 1 (z = 1,002), we randomly assigned participants to
read one of two stories based on real acts of political violence.
In the first story, a Democratic driver was charged with hitting
a group of Republicans in Florida who were registering citizens
to vote. In the second story, a Republican driver was charged
with assault for driving his car through Democratic protesters in
Oregon. Respondents were also randomized to see the original
version of the story thar included partisan details or a version
of the story that was altered to remove any reference to pattisan
motivarion.

In this study, we focused on reporting details from real events.
This means that, while comparable, the Democratic and Repub-
lican stories varied in several ways. To ensure that any effects we
identify are not the result of those differences, we conducted a
second version of this experiment. Study 2 (z = 1,023) used a
single contrived story of violence in Towa. To test the bounds
of support for political violence, this story reported an extreme
form of violence: murder. Similar to study 1, participants were
randomly assigned to see a story with a Republican or Democratic
shooter engaging in politically motivated violence or an apolitical
act of murder. This story was necessarily fabricated to limit the
differences across treatment conditions.

Study 3 (n = 1,863) is a replication of study 2 using the YouGov
panel with the following alterations: 1) We removed the apolitical
condition to focus on attitudes toward partisan violence, and 2)
we removed covariate questions to reduce survey time.
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Disengaged Responses Lead to Higher Estimates of Support for
Political Violence. At first glance, the results of this experiment
appear to align with prior surveys. Across conditions where the
driver’s actions are presented as political violence, we find that
21.07% of respondents in study 1 say the artack was justified. We
find a similarly high level of support for the apolitical versions,
where 20,56% of respondents in study 1 say the driver’s action is
justified. The overall support for violence is lower in study 2 and
study 3, reflecting the greater severity of the violence, with 10.02%
of respondents in study 2 describing the political homicide as
justified and 6.70% of the respondents describing the apolitical
homicide as justified. In study 3, 10.11% described the homicide
as justified.

Bur this is biased upward by respondents who fail the engage-
ment test (~31% of respondents in study 1, 19% of respondents
in study 2, and 19% of weighted respondents in study 3). For
the political treatments, 37.87% of respondents who fail the
engagement test say the driver’s actions were justified, while only
12.06% of respondents who passed the engagement test agree that
the driver’s actions are justified. For the nonpolitical treatment,
we find that 44.06% of respondents who failed the engagement
test say the driver’s actions were justified, but only 10.93% of re-
spondents who passed the engagement test say the driver's actions
are justified. Similarly, for study 2, in the political treatments, we
find thar 33.82% of the respondents who fail the engagement
test say the shooter’s actions were justified, but only 4.37% of
individuals who passed the engagement test say the action was
justified. In the nonpolitical treatments, we find a similar large
gap: 25.93% of respondents who fail the engagement test say
the action was justified, bur 2.68% of those who passed say the
action was justified. The same pattern is found in study 3 (YouGov
dara), with 28.25% of disengaged respondents saying the shooting
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Support for Violence Among Engaged
and Disengaged Respondents

A Suspect is Justified
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Table 1. Kalmoe-Mason support for violence measure
by engagement

Support for violence
Kalmoe-Mason measure % (N)

Study 1 Study2  Study3

Disengaged respondents 55 (312) 43 (190) 41 (354)
Engaged respondents 21 (690) 26 (833) 19(1,509)
Combined estimate 32(1,002) 29(1,023) 23(1,863)
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Distributions of Proposed Sentences Among
Engaged and Disengaged Respondents
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Oistributions of Proposed Santances Among
Engaged and Disengaged Respondents
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Linking Data
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Linking Data

@ Data often becomes exponentially more useful when it is
combined with other data sources.
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Linking Data

@ Data often becomes exponentially more useful when it is
combined with other data sources.

@ Administrative, survey, and commercial data can all be linked
when there are appropriate identifiers. We've already seen
several projects that depend on this approach!
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Linking Data

@ Data often becomes exponentially more useful when it is
combined with other data sources.

@ Administrative, survey, and commercial data can all be linked
when there are appropriate identifiers. We've already seen
several projects that depend on this approach!

@ Because the datasets come from different sources and thus
information is not standardized across them!
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Linking Data

@ Data often becomes exponentially more useful when it is
combined with other data sources.

@ Administrative, survey, and commercial data can all be linked
when there are appropriate identifiers. We've already seen
several projects that depend on this approach!

@ Because the datasets come from different sources and thus
information is not standardized across them!

@ First-Last name combinations might not be identifying on their
own and that's before even considering typos, name changes etc.
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Linking Data

@ Data often becomes exponentially more useful when it is
combined with other data sources.

@ Administrative, survey, and commercial data can all be linked
when there are appropriate identifiers. We've already seen
several projects that depend on this approach!

@ Because the datasets come from different sources and thus
information is not standardized across them!

@ First-Last name combinations might not be identifying on their
own and that's before even considering typos, name changes etc.

@ Example: there are dozens of ‘Brandon Stewart’s in the FEC
individual contributions data! There are even other “Brandon
Stewart” professors (one in psychology and one in political
science)

Stewart (Princeton) Week 8: Designed Data March 19, 2024 47 /58



Linking Data Helps us Solve Problems!
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Linking Data Helps us Solve Problems!

100%—
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Why does this happen?

Over-reporting or Sampling issues?
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How We Merge Data Sets Matters

@ Deterministic methods e.g., exact matches

Stewart (Princeton) Week 8: Designed Data



How We Merge Data Sets Matters

@ Deterministic methods e.g., exact matches
s controls false positives

Stewart (Princeton) Week 8: Designed Data March 19, 2024 49 /58



How We Merge Data Sets Matters

@ Deterministic methods e.g., exact matches
& controls false positives
~> not robust to typographical errors and missing values

Stewart (Princeton) Week 8: Designed Data March 19, 2024 49 /58



How We Merge Data Sets Matters

@ Deterministic methods e.g., exact matches
& controls false positives
~> not robust to typographical errors and missing values

Georgia's “Exact Match” voter identification law ~~
In 2018, more than 53,000 records failed to match exactly and
were put on hold
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& controls false positives
~> not robust to typographical errors and missing values
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In 2018, more than 53,000 records failed to match exactly and
were put on hold ~~ 80% of which are racial minorities

Stewart (Princeton) Week 8: Designed Data March 19, 2024 49 /58



How We Merge Data Sets Matters

@ Deterministic methods e.g., exact matches
& controls false positives
~> not robust to typographical errors and missing values

Georgia's “Exact Match” voter identification law ~~
In 2018, more than 53,000 records failed to match exactly and
were put on hold ~~ 80% of which are racial minorities

e Probabilistic Record Linkage (PRL)
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Georgia's “Exact Match” voter identification law ~~
In 2018, more than 53,000 records failed to match exactly and
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& controls false positives
~> not robust to typographical errors and missing values

Georgia's “Exact Match” voter identification law ~~
In 2018, more than 53,000 records failed to match exactly and
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J designed to control error rates
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How We Merge Data Sets Matters

@ Deterministic methods e.g., exact matches
& controls false positives
~> not robust to typographical errors and missing values

Georgia's “Exact Match” voter identification law ~~
In 2018, more than 53,000 records failed to match exactly and
were put on hold ~~ 80% of which are racial minorities

e Probabilistic Record Linkage (PRL)
< robust to typographical errors
J designed to control error rates

~» existing open-source implementations of PRL do not scale
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How We Merge Data Sets Matters

@ Deterministic methods e.g., exact matches
& controls false positives
~> not robust to typographical errors and missing values

Georgia's “Exact Match” voter identification law ~~
In 2018, more than 53,000 records failed to match exactly and
were put on hold ~~ 80% of which are racial minorities

e Probabilistic Record Linkage (PRL)
< robust to typographical errors
J designed to control error rates

~» existing open-source implementations of PRL do not scale
Solution: fastLink (Enamorado, Fifield, and Imai, 2019)
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The Workflow for PRL a la Fellegi-Sunter

Dataset A 1

Agreement
Patterns

PRL

Stewart (Princeton) Week 8: Designed Data

[ Dataset B
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Agreement Patterns

@ Two data sets: A and B
@ K variables in common

@ N4 x Ng pairs to be compared for each common variable k
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Agreement Patterns

@ Two data sets: A and B
@ K variables in common
@ N4 x Ng pairs to be compared for each common variable k

@ Agreement value in field k for a pair (7, /)

agree
(i, j) = similar

disagree
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Agreement Patterns

@ Two data sets: A and B
@ K variables in common
@ N4 x Ng pairs to be compared for each common variable k

@ Agreement value in field k for a pair (7, /)

agree
(i, j) = similar

disagree

Agreement pattern (/. j) = {71(7,J), 2(/,)), .- -, 7k (7.4)}
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How to Build an Agreement Pattern

Name
First Last Age Street

Data set A

1 James Smith 35 Devereux St.

2 John Martin 56 Devereux St.
Data set B

1 Michael Martinez 28 16th St.

2 James Smitj 34 Dvereuux St.

Stewart (Princeton)

Week 8: Designed Data
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How to Build an Agreement Pattern

Name
First Last Age Street

Data set A

1 James Smith 35 Devereux St.

2 John Martin 56 Devereux St.
Data set B

1 Michael Martinez 28 16th St.

2 James Smitj 34 Dvereuux St.

Stewart (Princeton)

Week 8: Designed Data

March 19, 2024 52/58



How to Build an Agreement Pattern

Name

First Last Age Street

le A
2¢B

James Smith 35
James Smitj 34

Devereux St.
Dvereuux St.

Stewart (Princeton)
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How to Build an Agreement Pattern

Step 1: Calculate a Measure of Dissimilarity

Name
First Last Age Street
le A James Smith 35 Devereux St.
2eB James Smitj 34 Dvereuux St.
dissimilarity 0.00 0.04 0.10

@ For fields such as first name, last name, street name we use:

Identical ~— Jaro-Winkler ‘1 Different
0
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How to Build an Agreement Pattern

Step 1: Calculate a Measure of Dissimilarity

Name
First Last Age Street

le A James Smith 35 Devereux St.

2eB James Smitj 34 Dvereuux St.
dissimilarity 1.00

e For fields such as age:
Identical < Absolute value of the difference ————— Different
0

Stewart (Princeton) Week 8: Designed Data March 19, 2024 52/58



How to Build an Agreement Pattern

Step 2: Make Comparisons Discrete

Name
First Last Age Street
le A James Smith 35 Devereux St.
2eB James Smitj 34 Dvereuux St.
dissimilarity 0.00 0.04 0.10
v(1,2) agree agree similar

@ Set thresholds for each dissimilarity measure:

agree similar disagree

Identical «<— \ \ — Different
0 1

Jaro-Winkler
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How to Build an Agreement Pattern

Step 2: Make Comparisons Discrete

Name
First Last Age Street
le A James Smith 35 Devereux St.
2eB James Smitj 34 Dvereuux St.
dissimilarity 0.00 0.04 1.00 0.10
v(1,2) agree agree agree similar

@ Set thresholds for each dissimilarity measure:

agree similar disagree

Identical <— ‘ ‘
0 1 2

Different

Absolute value of the difference
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How to Build an Agreement Pattern

Name
First Last Age Street

Data set A

1 James Smith 85 Devereux St.

2 John Martin 56 Devereux St.
Data set B

1 Michael Martinez 28 16th St.

2 James Smitj 34 Dvereuux St.

Agreement patterns ’y(i,j)

v(1,2)  agree agree agree similar
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How to Build an Agreement Pattern

Name
First Last Age Street

Data set A

1 James Smith 35 Devereux St.

2 John Martin 56 Devereux St.
Data set B

1 Michael Martinez 28 16th St.

2 James Smitj 34 Dvereuux St.

 Agreement patterns v(i,j))

~(1,1) disagree disagree disagree disagree
v(1,2)  agree agree agree similar
v(2,1) disagree similar disagree disagree
v(2,2) disagree disagree disagree similar
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How to Build an Agreement Pattern

Name
First Last Age Street

Data set A

1 James Smith 35 Devereux St.

2 John Martin 56 Devereux St.
Data set B

1 Michael Martinez 28 16th St.

2 James Smitj 34 Dvereuux St.

 Agreement patterns v(i,j))

~(1,1) disagree disagree disagree disagree
v(1,2)  agree agree agree similar
v(2,1) disagree similar disagree disagree
v(2,2) disagree disagree disagree similar

The computational bottleneck: make all these comparisons!
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Runtime Comparison

1 T
| Record 1
! lenkage I RecordLinkage (R)
I Toolkit (Python) +
@ 20 : I
S
<) | I
L 1
o 1 1
Q
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aQ
< ! 1
w 10 | I
Q 1
£ 1 1
. I 7t
|
of =+ -
0 50000 100000 150000 200000

Dataset Size

@ Data sets of equal size
@ Variables in common: first and last name; house number, street

name and zip code; age
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Runtime Comparison

1 T
| Record 1
! lenkage I RecordLinkage (R)
I Toolkit (Python) +
@ 20 : I
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<) | I
L 1
o 1 1
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%) 1 1
Q
< ! 1
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1
g I . fastLink
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Dataset Size

@ Data sets of equal size
@ Variables in common: first and last name; house number, street

name and zip code; age
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The Workflow for PRL a la Fellegi-Sunter

Dataset A 1

Agreement
Patterns

PRL
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The Fellegi-Sunter Model of PRL

@ We observe: the agreement patterns (i, )
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The Fellegi-Sunter Model of PRL

@ We observe: the agreement patterns (i, )
@ We do not observe: the matching status

L. non-match
M(i,j) = { match
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The Fellegi-Sunter Model of PRL

@ We observe: the agreement patterns (i, )
@ We do not observe: the matching status

L. non-match
M(i,j) = { match

Mixture Model

M(i, j) N Bernoulli(X)

Q.

~(i,j) | M(i,j) = non-match "X F(mam)
V(i) | M(ij) = match "X F(my)

. J

Result: probabilities of a match between any pair
(can threshold and/or manually inspect uncertain cases)
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Ways to Use Record Linkage
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Ways to Use Record Linkage

1) Link datasets together (voter files, surveys, campaign
contribution data, arrest data, tax records)
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Ways to Use Record Linkage

1) Link datasets together (voter files, surveys, campaign
contribution data, arrest data, tax records)

2) Deduplicate records (match it to itself!)
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Ways to Use Record Linkage

1) Link datasets together (voter files, surveys, campaign
contribution data, arrest data, tax records)

2) Deduplicate records (match it to itself!)
@ Ways to speed up the package through careful use of blocking.
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Ways to Use Record Linkage

1) Link datasets together (voter files, surveys, campaign
contribution data, arrest data, tax records)

2) Deduplicate records (match it to itself!)
@ Ways to speed up the package through careful use of blocking.

@ They are always working on more improvements!
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Summary

Stewart (Princeton) Week 8: Designed Data



Summary

e record linkage!
e fastLink in R
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Summary

e record linkage!
e fastLink in R

Going Deeper:

Enamorado, Ted, Benjamin Fifield, and Kosuke Imai.
“Using a Probabilistic Model to Assist Merging of
Large-Scale Administrative Records” American
Political Science Review, 20109.
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This Week in Review
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This Week in Review

@ Designed data

@ Total survey error framework

@ Integrating surveys with other data

@ Great additional material in Bit by Bit:

» New ways of asking questions
» More on enriched and amplified asking
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This Week in Review

@ Designed data
@ Total survey error framework
@ Integrating surveys with other data
@ Great additional material in Bit by Bit:
» New ways of asking questions
» More on enriched and amplified asking
Next week: Found Data
@ Salganik Chapter 2: "Observing Behavior”
e Knox, D., Lowe, W., and Mummolo, J. (2020). Administrative
records mask racially biased policing. American Political Science
Review, 114(3), 619-637.

@ Voigt, Rob, et al. "Language from police body camera footage
shows racial disparities in officer respect.” Proceedings of the
National Academy of Sciences 114.25 (2017): 6521- 6526.
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