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

Last Week
▶ spring break
▶ (before that, experiments)

This Week
▶ designed data

Next Week
▶ found data

Long Run
▶ target tasks → data sources → guiding values
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Admin Update

Major Assignment 1 Redux

Last Two Proposal Weeks

Minor Assignments

Major Assignments 2–3
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Three Simplified Data Source Archetypes
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Three Simplified Data Source Archetypes

Experimental Data

we intervene, ask, and analyze

Designed Data

we ask and analyze

Found Data

we analyze
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1 Surveys

2 Total Survey Error Framework

3 Integrating Surveys with Other Data

4 Big Data Paradox

5 Writing Survey Questions is Difficult

6 Record Linkage
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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

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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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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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. 849?879 .

Stewart (Princeton) Week 8: Designed Data March 19, 2024 13 / 58



Core Idea: Total Survey Error Framework

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

Total survey error = measurement error + representation error

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

Groves and Lyberg 2010, Fig 3
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Survey Lifecycle

Design Perspective
Measurement

Construct

Measurement

Response

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

Construct

Measurement

Response

Edited Response

Representation

Target
Population

Sampling
Frame

Sample

Respondents

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

Construct

Measurement

Response

Edited Response

Representation

Target
Population

Sampling
Frame

Sample

Respondents

Post-survey
Adjustment

Survey
Statistic

Survey Statistic: The quantity
estimated in the resulting
survey data
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Survey Lifecycle

Quality Perspective
Measurement

Construct
µi

Measurement
Yi

Validity

Measurement: Yi –
the value of the
measurement

Construct Validity:
The extent to which
the measure is
related to the
underlying
construct.



Survey Lifecycle

Quality Perspective
Measurement

Construct
µi

Measurement
Yi

Validity

Response
yi

Measurement
Error

Response: yi – value
of response at
application of
measurement

Measurement error:
Yi ̸= yi

Response Bias
Et [Yit ] ̸= Yi



Survey Lifecycle

Quality Perspective
Measurement

Construct
µi

Measurement
Yi

Validity

Response
yi

Measurement
Error

Edited
Response

yip

Processing
Error

Edited Response: yip
– value of response
after editing and
processing

Processing error:
yi ̸= yip
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– mean of
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Target
Population
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Coverage
Error
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ȳa

Sampling
Error

Sample: ȳa – mean
of response in the
sample

Sampling error:
approximated using
known (non-zero)
sampling weights
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Quality Perspective
Measurement

Construct
µi

Measurement
Yi

Validity

Response
yi

Measurement
Error

Edited
Response

yip

Processing
Error

Representation

Target
Population

Ȳ

Sampling
Frame
Ȳc

Coverage
Error

Sample
ȳa

Sampling
Error

Respondents
ȳr

Nonresponse
Error

Respondents: ȳr –
mean of
measurement among
responders

Nonresponse error:
n is sample size, m
is number of
non-responders
ȳr − ȳs =

m
n
(ȳr − ȳm)
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Quality Perspective
Measurement

Construct
µi

Measurement
Yi

Validity

Response
yi

Measurement
Error

Edited
Response

yip

Processing
Error

Representation

Target
Population

Ȳ

Sampling
Frame
Ȳc

Coverage
Error

Sample
ȳa

Sampling
Error

Respondents
ȳr

Nonresponse
Error

Post-survey
Adjustment

ȳrw

Adjustment
Error

Post-survey
Adjustment: ȳrw –
mean of
measurement among
responders, with
adjustment

Adjustment error:
ȳrw − Ȳ



Survey Lifecycle

Quality Perspective
Measurement

Construct
µi

Measurement
Yi

Validity

Response
yi

Measurement
Error

Edited
Response

yip

Processing
Error

Representation

Target
Population

Ȳ

Sampling
Frame
Ȳc

Coverage
Error

Sample
ȳa

Sampling
Error

Respondents
ȳr

Nonresponse
Error

Post-survey
Adjustment

ȳrw

Adjustment
Error

Survey
Statistic

Total Survey Error:
difference between
the survey statistic
and the construct
value in the target
population.
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Representation

TOTAL POPULATION

TARGET

POPULATION

SAMPLING

FRAME

Undercoverage

Inelligible Units
Overcoverage
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Representation
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TARGET

POPULATION

SAMPLE

SAMPLING

FRAME

FINAL 

RESPONDENTS

Nonresponse
Error
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Representation

TOTAL POPULATION

TARGET

POPULATION

SAMPLE

SAMPLING

FRAME

FINAL 

RESPONDENTS

WEIGHTING

Post-survey
Adjustment

Error

Stewart (Princeton) Week 8: Designed Data March 19, 2024 17 / 58



Shadow Component: Cost

Stewart (Princeton) Week 8: Designed Data March 19, 2024 18 / 58



Shadow Component: Cost

Total Survey Error breaks into measurement and representation
but doesn’t really consider cost.
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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.
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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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1 Surveys

2 Total Survey Error Framework

3 Integrating Surveys with Other Data

4 Big Data Paradox

5 Writing Survey Questions is Difficult

6 Record Linkage
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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

dial
probability

Telephone Stand-alone

3rd era Non-probability Computer-administered Linked
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Amplified asking

Big data
source

Survey
data

Record 
linkage

Used for
research

Enriched asking

Big data
source

Survey
data

Imputed 
survey
data

Estimate
model

Used for
research

Predict

Big data
source
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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

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

Existing theories are better at predicting who will reporting
voting than who will actually vote

Ansolabehere and Hersh (2012)
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Amplified asking

Big data
source

Survey
data

Record 
linkage

Used for
research

Enriched asking

Big data
source

Survey
data

Imputed 
survey
data

Estimate
model

Used for
research

Predict

Big data
source

Note the different role of the big data in each case
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Blumenstock, Cadamuro, and On (2015)
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1 Surveys

2 Total Survey Error Framework

3 Integrating Surveys with Other Data

4 Big Data Paradox

5 Writing Survey Questions is Difficult

6 Record Linkage
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Bradley et. al 2021
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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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when there are appropriate identifiers. We’ve already seen
several projects that depend on this approach!
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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.

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)
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Linking Data Helps us Solve Problems!

●
●
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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
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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

Probabilistic Record Linkage (PRL)
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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

Probabilistic Record Linkage (PRL)
⋆ robust to typographical errors
⋆ 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 à la Fellegi-Sunter

Dataset A Dataset B

Agreement
Patterns

Human judgment PRL
Final

Dataset

manual check of
just a few cases

fit these data
to the model

Stewart (Princeton) Week 8: Designed Data March 19, 2024 50 / 58



Agreement Patterns

Two data sets: A and B

K variables in common

NA × NB pairs to be compared for each common variable k
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Agreement value in field k for a pair (i , j)
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
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Agreement Patterns

Two data sets: A and B

K variables in common

NA × NB pairs to be compared for each common variable k

Agreement value in field k for a pair (i , j)

γk(i , j) =























agree

similar

disagree

Agreement pattern γ(i , j) = {γ1(i , j), γ2(i , j), . . . , γK (i , j)}
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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
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

Step 1: Calculate a Measure of Dissimilarity

Name

First Last Age Street

1 ∈ A James Smith 35 Devereux St.

2 ∈ B James Smitj 34 Dvereuux St.

dissimilarity 0.00 0.04 1.00 0.10

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

Step 1: Calculate a Measure of Dissimilarity

Name

First Last Age Street

1 ∈ A James Smith 35 Devereux St.

2 ∈ B James Smitj 34 Dvereuux St.

dissimilarity 0.00 0.04 1.00 0.10

γ(1, 2) agree agree agree similar

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

Identical DifferentJaro-Winkler
10
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How to Build an Agreement Pattern

Step 1: Calculate a Measure of Dissimilarity

Name

First Last Age Street

1 ∈ A James Smith 35 Devereux St.

2 ∈ B James Smitj 34 Dvereuux St.

dissimilarity 0.00 0.04 1.00 0.10

γ(1, 2) agree agree agree similar

For fields such as age:

Identical DifferentAbsolute value of the difference
0
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How to Build an Agreement Pattern

Step 2: Make Comparisons Discrete

Name

First Last Age Street

1 ∈ A James Smith 35 Devereux St.

2 ∈ B James Smitj 34 Dvereuux St.

dissimilarity 0.00 0.04 1.00 0.10

γ(1, 2) agree agree agree similar

Set thresholds for each dissimilarity measure:

Identical Different
10 0.06 0.12

Jaro-Winkler

agree similar disagree
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How to Build an Agreement Pattern

Step 2: Make Comparisons Discrete

Name

First Last Age Street

1 ∈ A James Smith 35 Devereux St.

2 ∈ B James Smitj 34 Dvereuux St.

dissimilarity 0.00 0.04 1.00 0.10

γ(1, 2) agree agree agree similar

Set thresholds for each dissimilarity measure:

Identical Different
0 1 2

Absolute value of the difference

agree similar disagree
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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 γ(i , j)
γ(1, 1) disagree disagree disagree disagree

γ(1, 2) agree agree agree similar

γ(2, 1) disagree similar disagree disagree

γ(2, 2) disagree disagree disagree similar
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2 John Martin 56 Devereux St.

Data set B
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Agreement patterns γ(i , j)
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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 γ(i , j)
γ(1, 1) disagree disagree disagree disagree

γ(1, 2) agree agree agree similar

γ(2, 1) disagree similar disagree disagree

γ(2, 2) disagree disagree disagree similar

The computational bottleneck: make all these comparisons!
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Runtime Comparison

● ● ● ● ● ● ● ●
●

●

RecordLinkage (R)

Record 

 Linkage

 Toolkit (Python)

0

10

20

0 50000 100000 150000 200000
Dataset Size

T
im

e 
E

la
ps

ed
 (

H
ou

rs
)

Data sets of equal size
Variables in common: first and last name; house number, street
name and zip code; age
Stewart (Princeton) Week 8: Designed Data March 19, 2024 53 / 58



Runtime Comparison

● ● ● ● ● ● ● ●
●

●

RecordLinkage (R)

fastLink 
 Enamorado, Fifield, and Imai

 (2018)

Record 

 Linkage

 Toolkit (Python)

0

10

20

0 50000 100000 150000 200000
Dataset Size

T
im

e 
E

la
ps

ed
 (

H
ou

rs
)

Data sets of equal size
Variables in common: first and last name; house number, street
name and zip code; age
Stewart (Princeton) Week 8: Designed Data March 19, 2024 53 / 58



The Workflow for PRL à la Fellegi-Sunter

Dataset A Dataset B

Agreement
Patterns

Human judgment PRL
Final

Dataset

manual check of
just a few cases

fit these data
to the model
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The Fellegi-Sunter Model of PRL
We observe: the agreement patterns γ(i , j)

Stewart (Princeton) Week 8: Designed Data March 19, 2024 55 / 58



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

We do not observe: the matching status

M(i , j) =

{

non-match
match
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The Fellegi-Sunter Model of PRL
We observe: the agreement patterns γ(i , j)

We do not observe: the matching status

M(i , j) =

{

non-match
match

Mixture Model

M(i , j)
i.i.d.
∼ Bernoulli(λ)

γ(i , j) | M(i , j) = non-match
i.i.d.
∼ F(πNM)

γ(i , j) | M(i , j) = non-match
i.i.d.
∼ F(πM)

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!)

Ways to speed up the package through careful use of blocking.

They are always working on more improvements!
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Summary
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Summary

record linkage!

fastLink in R
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Summary

record linkage!

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, 2019.
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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”

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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