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Intro to Weighting
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Figure 2.5 Survey life cycle from a quality perspective.



Two Types of Nonresponse

1) Unit Nonresponse

weighting

2) Item Nonresponse

imputation



Results of Nonresponse:

1) Missing Completely At Random
(MCAR)

2) Missing At Random (MAR)
3) Not Missing At Random (NMAR)



Missing Completely at Random (MCAR)

no weighting necessary

Missing at Random (MAR)

weighting can eliminate nonresponse bias

Not Missing at Random (NMAR)

weighting cannot eliminate nonresponse bias

Donald Rubin’s terminology



Weighting can help correct for:

* Sampling error
* Nonresponse error

* Sometimes not coverage error



General Principles of Weighting

1) In general, weights are
proportional to respondents’
inverse probability of selection
into the sample



General Principles of Weighting

2) Weights are used for calculating a
weighted average (or proportion)

D=1 WiX;

X —
n
i=1 Wi



General Principles of Weighting

3) Weights have the same effect if
you multiply all of them by a
constant



General Principles of Weighting

4) You can combine multiple weights
my multiplying them together.



General Principles of Weighting

4) You can combine multiple weights
my multiplying them together.

W, X W, XWa X W, = Overall Weight



General Principles of Weighting

5) Some people limit the bounds of
their final weights (or in any
preliminary stage)

Trimming very large weights increases efficiency but
creates bias

If range is too small, weights will tend to amass at the
bounds



2 Types of Weights

1) Design Weights

2) Calibration Weights

(post-stratification or raking)



Design Weights

* Unequal selection probabilities



Calibration Weights

* sampling error (unequal selection
probabilities)

* nonresponse errot

* coverage error (undercoverage)



Calibration Weights

* Require a benchmark



Design Weights

7. 1s the probability of selection for
person 1.

Design weight: d, = =

L3



Design weight: d, = =

T

Interpretation: d; represents
number of elements that sample
unit 1 represents in the population



Design weight: d, = =

L3

The weighted average (or
proportion) of variable y is f;,:

7 = 1il=1 diyi
y =t
i=1 di



)= —_—
i=1d;

Howvitz Thompson Estimator

* Mean or proportion based on design weights only
* “the ™ method”

* “expansion estimator”



Horvitz, D. G. and D. J. Thompson. 1952. “A
Generalization of Sampling Without Replacement
From a Finite Universe.” Journal of the American
Statistical Association 47 (260): 663-685.



)= —_—
i=1d;

Howvitz Thompson Estimator

* Unbiased and consistent estimate (if no
nonresponse or nhonsampling bias)



)= —_—
i=1d;

Howvitz Thompson Estimator

e Efficient if:

* Correlation between Tt and y is positive and linear

* Variance of 7;'s is not large



Design weight: d, = =

T

In simple random sample:

7Ty = for all i

1 N .
di: 7=;fora111
N



In simple random sampling, all the
d/’s are equal and can be ignored



Design weight: d; = 2

Ly

In cluster sampling,

where 1 is the respondent and h is
the cluster



Design weight: d; = ni

If one stratum:

- np(cluster units picked)

n. —
' Ny(total # of clusters)
Nhp

=

d;



If 2 levels of clusters:

1 1
di=—><

T T

where the ith petrson is in the
cluster h



For instance, the first term is the total # of
schools over the # of schools selected

And the second term is the # of classes in the
school over the # of classes in that school

picked.



This can be generalized to many layers of
clusters

(add in a selection process within the
classroom)



For student 1:

In her state, you sampled 15 out of 525 high
schools.

In her high school, you sampled 4 out of 16
home rooms.

In her home room, you sampled 14 out of 28
students.



525 16 28
di — —

15 4 14

d; =35X4 X2
d; =280



What if just one level of sampling,
but multiple sample frames
within 1t?

(i.e., stratified sampling)



Phone poll of VA (adult pop, 6.535m)

2.255m cell phone only
2.978m cell and landline
1.129m landline only

.173m no phone (undercoverage)



Phone poll of VA (adult pop, 6.535m)

Sample:
2,000 valid cell phone numbers

1,000 valid landline numbers



Probability of selecting any single
phone number:

0.002

e cell: > 2e512978 0.000382

e landline: —21 _ _ 0.000244
1.129+2.978

+ both: 0.093 = 0.000472

1.129+2.255+2.978



Weights:
1
Cell only: = 2616.5
0.000382
: 1
Landline only: = 4098

0.000244



Weights:

1

Cell and landline: 0000472 = 2118.6




Weights:

d, for all cell only: 2616.5
d, for all landline only: 4098
d, for all cell and landline: 2118.6



These weights do not account
for any:

* nonresponse

* undercoverage



y =
i=1d;

Howvitz Thompson Estimator

e Unbiased and consistent



y =
i=1d;

Howvitz Thompson Estimator

» Efficiency depends on the variance in 7;'s and the
correlation between 7 and y.
* Can be inefficient if:

» The correlation between 1T and y is small, or

» the variance of the m;'s is large



Design Weights

(Howvitz Thompson)

* unequal selection probabilities

Calibration Weights

* unequal selection probabilities
* undercoverage

* nonresponse



Calibration Weights

° Requires a benchmark (e.g., Decennial
Census, American Community Survey, Current
Population Survey)



Calibration Weights

3 methods:

1) Stratification (raking with 1
variable)

2) Raking with multiple variables

3) Inverse propensity score
weighting



Reasons For Using
Calibration Weights

1) Force certain survey estimates to
match population quantities

2) Reduce nonresponse errors and
coverage errots

3) Improve estimate precision (i.e.,
improve efficiency)



If after applying Design Weights
(Howvitz Thompson), key variables
don’t match benchmark distributions,
add calibration weights to make sample
match benchmark.

X W.

1Calibration

W = Overall Weight

iDesign



1) Simple Stratification

» Post-Stratification Estimator
> “Hajek Estimator” (Hajek, 1971)



Hajek Estimator

When the population proportions are
known, we can require the sample
proportions to match the population
proportions

_ N
W; = =<—
Nj’n



_N;
Wi A
N]-,,T

N; is % in category j in benchmark

P

N 1is % in category j using only design weights



% In % In Your Weight
Benchmark Data Before
Calibration
4-Year College 21% 36% 21/36= .583
Some College 31% 30% 31/30=1.033
High School 34% 29% 34/29=1.172
Less than High 14% 5% 14/5=2.800

School




Hajek Estimator

If you have too many categories (many
N.’s are 0, reduce the number of post-
strata (categories)



2) Raking (with 2 Variables)

Deming, J.C. and C.E. Stephan. 1940. “On The Least Squares Adjustment of the Sampled
Frequency Table When The Expected Marginal Totals Are Known.” Annals of Mathematical
Statistics. 11: 427-444.



1 2 Population
Margins
1 20
2 40
Population | 40 20

Margins




1 2 Sample
Margins
1 10 20 30
2 20 10 30
Sample 30 30

Margins

x (20/30)=20

X (40/30)=40



1 2 Sample

Margins
1 6.7 13.3 20
2 26.7 13.3 40
Sample 33.3 26.7
Margins

X (40/33.3) X (20/26.7)




1 2 Sample
Margins
1 8 10 18
2 32 10 42
Sample 40 20 60

Margins

x (20/18)

X (40/18)



1 2 Sample
Margins
1 8.9 11.1 20
2 30.5 9.5 40
Sample 39.4 20.6 60
Margins

After 3 Iterations




1 2 Sample
Margins
1 9 10.8 19.8
2 30.8 9.2 39.3
Sample 40 20 60
Margins

After 4 Iterations




1 2 Sample
Margins
1 9.1 10.9 20
2 30.8 9.2 40
Sample 39.9 20.1 60
Margins

After 5 Iterations




1 2 Sample
Margins
1 91 10.8 20
2 30.9 9.2 40
Sample 40 20 60
Margins

After 6 Iterations




Weight estimates after 6 iterations:
—Cell 1,1: 9.1
_ Cell 1,2: 10.8
— Cell 2,1: 30.9
—Cell 2,2: 9.2

Raking Ratios:

— These are the benchmarks in each cell for
the weights to match.



_N;
Wi A
Nj,n

N;  is the raking ratio in cell j

N jm 18 #in cell j using only design weights



Raking with more than 2 variables:

“oeneralized raking”

* Equivalent to modeling with probabilities with an
exponential (logorithmic) function

Deville, J.C., C.E. Sarndal, and O. Sautory. 1993. “Generalized Raking Procedure in Survey Sampling.” Journal of the
American Statistical Association. 88: 1013-1020.
and

Deville, J.C., and C.E. Sarndal. 1992. Calibration Estimators in Survey Sampling.” Journal of the American Statistical
Association. 87: 376-382.



3) Inverse propensity scotre
weighting



1
Wi:;i

.xk)
X3 ...
f(xl y X2

;=

re

Whe



Function could take many shapes:

Linear (OLS)

> “oeneralized reoression estimation” (GREG
g g

Sarndal, C.E., B. Swensson, and J. Wretman. 1992. Model Assisted Survey Sampling. New York: Springer-
Verlag. Chapter 6.



Function could take many shapes:

Exponential



Function could take many shapes:

Logistic (logit) or cumulative
normal (pobit)



Benchmark Surveys

Decennial Census

American Community Sutvey
(250,000 addresses monthly)

Current Population Survey
(60,000 households per month — rolling panel design)



American Community Survey

e Full dataset available:

* the PUMS Data Archive (https://www.census.gov/programs-
surveys/acs/data/pums.html )

* or at a Census Bureau Research Data Center (RDC) (like
Georgetown RDC in the McCourt School):

https:/ /www.census.gov/about/adrm /fsrdc/locations.html

* Public Use Microdata Sample available at
https:/ /www.census.gov/programs-surveys/acs/



https://www.census.gov/programs-surveys/acs/data/pums.html
https://www.census.gov/about/adrm/fsrdc/locations.html
https://www.census.gov/programs-surveys/acs/

You estimate of the predicted probability
of inclusion in the sample is your T;.

Plug your Tt; into the weight equation:



\\4 X W.

1Calibration

iDesign = Overall Weight



Weighting Packages

* In R, the “Survey” package

— A good book is: Complex Surveys: A Guide to Analysis
Using R 1st Edition by Thomas Lumley

* In Stata, lots of packages, including “ipfraking”



Basic Types of Mode:

e In-Person
e Phone

e Human interviewer

e FElectronic interviewer
e Mail

e Internet



* Sampling method and interview mode are
different

* The “mode” usually refers to the interview

mode



Mixed Mode

1. One mode for some respondents, another for others, for example:
« telephone survey, with FTF component for those without telephones
» mail survey with Web response option

2. One mode for recruitment, another for survey administration, for example:
» mail invitation for Web survey
« telephone recruitment for IVR survey

3. One mode for data collection, another for reminders or follow-up, for example:
» telephone reminders for mail or Web survey

4. One mode for one wave of a panel survey, another for others, for example:
« first wave of panel is FTF, subsequent waves by telephone or mail

5. One mode for main part of the interview, another mode for some subset of items

for example:
« audio-CASI for sensitive items

Figure 5.5 Five different types of mixed mode designs.



Nonprobability Samples for Internet Panels

* No Sampling Frame
* No probability sampling

http:/ /www.pewresearch.org/2016/05/02/evaluating-online-nonprobability-surveys

http://www.pewresearch.org/fact-tank/2016/05/02/g-a-online-nonprobability-polls /



http://www.pewresearch.org/2016/05/02/evaluating-online-nonprobability-surveys/
http://www.pewresearch.org/fact-tank/2016/05/02/q-a-online-nonprobability-polls/

Nonprobability Samples for Internet Panels

Various Methods for
— recruit participants
— select samples
— survey mode

— calibration weighting methods

http:/ /www.pewresearch.ore/2016/05/02/variation-in-online-nonprobability-survey-desion



http://www.pewresearch.org/2016/05/02/variation-in-online-nonprobability-survey-design/

Nonprobability Samples for Internet Panels

Often:
— double opt-in

— compensated by cash, “points,” or in-kind

-/ /www.pewresearch.org/2016/05 variation-in-online-nonprobability-survey-desion



http://www.pewresearch.org/2016/05/02/variation-in-online-nonprobability-survey-design/

NO. OF AVG.
POLLSTER METHODOLOGY POLLS ERROR BIAS
ABC
News/Washington  Live 5 1.7 R+0.9
Post
Cygnal IVR/Online/Live 9 2.5 D+1.9
Mason-Dixon
Polling & Research  Live 7 2.8 R+1.0
Inc.
Monmouth Live 9 3.1 R+l.7
University
Suffolk University Live 7 2.7 R+1.3
Research Co. Online 20 3.8 R+1.1
Mitchell Research & /0 /e 6 2.5  R+0.9
Communications
Siena College/New | .
York Times Upshot Live 41 3.6 R+l.3
Emerson College IVR/Online 66 4.2 R+0.5
Marist College Live 13 4. 4 D+2.7
Landmark IVR/Online/Live 5 4.1  D+3.9
Communications
YouGov Online 12 3.1 R+1.7
SurveyUSA IVR/Online/Live 13 4.1 R+0.7
Gravis Marketing IVR/Online/Live 25 3.8 D+0.6
Harris Insights & (o 34 3.7 R+0.2

Analytics

https://fivethirtyeight.com/features /the-state-of-the-polls-2019 /

82


https://fivethirtyeight.com/features/the-state-of-the-polls-2019/

Vox Populi Polling IVR/Online 7 4.5 D+3.6

St. Pete Polls IVR 10 2.3 D+1.7
Fox

News/Anderson

Robbins Live 10 4.1 D+2.7
Research/Shaw &

Co. Research

Remington .

Research Group IVR/Live 5 4.1 D+3.1
Change Research Online 57 5.5 D+1.5
Quinnipiac Live 13 4.3 D+2.7
University

IMC Analytics/Bold ;o 5 6.7 | R+5.5
Blue Campaigns

SSRS Live 11 5.2 D+4.3
Optimus IVR/Online/Live/Text 5 6.8

Strateglc Research Live 5 5 D+1.9
Associates

Susquehanna

Polling & Research  IVR/Live 6 8.6

Inc.

Trafalgar Group IVR/Online/Live 21 4.6 R+1.9
Ipsos Online 10 5.3 R+3.0
Rasmussen

Reports/Pulse IVR/Online 5 6.1 R+5.8

Opinion Research

https:/ /fivethirtyeight.com /features /the-state-of-the-polls-2019 /


https://fivethirtyeight.com/features/the-state-of-the-polls-2019/

Nonprobability Samples for Internet Panels

Generalizations

— The most accurate have complicated calibration
weighting methods

— Worst results for race/ethnic subsamples

http:/ /www.pewresearch.oreo/2016/05/02/evaluating-online-nonprobability-surveys



http://www.pewresearch.org/2016/05/02/evaluating-online-nonprobability-surveys/

Compare with benchmarks from the
Current Population Survey

(plus % drivers licenses)

http:/ /www.pewresearch.org/files/2016/04/Appendix-D-Benchmarks.pdf



http://www.pewresearch.org/files/2016/04/Appendix-D-Benchmarks.pdf

Notable differences in data quality across online samples

Average estimated bias in benchmarking analysis ...

Values for each sample represent the average of the absolute differences
between the population benchmarks and weighted sample estimates

.. onall 20
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http://www.pewresearch.org/2016/05/02/evaluating-online-nonprobability-surveys/

v v v v v v 0O

Gov =

)]

£ SOLUTIONS

W™ TAKE PART = SEE RESULTS

Pew Research: YouGov consistently
outperforms competitors on
accuracy

AP \ack> " ouleon
ggt\ﬂ"“‘ Y egnted g 8‘“°ngbmcs four O
e n 52 C0 cnmark oni2 and HisP?
or€ won
LA c on-eV
ath on 8 €W non nmarks =
o all 20 e wi
o
nehind'

Last week, the Pew Research Center released a report "Evaluating Online Nonprobability
Surveys,” co-authored by Courtney Kennedy and six of her Pew colleagues. The study
was released a few weeks before the annual American Association for Public Opinion
Research (AAPOR) conference and attracted quite a bit of interest in the survey
community. Pew is unique in having the resources and inclination to do careful

methodological studies like this. The study is a model of careful design and judicious
interpretation.

https://todav.yougov.com/news/2016/05/13 /pew-research-yougov/
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Online samples tend to display a distinct socioeconomic profile
Weighted % of adults in online samples that belong to each category compared to federal benchmarks

Received unemployment compensation

Children in household

BENCHMARK

...........................

Source: 2015 Current Population Survey Annual Socialand Economic Supplement; 2014 American Community Survey; Pew Research Center
analysis of nine online nonprobability samples and the Center's American Trends Paneldata. See Appendix A for details.

“Evaluating Online Nonprobability Surveys.”



http://www.pewresearch.org/2016/05/02/evaluating-online-nonprobability-surveys/

Estimates for Hispanics and blacks show the largest
biases of all major subgroups

Average absolute bias of weighted survey estimates from federal benchmarks
by race and Hispanic ethnicity

Hispanic Non-Hispanic black Non-Hispanic white

(Average
20% estimated - o rrerrer ettt te e re e te et se e s e e e
blas)

168

15 «««-

37138

10 ++++ g B
84

I HFBAPGECAD | HFBAPGECAD I HFBAPGECAD

Note: Estimate exclude the driver's license benchmark which is not available for subgroups.
See Appendix D for details on individual benchmark items.



http://www.pewresearch.org/2016/05/02/evaluating-online-nonprobability-surveys/

Probability Samples for Internet Panels

* Phone or address sampling



Internet Panels With Probability Sampling in
the U.S.

* Ipsos (KnowledgePanel)

* RAND (American Life Panel)

* USC (Understanding America Study)
* NORC (AmeriSpeak)

* Gallup (Gallup Panel)

* Pew (American Trends Panel)



Ipsos Knowledge Panel (60,000 adults)

— Address-based sampling
— Contacted by mail and phone

— Paid in cash, plus tablets and internet



Pew America Trends Panel

— RDD Sample Jan-March 2014 landline and cell in English
and Spanish

— Response rate:
* 11.2% for the landline

* 9.8% for cell
— At end of survey, 9,808 invited into panel

https:/ www.pewresearch.org/methods/2015/04/08/methods-2
http:/ /www.people-press.org 2014/06/12/about-the-surveys-25



https://www.pewresearch.org/methods/2015/04/08/methods-2/
http://www.people-press.org/2014/06/12/about-the-surveys-25/

Pew America Trends Panel

— 5,338 (53% agree to join)
* 43% responded to at least one wave in 2014
* 33% responded to at least five waves

* 20% responded to all waves.

https://www.pewresearch.org/methods/2015/04/08 /methods-2


https://www.pewresearch.org/methods/2015/04/08/methods-2/

Pew America Trends Panel

— 12% surveyed by mail, the rest online
— $10 to joint and $5 per survey
— Every 2-3 months

— New samples added (now through mail sampling)

http: \xmwpewresearch.org/ 2015/04/08/methods-2



http://www.pewresearch.org/2015/04/08/methods-2/

Pew America Trends Panel

Panel Recruitment

9,809 invited to panel
4,180 (78%) 597 561 4,471
Provided ... email address and mailing address . only ...only

email mailing
5,338 (54%) agreed to join

Source: 2014 Political Polarnzation and TypologySurve)

PEW RESEARCH CENTER

http://www.pewresearch.org/2015/04/08/methods-2/



http://www.pewresearch.org/2015/04/08/methods-2/

