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Objective

Many federal nation-wide household surveys are increasingly being used for
state-level estimation.

The reliability of state-level estimates differs from national and domain
estimation due to lower degrees of freedom.

We explore a series of cost-effective design choices that can collectively
impact the reliability of both larger and smaller states.



Motivation 1

Pooling years from cross-sectional surveys can have diminished impact for
two-stage sample designs if the PSUs are static across years.

Many designs will fix PSU geographies for a period of ten years, followed by a
dependent sample selection that promotes selecting the same PSUs (Method

of Maximum Overlap).

When there are cost savings in moving year-to-year PSUs to adjacent areas,
the PSU Random Walk can balance independent PSUs and recruitment costs.



Motivation 2

Small Area Estimation under hierarchical Bayesian models can improve
reliability at the cost of some added model bias.

Vi =Ay; + (A -=DX;'B

Improved design variance and variance estimators can...

* reduce reliance on the synthetic SAE estimator X;' (or other predictors).

* better satisfy the SAE assumption of known sampling variances used in A(.)
* lower the overall model mean-square error of y;
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Single-Year Sample Desigh Changes

Systematic Sampling and Weighting



Single-Year Design Changes

e Systematic Sampling e Other Issues
Keep # Strata low.
Keep # PSUs high.

Proper Estimation of # Degrees of
Freedom when PSUs sizes differ.

Consider using FPC under higher first-
stage sampling rates.

- Use a continuous variable.
- Avoid “implicit stratification”.
- Consider for all stages.

* Weighting (at the State Level)
- Balance standard errors with # controls.
- Consider weight trimming with caution.
- Reweight under three-year pooled data.



Systematic Sampling of ABS Frames

While SAE can use auxiliary information on the back end for post data collection
modeling, it can also be used on the front end to improve the direct estimate.

The best sorting variable(s) will be correlated with the main survey response of interest.

- By acquired frame information (can be inaccurate).
- Sorting for spatial dispersion using serpentine labeling.
- Sorting geographies by survey information (e.g., ACS):
* Health Insurance Access
* Poverty Status
* CDC’s Social Vulnerability Index



Serpentine Labeling

Serpentine labeling maps the plane
onto the real line.

Used for labeling Census Tracts and
Blocks by Census Bureau.

Imperfect because the plane cannot be
continuously mapped onto the real line
(see Netto’s Theorem).




SAIHE County Health Insurance Access by State for Persons > 65
Source: U.S. Census Bureau public website census.gov
No adjustment for county population

SO rti ng by Cou nty Uninsured (Ul) rate x 100 (<65) state_name=Texas
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SAIHE County Health Insurance Access by State for Persons > 65
Source: U.S. Census Bureau public website census.gov
No adjustment for county population

SO rti ng by Cou nty Uninsured (Ul) rate x 100 (<65)
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Systematic Sampling Example Using SAHIE

SAHIE Informative Sampling
Systematic Sample Comparisons
State: Mississippi Sampling 8 of 80 Counties with True Rate=14.30
. type = 1 randNum type = 2 countyPopPct
Small Area Health Insurance Estimates ©PPS weun 1252 | POP e iae
. Var 0.749 Var 0.107
for each county were used in a .
simulation (n=50 for each state).
nm )
Different sort orders for selecting z | - T
. E 0 type =3_pctui type = 4 serpRank
counties were compared. ©ilns weensass | SPAIA e
Var 0.076 Var 0.299
30+
While all sample approaches were 2 —
unbiased, some samples were ol
higher/lower than the state average. 0
1|3 1‘4 1|5 1|6 1|3 llﬁl 1|5 1|6
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Weighting Procedures

1. Select the best set of weighting variables for raking controls (use ACS or Census Pop.)
- More variables reduces bias. Less variables for lower variation.

- Optimize MSE = Bias? + Variance across multiple survey outcomes.

- Estimate Bias using Bootstrap or Jackknife or consider Full Model to be Unbiased.
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1. Select the best set of weighting variables for raking controls (use ACS or Census Pop.)
- More variables reduces bias. Less variables for lower variation.

- Optimize MSE = Bias? + Variance across multiple survey outcomes.

- Estimate Bias using Bootstrap or Jackknife or consider Full Model to be Unbiased.

2. Try to not to constrict weighting to controls (e.g., Quarterly Weights).
- When combining three years of data, it is best to rerake.



Weighting Procedures

1. Select the best set of weighting variables for raking controls (use ACS or Census Pop.)
- More variables reduces bias. Less variables for lower variation.

- Optimize MSE = Bias? + Variance across multiple survey outcomes.

- Estimate Bias using Bootstrap or Jackknife or consider Full Model to be Unbiased.

2. Try to not to constrict weighting to controls (e.g., Quarterly Weights).
- When combining three years of data, it is best to rerake.

3. Be conscious of weight sizes, perform weight trimming when possible.
- Some recommend trimming any weights larger than 5 x mean weight.
- Some recommend against weight trimming.



NHIS 2021: Standard Errors with and w/o Weights

Variable: Health Insurance for Persons 18-64 years old

Takeaways:

Adding weights increased
standard errors for most
states, but reduced bias.

Some states with small
sample sizes had lower
standard errors w/ weighting.
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Raking Simulation Results

Raking Type Average Std of # Raking
Weight Weights Iterations
Annual 504,005 193,516 18
Quarterly 504,005 317,977 27.5
Annual Weighting Controls Quarterly Weighting Controls
Health Insurance Recode Health Insurance Recode
Weighted  Std Err of Weighted | Std Err of d Err of

hlthins Frequency | Frequency Wgt Freq | Percent
Private 293 70771792 7121859 67.7659
Public/65+ 162 | 58767863 4136123 | 23.3203
None/Unknown 45 22462867 | 34330266 89137
Total 500 | 252002522 4327150  100.0000

hlthins Frequency | Frequency Wagt Freq | Percent | /Percent
Private 293 170771792 8497884 | 67.7T659
Public/65+ 162 | 5BV67863 4976187 23.3203
NonefUnknown 45| 22462867 3803703 8.9137

Total 500 | 252002522 7110190  100.0000

23555
2.0457
1.4918




NHIS 2021: Weight Trimming

Variable: Health Insurance for Persons 18-64 years old

Colorado had one of the o 08 Colorada
- O
largest standard errors, 5- powyoming
despite having nearly 400
sample respondents.
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NHIS 2021: “Weight Trimming” in Colorado

Variable: Health Insurance for Persons 18-64 years old

Takeaway: Removing 5 respondents with the largest weights reduced the SE by 20%
and moved the health insurance rate closer to the ACS standard (89%) for CO.

The SAS System The SAS System
The SURVEYFREQ Procedure The SURVEYFREQ Procedure

2010 Census tabulation FIPS State code, static=08 Colorado 2010 Census tabulation FIPS State code, static=08 Colorado

Data Summary Data Summary

Number of Strata 3 Number of Strata 3
Number of Clusters 23 M i N u S 5 Number of Clusters 23
Number of Observations 587 Number of Observations 581
Sum of Weights 5051054 26 Res ponses Sum of Weights 4852734 68

Table of age64 by ins

Weighted | Std Err of Std Err of
agebd  ins Frequency  Frequency  Wgt Freq Percent

1| uninsured 53 657073 265500 15.976§ 1 uninsured M 586786 197827 x 4.2630
insured 382 3455596 313557 | 84.023 insured 379 3356594 299621
Total 435 4112669 453363 100.0000 Total 430 3943380 381253

Table of age64 by ins

Weighted | Std Err of
agebd | ins Frequency  Frequency Wgt Freq | Perce

Std Err of
Percent

Frequency Missing = 152 Frequency Missing = 151




PSU Cycling

Rotating PSUs Every Two Years




Sample Size Paradox

In a two-stage design, doubling the sample size may not improve reliability if the
PSU sample sizes are already adequate.

The SAS System
N H IS 202 1 The SURVEYFREQ Procedure

State: GA 2010 Census tabulation FIPS State code, static=13 Georgia

The SAS System
The SURVEYFREQ Procedure

2010 Census tabulation FIPS State code, static=13 Georgia

Data Summary Data Summary

Number of Strata 2 Number of Strata 2
Number of Clusters 40 Number of Clusters 40
Number of Observations 778 Number of Observations 1556
Sum of Weights T466887.97 Sum of Weights 149337759

ayle of agebd by ins dle of age6d by ins

Weighted | 5td Err of Std Err of Weighted | Std Err of Std Err of

requency | Wgt Freq | Percent| Percent

age64 ins Frequency

agebd ins Frequency Krequency Wgt Freq | Percent| Percent
1 | uninsureq 100 1102733 150321 | 19.6867 2.0741 1 | uninsuref 200 2205466 300642 19.6867 20741
insured 430 4498667 375790 80.3133 20741 insured 860 8997334 751580  80.3133 2.0741
Total 530 5601400 453037  100.0000 Total 11202800 906075 | 100.0000

Freqfency Missing = 496

Frequyéncy Missing = 248




Taylor Series Variance Estimation

All reported standard errors are based on the following formula for n PSUs:

R 1 n n
rs() = — 1W22(Wi@ - = ) WG —;rf))

=1
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Taylor Series Variance Estimation

All reported standard errors are based on the following formula for n PSUs:

n 2

R 1 N
rs() = — 1W22(Wi@ - = ) WG —;rf))
] s=1

=1

n ni n ni

e S = 3w Wi Y w5 S,
=1 j= i=1j=
2
(%)szl—l

Under normality of y; and equal-sized weights, Vr¢(¥)~

n—-1

When more than one stratum is involved, d.f. = # PSUs - # Strata (software default).




Rules for Pooling Years with SR Strata

It is common to treat Self-Reporting PSUs as Strata and create Pseudo-PSUs
from the secondary stage sampling units.

NSR PSUs: When PSUs are fixed
across multiple years, they should
not be considered independent. No
increase in degrees of freedom.

SR PSUs: The generated pseudo-
PSUs should be treated as
independent PSUs in every year in
the same separate stratum.



Rules for Pooling Years with SR Strata

It is common to treat Self-Reporting PSUs as Strata and create Pseudo-PSUs
from the secondary stage sampling units. NHIS 2021 Double Sample SE’s
(All States)

NSR PSUs: When PSUs are fixed
across multiple years, they should d
not be considered independent. No
increase in degrees of freedom.

States w/o
! SR PSUs

SE of Double Sample

SR PSUs: The generated pseudo-
PSUs should be treated as
independent PSUs in every year in
the same separate stratum.




Increased # PSUs

In a two-stage design, doubling the number of PSUs will improve reliability if the
PSU sample sizes are all adequate.

The SAS System

N H IS 202 1 The SURVEYFREQ Procedure

State: GA 2010 Census tabulation FIPS State code, static=13 Georgia

The SAS System
The SURVEYFREQ Procedure

2010 Census tabulation FIPS State code, static=13 Georgia

Data Summary Data Summary

Number of Strata 2 Number of Strata 2
Number of Clusters 40 Number of Clusters 80
Number of Observations 778 Number of Observations 15856
Sum of Weights T466887.97 Sum of Weights 149337759

Table of age64 by ins Table of age64 by ins

Weighted | Std Err of Std Err of . Weighted | 5td Err of Std Err of
agebd ins Frequency Frequency Wgt Freq | Percent| Percent ageb4 | ins e
1/ uninsured 100 1102733 150321 196867 20741 1| uninsured 200 2205466 209126 13.6867| 1.4406
insured 430 4498667 375790 80.3133  2.0741 insured 860| 8997334| 522365 80.3133) 14406

Total c30| 5601200 | 453037 | 100.0000 Total 1060 11202800 630204 100.0000

Frequency Missing = 248 Frequency Missing = 496




PSU Cycling

To save interview training and recruitment costs, some nationwide federal household
surveys will fix PSUs for a ten-year period.

At the same time, pooling three years’ worth of data is less effective for state-level
estimates in some states due to the static non-representing PSUs.

In practice, many survey interviewers work part-time and do not remain employed in
data collection services over a full ten-year period.

Changing PSUs every year is prohibitive. Yet large inferential gains can still be made if a
PSU tenure is set to two years and if half the sampled PSUs are rotated every year.



PSU Cycling: Computing the Degrees of Freedom

In the NHIS 2020 sample design, NSR PSUs will be rotated every two years.

After a burn-in period, only half the PSUs will be rotated every year to maximize the
number of PSUs in three-year pooled datasets.

Coupled with the Pseudo-PSUs, this causes even more discrepancies in the PSU sample
sizes within states, requiring a Satterthwaite approximation to the effective df.



PSU Cycling: Computing the Degrees of Freedom

In the NHIS 2020 sample design, NSR PSUs will be rotated every two years.

After a burn-in period, only half the PSUs will be rotated every year to maximize the
number of PSUs in three-year pooled datasets.

Coupled with the Pseudo-PSUs, this causes even more discrepancies in the PSU sample
sizes within states, requiring a Satterthwaite approximation to the effective df.

L 212 ; : th
df _ (thl nhah) For L strata with ny, PSUs in the?
eff < n%z > i stratum and stratum variance oy,

L _h_
h=1\n, -1 On



PSU Random Walk

Moving PSUs to Adjacent Areas



PSU Random Walk

The ideal situation is to always sample PSUs independently as in PSU Cycling.

However, there can be cases where extra clustering can be used to keep sampled PSUs
nearby. Some practitioners are willing to keep the same PSU in place (overlap).

Traditional stratification based on geography can reduce the degrees of freedom. The
reduction is lower under the PSU Random Walk.

We develop a sampling methodology that defines advantageous conditional
probabilities of selection while preserving the appropriate unconditional probabilities of

selection.



PSU Random Walk Implementation

Step 1. Initially select each PSU independently and without replacement based on the
relative measure of size as the probability of selection (POS).

Step 2. Determine the transition, or next step, probabilities of selection that move the
active PSUs to an adjacent PSU. This is done in such a way as to preserve the original, or
unconditional, probabilities of selection.

Step 3. Iterate each PSU according to the adjacent conditional probabilities of selection.
If any two PSUs overlap, continue the iterative sequence on as many PSUs as needed
until a without replacement sample is achieved.



Research Problem
o

Suppose there are n PSUs. Let t = p:z denote the vector of probabilities of selection.

| Pn |

We must find a nontrivial n X n matrix A # I such that the following hold:

t'A=1t'
0< AUS].V].Sl,]Sn

n
=1

J




The Probability Transition Matrix

Any matrix satisfying those conditions is called a probability transition matrix. We also
add the requirement that 4;; = 0.

- This requirement states that the random walk cannot stay in the same PSU and must
transition to another geographical area with each iteration.

- It also means that det(4) = 0 and that A is a singular matrix.



The Probability Transition Matrix

Any matrix satisfying those conditions is called a probability transition matrix. We also
add the requirement that 4;; = 0.

- This requirement states that the random walk cannot stay in the same PSU and must
transition to another geographical area with each iteration.

- It also means that det(4) = 0 and that 4 is a singular matrix.

It is not clear how to find such a matrix, in general, if one even exists for a given
topology and vector t. Matrix problems usually have the form Ax = b, solve for x.

Since the PSU Random Walk will have a flnlte state space and because every state
communicates, we expecttosee lim A" = [t’, t’, t/,..,t"]

n—00



Finding the Probability Transition Matrix

Numerical methods may be used to find suitable matrices that satisfy the conditions.

An objective function is required. The objective function should attempt to minimize the
design-based variance of the survey estimator.

Minimize Cov(1;,1;), where 1; is the event that the it" PSU is selected.

Suitable bounds should be placed on the matrix entries to reduce variance.



Example: 3 X 3 Square

Suppose there are nine PSUs arranged in a 3 X 3 grid with varying probabilities of

selection. How to find a probability transition matrix?

PSU Topology

A B C

Al 2 3
(A,A) (A,B) (A,C)

B | 4 5 6
(B,A) (B,B) (B,C)

c 7 8 9
(C,A) (C,B) (C,C)

q

2

3

4

PSU MOS

A B C
A 1
B 2
c 005 0.05 0.05

0175

0.150

0.125

0.100

0.075
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Example: 3 X 3 Square Solution

A linear programming algorithm was used to solve for the matrix with constraints:

0.075 < A;; < 0.5, t'A=t",and X", A;; = 1V i.

Transition Matrix PSU MOS
1 2 3 4 5 6 7 8 9

1
1 0.00 0.00 0.00 0.00 0.00 000 A
2 0.00 0.08 o008 0.00 0.00 0.00
04 0175
3 o000 o008 0.00 0.00 0.00 0.00 0.00
2 0.150
4 0.08 0.00 0.00 o008 0.00 o.08 0.00 0.3 B
8 0.08 0.12 o.08 0.00 0.08 0.08 0.08 oo8 0125
[} 000 008 0.00 0.00 0.00 0.08 0.10 02
3
C 005 0.05 0.05 0.100
7 0.00 0.00 0.00 0.00 0.00 0.00
01
] oo0 0.00 0.00 o.08 o008 000
0.075
'
1 2 3 .

9 0.00 0.00 0.00 0.00 0.00 0.08 0.00

1 2 3 4 5 ] 7 8 e




Example: 3 X 3 Maximum Overlap Solution

Some practitioners advocate for conditional probabilities that promote staying in the
same PSU no matter the POS. Permanent random numbers are used to preserve POS.

Transition Matrix PSU MOS
1 2 3 4 5 6 7 8 9

1
I 0.08 0.08 0.08 0.08 0.08 0.08 006 A
J 0.08 0.08 0.08 0.08 0.08 0.6
0175
04
008 I D.08 D.08 0.08 0.08 008
B . 0.150
0.08 0.08 | 0.08 0.08 0.08 0.08 008
0.3
0.08 0.08 0.08 I D.0e 0.08 0.08 o.oe . 0125
008 0.08 008 008 1 0.08 0.08 008 4
o C | 0.05 0.05 0.05 0100
o008 0.00 0.08 o.08 0.08 ] ! o0.ge
D08 0.08 (e ) o.08 0.08 0.08 i d 0.075
{~0.1 N
1 2 3 4 N

-

r

=

~

OO0 NOOULLE, WN -

o.08 0.08 0.08 0.08 0.08 D.08

1 2 3 4 5 ] 7 8 e



Example: Transition Matrix A

1 2 3 4 5 6 7 8 9
0 0.366667 0 0.325 |0.308333 0 0 0 0

0.15 0 0.5 0.075 0.075 0.2 0 0 0
0 0.075 0 0 0.425 0.5 0 0 0
0.5 0.075 0 0 0.075 0 0.275 0.075 0

0.425 0.075 0.125 0.075 0 0.075 0.075 0.075 0.075
0 0.075 0.5 0 0.25 0 0 0.075 0.1
0 0 0 0.5 0.25 0 0 0.25 0
0 0 0 0.075 0.075 0.3 0.15 0 04
0 0 0 0 0.425 0.5 0 0.075 0

W 00 N o v &~ W N




Example: 3 X 3 Square POS Computation

POS Computation for Cell 1

ZP(Xk+1: 1|1Xx = DP (X = i) :Z:Ailpi = Ay1p2 + Ag1ps + As1Ds

= 0.15*%0.1 +0.5* 0.1 + 0.425 % 0.2

= 0.15




Examplle: A
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Examplle: A
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Examplle: A
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0.184948

0.143358

0.056244

0.051110

0.051705

0.144555

0.102078

0.146481

0.102650

0.204441

0.152432

0.048258

0.049595

0.049509

0.159272

0.096046

0.160000

0.094538

0.191681

0.143719

0.052292

0.051161

0.051291




Examplle: A
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2

3

4

5

6

7

8

9

0.150881

0.099637

0.150692

0.099513

0.199265

0.149584

0.050258

0.050074

0.050097

0.149630

0.100152

0.149701

0.100202

0.200311

0.150186

0.049893

0.049967

0.049959

0.150542

0.099776

0.150445

0.099701

0.199543

0.149727

0.050156

0.050049

0.050061

0.149123

0.100364

0.149316

0.100490

0.200728

0.150402

0.049744

0.049929

0.049904

0.149386

0.100254

0.149515

0.100341

0.200512

0.150290

0.049821

0.049949

0.049932

0.149823

0.100071

0.149847

0.100093

0.200152

0.150103

0.049950

0.049981

0.049980

0.150957

0.099605

0.150739

0.099472

0.199205

0.149558

0.050281

0.05007/8

0.050104

0.149723

0.100114

0.149783

0.100152

0.200231

0.150131

0.049919

0.049977

0.049970

0.150532

0.099781

0.150436

0.099706

0.199552

0.149733

0.050153

0.050048

0.050060




Examplle: A
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7

8
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0.150047

0.099981

0.150037

0.099974

0.199961

0.149977

0.050014

0.050004

0.050005

0.149980

0.100008

0.149984

0.100011

0.200017

0.150010

0.049994

0.049998

0.049998

0.150029

0.099988

0.150023

0.099984

0.199976

0.149986

0.050008

0.050002

0.050003

0.149953

0.100019

0.149963

0.100026

0.200039

0.150022

0.049986

0.049996

0.049995

0.149967

0.100014

0.149974

0.100018

0.200027

0.150016

0.049990

0.049997

0.049996

0.149990

0.100004

0.149992

0.100005

0.200008

0.150005

0.049997

0.049999

0.049999

0.150051

0.099979

0.150040

0.099972

0.199957

0.149976

0.050015

0.050004

0.050006

0.149985

0.100006

0.149988

0.100008

0.200012

0.150007

0.049996

0.049999

0.049998

0.150029

0.099988

0.150023

0.099984

0.199976

0.149986

0.050008

0.050002

0.050003




Example: 3 X 3 Square Limiting Distribution

A4-8
1 2 3 4 5 6 7 8 9 PSU POS
015 01 015 01 02 015 005 005 005 A B C

015 0.1 015 0.1 02 0.15 0.05 0.05 0.05
015 0.1 015 01 02 015 0.05 0.05 0.05
015 0.1 015 0.1 02 0.15 0.05 0.05 0.05
015 01 015 01 02 0.15 005 0.05 0.05
015 01 015 01 02 015 005 005 005
015 01 015 01 02 015 005 0.05 005
015 01 015 01 02 015 005 0.05 005 por
015 01 015 01 02 0.15 005 0.05 0.05 L

0175

0.150

0.125

0.100




How to adjust the degrees of freedom?

Dependent PSUs. Since the PSUs selected within the same PSU Random Walk
are correlated, we should not treat them as if they were sampled
independently. The transition matrix should optimize the sample variance

We propose the following adjustment to the degrees of freedom to account
for this relationship for each PSU pairing in a three-year pool.

# PSUs =2 — Corr(1; 1)



Recap

Systematic sampling can obtain a more representative sample w/o adding more degrees
of freedom under multiple contexts: spatially or w.r.t. a highly correlated frame variable.

Survey practitioners should be cognizant of the overall bias-variance tradeoff when
- adding variables to weighting models

- correcting for non-response bias

- weighting trimming and other adjustments

Alternative first and second stage sampling methods can be used to improve reliability
without adding prohibitive costs.
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Thank you!

For more information, contact CDC
1-800-CDC-INFO (232-4636)
TTY: 1-888-232-6348 www.cdc.gov

The findings and conclusions in this report are those of the authors and do not necessarily represent the official
position of the Centers for Disease Control and Prevention.
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