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Introduction

Introduction

Non-probability samples Probability samples

Less expensive
Quick, convenient Representativeness
Often more detailed info Inference for population

Large sample sizes

? Self-selection ? Cost

? Biased estimates

Methods for improving inference from non-probability samples
o Superpopulation modeling approach (Elliott and Valliant, 2017)
o Mass imputation (Yang and Kim, 2020), ...

o Propensity-score-based methods
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Introduction

Propensity-Score-Based Methods

o Inverse Propensity Score Weighting (IPSW)

o Use inverse of propensity score (PS) for constructing pseudo-weights
o Sensitive to model misspecification, extreme pseudo-weights

o Propensity Score Adjustment by Subclassification (PSAS)

o Use PS as a similarity measure and distribute survey weights equally within subclasses
o Less variable estimates, but can be ineffective at bias reduction

o Kernel Weighting (KW, Wang et al. 2020)

o Distribute survey weights fractionally to non-probability sample units
o Effective bias reduction while controlling variance

— Further improve the KW method by pairing it with Machine/Statistical Learning?
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Introduction

Setting and Notation

Target finite population FP with size N, i € (1,...,N)
Probability sample (s, C FP) Non-probability sample (sn, C FP)

Selection indicator: 55”)(: Lifi € sp) 5fnp)(: Lif i € spp)
Inclusion probability: 7 = P(i € s, | FP) | 71; = P(i € spp | FP)

Combined sample: s, U s

o Outcome variable of interest y;

o Vector of covariates x;

o Indicator of non-probability sample membership: R; = 1fori € s,,,0fori € s,
o Propensity score: p(xj) = P(i € spp | Sp U Spp, X;)
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Introduction

Assumptions

Al. The sample selection is uncorrelated with the variable of interest given the covariates, i.e.
ml™ = Enp(0™ | y1,x1) = Eno(3}™ | x;) and

7P = E,(6%P) | yi,xi) = Ep(6P) | x;) for i € FP

— Exchangeability

A2. All finite population units have positive inclusion probabilities, i.e.
7r,f7p>Oand7r,’-’>0fori€FP
— Common support
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KW-ML

KW-ML: Step 1

@ Estimating propensity scores with Machine Learning (ML) methods

Model-Based Recursive Partitioning (MOB)
o Combines parametric modeling with decision trees (Zeileis et al., 2008)
o A set of local GLMs with group-specific coefficients
Conditional Random Forests (CRF)
o Grows Conditional Inference Trees on subsampled data (Strobl et al., 2007)
o A (large) collection of CTREEs
Gradient Tree Boosting (GBM)

o Sum-of-trees approach (Friedman et al., 2000)
o Combines decision trees that are grown in sequence

Model-Based Boosting (MBoost)

o Boosts small parametric models (Buehlmann and Hothorn, 2007)
o Base learners can be non-linear, non-additive
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KW-ML

KW-ML: Step 1

o Hyperparameter tuning for propensity score estimation

The KW-ML tuning objective is to optimize covariate balance between the probability (p)
and the nonprobability (np) sample:

where X and o2 are the sample mean and variance,
. . 2 _ = - 2 _ = -
and for binary covariates o7, = Xnp(1 — Xnp), 05 = Xp(1 — Xp).
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KW-ML

KW-ML: Step 2

@ Constructing pseudo-weights using the KW method based on ML propensity scores

K (P(Xi);P(XJ))
wi=> d i
where p(x;) — p(x;) measures similarity of j € s,, and i € sp,
d; is the sample weight of / € sp, and
K(-) is an arbitrary kernel function with bandwidth h.

for j € spp

The KW-ML estimate of the population mean is

yKW=ML _ Zwijth ZW

J ESnp J€snp
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Simulation Studies

Simulation Setup

@ Finite population of size N = 100, 000
o Four confounders, Xi,..., Xy, predictive of outcome variable and sample selection

o X{,...,X; generated by categorizing Xi,...,Xs
o X{™,...,X;* based on linear combinations of X and Y

o Three design variables, Xz, X5, X7, predictive of sample selection only
o Three outcome predictors, Xg, Xq, X109, predictive of outcome variable only
o Dichotomous outcome variable generated by a Bernoulli distribution

1= {1+ exp(—y"X)}

@ Probability proportional to size design to assemble the probability and nonprobability
sample (np, npp = 5,000)
o Measure of sizes: g? for s, and q® for s,,
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Simulation Setup

Simulation Studies

Table 1: Scenarios for probability and nonprobability sample selection

Level of

Non-Additivity Non-Linearity Misspecifying Variables
Scenario A 0 (additive) 0 (linear) 0 (none)
Scenario B 0 (additive) 1 (moderate) 0 (none)
Scenario C 1 (moderate) 0 (linear) 0 (none)
Scenario D 1 (moderate) 1 (moderate) 0 (none)
Scenario E 2 (strong) 2 (strong) 0 (none)
Scenario F 0 (additive) 0 (linear) 1 (moderate)
Scenario G 0 (additive) 0 (linear) 2 (strong'™)
. Mis-specifying X[y, Xy by x1,..0,xa
1. Mis-specifying X;* X" by X, X
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Simulation Studies

Simulation Setup

o Weighting methods

KW-true: True propensity model

KW-main: Logistic regression, main effects

KW-pairwise: Logistic regression, main effects and interactions

KW-CBPS: Covariate balancing propensity scores (Imai and Ratkovic, 2014)
KW-ML: KW-MOB, KW-CRF, KW-GBM, KW-MBoost

IPSW-main, IPSW-pairwise

o Analytical Statistic _
Estimate of prevalence Y, true Y = 0.184

© 0 0 0 0 o

o Criteria

Relative bias, empirical variance, mean squared error (MSE), CV of weights, averaged
SMD
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Simulation Results: KW-LG, KW-CBPS

Figure 1: Boxplots of estimates of finite population prevalence from 1,000 simulation runs
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Simulation Results: KW-ML

Figure 2: Boxplots of estimates of finite population prevalence from 1,000 simulation runs
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Simulation Studies

Simulation Results

Table 2: Mean Squared Error (x10*) of estimates from 1,000 simulation runs

KW-LG KW- KW-ML

Scenario True Main Pairwise CBPS MOB CRF GBM MBoost
A (A0, LO, VO) 0.58 0.58 0.53 0.61 057 178 0.52 0.52

B (A0, L1, VO) 1.25 1.75 0.88 1.62 1.50 0.73 0.75 0.70
C (AL, LO,VO) 0.75 4.58 0.73 2.08 166 140 1.49 0.63
D (A1, L1, VO) 0.92 6.89 0.90 3.54 1.30 085 232 0.57
E (A2, L2, VO) 0.78 3.40 1.95 2.95 190 0.71 0.54 0.85
F (A0, LO, V1) 0.42 1.26 1.48 1.81 0.69 295 0.42 0.75
G (A0, LO, V2) 0.69 6.13 5.73 6.14 6.07 420 3.36 5.86

Average 0.77 351 1.74 2.68 195 180 1.34 1.41
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Discussion

Discussion

Summary

o Proposed approach combines advantages of KW and ML methods
o KW-ML can improve over KW-LG (w. main effects and interactions)
o KW-GBM and KW-MBoost perform best among KW-ML methods

Limitations and Extensions

o KW-ML requires an adequate set of adjustment variables
o ML models are sensitive to hyperparameter settings

o More ML methods could be explored
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. Dswsln
Thanks!

R package available at
https://github.com/chkern/KWML
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https://github.com/chkern/KWML
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Appendix

Appendix
Table 3: Tuning parameter settings
Method Hyperparameter  Values
MOB maxdepth [2,...,10]
alpha 0.05
minsplit NULL
CRF mincriterion [0.99,0.95,0.9]
mtry sqrt(p)
ntree 100
GBM interaction.depth  [1,...,5]
n.trees [100, 250, 500, 1000, 2000]
n.minobsinnode 10
shrinkage 0.05
bag.fraction 1
MBoost mstop [50, 100, 250, 500]
nu 0.1
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Appendix

Scenario A: A model with additivity and linearity
q = exp(87X)

Scenario B: A model with additivity and moderate non-linearity
q = exp(BTX + B2X3 + BaXZ + B X3)

Scenario C: A model with moderate non-additivity and linearity
g = exp(BT X+ BIX1Xe + B3 Xo X3 + 55 X3 Xa + 55 XaXs + 5 X6 X6 + 57 Xu Xa+
B3 XoXa + B3 X3 Xs + Bs XaXs + B5 Xs.X7)

Scenario D: A model with moderate non-additivity and moderate non-linearity
g =exp(BTX + Ba X3 + BaXZ + B X2 + Bi Xu Xo + B3 XXz + B5 X3 Xa + B XaXs+
Bs Xs Xo + By X1 X3 + B3 XoXa + B3 X3 X5 + g Xa X6 + B3 X5 X7)

Scenario E: A model with substantial non-additivity and substantial non-linearity
g =exp(BT X+ B2 X2 + BaXZ + B X2 + Bi X1 Xs + B3 X Xa + B3 X3Xs + By XaXs+
BeXsXe + B3 XEXE + B Xa XoXs + B XaX5Xr)

Scenario F: A model with categorized confounder variables
4 .
g =exp(R_iy @iX)

Scenario G: A model with confounder variables
q = exp(fo + b1 X{™ 4 B X5™* + B3 X5 + BaXS¥)
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Table 4: Relative bias (%) of estimates from 1,000 simulation runs

KW-LG KW- KW-ML
Scenario True Main Pairwise CBPS MOB CRF GBM MBoost
A (A0, LO, VO) 264 264 2.32 268 260 -6.43 -2.15 2.24
B (A0, L1, VO) 451 5.99 3.30 562 427 -0.62 -1.08 -1.79
C (AL, LO, VO) 2.68 11.03 2.55 6.80 480 -453 5.50 1.75
D (AL, L1, VO) 3.43 13.72 3.29 939 405 -1.76 7.32 0.22
E (A2, L2, VO) 3.06 9.44 6.82 8.67 509 199 -0.16 -3.46
F (A0, LO, V1) 0.87 -5.46 -6.05 -6.80 283 -874 -0.71 -3.64
G (A0, LO, V2) 3.04 13.05 1259 13.07 1298 10.54 9.32 12.74
Average 2.89 8.76 5.27 759 523 494 375 3.69
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Appendix

Table 5: CV of weights from 1,000 simulation runs

KW-LG KW- KW-ML

Scenario True Main Pairwise CBPS MOB CRF GBM MBoost
A (A0, LO, VO) 0.79 0.79 0.80 0.79 0.79 1.01 0.88 0.80

B (A0, L1, V0) 1.06 0.69 0.83 0.70 1.03 1.05 1.17 0.99
C (A1, LO,VO) 0.80 0.62 0.81 0.63 0.80 0091 0.68 0.81
D (A1, L1, VO) 0.81 0.56 0.70 0.58 0.83 081 0.79 0.77
E (A2, L2, VO) 0.94 0.3 0.64 0.53 085 0.82 0.96 0.78
F (A0, LO, V1) 0.83 0.35 0.38 035 073 077 0.89 0.48
G (A0, LO, V2) 0.87 0.63 0.64 0.63 0.63 072 0.69 0.64
Average 0.87 0.60 0.68 0.60 0.81 087 0.87 0.75
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Figure 3: Boxplots of estimates of finite population prevalence from 1,000 simulation runs
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