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Introduction

Correlating assessment scores with performance in role (PIR) metrics provides a powerful form
of validation evidence, but is complicated by the absence of PIR metrics for applicants who were
not hired. Traditional range restriction perspectives state that the problem is a lack of PIR metrics
for low assessment scores, and typical corrections make strong assumptions about how the
relationship among incumbents extrapolates to applicants who were not hired (Bryant &
Gokhale, 1972; Thorndike, 1947, 1949). If the extrapolation assumptions are strongly violated,
however, traditional corrections can over- or under-estimate. This problem is particularly acute
when training machine learning models to predict PIR metrics, where overfitting to observed
data (incumbents with PIR measures) in a way that does not generalize to unobserved data
(candidates without PIR measures) is a fundamental problem (Li et al., 2011; Strehl et al., 2010).

We propose using Inverse Propensity Weighting (IPW) as a simple and accurate method for
obtaining correlation estimates that generalize to the candidate population (Lanza et al., 2013;
Little, 1986; Rosenbaum, 1988; Rosenbaum & Rubin, 1983, 1984; Seaman & White, 2011;
Thoemmes & Ong, 2016). A simulation study confirms that, when case-specific assumptions are
violated, traditional corrections are biased and systematically over- or under-estimate the true
relationship, and additional data doesn’t help. IPW-based methods, however, make weaker
assumptions and exhibit low bias that reduces with data volume on the same simulated data.

Method

Our simulations generate datasets with three different correlation structures, called generative
stories, that exhibit gradations of overfitting, with examples presented in Figure 1 and details in
Appendix A. The Linear Missing-At-Random (MAR) story respects the traditional linear and
homoscedastic extrapolation assumptions (Pearson R = 0.605, in the sampled dataset of Figure
1, among hires, and 0.622 among non-hires). In the Overfit story, the correlation among
incumbents (0.780) exceeds the correlation among all candidates (0.491) due to a zero
correlation among a cluster of poorly-qualified candidates, a minority of incumbents but a
majority of all candidates. In the Well-fit story, the correlation among incumbents is weaker
(0.643) than the correlation among all candidates (0.709) due to range restriction (heteroscedastic
due to the existence of two clusters). Optimization procedures prefer the Overfit story without
correction.

Statistical Corrections

We consider traditional corrections designed for specific cases, all assuming linearity and
homoscedasticity. Cases | and Il assume direct restriction on r; and a;, respectively, and require



the restricted and unrestricted variance of a;. Case V (Bryant & Gokhale, 1972) assumes indirect
restriction on an unobserved variable, and requires the restricted and unrestricted variance of
both a; and r;.

Inverse Propensity Weighting is a method for weighting samples from one probability
distribution so that the weighted expected value of a function is equal to the (unweighted)
expected value of that function under a different probability distribution. Pearson R is defined in
terms of expected values, and we propose correcting those expectations by weighting the data we
have, drawn from the distribution over incumbents P;, to compute expected values under the
distribution over candidates P, we want. See Appendix B for details.
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Defining an incumbent to be a hired candidate, w; depends on the overall selection rate
Pe(hired) and the probability with which c¢; was hired:
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A propensity model of the probability of hire based on applicant features, such as resume text,
makes propensity weights practical by substituting Q (hired|c;) ~ P, (hired|c;). Our simulations
add noise to the true probability of hire to simulate imperfect propensity model output. In
practice, Q should be trained and evaluated for calibration (see Appendix C). IPW additionally
assumes P (hired|c;) > 0 for all candidates (e.g. we can only correct to basically-qualified
applicants), but does not assume any specific extrapolation from incumbents to all candidates.

Small propensities increase variance by making weights arbitrarily large, so we consider
variance-reducing versions. Swaminathan & Joachims (2015) proposed Self-Normalized Inverse
Propensity Scores (SNIPS):
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where Ni,cumbents 1S the number of incumbents. lonides (2008) avoided large weights, which we
call Truncated IPW:
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Truncated SNIPS applies self-normalization to truncated weights.



Results

For each generative story, we sample 1,000 datasets containing 1,000, 10,000, and 100,000
candidates. Each story samples five things for each candidate:

1. a;: Assessment score.
2. ;. PIR score.

3. q;. Probability of hire (if the hiring process repeated many times, how often would this
candidate be selected).

4.  h;: Whether the candidate was hired or not (sampled using g;).
5. g;: Estimated probability of hire (q; with noise, used by IPW).

Figures 2, 3, and 4 plot Corrected R against Full-Sample R for each story. Ideally Corrected and
Full-Sample R are the same, shown by the black y = x line. Table 1 summarizes the bias of each
correction (i.e. E[Corrected R — Full-Sample R]). Traditional corrections involve the square root
of a potentially-negative term, producing an error; we plot errors in red, and excluded them from
the Lowess fit and Table 1. IPW and Truncated IPW systematically underestimate at high Full-
Sample correlations (additional simulations showed this is due to the propensity noise), but
SNIPS doesn’t.

Traditional corrections overestimate in the Overfit story. While Case V performs well in the
Well-fit story, Case | over-estimates, and Case Il under-estimates. In all stories, SNIPS exhibits
low bias, and Truncated SNIPS additionally exhibits lower variance that decreases with dataset
size.

Discussion

Theory and simulation show that IPW provides more general correction for range restriction than
traditional corrections. Researchers with access to large datasets of candidate features should
consider using Truncated SNIPS, especially when overfitting is a risk.

Appendices
Appendix A: Generative Stories

Simple Linear MAR
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Appendix B: IPW Derivation
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Appendix C: IPW Recipe

To use IPW, use a representative training set to prepare a calibrated propensity model Q,
optimizing a strictly-proper scoring rule such as binary cross-entropy loss or Brier score (e.g.
Machete, 2013).

Compute weights for held-out incumbents. For Truncated SNIPS:
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Weight the expectations in Pearson R:
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Figure 1: Three generative story datasets.
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Figure 3: Overfit
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Figure 4: Well-fit
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Table 1: Simulation Biases.

Correction

Linear MAR

N=1,000 | [

N=10,000 | IPW

N=100,000 | PW

“““““““““““

N=10,000 | SNIPS

N=100,000 | SNIPS

Overfit

Well-fit

1000

10000

100000

1000

10000

100000

1000

10000

100000

Uncorrected

-0.021

-0.020

-0.020

0.129

0.130

0.122

-0.149

-0.145

-0.151

Case |
Case 11
Case V

0.047
-0.015
0.037

0.014
-0.015
0.014

0.004
-0.016
0.003

0.216
0.150
0.169

0.225
0.151
0.151

0.216
0.143
0.146

0.080
-0.080
0.002

0.089
-0.076
0.001

0.083
-0.081
0.000

IPW

SNIPS
Truncated IPW
Truncated SNIPS

-0.080
-0.009
-0.098
-0.013

-0.096
-0.007
-0.099
-0.008

-0.101
-0.004
-0.101
-0.004

-0.091
0.017
-0.002
0.037

-0.103
-0.007
-0.029

0.009

-0.128
-0.022
-0.075
-0.008

-0.160

0.001
-0.055
-0.006

-0.157
-0.002
-0.064
-0.001

-0.157
-0.000
-0.098
-0.000



Table 2: Hyperparameters for the stories
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