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ABSTRACT
Electronic Health Record (EHR) databases are an increasingly valuable resource for observational studies. However, misclassifi-
cation of EHR-derived outcomes due to imperfect phenotyping leads to bias, inflated type I error, and reduced power in risk-factor
association studies. On the other hand, manual chart review to validate outcomes is both cost-prohibitive and time-consuming,
and a randomly selected validation sample may not yield sufficient cases to support precise model estimation when the disease is
rare. Sampling procedures have been developed for maximizing computational and statistical efficiency in settings where the true
disease status is known. However, less work has been done in measurement constrained settings, particularly when an informa-
tive surrogate outcome is available. Motivated by this gap, we propose an Optimal Subsampling strategy with Surrogate-Assisted
Two-step procedure (OSSAT) to guide cost-effective chart review in measurement constrained settings. The sampling weight in
OSSAT leverages information contained in the potentially misclassified phenotype and covariates to prioritize observations most
informative for the model of interest. We compare our proposed weight with existing approaches through simulations under var-
ious covariate distributions, differential misclassification rates and degrees of surrogate accuracy. We then apply our proposed
weighting schemes to a study of risk factors for second breast cancer events using a real EHR data set.

1 | Introduction

Electronic health record (EHR) data are increasingly utilized for
clinical research due to the tremendous volume of patient data
available and the extensive health information contained in them
[1, 2], enabling novel investigations and discoveries. The advan-
tages of using EHR data include the ability to leverage informa-
tion not routinely collected in prospective trials, conduct studies
involving rare conditions (e.g., pediatric chronic conditions [3]),
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evaluate treatment effects in diverse, non-trial populations, iden-
tify new indications for drug repurposing [4], and predict adverse
events for drug usage [5]. In order to utilize EHRs in clinical
studies, processing of the raw data is often needed to generate
research-grade exposure and outcome variables, a process called
phenotyping. This process can be rule-based or involve proba-
bilistic algorithms (e.g., see Kirby et al. [6] and Hubbard et al.
[7]). However, quality issues in EHRs (including inaccurate data
and data fragmentation [8]) can lead to error-prone phenotyping,
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resulting in misclassification or measurement error in the derived
variables. The use of misclassified variables poses a major threat
to the reproducibility [9] of EHR-based discoveries and under-
mines its promise in expanding the horizons of traditional clinical
research.

Exposure-dependent phenotyping errors (a form of differential
misclassification) are of particular concern in EHR-based stud-
ies. Association studies that utilize derived outcomes subject to
exposure-dependent misclassification have been shown to suf-
fer from reduced statistical power [10], inflated type I errors
[11], and biased association parameter estimates [12, 13]. This
can occur when certain patient groups have more information
in their health records (due to a larger number of visits at the
same institution or better documentation of health status) to
enable accurate phenotyping. Phenotyping errors can therefore
substantially affect conclusions on the comparative effectiveness
of interventions.

Manual chart review remains the gold standard for validating
EHR-derived phenotypes and ensuring high-quality data for clin-
ical research [14]. Due to the massive size of EHR databases
combined with budget and time constraints, performing man-
ual chart review for the entire sample is typically infeasible, and
only a subset can be validated. Several methods have been devel-
oped for bias reduction and improved efficiency in the presence
of outcome misclassification in semi-supervised settings [15–17],
where the true outcome is known for a small, validated subset of
the sample. These methods aim to produce unbiased estimates of
the parameters of interest using a labeled sample, while the unla-
beled data are used to improve precision, sometimes with the aid
of surrogate variables. However, the quality of the validated sam-
ple is often overlooked. Investigators have the opportunity to con-
sider alternative designs for selecting validation sets, which can
improve precision of their association parameter estimates. Sam-
pling designs that select the most informative subjects for chart
review (either as a validation set for a semi-supervised method or
a standalone sub-sample for estimation) can yield more efficient
estimators under a given budget and/or time constraint.

We draw from the literature on algorithmic leveraging to pro-
pose sampling designs for validating EHR outcomes that improve
statistical efficiency. Algorithmic leveraging is a sampling pro-
cess that utilizes statistical leverage (or “importance”) scores to
identify the most influential observations for a given model [18].
It has traditionally been applied to large-scale matrix problems
(including least squares approximation [19] and low-rank matrix
approximation [20]) and was motivated by the need to reduce
computational cost with limited computing resources in the large
𝑛 and/or large 𝑝 setting. Rather than analyzing the full sample,
computations would instead be performed on the selected sub-
sample, and the estimate would approximate that using the full
data set. In recent years, algorithmic leveraging has been pro-
posed to improve statistical efficiency (defined using the mean
squared error) in the settings of linear regression [18, 21] and
logistic regression [22–24].

For the setting of EHR data with binary outcomes, we are inter-
ested in fitting a logistic regression model of the gold-standard
outcome, 𝑦, conditional on a feature vector 𝒙. Therefore, 𝑦 must

be uncovered through chart review. Most existing efficient sam-
pling schemes for logistic regression either assume that the
gold-standard outcome is fully observed [23], or missing entirely
[24], neither of which is appropriate for our setting. Notably,
while we do not observe the gold-standard outcome 𝑦, we have
auxiliary information through the observed, EHR-derived phe-
notype, 𝑠. Alternatively, 𝑠 may be a proxy or auxiliary variable
that is associated with the outcome, but would not be included in
the association model, as the resulting coefficients (e.g., the effect
sizes of risk factors) would not have their intended interpreta-
tions. Pepe et al. [25]. developed sampling weights that depend
on auxiliary data, but these are specific to an estimator that
solves the mean score equation using both the validation and
non-validation set. We seek to focus on the estimator based on
the validation set only, which can then be incorporated into other
ad-hoc approaches using the non-validation sample.

In this paper, we propose an optimal surrogate-assisted sam-
pling scheme for validating EHR outcomes that makes use of
both the covariates, 𝑿, and the surrogate outcome, 𝒔. We aim to
bridge the gap between current semi-supervised methods (which
ignore design considerations in selecting validation sets) and
existing subsampling algorithms for logistic regression. The pro-
posed sampling design aims for the subsample-based estima-
tor to approximate the full data maximum-likelihood estimator
(MLE) (the estimate if we had observed 𝑦 for all individuals).
This is achieved by applying the A-optimality criterion [26] to the
asymptotic approximation error. Our proposed sampling weights
are A-optimal for the logistic regression model of 𝒚 regressed
on 𝑿 given the informative surrogate outcome 𝒔. We study the
strengths of each set of weights under different sample size con-
straints and accuracy levels of the phenotype and apply them to
an EHR data set from Kaiser Permanente Washington (KPWA)
to study risk factors for second breast cancer events (SBCE) in
women with a personal history of breast cancer.

This article is organized as follows. In Section 2, we describe the
general sampling framework for logistic regression and introduce
the proposed surrogate-assisted sampling weights. In Section 3,
we perform a simulation study to investigate the performance
of the weights under high and low sensitivity/specificity of the
surrogate phenotype. Finally, in Section 4, we apply the various
weighting approaches to the KPWA study of second breast can-
cers. A brief discussion is offered in Section 5.

2 | Methods

2.1 | Setting and Logistic Regression

To illustrate our methods, we denote the full data matrix for 𝑛 sub-
jects as ℱ𝑛 = (𝑿, 𝒚, 𝒔), where𝑿 = (𝒙1,𝒙2, . . . ,𝒙𝑛)𝑇 is the covari-
ate matrix, 𝒚 = (𝑦1, 𝑦2, . . . , 𝑦𝑛)𝑇 is the vector of gold-standard
outcomes and 𝒔 = (𝑠1, 𝑠2, . . . , 𝑠𝑛)𝑇 is the vector of surrogate out-
comes, representing the EHR-derived phenotype or a proxy vari-
able associated with the outcome. We assume that 𝑦𝑖, 𝑠𝑖 ∈ {0, 1},
and 𝒙𝑖 ∈ ℜ𝑝.

Our interest is in estimating the coefficient vector 𝜷 =
(𝛽1, 𝛽2, . . . , 𝛽𝑝), which belongs to a compact set in ℜ𝑝, from
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the following logistic regression model of 𝑦𝑖 conditional on 𝒙𝑖,

logit
{
𝑝(𝑦𝑖 = 1|𝒙𝑖)} = 𝒙𝑇

𝑖
𝜷 (1)

where logit(𝑎) = log(𝑎∕(1 − 𝑎)). Generally, 𝜷 is estimated by max-
imizing the log-likelihood function with respect to 𝜷, with the
maximum likelihood estimator (MLE), defined as

𝜷̂𝑀𝐿𝐸 = argmax𝛽∈ℜ𝑝𝓁(𝜷) = argmax𝛽∈ℜ𝑝

×

(
𝑛∑
𝑖=1

[
𝑦𝑖 log

{
𝑝𝑖(𝜷)

}
+ (1 − 𝑦𝑖) log

{
1 − 𝑝𝑖(𝜷)

}])
(2)

where 𝑝𝑖(𝜷) = 𝑝(𝑦𝑖 = 1|𝒙𝑖) = exp(𝒙𝑇
𝑖
𝜷)∕

{
1 + exp(𝒙𝑇

𝑖
𝜷)
}

. A
numeric solution to the above problem is usually obtained
through iterative methods such as Newton-Raphson or Fisher
scoring.

We consider the EHR setting where only (𝒙𝑖, 𝑠𝑖) is observed for the
full sample, and 𝑦𝑖 must be uncovered through chart review. As
it is time- and cost-prohibitive to validate outcomes for the entire
data set, we only uncover 𝑦𝑖 for 𝑟 ≪ 𝑛 individuals. Our goal is to
select the most informative sample of 𝑟 individuals for our model.

2.2 | General Sampling Scheme for Outcome
Validation in Logistic Regression

In Algorithm 1, we outline a general subsampling algorithm for
logistic regression models with outcome validation. When 𝑟 ≪

𝑛 data points are sampled with replacement for validation and
analysis, the observations must be weighted by the inverse of their
respective sampling probabilities, 𝜋∗

𝑖
, when fitting the model. We

annotate variables with a (*) if they correspond to individuals who
have been selected into the validation sample. Furthermore, we
denote the solution to the reweighted score equation based on the
subsample as 𝜷̃.

ALGORITHM 1 | General subsampling algorithm for outcome vali-
dation.

1. Sample 𝑟(≪ 𝑛) data points with replacement from the full data set
with sampling probabilities 𝝅 = {𝜋𝑖}𝑛𝑖=1. For selected observations,
uncover the true outcome, 𝑦𝑖, and denote the sampled data points as
𝑶∗
𝑖
= (𝒙∗

𝑖
, 𝑠∗
𝑖
, 𝑦∗
𝑖
, 𝜋∗

𝑖
), for 𝑖 = 1, . . . , 𝑟.

2. Maximize the weighted pseudo log-likelihood to obtain the
subsample-based estimate 𝜷̃.

𝜷̃ = argmax
𝛽∈ℜ𝑝

𝓁(𝜷) = argmax
𝛽∈ℜ𝑝(

𝑟∑
𝑖=1

1
𝜋∗
𝑖

[
𝑦∗
𝑖

log
{
𝑝∗
𝑖
(𝜷)

}
+ (1 − 𝑦∗

𝑖
) log

{
1 − 𝑝∗

𝑖
(𝜷)

}])
,

where 𝑝∗
𝑖
(𝜷) = exp(𝒙∗𝑇

𝑖
𝜷)∕

{
1 + exp(𝒙∗𝑇

𝑖
𝜷)
}

.
This is equivalent to finding the solution to the following reweighted
score equation:

𝓁̇
∗ = 1

𝑟

∑𝑟

𝑖=1
{𝑦∗𝑖 −𝑝∗𝑖 (𝜷̃)}𝒙∗𝑖

𝜋∗
𝑖

= 𝟎.

A numeric solution can be obtained through iterative methods such as
Newton-Raphson, which performs iterations of the following formula
until convergence of 𝜷̃.

𝜷̃
(𝑡+1) = 𝜷̃(𝑡) +

[∑𝑟

𝑖=1

𝑝∗
𝑖
(𝜷̃(𝑡) )

{
1−𝑝∗

𝑖
(𝜷̃(𝑡) )

}
𝒙∗
𝑖
𝒙∗𝑇
𝑖

𝜋∗
𝑖

]−1∑𝑟

𝑖=1

{
𝑦∗
𝑖
−𝑝∗

𝑖
(𝜷̃ (𝑡) )

}
𝒙∗
𝑖

𝜋∗
𝑖

In the setting where the gold-standard outcome is observed for all
individuals, Wang et al. [23] proved that 𝜷̃ is consistent for 𝜷̂𝑀𝐿𝐸 ,
conditional on the full data matrix ℱ𝑛, as 𝑛 → ∞ and 𝑟 → ∞ (see
section S.1.1 of Wang et al. [23]), under certain regularity con-
ditions on the covariate distribution. Furthermore, they showed
that as 𝑛 → ∞ and 𝑟 → ∞ (where 𝑛 increases at a faster rate, such
that 𝑟 = 𝑜(𝑛), or equivalently 𝑟∕𝑛 → 0) and conditional on ℱ𝑛,

𝑟1∕2𝑽 −1∕2(𝜷̃ − 𝜷̂𝑀𝐿𝐸)
𝑑
−−→𝑁(𝟎, 𝑰)

where 𝑽 =𝑴−1
𝑋

Var(𝝍 𝑖|ℱ𝑛)𝑴−1
𝑋

= 𝑂𝑝(𝑟−1), 𝝍 𝑖 =
{
𝑦∗
𝑖
− 𝑝∗

𝑖
(𝜷̃)

}
𝒙∗
𝑖
∕(𝑛𝜋∗

𝑖
) and 𝑴𝒙 =

∑𝑛

𝑖=1𝑝𝑖(𝜷̂𝑀𝐿𝐸)
{

1 − 𝑝𝑖(𝜷̂𝑀𝐿𝐸)
}
𝒙𝑖𝒙

𝑇
𝑖
∕𝑛.

While this result was derived for the setting where the
gold-standard outcome 𝑦𝑖 is observed, this also holds true for the
weighted estimator 𝜷̃ in Algorithm 1, as the final weighted anal-
ysis is performed on observations, where 𝑦𝑖 has been validated,
and Wang et al.’s (2018) result is agnostic to the specific form of
𝜋𝑖 (apart from requiring that

∑𝑛

𝑖=1𝜋𝑖 = 1).

2.3 | Prior Work on Optimal Sampling Weights

A simple choice for the sampling weights in Algorithm 1 is 𝜋𝑖 =
1∕𝑛. This is known as uniform sampling (UNI). Another choice is
uniform sampling stratified by the outcome, that is, 𝜋𝑖 = 1∕(2𝑛𝑖)
with 𝑛0 and 𝑛1 being the number of subjects with outcome 𝑦 = 0
and 𝑦 = 1, respectively. This is known as case-control sampling
and is commonly used when the outcome is unbalanced. How-
ever, these simple sampling weights may not be the “optimal”,
choice in the sense that 𝜷̃ may be estimated with greater pre-
cision under alternative subject-specific weights. Motivated by
large-scale data problems, Wang et al. [23] derived optimal sub-
sampling procedure motivated from the A-optimality criterion
(OSMAC). We denote these weights as 𝜋𝑖,𝑂𝑆𝑀𝐴𝐶(𝑦) (reflecting that
they are optimal when 𝑦𝑖 is observed for the full sample),

𝜋𝑖,𝑂𝑆𝑀𝐴𝐶(𝑦) =
|𝑦𝑖 − 𝑝𝑖(𝜷̂𝑀𝐿𝐸)|||𝑴−1

𝒙
𝒙𝑖||∑𝑛

𝑗=1|𝑦𝑗 − 𝑝𝑗(𝜷̂𝑀𝐿𝐸)|||𝑴−1
𝒙
𝒙𝑗 || (3)

where ||𝒗|| is the euclidean norm of a vector 𝒗 (i.e., ||𝒗|| =
(𝒗𝑇 𝒗)1∕2).

Wang et al. [23] proposed a two-step approach, in which a small
sample is first randomly selected to obtain a pilot estimate of
𝜷̂𝑀𝐿𝐸 . This enables us to characterize the relationship between
𝑦𝑖 and 𝒙𝑖 to determine which observations are “surprising” given
their expected value. 𝜋𝑖,𝑂𝑆𝑀𝐴𝐶(𝑦) are then calculated and a more
informative subsample is selected for estimating 𝜷̃.

For the setting where 𝑦𝑖 is unknown and only 𝒙𝑖 is observed,
Zhang et al. [24] proposed an optimal sampling under measure-
ment constraints (OSUMC), which does not require known out-
come values. We denote these weights as 𝜋𝑖,𝑂𝑆𝑈𝑀𝐶 , and

𝜋𝑖,𝑂𝑆𝑈𝑀𝐶 =

√
𝑝𝑖(𝜷̂𝑀𝐿𝐸)

{
1 − 𝑝𝑖(𝜷̂𝑀𝐿𝐸)

}||𝑴−1
𝒙
𝒙𝑖||∑𝑛

𝑗=1

√
𝑝𝑗(𝜷̂𝑀𝐿𝐸)

{
1 − 𝑝𝑗(𝜷̂𝑀𝐿𝐸)

}||𝑴−1
𝒙
𝒙𝑗 || (4)

3 of 13



where again 𝜷̂𝑀𝐿𝐸 is estimated from a pilot sample. Note that
unlike the weights given by Wang et al. [23] (𝜋𝑖,OSMAC(y)), which
seek to identify individuals for whom the observed outcome 𝑦𝑖 is
unexpected or extreme given their 𝒙𝑖, the weights proposed by
Zhang et al. [24] prioritize individuals with fitted probabilities
closest to 0.5 (which is equidistant between the two possible val-
ues of 𝑦𝑖, {0, 1}). Intuitively, this means that 𝜋𝑖,OSUMC gives great-
est weight to individuals for whom the model is most uncertain
about their outcome. This approach, known as uncertainty-based
sampling, is rationally sound in the absence of any additional
information to guide sample selection. However, it relies critically
on the assumption that the fitted probability is a good fit to the
data. In the next section, we propose weights that use the surro-
gate outcome 𝑠 to offer additional insight on which individuals
will have a 𝑦𝑖 value that is “surprising” given their fitted proba-
bilities 𝑝𝑖(𝜷̂𝑀𝐿𝐸).

2.4 | Surrogate-Assisted Sampling for Outcome
Validation

Having reviewed the “optimal” weights for the setting where the
true outcome 𝑦𝑖 is observed for everyone, and alternatively, the
setting where 𝑦𝑖 is missing (with only 𝒙𝑖 being available), we
now turn our attention to the setting where 𝑦𝑖 is potentially mis-
classified, and a surrogate outcome 𝑠𝑖 is observed along with 𝒙𝑖
for all individuals. This is often encountered in work with EHR
data, where phenotyping errors may occur in the use of auto-
mated algorithms. An immediate approach is to simply use the
surrogate instead of the true outcome in the OSMAC weights,
denoted as OSMAC(s). However, the performance of this sub-
sampling strategy depends on the accuracy of the surrogate out-
come, which is difficult to evaluate before a validation sample
is drawn. In this section, we propose an Optimal Subsampling
with Surrogate-Assisted Two-step procedure (OSSAT) to be used
in place of the targeted optimal weights when the true outcome 𝒚
were observed (e.g., OSMAC(y)). This novel sampling approach
makes the best use of the surrogate outcome and is demonstrated
to perform better than OSMAC(s) when the accuracy of the sur-
rogate outcome is not satisfactory. By making use of both 𝑠𝑖 and
𝒙𝑖 to identify influential observations for estimation of 𝜷̃, we seek
to achieve greater efficiency compared to the use of 𝒙𝑖 alone (as
is done with 𝜋𝑖,OSUMC).

2.4.1 | Surrogate-Substituted Weights

The surrogate-substituted OSMAC weight simply uses the sur-
rogate outcome 𝒔 instead of the true outcome 𝒚 in 𝜋𝑖,OSMAC(y),
namely

𝜋𝑖,𝑂𝑆𝑀𝐴𝐶(𝑠) =
|𝑠𝑖 − 𝑝𝑖(𝜷̂𝑀𝐿𝐸)|||𝑴−1

𝒙
𝒙𝑖||∑𝑛

𝑗=1|𝑠𝑗 − 𝑝𝑗(𝜷̂𝑀𝐿𝐸)|||𝑴−1
𝒙
𝒙𝑗 || (5)

where 𝜷̂𝑀𝐿𝐸 is obtained using the full data with 𝑠 being the
response. The weight 𝜋𝑖,𝑂𝑆𝑀𝐴𝐶(𝑠) is expected to approximate
𝜋𝑖,𝑂𝑆𝑀𝐴𝐶(𝑦) well when 𝑠𝑖 agrees with 𝑦𝑖, but may be much dif-
ferent from 𝜋𝑖,𝑂𝑆𝑀𝐴𝐶(𝑦) when they disagree. The performance
of OSMAC(s) is hence highly dependent on the accuracy of the
surrogate outcome. The misclassification of the surrogate versus

the true outcome is characterized by sensitivity and specificity,
that is, 𝑠𝑒 = 𝑃𝑟(𝑠 = 1|𝑦 = 1) and 𝑠𝑝 = 𝑃𝑟(𝑠 = 0|𝑦 = 0). In the
following derivations, we consider the non-differential mis-
classification setting, where 𝑠⊥𝒙|𝑦. This implies that 𝑠𝑒, 𝑠𝑝 are
common for each subject and do not depend on covariates, that
is, 𝑠𝑒 = 𝑠𝑒𝑖 = 𝑃𝑟(𝑠𝑖 = 1|𝑦𝑖 = 1) = 𝑃𝑟(𝑠𝑖 = 1|𝑦𝑖 = 1,𝒙𝑖) and 𝑠𝑝 =
𝑠𝑝𝑖 = 𝑃𝑟(𝑠𝑖 = 0|𝑦𝑖 = 0) = 𝑃𝑟(𝑠𝑖 = 0|𝑦𝑖 = 0,𝒙𝑖), 𝑖 = 1, · · · , 𝑛. In
the numerical analysis, we will demonstrate that this assumption
is robust to differential misclassification, where 𝑠𝑒, 𝑠𝑝 depend on
covariates 𝒙.

2.4.2 | Optimal Surrogate-Augmented Weights

In this section, we propose a new method to compute sampling
weights by incorporating surrogate information. Similar to Wang
et al. [23], we consider A-optimality for asymptotic variance of
(𝜷̃ − 𝜷). It turns out that the asymptotic variance of (𝜷̃ − 𝜷) given
the feature matrix 𝑿 can be decomposed as

Var{(𝜷̃ − 𝜷)|𝑿} = Var
{
(𝜷̃ − 𝜷̂𝑀𝐿𝐸 )|𝑿}

+ Var
{
(𝜷̂𝑀𝐿𝐸 − 𝜷)|𝑿}

(6)

+ 2E
{
(𝜷̂𝑀𝐿𝐸 − 𝜷)(𝜷̃ − 𝜷̂𝑀𝐿𝐸 )|𝑿}

where 𝜷 is the true parameter and 𝜷̂𝑀𝐿𝐸 is obtained from on the
full data. The second term is simply the asymptotic variance of
𝜷̂𝑀𝐿𝐸 , which is not related to the sampling weights 𝜋𝑖. More-
over, it can be shown that the third term does not depend on
𝜋𝑖 (see details in Sections S1.2). Consequently, minimizing the
asymptotic variance of (𝜷̃ − 𝜷) with respect to 𝜋𝑖 is equivalent to
minimizing the asymptotic variance of (𝜷̃ − 𝜷̂𝑀𝐿𝐸).

If 𝑦𝑖 is known, one can proceed to derive the A-optimal sam-
pling weights, 𝜋𝑖,OSMAC(y), that minimize the asymptotic variance
of (𝜷̃ − 𝜷̂𝑀𝐿𝐸) by minimizing its trace, as is done in Wang et al.
[23]. However, if 𝑦𝑖 is not known, we propose applying the law
of total variance, also known as the variance decomposition for-
mula. This partitions the sample space for (𝜷̃ − 𝜷̂𝑀𝐿𝐸) over the
distribution of one or more components. Zhang et al. [24] first
applied this formula for a single component, 𝒚. We propose to
additionally apply it for 𝒔 as follows,

Var
{
(𝜷̃ − 𝜷̂𝑀𝐿𝐸)|𝑿}

= E
{

Var(𝜷̃ − 𝜷̂𝑀𝐿𝐸 |𝒔, 𝒚,𝑿)|𝒔,𝑿}
+ E

{
Var(E[𝜷̃ − 𝜷̂𝑀𝐿𝐸 |𝒔, 𝒚,𝑿]|𝒔,𝑿)|𝑿}

+ Var
{

E(𝜷̃ − 𝜷̂𝑀𝐿𝐸 |𝒔,𝑿)|𝑿}
(7)

Proceeding with minimization of trace
[
Var

{
(𝜷̃ − 𝜷̂𝑀𝐿𝐸)|𝑿}]

,
and assume 𝑝𝑖 = 𝑃𝑟(𝑦𝑖|𝒙𝑖), 𝑝𝑠𝑖 = 𝑃𝑟(𝑦𝑖|𝑠𝑖,𝒙𝑖), we find the
following.

Proposition 1. If the subsampling probability in Algorithm 1
is set to

𝜋𝑖,OSSAT =

√{
𝑝𝑠
𝑖
− 2𝑝𝑠

𝑖
𝑝𝑖 + 𝑝2

𝑖

}||𝑴−1
𝒙
𝒙𝑖||∑𝑛

𝑗=1

√{
𝑝𝑠
𝑗
− 2𝑝𝑠

𝑗
𝑝𝑗 + 𝑝2

𝑗

}||𝑴−1
𝒙
𝒙𝑗 ||

(8)

then the asymptotic approximation error of 𝜷̃, defined as
trace[Var{(𝜷̃ − 𝜷)|𝑿}], will attain its minimum (see Section S1.3
for proof ).
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As the true outcome 𝑦 is required in the evaluation of the sub-
sampling probability 𝜋𝑖,𝑂𝑆𝑆𝐴𝑇 in real applications, a two-step
algorithm is designed to get the subsample for validation as out-
lined in Algorithm 2.

ALGORITHM 2 | Surrogate-augmented subsampling for outcome
validation.

1. Step 1 (Pilot): Sample 𝑟1 observations by Algorithm 1, using the
surrogate-based balanced stratified sampling weight 𝜋𝑖,𝐶𝐶(𝑠) = 1∕(2𝑛𝑠𝑖),
in which 𝑛𝑠0 and 𝑛𝑠1 are the number of subjects with surrogate 𝑠 = 0
and 𝑠 = 1, respectively. For sampled observations, chart review is
performed to uncover 𝑦. Pilot estimates for 𝑝̂𝑠

𝑖
and 𝜷̂𝑀𝐿𝐸 are calculated

using the 𝑟1 observations.
2. Step 2 (Optimal sampling): Pilot estimates from Step 1 are
plugged into the surrogate-augmented optimal weights 𝜋𝑖,OSSAT by
Proposition 1. These weights are used to sample 𝑟2 individuals with
replacement from the original 𝑛 data points, and we collect the
chart-reviewed outcome for selected subjects. The final estimate 𝜷̃
proceeds through weighted estimation combining samples from Steps
1 and 2:

𝜷̃ = argmax
𝛽∈ℜ𝑝

1
𝑟1 + 𝑟2

( ∑
𝑖∈𝑠𝑡𝑒𝑝1 𝑠𝑒𝑡

1
𝜋∗
𝑖,𝐶𝐶(𝑠)

𝓁∗
𝑖
(𝜷) +

∑
𝑖∈𝑠𝑡𝑒𝑝2 𝑠𝑒𝑡

1
𝜋∗
𝑖,𝑂𝑆𝑆𝐴𝑇

𝓁∗
𝑖
(𝜷)

)
,

where 𝓁∗
𝑖
(𝜷) = 𝑦∗

𝑖
log

{
𝑝∗
𝑖
(𝜷)

}
+ (1 − 𝑦∗

𝑖
) log

{
1 − 𝑝∗

𝑖
(𝜷)

}
, and

𝑝∗
𝑖
(𝜷) = exp(𝒙∗𝑇

𝑖
𝜷)∕

{
1 + exp(𝒙∗𝑇

𝑖
𝜷)
}

.

We remark that the surrogate-based balanced stratified sampling
(CC(s)) used in the pilot step is constructed by utilizing 𝒔 in place
of 𝒚 in the case-control sampling (CC) as 𝒚 is unknown.

For Algorithm 2, we need to estimate the probability 𝑝𝑠
𝑖
. With

a pilot sample, a simple approach is to fit a logistic regression
model of 𝑦𝑖 on {𝑠𝑖,𝒙𝑖}, yet this is a misspecified model given that
𝑦|𝒙 follows a logistic regression model. A better approach is via
the Bayesian rule and pilot estimation of sensitivity and speci-
ficity. Specifically, under non-differential misspecification when
sensitivity and specificity are not dependent on 𝒙, we have the
following reformulation

𝑃𝑟(𝑦 = 1|𝑠,𝒙) = 𝑃𝑟(𝑠|𝑦 = 1)𝑃𝑟(𝑦 = 1|𝒙)
𝑃𝑟(𝑠|𝑦 = 1)𝑃𝑟(𝑦 = 1|𝒙)
+𝑃𝑟(𝑠|𝑦 = 0)𝑃𝑟(𝑦 = 0|𝒙)

,

hence

𝑃𝑟(𝑦𝑖 = 1|𝑠𝑖 = 1,𝒙𝑖) =
𝑠𝑒 × 𝑝𝑖

𝑠𝑒 × 𝑝𝑖 + (1 − 𝑠𝑝)(1 − 𝑝𝑖)

𝑃𝑟(𝑦𝑖 = 1|𝑠𝑖 = 0,𝒙𝑖) =
(1 − 𝑠𝑒) × 𝑝𝑖

(1 − 𝑠𝑒) × 𝑝𝑖 + 𝑠𝑝 × (1 − 𝑝𝑖)

Working with the 2 × 2 contingency table, we have

𝑠𝑒 =
(1 − 𝑝) − 𝑝 × 𝑛𝑝𝑣∕(1 − 𝑛𝑝𝑣)

𝑝((1 − 𝑝𝑝𝑣)∕𝑝𝑝𝑣 − 𝑛𝑝𝑣∕(1 − 𝑛𝑝𝑣))
,

𝑠𝑝 =
𝑝 − (1 − 𝑝) × 𝑝𝑝𝑣∕(1 − 𝑝𝑝𝑣)

(1 − 𝑝)((1 − 𝑛𝑝𝑣)∕𝑛𝑝𝑣 − 𝑝𝑝𝑣∕(1 − 𝑝𝑝𝑣))
(9)

where 𝑝𝑝𝑣 is the positive predicted value (PPV) and 𝑛𝑝𝑣 is the
negative predicted value (NPV), both estimated from the pilot
sample, that is 𝑝𝑝𝑣 = 𝑃𝑟(𝑦 = 1|𝑠 = 1) and 𝑛𝑝𝑣 = 𝑃𝑟(𝑦 = 0|𝑠 = 0),
and 𝑝 = 𝑃𝑟(𝑠 = 1) is the prevalence of 𝑦 estimated from 𝑠 using
the full data.

Remark 1. Convergence issues and biased model estimates
may result when fitting the models for 𝑝(𝑦𝑖|𝒙𝑖) in pilot step 1 sam-
ples with rare events, preventing successful construction of the
weights. To overcome this, we recommend using the Firth adjust-
ment to the weighted pseudo log-likelihood in small samples [27].

Remark 2. Calculating the sensitivity and specificity from the
observed 𝑝𝑝𝑣, 𝑛𝑝𝑣 and 𝑝 may not be successful as the quantities
in Equation (9) may fall out of the meaningful range of 0.5–1
in cases such as rare events and too small pilot sample. In these
extreme cases, we suggest truncating the calculated sensitivity
and specificity values within 0.5–1 for numerical stability.

Remark 3. Intuitively, if 𝑝𝑠
𝑖

can be estimated with pre-
cision in the first step of sampling, then we can expect
𝜋𝑖,OSSAT to perform similarly to 𝜋𝑖,OSMAC(y). This is because

for each subject,
√{

𝑝𝑠
𝑖
− 2𝑝𝑠

𝑖
𝑝𝑖 + 𝑝2

𝑖

}
, will approximate√

𝐸
{
(𝑦𝑖 − 𝑝𝑖)2|𝑠𝑖,𝒙𝑖} as 𝑟 → ∞, which by Jensen’s inequal-

ity is ≥ 𝐸

{√
(𝑦𝑖 − 𝑝𝑖)2|𝑠𝑖,𝒙𝑖} = 𝐸

{|𝑦𝑖 − 𝑝𝑖||𝑠𝑖,𝒙𝑖}. Since this
relationship holds point-wisely for each 𝑠𝑖, 𝒙𝑖, we argue that some
of the ordering of observations according to their informativeness
is preserved, not accounting for random error.

3 | Simulation Study

We evaluate how well each set of surrogate-augmented weights
approximate the optimal weights 𝜋𝑖,OSMAC(y), as well as their
ability to improve the precision of 𝜷̃, the subsample-based
estimate of 𝜷 in the logistic regression model of 𝑦𝑖 on 𝒙𝑖.
We consider and compare model estimates using the optimal
weights 𝜋𝑖,OSMAC(y) which requires the true outcome, our pro-
posed surrogate-augmented optimal weights 𝜋𝑖,OSSAT, which only
requires surrogate outcome, and other alternative approaches
including 𝜋𝑖,CC(s), 𝜋𝑖,OSUMC, 𝜋𝑖,OSMAC(s), and 𝜋𝑖,UNI.

3.1 | Simulation Setting

We consider multiple covariate distributions as described in [23]
and [24], with the number of covariates as 7 and the distributions
including:

• zeroMean. 𝒙 is multivariate normal with constant variance,
defined as 𝑀𝑉𝑁(𝟎,𝚺), where Σ𝑖𝑗 = 0.5𝑖≠𝑗 , such that the
diagonals of Σ are equal to 1, and the off-diagonals are equal
to 0.5.

• unequalVar. 𝒙 is multivariate normal with unequal vari-
ances, that is 𝒙 ∼𝑀𝑉𝑁(𝟎,𝚺∗), where 𝚺𝑖𝑖 = 1∕𝑖2 for 𝑖 =
1, . . . , 7, and the off-diagonal entries equal to Σ∗

𝑖𝑗
= 0.5 for

𝑖 ≠ 𝑗.
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• rareEvent. 𝒙 is multivariate normal, centered away from 0,
which induces extreme imbalance in the outcomes (∼ 5%
cases). 𝒙 ∼𝑀𝑉𝑁(−1.6,𝚺), Σ𝑖𝑗 = 0.5𝑖≠𝑗 .

• mixNormal. 𝒙 follows a bimodal distribution that is the
mixture of two multivariate normal distributions 0.5𝑁(𝟏,𝚺)
and 0.5𝑁(−1,𝚺), Σ𝑖𝑗 = 0.5𝑖≠𝑗 .

• 𝑻 3. 𝒙 follows a multivariate 𝑡 distribution with degrees of
freedom 3, 𝑡3(𝟎,𝚺)∕10. For this case, the distribution of 𝒙 has
a heavy tail.

• Exp. Each component of 𝒙 follows an exponential distribu-
tion with a rate parameter of 2. The covariates are uncorre-
lated in this setting.

We then generate the true outcome 𝑦𝑖 by 𝑝𝑖 = 𝑒𝑥𝑝𝑖𝑡(𝒙𝑇𝒊 𝜷), and 𝜷
has true values equal to (0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5, 0.5) with the
first element being the intercept. For the scenario that 𝒙 ∼ Exp,
we set the intercept as −0.5 and the prevalence of 𝑦 is close
to 0.75. We assume differential misclassification for the surro-
gate outcome, that is, the sensitivity and specificity depend on
the covariates. Specifically, we consider a scenario with less mis-
classification, that is, (𝑠𝑒, 𝑠𝑝) = (0.1𝐼(𝑥1 < 𝑐1) + 0.8, 0.04𝐼(𝑥1 <

𝑐1) + 0.95), and a scenario with more misclassification, that is,
(𝑠𝑒, 𝑠𝑝) = (0.1𝐼(𝑥1 < 𝑐1) + 0.6, 0.05𝐼(𝑥1 < 𝑐1) + 0.9), where 𝑐1 is
the 30% quantile of 𝑥1.

To study the performance of the proposed sampling designs on
model efficiency, we perform 𝑆 = 500 replications under each
covariate distribution. For each replicate, a data set of 𝑛 = 10, 000
is generated, and the total subsample size to be validated is 𝑟 =
{800, 1000, 1200, 1400, 1600}. For the two-step approaches only,
𝑟 includes a pilot step 1 sample of size 𝑟1 = {200, 600} sampled
by surrogate-based balanced stratified sampling, and the remain-
der is selected in step 2 with the more informative weights (i.e.,
𝑟 = 𝑟1 + 𝑟2). For each sample size and covariate distribution set-
ting, we calculate the empirical mean-squared error (as compared
to the true model parameters) as follows,

MSE𝜷 = 1
𝑆

𝑆∑
𝑠=1

||𝜷̃𝑠 − 𝜷||2
where 𝜷 is the true parameter vector, and 𝜷̃𝑠 is the estimate
from the 𝑠𝑡ℎ replicate, and 𝑆 is the number of replications. We
also assess the concordance of the proposed OSSAT weights, the
surrogate-substitute OSMAC(s) weights versus the OSMAC(y)
weights for the various covariate distributions. The correlation
between subsampling weights is calculated and compared.

3.2 | Simulation Results

Figure 1 shows the individual estimated weights against their cor-
responding 𝜋𝑖,OSMAC(y) (in log10 scale) with low sensitivity and
specificity and 𝑟1 = 600. Under perfect concordance between the
weights, we would expect the points to fall along the diagonal
line. Note that the weights farthest from the origin are of primary
interest, as these observations will have the highest probabilities
of being included in the second step sample for estimation of the
final model. Results show that 𝜋𝑖,OSSAT offers closer approxima-
tion to 𝜋𝑖,OSMAC(y) on average, as points are scattered more evenly

about the line 𝑦 = 𝑥. However, with a small step 1 sample, the
𝜋𝑖,OSSAT weights are estimated with lower precision, and so have
greater variability compared to 𝜋𝑖,OSMAC(s) (which do not require a
step 1 sample), particularly if the event is rare. We see in the lower
quadrants of each panel from Figure 1 that if sensitivity and speci-
ficity are low,𝜋𝑖,OSSAT is preferred in both small and large samples,
since they are more likely to lead to selection of similarly informa-
tive observations as if we had used 𝜋𝑖,OSMAC(y), as there is stronger
concordance among the larger weights. On the other hand, the
substitution weights, 𝜋𝑖,OSMAC(s) follow a near random distribu-
tion when sensitivity and specificity are low, particularly if the
event is rare.

Figures 2 and 3 show the mean squared error (MSE) results for 𝜷̃
using various weights, including 𝜋𝑖,OSMAC(y), 𝜋𝑖,OSSAT, 𝜋𝑖,𝑠OSMAC(s),
𝜋𝑖,OSUMC, 𝜋𝑖,CC(s), and 𝜋𝑖,UNI. Results are displayed for 𝑟1 = 200,
with results for 𝑟1 = 600 included in Figures S1 and S2 in the Sup-
porting Information.

As expected, the weighting method by Wang et al. [23],
OSMAC(y), achieves optimal efficiency in all settings.
Surrogate-based balanced stratified sampling (CC(s)) and uni-
form sampling (UNI) are the least efficient in most setting, while
UNI provides similar performance to the informative sampling
methods OSMAC(s), OSUMC, and OSSAT when the surrogate
outcome is less informative to the true outcome under the Exp
data set. The proposed weights 𝜋𝑖,OSSAT achieve the smallest
MSEs compared to all other weights. The advantage of OSSAT
over OSMAC(s) is more evident when sensitivity and specificity
are low (right panels), as OSSAT combines the true outcome
from the pilot sample and the surrogate outcome from the full
data, while OSMAC(s) relies on good surrogate outcome. Also,
as OSUMC does not depend on the surrogate outcome, its disad-
vantage over OSMAC(s) becomes smaller or even reverses when
sensitivity and specificity become low. These observations hold
true with 𝑟1 = 600 as shown in the Supplementary Figures.

Furthermore, we observe that OSSAT always results in a simi-
lar or slightly lower MSE than OSUMC. This is expected since
OSUMC and OSSAT are both derived using the law of total vari-
ance, and under zero correlation between 𝑠𝑖 and 𝑦𝑖, 𝑝(𝑦𝑖|𝑠𝑖,𝒙𝑖)
will reduce to 𝑝(𝑦𝑖|𝒙𝑖) and 𝜋𝑖,OSSAT will reduce to 𝜋𝑖,OSUMC. Thus,
under low sensitivity and specificity, the surrogate augmented
weights will offer similar or slightly more information compared
to weights that utilize 𝒙𝑖 only, while the surrogate substitution
weights may underperform relative to the weights that use 𝒙𝑖
only. Additionally, for the six sampling methods discussed in the
manuscript, the finite sample bias is small, and there are little dif-
ferences between the methods. The finite sample variance makes
up the majority of MSE, and it follows the same pattern as the
MSE. Additional simulation results are shown in Sections S2 of
the Supplement.

4 | Application to BRAVA Study

Here, we apply the candidate weights to an EHR data set from
the BRAVA study conducted at Kaiser Permanente Washington
(KPWA) [28], which studied risk factors for second breast cancer
events (SBCE) in women with a personal history of breast cancer.
The data consists of 3152 women diagnosed with primary stage
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FIGURE 1 | Concordance plots of 𝜋𝑖,OSSAT and 𝜋𝑖,OSMAC(s), compared to 𝜋𝑖,OSMAC(y), under the 6 covariate distributions with 𝑟1 = 600 (for 𝜋𝑖,OSSAT) and
low sensitivity and specificity (𝑠𝑒, 𝑠𝑝) = (0.1𝐼(𝑥1 < 𝑐1) + 0.6, 0.05𝐼(𝑥1 < 𝑐1) + 0.9), 𝑛 = 10, 000. The correlation coefficients are calculated by Spearman’s
rank correlation.

7 of 13



FIGURE 2 | Empirical mean squared error of 𝛽 using different sampling weights, over 500 replicates. Left: high sensitivity and specificity (𝑠𝑒, 𝑠𝑝) =
(0.1𝐼(𝑥1 < 𝑐1) + 0.8, 0.04𝐼(𝑥1 < 𝑐1) + 0.95), right: low sensitivity and specificity (𝑠𝑒, 𝑠𝑝) = (0.1𝐼(𝑥1 < 𝑐1) + 0.6, 0.05𝐼(𝑥1 < 𝑐1) + 0.9). The pilot sample
size is 𝑟1 = 200 with total 𝑛 = 10, 000. Three covariate distributions are shown: zeroMean, unequalVar, and rareEvent (5%).
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FIGURE 3 | Empirical mean squared error of 𝛽 using different sampling weights, over 500 replicates. Left: high sensitivity and specificity (𝑠𝑒, 𝑠𝑝) =
(0.1𝐼(𝑥1 < 𝑐1) + 0.8, 0.04𝐼(𝑥1 < 𝑐1) + 0.95), right: low sensitivity and specificity (𝑠𝑒, 𝑠𝑝) = (0.1𝐼(𝑥1 < 𝑐1) + 0.6, 0.05𝐼(𝑥1 < 𝑐1) + 0.9). The pilot sample
size is 𝑟1 = 200 with total 𝑛 = 10, 000. Three covariate distributions are shown: mixNormal, 𝑇3, and Exp.

I-IIIB invasive breast cancer between 1993 and 2006. This data
set is especially useful as we have access to the gold-standard,
chart-reviewed outcome of SBCE for all women in the sample,
along with a highly specific phenotype developed using classifi-
cation and regression trees applied to structured EHR and cancer
registry data developed by Chubak et al. [29].

We are interested in studying how the risk of developing a SBCE
within 2 years of the diagnosis of primary cancer is affected by
three risk factors, age at primary breast cancer diagnosis, the
stage of the primary cancer in the surveillance, epidemiology,
and end results (SEER), and the receptor status of the primary
breast cancer (ER/PR-negative vs. ER-positive). Younger age and
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later stage at the primary diagnosis are known to associate with
elevated risk of SBCE [30, 31]. Hormone therapy can be used
to block ER-positive tumors, slowing tumor growth and reduc-
ing the risk of recurrent cancer. Patients with ER/PR-negative
tumors cannot benefit from this treatment. To illustrate the use
of our methods under the logistic regression setting, we include
only women with 2 years of follow-up under the assumption
of non-informative missingness, such that the total sample size
is 𝑛 = 2928. The median age of patients at primary diagnosis
is 63 with an interquartile range of 52 − 73. About 79.2% of
the patients are at local stage at the primary diagnosis, while
the remainder are at regional stage. The proportion of patients
with ER/PR-negative tumors is 13.9%. A total of 375 (12.8%)
gold-standard SBCE events are identified. Overall, there are
𝑝 = 4 regression coefficients in the logistic regression model,
including the intercept term. The full data MLE is estimated as
𝜷̂𝑀𝐿𝐸 = [−1.113,−0.009,−0.449, 0.607] for intercept, age (year),
local vs. regional stage, and negative vs positive ER/PR status,
respectively.

We vary the total subsample size from 𝑟 = {250, 350, 450}, and
the pilot step 1 sample size (for OSSAT and OSUMC) across
𝑟1 = 80 and 150. For each sample size setting, we conduct the
sampling process independently for 𝑆 = 500 times and calculate
the empirical MSE of 𝜷̃ compared to the full data MLE, 𝜷̂𝑀𝐿𝐸 .
OSMAC using the true outcome (OSMAC(y)) is used as the oracle
benchmark.

The phenotypical algorithm obtains 372 (12.7%) surrogate events,
with high specificity (98%) and sensitivity (89%). To better
demonstrate the proposed subsampling method when the surro-
gate sensitivity and specificity are relatively low, we generate a

synthetic surrogate based on the true SBCE outcome with differ-
ential misclassification. The synthetic surrogate has 85% sensitiv-
ity and 85% specificity when age is no more than 54 and has 70%
sensitivity and 90% specificity otherwise.

The results of our analysis are shown in Table 1. Uniform
sampling with imbalanced outcome data results in a signifi-
cantly higher empirical MSE compared to all informative sam-
pling approaches. Among these, the surrogate-assisted methods,
(OSMAC(s), OSSAT, and CC(s)), achieve lower MSEs by incor-
porating additional surrogate information. In contrast, OSUMC,
which relies solely on covariate information, yields less efficient
estimates. Moreover, the performance gap between OSMAC(y)
and the surrogate-assisted methods is larger when using the less
accurate synthetic surrogate compared to using the true surro-
gate. This highlights that the efficiency gain through integration
of surrogate information into the sampling process depends on
the quality of the surrogate.

Both OSSAT and OSMAC(s) use a two-step sampling procedure
and use the surrogate information to derive the optimal weights.
When the size of the total validation sample is 𝑟 = 250 or 350,
OSSAT consistently produces the smallest MSE. The improve-
ment of OSSAT over OSMAC(s) is more pronounced when the
synthetic surrogate with lower sensitivity and specificity is used.
However, OSMAC(s) provides slightly smaller MSE under two
experiments with 𝑟 = 450 validation sample size. Note that, with
a fixed pilot sample size 𝑟1, the differences in MSE among infor-
mative sampling methods diminish as the total validation sample
size 𝑟 increases to 450. This is likely because, with the increasing

TABLE 1 | Empirical results for estimating the log odds ratios (𝜷̃) of risk factors for second breast cancer event using the BRAVA dataset (𝑛 = 2928).
Reported are the empirical MSE of 𝜷̃ compared to 𝜷̂𝑀𝐿𝐸 under different settings of the surrogate, the pilot step 1 subsample size (𝑟1) and the total sub-
sample size (𝑟) over 500 replicates. The best result (except OSMAC(y)) under each setting is marked in bold. OSMAC(y): optimal subsampling procedure
motivated from the A-optimality criterion using the true outcome; OSMAC(s): OSMAC using the surrogate outcome; OSSAT: optimal subsampling with
surrogate-assisted two-step procedure; CC(s): surrogate-based balanced stratified sampling; OSUMC: optimal sampling under measurement constraints;
UNI: uniform sampling.

𝒓1 = 80 𝒓1 = 150

𝒓 𝒓

Setting Weights 250 350 450 250 350 450

True
surrogate
(high
sensitivity
and
specificity)

OSMAC(y) 0.769 0.525 0.383 0.856 0.528 0.399
OSMAC(s) 0.919 0.604 0.446 0.936 0.631 0.428

OSSAT 0.877 0.597 0.442 0.896 0.592 0.456
CC(s) 1.063 0.608 0.489 0.942 0.673 0.488

OSUMC 1.230 0.767 0.583 1.069 0.765 0.608
UNI 1.512 1.061 0.801 1.614 1.152 0.898

Synthetic
surrogate
(low
sensitivity
and
specificity)

OSMAC(y) 0.784 0.516 0.383 0.877 0.563 0.410
OSMAC(s) 1.052 0.770 0.529 1.054 0.739 0.509

OSSAT 0.990 0.741 0.513 1.006 0.647 0.533
CC(s) 1.174 0.858 0.621 1.299 0.820 0.550

OSUMC 1.163 0.816 0.637 1.168 0.773 0.638
UNI 1.592 1.116 0.802 2.215 1.129 0.850
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availability of the true outcome labels, the estimates become suffi-
ciently stable, and the difference between methods that incorpo-
rate surrogate information become trivial. This observation sug-
gests that OSSAT may be the preferred method when the surro-
gate outcome is not very accurate and a smaller validation set is
preferred.

5 | Discussion

Misclassification of EHR-derived phenotypes can lead to biased
and underpowered inference in association studies. Methods
using validation samples have been useful in correcting for this
bias, but the quality (specifically the informativeness) of the
validation set has been given little consideration in the litera-
ture. Informative sampling, which uses the information of the
outcome, provides an opportunity to improve the quality of
the validation set and hence the efficiency of the estimation.
When the EHR-derived phenotype is of high accuracy, a sim-
ple surrogate-substituted sampling strategy (OSMAC(s)) may be
used. However, the surrogate phenotype may also be derived from
a simple proxy variable that is only mildly informative of the true
outcome (e.g., ICD-10 code or a single biomarker). In this case,
a sampling strategy that better utilizes the surrogate phenotype
is desired. In this paper, we propose a novel surrogate-assisted
sampling strategy (OSSAT) that optimized the statistical effi-
ciency in the estimated model parameters from the validation
set, through the use of informative sampling weights. This sam-
pling strategy utilizes the surrogate, EHR-derived phenotype to
guide chart review of outcomes in measurement-constrained set-
tings. This surrogate-assisted weight requires a two-step frame-
work, in which a pilot sample with validated outcomes is needed
to estimate the accuracy of the surrogate outcome and con-
struct the weights. The OSSAT is proven to optimize the MSE
of the overall estimation, according to the same A-optimality
criterion [23, 24].

We demonstrate the advantages of the OSSAT method through
simulation studies and application to a KPWA data set on
secondary breast cancer events (SBCEs), where different lev-
els of surrogate accuracy are evaluated. Both the simula-
tion and real application show that, compared to the sim-
ple surrogate-substituted sampling strategy (OSMAC(s)), OSSAT
achieves better efficiency in estimating the coefficients, especially
when the accuracy of the surrogate outcome is not satisfactory.
Moreover, OSSAT is also shown to be robust to differentially mis-
classified surrogate outcomes.

This novel OSSAT sampling strategy is not without limitations.
First, the same as most informative sampling methods, OSSAT
also requires a pilot sample to obtain a preliminary estimate
of 𝜷̂𝑀𝐿𝐸 that will be used in the optimal weight calculation.
Additionally, OSSAT also relies on the pilot sample to esti-
mate the surrogate sensitivity and specificity. The advantage
of OSSAT could diminish if the pilot sample is too small in
scenarios such as rare outcomes. Second, it is unknown how
misspecification of the working models used to construct the
weights may impact performance. Our weight formulations sug-
gest that if model misspecification impacts the quantities 𝑝̂(𝑠𝑖|𝒙𝑖)

and 𝑝̂(𝑦𝑖|𝑠𝑖,𝒙𝑖), then the resultant weights could be subopti-
mal from an efficiency standpoint, though 𝜷̃ should remain
unbiased by virtue of inverse probability weighting. Also, the
impact of potential differential misclassification of the surro-
gate is only evaluated empirically. The robustness of the OSSAT
method to model misspecification is worthy of future investi-
gation. Third, we use with-replacement sampling to draw val-
idation sample for all the subsampling weights in this paper.
This will result in less unique validation sample for chart review.
However, as suggested by Wang et al. [32], with-replacement
sampling may sacrifice some estimation efficiency compared
to Poisson sampling with no replicates. The investigation of
applying Poisson sampling with surrogate-assisted sampling
weights is beyond the scope of this paper and requires further
investigation.

Furthermore, sampling weights based on leverage have the
potential to oversample outliers in the data, which could have
undue influence on the final estimates. However, as the weighted
pseudo log-likelihood uses the inverse of the weights, such influ-
ence should be minimal. The use of inverse weighting for estima-
tion is itself a limitation of algorithmic leveraging, as observations
with larger weights end up contributing less to the weighted esti-
mation procedure, thus reducing efficiency. [33] improved upon
this by proceeding with unweighted estimation and adjusting
for bias using a pilot estimate from step 1. The methods dis-
cussed in this paper can be modified similarly to further improve
efficiency.

Finally, the experimental designs considered in this paper assume
the model of interest is chosen as a priori and is representative
of the true data generating mechanism. Approaches are needed
for the framework of model building and model selection. The
literature on active learning may be a useful resource for such
extensions.

Overall, we believe this is a useful addition to existing sam-
pling methods for logistic regression models. They may be used
alone or in combination with surrogate augmented estimation
approaches, such as that proposed by Tong et al. [17], to further
improve efficiency. An R package for implementing the proposed
weights is forthcoming.
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