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Summary

The number of scientists using —omics technologies to investigate biomarkers with the potential to
gauge risk and aid in the diagnosis, treatment, and prognosis of stroke continues to rise, yet there
are few resources to aid investigators in recruiting control participants. In this review, we describe
two major strategies to match control participants to a stroke cohort - propensity score matching
and one-to-one matching — including statistical approaches to gauge the balance between groups.
We then explore the advantages and disadvantages of traditional recruitment methods including
approaching spouses of enrolled stroke participants, direct recruitment from clinics, community
outreach events, approaching retirement communities, and buying samples from a 39 party
vendor. Newer methods to identify controls by screening the electronic health record and using an
online screening questionnaire are also described. Finally, we cover compensation for control
participants and special considerations. The hope is that this review will serve as a roadmap
whereby an investigator can successfully tailor their control recruitment strategy to the research
question at hand and the local research environment. While this review is focused on blood-based
biomarker studies, the principles will apply to investigators studying a broad range of biological
materials.
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Introduction

Biomarkers are biological signatures used to indicate the presence of some other biological
phenomenon in health and disease. In the context of stroke, biomarkers are useful both
clinically and in research to gauge stroke risk [1] and aid in diagnosis [2, 3], prognosis [4],
and directing treatment decisions [5]. Some examples of widely used clinical biomarkers
include blood low density lipoprotein (LDL) level as a risk factor for stroke [6], diffusion-
weighted MRI to diagnose ischemic stroke [7], and the degree of stenosis on carotid imaging
to guide treatment decisions for carotid atherosclerotic disease [8, 9]. There are also many
stroke biomarkers under evaluation in research such as plasma NT-proBNP, a biomarker of
cardiac myocyte dysfunction linked to an increased risk of ischemic stroke [1]. NT-proBNP
is currently under study to help direct the decision on whether to start apixaban (an
anticoagulant drug) or aspirin for secondary stroke prevention [5].

In developing stroke biomarkers, non-stroke controls are often necessary to help prove that
the biomarker is truly signaling the biological phenomenon of interest. This is most
important in diagnostic studies trying to differentiate between stroke and non-stroke
physiology. Controls can also be helpful in prognostic studies and in studies assessing stroke
risk. For example, in the Biomarkers of Stroke Recovery Study in which we developed the
recruitment strategies described in this article, our goal was to identify plasma biomarkers
associated with good and poor motor recovery after stroke. Based on our preliminary study
findings [10], several microRNAs differentiate between good and poor motor recovery, but
without controls we were left with many questions. Were these findings due to increased
tissue injury in the poor recovery group or an enhanced neural repair response in the good
recovery group? Non-stroke controls could help answer this question. How confident are we
in the results? In the current state of science where many biomarker studies cannot be
reproduced [11], proving that biomarker levels are significantly different from non-stroke
controls adds a level of scientific rigor that substantially raises confidence in the
reproducibility of the findings. Similar reasoning led investigators in a study assessing
metabolite biomarkers of stroke risk to add a validation cohort comparing metabolite levels
in stroke patients and controls [12]. Of course, not all biomarker studies require controls. In
studies using a biomarker to direct treatment for secondary stroke prevention, such as the
NT-proBNP example above, non-stroke controls add no value. Thus, while non-stroke
controls are not necessary for all stroke-related biomarker studies, they are required for
diagnostic studies, and add substantial rigor to many other investigations.

In this review we provide practical guidance on how to approach control recruitment for
stroke biomarker studies. The first half introduces strategies to match stroke and non-stroke
controls and describes statistical tests to gauge match fidelity. The latter half covers
recruitment strategies including both traditional and more modern techniques using the
electronic health record (EHR) and online screening questionnaires.

Matching Strategies - Propensity Score and One-to-One Matching

Once the decision has been made to recruit a control group, the next step is to determine
how closely to match the stroke participants and non-stroke controls. In some studies
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matching is unnecessary, for example, in randomized studies or in acute stroke diagnostic
studies where it is more important for the controls to share the same symptoms on
presentation than to match for other potential confounders. For most other investigations,
however, matching is important to control for potential confounders between the stroke and
control populations. If the entire stroke cohort is already recruited one can perform
regression assessing each potentially confounding variable, determine which variables lead
to significant variance in the outcome of interest, and then recruit controls matched only for
those variables. Most investigators, however, will wish to prospectively enroll controls along
with stroke patients. In this latter case the confounding variables are unknown and it is wise
to match for age, sex, race, and major cardiovascular comorbidities including hypertension,
hyperlipidemia, diabetes, atrial fibrillation, and smoking. Ignoring these variables may bias
results. For example, older patients have worse recovery from stroke than younger patients
[13], and there are known sex differences in gene expression for many neurological and
cardiovascular diseases [14]. In addition, blacks have around double the incidence of stroke
as whites [15, 16] for reasons that are likely multifactorial, but could include genetics [17]
and socioeconomic status [18]. Researchers may also need to match for variables beyond
demographics and cardiovascular comorbidities. For example, because statins were shown to
stabilize carotid plaques [19], an investigator studying a new lipid biomarker for carotid
atherosclerotic disease may wish to match for statin use. Once the important potential
confounders are identified, there are two primary methods to choose from to obtain well
matched groups — propensity score matching and one-to-one matching.

Traditionally, investigators have used propensity scoring to match a pool of possible control
participants to a stroke cohort based on demographic features and cardiovascular
comorbidities [20, 21]. Most investigators employing this strategy either already have a pool
of control biological samples on hand or prospectively recruit both stroke and control
participants during the study period. Propensity scoring typically requires a larger pool of
controls than stroke patients (at least 50% larger). Once all participants are enrolled, a
propensity score is commonly estimated using logistic regression where patient status
(stroke or control) is regressed on baseline characteristics. Regression results in a propensity
score from 0 to 1, which is the estimated probability that the participant belongs to the stroke
group. In the final step, each stroke participant is matched with a control participant,
commonly using a greedy matching algorithm where the next available control with the
closest propensity score is matched regardless of whether that control is a better match for a
remaining stroke participant. Optimal matching is another common method, which
minimizes the difference in propensity scores among all matched stroke and control
participants. To achieve good results, the control cohort on the whole needs to be similar to
the stroke cohort with regard to the matched variables, and the propensity scores need to
span the same range. If the ranges are different between stroke and control, there may only
be a narrow overlapping range in the middle, which will decrease the number of participants
that can be included in the analysis and potentially bias the study toward a group that is not
representative of the overall sample. There are several statistical packages that can perform
propensity score matching, including SPSS, SAS, Stata and the Matchlt package in R [22].
A full discussion of propensity score matching is beyond the scope of this review, but the
reader is referred to other articles focused on this topic [23, 20, 24].
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In one-to-one matching, the investigator attempts to identify and enroll control participants
that are perfect or near perfect matches for each stroke participant with regard to
demographic features and other potential confounders. In the past, the time and resources
required to employ such a strategy would be impossible. In the digital age, however, one can
leverage the large amount of information contained in the electronic health record (EHR) as
well as the Internet via web-based questionnaires to screen for well-matched controls (see
separate sections below for details). One-to-one matching may be preferred over using
propensity scores by some investigators because fewer control participants need to be
enrolled and the controls are likely to be closer matches for each respective stroke patient,
particularly in small biomarker studies. For example, the odds of finding a 75 year-old Asian
male with a history of diabetes, atrial fibrillation, and smoking from among a sample of 50
prospectively enrolled controls for the purpose of propensity score matching are exceedingly
low, whereas one-to-one matching typically identifies many such individuals for potential
enrollment. Drawbacks to one-to-one matching include the requirement of a modest
investment in programming support as well as a large EHR system with many patient
encounters to be effective. The advantages and disadvantages of propensity score matching
and one-to-one matching are described in Table 1.

Statistical Tests to Gauge Balance between Stroke and Control Cohorts

Determining the best method to gauge match fidelity between clinical and control cohort
baseline variables remains controversial, but we aim to clarify the subject through specific
examples. Traditionally investigators have compared each matched variable from two
cohorts using hypothesis testing (such as T-tests) and reporting P values. However, this
approach is problematic because whether the Pvalue is < 0.05 is highly dependent on the
sample size and not just the difference in variable prevalence between groups [25]. From a
statistical perspective, T-tests are inappropriate for comparing dichotomous variables.
Consider, for example, a stroke and control population matched for the variable diabetes
(Table 2). Most investigators would consider a 25% difference in rates of diabetes between
groups unacceptably large. Yet for a small cohort of 20, the P value from a Student’s T-test
is > 0.05, suggesting a non-significant difference between groups (= 0.11). Moving to a
larger cohort of 200 with the same 25% difference suggests a highly significant difference
between groups (P= 1.7 x 1077).

To overcome the effect of sample size, statisticians have encouraged reporting the
standardized difference between groups as opposed to Pvalues [26, 23, 22]. The formula for
calculating the standardized difference (d) between dichotomous variables is

(Pstroke = Pcontrol)

\/ﬁstroke(] = Dstroke) + Pcontroi(1 = Pcontrol)
2

d=

where prore aNd peontror are the prevalence of the variable in the stroke and control

populations respectively [26]. Some have proposed a standardized difference < 0.1 as an
acceptably small difference between matched variables [27, 28]. Returning to our prior
example of a 25% difference in diabetes rates between groups, the standardized difference is
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0.53 regardless of sample size, confirming our initial intuition that the difference was
unacceptably large.

While adopting the standardized difference has advantages over hypothesis testing, there
remain challenges. Consider, for example, 3 other matched variables hyperlipidemia (HLD),
hypertension (HTN) and smoking (Table 2). A hypothetical stroke and control cohort have
50% and 45% rates of HLD; 90% and 85% rates of HTN; and 15% and 10% rates of
smoking respectively. All 3 risk factors have a 5% difference between groups, but the
standardized difference is 0.1 for HLD and 0.15 for HTN and smoking. Thus, the
standardized difference calculation is least stringent when a variable is present in 50% of the
population, but becomes more stringent as the characteristic becomes either over- or
underrepresented in the group (Fig 1). What this means in practice is that for small
biomarker studies with n < 20, a single participant with an additional or missing variable
between the stroke and control cohorts leads to a standardized difference = 0.1. In studies
matching for multiple baseline demographic and comorbidity variables, it should be
apparent that achieving a standardized difference < 0.1 for all variables may be
unachievable.

If hypothesis testing reporting P values for differences between groups lacks statistical rigor
and obtaining a standardized difference < 0.1 for all variables is too stringent, what should
an investigator report? We propose reporting the standardized difference with a goal < 0.1
for all variables, but accepting the fact that some will be outside this range, particularly in
studies with small sample size. Ultimately the degree of difference between each variable in
the stroke and control cohorts that could bias a particular study are unknown, and it will be
up to the reader to gauge whether the groups are well matched irrespective of the data
reporting method.

Recruitment Strategies

Here, after first discussing ethical considerations, we describe several methods to identify
and enroll control participants into stroke biomarker studies along with their advantages and
disadvantages (summarized in Table 3). While these were devised from the perspective of a
practicing physician engaged in clinical research, the strategies could also be carried out by
non-clinician investigators. In the latter case it would be helpful to team up with a practicing
physician engaged in stroke-related research to explore all control recruitment options.
Many of the non-clinician investigators at our institution, for example, use our registry
among other strategies to identify appropriate controls.

Ethical Considerations

All clinical research involving human subjects requires approval from the appropriate
institutional ethics committee prior to initiation, and there are additional requirements for
some of the EHR and online questionnaire-related recruitment strategies discussed in this
article. It is important to describe to the ethics committee which recruitment strategies will
be employed. For example, the investigator should describe whether they plan to recruit
spouses, relatives, friends and coworkers; recruit from clinics, community events, and
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retirement communities; and create a registry which can be used for future studies. These
disclosures will allow the ethics committee to provide feedback and in the process help
protect the investigator and the institution in the case of an untoward event or lawsuit.
Screening the EHR and using online questionnaires to identify potential matches (described
below) requires the investigator to screen through protected health information (PHI) before
obtaining informed consent; having thousands of people sign informed consents when only a
small fraction will ultimately engage in study procedures is not practical. Ethics committees
in most countries will allow this after first obtaining a special waiver of informed consent for
screening PHI as long as informed consent is obtained from participants who go on to
engage in study procedures.

Recruiting Spouses, Relatives, and Friends of Enrolled Stroke Patients

Spouses, relatives, and friends of enrolled stroke patients are excellent resources for
potential control participants. They are already invested to a certain degree based on
participation by their friend / loved one. In addition, many wish there was more they could
do to help, even if indirectly, in the aftermath of a stroke. By participating in clinical
research, family members and friends receive some outlet for these feelings with the
knowledge that their participation could improve patient care in the future. Spouses tend to
be similar in age, and if the spouse of every stroke patient enrolled as a control the groups
would be closely matched for sex. What is more, spouses and neighborhood friends
generally eat the same diet and are exposed to the same environmental risks — features which
are difficult to control for when recruiting an unrelated cohort of controls. One limitation to
recruiting family members and friends is that they are often healthier than the stroke patient
with fewer cardiovascular comorbidities. Additional recruitment strategies are therefore
required to obtain well matched groups.

Recruiting Stroke Mimics

Stroke mimics are appealing for enrollment as control participants, and are best suited for
studies focused on acute stroke diagnostic biomarkers. Some examples of stroke mimics
include seizure, multiple sclerosis, migraine and conversion disorder [29]. By nature strokes
are stressful events, and using stroke mimics as controls provides exposure to a similarly
stressful initial presentation and hospitalization. The investigator may already be following
the stroke mimic clinically, so a relationship is already established whereby they are more
likely to enroll as a control. Enrolling stroke mimics may be critical in studies assessing
diagnostic biomarkers for acute stroke [2, 30]. The reason is that some mimics, including
seizure and multiple sclerosis, may lead to a change in physiology [31-33] that must be
differentiated from acute stroke in order to make the diagnostic test clinically useful. This
issue is important enough that recruiting mimics may take precedence over matching for
demographics and cardiovascular comorbidities in acute stroke diagnostic studies.
Recruiting mimics as controls has a few drawbacks. Stroke mimics tend to be younger, are
more often female and have different cardiovascular comorbidities including lower rates of
atrial fibrillation [34-36, 29].
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Recruitment from Clinics

Clinics are another potential source for controls, but success largely depends on the
relationship of the principal investigator and research coordinators with the clinic physicians
and staff. As the home department, Neurology clinic will be the most natural fit for most
stroke investigators. Then again, enrolling patients with neurologic disease is problematic, as
the other disease process may confound the results of a stroke-related study. One way
around this is to not approach the patients, but the spouses and relatives who accompany the
patients to Neurology clinic. Cardiology and Vascular Surgery clinic are also potentially
fruitful, because the patients share a large number of cardiovascular comorbidities with the
study cohort. Recruiting from a department that is not one’s primary affiliation is more
challenging, but these relationships can be forged through collaborative efforts.

From a logistics standpoint, one should begin by trying to recruit from a clinic whose
demographic features roughly parallel the stroke cohort. For example, dementia or
movement disorders clinic will yield more age-appropriate controls than targeting headache
clinic. It generally works best for the clinic provider to ask the patient / spouse whether they
would be willing to talk to research staff about possible study participation at the end of the
patient encounter. Research staff can then enter the exam room and approach for screening
or enrollment. A word of caution if one is employing a one-to-one matching strategy -
searching through Cardiology and Vascular Surgery clinic schedules to identify perfectly
matched controls prospectively is generally very low yield. If an investigator wishes to use
one-to-one matching in a clinic setting, the best approach is to quickly screen many potential
controls using an online questionnaire via iPad or similar device. The researcher can then
circle back to the potential control by phone once they confirm the match.

Community Outreach Events

Health fairs and other community outreach events can be very helpful to target a particular
demographic. For example, an investigator may find their stroke cohort is comprised of
equal numbers of white and black participants, yet the control cohort is mostly white due to
the demographics in the vicinity of the Neurology clinic. To bolster the number of black
control participants the investigator may wish to set up a booth at a health fair situated in a
black community, providing education on recognizing the signs and symptoms of stroke
while seeking new controls. In the United States, Comprehensive Stroke Centers are
required to provide events to educate the public on stroke biannually. These events are
perfect opportunities to both educate and seek out potential controls from the community.

Retirement Communities

Because stroke is a disease of aging, retirement communities are a rich source of controls.
One must be careful, however, to gauge the functional status of the residents before targeting
a particular facility. Because most stroke-related studies enroll patients who were previously
functionally independent, independent living facilities are often the most appropriate source
of controls. The investigator should approach the manager of the facility to get permission to
distribute recruitment materials. Gaining the trust of these individuals can be challenging,
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and it is often helpful to have someone on the inside — a resident who previously enrolled in
your study or another investigator who has worked with the facility who can lobby on your
behalf. An efficient way to screen a retirement community is to have the manager distribute
an online screening questionnaire to all the residents via email. Alternatively, the researcher
can approach the facility like a community outreach event, providing stroke education to the
residents while also trying to recruit control participants.

Obtaining Control Samples from Third Party Vendors

We recommend against using third party vendors to obtain control samples of biological
materials for two main reasons. Most importantly, the cost of these samples can be
prohibitive, especially for an investigator-initiated study. Each matched demographic feature
or comorbidity tends to ratchet up the cost, and soon the study is untenable. The second
downside is sample handling and processing. Any time samples are acquired by two
different labs there is opportunity to introduce significant bias. Simply using a different
gauge phlebotomy needle, for instance, can sometimes alter study results [37].

Screening the Electronic Health Record for One-to-One Matches

Countries with a nationalized health care system and those with consolidated regional health
care systems using a common EHR have a wealth of data to identify very closely matched
controls for biomarker studies. The EHR for MedStar Health in the mid-Atlantic region of
the U.S., for example, has data from over 4 million patient encounters per year, and over 4
million distinct patients. One-to-one matching will be most effective in similar EHR systems
with a large number of potential matches available.

Querying the EHR to find matched controls requires writing a computer program followed
by a small amount of ongoing programming support to run the matching algorithm for each
stroke patient. In our case, we wrote a program in SAS 9.4 (Cary, NC) that accesses the
Cerner MedConnect system (Cerner Corp., Kansas City, MO). Demographic features
including age, sex, and race were queried using the PERSON table in Cerner. To match each
comorbidity using ICD9 and ICD10 codes, we linked the DIAGNQOSIS table in Cerner to the
NOMENCLATURE table by the Nomenclature 1D. We also used the PROBLEM tables in
Cerner to look up various phrases synonymous with the comorbidity, for example, “HTN”,
“HYPERTENSION ESSENTIAL”, and “BENIGN ESSENTIAL HYPERTENSION”. We
added algorithms for exclusion criteria, such as stroke, using “Not In” subqueries. Finally
we limited potential matches to zip codes within a 5-10 mile radius of the hospital to reduce
logistical challenges. An example of the SAS code used to identify matches for a 79yo black
male stroke patient with a history of hypertension, hyperlipidemia, diabetes, coronary artery
disease, smoking, and statin use can be found in Appendix 3 in the online supplementary
material.

The computer program must be modified slightly for each individual and some iterative trial
and error is required to obtain the desired number of matches. It is not practical to identify
one-to-one matches for all stroke patients simultaneously because the query for each match
can take from 30 minutes up to several hours to run. Matching for age, race, and sex is
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straightforward and often returns 100 or more matches. Adding comorbidities can quickly
narrow this list. If a stroke patient has a long list of comorbidities, we would recommend
limiting to the 3—4 most important comorbidities to generate a list of at least 10 matches.
Finding enough matches for underrepresented minority populations may also be challenging,
requiring more flexibility on exact matching of comorbidities or age range. Matching for
medications, such as statin use, is also possible, but further limits the number of matches.

Once a list of matches is generated, some detective work is still required before initiating
contact. The research staff will need to look up each match in the EHR to be sure they meet
study inclusion / exclusion criteria. One may find, for example, that the match has terminal
cancer and should be excluded. The next step is to send a recruitment letter to each carefully
vetted match, telling them that they match a previously enrolled stroke patient and
describing the nature of the study (see Appendix 1 in the online supplementary material for
example recruitment letter). We follow this up a week later with a phone call. About 10—
20% of those we reach out to with this method end up enrolling in the study, with about a
third of enrollees responding directly to the mailer alone. It is often helpful to detail over the
phone exactly which comorbidities the prospective control possesses that perfectly match the
stroke patient — this helps convince them of their unique qualifications and motivates them to
participate. If the research staff works through everyone in the list without enrolling a
matched control the next step is to rerun the algorithm, possibly expanding the geographic
catchment area, liberalizing the number of matched comorbidities, or expanding the age
range.

In practice, one-to-one matching has facilitated the enrollment of perfect matches for the
majority of our stroke patients. The rest are near perfect matches, +/- 2 years in age and off
by 1 comorbidity. We attempt to offset the additional or missing comorbidity by prioritizing
recruitment of a future control who lacks or has the comorbidity respectively. This makes the
future control a less perfect match for their paired stroke patient, but balances the
comorbidities overall to bring the standardized difference into the desired range.

Web-based Questionnaire to Screen for Matches

Using a web-based questionnaire is another way to leverage technology to screen large
numbers of potential control participants. The questionnaire requires programming up front,
but once in place there is no need for ongoing programming support. The questionnaire is
simply a web-based form where a prospective control can enter their demographic
information and answer a few questions regarding their past medical history related to the
inclusion / exclusion criteria for the study (see example in Appendix 2 of the online
supplementary material or https://researchdata.medstar.net/redcap/surveys/?
s=AXDWMT4K3M). This information is sent to an encrypted database (examples include
REDCap, SQL) accessible only to study investigators. The investigators can then manually
determine whether the prospective control is a suitable match for a previously enrolled
stroke patient.

Once in place, the screening questionnaire can be deployed in many environments including
retirement communities, clinics, and community outreach events. Additional strategies that
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can be very effective include blast emails to all hospital employees and sending a message
with the questionnaire hyperlink to all patients registered with an individualized health
portal through the EHR. These blast email strategies can generate 100’s if not 1000°’s of
responses, but the success largely depends on lobbying efforts with hospital administration.
Many hospitals are reluctant to directly email study solicitations and may relegate the notice
to an email newsletter that includes several other studies competing for the reader’s
attention. To help overcome this limitation, investigators could use a computer algorithm (as
described in the ‘Screening the Electronic Health Record for One-to-One Matches’ section
above) to target blast emails to particular individuals who meet certain inclusion / exclusion
criteria. For institutions engaged in ongoing stroke biomarker studies, the data collected can
serve as a registry for future controls.

Compensation

In our experience, most controls do not participate for the money, but out of a genuine desire
to help future stroke patients. In countries where compensation for study participation is
rare, this altruistic spirit should be enough to reach recruitment goals. Having said that, in
countries where research compensation is more common, a small amount of compensation
helps facilitate recruitment efforts. Around $50-100 (USD) per blood draw, whether in cash
or gift cards, is usually effective. Less compensation would not be motivating and much
higher rates can eventually become coercive, where the participant takes on risk they would
not otherwise deem acceptable in order to receive payment. When providing compensation,
one should provide enough to cover study related participation including things like parking,
travel, and breakfast after a fasting blood draw.

Special Considerations

Certain patient populations are more difficult to recruit and may require extra efforts. Many
blacks are wary of enrolling in studies for a variety of reasons [38, 39], including
exploitation in the past in the name of biomedical research. The Tuskegee syphilis trial [40]
and the immortal HelLa cell line [41] are two prime examples. As a result, an investigator
may need to screen twice as many blacks to enroll the same number of control participants
[42, 43]. Men are also more difficult to recruit than women [44, 45]. Using the EHR
screening technique described above we find that many women contact us directly from the
mailer alone, but men require more convincing with a follow up phone call. To better
address recruitment challenges in these populations, investigators may need to develop at
least one specialized recruitment strategy. This may entail screening at health fairs situated
in black communities or at a Veteran’s home with a large population of men to draw from.

A final consideration relates to interactions between variables the investigator is trying to
match between the stroke and control cohorts, such as hyperlipidemia and statin use.
Patients suffering acute stroke are typically started on high dose statin for secondary stroke
prevention based on the results of the SPARCL trial [46] even in the absence of
hyperlipidemia. As a result, an investigator may end up with a stroke cohort where > 95%
are on statins, but less than half have hyperlipidemia. The problem arises when trying to
identify matched controls. In the absence of stroke there are very few indications for statin

Transl Stroke Res. Author manuscript; available in PMC 2021 October 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Edwardson and Fernandez Page 11

use without comorbid hyperlipidemia. Inevitably the investigator must choose which
variable is most important, as it will be impossible to find enough controls on statins without
hyperlipidemia to perfectly match the stroke and control populations. Fortunately we have
not encountered other such interactions between the common cardiovascular comorbidities
that limit matching fidelity.

Conclusions

Propensity score matching and one-to-one matching are both good options for enrolling
matched control groups into stroke biomarker studies. Propensity scoring requires a larger
pool of enrolled controls, but may be more practical for investigators who lack a large EHR
or who already have many control samples in hand. One-to-one matching is a more targeted
approach, but requires computer programming support.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Standardized difference (black, left y-axis) and P-values (gray, right y-axis) for a
hypothetical matching variable with a 5% difference in prevalence between the control and
stroke cohorts. A standardized difference < 0.1 or a P-value > 0.05 are generally reported as
evidence for good matching between groups. The P-value, however, changes dramatically
based on sample size such that a small study with 20 participants produces P-values much
larger than a study with 200 participants. In contrast, for the same difference in prevalence
between groups, the standardized difference remains the same whether there are 20 or 200
participants. Thus, the standardized difference is the preferred method to report match
fidelity between variables. With either method, variables that are either over- or
underrepresented in the population require more stringent matching.
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Table 1.

Comparison of propensity score matching and one-to-one matching

Page 16

Propensity Score Matching

One-to-One Matching

Study design best suited for
matching technique

« Large biomarker studies, particularly those where a
large pool of control samples is already available, but
can also be used in studies where controls are recruited
prospectively

» Small to medium biomarker studies in which
controls are recruited prospectively

Total number of enrolled
controls necessary to
achieve good matching

« At least 50% more than study cohort

« Equal to study cohort

Ability to closely match
cohorts for potential
confounders

* Yes, though may be ill-suited for

small biomarker studies without a large pool of controls
to draw

from

« Risk that propensity scores may span different

ranges between stroke and control which may lead to
inclusion of

non-representative sample

* Yes, though perfectly matching for

age, race, sex and > 2-3 comorbidities becomes
challenging

« Investigator will need to try and offset
additional or missing comorbidies in the non-
perfect matches by

enrolling future controls who lack/have the
comorbidity

Computer programming
investment

« Little to none, regression and matching algorithms can
be run from most biostatistical software packages

» Modest investment upfront to
establish algorithms to query electronic health
record

Minimal ongoing support cost to run queries

Electronic health record
size requirement

* None

» ~500,000 or more patient encounters
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Hypothesis testing versus standardized difference calculations for comparing baseline characteristic prevalence
from two hypothetical matched stroke and control cohorts

Cohort 1 Cohort 2
?g;%g &o:nztor)ol P value? St_andardizbed (S;L%IS% ) g]o:nztgg)l P value?® St_andardizbed
Difference Difference
Diabetes 50% 25% 0.11 0.53 50% 25% 1.65E-07 | 0.53
Hyperlipidemia | 50% 45% 0.76 0.10 50% 45% 0.32 0.10
Hypertension 90% 85% 0.64 0.15 90% 85% 0.13 0.15
Smoking 15% 10% 0.64 0.15 15% 10% 0.13 0.15

a, A . . -
Student’s t-test. A Pvalue < 0.05 suggests a significant difference between baseline characteristics

b . . . . -
A standardized difference > 0.1 suggests an imbalance between baseline characteristics
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Advantages and disadvantages of various control recruitment strategies

Advantages

Disadvantages

Traditional Recruitment Strategies

Spouses, relatives,
and friends of
enrolled stroke
participants

« Already invested in

research

« If all spouses enrolled study well matched for

sex

« Exposed to same diet / environmental risks as stroke
patient

« Tend to have fewer cardiovascular comorbidities

Stroke Mimics

« Undergo same stressor as stroke

patient with acute hospitalization

* May be critical in

acute stroke diagnostic biomarker studies

« Predominantly female

Different vascular risk factors

« Seizure physiology may

confound stroke biomarker studies focused on treatment
or prognosis

Clinics

« Patients and their spouses / relatives have established
relationship with provider, therefore more likely to enroll
as controls

* Need to be careful that other

comorbidities (dementia, Parkinson’s, etc.) will not
confound

results

« Can be challenging when recruiting from clinic
other than home department

Community outreach
events

« Great for targeting a particular demographic that is
challenging to enroll otherwise

« May require added effort on the part of the investigator
(travel, putting together stroke educational materials,
etc.)

Retirement
communities

* Good way to screen a large number of potential controls

« Requires gaining the trust of the

facility manager

« Many investigators may wish to exclude
controls who are not able to live independently

Purchase samples
from 3™ party vendor

« Samples can be gained quickly

« Cost prohibitive

* May
introduce significant bias since sample processing and
handling likely

different than stroke cohort

Modern Recruitment Strategies

Screening electronic
health record

« Allows for good one-to-one matching

of multiple demographic and comorbidity features
simultaneously

« More targeted strategy that mitigates

some of the effort required for more traditional
recruitment strategies

described above

« Sometimes difficult to find large

number of matches for minority populations

« Requires

programming investment

« Still a fair bit of effort for

research staff, ~10-20% of contacted matches end up
enrolling

Online screening
questionnaire

« Can be coupled with most of the

traditional recruitment approaches described above
Allows researcher to gauge the fidelity of the match
before proceeding

to full enrollment

« Hyperlink can be email blasted to

hospital employees and to EHR health portal accounts to
reach large

numbers of potential controls

* May add additional layer of

unnecessary work if one plans to use propensity score
matching

* Requires small programming investment
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