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Distance to care is a common exposure and proposed instrumental variable in health research, but it is vulnera-
ble to violations of fundamental identifiability conditions for causal inference. We used data collected from the Bots-
wana Birth Outcomes Surveillance study between 2014 and 2016 to outline 4 challenges and potential biases
when using distance to care as an exposure and as a proposed instrument: selection bias, unmeasured confound-
ing, lack of sufficiently well-defined interventions, and measurement error. We describe how these issues can
arise, and we propose sensitivity analyses for estimating the degree of bias.
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Abbreviation: SES, socioeconomic status

Editor’s note: An invited commentary on this article ap-
pears on page 1682.

The distance an individual travels from their home to receive
medical care, referred to as distance to care, is an important and
frequently used construct in health services research. In partic-
ular, distance to care is often evaluated in relationship to infant
and child mortality in low- andmiddle-income countries (1–5).
Distance to care is also proposed as an instrument for estimat-
ing effects of other exposures, such as the receipt or intensity
of a medical treatment or procedure (6–11), on a health out-
come. In many of these studies, the explicit or implicit goal is
to inform public health decision-making, a goal that relies on
the study results providing valid estimates of causal effects
(12).

However, when distance to care is used as an exposure or
proposed as an instrument, a number of possible biases exist
that might violate fundamental identifiability conditions for
causal inference—namely, exchangeability and consistency
(13). First, nonexchangeability due to selection bias can
occur when distance to care is associated with selection into

the study, as is often the case when participant recruitment
occurs at sites offering care. Second, nonexchangeability due
to unmeasured or residual confounding by variables such as
socioeconomic status is likely. Third, distance to care might
not correspond to a sufficiently well-defined intervention, an
arguably critical component of consistency (14–17), affecting
interpretability and potentially inducing bias. Fourth, measure-
ment error for distance can compound these problems, compli-
cating exchangeability and undermining attempts at specifying
a well-defined intervention. In this paper, we use an example
from a birth outcomes surveillance study in Botswana to illus-
trate these potential biases when using distance to care as an
exposure or a proposed instrument. We introduce the case
study, describe potential issues when using distance to care as an
exposure or proposed instrument, and propose sensitivity analyses.

CASE STUDY: BOTSWANABIRTHOUTCOMES
SURVEILLANCE STUDY

The Botswana Birth Outcomes Surveillance study is a sur-
veillance study of >75,000 infant livebirths and stillbirths at
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8 geographically representative major delivery centers in
Botswana offering high levels of care, representing approximately
45% of all births in the country between 2014 and 2016. Data are
collected from obstetrical cards at the time of discharge from the
postnatal ward (18, 19), including adverse birth outcomes and the
first antenatal care clinic visited during pregnancy, a proxy for a
woman’s home village.

The high incidence of adverse birth outcomes in Botswana
has been previously reported in this cohort using data from
2009 to 2011 (18). The overall risk of stillbirth (defined as fetal
death at ≥24 weeks’ gestation with an Apgar score of 0,0,0)
was 3.3%, the overall risk of preterm delivery (delivery at<37
weeks’ gestation) was 19.6%, and the overall risk of the infant
being small for gestational age (<10th percentile according to
World Health Organization norms (20, 21)) was 13.5% (18).
Greater access to care during pregnancy could reduce the risk
of adverse birth outcomes by facilitating receipt of treatment
for infections, diabetes, hypertension, anemia, and other preg-
nancy complications, which are known risk factors for adverse
birth outcomes (18, 22–25). Greater access to care also in-
creases access to HIV medication, reducing HIV transmission
frommother to child (26). In addition, shorter distances to care
decrease the likelihood that a woman will deliver on the way
to the delivery center or at home, which in turn could decrease
the risk of stillbirth, neonatal death, and maternal mortality
(22, 27).

Our goal was to estimate the effect of distance from the first
antenatal-care clinic visited during pregnancy to the nearest
major delivery center on the risk of stillbirth. We used driving
distance, calculated using the Google Distance Matrix API, as
our primary exposure (dichotomized as≤100 km vs.>100 km
to facilitate a clear presentation of key issues). In Botswana,
areas >100 km from a major delivery center can be considered
very remote. Our analysis was restricted to 51,558 pregnant
women who attended 1 or more antenatal-care clinic visits
within the first 28 weeks of pregnancy.

Web Figure 1 (available at https://academic.oup.com/aje)
shows a heat map of the risk of stillbirth in Botswana. Table 1
shows the observed association between distance from any
major delivery center and stillbirth on the risk ratio scale (28)
(Web Table 1 shows results using other categorizations and
definitions of distance). We present unadjusted results to
facilitate discussion of key biases. Below, we describe 4 key
issues that prevent endowing the associational risk ratio with
a causal interpretation.

POTENTIAL ISSUESWHENUSINGDISTANCE TOCARE
ASANEXPOSURE

Issue 1: selection bias

An analysis of the association between distance to care and
a health outcome will necessarily be restricted to individuals
selected into the study, but this can introduce selection bias.
Selection bias can occur when distance to care is associated
with selection into the study and when there are shared causes
of selection and the outcome (29). Selection could occur by
design if study recruitment occurs at health clinics, hospitals,
or other sites offering health services. For example, indivi-
duals living closer to study sites are more likely to be re-
cruited into the study. Even if study recruitment does not
occur at sites offering health services, selection could be
implicit, because individuals living in rural areas are less
likely to be captured in health research studies. In the extreme
case where no individuals in certain remote areas are re-
cruited into the study, an assessment of distance to care could
violate the positivity condition (13).

The structure of this bias is depicted in the causal diagram
in Figure 1. Estimating the causal effect of distance on the
health outcome by adjusting for shared causes (if informa-
tion on these variables is available) of selection and the out-
come via standard methods such as stratification, matching,
restriction, or regression requires the strong assumption that
distance does not affect any of those shared causes. Inverse-
probability-of-censoring weighting requires collecting data
on or making assumptions about individuals who were not
enrolled in the study. Selection bias violates the exchange-
ability condition for causal inference because distance to
care and the counterfactual outcome are no longer indepen-
dent (13).

In the Botswana birth outcomes surveillance study, recruit-
ment into the surveillance study occurred exclusively at the 8
major delivery hospitals at the time of delivery. We hypothe-
sized that women who live close to a major delivery hospital
or have complicated pregnancies will be more likely to deliver
at one of the hospitals included in the surveillance study.
Women in rural areas experiencing complicated pregnancies
might be referred to deliver at one of the 8 hospitals because
they are large maternity facilities with high levels of care.
Because women experiencing complicated pregnancies have a
higher risk of stillbirth, the selection process will make it
appear as if women who live in rural areas have a higher risk

Table 1. Unadjusted Association Between Distance to Delivery
Center and Risk of Stillbirth in Botswana, 2014–2016

Distance No. of
Individuals

Stillbirths
Unadjusted RR 95%CI

No. %

≤100 km 47,258 1,050 2.22 1.00 Referent

>100 km 4,300 119 2.77 1.25 1.03, 1.50

Abbreviations: CI, confidence interval; RR, risk ratio.

Figure 1. Causal diagram including distance, outcome (in our case
study, stillbirth), selection, and a shared cause U of selection and out-
come. Selection bias might occur via conditioning on selection into
the study, a collider on the path following distance, selection, U, and
outcome. In our case study, U was measured among those included
in the study but not among those not included.

Am J Epidemiol. 2019;188(9):1674–1681

Methodological ChallengesWhen Studying Distance to Care 1675

https://academic.oup.com/aje


of stillbirth. In other words, our study could oversample
women from rural areas who have complicated pregnancies
and are more likely to have a stillbirth. Adjustment for preg-
nancy complications via standard methods would be inappro-
priate in this example because distance to care could affect
pregnancy complications through its impact on access tomedi-
cations or antenatal care services.

Sensitivity analyses can be used to quantify the range of
plausible magnitudes of selection bias. If all shared causes of
selection and the outcome were measured and the condi-
tional probabilities of selection given these shared causes
were known, inverse-probability weighting could be used to
obtain an unbiased estimate of the effect of distance on the
outcome. Because these probabilities are not known, we can
vary a series of selection probabilities to estimate a range of
plausible estimates. Suppose we assume the only shared
cause of selection and the outcome is pregnancy complica-
tions (U), which was measured among women included in
the study. We can assign values to the 4 conditional probabil-
ities [ = | = = ]Selection Distance distance U uPr 1 , , assign
weights to each individual included in the study based on
their values of distance and pregnancy complications (yes/
no), estimate the effect of distance on the outcome in the
weighted pseudopopulation, and repeat this process to obtain
a range of estimates. Table 2 shows results from 2 of these
sensitivity analyses: an extreme case where the probabilities
are selected to yield a risk ratio close to 1 and a realistic case
that reflects what we believe to be reasonable values for each
probability. Other sensitivity analyses for selection bias are

available that vary the probably of selection based on the ex-
posure and outcome (30) rather than the exposure and shared
causes of the exposure and outcome.

Issue 2: unmeasured confounding for distance to care

No unmeasured confounding (conditional exchangeability
for the exposure) is a fundamental identifiability assumption
for causal inference (13). Given the set of measured covari-
ates, we assume individuals living within some radius of care
would have the same outcome distribution as individuals liv-
ing outside that same radius of care, had those inside actually
lived outside that radius, and vice versa. An unmeasured shared
cause of distance and the outcome violates the assumption of
conditional exchangeability, as shown in Figure 2. For exam-
ple, distance to care is often confounded by socioeconomic sta-
tus (SES), a variable for which adjustment is very difficult.
Both individual-level factors (such as education, income, and
work status) and neighborhood-level factors (such as average
income in the neighborhood) should be considered when mea-
suring SES. In addition, where an individual lives is intertwined
with family, financial, social, political, community, and struc-
tural conditions that are often too complex and poorly under-
stood to measure accurately.

In Botswana, as in most settings, SES is linked to geo-
graphic location, access to care, and the risk of adverse birth
outcomes such as stillbirth (18). Educational attainment and
working status are measured but might not be accurate prox-
ies of SES in this setting (in fact, adjustment for these vari-
ables does not meaningfully change our estimates).

Sensitivity analyses for unmeasured and unknown con-
founding are available to calculate a range of effect estimates
in the presence of an unmeasured confounder. Table 3 shows
estimates adjusted for unmeasured SES under an extreme
and reasonable scenario, hypothesizing that lower SES is
positively correlated with greater distances and higher still-
birth risk. The extreme case selects probabilities that yield a
risk ratio close to 1, and the realistic case reflects what we
believe are reasonable values for each probability. We use
the bias formula = ( + − )B RR RR RR RR/ 1UD EU UD EU where
RRUD is the risk ratio for the outcome comparing the 2 levels of
the unmeasured confounder SES within either treatment group,
and RREU is the risk ratio for the unmeasured confounder SES
comparing those with and without treatment (31).

The minimum strength of association between any unmea-
sured confounder and both the treatment and outcome that
would fully explain away the treatment-outcome association,
RR, is estimated using the formula = +E value RR- sqrt
[ × ( − )]RR RR 1 (31). In our example, the E value is 1.81,
meaning the observed risk ratio of 1.25 could be explained away
by an unmeasured confounder, such as SES, that was associated

Table 2. Adjusted Association Between Distance to Delivery Center
and Risk of Stillbirth Under Different Selection Probabilities in
Botswana, 2014–2016a

Distance RR 95%CI

Unadjusted estimate

≤100 km 1.00 Referent

>100 km 1.25 1.03, 1.50

Adjusted estimate, extreme caseb

≤100 km 1.00 Referent

>100 km 0.98 0.80, 1.21

Adjusted estimate, realistic casec

≤100 km 1.00 Referent

>100 km 1.12 0.92, 1.37

Abbreviations: CI, confidence interval; RR, risk ratio.
a We used robust variance estimators that take into account the

procedure of weight estimation to compute 95% CIs (46). A calculator
and directions to compute these adjusted effect estimates can be
found online (44, 45) and in Web Table 2. Web Table 3 shows results
from sensitivity analyses based on a wider range of selection
probabilities.

b Proposed probabilities of selection: ≤100 km, no complications:
0.8; ≤100 km, complications: 0.4; >100 km, no complications: 0.1;
>100 km, complications: 0.7.

c Proposed probabilities of selection: ≤100 km, no complications:
0.55; ≤100 km, complications: 0.65; >100 km, no complications:
0.15;>100 km, complications: 0.6.

Figure 2. Causal diagram including distance, outcome (in our case
study, stillbirth), and an unmeasured shared cause U of distance and
outcome. Confounding might occur via the path following distance,U,
and outcome.
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with both distance to care and stillbirth by a risk ratio of at least
1.81 each, above and beyond anymeasured confounders.

Issue 3: lack of sufficiently well-defined interventions

A sufficiently well-defined intervention, in which nomeaning-
ful vagueness remains in the intervention’s definition (all compo-
nents of the intervention that could affect the counterfactual out-
come have been specified), is a critical component of consis-
tency, another fundamental identifiability assumption for causal
inference (13, 32). An ill-defined intervention corresponds to
multiple versions of treatment (14) and is problematic for 2 rea-
sons. First, when an intervention has multiple versions of treat-
ment, we cannot identify and measure the covariates necessary
to achieve conditional exchangeability. Second, an intervention
withmultiple versions of treatment usually will not correspond to
one target randomized trial. This poses a problem for decision-
makers, because if an association is found between the exposure
and outcome, even if we could somehow be convinced that con-
ditional exchangeability was plausible, it will be unclear what
interventionwould have a similar effect (33). In fact, it is possible
that some versions of treatment cause harm while others are
protective.

For many research questions, distance to care corresponds
to an ill-defined intervention. Intervening on distance to care
could mean moving an individual (e.g., providing transporta-
tion or incentives) or could mean moving the care (e.g.,
building more hospitals). An intervention on distance to care
should also specify the timing of the intervention (e.g., before
pregnancy, during a specific trimester, during labor). These
interventions could all have different confounding structures

and different impacts on adverse birth outcomes or other
health outcomes. This means that any attempt to estimate an
effect based on a single measure of distance to care from a
real data set (e.g., the main result in Table 1) is at best captur-
ing a peculiar weighted average of all these different interven-
tions’ possible impact and at worst biased due to improper
control of confounding for each of these possible interven-
tions (34).

Imagine 3 individuals who live within a 100-km travel dis-
tance from the nearest major delivery center. Individual 1
recently moved from a small village to a large city and lives
5 km from a major hospital. Individual 2 lives in a village
25 km from a new hospital that was built 1 year ago. Individ-
ual 3 lives in a rural area, but a new road was just built so that
a hospital is now 90 km from her house. The data from the 3
individuals correspond to 3 versions of the treatment “live
within a 100-km travel distance from the nearest major deliv-
ery center.”We could map the data from these individuals to
3 different interventions: 1) move individuals so they live
within (or exactly) 5 km from a major hospital; 2) build hos-
pitals so that each individual lives within (or exactly) 25 km
from a hospital; and 3) build more roads so that each individ-
ual lives within (or exactly) 90 km from a hospital. All 3 in-
dividuals live within 100 km from the nearest major delivery
center, but the shared causes of distance and the outcome
could be very different for each of these versions of treat-
ment. Neighborhood economic growth could be a strong pre-
dictor of building more roads, whereas increased educational
attainment could be a strong predictor of moving to an urban
area—that is, economic growth and educational attainment
could either be causes of or share common causes with build-
ing roads and/or moving to an urban area.

The causal diagram in Figure 3A depicts multiple versions
of the treatment “travel distance to care”, where Distance

Table 3. Adjusted Association Between Distance to Delivery Center
and Risk of Stillbirth Under Different Assumptions About Unmeasured
Socioeconomic Status in Botswana, 2014–2016a

Distance RR 95%CI

Unadjusted estimate

≤100 km 1.00 Referent

>100 km 1.25 1.03, 1.50

Adjusted estimate, extreme caseb

≤100 km 1.00 Referent

>100 km 0.94 0.77, 1.13

Adjusted estimate, realistic casec

≤100 km 1.00 Referent

>100 km 1.17 0.96, 1.40

Abbreviations: CI, confidence interval; RR, risk ratio; SES, socio-
economic status.

a The calculator and directions for use can be found online (44, 45).
Web Table 4 shows results from sensitivity analyses based on a wider
range of scenarios.

b Proposed ratio by which low SES increases stillbirth: =RR 2UD .
Proposed ratio by which low SES differs by distance (>100 km vs.
≤100 km): =RR 2EU . Bias = 1.33.

cProposed ratio by which low SES increases stillbirth: =RR 1.25UD .
Proposed ratio by which low SES differs by distance (>100 km vs.
≤100 km): =RR 1.5EU . Bias = 1.07.

1

2

3

1

2

3

A)

B)

Figure 3. Causal diagram including distance, outcome (in our case
study, stillbirth), versions of distance Distance(v), and shared causes
L(v) of Distance(v) and outcome. Confounding might occur via the
path following Distance(v), L(v), and outcome. A) Three versions of
distance and 3 shared causes for each version of distance and the
outcome. B) A simplified causal diagram including 1 node for versions
of distance and 1 node for shared causes of versions of distance and
the outcome.

Am J Epidemiol. 2019;188(9):1674–1681

Methodological ChallengesWhen Studying Distance to Care 1677



(v1),Distance(v2), andDistance(v3) represent the 3 potential
versions of treatment and L(v1), L(v2), and L(v3) denote the
3 sets of (potentially overlapping) confounders for each ver-
sion of treatment. The diagram is simplified in Figure 3B by
collapsing the 3 versions of distance into a single variable
Distance(v) and collapsing the confounders into a single var-
iable L(v). We assume that Distance(v) causes Distance
rather than Distance causing Distance(v). By estimating the
association between distance (“live within a 100-km travel
distance from the nearest major delivery center”) and the out-
come, we are measuring the impact of a weighted average of
many versions of treatment Distance(v) for which we have
not measured the potential confounders L(v) and for which
the weights are unknown. Note that even if we treated dis-
tance as a continuous variable with≥100 instead of 2 catego-
ries of treatment, the problem described here would only be
partially ameliorated, because the versions of treatment for a
continuous distance are still unknown and might have differ-
ent confounders.

Many versions of the comparator treatment “live a>100-km
travel distance from the nearest major delivery center” also
exist. In Botswana, some women live more than 100 km
from the nearest major delivery hospital but stay with a rela-
tive near the delivery center later in pregnancy, a practice that
also exists globally. Some women might have attended their
first antenatal care visit at a different clinic from where they
usually receive antenatal care. Finally, some women who live
>100 km from the nearest major delivery center might live
close to a smaller delivery center or other location where a
safe birth could occur. These versions of the treatment “live a
>100-km travel distance from the nearest major delivery cen-
ter” could also have different confounding structures and dif-
ferent impacts on adverse health outcomes.

Issue 4:measurement error andmisclassification

Separate from the question of whether we could define an
exposure that corresponded to a sufficiently well-defined inter-
vention for distance to care (issue 3), the validity of our results
could still be affected by measurement error and misclassifica-
tion. Suppose, for example, that we defined an intervention of
interest based on reducing travel time. Accurate calculation of
travel time requires high-quality information on the location,
quality, and congestion of roads and on available modes of
transportation, and such high-quality information might not
be available in one’s data set. Measurement error for travel
time could be a greater issue in more rural areas; likewise,
dichotomizing distance can lead to misclassification when
the underlying variable is measured with error (35).

POTENTIAL ISSUESWHENPROPOSINGDISTANCE TO
CAREASAN INSTRUMENT IN AN INSTRUMENTAL
VARIABLEANALYSIS

Distance to care is also often proposed as an instrument in
instrumental variable analyses aimed at estimating effects of
another exposure, such as receipt or intensity of certain treat-
ments or medical procedures, on a health outcome. The use
of distance to care as a proposed instrument dates back to the
first published instrumental variable analysis paper in

epidemiology (8). McClellan et al. (8) proposed differential
distance to alternative types of hospitals as an instrument for
use of intensive treatments for acute myocardial infarction
because it was associated with intensive treatment use and
hypothesized not to have a direct effect on or share any
causes with survival. The primary advantage of an instru-
mental variable analysis is that it does not rely on the strong
assumption of no unmeasured confounding for the treatment
and the outcome. Briefly, for an instrument to be valid it
must meet 3 conditions: 1) the instrument and exposure must
be associated; 2) the instrument must affect the outcome
only through its potential effect on the treatment; and 3) the
instrument and the outcome must not share any causes. A
fourth condition, effect homogeneity, is required in order to
estimate an average causal effect (36). There are several re-
sources describing the strengths and limitations of instru-
mental variable methods in observational studies in general
(e.g., Swanson and Hernán (37)) and specifically for distance
to care as a proposed instrument (6–11). Here, we do not
attempt to provide an exhaustive discussion of issues related
to distance to care as a proposed instrument. Rather, we
restrict our discussion to the 4 issues raised above, now revis-
ited in the context of instrumental variable analyses.

Distance to the nearest delivery hospital (e.g., travel dis-
tance in kilometers) is used as a proxy for the causal instru-
ment access to care. A causal instrument is one that has an
effect on (rather than sharing causes with) the treatment or
exposure (38). Figure 4 shows the standard instrumental var-
iable causal diagram with a noncausal instrument Distance
and arbitrary treatment or exposure. We make one important
change to the standard diagram: We use Distance(v) rather

Figure 4. Causal diagram including a proposed proxy instrument
distance, proposed causal instrument Distance(v), exposure, out-
come (in our case study, stillbirth), and unmeasured shared cause U
of exposure and outcome. (Note that this U might differ from the U in
Figures 1 and 2.)

Figure 5. Causal diagram including proposed proxy instrument dis-
tance, proposed causal instrument Distance(v), exposure, outcome
(in our case study, stillbirth), selection, and unmeasured shared cause
U of exposure, outcome, and selection. Selection bias might occur via
conditioning on selection into the study, a collider on the path follow-
ing distance, Distance(v), selection,U, and outcome.
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than “access to care” as our proposed causal instrument. As
described previously, distance to care is often ill-defined and
might correspond to several versions of an intervention on
distance. Access to care is similarly ill-defined. We concep-
tualize Distance(v) as one potential version of Distance and
assume it directly affects exposure through access to care.

Selection bias in an instrumental variable analysis can
occur when distance to care is associated with selection into
the study and when there are shared causes of selection and
the outcome. In an instrumental variable analysis, this im-
plies a lack of exchangeability in the selected sample for the
proposed instrument with respect to the outcome. The struc-
ture of this bias is depicted in Figure 5.

Even though we are not interested in estimating the causal
effect of distance to care, an instrumental variable analysis
still relies on the strong assumption of no unmeasured con-
founding for the instrument, distance to care, and the out-
come. If we are concerned that an estimate of the effect of
exposure on the outcome will be confounded by SES, we
might choose to conduct an instrumental variable analysis.
However, if SES is also a confounder for the instrument-
outcome association, the results of the instrumental variable
analysis will also be biased, as shown in Figure 6. In fact,
because the magnitude of this bias can be amplified by a
weak instrument, the instrumental variable analysis could be
more biased than the noninstrumental variable analysis (39).

Instruments are not required per se to be well-defined inter-
ventions. However, an ill-defined instrument can affect the
interpretation of our estimates, especially when estimating a
local average treatment effect (38, 40, 41). In our example,
under an additional monotonicity condition, such a local aver-
age treatment effect would correspond to a weighted average
of the effect of exposure across all study participants where the
weights are unknown to us and related to how the underlying
unmeasured causal instrument affects exposure (36). The same
complexities of interpretation can arise when the proposed
instrument is measured with error. Moreover, if the measure-
ment error is dependent or differential, the proposed instru-
ment might no longer satisfy the instrumental conditions.

CONCLUSION

We have focused on challenges with estimating causal ef-
fects of distance to care on health outcomes and with using

distance to care as a proposed instrument. These challenges
apply to many other epidemiologic exposures, especially
those for which no gold-standard measurement or clear inter-
vention exists, such as environmental exposures. When the
goal is estimating causal effects of these exposures, care
should be taken to evaluate potential sources of bias and
identify sufficiently well-defined interventions correspond-
ing to the exposure.

Knowledge of the setting is critical to determine what in-
terventions are feasible and appropriate and what hypotheti-
cal intervention most closely corresponds to the exposure
being assessed. In the example of distance to care, realistic
interventions might include building more hospitals, build-
ing more roads, or helping individuals to more easily access
medical care. As distance to care relates to pregnancy out-
comes, several public health interventions to increase access
to care for pregnant women in the rural United States have
received recent media attention. In rural Alaska, women are
invited to stay at a prematernal home near a delivery hospital
starting 30 days prior to their delivery date in an attempt to
reduce a markedly high risk of maternal death, especially
among native women (42). In Missouri, the shrinking num-
ber of hospitals offering obstetrical care disproportionately
affects patients on Medicare, Medicaid, or without insur-
ance, such that one woman had to travel nearly 100 miles
and 4 hours to deliver her premature twins after the only hos-
pital in her county closed (43). While not explicit, these arti-
cles propose building prematernal homes and preventing
hospitals from closing as context-specific interventions to
reduce maternal and infant mortality.

Unmeasured confounding concerns receive much atten-
tion in epidemiology (31), but selection bias can often be
more insidious because the direction and magnitude of bias
is often difficult to assess. In general, inverse-probability
weighting can be used to adjust for selection bias but relies
on estimating the conditional probability of selection given
exposure and covariates. If these probabilities are not known,
investigators should consider sensitivity analyses to quantify
the magnitude of selection bias. Our relatively simple sensi-
tivity analysis has key limitations, including lack of certainty
about the true selection probabilities and evaluating only one
measured shared cause of selection and the outcome. How-
ever, the exercise can be useful to gain intuition about the
uncertainty around the estimates and circumstances under
which the observed association could be completely ex-
plained by bias. A tool to calculate these simple sensitivity
analyses is available online (44, 45).

Finally, estimating causal effects is not the only goal of public
health research (12). Distance to care, and other similar expo-
sures, can and should be used as a prediction tool for identifying
high-risk populations and as a hypothesis-generating tool to
understand local and regional differences in health outcomes.
When investigators are interested in estimating the population
health impact of building new hospitals or other geospatial-
related interventions, distance to care might serve as a useful
exposure, but selection bias, unmeasured confounding, mea-
surement error, and specifying the intervention of interest
should be considered in the data collection, study design, and
analysis stage.

Figure 6. Causal diagram including proposed proxy instrument dis-
tance, proposed causal instrument Distance(v), exposure, outcome
(in our case study, stillbirth), unmeasured shared cause U1 of Dis-
tance(v) and outcome, and unmeasured shared causeU2 of exposure
and outcome. Confounding might occur via the path following dis-
tance, Distance(v), U1, and outcome. Note that U1 And U2 might not
be distinct.
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