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During a few years around the turn of the millennium, a series of local hospitals in Philadelphia closed their obstetrics units, with the
consequence that many mothers-to-be arrived unexpectedly at the city’s large, regional teaching hospitals whose obstetrics units remained
open. Nothing comparable happened in other United States cities, where there were only sporadic changes in the availability of obstetrics
units. What effect did these closures have on mothers and their newborns? We study this question by comparing Philadelphia before and
after the closures to a control Philadelphia constructed from elsewhere in Pennsylvania, California, and Missouri, matching mothers for
59 observed covariates including year of birth. The analysis focuses on the period 1995–1996, when there were no closures, and the
period 1997–1999 when five hospitals abruptly closed their obstetrics units. Using a new sensitivity analysis for difference-in-differences
with binary outcomes, we examine the possibility that Philadelphia mothers differed from control mothers in terms of some covariate not
measured, and perhaps the distribution of that unobserved covariate changed in a different way in Philadelphia and control–Philadelphia in
the years before and after the closures. We illustrate two recently proposed techniques for the design and analysis of observational studies,
namely split samples and evidence factors. To boost insensitivity to unmeasured bias, we drew a small random planning sample of about
26,000 mothers in 13,000 pairs and used them to frame hypotheses that promised to be less sensitive to bias; then these hypotheses were
tested on the large, independent complementary analysis sample of nearly 240,000 mothers in 120,000 pairs. The splitting was successful
twice over: (i) it successfully identified an interesting and moderately insensitive conclusion, (ii) by comparison of the planning and analysis
samples, it is clearly seen to have avoided a exaggerated claim of insensitivity to unmeasured bias that might have occurred by focusing
on the least sensitive of many findings. Also, we identified two approximate evidence factors and one test for unmeasured bias: (i) factor 1
compared Philadelphia to control before and after the closures, (ii) factor 2 focused on the years 1997–1999 of abrupt closures and compared
zip codes with closures to zip codes without closures, (iii) and the test for bias focused on the years 1995–1996 prior to closures and
compared zip codes which would have closures in 1997–1999 to zip codes without closures in 1997–1999—any ostensible effect found in
that last comparison is surely bias from the characteristics of Philadelphia zip codes in which closures took place. Approximate evidence
factors provide nearly independent tests of a null hypothesis such that the evidence in each factor would be unaffected by certain biases that
would invalidate the other factor.
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1. INTRODUCTION: BACKGROUND;
METHODOLOGICAL OUTLINE

1.1 A Wave of Closures of Hospital Obstetrics Units

Beginning in 1997, a series of community hospitals in
Philadelphia closed their obstetrics units, so mothers who
would normally have delivered at these hospitals had to seek
care at the city’s large regional hospitals whose obstetrics units
remained open. Between 1997 and 2007, 12 of 19 hospitals in
the city closed their obstetrics units. Nothing similar happened
at this time in other major cities, which experienced only spo-
radic changes in the availability of obstetrics units. For instance,
in Pittsburgh, Los Angeles, San Diego, and San Francisco less
than 5% of the deliveries in 1995 and 1996 were in obstet-
ric units that subsequently closed between 1997–2005. Babies
born in these and other cities will serve as controls. By con-
trast, in Philadelphia, over 30% of the deliveries in 1995 and
1996 occurred at obstetrics units that subsequently closed be-
tween 1997 and 2005. It is not entirely surprising that a hospital
facing competitive or financial pressures would consider clos-
ing its obstetrics and neonatal units: these fields have unusually
high costs associated with malpractice litigation and malprac-
tice insurance (Kirby et al. 2006). Why closures should have
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concentrated in Philadelphia is less clear. In its densely urban
center, Philadelphia is home to several large hospitals associ-
ated with major medical schools, but beyond its urban center,
Philadelphia sprawls at considerable distance into a variety of
diverse neighborhoods served by smaller community hospitals;
the closures occurred here.

Of 19 Philadelphia hospitals with obstetrics units in 1995, 12
closed their obstetrics units between 1997 and 2007; see Fig-
ure 1. In part based on a split sample analysis described be-
low, the analysis presented here focuses on five hospitals that
abruptly closed in 1997–1999, before the City of Philadelphia
intervened in 2000 to organize and slow the pace of subsequent
closures and to offer strategies to allow for the remaining hos-
pitals to accommodate the increased obstetric volume. It is in-
teresting to note that four of the five closures during 1997–1999
were geographically close, suggesting a cascade in which each
successive closure increased the stress on nearby units that re-
mained open, perhaps leading to their closure. Conceivably, the
geography of Philadelphia’s closures explain why there was a
wave of closures in Philadelphia with no similar pattern in other
cities.

What was the effect of the 1997–1999 hospital closures on
the health of mothers and their newborn babies? Stories were
told—perhaps some were even true—of women in labor being
delivered by ambulance to a hospital that had closed its ob-
stetrics unit the previous week. Other stories were told—more
likely true—of women in labor, some of them poor, travelling
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Figure 1. Map of the City of Philadelphia showing hospitals that
closed their obstetrics units. The analysis in the current paper focuses
on closures in 1997–1999, before the City intervened to pace and or-
ganize the process of closure.

longer distances, perhaps in rush hour, to reach an open obstet-
rics unit, of overcrowding and inadequate staffing at the units
that remained open. A closure in one neighborhood may force a
mother who lives in that neighborhood to travel a long distance
to a hospital in another neighborhood, but it may also cause
overcrowding in a hospital remote from the closure, and so it
may affect mothers who live near the hospital that remained
open. It is easy to imagine a long trip to an overcrowded ob-
stetrics unit is not beneficial. Then again, many of the hospitals
that remained open have excellent reputations, better perhaps
than the reputations of the hospitals that closed their obstetrics
units. Then again, teaching hospitals are home to the most and
least experienced doctors, professors of medicine and medical
residents, who usually work in tandem, but who found them-
selves short of staff. Then again, the human race has managed
to reproduce in circumstances considerably more dire than traf-
fic and overcrowding. It is hard to know what, if anything, to
expect from the five closures in 1997–1999.

1.2 Matching to Build a Control Philadelphia

For each birth in Philadelphia in 1995–2003, we used mul-
tivariate techniques and an optimal assignment algorithm to
match a control birth from elsewhere in Pennsylvania or Cali-
fornia or Missouri, the three states for which we had the needed
data. Because there were 132,786 births in Philadelphia and
5,998,111 potential control births elsewhere, the matching was
on an unusually large scale. The matching was done year-by-
year, so a Philadelphia birth in 1995 was matched to a con-
trol birth in 1995, and it controlled not only characteristics of
the mother and baby, but also characteristics of the mother’s
neighborhood, such as typical income, the frequency of poverty,
and the level of education in the neighborhood. During this
time period, Philadelphia mothers were quite different from the
unmatched potential control group: they came from neighbor-
hoods with lower income, more poverty, and fewer high school

graduates; however, the mothers themselves (as opposed to
their neighborhoods) were more likely than potential controls to
have graduated high school. Philadelphia mothers were some-
what younger with less prenatal care, but their babies were, on
average, slightly smaller. All of these measured differences and
many other measured differences were removed year by year
using matching techniques; see Section 2. The control mothers
and infants are not only similar as individuals: as a group, they
have similar temporal and measured neighborhood characteris-
tics to births in Philadelphia in 1995–2003. Here, neighborhood
characteristics are measured at the zip-code level and are indi-
cated in Table 1.

Why build a control Philadelphia? Because of the geography
of Philadelphia, the closures might be expected to affect certain
neighborhoods more than others, and each neighborhood has its
own demographics, income, social and health problems. A con-
trol Philadelphia permits straightforward questions about how
mothers and neighborhoods in Philadelphia changed in com-
parison with similar mothers and neighborhoods elsewhere.

Abadie and Gardeazabal (2003) and Abadie, Diamond, and
Hainmueller (2010) developed an innovative approach to using
aggregate data to synthesize a control for a region that was sub-
jected to an intervention. Their synthetic control is a weighted
combination of actual regions that were not subjected to the
intervention. For example, in their study of the economic im-
pact of terrorism in the Basque Country, Abadie and Gardeaza-
bal (2003) use a weighted combination of two Spanish regions
to approximate the economic growth that the Basque Coun-
try would have experienced in the absence of terrorism. The
weighted combination is chosen to match the region subjected
to the intervention in its covariates and trajectory of outcomes
prior to the intervention. Abadie, Diamond, and Hainmueller
(2010) developed an inferential approach when using synthetic
controls that is akin to permutation inference. They use placebo
tests to examine whether or not the estimated effect of the actual
intervention is large relative to the distribution of the effects es-
timated for the regions not exposed to the intervention, where
the synthetic control method is also used to estimate effects for
regions not exposed to the intervention. A valuable feature of
Abadie et al.’s synthetic control approach is that it only requires
aggregate data on regions, which are often the only type of data
available. For our study of the effect of the obstetric unit clo-
sures in Philadelphia, we are fortunate to have individual data
on mothers and babies, which permit, for example, comparisons
of parts of Philadelphia with its control.

1.3 Splitting

Philadelphia mothers and infants may have differed from
controls in ways that were not measured and hence not con-
trolled by matching for observed covariates. After adjustment
for observed covariates, the key source of uncertainty in an ob-
servational study is the possibility that differences in outcomes
between treated and control subjects are not effects of the treat-
ment but rather biases from some unmeasured way in which
treated and control subjects were not comparable. Our analysis
is largely directed at this possibility.

A sensitivity analysis asks how failure to control some un-
measured covariate might alter the conclusions of a study. Many
issues affect the sensitivity of conclusions to unmeasured biases
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Table 1. Covariate balance before and after matching. For zip code data, zip-fr means the fraction of the zip code with this attribute.
An absolute standardized difference in mean of 0.2 or greater is in bold

Sample size: 5,998,111 132,786 132,786 Absolute
Potential Philadelphia Matched standardized
controls births controls difference

Covariate Covariate mean or proportion Before After

Mom’s neighborhood (zip code)
Income (K$) 46 30 30 1.16 0.04
Income missing 0.00 0.00 0.00 0.06 0.00
Poverty (zip-fr) 0.15 0.25 0.23 0.91 0.13
Poverty missing 0.00 0.00 0.00 0.06 0.00
High school (zip-fr) 0.74 0.68 0.69 0.37 0.07
HS missing 0.00 0.00 0.00 0.06 0.00
College (zip-fr) 0.22 0.15 0.15 0.51 0.01
College missing 0.00 0.00 0.00 0.06 0.00

Mom
Mom’s age 28 26 26 0.21 0.01
Parity 2.10 2.20 2.20 0.07 0.03
Parity missing 0.00 0.01 0.01 0.09 0.04
Prenatal care (month started) 2.40 2.70 2.60 0.22 0.04
PC missing 0.02 0.11 0.08 0.37 0.11

Mom’s education
Below 8th grade 0.10 0.02 0.02 0.32 0.02
Some high school 0.17 0.21 0.20 0.11 0.04
HS graduate 0.30 0.38 0.40 0.17 0.05
Some college 0.20 0.19 0.19 0.02 0.01
College graduate 0.13 0.09 0.10 0.11 0.01
More than college 0.09 0.06 0.06 0.11 0.00
Missing 0.01 0.04 0.04 0.17 0.04

Mom’s race
White 0.71 0.31 0.32 0.87 0.03
Black 0.07 0.42 0.46 0.88 0.11
Asian 0.07 0.03 0.03 0.18 0.03
Other 0.12 0.06 0.05 0.20 0.05
Missing 0.02 0.17 0.14 0.52 0.13

Mom’s health insurance
Government 0.40 0.40 0.39 0.01 0.02
Other insurance 0.57 0.58 0.60 0.02 0.04
Uninsured 0.03 0.01 0.01 0.11 0.04
Missing 0.00 0.01 0.00 0.11 0.06

Baby
Birth weight (grams) 3345 3179 3189 0.26 0.02
Birth weight missing 0.00 0.00 0.00 0.04 0.03
Gestational age (weeks) 39 38 38 0.14 0.01
Gestational age missing 0.05 0.01 0.01 0.22 0.02
Small at gestational age 0.09 0.14 0.12 0.16 0.05

(Rosenbaum 2004, 2010a, part III, 2010b), but most of these
issues are difficult to appraise in the absence of data. Heller,
Rosenbaum, and Small (2009) made a formal argument for
splitting the sample at random into a small planning sample of
perhaps 10% and a large analysis sample of perhaps 90%. The
planning sample is used to design the study—to frame ques-
tions and guide the analytical plan—whereupon the planning
sample is discarded; then, all conclusions are based on the un-
touched, unexamined, untainted analysis sample. If one were
to perform several or many analyses of a single dataset, noting
that a particular conclusion was insensitive to unmeasured bi-
ases, then one would not know whether this judgement about

sensitivity to bias was distorted by capitalizing on chance in
picking the most favorable of these analyses. In contrast, the
use of a split sample permits exploration of unlimited scope in
a planning sample, and an independent, untainted, highly fo-
cused analysis of the analysis sample. Cox (1975) evaluated
splitting to control for multiple testing in randomized experi-
ments, but Heller, Rosenbaum, and Small (2009) find that split-
ting is even more useful in sensitivity analyses in observational
studies because the biases from unmeasured covariates do not
diminish as the sample size increases. If one could make deci-
sions that would make the study less sensitive to unmeasured
biases by sacrificing a small portion of the sample, then that
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sacrifice might be well worth making. The formal argument in
Heller, Rosenbaum, and Small (2009) evaluates power and de-
sign sensitivity in split samples.

As Cox (1975) emphasized, splitting has an important advan-
tage over most methods that address multiple testing, namely
it permits human judgement to play an informed role between
exploratory analysis of the planning and focused confirmatory
analysis of the analysis sample. Formal or algorithmic proce-
dures that address multiple testing, such as the Bonferroni in-
equality, do not leave a role for judgement; rather, their form
must be prespecified. In the current study, this meant that an
extensive analysis of the planning sample was discussed at a
meeting of the clinicians and statisticians, and the analysis plan
that emerged from that meeting reflected results from the plan-
ning sample combined with clinical and statistical judgement.
For instance, before looking at any data, we thought that over-
crowding in an obstetrics ward might result in an increase in
Caesarean sections and birth injuries of various kinds, but the
planning sample strongly suggested a focus on serious birth in-
juries (ICD-9 767-3), and not a focus on Caesarean sections. In
part, our focus on serious birth injuries reflects what we saw in
the planning sample, but in part it reflects a judgement about an
effect that seems both plausible and clinically interesting. The
planning split also revealed that several outcomes were simply
too rare to study even with the much larger analysis sample;
here, it is not the p-value but the event rate that provides infor-
mation relevant to power computations for the as yet unexam-
ined analysis sample. Although one can mechanize the evalua-
tion of many p-values, one cannot mechanize an evaluation of
many p-values that incorporates human judgement about what
is plausible and interesting. Because human judgement cannot
be mechanized, it is not typically possible to perform the same
analysis on many repeated splits of the sample, as one might do
in cross-validation.

Here, we took a small random sample of the matched pairs,
10% or 13,278 pairs in this study, and used it to plan the main
analysis, which concerned the complementary 90% of pairs
or 119,508 pairs. Among many outcomes examined using the
planning split sample, we were led to focus on birth injuries,
specifically ICD code 767.3, and on the years 1997–1999 when
five hospitals abruptly closed their obstetrics units. Beginning
in 2000, the City of Philadelphia intervened to slow down and
organize closures. Before looking at the planning sample, it was
not obvious to us whether the City’s intervention had been more
than a symbolic gesture, but the planning sample suggested that
most of the action occurred in 1997–1999, that is, after the
City’s intervention there was no discernable effect of hospital
closures. If this analytic focus had come about after examining
many outcomes and various comparisons for those outcomes
using the complete data, then there would naturally be rea-
son for concern that the focus was distorted by capitalizing on
chance events that only appear to be systematic patterns. How-
ever, this analytic focus came about by examining a random
sample of 10% of the pairs, and 90% of the pairs remain to put
this carefully chosen, very specific focus to a proper test. One
might imagine two investigators, one who early on published
a small, informal, exploratory, highly speculative and not par-
ticularly convincing study involving many comparisons, with
the second investigator taking the one promising result from

the first study and confirming it in a much larger independent
sample. From an inferential point of view, it makes no differ-
ence whether there were two investigators or only one, that is,
no difference between, on the one hand, replicating a promising
but speculative finding by someone else and, on the other hand,
generating both the speculative finding and the confirmation us-
ing split samples.

1.4 Evidence Factors

If we are looking at a treatment effect, not a bias from unmea-
sured covariates, then we anticipate several patterns. First, when
compared to similar births in other states, an effect of the clo-
sures should be absent in 1995–1996 and present in 1997–1999.
For birth injuries, a binary outcome, this leads to a difference-
in-difference analysis along the lines suggested by Gart (1969)
for randomized cross-over studies; see Section 4 where discor-
dant pairs become the counts in a 2×2 table that is subjected to
a sensitivity analysis. Second, we identified thirteen zip codes
in northern Philadelphia as close to the hospitals with clo-
sures (specifically, 19115, 19119, 19121, 19127, 19128, 19129,
19131, 19132, 19135, 19136, 19144, 19149, 19152). Of course,
overcrowding occurred in the obstetrics units that remained
open, and many of these were at some distance from the clo-
sures; nonetheless, it is reasonable to contrast zip codes with
closures to zip codes without closures in 1997–1999, anticipat-
ing a larger effect on zip codes with closures. Finally, if the
difference between the Philadelphia-versus-control difference
in the zip codes with closures and in zip codes without closures
was already apparent in 1995–1996, before the closures, then
that cannot plausibly be an effect of the closures; rather, it must
indicate that our matching and difference-in-differences have
failed to compare comparable mothers under different treat-
ments. The first two comparisons are an example of evidence
factors, that is, of (nearly) independent tests of the hypothesis
of no treatment effect that are susceptible to different kinds of
unmeasured biases (Rosenbaum 2010c), whereas the third com-
parison is a test for unmeasured bias (Rosenbaum 1984).

The method of difference-in-differences has a long his-
tory; see, for instance, Campbell (1957, 1969), Meyer (1995),
Angrist and Krueger (2000), Shadish, Cook, and Campbell
(2002), and Athey and Imbens (2006). A conventional de-
scription of difference-in-differences follows, although Propo-
sition 1 departs from this description by studying sensitivity to
biases that can affect difference-in-difference studies. In a non-
randomized treatment-versus-control comparison the treatment
effect is aliased with stable but unmeasured baseline differences
between treated and control groups, whereas in a before-versus-
after comparison, the treatment effect is aliased with trends over
time. In contrast, in a difference-in-differences study, the treat-
ment effect is aliased neither with stable unmeasured baseline
differences between treated and control groups nor with trends
over time that affect all groups in the same way, but it is aliased
with the interaction of those two sources of bias. Proposition 1
examines sensitivity of inferences about effects to biases from
such interactions. Although difference-in-differences is conven-
tionally defined in terms of the passage of time, it is more gen-
erally relevant to situations in which a treatment effect is aliased
with the interaction of two sources of bias, and this generality
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is exploited here in the second evidence factor, where time is
replaced by Philadelphia zip codes near closures.

For a recent review of matching techniques; see Stuart
(2010). For discussion of the importance of anticipated patterns
in observational studies, see Campbell (1957), Trochim (1985),
Shadish, Cook, and Campbell (2002), and West et al. (2008).
Various methods of sensitivity analysis in observational stud-
ies are discussed by Cornfield et al. (1959), Rosenbaum and
Rubin (1983), Yanagawa (1984), Gastwirth (1992), Gastwirth,
Krieger, and Rosenbaum (1998), Rosenbaum (1995, 2002,
section 4), Marcus (1997), Lin, Psaty, and Kronmal (1998),
Robins, Rotnitzky, and Scharfstein (1999), Copas and Eguchi
(2001), Imbens (2003), and Diprete and Gangl (2004).

2. MATCHING

2.1 Philadelphia and Elsewhere, Before
and After Matching

We obtained birth certificates from all deliveries occurring in
Pennsylvania, California and Missouri between 1/1/1995 and
6/30/2005. Each state’s department of health linked these birth
certificates to death certificates using name and date of birth,
and then deidentified the records. We then linked over 98%
of birth certificates to maternal and newborn hospital records.
Over 80% of the remaining unlinked birth certificate records
failed to identify a hospital, suggesting a birth at home or a
birthing center. The unlinked records had similar gestational
age and racial/ethnic distributions to the linked records. For the
maternal and newborn hospital records, California, Missouri,
and Pennsylvania routinely collect information on all hospital
admissions within each state. Each patient record contains the
UB-92 form submitted by each hospital to the state, with 15
to 25 fields for principal diagnoses and procedures occurring
during the hospital stay. Birth certificates contain information
on birth weight, gestational age, and patient-level demographic
variables and obstetric risk factors. Sociodemographic informa-
tion on the mother’s zip code is obtained from the U.S. Census
Bureau.

Each baby born in Philadelphia was matched with a baby
born in other regions of Pennsylvania or California or Mis-
souri. In each year, the match balanced 59 observed covari-
ates. Of these, 34 covariates are listed in Table 1, which gives
their means among potential controls outside Philadelphia, in
Philadelphia, and in the matched controls. These covariates
describe the socioeconomic status of mom’s neighborhood,
mom’s own age, parity, prenatal care, education, race, and
health insurance, and baby’s birth weight and gestational age,
two key measures of a newborn’s health status. Because we are
interested in the effects of the hospitals at the time of delivery,
we adjust for quantities such as gestational age and birth weight
that are essentially determined prior to admission to the hospi-
tal. These factors are associated with different risks of many
neonatal outcomes (Stoll et al. 2010). A study of prenatal care,
as opposed to care around the time of delivery, would not ad-
just for gestational age and birth weight, although in fact there is
little compelling evidence that prenatal medical care has much
effect on preterm delivery (American College of Gynecology
2003; Hollowell et al. 2011). Babies were also matched exactly
for year of birth.

For each of the 34 covariates, Table 1 also gives the standard-
ized absolute difference in means before and after matching,
that is, Philadelphia-versus-potential controls and Philadelphia-
versus-matched controls. The pooled standard deviation used
in this measure is calculated as the square root of the equally
weighted average of the sample variances inside and outside
Philadelphia before matching, so matching changes the numer-
ator, that is, the difference in means, but it does not change the
denominator, the pooled standard deviation. See Rosenbaum
and Rubin (1985) for discussion of this conventional measure
of covariate imbalance. In addition to the covariates in Table 1,
there are 25 other covariates, 59 = 34 + 25, which describe rare
congenital anomalies or problems in the pregnancy that existed
long before the start of labor.

Before matching, compared to potential controls, Philadel-
phia mothers were, on average, more likely to live in a low in-
come neighborhood in which fewer people had college degrees,
slightly younger with a little less prenatal care, more likely to
have completed 8th grade, more often black, and gave birth to
somewhat smaller babies.

Figure 2 displays all 59 absolute standardized differences in
means in each of five years, 1995–1999. Before matching sev-
eral covariates differed by more than 0.8 standard deviations.
After matching, all 295 = 5 × 59 standardized differences in
means after matching are less than 0.2 standard deviations. Be-
fore matching, the maximum and upper quartile of the 295 ab-
solute standardized differences were 1.19 and 0.18, whereas af-
ter matching they were 0.19 and 0.06, respectively. For com-
parison, a Normal distribution has 95% of its probability on
an interval that is approximately four standard deviations in
length, so 0.19 and 0.06 of a standard deviation are approxi-
mately 5% and 2% of such an interval. In brief, Figure 2 shows
that after matching, all of the 59 covariate means were in rea-
sonable balance in every year; that is, Philadelphia and control–
Philadelphia were similar in terms of these covariates year by
year. Figure 3 displays balance for four continuous covariates.

2.2 How the Matching Was Done

There were 132,786 births in Philadelphia and 5,998,111 po-
tential control births to choose from in building the matched
comparison. In matching, a large sample size should be a lux-
ury, but if inappropriate methods are used, it can appear to be
a hindrance. A 132,786 × 5,998,111 distance matrix would
contain approximately 7.96 × 1011 numbers, and this is well
beyond what can be handled with current combinatorial opti-
mization techniques on current computers. There is a simple
solution, however: match exactly for some important covari-
ates, thereby reducing one large problem to a series of smaller
problems; see Rosenbaum (2010a, section 9.3).

We ordered the covariates by priority, year of birth being
first because of the structure of the study, followed by ges-
tational age in weeks (0,33], (33,36], (36,38], (38,40], and
(40,∞), categories based on an estimated propensity score for
the propensity to be born in Philadelphia, mother’s age in years
(0,18], (18,34], (34,∞), mother’s education in four groups by
degree. The algorithm first looked at the size of the distance ma-
trix within a given year; if that was too large, it looked at the size
of the distance matrix within a given year and gestational age;
if that was too large, it looked within a given year, gestational
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Figure 2. Covariate balance before (B) and after (A) matching for 59 covariates in each of five years, measured as the absolute difference in
means in units of a pooled standard deviation.

age and propensity score group, and so on. Once the size of the
distance matrix was manageable, the distance matrix was com-
puted using a rank-based Mahalanobis distance within calipers
for an estimated propensity score (Rosenbaum and Rubin 1985;
Rosenbaum 2010a, section 8), and an optimal match was de-
termined to minimize the total distance within matched pairs
(Rosenbaum 1989, 2010a, section 8). Calipers on the propen-
sity score ensure a close match on a unidimensional summary
sufficient to remove bias from imbalances in observed covari-
ates; see Rosenbaum and Rubin (1985) and Abadie and Im-
bens (2011) for discussion of calipers and unidimensionality in
matching. The computations used Hansen’s (2007) optmatch
package in R; see also Hansen and Klopfer (2006).

3. SPLITTING

3.1 A 10%–90% Random Split for Design and Analysis

As proposed by Heller, Rosenbaum, and Small (2009),
within each year, the planning sample was a 10% sample of
pairs drawn at random without replacement. The analysis sam-
ple was the complementary 90% of pairs. As noted in Sec-
tion 1.2, the base period, 1995–1996 had no closures of ob-
stetrics units, 1997–1999 had five abrupt closures, whereas be-
ginning in 2000 the City of Philadelphia intervened to prevent

abrupt closures so that closures followed some delay and reor-
ganization among open hospitals. The planning sample looked
at 38 outcomes in each of two time periods defined by the City’s
intervention in the process of closure, 1997–1999 and 2000–
2003, for all zip codes, for zip codes close to closures and for
zip codes remote from closures, so a total of 38 × 2 × 3 = 228
significance levels were computed. Consistent with the discus-
sion by Cox (1975) and Heller, Rosenbaum, and Small (2009),
sample splitting served as a substitute for a correction for mul-
tiple testing.

The planning sample suggested several interesting hypothe-
ses, and here we focus on one of these, namely birth injury
ICD-9 767.3. Unlike some of the other 767 codes, code 767.3
is a serious injury, such as fracture of long bones or the skull,
not a routine abrasion of a normal birth. The planning sample
suggested an increase in such birth injuries in Philadelphia in
1997–1999 with a return to normal in 2000–2003, with some
indication that the increase was more pronounced for mothers
who lived in zip codes affected by closures.

The planning sample is used informally to suggest interest-
ing hypotheses and appropriate analyses. To motivate and clar-
ify the theoretical discussion in Section 4, we present an anal-
ysis of birth injury for the 10% planning sample in the same
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Figure 3. Covariate imbalance before and after matching for four continuous covariates, namely income, maternal age, birth weight, and
gestational age.

form that will be used in the final analysis of the complemen-
tary 90% sample. Actually, we did quite a bit of analysis of
the planning sample before settling upon this form. Having se-
lected this form, the analysis of the complementary 90% sam-
ple simply used this one form on this outcome. The analysis of
the 90% sample incorporates a sensitivity analysis developed in
Section 4.

3.2 Birth Injury in the Planning Sample: The Largest
Difference, Two Nearly Independent Tests for
Effect and a Test for Unmeasured Bias

Table 2 is the analysis of birth injury for the 10% planning
sample. It has four panels labeled “a comparison focused on the
most affected groups,” “factor 1,” “factor 2,” “bias test.” Fac-
tor 1 is the simplest comparison, so it is described first; then the
other parallel comparisons are described briefly. Table 2 counts
Philadelphia–control pairs discordant for birth injury, that is,
pairs in which exactly one baby experienced a birth injury. Fac-
tor 1 compares Philadelphia to control in 1997–1999 versus
1995–1996. In 1995–1996, there were 85 pairs containing one
birth injury, and in 43 pairs it was the Philadelphia baby who
was injured and in 42 pairs it was the control baby who was
injured. In contrast, during the period of closures, 1997–1999,
there were 184 pairs with birth injuries, and in 141 of the 184
pairs it was the Philadelphia baby who experienced the injury.

The odds ratio in this 2 × 2 table is 3.19, so it looks as if there
was an increase in the risk of birth injury in Philadelphia dur-
ing the period of hospital closures. Because of this observation
in the planning sample, the analysis in the complementary 90%
sample will look for an increase in risk for this same outcome.
Our data do not locate the birth injury as occurring either in the
hospital or prior to reaching the hospital, say, in an ambulance.
The most affected group contrasts Philadelphia zip codes near
closures to matched controls in 1995–1996 and in 1997–1999;
both a priori and as indicated in this planning split sample, it
seems reasonable to think that if a strong effect is to be found,
it will be found here.

Gart (1969) proposed an analysis for a randomized, two-
period cross-over experiment with a binary outcome which we
generalize for use here. His analysis is suggested by a logit
model with additive pair and time effects plus a treatment ef-
fect. In such a model, the nuisance parameters are eliminated
by conditioning on sufficient statistics, so that the treatment ef-
fect is tested by comparing two sets of discordant matched pairs
to the hypergeometric distribution in a 2 × 2 table analysis. In
Table 2, we perform this analysis several times, and in Section 4
we examine the analysis in the context of a nonrandomized ob-
servational study and generalize it to permit a sensitivity anal-
ysis. Happily, after a few steps, the sensitivity analysis for bi-
nary difference-in-differences turns out to be an almost standard
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Table 2. Results for birth injury in the planning component of the split sample. The table counts discordant
pairs in which exactly one baby in the pair was injured. Factor 1 contrasts the affected years (1997–1999)

with hospital closures in Philadelphia to the base years (1995–1996) without closures. Factor 2 looks within
the affected years (1997–1999) and contrasts zip codes with (W) closures to zip codes without (W/O)

closures. The bias test contrasts the same zip codes, but in the years (1995–1996) prior to closures, so a
difference there cannot be an effect caused by hospital closures, and would instead indicate a failure to

control some unmeasured bias. The p-values and odds ratios are from Gart’s (1969) procedure

A comparsion focused on the most affected groups

Birth outcomes in Zip codes with closures
discordant pairs 1995–1999

Philadelphia Control Affected Base
baby baby 1997–1999 1995–1996 Total (+)

Injured Not injured 52 8 60
Not injured Injured 12 11 23

Total (+) 64 19 83

Odds ratio 5.80

Alternative 1-sided
p-value 0.0016
95% interval [2.03,∞)

Factor 1 Factor 2 Bias test
Birth outcomes 1995–1999 1997–1999 1995–1996

Discordant pairs Time period Zip code Zip code

Closures ClosuresPhiladelphia
baby

Control
baby

Affected
1997–1999

Base
1995–1996 + W W/O + W W/O +

Injured Not injured 141 43 184 52 89 141 8 35 43
Not injured Injured 43 42 85 12 31 43 11 31 42

Total (+) 184 85 269 64 120 184 19 66 85

Odds ratio 3.19 1.51 0.65

Alternative 1-sided 1-sided 2-sided
p-value 0.000023 0.19 0.44
95% interval [1.95,∞) [0.76,∞) [0.20,2.03]

sensitivity analysis for a 2 × 2 table, so the situation in obser-
vational studies develops in parallel with Gart’s (1969) analysis
for a randomized cross-over study. There is, however, a curious
transformation of the magnitude of the sensitivity parameter;
see Proposition 1.

Judged by Gart’s test, the increase in risk of birth injury in
“factor 1” in the planning sample is significantly different from
an odds ratio of 1, with one-sided significance level 0.000023
and one-sided 95% confidence interval [1.95,∞). In the plan-
ning sample alone, if one did a Bonferroni correction for 228
two-sided tests, the significance level would be approximately
0.01.

In Table 2, factor 2 looks just at the years of closures, 1997–
1999, and contrasts zip codes near closures in 1997–1999 to
zip codes remote from closures. As mentioned in Section 1.2,
the overcrowding did not occur at the closed obstetrics units
but at the ones that remained open, so mothers in zip codes
remote from closures may have been affected by sharing an
overcrowded obstetrics unit with mothers who came from zip
codes with closures. On the other hand, mothers in zip codes
with closures faced a newly lengthened trip to the obstetrics

unit and may have been unexpected there. In any event, fac-
tor 2 is another difference-in-difference analysis in the manner
of Gart (1969) but now contrasting Philadelphia–control pairs
for zip codes near closures to pairs for zip codes remote from
closures. The odds ratio is 1.51, consistent with increased risk,
but it does not differ significantly from 1 in this 10% planning
sample. The panel labeled “bias test” in Table 2 is the same
comparison but done in the years before closures: any system-
atic difference here could not be an effect of the closures and
must reflect some uncontrolled bias. The odds ratio is 0.65 and
is not significantly different from 1 in this 10% planning sam-
ple.

The analysis for the most affected group in Table 2 looks
just at zip codes near closures, comparing 1997–1999 to 1995–
1996. It is in this comparison that we might anticipate the
largest effect. The odds ratio is 5.8 with a one-sided 95% confi-
dence interval of [2.03,∞). Because this is one of the largest of
hundreds of estimated odds ratios in the 10% planning sample,
we have reason to suspect that it is biased upwards; nonetheless,
this seems like a promising comparison to make in the indepen-
dent 90% analysis sample which will be examined in Section 5.
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There is an important difference between, on the one hand,
factors 1 and 2 and, on the other hand, the analysis of the
most affected groups. Factors 1 and 2 are not redundant; in-
deed, they are nearly independent tests when the hypothesis of
no treatment effect is true, that is, they are approximate ev-
idence factors. If the null hypothesis of no effect were true,
then exact evidence factors would be statistically independent
(Rosenbaum 2010c) and, strictly speaking, factors 1 and 2 in
Table 2 do not qualify; however, they are nearly independent
and so are approximate evidence factors (Rosenbaum 2011,
lemma 4 and section 7). Moreover, the unmeasured biases that
affect these two comparisons are different—in factor 1, un-
measured ways Philadelphia changed over time differently than
control–Philadelphia, in factor 2 unmeasured ways that the dif-
ference between Philadelphia moms and controls in zip codes
with closures in 1997–1999 differed from the pairs for zip codes
without closures. In this sense, the two factors are providing
separate, not redundant, information about birth injuries pos-
sibly caused by abrupt hospital closures. In contrast, the most
affected analysis in Table 2 is heavily redundant with the other
two analyses; it expresses the same evidence in a different way.

What does it mean to say that two evidence factors are
“nearly independent”? It means that under the null hypothesis,
the two p-values for the two factors are stochastically larger
than the uniform distribution on the unit square, so viewing
them as independent p-values would not lead to inflation of the
Type-1 error rate. For example, in a 2×3 contingency table, the
null hypothesis of independence may be tested by computing a
chi-square for independence with one degree of freedom com-
paring column one to the total of columns two and three, and
another chi-square for independence comparing columns two
and three (Lancaster 1949, expression 18). These two p-values
are not independent, because the second column of the first ta-
ble is the marginal row total of the second table; however, the
pair of resulting p-values are stochastically larger than uniform
under the null hypothesis of independence. For detailed discus-
sion of approximate evidence factors together with associated
sensitivity analyses, see Rosenbaum (2011).

It was a given that we would look at infant mortality, so that
decision was made without reference to the planning sample,
and the entire dataset was used. Although we do not present
that analysis here, it is worth mentioning that for death there
were no significant differences in the four analyses that parallel
Table 2 and the point estimates suggest that nothing dramatic
had occurred.

4. OBSERVATIONAL STUDIES WITH BINARY
OUTCOME AND DIFFERENCE–IN–DIFFERENCES

4.1 Notation: Base and Intervention Periods; Exposed
and Unexposed Regions

There are I pairs, i = 1, . . . , I, of two mothers, k = 1,2, who
gave birth in the same year, one giving birth in Philadelphia,
denoted Zik = 1, the other giving birth elsewhere, denoted Zik =
0, so Zi1 + Zi2 = 1 for each i. The mothers have been matched
for an observed covariate xik, so xi1 = xi2, but there is concern
also about an unobserved covariate uik that was not matched, so
possibly ui1 �= ui2. Because we match for year of birth, year is
included in xik.

In using mothers outside Philadelphia as controls for moth-
ers inside Philadelphia, we are contemplating what would have
happened to paired mothers had they interchanged roles, the
Philadelphia mother living and delivering in Pittsburgh, say,
and the Pittsburgh mother with whom she is paired delivering
in Philadelphia. That is to say, each mother (or her newborn
baby) has two potential binary responses, rTik if mother ik de-
livered in Philadelphia or rCik if mother ik delivered elsewhere;
see Neyman (1923) and Rubin (1974). Fisher’s (1935) sharp
null hypothesis of no treatment effect asserts H0 : rTik = rCik for
i = 1, . . . , I, k = 1,2. In Table 2, (rTik, rCik) refers to birth injury
of type ICD-9 767.3, and (rTik, rCik) = (1,0) indicates that baby
ik would have experienced a birth injury in Philadelphia but not
in, say, Pittsburgh. Under Fisher’s H0, (rTik, rCik) = (0,0) or
(rTik, rCik) = (1,1), so some babies had birth injuries and oth-
ers did not, but changing where mother ik delivered would not
change whether a birth injury occurred.

Write Rik = ZikrTik + (1 − Zik)rCik for the observed re-
sponse of mother ik. Also, write F = {(rTik, rCik,xik,uik), i =
1, . . . , I, k = 1,2}.
4.2 Model for Sensitivity Analysis

Even if Fisher’s null hypothesis H0 were true, birth outcomes
might be different in Philadelphia and elsewhere because moth-
ers in Philadelphia differ from mothers elsewhere. This may be
expressed in terms of a model that relates delivery in Philadel-
phia to characteristics of mothers and their neighborhoods in F .
This model begins by describing the situation prior to matching.
The model says that prior to matching, the Zik were condition-
ally independent given F with

Pr(Zik = 1|F ) = exp{κ(xik) + γ uik + �rCik}
1 + exp{κ(xik) + γ uik + �rCik} ,

0 ≤ uik ≤ 1, (1)

where κ(·) is an unknown function. In (1), by Bayes theorem,
the term κ(xik) permits the distribution of observed covariates
xik in Philadelphia to differ from the distribution among poten-
tial controls before matching, as indeed is seen to be the case in
Table 1; moreover, because year is in xik, (1) permits this dif-
ference in observed covariates to be different in different years.

In (1), if � �= 0 then the response rCik the mother or baby
would exhibit outside Philadelphia is related to whether the
mother delivers in Philadelphia; that is, by Bayes theorem under
(1), birth injuries may be more or less common in Philadelphia
than elsewhere. A bias of the form � �= 0 would be the worst
type of bias if one were comparing Philadelphia to matched
control, but the study compares Philadelphia in two time pe-
riods to control in two time periods, and for this comparison
� �= 0 is less of a problem. Of course, we cannot estimate � be-
cause we observe Rik not rCik; in particular, we never observe
rCik when Zik = 1, so we could not fit (1) even if we somehow
knew that γ = 0.

If γ �= 0 in (1), then the unobserved (and hence unmatched)
covariate uik is related to whether a mother delivers in Philadel-
phia. Because 0 ≤ uik ≤ 1 in (1), two mothers ik and ik′ with
(xik, rCik) = (xik′ , rCik′) may differ in their odds of delivering
in Philadelphia by a factor of at most � = exp(γ ) because uik

and uik′ differ. Because uij is otherwise unconstrained, it may be
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different in Philadelphia and control in a different way before
and after hospital closures. The term γ uik with 0 ≤ uik ≤ 1 in-
troduces a bias of entirely unspecified form but of a magnitude
determined by the magnitude of the sensitivity parameter �.

To aid interpretation, it is sometimes convenient to unpack
the single parameter � into two parameters (�,�) as � =
(1 + ��)/(� + �) where � controls the relationship between
ui1 − ui2 and Zi1 − Zi2 and � controls the relationship between
ui1 − ui2 and rCi1 − rCi2. Hence, YCi = (Zi1 − Zi2)(rCi1 − rCi2)

is 1 if the Philadelphia baby would have had a birth injury if de-
livery had occurred outside Philadelphia but the control would
not, Yi = −1 if the situation were reversed, and Yi = 0 if both
babies would have had the same outcome outside Philadelphia.
If � = 0 so that McNemar’s test may be used in a sensitivity
analysis comparing Philadelphia babies to controls, a value of
� = 1.25 unpacks into the curve 1.25 = (1 + ��)/(� + �),
which includes, for example, (�,�) = (2,2) for a uik that dou-
bles the odds of delivering in Philadelphia and doubles the odds
of a birth injury, but it also includes (�,�) = (1.4,5) and
(�,�) = (5,1.4). Analogously, � = 2 unpacks into (�,�) =
(3,5) and (�,�) = (5,3) and other values on the curve � =
(1 + ��)/(� + �). For discussion of various aspects of this
interpretation of the magnitude of �, see Gastwirth, Krieger,
and Rosenbaum (1998, section 2) and Rosenbaum and Silber
(2009a).

Our analysis eliminates � in (1) as a nuisance parameter; see
Proposition 1. In one sense the value of � does matter because
it affects the patterns of data we see, but in another sense it
does not matter because no matter what value � takes on, the
difference-in-differences analysis will fully account for it. Be-
cause of this and because (1) is linear in uik and rCik on the
logit scale, we may assume without loss of generality that the
unobserved covariate, uik, is uncorrelated with birth injuries
in the absence of closures, rCik, because if this were not the
case, we could replace uik by its least squares residual ŭik =
uik − (ϑ + ηrCik), so ŭik and rCik are uncorrelated, and κ(xik)+
γ uik + �rCik in (1) equals {κ(xik) + ϑ} + γ ŭik + (� + η)rCik. In
other words, an unobserved covariate uik cannot bias the anal-
ysis by virtue of being related to birth injuries; it must instead
in factor 1 be related to birth injuries in a different way in dif-
ferent years, or in factor 2 it must be related to birth injuries in
a different way in different zip codes. Although this appears to
be an attractive feature of the difference-in-differences analysis,
there is a nontrivial price to be paid for it. If � were known to be
zero, then Philadelphia and control–Philadelphia could be com-
pared directly, say, using McNemar’s test for binary responses
in matched pairs, and the bias from uik would be of magnitude
γ on the logit scale or � = exp(γ ) in terms of odds; see Rosen-
baum (2002, section 4.3.2). In contrast, although the difference-
in-differences analysis may take uik to be uncorrelated with
rCik, the analysis faces a bias from uik of magnitude 2γ on the
logit scale or 
 = �2 = exp(2γ ) in terms of odds; again, see
Proposition 1. In brief, the difference-in-difference analysis is
completely unaffected by certain unmeasured biases perfectly
correlated with rCik, but is twice as sensitive to certain other
unmeasured biases uncorrelated with rCik. A mathematically
distinct yet conceptually related phenomenon has been noted
previously, with difference-in-differences studies being more
severely affected by errors-of-measurement (Freeman 1984;
Griliches and Hausman 1986).

After matching for xik, so that xi1 = xi2 and Zi1 + Zi2 = 1,
the model (1) implies

Pr(Zi1 = 1|F ,Zi1 + Zi2 = 1)

= exp(γ ui1 + �rCi1)

exp(γ ui1 + �rCi1) + exp(γ ui2 + �rCi2)
. (2)

In particular, (2) is 1
2 if γ = � = 0, but otherwise treatment

assignment is biased.
An alternative but nearly equivalent formulation of the model

would omit reference to the population prior to matching—that
is, omit reference to (1)—and take (2) as the starting point, that
is, take (2) as a model for treatment assignment Zik within a
given matched pair i. Our sense is that the step from (1) to (2) is
useful in making it clear what matching for xik does and what it
fails to do. There is, however, one advantage in beginning with
(2). Once a matched pair is formed, there is one Philadelphia
zip code attached to that pair, and by including that zip code in
F as an attribute of the pair i (not the mother k), we may under-
stand (2) as a model for the identity k of the Philadelphia mother
in pair i. That is, in this formulation, (2) asks: Given that pair
i contains two mothers, one from Philadelphia zip-code xxxxx
and the other from a zip code with similar attributes elsewhere
in Pennsylvania, California, or Missouri, and given specific val-
ues of (ui1, rCi1) and (ui2, rCi2) for these two mothers, what is
the chance that mother i1 is the Philadelphia mother and i2 is
the mother from elsewhere? This distinction between starting
with (1) and starting with (2) is relevant only to comparisons of
pairs with a zip code near a hospital closure versus pairs with a
zip code remote from closures—in such comparisons, zip code
is treated as a fixed attribute of the pair, as year is treated as a
fixed attribute of the pair in temporal comparisons.

4.3 Sensitivity Analysis With Binary Outcomes in
Difference-in-Differences

We wish to focus on a set S ⊆ {1, . . . , I} of the pairs, and
to contrast two subsets of the pairs in S , denoted by vi = 1
and vi = 0. In the first evidence factor in Table 2, all pairs are
used, S = {1, . . . , I}, and vi = 1 for birth pairs in years 1997–
1999 and vi = 0 for pairs in 1995–1996. In the second evidence
factor in Table 2, S ⊂ {1, . . . , I} are the pairs in 1997–1999, and
vi = 1 for pairs with a Philadelphia mother in a zip code near a
closure and vi = 0 for pairs with a Philadelphia mother not near
a closure.

Consider testing Fisher’s null hypothesis H0 : rTik = rCik us-
ing the conditional distribution of T ′ = ∑

i∈S
∑2

k=1 viZikRik

given W ′ = ∑
i∈S

∑2
k=1 ZikRik. In the first evidence factor in

Table 2, this is the conditional distribution of T ′, the number
of birth injuries in Philadelphia during the years 1997–1999 of
abrupt closures, given the total W ′ of birth injuries in Philadel-
phia in all years 1995–1999. If H0 is true, then rTik = rCik = Rik,
and T ′ and W ′ receive only constant contributions from con-
cordant pairs with 0 = Ri1 − Ri2 = rCi1 − rCi2. Renumber the
pairs so that pairs j = 1, . . . , J are both in S and are discor-
dant pairs in the sense that Rj1 �= Rj2, and pairs j + 1, . . . , I
are either not in S or are concordant pairs with Rj1 = Rj2. Let
T = ∑J

j=1
∑2

k=1 vjZjkRjk and W = ∑J
j=1

∑2
k=1 ZjkRjk and no-

tice that, given F and Zi1 + Zi2 = 1, i = 1, . . . , I, they dif-
fer from T ′ and W ′ by a constant when H0 is true. Write
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Z = (Z11,Z12, . . . ,ZJ2)
T and rC = (rC11, rC12, . . . , rCJ2)

T for
the 2J-dimensional vectors, and write Z for the set contain-
ing the 2J vectors z = (z11, z12, . . . , zJ2)

T with each zjk = 0 or
zjk = 1 and zj1 + zj2 = 1. With a slight abuse of notation, condi-
tioning on the event Z ∈ Z will be abbreviated to conditioning
on Z . Write v+ = ∑J

j=1 vj.
In Proposition 1, the case (5) of � = 1 is essentially due to

Gart (1969). In (4) conditioning on W has eliminated the poten-
tial bias in (2) from �rCi1, leaving only the potential bias from
γ ui1.

Proposition 1. Let 
 = �2. Under H0 and the sensitivity
model (1),

ϒ

(
J,w, v+, t,

1




)
≤ Pr(T ≥ t|F , Z,W = w)

≤ ϒ(J,w, v+, t,
), (3)

where

ϒ(J,w, v+, t,
)

=
min(w,v+)∑

k=max(t,w+v+−J)

(
v+
k

)(
J − v+
w − k

)

k

/( min(w,v+)∑
k=max(0,w+v+−J)

(
v+
k

)(
J − v+
w − k

)

k

)
(4)

is the extended hypergeometric distribution. In particular, if
γ = 0 in (1), so that � = 1, then

Pr(T ≥ t|F , Z,W = w) =
min(w,v+)∑

k=max(t,w+v+−J)

(v+
k

) (J−v+
w−k

)(J
w

) (5)

is the hypergeometric distribution.

Proof. The proof consists in transforming a sensitivity anal-
ysis for 2×2 tables counting discordant pairs, such as the 2×2
tables in Table 2, into a sensitivity analysis for unrelated events
in 2 × 2 tables, and then applying standard methods for the lat-
ter situation. Throughout the proof, assume H0 is true for the
purpose of testing it, so rTik = rCik = Rik. Using (2), we have

Pr(Z = z|F ,Z ∈ Z)

= exp(γ
∑J

j=1
∑2

k=1 zjkujk + �
∑J

j=1
∑2

k=1 zjkrCjk)∏J
j=1{exp(γ uj1 + �rCj1) + exp(γ uj2 + �rCj2)}

. (6)

Let Zw = {z ∈ Z : w = ∑J
j=1

∑2
k=1 zjkrCjk}. Then |Zw| = ( J

w

)
.

Conditioning on W = w or equivalently on Z ∈ Zw yields

Pr(Z = z|F ,Z ∈ Zw) = exp(γ
∑J

j=1
∑2

k=1 zjkujk)∑
b∈Zw

exp(γ
∑J

j=1
∑2

k=1 bjkujk)

which no longer depends upon �. Because the J pairs are dis-
cordant, 1 = |rCj1 − rCj2| for every j, we may without loss
of generality renumber the two subjects in each pair j so that
rCj1 = 1 and rCj2 = 0; then vj

∑2
k=1 zjkrCjk = vjzj1 and T =∑J

j=1 vjzj1 and W = ∑J
j=1 zj1; see Table 3. Also, write ũj =

uj1 − uj2, so that −1 ≤ ũj ≤ 1. Define the J-dimensional vec-
tors ũ = (̃u1, . . . , ũJ)

T , v = (v1, . . . , vJ)
T , and 1 = (1, . . . ,1)T .

Table 3. General form of the table under H0 after renumbering within
the J discordant pairs so that rCj1 = 1 and rCj2 = 0 for each j

vj = 1 vj = 0 Total

zj1 = 1
∑J

j=1 vjzj1
∑J

j=1(1 − vj)zj1 w

zj1 = 0
∑J

j=1 vj(1 − zj1)
∑J

j=1(1 − vj)(1 − zj1) J − w

Total v+ J − v+ J

Let χ(A) = 1 if event A occurs and χ(A) = 0 otherwise. Then
using

∑2
k=1 zjkujk = uj2 + zj1(uj1 − uj2) and simplifying

Pr(T ≥ t|F ,Z ∈ Zw)

=
∑

z∈Zw

χ

(
J∑

j=1

vj

2∑
k=1

zjkrCjk ≥ t

)
exp

(
γ

J∑
j=1

2∑
k=1

zjkujk

)
/ ∑

b∈Zw

exp

(
γ

J∑
j=1

2∑
k=1

bjkujk

)

=
∑

z∈Zw
χ(

∑J
j=1 vjzj1 ≥ t) exp(γ

∑J
j=1 zj1̃uj)∑

b∈Zw
exp(γ

∑J
j=1 bj1̃uj)

= λt (̃u), say. (7)

Then to prove (3) it suffices to show

λt(1 − 2v) ≤ λt (̃u) ≤ λt(2v − 1), (8)

because w = ∑J
j=1 zj1 is fixed for z ∈ Zw, so that, for example,

λt(2v − 1)

=
∑

z∈Zw
χ(

∑J
j=1 vjzj1 ≥ t) exp{γ ∑J

j=1 zj1(2vj − 1)}∑
b∈Zw

exp{γ ∑J
j=1 bj1(2vj − 1)}

=
∑

z∈Zw
χ(

∑J
j=1 vjzj1 ≥ t) exp(2γ

∑J
j=1 zj1vj)∑

b∈Zw
exp(2γ

∑J
j=1 bj1vj)

= ϒ(J,w, v+, t,�2).

The proof of (8) is identical to the proof of proposition 1 in
Rosenbaum (1995), except in that proof, 0 ≤ uj ≤ 1 whereas
here −1 ≤ ũj ≤ 1, so the upper bound in (3) is attained with
ũj = 2vj − 1 rather than with uj = vj (or with uj = rj in the
notation of that proof).

5. CONFIRMATORY ANALYSIS USING
THE 90% SAMPLE

Table 4 is for the analysis sample of 90% of pairs but is oth-
erwise parallel to Table 2 for the 10% planning sample. The
initial impression of Table 4 is that it exhibits many of the same
patterns as Table 2, albeit sometimes in a more muted form. For
instance, in Table 2, the odds ratio for the most affected groups
was 5.80, whereas in Table 4 it is 2.19. This is not surprising
given that Table 2 was selected as the most promising of many
possible analyses, while Table 4 is an independent replication
of that one most promising analysis.

As in Table 2, Table 4 provides several pieces of informa-
tion consistent with an increase in birth injuries caused by
abrupt hospital closures. First, in factor 1, there is an increase
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Table 4. Results for birth injury in the analysis component of the split sample. This table, which is the basis for
conclusions rather than hypothesis generation, has the same structure as Table 2 but is based on an independent

sample of pairs that is approximately nine times larger

A comparsion focused on the most affected groups

Birth outcomes in Zip codes with closures
discordant pairs 1995–1999

Philadelphia Control Affected Base
baby baby 1997–1999 1995–1996 Total (+)

Injured Not injured 475 131 606
Not injured Injured 137 83 220

Total (+) 612 214 826

Odds ratio 2.19

Alternative 1-sided
p-value 3.71 × 10−6

95% interval [1.63,∞)

Factor 1 Factor 2 Bias test
Birth outcomes 1995–1999 1997–1999 1995–1996

Discordant pairs Time period Zip code Zip code

Closures ClosuresPhiladelphia
baby

Control
baby

Affected
1997–1999

Base
1995–1996 + W W/O + W W/O +

Injured Not injured 1231 505 1736 475 756 1231 131 374 505
Not injured Injured 514 339 853 137 377 514 83 256 339

Total (+) 1745 844 2589 612 1133 1745 214 630 844

Odds ratio 1.61 1.73 1.08

Alternative 1-sided 1-sided 2-sided
p-value 4.37 × 10−8 9.33 × 10−7 0.69
95% interval [1.39,∞) [1.42,∞) [0.78,1.51]

from 1995–1996 to 1997–1999 in the relative frequency of
birth injuries in Philadelphia when contrasted with control–
Philadelphia. Second, in factor 2, in the years 1997–1999, there
is a greater excess of birth injuries in zip codes near hospital
closures than in zip codes remote from hospital closures when
contrasted with matched pairs in control–Philadelphia. The test
for bias looks at these same zip code groups but in the years be-
fore closures, yielding an odds ratio of 1.08 which does not dif-
fer significantly from 1. That is to say, zip codes with closures
look different after the closures but did not look different before
the closures. These pieces of information are not greatly redun-
dant with each other; that is, the first two pieces are approximate
evidence factors. The most affected group contrasts zip codes
near closures in 1995–1996 to 1997–1999 to matched controls
in control–Philadelphia; this yields the largest estimated odds
ratio of 2.19. In the absence of bias from unmeasured covari-
ates, this would suggest roughly a doubling of the odds of birth
injuries in the affected regions of Philadelphia during the period
of abrupt closures.

Unlike factor 1 in Table 2, in Table 4 there is strong evi-
dence that birth injuries were more common in Philadelphia
than in control–Philadelphia in 1995–1996 when there were
no closures. Specifically, if McNemar’s test is applied to the
844 = 505+339 pairs discordant for birth injury in 1995–1996,

the two-sided p-value is 1.2 × 10−8. Expressed in terms of (1),
it appears that � �= 0, so the elimination of � by conditioning
is essential. We could not reasonably apply McNemar’s test to
the 1745 = 1231 + 514 discordant pairs in 1997–1999, because
the comparison in 1995–1996 suggests that at least part of the
difference in birth injuries in 1997–1999 was already present in
1995–1996 when there were no closures.

Table 5 is the sensitivity analysis based on Table 4 using
Proposition 1. Table 5 eliminates � by conditioning and wor-

Table 5. Sensitivity analysis in the 90% analysis sample. The table
gives the upper bound on the one-sided p-value testing the null
hypothesis of no effect of closures on birth injuries for the three

effect comparisons in Table 4 for departures from random
assignment of various magnitudes �

Upper bound on 1-sided p-value

� Most affected Factor 1 Factor 2

1.0 0.0000 0.0000 0.0000
1.1 0.0003 0.0007 0.0012
1.15 0.0019 0.0145 0.0118
1.2 0.0083 0.1126 0.0636
1.25 0.0277 0.3892 0.2066
1.3 0.0730 0.7301 0.4445



Zhang et al.: Observational Study of Neonatal Outcomes 523

ries about an unobserved covariate uik uncorrelated with birth
injuries in the absence of closures, rCik, but possibly related to
changes or differences in the frequencies of birth injuries. In
Table 5, the analysis is reported in terms of �, but from Propo-
sition 1 the sensitivity bound is calculated using the extended
hypergeometric distribution with parameter 
 = �2.

Birth injuries were more common in Philadelphia than
among matched controls even before Philadelphia hospitals be-
gan to close their obstetrics units; however, there was a sub-
stantial increase in the relative frequency of birth injuries dur-
ing the years 1997–1999 of abrupt closures, and this increase
was substantially more pronounced in zip codes served by hos-
pitals that closed. Moreover, zip codes served by hospitals that
closed did not exhibit any relative excess of birth injuries in
the years 1995–1996 prior to closures. A moderate bias from
an unobserved covariate uik of magnitude � = 1.3 (or � = 2
and � = 2.3 in Section 4.2) could produce any one of these
associations, but this uik would need to be somewhat unusual:
it would need to be uncorrelated with birth injuries rCik (see
Section 4.2) yet strongly correlated with the change in birth in-
juries over time and with the postclosure difference in zip codes
with closures. Such unobserved covariate is logically possible,
but is rendered somewhat less plausible by the need to explain
the results in factor 1, factor 2 and the bias test, no one of which
is redundant with another.

Table 4 permits two other informative analyses. Although
one expects an effect of closures in zip codes with closures,
as discussed earlier it is less clear what one should expect for
mothers living in zip codes without closures. Comparing pairs
discordant for birth injuries in zip codes without closures in
1997–1999 and 1995–1996, the point estimate of the odds ratio
is 1.35 with 95% confidence interval [1.11, 1.63], suggesting a
small increase in birth injuries for mothers in zip codes without
closures. In addition, in the 2 × 2 × 2 table in Table 4 record-
ing pairs discordant for birth injuries, time interval, and with
or without closures, the three factor interaction in a log-linear
model is not plausibly zero, with likelihood ratio chi-square of
6.27 on 1 degree of freedom, p-value = 0.012, so the increase
in birth injuries appears to have been larger in zip codes with
closures than in zip codes without closures. This pattern of re-
sults is not inconsistent with overcrowding at the hospitals that
remained open, with mothers remote from the closures being
nonetheless affected by the influx of mothers from zip codes
with closures.

6. DISCUSSION

Between 1997 and 2007, 12 of 19 hospitals in Philadelphia
closed their obstetrics units. Our study built a control Philadel-
phia with some of the temporal and sociodemographic struc-
ture of Philadelphia thereby framing and simplifying questions
about how Philadelphia might have changed in the absence of
widespread closures of obstetrics units.

Because this series of hospital closures is a unique event, it
will never be possible to replicate this study using a new inde-
pendent sample. Motivated by considerations of improved de-
sign sensitivity (Heller, Rosenbaum, and Small 2009), we cre-
ated an internal replication, a small planning sample of about
13,000 pairs of mothers, and an independent confirmatory anal-
ysis sample of about 120,000 pairs. The planning sample sug-
gested a focus on serious birth injuries (ICD-9 767.3), with a

relative increase in injuries in the years 1997–1999 of abrupt
closures, especially in zip codes served by obstetrics units that
abruptly closed. This led to two evidence factors, one test for
bias from unmeasured covariates, and a sensitivity analysis.

In a scientific report, what is the appropriate way to report
a split sample analysis? In our methodological discussion here,
we have focused on one confirmatory analysis. Our sense is that
both exploratory and confirmatory analyses should be presented
(Tukey 1980), but that these two types of analyses should be
distinguished based on their different histories. That is, a ta-
ble might present parallel analyses for many interesting out-
comes with a bright red line separating confirmatory from ex-
ploratory analyses. Above the red line are a few analyses sug-
gested by the planning sample, with independent confirmation
or not from the much larger analysis sample. Below the line
are exploratory analyses of many outcomes, perhaps aided by
some interpretive guidance from multiple testing procedures,
such as the Bonferroni inequality, and their associated sensitiv-
ity analyses (for example, Heller, Rosenbaum, and Small 2009,
section 3.3; Rosenbaum and Silber 2009b, section 4.5). Though
perhaps interesting and worthy of further study, hypotheses that
are first suggested by the analysis sample or the complete data
would inevitably be regarded as speculative unless confirmed
by multiple testing procedures.

[Received September 2010. Revised March 2011.]
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