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The scientific community relies on postmarketing approaches to define the risk of using medications in
pregnancy because information available at the time of drug approval is limited. Most studies carried out in
pregnancy focus on a single outcome or selected outcomes. However, women must balance the benefit of
treatment against all possible adverse effects. We aimed to apply and evaluate a tree-based scan statistic
data-mining method (TreeScan; Martin Kulldorff, Harvard Medical School, Boston, Massachusetts) as a safety
surveillance approach that allows for simultaneous evaluation of a comprehensive range of adverse pregnancy
outcomes, while preserving the overall rate of false-positive alerts. We evaluated TreeScan with a cohort design
and adjustment via propensity score techniques, using 2 test cases: 1) opioids and neonatal opioid withdrawal
syndrome and 2) valproate and congenital malformations, implemented in pregnancy cohorts nested within the
Medicaid Analytic eXtract (January 1, 2000–December 31, 2014) and the IBM MarketScan Research Database
(IBM, Armonk, New York) (January 1, 2003–September 30, 2015). In both cases, we identified known safety
concerns, with only 1 previously unreported alert at the preset statistical alerting threshold. This evaluation
shows the promise of TreeScan-based approaches for systematic drug safety monitoring in pregnancy. A targeted
screening approach followed by deeper investigation to refine understanding of potential signals will ensure that
pregnant women and their physicians have access to the best available evidence to inform treatment decisions.

drug safety; opioids; pregnancy; systematic surveillance; TreeScan; valproate

Abbreviations: ICD-9, International Classification of Diseases, Ninth Revision; MLCC, Multi-Level Clinical Classifications; PS,
propensity score; RR, relative risk.

Pregnant women are de facto excluded from most drug-
related clinical trials in an effort to protect the fetus from
research-related risks (1). It is well known, however, that
neither a drug’s structure and function nor animal studies
are good predictors of human teratogenesis (2, 3). Hence,
when a new drug enters the market, there is little or no
available information about the safety of its use during
pregnancy, and the evidence base regarding safety must rely
on postmarketing surveillance.

Historically, spontaneous reporting, pregnancy exposure
registries, and case-control study designs were the main
approaches used to evaluate the safety of medications in
pregnancy. More recently, there has been increasing reliance

on cohort studies nested within large health-care utilization
databases—i.e., claims databases, national and provincial
registries, and electronic health record databases. Such stud-
ies offer a number of important advantages, including: 1) the
use of large population-based cohorts; 2) prospectively col-
lected exposure information, eliminating the potential for
recall bias; 3) availability of internal reference groups; 4) the
ability to study a broad range of maternal and infant out-
comes; and 5) rich information for confounding adjustment
(4). While there are important methodological challenges
associated with using this type of data for research, with
careful design these data can be a valid source for evaluating
the safety of medications in pregnancy, and their use has
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been increasingly embraced by the US Food and Drug
Administration, the European Medicines Agency, and other
regulators.

Across all of these designs, most studies of drug safety in
pregnancy focus on a single outcome or selected outcomes,
either by design or as a result of selective publication of
associations in the context of multiple comparisons. To make
an informed treatment decision, a pregnant woman must
balance the benefits of treatment against all possible adverse
effects for herself and her newborn infant. There is therefore
a need to develop a safety surveillance approach that allows
for the simultaneous evaluation of a comprehensive range
of adverse maternal, fetal, and neonatal outcomes, while
accounting for multiple testing and preserving the overall
rate of false-positive alerts.

Our objective in this study was to develop such an ap-
proach by building on the tree-based scan statistic method
(TreeScan; Martin Kulldorff, Harvard Medical School,
Boston, Massachusetts) (5), which has been used by the
Food and Drug Administration and the Centers for Disease
Control and Prevention to study the safety of drugs and vac-
cines outside of pregnancy (6–8). We evaluated the approach
using 2 test cases of medications known to cause specific
adverse pregnancy outcomes: 1) prescription opioids and
the risk of neonatal opioid withdrawal syndrome and
2) valproate and the risk of specific congenital malformations.

METHODS

The tree-based scan statistics for drug safety surveillance
scan a hierarchical tree of specific outcomes, as well as
groups of clinically related outcomes, for associations with
the exposure of interest (6, 9). It does so while accounting for
the multiple testing of correlated hypotheses. As such, the
method allows for the simultaneous evaluation of a broad
range of potential adverse events, as well as groupings of
related adverse events. Because an adverse event “signal”
does not necessarily mean that there is a causal relationship,
such an approach represents the first step in a comprehensive
drug safety surveillance system, used to highlight poten-
tial problems that warrant further, thorough investigation.
Below, we describe a TreeScan approach for drug safety
surveillance during pregnancy and then detail the test cases
used to evaluate the feasibility of the approach.

TreeScan

The “tree” in TreeScan refers to a classification system
that hierarchically groups coded clinical concepts into clin-
ically related categories. Example clinical coding systems
that could be used include, among others, the International
Classification of Diseases, the Multi-Level Clinical Clas-
sifications (MLCC) (10) for International Classification of
Diseases codes, or the Medical Dictionary for Regulatory
Activities classification system (MedDRA MSSO, McLean,
Virginia), where each grouping of clinically related con-
cepts represents an outcome “node” in the hierarchical tree.
In pregnancy research, tree structures can be customized
to focus on outcomes for which exposure may be in an

etiologically relevant window. For example, tree structures
that involve congenital malformation outcomes may be rel-
evant when studying exposures incurred in the first trimester
but not the third trimester. A tree that allows a broader
scan of potential maternal and neonatal outcomes other
than malformations may be more appropriate for exposures
occurring later in pregnancy. Examples of the hierarchical
tree structures used in our test cases are shown in Figure 1
and Figure 2 (see “Test cases” below for details). Use of
a hierarchical tree structure maximizes statistical power
to detect clinically related outcomes, which would not be
feasible by scanning only individual uncommon diagnoses.

The “scan” in TreeScan refers to the statistic used to
evaluate potential associations between the exposure and
the range of outcomes in the hierarchical tree. Tree-based
scan statistics are available with different probability models
for different types of data, including the conditional and
unconditional versions for Bernoulli/binomial and Poisson-
generated data (5–7, 9, 11). These statistics test the null
hypothesis of no difference in risk of adverse events in any
outcome node in the tree against a 1-sided alternative that
there is at least 1 node in the tree where the risk of adverse
events is higher in the exposed group than in the comparator
group.

When screening for multiple outcomes, it is important to
control the rate of false-positive alerts. Therefore, TreeScan
generates multiplicity-adjusted P values that accurately
reflect the type I error rate in the absence of confounding.
P values can be interpreted at face value as the probability of
seeing an association of the observed magnitude or one more
extreme if the null hypothesis were true. The distribution of
the tree-based scan statistic is unknown and is therefore
derived nonparametrically by generating distributions under
the null hypothesis of no effect of exposure in any node
via Monte Carlo simulation. The test statistics from 9,999
data sets simulated under the null and from the 1 observed
data set are ranked from largest to smallest. The multiple-
testing–adjusted P value is determined by the rank R of the
observed test statistic divided by 10,000 (9,999 simulated +
1 observed data set), so that P = R/(9,999 + 1).

Propensity score (PS) matching can be used for confound-
ing adjustment with a Bernoulli tree-based scan statistic.
However, this test statistic is not compatible with weighting-
based adjustment methods. In contrast, fine-stratification
weights can be used to handle confounding with the Poisson
tree-based scan statistic. Fine stratification on the PS is
a strategy often used in pregnancy studies that focus on
evaluation of the risk of a specific outcome (12–14). This
adjustment strategy can boost power to detect small associ-
ations compared with PS matching and may be particularly
useful in settings of rare exposure and outcomes (15). For
our data, we used the unconditional Bernoulli and Poisson
test statistics.

When screening to prioritize associations that warrant
further investigation, one can specify a priori a threshold for
statistical alerting, which corresponds to the probability of a
type I error (falsely rejecting the null hypothesis that there is
no excess risk for any outcome grouping in the tree). In our
test cases, we set the threshold for alerting at 5%, a com-
monly used value in biomedical research. Therefore, only
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Level 1

Level 2

Level 3

Level 4

Level 5

Leaf

15
Conditions Originating in the Perinatal Period

15.01–15.06
…

15.07
Other Perinatal Conditions

15.07.01
Respiratory Conditions of Fetus and 

Newborn, Other Than Respiratory Distress

15.07.02–15.07.04
…

15.07.01.00
Respiratory Conditions of Fetus and 

Newborn, Other Than Respiratory Distress

ICD-9 
Codes 

770.0–770.5 

ICD-9 
Code
770.1 

ICD-9 
Code
770.2

ICD-9 
Code
770.3

ICD-9 
Code
770.4 

ICD-9 
Code
770.5

ICD-9 
Code
770.6

ICD-9 
Code

…

Unique Combination of Codes Observed for ≥1 Infant
770.6   Newborn transitory tachypnea
776.6    Anemia of prematurity
779.5   Newborn drug withdrawal syndrome

Figure 1. Example of a tree structure for 1 branch of the Multi-Level Clinical Classifications (MLCC) software tree. The MLCC tree is organized
by body system, and condition categories are defined by the Agency for Healthcare Research and Quality’s Healthcare Cost and Utilization
Project. The leaf node is comprised of unique combinations of diagnostic codes observed in the follow-up window. Each code within the leaf
has a unique level 5 node, the individual International Classification of Diseases, Ninth Revision (ICD-9) code. This level 5 code is grouped
at increasingly aggregated higher levels by condition and/or body system. For example, if an infant had 3 diagnoses within 90 days of delivery
(ICD-9 codes 770.6 (newborn transitory tachypnea), 776.6 (anemia of prematurity), and 779.5 (newborn drug withdrawal syndrome)), this unique
combination of codes would form the leaf level of the tree. Each diagnosis code in that unique combination would be grouped in clinically related
categories based on the MLCC categories. ICD-9 code 770.6 would be grouped with other codes related to respiratory conditions of the fetus
and newborn at levels 4 and 3. It would then be further grouped with other level 3 nodes to create a level 2 node encompassing “other perinatal
conditions.” This level 2 node is further grouped with other level 2 nodes to form the level 1 node of “conditions originating in the perinatal period.”
A similar grouping process would occur for the other ICD-9 codes in the leaf-level combination of codes assigned to the infant.

outcome nodes with P < 0.05 were considered statistical
alerts. This means that if the null hypothesis is true, there
is a 95% probability of having 0 alerts and a 5% probability
of having 1 or more false alerts.

Adverse pregnancy outcomes tend to be rare. Because
multiple-testing adjustment reduces power to detect true
effects, some statistical nonalerts with high relative risk may
still merit assessment using a clinical and methodological
perspective to determine whether these outcomes warrant
further consideration. Thus, these screening methods can
play an important part in prioritization of potential signals
even when there is not sufficient power to alert at a stringent
prespecified statistical threshold.

Relatedly, a statistical alert does not necessarily equal a
safety signal. Statistical alerts help prioritize associations
that are unlikely to have occurred by chance. Residual con-
founding not accounted for in the design phase can produce
spurious alerts. Potential signals of concern should therefore
be followed by a cohort study tailored to the specific drug
and outcome of interest, first using the original data source
to assess whether the observed association remains or is

removed with a tailored design and confounding adjustment.
For associations that persist, the robustness of the finding
should be further evaluated by implementing the study in
independent data.

All analyses were conducted using publicly available
TreeScan software (5).

Test cases

Data sources and study cohorts. We used linked mother-
infant pregnancy cohort data from the Medicaid Analytic
eXtract (2000–2014; n = 1,991,722) (16) and the IBM Mar-
ketScan Research Database (IBM, Armonk, New York)
(2003–2015; n = 1,324,803). The pregnancy cohorts con-
sisted of all pregnancies among women aged 12–55 years
resulting in live birth with continuous insurance coverage
from 3 months before the start of pregnancy to a minimum
of 1 month after delivery. We required offspring to have
continuous insurance coverage for a minimum of 3 months
after the date of birth, unless they died sooner.
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Level 1

Level 2

Level 3

Level 4

Leaf

Congenital Malformation
740.xx–759.xx

752.61

Unique Combination of Codes Observed for ≥1 Infant
Spina bifida with hydrocephalus, unspecified region
Microcephalus
Hypospadias

741.02
742.1
526.1

742.1x741.02

752.6x742.1x741.0x

752.xx742.xx741.xx

Figure 2. Example of an International Classification of Diseases, Ninth Revision (ICD-9) digit-based tree structure for 1 patient’s unique
combination of congenital malformations. The leaf node is comprised of unique combinations of diagnostic codes observed in the follow-up
window. Each code within the leaf has a unique level 4 node, a 5-digit ICD-9 code (with a placeholder if there is no fifth digit code available).
This level 4 code is grouped at increasingly aggregated higher levels based on 4-digit codes, 3-digit codes, and then, finally, any congenital
malformation code at the highest level of the hierarchical tree.

The exposures for the 2 example studies of interest were
selected for their reasonably well-characterized safety pro-
files. Our goal was to evaluate whether the known risks
associated with the medication would be detected using the
TreeScan approach, without generating many false-positive
alerts (Table 1).

Test case 1: opioid exposure in late pregnancy. Our objec-
tive in the first test case was to evaluate the risk of neonatal
outcomes associated with late-pregnancy exposure to pre-
scription opioids. Late-pregnancy opioid exposure is known
to be associated with neonatal opioid withdrawal syndrome
(17, 18), and we therefore anticipated detecting a signal for
this outcome. Less is known about the potential risk of other
adverse neonatal outcomes. This example is characterized
by a relatively common exposure and a relatively common
known safety concern.

Women were considered exposed if they filled at least 2
prescriptions for opioids during the 60 days before delivery
(see Web Figure 1 and Web Table 1, available online at
https://doi.org/10.1093/aje/kwaa288). Women were consid-
ered unexposed if they did not fill any prescriptions for opi-
oids, buprenorphine, or methadone from 3 months before the
start of pregnancy to the end of pregnancy. We considered
a broad range of potential confounding variables, including
maternal demographic characteristics, opioid indications,
substance use disorder or dependence, obstetrical condi-
tions, chronic comorbid conditions, health-care utilization,
and concomitant medication use (Web Table 2). Covariates
were measured from 180 days before delivery to the end of
pregnancy. A PS was estimated on the basis of a logistic
regression model including all prespecified covariates.

We used a 1:5 PS matching approach (nearest-neighbor
algorithm with a matching caliper of 0.01) to adjust for con-
founding and used the unconditional Bernoulli tree-based

scan statistic to evaluate whether there were outcomes or
groupings of outcomes that were more likely to occur after
late-pregnancy exposure to opioids.

We used an MLCC-based (10) tree to scan across neonatal
outcomes. The MLCC system groups International Classifi-
cation of Diseases, Ninth Revision (ICD-9) diagnosis codes
(leaf level) into hierarchical levels based on body systems,
where each grouping is an outcome “node” in the tree. We
conducted hypothesis testing for 9,044 hierarchical outcome
nodes at every level of the tree above the leaf level, without
double-counting outcomes when infants had multiple ICD-
9 diagnoses grouped in the same higher-level aggregated
outcome nodes of the hierarchical tree (see Figure 1 for an
example). The follow-up window for identifying infant out-
comes was from birth through age 90 days. Prior TreeScan
work conducted outside of pregnancy (6–8, 11, 19, 20)
has used MLCC-based trees to scan across thousands of
correlated outcomes.

Pruning the tree to avoid hypothesis-testing on irrelevant
nodes can help increase power to detect associations be-
tween exposure and the remaining outcomes. Because we
evaluated risks associated with late-pregnancy exposure to
opioids, which falls after the etiologically relevant exposure
risk window for most congenital malformations, branches
with codes related to congenital malformations were re-
moved. The tree was also “pruned” to remove diagnosis
codes unlikely to reflect an adverse reaction caused by drugs
(e.g., a well care visit or live birth), diagnoses that did not
represent incident events (e.g., a family history of alco-
holism), and conditions with long latency/induction periods
(e.g., cancer). The pruned tree is available from the authors
upon request.

For the opioids, the unconditional Bernoulli TreeScan
model was used.
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Table 1. Comparison of the Specific TreeScana Methods Used for Safety Surveillance in 2 Test Cases, Implemented in Pregnancy Cohorts
Nested in the Medicaid Analytic eXtract and the IBM MarketScan Research Databaseb

Parameter Test Case 1: Opioids Test Case 2: Valproate

Exposure Late pregnancy exposure, relatively common First-trimester exposure, rare

Expected outcome Neonatal opioid withdrawal syndrome,
relatively common

Specific birth defects, rare

Confounding adjustment method Propensity score matching Propensity score fine stratification

Scan statistic Unconditional Bernoulli Unconditional Poisson

Hierarchical outcome tree Pruned Multi-Level Clinical Classifications
Software, no birth defects

ICD-9 digit-based, only birth defects

Washout to identify incident outcomes 0 days 0 days

Outcome counts Any unique occurrence of a code in any care
setting or diagnosis position within 90
days on or following delivery

Any unique occurrence of a code in any care
setting or diagnosis position within 90
days on or following delivery

Abbreviation: ICD-9, International Classification of Diseases, Ninth Revision.
a Martin Kulldorff, Harvard Medical School, Boston, Massachusetts.
b IBM, Armonk, New York.

Test case 2: valproate exposure in the first trimester of
pregnancy. The objective of the second test case was to
evaluate the risk of congenital malformations associated
with first-trimester exposure to valproate. The teratogenicity
of valproate has been well documented (21). Aside from
congenital malformations overall, valproate exposure has
been associated with malformations such as neural tube
defects, cardiac defects, orofacial/craniofacial defects (e.g.,
cleft palate), hypospadias, and skeletal and limb malforma-
tions. A clear dose-response relationship has been estab-
lished (21). This example is characterized by an uncommon
exposure and uncommon known safety concerns.

We excluded pregnancies with a chromosomal abnor-
mality, as well as pregnancies with exposure to known
teratogens (i.e., warfarin, antineoplastic agents, lithium,
isotretinoin, misoprostol, and thalidomide) (Web Figure 2).
Women were considered exposed if they filled a prescription
for valproate during the first trimester of pregnancy (i.e.,
divalproex, valproic acid, or valproate sodium). Women
without any filled prescription for valproate or other anti-
convulsant medications from 3 months before the start of
pregnancy to the end of the first trimester were considered
unexposed (n = 3,544 exposed; n = 1,940,120 unexposed).
Potential confounders considered included maternal demo-
graphic characteristics, indications for anticonvulsant drug
use, obesity, smoking, chronic comorbidity (e.g., diabetes
mellitus, hypertension), concomitant medications (e.g., anti-
psychotic agents, antidepressants), and proxies for overall
health status (Web Table 3) (22). Covariates were measured
from 3 months before the start of pregnancy to the end of the
first trimester, except for health-care utilization variables,
which were measured during the 3 months before pregnancy
only. A PS was estimated on the basis of a logistic regression
model including all prespecified covariates.

In order to preserve power, we used a PS fine-stratification
(15) approach to adjust for confounding. The uncondition-
al Poisson tree-based scan statistic was used to evaluate

whether and which congenital malformations were associ-
ated with valproate exposure. After excluding pregnancies
in the nonoverlapping areas of the PS distribution, 50 strata
were defined on the basis of percentiles of the PS calculated
in the valproate-exposed pregnancies. All exposed preg-
nancies received a weight of 1, and all unexposed preg-
nancies were weighted in proportion to the distribution of
the exposed in the stratum into which they fell (15).

Because the MLCC categories for congenital malforma-
tions are very coarse, we developed a tree based on ICD-9
codes focused only on congenital malformation codes from
mother or infant claims. The top level was defined by the
occurrence of a congenital malformation code in any care
setting and diagnosis position (ICD-9 codes 740.x–759.x).
The next 3 levels were increasingly specific and defined by
3-digit, 4-digit, and 5-digit ICD-9 codes. The final, “leaf”
level was defined by the unique combination of ICD-9
congenital malformation codes observed for a mother-baby
pair to allow hypothesis-testing at more aggregated levels of
the tree without double counting of outcomes (see Figure 2
for an example). We evaluated 708 outcome nodes above the
leaf level in the scan.

For valproate, the unconditional Poisson TreeScan model
was used.

This research was approved by the institutional review
board of Brigham and Women’s Hospital, which granted a
waiver of informed consent.

RESULTS

Test case 1: opioid exposure in late pregnancy

The source cohort included 53,771 women who filled at
least 2 prescriptions for opioids during the 60 days before
delivery and 1,360,039 unexposed women. After 1:5 match-
ing on the PS, 24,080 exposed women and 120,400 unex-
posed women remained in the analytical cohort.

Am J Epidemiol. 2021;190(6):1159–1168

D
ow

nloaded from
 https://academ

ic.oup.com
/aje/article/190/6/1159/6071894 by guest on 24 April 2024



1164 Huybrechts et al.

Table 2 lists all nodes with P < 0.5 to allow for the iden-
tification of nonalerts with high relative risk that may still
merit further assessment (Web Table 4 lists all nodes with
P < 1). The only tree branch on which there were statistical
alerts at P < 0.05 was the branch related to the expected
safety concerns of drug withdrawal in the newborn (Table 2,
Web Table 4). Strong alerts emerged for “drug withdrawal
syndrome in the newborn” (relative risk (RR) = 6.1), “drug
withdrawal” (RR = 4.5), and “narcotics affecting fetus or
newborn via placenta or breast milk” (RR = 5.4). There was
also a strong alert on this branch for “opioid-type dependence,
unspecified use,” with a relative risk of 20.0, which is a
marker for in-utero exposure to opioids. There were no false-
positive alerts at the statistical alerting threshold of 0.05.

Test case 2: valproate exposure in the first trimester of
pregnancy

The cohort for the second test case consisted of 3,544 preg-
nancies with exposure to valproate during the first trimester.
The 1,890,250 unexposed pregnancies that remained after
removing 49,870 pregnancies in nonoverlapping areas of the
PS distribution were used to estimate the expected counts.

Alerts with prior supporting evidence

There were statistical alerts with P values less than 0.05
for several of the known associations (Table 3, Web Table 5).
The relative risks for spina bifida (the most common neural
tube defect) ranged from 4.2 to 165.1, depending on the level
of the outcome node being tested (specific diagnostic code
vs. higher-level grouping). Alerts for an increased risk were
observed for several cardiac malformation codes (bulbus
cordis anomalies and anomalies of cardiac septal closure
(RR = 1.4), as well as other congenital anomalies of the cir-
culatory system (RR = 1.4), which was driven by patent duc-
tus arteriosus (RR = 1.6)), for hypospadias (RR = 2.3) and
for polydactyly (RR = 2.2). Multiple congenital anomalies
(RR = 4.5) and other and unspecified congenital anomalies
(RR = 2.3) also alerted at the preset threshold.

Although a 2- to 4-fold increased risk was observed for
several oral cleft-related codes, the alert threshold was not
reached (Web Table 5).

Unanticipated alerts

Finally, we found a significant alert for indeterminate sex
and pseudohermaphroditism (RR = 6.8, P = 0.02), which
has not previously been reported. However, some valproate
formulations contain phthalates as inactive ingredients for
gastroprotection. Phthalates have estrogenic effects and have
previously been associated with genital malformations (23,
24).

DISCUSSION

Using 2 test cases of medications known to be associ-
ated with adverse pregnancy outcomes—prescription opi-
oids and valproate—we evaluated an approach for drug

safety surveillance in pregnancy that allows for the simul-
taneous consideration of a comprehensive range of adverse
outcomes, with adjustment for confounding, while preserv-
ing the overall rate of false-positive alerts. The approach
leverages the established TreeScan statistic approach and
extensive prior experience in the perinatal pharmacoepi-
demiology community with the conduct of drug safety stud-
ies in pregnancy nested within large health-care utilization
databases. The test cases represented different scenarios in
terms of prevalence of the exposure and adverse outcomes
of interest, and they allowed us to test positive control
associations (i.e., known effects) and negative control asso-
ciations (i.e., the unknown effects on other outcomes). In
both instances, the known safety concerns were identified
without generating many additional positive alerts. While
the test cases parallel the anticipated areas of interest for
signal identification activities in pregnant women, broader
implementation of this approach would involve evaluating
different exposure windows and all maternal and neonatal
outcomes for a given drug of interest.

On the basis of this initial evaluation, TreeScan-based
approaches to systematic drug safety monitoring in preg-
nancy appear promising. As the approach gets implemented
more broadly, further refinement of the methods to accom-
modate the intricacies of drug safety research in pregnancy
will be helpful. Possible modifications include—among oth-
ers—development of outcome trees with hierarchical group-
ings that optimize the power to detect safety signals (e.g.,
by grouping outcomes that are anatomically different but
pathogenetically similar), improved methods for confound-
ing control when simultaneously evaluating a broad range
of outcomes (e.g., high-dimensional PSs), and methods that
avoid defining the exposure window in a way that creates
differential opportunity for capture of exposure in pregnan-
cies of shorter versus longer duration.

A frequently raised concern when screening for associa-
tions is that it is a “hypothesis-free” approach that could
result in false-positive signals that would unnecessarily
alarm pregnant women and their physicians. However, this
concern is misplaced, for 2 reasons. First, it is important
to note that the underlying pathophysiology of many ad-
verse pregnancy outcomes is not fully understood, and the
biological mechanisms for many accepted human teratogens
(including thalidomide) remain unknown. Potential adverse
effects identified using a robust screening approach can
therefore not be dismissed simply because a known bio-
logical explanation has not been established. Second, the
TreeScan approach controls the overall error rate. Therefore,
if the null hypothesis were true, out of 100 studies that
scanned an outcome tree, on average only 1 study would
produce a false-positive signal when the type I error α for
alerting was set to 0.01, while the remaining 99 studies
would have 0 alerts. This is in contrast to current practice,
where multiple associations are frequently tested in a single
study without adjustment for multiple testing, resulting in
a much higher type I error rate than the experimentwide α
level. It should also be noted that P values are used as a
means to rank and prioritize alerts for further investigation,
rather than in the way they are sometimes misused, to decide
whether there is a causal association.
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The cost of controlling the type I error rate is a loss
of power to detect true safety signals, raising concerns
about false-negative signals. The multiplicity adjustment
for TreeScan, however, is less conservative than that for
other methods that do not account for the correlation be-
tween hypotheses being tested (e.g., Bonferroni correction).
Second, concerns about false-negative signals highlight the
importance of developing outcome trees specifically tar-
geted toward pregnancy outcomes (as opposed to the more
generic MLCCS or ICD-9–based trees), with hierarchical
groupings informed by embryology or shared disease pro-
cesses in order to maximize the power to detect safety sig-
nals. Depending on the exposure window considered (e.g.,
periconception, first trimester, late pregnancy), the tree can
be “pruned” by removing outcomes that are known to not be
meaningful for a given exposure window, and by removing
diagnosis codes unlikely to be caused by drug exposure
during pregnancy (e.g., codes related to well care visits or
family history). Finally, there is no need to strictly focus
on a statistical significance threshold for alerting. Outcomes
that do not alert at the prespecified threshold may still have
a relatively low likelihood under the null hypothesis (i.e.,
higher-than-expected incidence). Thus, the method can play
an important role in screening and prioritization even if there
is not sufficient power to alert at a stringent prespecified
threshold, by painting a clinical picture of the pattern of
outcomes that are unlikely to be observed if there was no
relationship with exposure.

While TreeScan ensures that the rate of false-positive
alerts due to chance is controlled as strictly as in a reg-
ular epidemiologic study, false alerts due to confounding
remain a possibility. When simultaneously evaluating mul-
tiple potential adverse events, it is impossible to adjust for
confounding as thoroughly as can be done in a study eval-
uating a single exposure-outcome relationship. In addition,
there is a higher possibility of outcome misclassification
when scanning across diagnostic codes, compared with a
study that uses a highly specific, preferably validated, out-
come definition. Therefore, alerts for outcomes and outcome
clusters of potential interest should be identified and further
evaluated in follow-up studies with confounding adjustment
tailored to the exposure and outcome under investigation and
using outcome definitions based on validated algorithms.
Decisions about alerts worthy of further exploration should
be based not only on P values (which conflate sample size
and effect size) but also on the observed relative and at-
tributable risks, disease severity, and other clinical criteria.

The systematic monitoring of pregnancy-related drug
adverse events is important, not only to quickly detect
problems when they exist but also to show the absence of
strong harmful effects across a range of potential outcomes
when there are none, so that pregnant women do not refrain
from taking helpful drugs due to a lack of knowledge about
their safety profile. Broad implementation of a targeted
screening approach like TreeScan will ensure that pregnant
women and their physicians have timely access to the best
available evidence on the safety of medications in pregnancy,
allowing them to weigh the benefit of treatment against all
possible risks for both themselves and their offspring. It
will be important for the evidence to be updated as data

accumulate over time to increase our confidence in the
observed associations and reduce the likelihood of false-
negative signals.
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