
The Sentinel System is sponsored by the U.S. Food and Drug Administration (FDA) to proactively monitor the safety of FDA-regulated medical 
products and complements other existing FDA safety surveillance capabilities. The Sentinel System is one piece of FDA’s Sentinel Initiative, a 
long-term, multi-faceted effort to develop a national electronic system.  Sentinel Collaborators include Data and Academic Partners that provide 
access to healthcare data and ongoing scientific, technical, methodological, and organizational expertise. The Sentinel Operations Center is 
funded by the FDA through the Department of Health and Human Services (HHS) Contract number HHSF223201400030I. 

Use of the Tree-Based Scan Statistic for 
Surveillance of Infant Outcomes 
Following Maternal Perinatal 
Medication Use 
Sentinel Methods 

Elizabeth A Suarez1, Michael Nguyen2, Di Zhang3, Yueqin Zhao3, Danijela Stojanovic2, 
Monica Munoz4, Jane Liedtka5, Abby Anderson6, Wei Liu7, Steven Bird7, Inna 
Dashevsky1, David Cole1, Sandra DeLuccia1, Talia Menzin1, Jennifer Noble1, Judith C 
Maro1 

1. Department of Population Medicine, Harvard Pilgrim Health Care Institute and Harvard Medical 
School, Boston, MA; 2. Office of Surveillance and Epidemiology, Center for Drug Evaluation and 
Research, US Food and Drug Administration, Silver Spring, MD; 3. Office of Biostatistics, Center for 
Drug Evaluation and Research, FDA, Silver Spring, MD; 4. Division of Pharmacovigilance, Center for 
Drug Evaluation and Research, US Food and Drug Administration, Silver Spring, MD; 5. Division of 
Pediatric and Maternal Health, Center for Drug and Evaluation Research, US Food and Drug 
Administration, Silver Spring, MD; 6. Division of Bone, Reproductive, and Urologic Products, Center for 
Drug and Evaluation Research, US Food and Drug Administration, Silver Spring, MD; 7. Division of 
Epidemiology, Center for Drug and Evaluation Research, US Food and Drug Administration, Silver 
Spring, MD

Version 3.0 

February 9, 2021 

http://www.fda.gov/
http://www.fda.gov/Safety/FDAsSentinelInitiative/default.htm


TreeScan in Pregnancy for Infant Outcomes | Sentinel Methods i 

Use of the Tree-Based Scan Statistic for Surveillance of Infant 
Outcomes Following Maternal Perinatal Medication Use 

Sentinel Methods 

Table of Contents 

1 Introduction ............................................................................................................................ 3 

2 Specific Aims ........................................................................................................................... 3 

3 Case Study: First Trimester Use of Fluoroquinolones and Cephalosporins ........................... 4 

4 TreeScan .................................................................................................................................. 5 

4.1 Hierarchical Tree for Infant Outcomes ............................................................................ 5 

4.2 TreeScan Statistics ........................................................................................................... 6 

4.2.1 Unconditional Bernoulli Tree-Based Scan Statistic ..................................................7 

4.2.2 Poisson Tree-Based Scan Statistic .............................................................................7 

5 Aim 1 Methods: Empirical Study ............................................................................................. 9 

5.1 Data and Study Period ..................................................................................................... 9 

5.2 Creating a Mother-Infant Linkage Table ......................................................................... 9 

5.3 Defining Pregnancy Episodes .......................................................................................... 9 

5.4 Defining Exposure ...........................................................................................................10 

5.5 Defining Incident Outcomes ...........................................................................................10 

5.6 Propensity Scores ............................................................................................................ 11 

5.6.1 Variables to be included in the propensity scores ................................................... 11 

5.6.2 Propensity score matching....................................................................................... 13 

5.6.3 Propensity score stratification ................................................................................. 13 

5.7 Identifying Alerts Using TreeScan .................................................................................. 13 

6 Aim 2 Methods: Simulation Study ......................................................................................... 13 

6.1 Power using 1:1 propensity score matching and the Bernoulli TreeScan statistic.......... 13 

6.2 Power using fixed 1:N propensity score matching and the Bernoulli TreeScan statistic 14 

6.3 Power using propensity score stratified Poisson TreeScan statistic ............................... 14 

6.4 Outcome misclassification .............................................................................................. 15 

7 Future Considerations ............................................................................................................ 15 

8 References .............................................................................................................................. 16 

9 Appendix: Frequently Asked Questions ................................................................................. 19 



TreeScan in Pregnancy for Infant Outcomes | Sentinel Methods ii 

History of Modifications 

Version Date Modification Author 

1.0 06/17/2020 Original Version Sentinel Operations Center 
2.0 08/28/2020 • Added a sensitivity analysis to Aim 1

to restrict outcome diagnoses to
inpatient setting only, to address
outcome misclassification

• Extended the study period to March
31, 2019, to include newly available
MarketScan data

• Added a scenario to the 1:1 matched
power calculation simulation analysis
in Aim 2 with the sample size of
15000

• Added a bias analysis to the
simulation study in Aim 2 to address
outcome misclassification

• Addition to the Appendices code list:
o A list of ICD-10-CM codes

included in the infant
outcome tree (Appendix
Table G)

• Addition of appendix in the protocol:
o Frequently asked questions

and responses about study
design decisions and
limitations

Elizabeth Suarez 

3.0 2/9/2021 • Added propensity score stratified
Poisson TreeScan analysis to Aim 1

• Added power calculations using
Poisson TreeScan to Aim 2

• Edited the description of the infant
tree to reflect the difference in levels
for Q and P codes

• Updated Appendix Table G to delete
incorrectly included minor
malformation codes, and corrected
the number of total codes in Section
4.1

• Transferred document to updated
Sentinel template

Elizabeth Suarez 



  

 TreeScan in Pregnancy for Infant Outcomes | Sentinel Methods  3 

1 Introduction  

Pregnant women have historically been excluded from clinical trials during the clinical 
development of most medical products. As a result, there is often incomplete information about 
a medical product’s safety profile when used during pregnancy. FDA conducts surveillance on 
the use of medical products in the pregnant population with a specific focus on detecting 
medical product-induced fetal effects.  

Post-marketing requirements have traditionally included establishing a pregnancy registry to 
monitor drug use (1). Pregnancy registries encounter challenges with recruitment and retention 
and are often underpowered to find differences in specific malformations. A recent review of 
registries in the United States reported that the median enrollment was only 36 pregnancies (2). 
Target sample size is often 300 pregnancies exposed to the drug of interest, however this sample 
size may only allow for detection of a 2- or 3-fold increase in risk of all of major congenital 
malformations (MCMs) and is not adequate for detecting an increase in risk in specific 
malformations (3).  

Retrospective, observational studies that utilize electronic health data (EHD, including 
insurance claims data and electronic health record data) can also be used to evaluate the risk of 
MCMs and other infant outcomes. However, outcome ascertainment in EHD requires use of a 
previously validated outcome algorithm in a similar data source, or validation of the algorithm 
in the intended data source (1). Evaluation of all MCMs as a single outcome may obscure true 
associations with specific malformations, therefore evaluation of specific outcomes is necessary; 
this requires validation of many individual outcomes.  

Alternatively, the use of signal identification methods in EHD allows for detection of potential 
increase in risk for all potential MCMs and other important adverse infant outcomes, including 
preterm birth and low birth weight. Signal identification methods have been used in other areas 
of pharmacoepidemiology and pharmacovigilance, including monitoring for adverse vaccine 
effects and for unknown events following initiation of other drugs (4–7). TreeScan™ 
(http://www.treescan.org) is a statistical data mining tool that can simultaneously scan for 
increased risk across multiple outcomes and is compatible with multiple study designs (8). It 
uses a hierarchical outcome tree to group related codes together and applies tree-based scan 
statistics to adjust for multiple testing when screening across thousands of potential adverse 
events (8). Use of a hierarchical tree for infant outcomes allows for identification of safety alerts 
at clinically relevant aggregate groupings (e.g., cardiac malformations) while also testing for 
potential increased risk of specific outcomes. Observed alerts can then be triaged as known or 
requiring investigation to determine if the alert was due to bias, confounding, or error (9). Alerts 
that are potential signals will be evaluated in targeted safety studies specifically designed to 
quantify the magnitude of effect for a specific health outcome, with confounding control 
targeted at the outcome of interest, paired with outcome validation, as needed. This approach 
allows for detection of a wide range of potential adverse effects and focuses rigorous 
assessments only on alerts that are deemed potential signals.  

In this project, we will demonstrate use of matching and stratification using propensity scores 
with TreeScan to identify adverse infant outcomes following maternal exposure to medications 
during pregnancy.  

2 Specific Aims  

This is a methods project to evaluate the performance of TreeScan to assess infant outcomes 
following exposure to medications during pregnancy.  

http://www.treescan.org/
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Aim #1: Assess the performance of TreeScan to detect key outcomes in the infant: major 
congenital malformations, conditions related to gestational duration (e.g., preterm birth), and 
conditions related to birth weight (e.g., small for gestational age, low birth weight), using 
empirical data.  

Using propensity score matched and propensity score stratified designs, the TreeScan method 
will be used to detect potential alerts among mother-infant pairs exposed to fluoroquinolones 
compared to cephalosporins (referent group) in the first trimester.  

Aim #2: Using empirical data to develop background rates, a simulation study will be 
performed with investigator-injected risks to develop data on the power to detect risk under 
ideal circumstances. 

Using the comparison of first trimester fluoroquinolone or cephalosporin use, background rates 
of all outcomes in the tree will be estimated. We will assess the power to detect elevated risk 
under scenarios that vary the sample size per exposure group, the relative risk increase in the 
fluoroquinolone exposed group, and the baseline prevalence of specified outcomes. Power will 
be calculated for the unconditional Bernoulli TreeScan statistic in a matched population and the 
conditional and unconditional Poisson TreeScan statistic in the full population. Additionally, we 
will evaluate the impact of fixed 1:N propensity score matching and outcome misclassification 
on sample size and power. Given that utilization of many medications during pregnancy is rare, 
the simulation analysis will inform the minimum necessary sample sizes for conducting a 
TreeScan evaluation and will guide interpretation of results from Aim 1.  

3 Case Study: First Trimester Use of Fluoroquinolones and 
Cephalosporins  

As a case study, we evaluate first trimester exposure to fluoroquinolones compared to first 
trimester exposure to cephalosporins. Potential cases studies were chosen based on the 
following criteria: 1) older drugs, 2) with well characterized safety profiles for use during 
pregnancy, and 3) with enough utilization during pregnancy to enable investigation. 

Fluoroquinolones are used to treat a variety of infections including urinary tract infections 
which are common during pregnancy. Quinolones have been shown to be associated with 
arthropathy in animal models and are contraindicated for use in pediatric and adolescent 
populations to avoid the risk of musculoskeletal disorders (10,11). Due to these known 
associations, fluoroquinolones are not widely used during pregnancy (12). While animal models 

have shown the potential for teratogenic effects (13), results from human studies have not 
provided strong evidence of an increase in risk for congenital malformations with first trimester 
fluoroquinolone use. Two meta-analyses reported no association between first trimester 
quinolone use and birth defects (14,15). Another meta-analysis similarly reported no association 
between major malformations and quinolones, fluoroquinolones, and ciprofloxacin exposure in 
the first trimester (16). Results for specific subgroups of major malformations (cardiovascular, 

genitourinary, nervous system, digestive system) were similarly null (16,17). A recent analysis of 
US claims data reported that approximately 10% of women with a urinary tract infection in the 
first trimester were treated with a fluoroquinolone (18). 

Cephalosporins are widely used during pregnancy as first-line treatment for multiple infections 
(13). Most studies have shown no association between cephalosporin use and major 

malformations (19,20), however potential associations with cardiac malformations have been 

reported by some studies (20–22). 
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While fluoroquinolones and cephalosporins may be used throughout pregnancy, we are limiting 
this evaluation to first trimester exposure due to very small sample sizes expected for 
fluoroquinolone use in the second and third trimesters based on preliminary data on medication 
utilization by trimester.  

4 TreeScan  
4.1 Hierarchical Tree for Infant Outcomes 

This project will be limited to use of the International Classification of Diseases, Tenth Revision, 
Clinical Modification (ICD-10-CM) coding structure that was initiated in the United States in 
October 2015. The tree structure is based on the chapters, subchapters, and code structure of 
ICD-10-CM. Codes from the Q chapter for congenital malformations and the P chapter for 
conditions originating in the perinatal period were used to define the infant outcomes tree. The 
leaf level of the tree is comprised of individual ICD-10-CM codes from the Q and P chapters. 
Individual codes are aggregated into related groups, or nodes, based on the structure of the ICD-
10-CM codes, at higher levels of the tree. The ICD-10-CM tree has 6 levels. For codes in the Q 
chapter, level 1 is defined as all Q codes, level 2 is defined using ICD-10-CM subchapters that 
group malformations by body system (e.g., “congenital malformations of the circulatory 
system”), and levels 3-6 are defined by the corresponding number of digits in each code (e.g., for 
code Q21.0, level 3 is “Q21” and level 4 is “Q210”). For codes in the P chapter, level 1 is defined 
by ICD-10-CM subchapters (e.g., “disorders of the newborn related to length of gestation and 
fetal growth”), and levels 2-6 are defined by the corresponding number of digits in each code 
plus 1 (e.g., for code P07.26, level 2 is “P07” and level 3 is “P072”). The tree structure differs for 
Q and P chapter codes to allow for setting incidence at a single level of the tree that is 
appropriate for each clinical grouping of outcomes. Performing hypothesis testing at level 2 
mimics groupings of malformations that would commonly be assessed in observational studies 
using EHD. The tree also allows for hypothesis testing at lower levels that include more specific 
malformations in each body system. For example, level 3 includes “congenital malformations of 
cardiac septa” and level 4 includes the code for the critical defect “Tetralogy of Fallot”. Testing at 
multiple levels of the tree allows for capture of alerts at aggregate groupings while also detecting 
increased risk of specific malformation types and codes when powered to do so. Using this tree 
structure also allows for detecting multiple different outcomes that may co-occur if the 
conditions are not defined by the same incidence criteria. An example of the tree structure is 
shown in Figure 1.

The tree was further refined to include key outcomes of interest: major congenital 
malformations, conditions related to gestational duration, and conditions related to birth 
weight. Codes for minor malformations, genetic conditions, and chromosomal abnormalities 
were excluded from the tree because they are not outcomes of interest and inclusion may result 
in major defects in the same node not meeting incidence criteria (see “Defining Congenital 
Malformation Outcomes” for a description of the incidence criteria). Minor malformation were 
selected based on guidance from the World Health Organization (WHO)(23). Specific ICD-10-
CM codes that could be used to document both major and minor defects were included. The 
final infant outcome tree contains 6 levels and 794 ICD-10-CM codes. A list of ICD-10 codes 
included in the outcome tree are included in Appendix Table G.  
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Figure 1. Example from the tailored ICD-10-CM tree for infant outcomes. 

4.2 TreeScan Statistics  

There are two versions of tree-based scan statistics used by the TreeScan software which differ 
in the probability model used to determine the expected number of cases (24). The Bernoulli 
version assumes outcomes are distributed across a population (an exposed and referent group, 
in our example) based on a fixed probability (e.g., 50% for a 1:1 matched exposed and referent 
population). The Poisson version assumes the number of cases in the population of interest (the 
exposed group) is Poisson-distributed and compares to a user-input expected outcome count; 
these expected outcome counts are informed by a referent population. The Poisson version is 
expected to have greater power than the Bernoulli version because it relies only on the size of 
exposed group to drive power. 

Propensity score methods can be used with both versions of the tree-based scan statistics to 
control for measured confounding. The Bernoulli statistic is compatible with fixed ratio 
matching because it assumes that the probability that each outcome is in the exposed group is 
constant under the null hypothesis (7). However, fixed ratio matching can limit power by 
capping the size of the referent cohort and decreasing the size of the exposed cohort if the full 
number of referent matches cannot be found for each exposed patient. Alternatively, other 
propensity score methods can be used with the Poisson statistic because it does not require that 
the exposed and referent groups are in a fixed ratio. We will use stratification on the propensity 
score with the Poisson statistic, similar to previous uses of covariate stratification and indirect 
standardization with this statistic (6). Use of stratification rather than fixed ratio matching on 
the propensity score may result in an increase in power due to preservation of sample size. 
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Scan statistics can be unconditional or can condition on the total number of outcomes across the 
tree. The conditional version controls for increases in health care utilization during the outcome 
window related to the timing of exposure (but not the exposure itself). Propensity score 
matching using the Bernoulli statistic has been used with the unconditional version because 
fixed ratio matching is expected to result in adequate confounding control that eliminates the 
need for further conditioning. Given the potential for residual confounding when using 
propensity score stratification instead of matching (25), conditioning may be appropriate in the 
stratified Poisson analysis. It may be unlikely that an increase in health care utilization would 
occur after delivery given the mother’s perinatal medication use, therefore we will also use the 
unconditional version of the Poisson statistic for comparison.  

4.2.1 Unconditional Bernoulli Tree-Based Scan Statistic  

We will use the unconditional Bernoulli version of the tree-based scan statistic (6). A Monte 
Carlo based p-value for the test statistic T can be obtained by generating random datasets under 
the null hypothesis that every outcome occurs, independently of other outcomes, with the same 
probability among in the treatment group versus the comparator group.  

Expected counts for each outcome code are calculated by distributing the total number of events 
per node between the exposed and referent group based on a binomial draw with the expected 
proportion based on the null hypothesis. When using a 1:1 matched design, this proportion is 
0.5. 

The log likelihood ratio (LLR) based test statistic T can be calculated as: 

Where: T = unconditional Bernoulli tree scan statistic  

  cG = cases in the treatment group for a given node G 
nG = cases in the reference group for a given node G 
p = probability of being in the treatment group (for 1:1 matched this is 0.5)  
G = node of interest 

Random datasets are generated under the null hypothesis and the test statistic T is calculated 
for all replicates. The Monte Carlo based p-value is equal to the rank of the test statistic in the 
real data/(number of replicates+1). If the statistical significance is set to alpha=0.05, then the 
most likely cut of the real data will be statistically significant if the test statistic ranks in the top 
5% of all test statistics from most likely cuts in the real and replicated datasets. This method 
formally adjusts for multiple hypothesis testing.  

4.2.2 Poisson Tree-Based Scan Statistic  

The Poisson version of the tree-based scan statistic tests the null hypothesis that, across all 
nodes in the tree, an outcome is expected to occur in proportion to the expected count for the 
outcome, as determined by a Poisson distribution (6).  

Expected counts for each outcome node are calculated using the follow-up time (time from 
delivery until the outcome, loss to follow-up, or the end of the outcome window) or total persons 
in the exposed group, the outcome count in the comparator group, and the follow-up time or 
total persons in the comparator group. In the propensity score stratified analysis, expected 



  

 TreeScan in Pregnancy for Infant Outcomes | Sentinel Methods  8 

counts are calculated within each stratum and the total number of expected outcomes is 
summed across the strata. In the conditional version, the expected and observed total number of 
outcomes from across the tree are included in the LLR calculation.  

Example of the indirect standardization process across the propensity score strata: 

 Referent group Treatment group 

PS-strata Cases in Person-time Event rate Person-time for node Expected cases for 
node G (days) for for node G G node G 

node G 

1 32 750,402 0.000043 694,295 30 

...      

n      

Total     Sum of strata 1-n 
 

For the unconditional Poisson statistic, the LLR-based test statistic T can be calculated as: 

 

Where: T = unconditional Poisson tree scan statistic  

  cG = observed cases in the treatment group for a given node G 
nG = expected cases in the treatment group for a given node G 

 G = node of interest 

And for the conditional Poisson statistic, the LLR-based test statistic T can be calculated as: 

 

Where: T = conditional Poisson tree scan statistic  

  cG = observed cases in the treatment group for a given node G 
nG = expected cases in the treatment group for a given node G 
C = total number of outcomes in the risk window summed over the tree 
N = total number of expected outcomes summed over the tree 

 G = node of interest 

Random datasets are generated under the null hypothesis by generating expected outcome 
counts under the Poisson distribution. The Monte Carlo based p-value is calculated in the same 
manner as described for the Bernoulli analysis in section 4.2.1.  



  

 TreeScan in Pregnancy for Infant Outcomes | Sentinel Methods  9 

5 Aim 1 Methods: Empirical Study  
5.1 Data and Study Period  

The IBM MarketScan® Research Database will be used for this project. The MarketScan 
database captures patient-level enrollment, medical, and pharmacy utilization data from 
predominately large employers and health plans for more than 100 million individuals in the 
United States. No use of the Sentinel Distributed Database (SDD) is planned for this project. 
The study period is October 1, 2015 through March 31, 2019; eligible singleton live-birth 
deliveries that occur during this study period will be included in the analysis. This period was 
chosen to ensure all deliveries occur in the time period when International Classification of 
Diseases, Tenth Revision, Clinical Modification (ICD-10-CM) codes were used in the United 
States, enabling use of an ICD-10-CM only outcome tree. 

5.2 Creating a Mother-Infant Linkage Table  

The Sentinel Common Data Model (SCDM) includes the Mother-Infant Linkage (MIL) table to 
facilitate the study of infant outcomes following maternal exposures during pregnancy. Eligible 
live-birth deliveries and infants are linked at each data partner site using available identifiers. 
The table includes the mother’s patient identifier, details on the delivery encounter, and the 
infant’s patient identifier, date of birth, and enrollment information, as well as the method used 
for linkage (i.e. family subscriber ID, birth certificate, birth registry, etc.). More information on 
the MIL table can be found on the Sentinel Initiative website (26). This project will be completed 
using MarketScan data and not using the SDD, therefore an SCDM-compliant MIL table was 
created for this project.  

Live-birth deliveries were identified using ICD-10-CM, ICD-10 Procedure Coding System (ICD-
10-PCS), and Current Procedural Terminology, Fourth Edition (CPT-4) diagnosis and procedure 
codes that indicate live-birth delivery. To follow requirements of the SCDM MIL table, deliveries 
were eligible for inclusion if they occurred in women aged 10-54 years with a minimum of 180 
days of medical coverage prior to the delivery date, and no evidence of a live-birth delivery in the 
180 days prior to delivery. Infants were identified by year of birth. We used the linkage criteria 
utilized by MacDonald, et al. in MarketScan data as a guide for our linkage specifications (27). 
Live-birth deliveries and infants were linked by family subscriber ID, year of delivery/birth, and 
when the infant’s first encounter date was within 1 day prior to and 30 days after the live-birth 
delivery date. MarketScan data does not include day and month of birth, therefore the date of 
birth for the infant was assigned as the live-birth delivery date. Using these criteria, 66% of the 
live-birth deliveries linked to an infant, similar to the linkage rate reported by MacDonald, et al 
(27).  

5.3 Defining Pregnancy Episodes  

For this analysis, we will select singleton live-birth deliveries that are linked to infants from 
deliveries included in the MIL table. Multiple gestation deliveries will be excluded. To be 
included in the analysis, linked pairs will be required to have 391 days of maternal medical and 
drug coverage prior to the date of delivery. This 391-day requirement allows for continuous 
enrollment during a 90-day pre-pregnancy period and accounts for the longest duration 
pregnancy episode of 301 days. The start of pregnancy was designated using the validated 
Medication Exposure in Pregnancy Risk Evaluation Program (MEPREP) algorithm to estimate 
pregnancy duration (28). This algorithm was validated using ICD-9-CM codes and was updated 
to include ICD-10-CM codes, including codes for specific weeks of gestation and codes for 
preterm and postterm delivery. Gestational duration codes have to occur within 7 days of a 
delivery date in the inpatient care setting. In the absence of gestational duration codes, 
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pregnancy duration will be set to 273 days. Live-birth deliveries will be excluded from the cohort 
if there was evidence of a prior delivery during the duration of the pregnancy. The study cohort 
will be further refined by excluding all mother-infant pairs with first trimester exposure to 
known teratogens (listed in Appendix Table B). Cohort defining criteria are displayed in the 
design diagram in Figure 2.  

 

Figure 2. Design diagram for the fluoroquinolone and cephalosporin case study. 

5.4 Defining Exposure 

We will use Sentinel’s routine query tools to extract cohorts with first trimester exposure to 
fluoroquinolones or cephalosporins in both oral and intravenous forms. National Drug Codes 
(NDCs) and Healthcare Common Procedure Coding System codes (HCPCS) will be used to 
define exposure from outpatient dispensing claims and inpatient procedure claims. The 
fluoroquinolone exposure group will be defined by evidence of prevalent or incident use of a 
fluoroquinolone in the first trimester without evidence of cephalosporin exposure in the first 
trimester. The cephalosporin referent group will be defined by evidence of prevalent or incident 
use of a cephalosporin in the first trimester without evidence of fluoroquinolone exposure in the 
first trimester. Evidence of exposure will be defined by overlapping days supply; for example, a 
7-day prescription that is filled 3 days prior to the start of the first trimester will count as 
evidence of first trimester exposure because the supply indicates overlap with the start of 
pregnancy. 

5.5 Defining Incident Outcomes  

Infant outcomes will be identified using both maternal and infant records. Insurers are required 
to allow for a special enrollment period of at least 30 days following birth for enrollment of the 
infant under the parent’s insurance (29). Therefore, infants may not have their own patient 
identification number until days or weeks after birth. Before the infant is enrolled, claims for the 
infant may appear in the mother’s record. To capture all possible outcomes that occur 
immediately following birth, it is necessary to review both the mother’s and infant’s records.  
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Outcomes will be assessed for each mother-infant pair from the delivery date through 180 days 
after delivery. Outcomes will be included from any care setting.  

Outcome incidence will be assessed for each mother-infant pair. The incidence criterion 
prevents double counting of the same condition in the same mother-infant pair that is evaluated 
multiple times during the outcome window. The incidence period will be defined as the 
minimum of the length of the outcome period and the number of days between the outcome 
date and delivery. This allows for the incidence period to begin at delivery and will not remove 
outcomes that are diagnosed at delivery but appear in the mother’s record prior to delivery as 
part of prenatal diagnosis and screening.  

We will define incident outcomes based on level 3 nodes across the ICD-10-CM tree hierarchy. 
Incident outcomes will be defined by the first code from the node that occurs on the delivery 
date or within the outcome window, without any codes in the same level 3 node in the period 
between the delivery date and the outcome date in any care setting. Multiple incident outcomes 
may be observed for each mother-infant pair given they meet the incidence criteria at level 3 
nodes. Sensitivity analyses will test for alerts at tree level 2, therefore incidence will be 
established at level 2 for sensitivity analyses.  

Mother-infant pairs will be censored at death, disenrollment, or the end of the outcome window. 
In the Bernoulli analysis, if one member of a 1:N propensity score matched set is censored, the 
other members will also be censored at the same time.  

Given the potential for outcome misclassification when using an inclusive definition for infant 
outcomes, we will conduct a sensitivity analysis limiting outcomes to the inpatient setting. This 
analysis will use the same incidence criteria as the main analysis, which requires that the 
outcome code be the first code from the node that occurs on the delivery date or within the 
outcome window, without any codes in the same level 3 node in the period between the delivery 
date and the outcome date in any care setting.  

Outcome incidence defined in any care setting and in inpatient only settings can be compared to 
national reporting on the incidence of specific defects as an informal check for misclassification.   

5.6 Propensity Scores 
5.6.1 Variables to be included in the propensity scores  

The TreeScan method simultaneously tests multiple outcomes, therefore variables for the 
propensity score cannot be tailored to each exposure-outcome pair. Instead, we established a list 
of baseline characteristics, pre-existing conditions, screening codes, and healthcare utilization 
metrics to create a reusable general propensity score that can be used in all propensity score 
matched or stratified TreeScan analyses in pregnancy. The use of a general propensity score for 
TreeScan analyses in the general population is being assessed in an ongoing Sentinel project 
(30). We adapted the predefined general score created in that project to be applicable to a 
pregnant population.  

A list of pre-existing conditions was compiled using the pre-existing conditions considered for 
the Obstetric Comorbidity Score, which predicts severe maternal comorbidity and mortality (31). 
The list was further refined by adding conditions known to be risk factors for malformations, as 
suggested by members of the workgroup. Screening activities were limited to those appropriate 
for reproductive aged women. A listing of each variable to be included in the general propensity 
score is in Table 1. 
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Table 1. Variables to be included in the general propensity score for pregnancy analyses 

Category Source Variables 

Demographics NA Age, year of delivery, race and ethnicity1 

Pre-existing 
conditions 

Bateman (31), 
workgroup 
recommendations 

Obesity, preexisting hypertension, preexisting diabetes, 
asthma, drug abuse, alcohol abuse, tobacco use, cardiac 
valvular disease, chronic congestive heart failure, chronic 
ischemic heart disease, chronic renal disease, congenital 
heart disease, cystic fibrosis, HIV, pulmonary 
hypertension, sickle cell disease/thalassemia, systemic 
lupus erythematosus, previous cesarean, end stage liver 
disease, rheumatoid arthritis, inflammatory bowel 
disease, leukemia/lymphoma, epilepsy/seizure, and 
psychiatric conditions 

Screening Wang (30,32) Vaccine administration, Screening examinations and 
disease management training, Pap smear, HPV DNA test, 
Fecal occult blood test 

Healthcare utilization Wang (30,32) Number of inpatient encounters, number of outpatient 
encounters, number of emergency department visits, 
number of filled generics 

1While race and ethnicity are recommended for inclusion in the general propensity score, these 
variables are not recorded in MarketScan and therefore will not be included in the propensity 
score for this project. 

Prior work on use of a general propensity score versus a tailored score or choosing variables 
based on an exposure-based high-dimensional approach has demonstrated that the global score 
is adequate when an appropriate active comparator is used (30). Use of an appropriate active 
comparator controls for much of the confounding between the exposure and outcome by design. 
However, it is not always possible to identify a good active comparator when assessing 
medications used during pregnancy, as women are often channeled into using a drug that is 
known or suspected to be safe, resulting in little to no use of comparator drugs or use limited to 
unrepresentative populations (i.e., severe cases). Instead, use of an active comparator with some 
degree of mismatch on indication or an unexposed referent group will be necessary. To 
minimize unmeasured confounding, it may be necessary to augment the general propensity 
score with variables tailored to the drug and referent populations under analysis.  

For the case study of fluoroquinolones compared to cephalosporins, we will consider addition of 
the following variables to the propensity score to define indications for these antibiotics: urinary 
tract and kidney infections, lower respiratory tract infections, ear, nose, and throat infections, 
gastrointestinal infections, and sexually transmitted infections. Distribution of these variables in 
each antibiotic exposure group will be examined prior to addition to the propensity score model.  

Additionally, some variables included in the general propensity score should be excluded when 
sample size is expected to be very small to avoid issues of convergence of the propensity score. 
The final propensity scores used for this project will be determined using descriptive statistics 
for the fluoroquinolone exposure group and variables with 0 or very small cells will not be 
included in the propensity score models.  

The evaluation window to be used for each covariate category is illustrated in Figure 2.  
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5.6.2 Propensity score matching 

The propensity score matched cohort design has been used by the FDA Sentinel Program in 
active surveillance activities and is currently being used for assessment of adverse infant 
outcomes following maternal exposure to medications during pregnancy in retrospective cohort 
studies. The use of 1:1 propensity score matching for TreeScan has also been demonstrated in a 
prior simulation study (7). 

We will use 1:1 propensity score matching with various iterations of the propensity score model 
to control for measured confounding. The matching algorithm will use nearest neighbor 
matching with a caliper of 0.05.  

• Base model: all variables selected for the general propensity score (Table 1) 

• Indication model: Base model + the antibiotic indication variables 

• High-dimensional propensity score (hdPS) model: variables will be chosen for the 
propensity score empirically based on their association with the exposure 

We will also implement 1:N fixed ratio matching to demonstrate the impact on sample size when 
requiring >1 match from the referent group. Nearest neighbor matching with a caliper of 0.05 
will be used. The number of referent group matches (N) will be dictated by the sample size in the 
cephalosporin cohort. For example, if the cephalosporin cohort is at least 3 times the size of the 
fluoroquinolone cohort, we will implement both 1:2 and 1:3 fixed ratio matching.  

The distribution of covariates included in the propensity score will be evaluated before and after 
matching to assess imbalance.  

5.6.3 Propensity score stratification  

Using the indication model as defined above, we will also implement propensity score 
stratification to be used with the conditional and unconditional Poisson TreeScan statistic. Non-
overlapping regions of the propensity score distribution will be trimmed and 10 percentiles will 
be created using the trimmed distribution in the full analysis population. Using indirect 
standardization, expected counts will be calculated for each outcome node adjusting for strata of 
the propensity score.  

5.7 Identifying Alerts Using TreeScan  

In the main analysis, hypothesis testing will be performed at levels 3, 4, and 5. In sensitivity 
analyses, hypothesis testing will also be performed at level 2. Hypothesis testing will not be done 
at level 6 (the leaf level) because these codes are primarily used to designate laterality and 
specific location of a malformation and this level of detail is not informative for identifying 
specific adverse infant outcomes. The threshold for alerting will be p ≤ 0.05 (1-sided).  

This project is intended to be a methods evaluation rather than a regulatory safety analysis of 
fluoroquinolone use during pregnancy. Alerts will be triaged as known, expected, or requiring 
further investigation based on the prescribing information for fluoroquinolone drugs and the 
known safety profile as documented in the literature. 

6 Aim 2 Methods: Simulation Study 
6.1 Power using 1:1 propensity score matching and the Bernoulli TreeScan 

statistic  

Small sample sizes (<5000 exposed women) are likely to occur when studying medications used 
during pregnancy. TreeScan may be underpowered to identify signals in these small samples 
unless the relative increase in risk is very large or the outcome is common. In order to assess the 
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ability of the TreeScan Bernoulli method to detect elevated risk of infant outcomes, we will 
perform a simulation study with known investigator-injected increases in risk. 

Empirical data will be used to inform outcome incidence in our simulated datasets. Outcome 
counts in the cephalosporin cohort, using all cohort defining criteria used in the empirical study 
(see the design diagram in Figure 2), will be used to create the simulated datasets. Exposed and 
referent cohorts of equal size will be created to mimic a 1:1 propensity score matched scenario.  

We will vary the following parameters for each scenario. Sample parameters are noted in Table 
2. 

• Sample size of the exposed and referent cohorts 

• Prevalence of the outcome node with investigator-injected risk 

• Magnitude of the relative risk of the investigator-injected risk 

For each scenario, we will report significant signals using a threshold for alerting of p ≤ 0.05 and 
the power of the dataset to generate an alert.  

Table 2. Scenarios to be assessed in the simulation study 

Prevalence of outcome Relative increase in risk in 
fluoroquinolone cohort 

the Sample size of each 
exposed/referent cohort 

Approximately 1 per 10,000 1.5 2000 

Approximately 1 per 1,000 2.0 4000 

Approximately 1 per 100 4.0 8000 

  15000 

6.2 Power using fixed 1:N propensity score matching and the Bernoulli 
TreeScan statistic  

Using the Bernoulli TreeScan statistic in 1:1 propensity score matched populations has been 
shown to be a valid way to identify signals while controlling for confounding (7). However, use of 
1:1 propensity score matching may greatly restrict the sample size available for analysis when 
the exposed population is small by restricting otherwise large unexposed or comparator exposed 
referent cohorts. Use of fixed 1:N matching could increase power by increasing the size of the 
referent cohort as long as the size the exposed cohort does not substantially decrease as patients 
that have less than N matches are excluded from the cohort. We will evaluate the impact of the 
use of fixed 1:N matching on sample size and power by simulating commonly observed 
propensity score distributions and injecting known outcome risks into the resulting matched 
populations.  

Two base scenarios will be selected varying the sample size of the exposed and referent cohorts 
before matching. We will simulate propensity score distributions in the exposed and referent 
cohorts with varying levels of overlap. Random samples of the simulated propensity score 
distributions will be taken to meet the specified unmatched sample sizes, and various fixed 
matching ratios will be implemented using nearest neighbor matching with a caliper of 0.05. 
Using the resulting exposed and referent cohort sizes, we will estimate the power to detect a 
known investigator-injected increase in risk.   

6.3 Power using propensity score stratified Poisson TreeScan statistic  

Stratifying on the propensity score maintains the full size (after trimming non-overlapping 
regions of the distribution) of the exposed and comparator exposed population in the analysis 
population and therefore may increase power over fixed ratio matching.  
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Empirical data will inform outcome incidence in the simulated datasets. Power will be calculated 
using the conditional and unconditional Poisson TreeScan statistics while varying the exposed 
and referent group sample sizes, the prevalence of the outcome node with investigator-injected 
risk, and the magnitude of the investigator-injected risk. Simulated scenarios will align with 
those assessed in the Bernoulli simulation as described in Table 2 but the size of the referent 
cohort will also be varied.  

6.4 Outcome misclassification 

Use of a single diagnosis code to define an outcome is likely to have high sensitivity but may 
have low specificity and a low positive predictive value (PPV). This type of misclassification is 
expected to bias relative effect estimates towards the null when it is nondifferential with respect 
to the exposure, which is a reasonable assumption in an active comparator analysis.  

Algorithms in claims data that use multiple codes or concepts to define an outcome are designed 
to have very high PPV because relative risk estimates will be unbiased when outcome specificity 
is perfect, even if sensitivity is low, given that any misclassification is nondifferential. However, 
an algorithm with a high PPV may result in low to moderate sensitivity and lower outcome 
prevalence because true cases may be missed by a more restrictive outcome definition (33). This 
creates a tradeoff between the sensitivity and PPV and the choice to prioritize sensitivity or PPV 
must consider the study design and objective. 

In a TreeScan analysis, a missed signal could be the result of either a) outcome misclassification 
resulting in bias towards the null, or b) low outcome prevalence resulting in a lack of power to 
detect an increase in risk. Use of a highly specific outcome algorithm may preserve a true 
relative increase in risk, but if this algorithm is very restrictive and results in a large drop in 
prevalence of the outcome, TreeScan may not be powered to detect the alert.  

Given the design of TreeScan to evaluate thousands of outcomes simultaneously, it is not 
feasible to use tailored outcome definitions. However, the tradeoff between sensitivity and PPV 
can be examined via simulation provided appropriate assumptions are made about sensitivity 
and PPV. To assess the impact of varying PPV and sensitivity on the ability of TreeScan to detect 
a true alert, we will perform a simple bias analysis using the simulated data. Assuming the 
simulated data represents the true data, we will vary PPV and sensitivity to create scenarios with 
varying levels of misclassification for a single outcome with a known investigator-injected 
increase in risk. We will report the misclassified incidence and relative risk, and report the 
power to detect the misclassified relative risk for each scenario. In this exercise, we can evaluate 
whether misclassification due to imperfect PPV or imperfect sensitivity has a greater impact on 
our ability to detect true increases in risk, which can inform decisions on the most appropriate 
outcome definition to use in TreeScan evaluations of adverse infant outcomes.  

7 Future Considerations  

The current protocol will address first trimester exposure, however future evaluations may also 
require evaluation of medication exposures in the second and third trimesters. Sample sizes for 
second and third trimester exposures may be lower than the sample size for first trimester 
exposures if women discontinue medication use after pregnancy recognition. The power 
calculations completed in the current protocol will help to inform whether TreeScan is 
appropriate for second and third trimester exposures.  

Additionally, evaluating second and third trimester exposures requires adjustments to the study 
design to avoid bias that could result in missed signals. Due to birth occurring at different 
gestational ages, the length of the assessment window for second and third trimester exposures 
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is not uniform across all pregnancies included in a study. Pregnancies with shorter gestations 
have less opportunity for exposure than pregnancies with longer gestations; this results in 
exposure appearing to be protective against outcomes associated with shorter gestations (33,34). 
In single outcome studies, a recommended strategy for avoiding this bias is to use a time-
varying exposure definition (34). Use of a time-varying exposure definition is not compatible 
with TreeScan, therefore other approaches, such as matching on gestational age of exposure or 
changing the evaluation window to count back from delivery, could be utilized. The most 
appropriate way to mitigate this potential for bias when evaluating second and third trimester 
exposures will be explored in future work.  
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9 Appendix: Frequently Asked Questions 
 

1. How does this study address the potential for false negative results (i.e., 
missed signals)? 

 

The simulation study is designed to address this concern by evaluating the power to detect alerts 
given various sample sizes, outcome incidence, and magnitudes of relative risk for the outcome 
between the exposed and comparison groups. Results of the simulation study will inform 
whether expected sample sizes in future evaluations of medication use in pregnancy are large 
enough to allow for use of the TreeScan method.  

The medications chosen for the empirical study, fluoroquinolones, are not known to be 
associated with an increased risk for birth defects and no known risks are noted in the labels for 
these antibiotics. Therefore, we do not have known safety signals to use as a “gold standard” for 
comparison to the empirical results. However, it is difficult to choose drugs with a known birth 
defect risk (e.g., a labeled risk) because products with known risks are intentionally avoided 
during pregnancy and sample sizes of exposed women would be very small. Given the desire to 
evaluate the performance of TreeScan for future use in the Sentinel System, it was important to 
select drugs that had sufficient clinical data in ICD-10-CM rather than studying older drugs with 
clinical data coded in older terminologies. 

 

2.  Why is this study limited to first trimester exposure only?  

 

The expected sample size for women exposed to fluoroquinolones in the second and third 
trimesters is less than 500 pregnancies in the data source used for this study. Given the low 
prevalence of many infant outcomes included in the outcome tree, this sample size is not 
expected to be adequately powered to detect increases in risk.  

Alternatively, we could have defined exposure as any use during pregnancy and avoided issues 
with small sample sizes in the second and third trimesters. This approach is not recommended 
because the risk of adverse infant outcomes following medication exposure is not the same 
throughout the entire gestational period. Inclusion of exposed time that is not at risk for the 
outcome would attenuate relative effect estimates and could result in missed signals. Therefore, 
exposure assessment will be limited to first trimester for this analysis.  

The feasibility of investigating exposure during any trimester or gestational period should be 
evaluated prior to starting a signal identification exercise for any medication given the pattern of 
drug discontinuation after pregnancy recognition; for many medications, exposure prevalence 
may drop substantially from first trimester to second trimester depending on the indication and 
utilization patterns of the medication.  

 

3.  Classifying exposure as any exposure in the first trimester could result in 
attenuated risk for outcomes where the etiologically relevant window is much 
shorter (e.g., weeks 5-8 for cardiac defects). This could lead to missed signals.  

 



  

 TreeScan in Pregnancy for Infant Outcomes | Sentinel Methods  20 

A signal identification assessment evaluates risk of thousands of outcomes simultaneously, 
therefore it is not feasible to tailor the exposure window to the most appropriate gestational 
period of exposure for every outcome. Further, the etiologically relevant window is unknown for 
many adverse infant outcomes including preterm birth and small for gestational age. Given that 
first trimester is a critical period of development for many organ systems, this gestational period 
is commonly evaluated when studying major malformations. When sample size allows, multiple 
exposure windows can be evaluated. It is also important to consider that the potential for 
exposure misclassification may increase as the exposure window is shortened due to estimation 
of gestational age using an algorithm.  

However, we could use temporal scans in sensitivity analyses for select outcomes to help identify 
shorter exposure windows for certain outcomes that alert or are near the alert threshold. Use of 
scan statistics for this purpose have been demonstrated in a study of vaccine safety (35).  

 

4.  How accurate is the algorithm for classifying gestational age? Inaccurate 
dating of the pregnancy can result in exposure misclassification.  

 

Gestational age at delivery is estimated using a validated algorithm that has been adapted to 
include ICD-10-CM codes for gestational age (28). The validation study for this algorithm 
assessed the potential for exposure misclassification by comparing classification of first 
trimester antibiotic use according to the algorithm to a classification according to gestational 
age from birth certificates. They reported the sensitivity and specificity of first trimester 
exposure to antibiotics as over 92%. Therefore, we expect misclassification of first trimester 
exposure due to misspecified gestational age to be minimal.  

 

5.  How will identified alerts and potential false positive results be addressed?  

 

As stated in the protocol, alerts will be triaged as known, expected, or requiring further 
investigation based on the prescribing information for fluoroquinolone drugs and the known 
safety profile as documented in the literature. Alerts requiring further investigation can be 
evaluated in the following ways. First, the patient episode profile retrieval (PEPR) tool can be 
used assess the claims profile for a patient to identify sources of confounding. Second, a targeted 
safety study for a specific outcome could be initiated using a validated algorithm or including a 
validation study and carefully considered confounding control.  

 

6.  Including only live-birth deliveries in the study population may result in 
missing outcomes in pregnancies that do not end in live birth. How will that 
impact results? 

 

Restricting the study population to live births may result in an undercounting of outcomes, 
particularly severe birth defects, that are likely to result in pregnancy loss or termination. 
Pregnancies that do not end in live birth are difficult to accurately identify in administrative data 
and the reasons for fetal demise or termination are unlikely to be documented. This 
undercounting of some outcomes will only result in biased relative risk estimates if the exposure 
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is also associated with pregnancy loss or termination. In other words, the estimate would only 
be biased if the rate of live-birth differs between study groups. Methods are available to quantify 
the potential impact of missing non-live births and assess the difference required to dilute a 
potential meaningful increase identified. In this study, it is unlikely that the risk of pregnancy 
loss or termination will differ between women using fluoroquinolones or cephalosporins. 
Therefore, we don’t not expect results to be biased due to restriction of the study population to 
live births only.  

 

7.  Pregnancy and family history may also be associated with an increase in risk 
for adverse infant outcomes. Should these variables be considered for inclusion 
in the propensity score? 

 

While pregnancy and family history of adverse pregnancy outcomes may be predictive of some 
adverse outcomes in the current pregnancy, we are unable to accurately measure these potential 
confounders in claims data. Women included in the study population are only required to have 
391 days of medical and drug coverage prior to the delivery date to ensure that preexisting 
conditions can be assessed in the 90 days before the start of pregnancy. Requiring additional 
coverage prior to the start of pregnancy to allow for capture of previous pregnancy outcomes 
documented in claims would greatly reduce the available sample size and potentially reduce 
generalizability of the study population.  
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	1 Introduction  
	Pregnant women have historically been excluded from clinical trials during the clinical development of most medical products. As a result, there is often incomplete information about a medical product’s safety profile when used during pregnancy. FDA conducts surveillance on the use of medical products in the pregnant population with a specific focus on detecting medical product-induced fetal effects.  
	Post-marketing requirements have traditionally included establishing a pregnancy registry to monitor drug use (1). Pregnancy registries encounter challenges with recruitment and retention and are often underpowered to find differences in specific malformations. A recent review of registries in the United States reported that the median enrollment was only 36 pregnancies (2). Target sample size is often 300 pregnancies exposed to the drug of interest, however this sample size may only allow for detection of 
	Retrospective, observational studies that utilize electronic health data (EHD, including insurance claims data and electronic health record data) can also be used to evaluate the risk of MCMs and other infant outcomes. However, outcome ascertainment in EHD requires use of a previously validated outcome algorithm in a similar data source, or validation of the algorithm in the intended data source (1). Evaluation of all MCMs as a single outcome may obscure true associations with specific malformations, theref
	Alternatively, the use of signal identification methods in EHD allows for detection of potential increase in risk for all potential MCMs and other important adverse infant outcomes, including preterm birth and low birth weight. Signal identification methods have been used in other areas of pharmacoepidemiology and pharmacovigilance, including monitoring for adverse vaccine effects and for unknown events following initiation of other drugs (4–7). TreeScan™ (http://
	Alternatively, the use of signal identification methods in EHD allows for detection of potential increase in risk for all potential MCMs and other important adverse infant outcomes, including preterm birth and low birth weight. Signal identification methods have been used in other areas of pharmacoepidemiology and pharmacovigilance, including monitoring for adverse vaccine effects and for unknown events following initiation of other drugs (4–7). TreeScan™ (http://
	www.treescan.org
	www.treescan.org

	) is a statistical data mining tool that can simultaneously scan for increased risk across multiple outcomes and is compatible with multiple study designs (8). It uses a hierarchical outcome tree to group related codes together and applies tree-based scan statistics to adjust for multiple testing when screening across thousands of potential adverse events (8). Use of a hierarchical tree for infant outcomes allows for identification of safety alerts at clinically relevant aggregate groupings (e.g., cardiac m

	In this project, we will demonstrate use of matching and stratification using propensity scores with TreeScan to identify adverse infant outcomes following maternal exposure to medications during pregnancy.  
	2 Specific Aims  
	This is a methods project to evaluate the performance of TreeScan to assess infant outcomes following exposure to medications during pregnancy.  
	Aim #1: Assess the performance of TreeScan to detect key outcomes in the infant: major congenital malformations, conditions related to gestational duration (e.g., preterm birth), and conditions related to birth weight (e.g., small for gestational age, low birth weight), using empirical data.  
	Using propensity score matched and propensity score stratified designs, the TreeScan method will be used to detect potential alerts among mother-infant pairs exposed to fluoroquinolones compared to cephalosporins (referent group) in the first trimester.  
	Aim #2: Using empirical data to develop background rates, a simulation study will be performed with investigator-injected risks to develop data on the power to detect risk under ideal circumstances. 
	Using the comparison of first trimester fluoroquinolone or cephalosporin use, background rates of all outcomes in the tree will be estimated. We will assess the power to detect elevated risk under scenarios that vary the sample size per exposure group, the relative risk increase in the fluoroquinolone exposed group, and the baseline prevalence of specified outcomes. Power will be calculated for the unconditional Bernoulli TreeScan statistic in a matched population and the conditional and unconditional Poiss
	3 Case Study: First Trimester Use of Fluoroquinolones and Cephalosporins  
	As a case study, we evaluate first trimester exposure to fluoroquinolones compared to first trimester exposure to cephalosporins. Potential cases studies were chosen based on the following criteria: 1) older drugs, 2) with well characterized safety profiles for use during pregnancy, and 3) with enough utilization during pregnancy to enable investigation. 
	Fluoroquinolones are used to treat a variety of infections including urinary tract infections which are common during pregnancy. Quinolones have been shown to be associated with arthropathy in animal models and are contraindicated for use in pediatric and adolescent populations to avoid the risk of musculoskeletal disorders (10,11). Due to these known associations, fluoroquinolones are not widely used during pregnancy (12). While animal models have shown the potential for teratogenic effects (13), results f
	Cephalosporins are widely used during pregnancy as first-line treatment for multiple infections (13). Most studies have shown no association between cephalosporin use and major malformations (19,20), however potential associations with cardiac malformations have been reported by some studies (20–22). 
	While fluoroquinolones and cephalosporins may be used throughout pregnancy, we are limiting this evaluation to first trimester exposure due to very small sample sizes expected for fluoroquinolone use in the second and third trimesters based on preliminary data on medication utilization by trimester.  
	4 TreeScan  
	4.1 Hierarchical Tree for Infant Outcomes  
	This project will be limited to use of the International Classification of Diseases, Tenth Revision, Clinical Modification (ICD-10-CM) coding structure that was initiated in the United States in October 2015. The tree structure is based on the chapters, subchapters, and code structure of ICD-10-CM. Codes from the Q chapter for congenital malformations and the P chapter for conditions originating in the perinatal period were used to define the infant outcomes tree. The leaf level of the tree is comprised of 
	The tree was further refined to include key outcomes of interest: major congenital malformations, conditions related to gestational duration, and conditions related to birth weight. Codes for minor malformations, genetic conditions, and chromosomal abnormalities were excluded from the tree because they are not outcomes of interest and inclusion may result in major defects in the same node not meeting incidence criteria (see “Defining Congenital Malformation Outcomes” for a description of the incidence crite
	 
	Figure
	Figure 1. Example from the tailored ICD-10-CM tree for infant outcomes. 
	4.2 TreeScan Statistics  
	There are two versions of tree-based scan statistics used by the TreeScan software which differ in the probability model used to determine the expected number of cases (24). The Bernoulli version assumes outcomes are distributed across a population (an exposed and referent group, in our example) based on a fixed probability (e.g., 50% for a 1:1 matched exposed and referent population). The Poisson version assumes the number of cases in the population of interest (the exposed group) is Poisson-distributed an
	Propensity score methods can be used with both versions of the tree-based scan statistics to control for measured confounding. The Bernoulli statistic is compatible with fixed ratio matching because it assumes that the probability that each outcome is in the exposed group is constant under the null hypothesis (7). However, fixed ratio matching can limit power by capping the size of the referent cohort and decreasing the size of the exposed cohort if the full number of referent matches cannot be found for ea
	Scan statistics can be unconditional or can condition on the total number of outcomes across the tree. The conditional version controls for increases in health care utilization during the outcome window related to the timing of exposure (but not the exposure itself). Propensity score matching using the Bernoulli statistic has been used with the unconditional version because fixed ratio matching is expected to result in adequate confounding control that eliminates the need for further conditioning. Given the
	4.2.1 Unconditional Bernoulli Tree-Based Scan Statistic  
	We will use the unconditional Bernoulli version of the tree-based scan statistic (6). A Monte Carlo based p-value for the test statistic T can be obtained by generating random datasets under the null hypothesis that every outcome occurs, independently of other outcomes, with the same probability among in the treatment group versus the comparator group.  
	Expected counts for each outcome code are calculated by distributing the total number of events per node between the exposed and referent group based on a binomial draw with the expected proportion based on the null hypothesis. When using a 1:1 matched design, this proportion is 0.5. 
	The log likelihood ratio (LLR) based test statistic T can be calculated as: 
	Figure
	Where: T = unconditional Bernoulli tree scan statistic  
	  cG = cases in the treatment group for a given node G 
	nG = cases in the reference group for a given node G 
	p = probability of being in the treatment group (for 1:1 matched this is 0.5)  
	G = node of interest 
	Random datasets are generated under the null hypothesis and the test statistic T is calculated for all replicates. The Monte Carlo based p-value is equal to the rank of the test statistic in the real data/(number of replicates+1). If the statistical significance is set to alpha=0.05, then the most likely cut of the real data will be statistically significant if the test statistic ranks in the top 5% of all test statistics from most likely cuts in the real and replicated datasets. This method formally adjust
	4.2.2 Poisson Tree-Based Scan Statistic  
	The Poisson version of the tree-based scan statistic tests the null hypothesis that, across all nodes in the tree, an outcome is expected to occur in proportion to the expected count for the outcome, as determined by a Poisson distribution (6).  
	Expected counts for each outcome node are calculated using the follow-up time (time from delivery until the outcome, loss to follow-up, or the end of the outcome window) or total persons in the exposed group, the outcome count in the comparator group, and the follow-up time or total persons in the comparator group. In the propensity score stratified analysis, expected 
	counts are calculated within each stratum and the total number of expected outcomes is summed across the strata. In the conditional version, the expected and observed total number of outcomes from across the tree are included in the LLR calculation.  
	Example of the indirect standardization process across the propensity score strata: 
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	For the unconditional Poisson statistic, the LLR-based test statistic T can be calculated as: 
	 
	Figure
	Where: T = unconditional Poisson tree scan statistic  
	  cG = observed cases in the treatment group for a given node G 
	nG = expected cases in the treatment group for a given node G 
	 G = node of interest 
	And for the conditional Poisson statistic, the LLR-based test statistic T can be calculated as: 
	 
	Figure
	Where: T = conditional Poisson tree scan statistic  
	  cG = observed cases in the treatment group for a given node G 
	nG = expected cases in the treatment group for a given node G 
	C = total number of outcomes in the risk window summed over the tree 
	N = total number of expected outcomes summed over the tree 
	 G = node of interest 
	Random datasets are generated under the null hypothesis by generating expected outcome counts under the Poisson distribution. The Monte Carlo based p-value is calculated in the same manner as described for the Bernoulli analysis in section 4.2.1.  
	5 Aim 1 Methods: Empirical Study  
	5.1 Data and Study Period  
	The IBM MarketScan® Research Database will be used for this project. The MarketScan database captures patient-level enrollment, medical, and pharmacy utilization data from predominately large employers and health plans for more than 100 million individuals in the United States. No use of the Sentinel Distributed Database (SDD) is planned for this project. The study period is October 1, 2015 through March 31, 2019; eligible singleton live-birth deliveries that occur during this study period will be included 
	5.2 Creating a Mother-Infant Linkage Table  
	The Sentinel Common Data Model (SCDM) includes the Mother-Infant Linkage (MIL) table to facilitate the study of infant outcomes following maternal exposures during pregnancy. Eligible live-birth deliveries and infants are linked at each data partner site using available identifiers. The table includes the mother’s patient identifier, details on the delivery encounter, and the infant’s patient identifier, date of birth, and enrollment information, as well as the method used for linkage (i.e. family subscribe
	Live-birth deliveries were identified using ICD-10-CM, ICD-10 Procedure Coding System (ICD-10-PCS), and Current Procedural Terminology, Fourth Edition (CPT-4) diagnosis and procedure codes that indicate live-birth delivery. To follow requirements of the SCDM MIL table, deliveries were eligible for inclusion if they occurred in women aged 10-54 years with a minimum of 180 days of medical coverage prior to the delivery date, and no evidence of a live-birth delivery in the 180 days prior to delivery. Infants w
	5.3 Defining Pregnancy Episodes  
	For this analysis, we will select singleton live-birth deliveries that are linked to infants from deliveries included in the MIL table. Multiple gestation deliveries will be excluded. To be included in the analysis, linked pairs will be required to have 391 days of maternal medical and drug coverage prior to the date of delivery. This 391-day requirement allows for continuous enrollment during a 90-day pre-pregnancy period and accounts for the longest duration pregnancy episode of 301 days. The start of pre
	pregnancy duration will be set to 273 days. Live-birth deliveries will be excluded from the cohort if there was evidence of a prior delivery during the duration of the pregnancy. The study cohort will be further refined by excluding all mother-infant pairs with first trimester exposure to known teratogens (listed in Appendix Table B). Cohort defining criteria are displayed in the design diagram in Figure 2.  
	 
	Figure
	Figure 2. Design diagram for the fluoroquinolone and cephalosporin case study. 
	5.4 Defining Exposure 
	We will use Sentinel’s routine query tools to extract cohorts with first trimester exposure to fluoroquinolones or cephalosporins in both oral and intravenous forms. National Drug Codes (NDCs) and Healthcare Common Procedure Coding System codes (HCPCS) will be used to define exposure from outpatient dispensing claims and inpatient procedure claims. The fluoroquinolone exposure group will be defined by evidence of prevalent or incident use of a fluoroquinolone in the first trimester without evidence of cepha
	5.5 Defining Incident Outcomes  
	Infant outcomes will be identified using both maternal and infant records. Insurers are required to allow for a special enrollment period of at least 30 days following birth for enrollment of the infant under the parent’s insurance (29). Therefore, infants may not have their own patient identification number until days or weeks after birth. Before the infant is enrolled, claims for the infant may appear in the mother’s record. To capture all possible outcomes that occur immediately following birth, it is ne
	Outcomes will be assessed for each mother-infant pair from the delivery date through 180 days after delivery. Outcomes will be included from any care setting.  
	Outcome incidence will be assessed for each mother-infant pair. The incidence criterion prevents double counting of the same condition in the same mother-infant pair that is evaluated multiple times during the outcome window. The incidence period will be defined as the minimum of the length of the outcome period and the number of days between the outcome date and delivery. This allows for the incidence period to begin at delivery and will not remove outcomes that are diagnosed at delivery but appear in the 
	We will define incident outcomes based on level 3 nodes across the ICD-10-CM tree hierarchy. Incident outcomes will be defined by the first code from the node that occurs on the delivery date or within the outcome window, without any codes in the same level 3 node in the period between the delivery date and the outcome date in any care setting. Multiple incident outcomes may be observed for each mother-infant pair given they meet the incidence criteria at level 3 nodes. Sensitivity analyses will test for al
	Mother-infant pairs will be censored at death, disenrollment, or the end of the outcome window. In the Bernoulli analysis, if one member of a 1:N propensity score matched set is censored, the other members will also be censored at the same time.  
	Given the potential for outcome misclassification when using an inclusive definition for infant outcomes, we will conduct a sensitivity analysis limiting outcomes to the inpatient setting. This analysis will use the same incidence criteria as the main analysis, which requires that the outcome code be the first code from the node that occurs on the delivery date or within the outcome window, without any codes in the same level 3 node in the period between the delivery date and the outcome date in any care se
	Outcome incidence defined in any care setting and in inpatient only settings can be compared to national reporting on the incidence of specific defects as an informal check for misclassification.   
	5.6 Propensity Scores 
	5.6.1 Variables to be included in the propensity scores  
	The TreeScan method simultaneously tests multiple outcomes, therefore variables for the propensity score cannot be tailored to each exposure-outcome pair. Instead, we established a list of baseline characteristics, pre-existing conditions, screening codes, and healthcare utilization metrics to create a reusable general propensity score that can be used in all propensity score matched or stratified TreeScan analyses in pregnancy. The use of a general propensity score for TreeScan analyses in the general popu
	A list of pre-existing conditions was compiled using the pre-existing conditions considered for the Obstetric Comorbidity Score, which predicts severe maternal comorbidity and mortality (31). The list was further refined by adding conditions known to be risk factors for malformations, as suggested by members of the workgroup. Screening activities were limited to those appropriate for reproductive aged women. A listing of each variable to be included in the general propensity score is in Table 1. 
	 
	 
	Table 1. Variables to be included in the general propensity score for pregnancy analyses 
	Category 
	Category 
	Category 
	Category 
	Category 

	Source 
	Source 

	Variables 
	Variables 



	Demographics 
	Demographics 
	Demographics 
	Demographics 

	NA 
	NA 

	Age, year of delivery, race and ethnicity1 
	Age, year of delivery, race and ethnicity1 


	Pre-existing conditions 
	Pre-existing conditions 
	Pre-existing conditions 

	Bateman (31), workgroup recommendations 
	Bateman (31), workgroup recommendations 

	Obesity, preexisting hypertension, preexisting diabetes, asthma, drug abuse, alcohol abuse, tobacco use, cardiac valvular disease, chronic congestive heart failure, chronic ischemic heart disease, chronic renal disease, congenital heart disease, cystic fibrosis, HIV, pulmonary hypertension, sickle cell disease/thalassemia, systemic lupus erythematosus, previous cesarean, end stage liver disease, rheumatoid arthritis, inflammatory bowel disease, leukemia/lymphoma, epilepsy/seizure, and psychiatric conditions
	Obesity, preexisting hypertension, preexisting diabetes, asthma, drug abuse, alcohol abuse, tobacco use, cardiac valvular disease, chronic congestive heart failure, chronic ischemic heart disease, chronic renal disease, congenital heart disease, cystic fibrosis, HIV, pulmonary hypertension, sickle cell disease/thalassemia, systemic lupus erythematosus, previous cesarean, end stage liver disease, rheumatoid arthritis, inflammatory bowel disease, leukemia/lymphoma, epilepsy/seizure, and psychiatric conditions


	Screening 
	Screening 
	Screening 

	Wang (30,32) 
	Wang (30,32) 

	Vaccine administration, Screening examinations and disease management training, Pap smear, HPV DNA test, Fecal occult blood test 
	Vaccine administration, Screening examinations and disease management training, Pap smear, HPV DNA test, Fecal occult blood test 


	Healthcare utilization 
	Healthcare utilization 
	Healthcare utilization 

	Wang (30,32) 
	Wang (30,32) 

	Number of inpatient encounters, number of outpatient encounters, number of emergency department visits, number of filled generics 
	Number of inpatient encounters, number of outpatient encounters, number of emergency department visits, number of filled generics 




	1While race and ethnicity are recommended for inclusion in the general propensity score, these variables are not recorded in MarketScan and therefore will not be included in the propensity score for this project. 
	Prior work on use of a general propensity score versus a tailored score or choosing variables based on an exposure-based high-dimensional approach has demonstrated that the global score is adequate when an appropriate active comparator is used (30). Use of an appropriate active comparator controls for much of the confounding between the exposure and outcome by design. However, it is not always possible to identify a good active comparator when assessing medications used during pregnancy, as women are often 
	For the case study of fluoroquinolones compared to cephalosporins, we will consider addition of the following variables to the propensity score to define indications for these antibiotics: urinary tract and kidney infections, lower respiratory tract infections, ear, nose, and throat infections, gastrointestinal infections, and sexually transmitted infections. Distribution of these variables in each antibiotic exposure group will be examined prior to addition to the propensity score model.  
	Additionally, some variables included in the general propensity score should be excluded when sample size is expected to be very small to avoid issues of convergence of the propensity score. The final propensity scores used for this project will be determined using descriptive statistics for the fluoroquinolone exposure group and variables with 0 or very small cells will not be included in the propensity score models.  
	The evaluation window to be used for each covariate category is illustrated in Figure 2.  
	5.6.2 Propensity score matching 
	The propensity score matched cohort design has been used by the FDA Sentinel Program in active surveillance activities and is currently being used for assessment of adverse infant outcomes following maternal exposure to medications during pregnancy in retrospective cohort studies. The use of 1:1 propensity score matching for TreeScan has also been demonstrated in a prior simulation study (7). 
	We will use 1:1 propensity score matching with various iterations of the propensity score model to control for measured confounding. The matching algorithm will use nearest neighbor matching with a caliper of 0.05.  
	• Base model: all variables selected for the general propensity score (Table 1) 
	• Base model: all variables selected for the general propensity score (Table 1) 
	• Base model: all variables selected for the general propensity score (Table 1) 

	• Indication model: Base model + the antibiotic indication variables 
	• Indication model: Base model + the antibiotic indication variables 

	• High-dimensional propensity score (hdPS) model: variables will be chosen for the propensity score empirically based on their association with the exposure 
	• High-dimensional propensity score (hdPS) model: variables will be chosen for the propensity score empirically based on their association with the exposure 


	We will also implement 1:N fixed ratio matching to demonstrate the impact on sample size when requiring >1 match from the referent group. Nearest neighbor matching with a caliper of 0.05 will be used. The number of referent group matches (N) will be dictated by the sample size in the cephalosporin cohort. For example, if the cephalosporin cohort is at least 3 times the size of the fluoroquinolone cohort, we will implement both 1:2 and 1:3 fixed ratio matching.  
	The distribution of covariates included in the propensity score will be evaluated before and after matching to assess imbalance.  
	5.6.3 Propensity score stratification  
	Using the indication model as defined above, we will also implement propensity score stratification to be used with the conditional and unconditional Poisson TreeScan statistic. Non-overlapping regions of the propensity score distribution will be trimmed and 10 percentiles will be created using the trimmed distribution in the full analysis population. Using indirect standardization, expected counts will be calculated for each outcome node adjusting for strata of the propensity score.  
	5.7 Identifying Alerts Using TreeScan  
	In the main analysis, hypothesis testing will be performed at levels 3, 4, and 5. In sensitivity analyses, hypothesis testing will also be performed at level 2. Hypothesis testing will not be done at level 6 (the leaf level) because these codes are primarily used to designate laterality and specific location of a malformation and this level of detail is not informative for identifying specific adverse infant outcomes. The threshold for alerting will be p ≤ 0.05 (1-sided).  
	This project is intended to be a methods evaluation rather than a regulatory safety analysis of fluoroquinolone use during pregnancy. Alerts will be triaged as known, expected, or requiring further investigation based on the prescribing information for fluoroquinolone drugs and the known safety profile as documented in the literature. 
	6 Aim 2 Methods: Simulation Study 
	6.1 Power using 1:1 propensity score matching and the Bernoulli TreeScan statistic  
	Small sample sizes (<5000 exposed women) are likely to occur when studying medications used during pregnancy. TreeScan may be underpowered to identify signals in these small samples unless the relative increase in risk is very large or the outcome is common. In order to assess the 
	ability of the TreeScan Bernoulli method to detect elevated risk of infant outcomes, we will perform a simulation study with known investigator-injected increases in risk. 
	Empirical data will be used to inform outcome incidence in our simulated datasets. Outcome counts in the cephalosporin cohort, using all cohort defining criteria used in the empirical study (see the design diagram in Figure 2), will be used to create the simulated datasets. Exposed and referent cohorts of equal size will be created to mimic a 1:1 propensity score matched scenario.  
	We will vary the following parameters for each scenario. Sample parameters are noted in Table 2. 
	• Sample size of the exposed and referent cohorts 
	• Sample size of the exposed and referent cohorts 
	• Sample size of the exposed and referent cohorts 

	• Prevalence of the outcome node with investigator-injected risk 
	• Prevalence of the outcome node with investigator-injected risk 

	• Magnitude of the relative risk of the investigator-injected risk 
	• Magnitude of the relative risk of the investigator-injected risk 


	For each scenario, we will report significant signals using a threshold for alerting of p ≤ 0.05 and the power of the dataset to generate an alert.  
	Table 2. Scenarios to be assessed in the simulation study 
	Prevalence of outcome 
	Prevalence of outcome 
	Prevalence of outcome 
	Prevalence of outcome 
	Prevalence of outcome 

	Relative increase in risk in the fluoroquinolone cohort 
	Relative increase in risk in the fluoroquinolone cohort 

	Sample size of each exposed/referent cohort 
	Sample size of each exposed/referent cohort 



	Approximately 1 per 10,000 
	Approximately 1 per 10,000 
	Approximately 1 per 10,000 
	Approximately 1 per 10,000 

	1.5 
	1.5 

	2000 
	2000 


	Approximately 1 per 1,000 
	Approximately 1 per 1,000 
	Approximately 1 per 1,000 

	2.0 
	2.0 

	4000 
	4000 


	Approximately 1 per 100 
	Approximately 1 per 100 
	Approximately 1 per 100 

	4.0 
	4.0 

	8000 
	8000 


	 
	 
	 

	 
	 

	15000 
	15000 




	6.2 Power using fixed 1:N propensity score matching and the Bernoulli TreeScan statistic  
	Using the Bernoulli TreeScan statistic in 1:1 propensity score matched populations has been shown to be a valid way to identify signals while controlling for confounding (7). However, use of 1:1 propensity score matching may greatly restrict the sample size available for analysis when the exposed population is small by restricting otherwise large unexposed or comparator exposed referent cohorts. Use of fixed 1:N matching could increase power by increasing the size of the referent cohort as long as the size 
	Two base scenarios will be selected varying the sample size of the exposed and referent cohorts before matching. We will simulate propensity score distributions in the exposed and referent cohorts with varying levels of overlap. Random samples of the simulated propensity score distributions will be taken to meet the specified unmatched sample sizes, and various fixed matching ratios will be implemented using nearest neighbor matching with a caliper of 0.05. Using the resulting exposed and referent cohort si
	6.3 Power using propensity score stratified Poisson TreeScan statistic  
	Stratifying on the propensity score maintains the full size (after trimming non-overlapping regions of the distribution) of the exposed and comparator exposed population in the analysis population and therefore may increase power over fixed ratio matching.  
	Empirical data will inform outcome incidence in the simulated datasets. Power will be calculated using the conditional and unconditional Poisson TreeScan statistics while varying the exposed and referent group sample sizes, the prevalence of the outcome node with investigator-injected risk, and the magnitude of the investigator-injected risk. Simulated scenarios will align with those assessed in the Bernoulli simulation as described in Table 2 but the size of the referent cohort will also be varied.  
	6.4 Outcome misclassification 
	Use of a single diagnosis code to define an outcome is likely to have high sensitivity but may have low specificity and a low positive predictive value (PPV). This type of misclassification is expected to bias relative effect estimates towards the null when it is nondifferential with respect to the exposure, which is a reasonable assumption in an active comparator analysis.  
	Algorithms in claims data that use multiple codes or concepts to define an outcome are designed to have very high PPV because relative risk estimates will be unbiased when outcome specificity is perfect, even if sensitivity is low, given that any misclassification is nondifferential. However, an algorithm with a high PPV may result in low to moderate sensitivity and lower outcome prevalence because true cases may be missed by a more restrictive outcome definition (33). This creates a tradeoff between the se
	In a TreeScan analysis, a missed signal could be the result of either a) outcome misclassification resulting in bias towards the null, or b) low outcome prevalence resulting in a lack of power to detect an increase in risk. Use of a highly specific outcome algorithm may preserve a true relative increase in risk, but if this algorithm is very restrictive and results in a large drop in prevalence of the outcome, TreeScan may not be powered to detect the alert.  
	Given the design of TreeScan to evaluate thousands of outcomes simultaneously, it is not feasible to use tailored outcome definitions. However, the tradeoff between sensitivity and PPV can be examined via simulation provided appropriate assumptions are made about sensitivity and PPV. To assess the impact of varying PPV and sensitivity on the ability of TreeScan to detect a true alert, we will perform a simple bias analysis using the simulated data. Assuming the simulated data represents the true data, we wi
	7 Future Considerations  
	The current protocol will address first trimester exposure, however future evaluations may also require evaluation of medication exposures in the second and third trimesters. Sample sizes for second and third trimester exposures may be lower than the sample size for first trimester exposures if women discontinue medication use after pregnancy recognition. The power calculations completed in the current protocol will help to inform whether TreeScan is appropriate for second and third trimester exposures.  
	Additionally, evaluating second and third trimester exposures requires adjustments to the study design to avoid bias that could result in missed signals. Due to birth occurring at different gestational ages, the length of the assessment window for second and third trimester exposures 
	is not uniform across all pregnancies included in a study. Pregnancies with shorter gestations have less opportunity for exposure than pregnancies with longer gestations; this results in exposure appearing to be protective against outcomes associated with shorter gestations (33,34). In single outcome studies, a recommended strategy for avoiding this bias is to use a time-varying exposure definition (34). Use of a time-varying exposure definition is not compatible with TreeScan, therefore other approaches, s
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	9 Appendix: Frequently Asked Questions 
	 
	1. How does this study address the potential for false negative results (i.e., missed signals)? 
	1. How does this study address the potential for false negative results (i.e., missed signals)? 
	1. How does this study address the potential for false negative results (i.e., missed signals)? 


	 
	The simulation study is designed to address this concern by evaluating the power to detect alerts given various sample sizes, outcome incidence, and magnitudes of relative risk for the outcome between the exposed and comparison groups. Results of the simulation study will inform whether expected sample sizes in future evaluations of medication use in pregnancy are large enough to allow for use of the TreeScan method.  
	The medications chosen for the empirical study, fluoroquinolones, are not known to be associated with an increased risk for birth defects and no known risks are noted in the labels for these antibiotics. Therefore, we do not have known safety signals to use as a “gold standard” for comparison to the empirical results. However, it is difficult to choose drugs with a known birth defect risk (e.g., a labeled risk) because products with known risks are intentionally avoided during pregnancy and sample sizes of 
	 
	2.  Why is this study limited to first trimester exposure only?  
	 
	The expected sample size for women exposed to fluoroquinolones in the second and third trimesters is less than 500 pregnancies in the data source used for this study. Given the low prevalence of many infant outcomes included in the outcome tree, this sample size is not expected to be adequately powered to detect increases in risk.  
	Alternatively, we could have defined exposure as any use during pregnancy and avoided issues with small sample sizes in the second and third trimesters. This approach is not recommended because the risk of adverse infant outcomes following medication exposure is not the same throughout the entire gestational period. Inclusion of exposed time that is not at risk for the outcome would attenuate relative effect estimates and could result in missed signals. Therefore, exposure assessment will be limited to firs
	The feasibility of investigating exposure during any trimester or gestational period should be evaluated prior to starting a signal identification exercise for any medication given the pattern of drug discontinuation after pregnancy recognition; for many medications, exposure prevalence may drop substantially from first trimester to second trimester depending on the indication and utilization patterns of the medication.  
	 
	3.  Classifying exposure as any exposure in the first trimester could result in attenuated risk for outcomes where the etiologically relevant window is much shorter (e.g., weeks 5-8 for cardiac defects). This could lead to missed signals.  
	 
	A signal identification assessment evaluates risk of thousands of outcomes simultaneously, therefore it is not feasible to tailor the exposure window to the most appropriate gestational period of exposure for every outcome. Further, the etiologically relevant window is unknown for many adverse infant outcomes including preterm birth and small for gestational age. Given that first trimester is a critical period of development for many organ systems, this gestational period is commonly evaluated when studying
	However, we could use temporal scans in sensitivity analyses for select outcomes to help identify shorter exposure windows for certain outcomes that alert or are near the alert threshold. Use of scan statistics for this purpose have been demonstrated in a study of vaccine safety (35).  
	 
	4.  How accurate is the algorithm for classifying gestational age? Inaccurate dating of the pregnancy can result in exposure misclassification.  
	 
	Gestational age at delivery is estimated using a validated algorithm that has been adapted to include ICD-10-CM codes for gestational age (28). The validation study for this algorithm assessed the potential for exposure misclassification by comparing classification of first trimester antibiotic use according to the algorithm to a classification according to gestational age from birth certificates. They reported the sensitivity and specificity of first trimester exposure to antibiotics as over 92%. Therefore
	 
	5.  How will identified alerts and potential false positive results be addressed?  
	 
	As stated in the protocol, alerts will be triaged as known, expected, or requiring further investigation based on the prescribing information for fluoroquinolone drugs and the known safety profile as documented in the literature. Alerts requiring further investigation can be evaluated in the following ways. First, the patient episode profile retrieval (PEPR) tool can be used assess the claims profile for a patient to identify sources of confounding. Second, a targeted safety study for a specific outcome cou
	 
	6.  Including only live-birth deliveries in the study population may result in missing outcomes in pregnancies that do not end in live birth. How will that impact results? 
	 
	Restricting the study population to live births may result in an undercounting of outcomes, particularly severe birth defects, that are likely to result in pregnancy loss or termination. Pregnancies that do not end in live birth are difficult to accurately identify in administrative data and the reasons for fetal demise or termination are unlikely to be documented. This undercounting of some outcomes will only result in biased relative risk estimates if the exposure 
	is also associated with pregnancy loss or termination. In other words, the estimate would only be biased if the rate of live-birth differs between study groups. Methods are available to quantify the potential impact of missing non-live births and assess the difference required to dilute a potential meaningful increase identified. In this study, it is unlikely that the risk of pregnancy loss or termination will differ between women using fluoroquinolones or cephalosporins. Therefore, we don’t not expect resu
	 
	7.  Pregnancy and family history may also be associated with an increase in risk for adverse infant outcomes. Should these variables be considered for inclusion in the propensity score? 
	 
	While pregnancy and family history of adverse pregnancy outcomes may be predictive of some adverse outcomes in the current pregnancy, we are unable to accurately measure these potential confounders in claims data. Women included in the study population are only required to have 391 days of medical and drug coverage prior to the delivery date to ensure that preexisting conditions can be assessed in the 90 days before the start of pregnancy. Requiring additional coverage prior to the start of pregnancy to all
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