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Abstract

Introduction—Women and healthcare providers lack adequate information on medication safety
during pregnancy. While resources describing fetal risk are available, information is provided in
multiple locations, often with subjective assessments of available data. We developed a list of
medications of greatest concern during pregnancy to help healthcare providers counsel
reproductive-aged and pregnant women.

Methods—~Prescription drug labels submitted to the U.S. Food and Drug Administration with
information in the Teratogen Information System (TERIS) and/or Drugs in Pregnancy and
Lactation by Briggs & Freeman were included (N = 1,186 medications; 766 from three data
sources, 420 from two). We used two supervised learning methods (‘support vector machine’ and
‘sentiment analysis’) to create prediction models based on narrative descriptions of fetal risk. Two
models were created per data source. Our final list included medications categorized as ‘high’ risk
in at least four of six models (if three data sources) or three of four models (if two data sources).

Results—We classified 80 prescription medications as being of greatest concern during
pregnancy; over half were antineoplastic agents (n = 24), angiotensin converting enzyme inhibitors
(n = 10), angiotensin Il receptor antagonists (n = 8), and anticonvulsants (n = 7).

Discussion—This evidence-based list could be a useful tool for healthcare providers counseling
reproductive-aged and pregnant women about medication use during pregnancy. However,
providers and patients may find it helpful to weigh the risks and benefits of any pharmacologic
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treatment for both pregnant women and the fetus when managing medical conditions before and
during pregnancy.
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Introduction

Nine out of 10 women in the United States take a medication during pregnancy and 50-70%
take a prescription medication (Mitchell et al. 2011; Palmsten et al. 2015). Yet, there is
limited, and often inconsistent, information both internationally and in the U.S. about the
risks of many medications to the developing fetus, such as birth defects or pregnancy loss
(Adam et al. 2011; Noh et al. 2018; Peters et al. 2013). Pregnant women have typically been
excluded from clinical trials of medications due to ethical concerns. One assessment found
only 10% of medications approved by the U.S. Food and Drug Administration (FDA)
between 1980 and 2010 were deemed to have sufficient information to determine fetal risk
(Adam et al. 2011). This scarcity of information leaves women and healthcare providers to
face difficult decisions about pharmacologic treatment during pregnancy (Hameen-Anttila et
al. 2014; Palosse-Cantaloube et al. 2014; Peters et al. 2013). Decisions on medication use
and choice of specific medication require careful consideration of the potential risks and
benefits for both the woman and the fetus.

To counsel reproductive-aged and pregnant women about medication use, many healthcare
providers have relied heavily on the FDA pregnancy categories included in drug product
labeling introduced in 1979, which weigh the scientific evidence of risk compared to benefit
of use during pregnancy (Lynch et al. 2017; Morgan et al. 2010). However, these categorical
ratings (letter designations of A, B, C, D and X) had several limitations; they often did not
take into account the most recent available human studies, were frequently misinterpreted as
a grading system, and were often used in lieu of the narrative summary provided in the
product labeling (Chambers et al. 2008). In 2015, FDA implemented the Pregnancy and
Lactation Labeling Rule (PLLR) requiring manufacturers to remove the pregnancy letter
category and to revise the content and format of drug product labeling for drugs approved on
or after June 30, 2001. In addition, for drugs approved before June 30, 2001, the PLLR
requires manufacturers to remove the pregnancy letter category from labeling by June 30,
2018 (Dinatale et al. 2017; U.S. Food and Drug Administration).

Healthcare providers also consult other sources that provide a narrative summary of the
scientific literature on the safety of medications during pregnancy (Morgan et al. 2010).
These sources include fee-based subscription databases such as REPROTOX™
(Wwww.REPROTOX.org) and TERIS (the Teratogen Information System, https://
depts.washington.edu/terisdb/) and textbooks such as Drugs in Pregnancy and Lactation
(Briggs and Freeman 2014) and the Catalog of Teratogenic Agents (Shepard and Lemire
2010). While these resources provide information about risks associated with specific
prenatal medication exposures, subscription fees may limit accessibility by healthcare
providers. Variability also exists in risk ratings between sources due to the subjective nature
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of assessments (Thorpe et al. 2013). Furthermore, while some lists of teratogenic
medications exist, they are often outdated, rely solely on one data source, or are based on the
categorical ratings from data sources rather than accounting for information in the narrative
summaries (Eltonsy et al. 2016; Webster and Freeman 2003).

Overall, healthcare providers and women do not have easily accessible, high-quality
information about the safety of medication use during pregnancy. The goal of this analysis
was to use supervised learning methods to systematically evaluate qualitative descriptions of
fetal risk and combine information across multiple data sources to develop a list of
prescription medications of greatest concern based on currently available information. This
list could be used by healthcare providers to facilitate discussions with pregnant women and
reproductive-aged women about possible risks associated with specific prenatal medication
exposures.

Data Sources

We used three data sources: manufacturers’ human prescription drug labels submitted to the
FDA (“drug labels”), the TERIS database, and the 10th edition of Drugs in Pregnancy and
Lactation by Briggs & Freeman. Each provides its own categorization of fetal risk and a
narrative summary of fetal risk associated with medication use based on animal and human
toxicology data, case reports, case series, and epidemiologic studies (when available).
Categorical risk ratings allowed us to develop supervised learning models that could identify
statistical patterns in the text used to describe risk. We did not use other data sources that did
not include categorical risk ratings.

To obtain a comprehensive list of prescription medications as a basis for our analysis, we
downloaded XML files for all prescription drug labels from the National Library of
Medicine’s DailyMed website (https://dailymed.nlm.nih.gov/dailymed/) on January 30,
2017. These files contain the most recent human prescription drug labels submitted by
manufacturers to the FDA for consideration. DailyMed does not currently provide a list of
all FDA-approved human prescription drug labels. We abstracted the FDA pregnancy letter
category, narrative summary from the “Pregnancy” section, and “Warnings” content from
drug labels.

TERIS, a subscription database, provides a review and interpretation of published literature.
We used the TERIS “Summary”, “Comment”, and “Notes” fields and the “magnitude of
teratogenic risk to child born after exposure during gestation” rating. TERIS’ teratogenic
risk ratings may be “undetermined” or may range from “none” to “high” as decided by the
TERIS board. Data from TERIS were provided in a Microsoft Access database by TERIS
authors on November 28, 2016.

The 10th edition of Drugs in Pregnancy and Lactation by Briggs and Freeman (2014)
(Briggs and Freeman, 2014) was provided as a PDF file by the publisher, with permission
from the authors. We abstracted the “pregnancy recommendation” category, which ranged
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from “compatible” to “contraindicated” and the narrative “fetal risk summary” for each
medication.

Categorizing Medications According to Fetal Risk

Using existing data elements as a guide, supervised learning methods (SLM) can group and
categorize text information into data suitable for quantitative analyses. We used two SLMs:
support vector machine (SVM) with a linear kernel and sentiment analysis. Both used the
narrative summaries describing fetal risk of medication use during pregnancy to create
prediction models (Cortes and Vapnik 1995; Joachims 1998). To prepare descriptions for
analysis, we removed excess whitespace, numbers, symbols, and common English words,
and made all letters lowercase. We developed two prediction models (one SVM and one
sentiment) per data source, with the goal of identifying “high” risk (vs. “not high” risk)
medications to be included on our list. (In preliminary analyses we attempted to use the
same model across all three data sources, but the initial model fit was poor, likely because of
the different terminology and narrative style used in each data source.) To train the models,
we first dichotomized each data source’s fetal risk/pregnancy categories into “high” and “not
high” fetal risk (Table 1). Risk categories with insufficient information to determine a risk
(i.e., TERIS “undetermined’; FDA pregnancy category C or missing; Briggs & Freeman
categories indicating no human data and no animal data) were excluded from this training
process, but included in the SLM models. (Models were able to use similarities in the
narrative summaries between those summaries with and without author ratings to predict
risk.) During training, if a data source’s risk category mentioned multiple risk categories
(due to risk varying by dose, gestational timing, or type of adverse outcome), we selected the
highest risk category. For example, Briggs & Freeman’s pregnancy recommendation for
vitamin A says “compatible/contraindicated (doses above U.S. RDA)” during pregnancy,
which we categorized as “contraindicated.”

SVM text classification uses features of the narrative summaries to develop probabilistic
binary linear classifications based on existing risk categorizations (Cortes and Vapnik 1995;
Joachims 1998). We used a stratified five-fold method to train SVM models to identify
patterns of words and phrases in the narrative summaries associated with “high” risk
medications. We used uni-, bi-, and trigrams (one-, two-, and three-word phrases) in a bag-
of-words model and used the most frequent 4000 term(s), which were transformed into
binary indicators for model training. Data were first split into five equal groups (each
representing 20% of the data). For each group, the model trained on the remaining 80% of
the data to predict risks for the other 20%. This process occurred five times, so that each
medication had a predicted risk (either ‘high’ or ‘not high’). We set the threshold of
prediction to achieve at the least an 80% sensitivity. We applied an SVM model built using
TERIS to Briggs & Freeman data; however, these models performed poorly, indicating that
terminology and language structure are not consistent across data sources. During model
testing, we realized that drawing a different 80% training sample could result in slight
changes in the SVM model results. To reduce this variability, we ran the SVM model 500
times for each data source and used a conservative approach by only considering a
medication “high” risk in the SVM model if all 500 models categorized the medication as
“high” risk.
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Sentiment analysis uses occurrences of key words from a custom dictionary to predict the
opinion of subjective information (Cortes and Vapnik 1995; Joachims 1998). For this
approach, we created custom sentiment dictionaries for each data source by identifying
words that appeared in at least 80% of “high risk” medications and used these dictionaries to
search each data source’s narrative summaries. Across all medications, we set a threshold of
two (for TERIS), four (for Briggs & Freeman), and six (for FDA) sentiment words because
these cut-offs captured at least 50% of the medications classified as “high” in the
dichotomous risk categories. Any medication with the number of sentiment words at or
above the cutoff was classified in the sentiment analysis as having a “high” risk.

Development of a List of Medications of Greatest Concern during Pregnancy

We combined data across all three sources to create our list of medications of greatest
concern. However, each data source catalogued medications differently. In the drug product
label data, multiple records for a medication could exist (e.g., Separate records for each route
of administration or inclusion of a salt [e.g., paroxetine and paroxetine hydrochloride]).
TERIS and Briggs & Freeman often grouped medications by component or, occasionally, by
medication class. TERIS and Briggs & Freeman also included “synonyms” of the
medication (i.e., all medications within a class or brand names of medications with the same
component). Using indexed medication names and synonyms, we matched medications
across the data sources and grouped medications into three categories: (1) medications in all
three data sources, (2) medications in two of the three data sources, and (3) medications only
in one data source. Because of its complexity, we manually verified the matching process.
Medications may have only been included in TERIS or Briggs & Freeman, but not in the
drug label data, because they were not prescription medications. If more than one
medication from a data source matched to only one medication from another data source, we
de-duplicated the data by selecting the highest SLM model risk ratings.

All single-component medications with a prescription drug label for which there was also
information in TERIS and/or Briggs & Freeman databases were considered in our analysis
(Fig. 1). This approach allowed us to compare medication narrative summaries across at
least two data sources. For medications with information in the drug label data and in one
other data source (four total SLM models, two from each data source), at least three of the
SLM models had to categorize the medication as “high” risk for a medication to be included
in our final list of medications. For medications with information in all three data sources, at
least four of the six available models had to categorize the medication as “high” risk. We
grouped the medications in our final list based on medication class to improve the clinical
utility of our list.

We used base Python, Python’s Scikit-Learn Library Version 0.19.1, and Natural Language
Toolkit Version 3.3, standard open-source libraries for text processing and machine learning
models, including SVM. We conducted all other analyses in SAS v.9.3 (Cary, NC). As this
analysis relied upon preexisting databases summarizing the safety of medication use in
pregnhancy and was not research involving human subjects, no statements regarding the 1964
Declaration of Helsinki and its later amendments, patient consent, or Institutional Review
Board review were necessary.

Matern Child Health J. Author manuscript; available in PMC 2021 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ailes et al.

Results

Page 6

Before de-duplication of medications across data sources, 2,106 medications were available
in the drug label data, 1,703 in TERIS, and 1,141 in Briggs & Freeman. After dichotomizing
each data source’s risk categories, 15% (n = 314) of medications in the drug label data, 5%
(n = 82) of medications in TERIS, and 26% (n = 302) of medications in Briggs & Freeman
were classified as “high” risk for the purpose of training the models (Table 1; prescription
medications classified as “high” for model training purposes are listed in the Supplemental
Table). Notably, 77% (n = 1,311) of TERIS medications had a rating of “undetermined” fetal
risk, 49% (n = 1,026) of drug labels were pregnancy category C (insufficient human data,
animal data indicates some risk), and 6% (n = 63) of Briggs & Freeman medications had
limited or no human data and no animal data available to classify fetal risk.

Using each data source’s dichotomized risk categories as the ‘gold standard’, the specificity
of SVM and sentiment models were high, ranging from 96 to 99%. However, the sensitivity
of the SVM and sentiment models ranged from 51 to 99% (Table 2). If the sources deemed
medications to have insufficient data to determine risk, SVM models more often categorized
them as ‘high’ risk than sentiment models (e.g., of 1412 medications with ‘undetermined’
risk in drug label data, SVM models coded 327 [23%] as high risk while sentiment models
coded 30 [2%] as high risk).

After matching across data sources and de-duplicating the matching results, 1186
medications were available for final analysis (Fig. 1). Of those, over one-third of these
medications were categorized by at least one SLM model (nh =502, 42%) as being “high”
risk (Fig. 2). However, only 80 medications were categorized as “high” risk in at least three
(if four total models) or four (if six total models) models and included in our list of
medications of greatest concern (Fig. 2, Table 3). Most (n = 60, 75%) medications in our
final list had information in all three data sources. Antineoplastic agents (n = 24),
angiotensin converting enzyme inhibitors (n = 10), angiotensin Il receptor antagonists (n =
8), and anticonvulsants (n = 7) accounted for over half (61%) of the medications included in
our final list.

Discussion

We applied supervised learning methods to existing data sources characterizing medication
safety during pregnancy to develop a list of medications of greatest concern during
pregnancy. While all use of medication during pregnancy requires a careful assessment of
risk versus benefit, using these methods and data sources we identified 80 medications that
warrant particular consideration before use by pregnant women due to associations with
birth defects, pregnancy loss, or other adverse fetal effects. Antineoplastic agents appeared
most frequently in our list, consistent with published reports describing fetal risks associated
with many antineoplastic medications (National Toxicology Program). Several additional
known teratogens, such as thalidomide, isotretinoin, warfarin, and some anticonvulsant
medications were included in our final list (Harden et al. 2009; Lammer et al. 1985; Lenz
1988; Vitale et al. 1999). However, other medications included in our final list are less
commonly agreed upon within the scientific literature and in clinical practice. These
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medications include some selective serotonin reuptake inhibitors (SSRIs) and some non-
steroidal anti-inflammatory drugs (Huybrechts et al. 2014; Reefhuis et al. 2015; Rolnik et al.
2017).

Our list can serve as a tool to inform clinical decision-making by identifying some
medications of greatest concern, but should not be the sole resource healthcare providers
consult. Healthcare providers and patients may find it helpful to weigh the specific benefits
and risks of pharmacologic treatment to manage medical conditions before and during
pregnancy and not simply counsel against use of any medication included in our list. For
example, though the antithyroid medication methimazole is on our list and has been
associated with birth defects, use of antithyroid agents by pregnant women with
hyperthyroidism not only prevent maternal complications but also prevent fetal
hyperthyroidism, which has been associated with intrauterine growth restriction, hydrops
fetalis, and fetal death (Alexander et al. 2017; De Groot et al. 2012). Similarly, untreated
maternal depression has been associated with poor infant outcomes, and thus some pregnant
women, in consultation with their healthcare providers, may decide to continue treatment
with specific SSRIs during pregnancy (Ornoy and Koren 2017). Dose is also an important
consideration for some medications in our final list; many prenatal vitamins include low
doses of vitamin A but at higher doses it can cause birth defects (Duerbeck and Dowling
2012). Lastly, timing of administration is critical as well. Hydroxyprogesterone early in
pregnancy has been associated with hypospadias (Carmichael et al. 2005), while use later
has been used to reduce preterm births (Meis et al. 2003). Inclusion of a medication on this
list does not mean that all pregnant women who take the medication will have adverse
outcomes. Conversely, the absence of a specific medication on this list does not imply safety
either, but could indicate a lack of reliable information or be the result of incorrect
classification by the SLM models. While this list is meant to be a tool for healthcare
providers, any pregnant women or women planning a pregnancy who are taking medications
on this list should consult a healthcare provider before starting or discontinuing any
medications.

Our approach has several limitations. First, we did not consider all medications or
teratogenic exposures (e.g., environmental or occupational). For example, only 59%
(999/1703) of TERIS entries matched to a drug label and were included in our final analysis;
the remaining tended to be chemical compounds or medications either discontinued or not
approved in the U.S. We did not include multi-component medication drug product labels,
over-the-counter medications or alternative treatments, such as herbals and supplements,
which are commonly used during pregnancy and may have risk associated with use
(Broussard et al. 2010; Kennedy et al. 2016; Thorpe et al. 2013). Second, we were unable to
account for other clinical considerations such as medication dose, gestational timing of
exposure, duration of exposure, concomitant exposures, type of adverse outcome, or
gradations in the level of risk associated with medications. While this information was often
captured in narrative summaries, each data source described these factors differently making
it difficult to abstract these details. Third, a different list of medications may result from
other analytic approaches and data sources. We could only apply SLM models to data
sources with both narrative summaries and risk categories, limiting the number of sources
we were able to use. Discontinuation of FDA’s pregnancy letter categories on
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manufacturers’ drug labeling will require different analytic approaches, but might also allow
for the incorporation of other data sources, such as REPROTOX™ and Shepard’s Catalog of
Teratogenic Agents. Furthermore, new methods will continue to be developed as the field of
natural language processing grows, and different methodological approaches may yield new
findings. Fourth, we found that each data source has its own narrative style to describe risk,
making it challenging to apply a single model to all sources of information. This variability
may be due to differences in the specific purpose of these data sources in terms of focus of
review (e.g., teratogenicity, fetal effects alone, or maternal and fetal effects) and in
describing risk alone or comparing risk and benefit. Fifth, this list does not offer “safer”
alternative medications, although the development of such a list could be a clinically useful
companion tool. Sixth, we were limited by the paucity of fetal risk information for most
medications provided in our data sources; few medications have sufficient human data to
determine fetal risk (Adam et al. 2011). We also only had access to prescription medication
labeling submitted for FDA approval, which may have differed from the final approved
labeling. Therefore, our list of medications reflects only the current knowledge of risk and
safety during pregnancy, which is limited, and does not include newly released medications
or medications not yet evaluated by TERIS and/or Briggs & Freeman. This list will need to
be updated as new information on associations between medications and pregnancy
outcomes becomes available and new medications are put on the market. More high-quality
studies and new methods to evaluate teratogenic risk are urgently needed.

This analysis demonstrates a useful method to distill large amounts of text data across
multiple sources into a single list and incorporates high-quality information that may not be
widely accessible because of barriers such as subscription costs. Before prescribing a
medication to pregnant women or women who might become pregnant in the near future,
providers should consult the most up-to-date information to best weigh the risks and benefits
of all medical treatment.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Significance

. Nine out of ten women in the United States take a medication during
pregnancy, yet there is limited, and often inconsistent, information about the
risks of many medications to the developing fetus.

. We applied supervised learning methods to three existing U.S. data sources
characterizing medication safety during pregnancy. While all medication use
during pregnancy requires a careful assessment of risk versus benefit, using
these methods and data sources we identified 80 medications that warrant
particular consideration before use by pregnant women due to associations
with birth defects, pregnancy loss, or other adverse fetal effects.
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Prescription Drug
LERIS Labels

(N=1,703) (N=2,106)

Briggs & Freeman
(N=1,141)

Medications merged
and de-duplicated
1 across data sources®

Medications Eligible for Analysis
TERIS + Briggs & Freeman +
Prescription Drug Labels
(N=766)

TERIS + Prescription Drug Labels
(N=233)

Briggs & Freeman + Prescription Drug
Labels
(N=187)

\ 4

Medications Ineligible® for Analysis
TERIS + Briggs & Freeman
(N=73)

TERIS only
(N=619)

Briggs & Freeman only
(N=101)

Prescription Drug Labels only
(N=395)

\4

Fig. 1.
Matching of medications across data sources. 2Each data source classified medications

differently. TERIS and Briggs & Freeman often grouped medications by component or,
occasionally, by medication class. In the drug label data, multiple records for a medication
could exist. For instance, a medication could have separate records for each route of
administration or the inclusion of a salt. In addition to the indexed medication name, TERIS
and Briggs & Freeman also included “synonyms” of the medication (i.e., all medications
within a class if the class was used as the indexing name or brand names of medications that
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had the same component medication). Using the primary medication name and the
synonyms provided by that data source, we matched the medications across the three data
sources. PTo be eligible for inclusion in the final list, a medication needed to be in the drug
label data and another data source
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M Six total models (Drug labels. TERIS. and Briggs & Freeman. N=766)

OFour total models (Drug labels and one other source, N=420)

401
83 :
o)
HS ’ :
: Included in list of medications
: of greatest concern during
: pregnancy (N=80)
85
66:
39 -
2 ’)
13 - 14 20
B = =
0 1 2 3 1 5 6

Number of Supervised Learning Models that Scored Medication as of "High"
Concern during Pregnancy

Fig. 2.

Number of medications that supervised learning models scored as “high” risk during
pregnancy, by number of models available (N = 1186)
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