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Abstract

Background: The Surveillance for Emerging Threats to Pregnant People and Infants Network
(SET-NET) collects data abstracted from medical records and birth defects registries on pregnant
people and their infants to understand outcomes associated with prenatal exposures. We developed
an automated process to categorize possible birth defects for prenatal COVID-19, hepatitis C,

and syphilis surveillance. By employing keyword searches, fuzzy matching, natural language
processing (NLP), and machine learning (ML), we aimed to decrease the number of cases needing
manual clinician review.

Methods: SET-NET captures /nternational Classification of Diseases, 10" Revision, Clinical
Modlification (ICD-10-CM) codes and free text describing birth defects. For unstructured data,
we used keyword searches, then conducted fuzzy matching with a cut-off match score of >290%.
Finally, we employed NLP and ML by testing three predictive models to categorize birth defect
data.

Results: As of June 2023, 8,326 observations containing data on possible birth defects were
submitted to SET-NET. The majority (n=6,758 [81%]) were matched to an ICD-10-CM code and
1,568 (19%) were unable to be matched. Through keyword searches and fuzzy matching, we
categorized 1,387/1,568 possible birth defects. Of the remaining 181 unmatched observations, we
correctly categorized 144 (80%) using a predictive model.

Conclusions: Using automated approaches allowed for categorization of 99.6% of reported
possible birth defects, which helps detect possible patterns requiring further investigation.
Without employing these analytic approaches, manual review would have been needed for 1,568
observations. These methods can be employed to quickly and accurately sift through data to
inform public health responses.
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Introduction

The Surveillance for Emerging Threats to Pregnant People and Infants Network (SET-
NET) collects data abstracted from electronic medical records and birth defects registries
on pregnant people and their infants in multiple United States (U.S.) jurisdictions to
understand outcomes associated with prenatal exposures, including Coronavirus Disease
2019 (COVID-19), hepatitis C, and syphilis (Woodworth et al., 2021). SET-NET utilizes

a complementary approach to birth defects surveillance by monitoring infant outcomes
through pregnancy-infant linked longitudinal surveillance, which can provide quick insights
to inform clinical decision making and public health efforts.

Large surveillance systems that are meant to be rapid and hypothesis-generating may need
to rely on /nternational Classification of Diseases, 10th Revision, Clinical Modification
(ICD-10-CM) codes rather than extensive chart review by trained clinicians to identify
maternal and infant outcomes, which is traditionally how active birth defects surveillance
systems have operated. SET-NET contains tens of thousands of birth outcomes for pregnant
people exposed to COVID-19, hepatitis C, or syphilis, which would require a large amount
of time from analysts to prepare the data for review and from clinicians to manually review
each outcome to synthesize and categorize individual birth defect findings for dissemination.
Machine learning algorithms have previously been shown to accurately predict manual
review by clinicians of the classification of Zika-associated birth defects and autism cases in
surveillance data, and automated approaches have the potential to improve the timeliness of
those data to inform clinical and public health action (Lee et al., 2019; Lusk et al., 2020).

We sought to develop and evaluate an automated process to categorize possible birth defects
resulting from COVID-19, hepatitis C, and syphilis exposure 7n utero by type and organ
system to quickly identify potential patterns requiring further investigation. By employing
keyword searches, fuzzy matching, natural language processes (NLP), and machine learning
(ML) to rapidly categorize birth defects, we aimed to decrease the number of cases needing
manual review and reduce time burden on clinicians and analysts as well as maintain high
validity in case categorization.

Materials and Methods

Population

Within SET-NET, pregnancy outcome data were collected on 136,607 pregnant persons
with lab-confirmed Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2),
hepatitis C, or syphilis infection during pregnancy from 26 U.S. jurisdictions (Arkansas,
Avrizona, California, Chicago, Georgia, Houston, Illinois, lowa, Kansas, Los Angeles
County, Maryland, Massachusetts, Michigan, Minnesota, Missouri, Nebraska, Nevada, New
Jersey, New York state, Ohio, Pennsylvania, Puerto Rico, South Carolina, Tennessee, Utah,
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Washington) (Woodworth et al., 2021). 125,650 infants were born to these persons between
2018 and 2022. Birth defect data included in this surveillance network are those reported at
birth hospitalization among liveborn infants and could be obtained from electronic medical
records, birth defects registries, or birth certificates. The methods below were applied at the
birth defect level.

Clean birth defect diagnosis codes

SET-NET captures ICD-10-CM codes and free text describing possible birth defects at birth
hospitalization. One jurisdiction submits Metropolitan Atlanta Congenital Defects Program
(MACDP) six-digit codes (Centers for Disease Control and Prevention). These data are
cleaned by removing duplicates and missing diagnosis codes, and by matching the ICD-10-
CM code format of a birth defect code lookup table.

Categorize birth defects using cleaned ICD-10-CM codes

In order to synthesize and categorize SET-NET birth defect data, ICD-10-CM Q00-Q99
(Q) codes are mapped to one of 13 categories using a lookup table, which was developed
by clinicians and published on GitHub (Centers for Disease Control and Prevention,
2023b). Categories include ICD-10-CM organ system level groupings of congenital
malformations, deformations and chromosomal abnormalities (Centers for Disease Control
and Prevention, 2023a). In addition, our analysis includes two additional categories,

‘Not a birth defect of interest/unable to categorize’ (e.g., Q38.1, Ankyloglossia) and

‘Not a birth defect’ to categorize ICD-10-CM codes that do not fall within congenital
malformations, deformations, and chromosomal abnormalities (e.g., P91.6, Hypoxic
ischemic encephalopathy). The lookup table was developed based on guidelines from the
National Birth Defects Prevention Network (NBDPN), MACDP, European Surveillance of
Congenital Anomalies (EUROCAT), and clinical subject matter expertise (SME) on birth
defects for the purposes of SET-NET surveillance, with some variations given differences in
surveillance system methodology.

Some defects were categorized as “Not a birth defect of interest” for SET-NET purposes but
may be considered relevant in other birth defects surveillance systems that collect additional
information. For example, SET-NET excludes all ICD-10-CM codes for undescended
testicles, whereas MACDP would include for instances where surgical intervention was
required. Conversely, some codes were included for SET-NET purposes regardless of
supporting evidence but would only be collected in other systems if supporting data were
also present (e.g., ICD-10-CM code Q70.3 for webbed toes is included in SET-NET;
however, MACDP does not include webbing between the second and third toes).

Clean free text descriptions of birth defects

For data that did not match an ICD-10-CM Q code in the lookup table, we first cleaned the
free text fields in Python by removing any special characters, setting text strings to lower
case, and separating text string in camel case (e.g., “HeartDisease”). This allowed us to
match the format of the lookup table’s descriptions of birth defects.
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Categorize birth defects using keyword searches of free text

We then searched for ICD-10-CM codes that did not fall within congenital malformations,
deformations and chromosomal abnormalities by identifying text beginning with a letter
other than “Q” and followed by any number and categorized them as ‘Not a birth defect’.
For the remaining unmatched observations, we used keyword searches for common birth
defect descriptions, such as “cleft lip and palate” and “atrioventricular septal defect” to
assign appropriate ICD-10-CM Q codes.

Categorize birth defects using fuzzy matching

For the remaining observations yet to be categorized, we determined how similar the text
was to the ICD-10-CM Q code description using the Levenshtein distance (i.e., fuzzy string
matching), and computed a match score, with 100% indicating an exact match. Our clinical
SME reviewed these matches and set a match score cut-off of 90% or above to indicate a
true match as matches below this cut-off resulted in inaccuracies in our dataset. It’s possible
that the ideal cut-off may vary depending on the quality of other datasets. Fuzzy string
matching was employed using the FuzzyWuzzy module in Python (Cohen, 2020).

Categorize birth defects using natural language processing and machine learning

Results

For the remaining uncategorized text below the 90% cut-off, we employed NLP and ML.
Common stop words were removed. We compared three predictive models (Naive Bayes,
Multi-layer Perceptron [MLP] Classifier, and Random Forest) with no max features, using
all contiguous single, double, and triple words derived from the free text strings (known as
unigrams, bigrams, and trigrams), and we used five-fold cross validation on each model. The
three models were selected for their ease of implementation and variety in methods used for
prediction. Data were split into training (75%) and validation (25%) datasets. We measured
each model’s accuracy using the weighted average F1 score, which is a measure of model
performance that combines sensitivity (recall) and positive predictive value (precision)
weighted by the number of true cases in each birth defect category. Our clinical SME
reviewed the categorized cases in our test dataset to confirm the correct categories and
determine accuracy of the best-performing model on our validation dataset. All code was
developed in Python version 3.9.12 and has been published on Github (Centers for Disease
Control and Prevention, 2023b). The scikit-learn module was used for developing our
predictive models (Fabian Pedregosa, 2011).

As of June 2023, 8,326 distinct observations containing possible birth defects were
submitted to SET-NET from 26 jurisdictions (Figure 1). The majority (n=6,758 [81%])

were matched to an ICD-10-CM Q code and 1,568 (19%) did not match an ICD-10-CM Q
code in our lookup table. Through identification of ICD-10-CM non-Q codes (i.e., A00-P99
or R00-Z99) and keyword searches for common birth defect descriptions, we categorized
1,264 observations, and through fuzzy matching we categorized an additional 123. The MLP
Classifier model performed the best (weighted average F1 score=0.82) on our validation
dataset (Table 1); therefore, it was employed on our test dataset of the remaining 181
unmatched observations. Of these, our clinical SME determined that 144/181 (80%) were
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correctly categorized using the MLP Classifier model by comparing the model output to the
free text submitted by a jurisdiction. Twenty-six observations were incorrectly categorized
as “Not a birth defect of interest/Unable to categorize”. For seven of these 26 observations
the correct category should have been “Congenital malformations and deformations of

the musculoskeletal system” and for ten of these the correct category should have been
“Not a birth defect” (Supplementary Table). Without employing our analytic approaches of
keyword searches, fuzzy matching, NLP, and ML, manual clinician review would be needed
for 1,568 (19%) of our observations to identify and categorize possible birth defects.

Discussion

Manual review for classification of specific birth defects is resource and time intensive

to ensure accuracy of the surveillance data. Based on recent response efforts such as
COVID-19, surveillance platforms are needed that can quickly detect patterns of possible
birth defects for further investigation. Employing analytic methods including keyword
searches, fuzzy matching, NLP, and ML enabled us to quickly and accurately categorize
99.6% of our data into birth detects categories, which allowed for more efficient use of
our clinician’s time. Without the use of our analytic methods, 1,568 (19%) of observations
containing possible birth defects would be uncategorized and would require time-intensive
manual review. Synthesized and categorized birth defect data from SET-NET can be used
to identify potential patterns that may indicate a need for further investigation into the
implications of COVID-19, hepatitis C, or syphilis infection during pregnancy. Analytic
methods that can quickly sift through data to find sentinel events such as birth defects

are important, as they may highlight a need for rapid public health action, particularly for
public health responses with little data on the impact of a pathogen on maternal and child
health, such as COVID-19 (Neelam et al., 2023). These methods have been fine-tuned and
used on data submitted to SET-NET on a quarterly basis. Model performance has remained
consistent across data submissions.

There are two primary limitations to consider in the context of this analysis. First, the
reliance on solely ICD codes for birth defects surveillance can result in potential under-
ascertainment of birth defects, reporting errors, and failure to identify some birth defects
with high accuracy (Salemi et al., 2018). For example, Salemi and colleagues reported that
almost half of reduction deformities of the lower limb were false positives in a passive
surveillance system using ICD-9-CM and ICD-10-CM diagnosis codes without medical
record review (Salemi et al., 2016). While SET-NET data sources include medical records
and birth defects registries, these may be inconsistent across the jurisdictions. SET-NET is
meant to rapidly detect patterns, and validation of findings of concern should be performed
through more consistent and rigorous birth defects surveillance. Second, due to the large
spectrum of birth defects, we trained our model to predict broad categories, including
ICD-10-CM organ system level groupings (e.g., congenital malformations of the nervous
system), which do not include the ICD-10-CM Q code for the specific birth defect reported.
However, through the first two steps in our automated approach (keyword searches and
fuzzy matching), we were able to identify the specific ICD-10-CM code for 69% of the 585
reported birth defects, streamlining manual review by clinicians. Therefore, our predictive
model was needed for less than a third of our observations.
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By implementing several automated processes, we rapidly synthesized and categorized
possible birth defects in infants prenatally exposed to COVID-19, hepatitis C, and syphilis.
These methods allow for detection of patterns of possible birth defects, whereas additional
studies may elucidate potential causal relationships between exposures to pathogens during
pregnancy and adverse pregnancy outcomes. There is a push for health departments to
leverage interoperable standards from electronic health records that can increase timeliness
of case reporting. Aspects of our approach could be layered with others for timely case
reporting or could help with preliminary case categorization prior to extensive clinical
review (Public Health Informatics Institute). The analytic methods used in this study are
available on GitHub and could be adapted for other large surveillance datasets to synthesize
and categorize birth defect data for identifying potential patterns of concern, which could
expand public health research and action (Centers for Disease Control and Prevention,
2023b).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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8,326 distinct observations containing possible birth defects
submitted to Surveillance for Emerging Threats to Pregnant
People and Infants Network by June 2023

v v

1,568 (19%) unmatched to an International 6,758 matched to an ICD-10-CM Q
Classification of Diseases, 10t Revision, Clinical code
Modification (ICD-10-CM) Q00-Q99 (Q) code

l ,, I .

304 possible birth 281 categorized via 983 submitted as ICD-
defects yet to be keyword searches for 10-CM non-Q (A00-P99
categorized common birth defects or R00-299) code B e \
I | Fuzzy matching i
I H '
! l | |
___________________________ '
181 with birth defect free 123 categorized via
text below the 90% cutoff fuzzy matching
T '
! ! Multilayer Perceptron H
'
l l H classification '
'
___________________________ '
144 categorized to an 37 categorized to an
accurate categorv* inaccurate category'
Figure 1.

Categorization process of distinct observations containing possible birth defects,
Surveillance for Emerging Threats to Pregnant People and Infants Network (SET-NET),
June 2023

TCategories include ICD-10-CM congenital malformations, deformations and chromosomal
abnormalities’ organ system level categories in addition to two created categories, ‘Not a
birth defect of interest/unable to categorize’ and ‘Not a birth defect’.
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