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E very year, more than half a million US babies (~1 in 10) are 

born prematurely,1,2 incurring annual societal costs of more 

than $26 billion.3 Preterm birth (PTB), specifically early 

PTB (<35 weeks gestational age [GA]), is associated with lifelong 

medical and developmental comorbidities.4 US PTB rates decreased 

slightly from 2007 to 2013, then increased from 2014 to 2016. African 

Americans, Latinos, and socioeconomically disadvantaged popula-

tions are disproportionately affected.5

Population-level surveillance and interventions are needed 

to substantially curb PTB rates. Timely prediction of PTB could 

support scalable population-level interventions in large health 

systems and managed care or accountable care organizations. 

Published PTB prediction models, however, fail to leverage scalable 

data sources such as claims or publicly available community-level 

data sets. Current approaches to PTB prediction rely heavily on 

low-scale interventions during office visits, including clinical risk 

assessment of prior PTB, maternal age, pregnancy complications, 

and other obstetric history.6 Nontraditional risk factors, including 

educational achievement, body mass index, socioeconomic status, 

and mental and behavioral factors, are also known predictors7-11 but 

are not well codified for routine incorporation into PTB prediction. 

Maternal stress, for instance, is associated with approximately 

60% of PTBs, predominantly in socioeconomically disadvantaged 

populations,12 but not routinely screened for. Many published PTB 

prediction models also rely on scarcely available biological data 

(eg, biomarkers, sonography).13-16

Although most PTBs occur among women with no history of 

PTB (including primigravid patients), published models fail to 

predict PTB in this subpopulation.17-19 Most models also do not 

report prospective or external validation, nor the timing of risk 

prediction, to gauge generalizability and clinical usefulness. In 

a systematic review by Meertens et al,17 none of the published 

PTB prediction models were accurate upon external validation. 

Similarly, Leneuve-Dorilas et al19 reported insufficient sensitivity 

for PTB prediction in external validation.

We therefore sought to build and prospectively validate a novel 

prediction model incorporating socioeconomic, clinical, and 
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ABSTRACT

OBJECTIVES: To develop and prospectively validate a 
novel model incorporating claims and community-level 
socioeconomic data to predict preterm birth at scale among 
pregnant Medicaid women with no history of preterm 
birth (PTB).

STUDY DESIGN: A longitudinal Texas Medicaid cohort 
study, with 2-year retrospective model building (October 
2015-October 2017) and a 1-year prospective model 
validation phase (January 2018-December 2018).

METHODS: Inclusion criteria were females aged 11 to 
55 years with at least 1 live singleton birth and no history of 
PTB. The primary outcome was live singleton birth earlier 
than 35 weeks. Covariates were medical/mental/behavioral 
comorbidities, obstetric history, sociodemographic 
characteristics, and health services utilization. Of multiple 
models built, the most parsimonious was selected to classify 
pregnancies as very high, high, medium, and low risk. Model 
performance was evaluated using positive predictive value 
(PPV), sensitivity, case identification ratio (1 / PPV), and 
timing of prediction.

RESULTS: The model was built on 6689 pregnancies 
and validated on 7855 pregnancies. PTB rate earlier 
than 35 weeks was approximately 3.3%. Significant risk 
predictors included prenatal visit attendance, insurance 
gap days, and medical/obstetrical comorbidities. Model PPV 
was approximately 4-fold higher for very high-risk women 
(14.7%) vs cohort (3.3%) and so was the case identification 
ratio (1:7 vs 1:30, respectively). Sensitivity was good, with 
57% of PTBs classified as medium risk or higher. Timing 
of prediction was clinically relevant, with more than 80% of 
PTBs risk stratified before 24 weeks.

CONCLUSIONS: We report a novel PTB prediction model 
among pregnant Medicaid women without PTB history, which is 
timely, accurate, practical, and scalable. We leverage Medicaid 
and community data readily accessible by Medicaid plans to 
support population-level interventions to prevent PTBs.
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health services utilization variables from 

large-scale data sets to predict PTB (<35 weeks) 

among pregnant women with no history of PTB, 

including primigravid women. We combined 

claims, membership, and readily available 

community data sets for a large Texas Medicaid 

population to develop a comprehensive set of 

clinical and community-level socioeconomic 

variables for PTB risk prediction.

METHODS 
Study Design

This was a longitudinal cohort study of pregnant 

women members of the Parkland Community 

Health Plan (PCHP), a large, provider-owned 

Medicaid health maintenance organization 

in north Texas.

The study was conducted in 2 phases: a 2-year 

retrospective model building phase (October 

2015-September 2017) (Figure 1) and a 1-year 

prospective model validation phase (January 

2018-December 2018).

Cohort selection (Figure 1). Inclusion criteria 

were females aged 11 to 55 years with at least 

1 live singleton birth documented in the PCHP 

claims data set during the designated study 

period. Exclusion criteria were (1) history 

of preterm labor or birth, (2) diagnosis of 

pregnancy-induced hypertension during 

the index pregnancy, (3) ongoing treatment 

with 17-alphahydroxyprogesterone or vaginal 

progesterone, and (4) documentation of cerclage 

during the index pregnancy.

Data sources were PCHP medical and phar-

macy claims, membership and eligibility data 

sets, and the 2010 US Census data.20

Key Variables Definition 

Live singleton birth was defined by appropriate 

International Classification of Diseases, Ninth 

Revision (ICD-9) and Tenth Revision (ICD-10) 

codes (eAppendix [available at ajmc.com]) 

as documented in the PCHP claims data sets.

Index pregnancy was defined as the preg-

nancy for which a prediction was performed.

GA was defined as the number of completed 

weeks during pregnancy. GA at delivery was 

the number of completed weeks of gestation 

as defined by the delivery ICD-9/ICD-10 code. 

Where the delivery ICD-9/ICD-10 code had a 

precise number of completed weeks of gestation, 

TAKEAWAY POINTS

A model is developed that accurately predicts preterm birth (PTB) among pregnant women in 
Medicaid without PTB history, to guide preventive interventions at scale.

 › PTB is costly, and prediction is needed for preventive interventions among pregnant women 
without PTB history, representing approximately three-fourths of all PTBs.

 › Published PTB prediction models fail to leverage readily available, scalable Medicaid and 
community data sets.

 › A prediction model is developed and prospectively validated that incorporates socioeconomic 
and clinical data to accurately predict PTB at scale among pregnant women in Medicaid 
without PTB history.

 › The model is accurate, timely, practical, and replicable at Medicaid managed care organiza-
tions for PTB risk–mitigating interventions at scale.

Use of 17-alphahydroxyprogesterone/
vaginal progesterone,c or had cervical 

cerclaged during index pregnancy

247 (9.72%b)

Eligible singleton delivery cohort

10,838 (3.58%b)

10,591 (3.44%b)

9512 (3.15%b)

Pregnant women with no known 
traditional risk factors for preterm birth

9261f (3.02%b)

Have history of preterm birth 
or preterm labore

1079 (5.93%b)

Have diagnosis of pregnancy-induced 
hypertensiond during index pregnancy

251 (7.97%b)

Test set

30%; 2735 (3.07%b)

Training set

70%; 6526 (3.00%b)

FIGURE 1. Retrospective Cohort Selectiona

CPT, Current Procedural Terminology; ICD-9, International Classification of Diseases, Ninth Revision; ICD-10, 
ICD, Tenth Revision; PCHP, Parkland Community Health Plan; PTB, preterm birth.
aThe retrospective cohort was selected by eliminating pregnancies with traditional PTB risk factors or on-
going PTB prevention treatment. The final cohort included only pregnant women with no known traditional 
PTB risk factor and no ongoing treatment for PTB prevention at the time of prediction.
bThe number in parentheses is the PTB rate earlier than 35 weeks’ gestational age for the cohort subset.
cUse of 17-alphahydroxyprogesterone and vaginal progesterone are defined as any filled prescription for 
17-alphahydroxyprogesterone or vaginal progesterone as recorded in the PCHP pharmacy claims during 
the index pregnancy.
dCervical cerclage and pregnancy-induced hypertension are defined by appropriate CPT and ICD-9/ICD-10 
codes as recorded in the PCHP medical claims during the index pregnancy. (See eAppendix for CPT and 
ICD codes details.)
eHistory of preterm labor or delivery is defined by appropriate ICD-9/ICD-10 codes as recorded in the 
PCHP medical claims during a previous pregnancy. (See eAppendix for CPT and ICD codes details.)
fThe modeling sample of 9261 pregnancies includes duplicate pregnancies due to repeated sampling at 
different time periods, for a total of 6689 unique pregnancies.
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the precise number was used. Where the delivery ICD-9/ICD-10 

code was a range of weeks, the median number of weeks was used. 

For example, for ICD-10 code P07.35 (32 completed weeks), the GA 

is 32 weeks; for ICD-9 code 765.26 (31-32 completed weeks), the GA 

is 31.5 weeks.

Presumed pregnancy start date was calculated retrospectively 

for every pregnancy by multiplying GA at delivery (in weeks) by 

7 to approximate the number of gestational days, then subtracting 

the latter number from the delivery date to obtain the presumed 

pregnancy start date. For instance, a delivery on September 1, 2018, 

with ICD-10 code P07.35 (32 completed weeks) corresponded to 

224 (32 × 7) gestational days, therefore the presumed pregnancy 

start date was January 20, 2018.

Primary Outcome

The primary outcome variable was PTB, defined as any live singleton 

birth with less than 35 completed weeks of gestation.

Predictors and Covariates

Obstetric history. Obstetric diagnoses and procedures during index 

and past pregnancies were identified using appropriate ICD-9/

ICD-10 and Current Procedural Terminology (CPT) codes (eAppendix). 

Medication use during index and past pregnancies was derived by 

searching all or parts of medication names in the pharmacy claims 

data sets, then manually curating the search results to include only 

the desired medications.

Health services utilization. Outpatient visits and hospital 

admissions were identified by appropriate CPT codes (eAppendix). 

Prenatal visits were identified using Healthcare Effectiveness Data 

and Information Set criteria.21

Sociodemographic. Home address zip code was defined as the 

zip code of the patient’s last home address recorded in the PCHP 

eligibility data set during the study period. For every patient, the 

number of distinct home addresses in the 12 months preceding 

prediction was computed as an indicator of housing instability.22,23 

Socioeconomic variables from the 2010 US Census database24 were 

aggregated at the zip code level and assigned to each patient’s 

home address zip code. The zip code–level mean income ratio was 

calculated by dividing zip code–level mean income (2010 Census24) 

by $38,000, a reference value representing the upper limit of income 

for low-income families in the Dallas–Fort Worth area.25 Insurance 

gap days were calculated from the PCHP membership data set as the 

number of days without insurance coverage during the 12 months 

preceding the time of prediction.

Modeling Approach

In the retrospective phase, multiple prediction models were 

built to predict PTB risk within 6 months of prediction and their 

accuracy evaluated.

Three cohorts of eligible pregnant women were sampled at 

3 distinct time periods (October 2016, January 2017, and April 2017), 

spanning multiple seasons to account for seasonality in PTB risk.26,27 

For each pregnancy, a 12-month retrospective look-back period 

was scanned to determine the presumed pregnancy start date and 

collect data on candidate predictor variables. A 6-month look-ahead 

period was used for prediction. Some pregnancies were sampled 

more than once at different time periods.

Model Building and Testing

The modeling cohort (Figure 1) was split in a 70:30 ratio into training 

and test data sets. Resampling techniques were applied to balance the 

PTB prevalence rate in the 5% to 20% range in the training data set.

Using published literature and clinical expertise, 52 candidate 

predictors were preselected, including medical, mental, and behav-

ioral comorbidities; obstetric history; current pregnancy-related 

diagnoses; socioeconomic indicators; demographic characteristics; 

medication use; and health services utilization (eAppendix Table 1). 

Additionally, patterns of variable missingness were assessed for 

inclusion into the model.

Modeling approaches. In univariable analysis, 26 predic-

tors significantly associated with PTB (P < .05) were entered for 

multivariable model selection. Variables with P values less than 

.2 or that contributed to model performance were retained in the 

multivariable model. Logistic regression, multivariate adaptive 

regression spline, random forest, XGBoost, and neural networks 

were used for multivariable modeling. Models were evaluated 

using statistical measures of performance, including the receiver 

operating characteristic (ROC) area under the curve (AUC), precision-

recall (PR) AUC, model parsimony, and model explanation. The 

most parsimonious model with the highest ROC-AUC and PR-AUC 

was selected, with a preference for explanatory models vs “black 

box” models, as the former provide meaningful insights to guide 

clinical interventions.

PTB risk categories. The selected model was applied to the 

test dataset to predict PTB risk for each pregnancy. The risk prob-

abilities generated were grouped into categories: very high risk, 

defined as risk scores between the 97.5th and the 100th percentile; 

high risk, 90th to less than the 97.5th percentile; medium risk, 

80th to less than the 90th percentile; and low risk, less than the 

80th percentile. Clinically relevant model performance metrics 

were calculated for each risk category, including the positive 

predictive value (PPV), sensitivity, and case identification ratio, 

calculated as 1 divided by the PPV and representing the number 

of pregnant women who would need to be screened to identify 

1 with true PTB risk. Risk categorization and clinical model perfor-

mance metrics are more intuitive than statistical performance 

metrics for seamless integration into clinical and population  

health workflows.

Prospective Model Validation

From January to December 2018, the selected model was applied 

prospectively every month to eligible pregnancies (ie, validation 

cohort) and each pregnancy was assigned a risk category. For the 

purpose of this analysis, pregnancies were assigned the highest risk 
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level predicted during the pregnancy. Prospective PPV, sensitivity, 

and case identification ratio were calculated for each risk category.

For each pregnancy, timing of first risk prediction was assessed to 

determine if prediction occurred before 20 or before 24 weeks GA, 2 

time frames relevant for timely clinical interventions and representing 

thresholds for guideline-recommended 17-alphahydroxyprogesterone 

administration and the fetal viability cutoff, respectively.6,28,29

This study was approved by the University of Texas Southwestern 

Institutional Review Board.

RESULTS 
About 3 in 4 (74%; 262/354) PTBs occurred among pregnant women 

with no PTB history, pregnancy-induced hypertension, or ongoing 

treatment with progesterone or cerclage. Table 125 summarizes 

the study population characteristics. The PTB rate was 3.29% 

in the retrospective cohort (ie, test data set) and 3.34% in the 

validation cohort. Most pregnant women were Hispanic or “other” 

race/ethnicity. The mean maternal age at preterm delivery was 

27.1 years in the validation cohort. Median GA at preterm delivery 

was 31 completed weeks.

Model Selection and Components 

Of 6689 unique pregnancies, 9261 samplings were made and 

randomly assigned, in a 70:30 ratio, to the training (6526) and test 

(2735) data sets. The PTB rate was comparable in both data sets, at 

approximately 3.3% (Figure 1).

Eight models were built and the most parsimonious with the 

highest ROC-AUC (0.679) and PR-AUC (0.064) was selected (see 

eAppendix Table 2 for performance of all 8 models). The selected 

model was an explanatory multivariable logistic regression model 

developed using a bidirectional stepwise approach, retaining 

variables with a P value less than .2. Retained variables ranged 

from medical comorbidities and pregnancy-related conditions to 

prenatal care attendance and zip code–level median income ratio 

(Table 225). Prenatal visit attendance, number of home addresses in 

the past 12 months, and zip code median income were protective 

factors, with regression coefficients of –0.06, –0.35, and –0.13, 

respectively. The strongest risk factor was history of gestational 

diabetes during current or prior pregnancies, with a regression 

coefficient of 1.57. Other risk factors included number of insur-

ance gap days (regression coefficient, 0.94), threatened abortion 

(regression coefficient, 0.91), missing obstetric history (regression 

coefficient, 0.38), and number of inpatient admissions (regression 

coefficient, 0.10). Although zip code–level median income was not 

significantly associated with PTB (P = .37), it was retained because 

it improved model performance.

Prospective Model Performance Validation

Prospective model PPV was 4-fold higher among very high- 

risk patients vs the entire cohort (14.7% vs 3.3%, respectively) 

(Figure 2 [A]), translating into a case identification ratio of 1:7 

TABLE 1. Study Population Characteristics25

Characteristics
Retrospective 

cohort

Prospective/
validation 

cohort

Number of unique pregnancies 6689 7855 

Preterm birth rate  
(< 35 weeks GA), n (%)

220 (3.29%) 262 (3.34%)

Maternal age at preterm delivery  
in years

25.45 27.08

Mean GA at preterm delivery in weeks 30.97 31.29

Race/ethnicity, %

African American 0.76% 0.31%

White non-Hispanic 0.30% 0.1%

Hispanic 43.80% 46.02%

Asian or Pacific Islander 3.27% 2.69%

Other 51.59% 50.59%

Gestational diabetes during 
index pregnancy, n (%)

83 (1.24%) 124 (1.58%)

Threatened abortion during 
index pregnancy, n (%)

679 (10.15%) 859 (10.94%)

Mean number of addresses  
over the past 12 months

1.23 1.27

Zip code mean income ratioa 1.61 1.62

Mean number of inpatient admissions 
during index pregnancy

0.19 0.28

Mean number of prenatal/outpatient 
visits during index pregnancy

3.68 4.2

Mean number of “insurance gap” 
days in the past 12 months

267.18 293.46

GA, gestational age.
aZip code mean income ratio was calculated as the ratio of the mean income 
for the patient’s home address zip code to the income threshold for low-
income households in Dallas–Fort Worth ($38,000).25

TABLE 2. Summary of Predictor Variables Retained in the Selected Model25

Feature Coefficient Pa

History of gestational diabetes 1.5726 .0060

Insurance gap days in past year 0.9355 .0384

Threatened abortion during index pregnancy 0.9091 .0002

Missing obstetric history 0.3843 .0545

Number of addresses in past year –0.3492 .1019

Zip code mean income ratiob –0.1285 .3716

Number of inpatient visits during index pregnancy 0.1014 .0962

Number of prenatal and/or outpatient visits  
during index pregnancy

–0.0640 .0319

aModel retention threshold was P < .2.
bZip code mean income ratio was calculated as the ratio of the mean income 
for the patient’s home address zip code to the income threshold for low-
income households in Dallas–Fort Worth ($38,000).25
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vs 1:30, respectively. The case identification 

ratio was 1:19 among high-risk patients, then 

substantially dropped among medium- and low-

risk patients. Prospective model sensitivity was 

fair (Figure 2 [B]), with 42% of PTBs predicted 

as very high or high risk and a majority of 

pregnancies (57%) predicted as very high, high, 

or medium risk during pregnancy.

Timing of Pregnancy Risk 
Stratification

More than 80% of pregnancies with PTBs were 

first risk stratified before 24 weeks GA and 62% 

before 20 weeks GA (data not shown), a relevant 

timeliness for clinical interventions.

DISCUSSION 
We report a prospectively validated prediction 

model that uniquely incorporates scalable data 

sources, such as claims and readily available 

socioeconomic data, to predict PTB (< 35 weeks) 

at scale among pregnant women with no history 

of PTB. PTB rates before 35 weeks in our cohorts 

are comparable with nationally reported rates.3 

Preventing PTB among women with no history 

of PTB is crucial, as they represent 3 in 4 PTBs 

in our cohorts. Socioeconomic indicators are 

incorporated alongside clinical risk factors 

to create a holistic PTB risk profile for each 

woman. Prenatal visit attendance, gaps in 

insurance coverage, zip code–level income, 

home address changes, threatened abortion, 

and history of gestational diabetes are identified 

as independent predictors. Clinically relevant 

model performance metrics such as PPV and 

sensitivity are good. By quantifying the effect 

of known and novel clinical and social risk 

factors within the context of each other, our 

model provides an opportunity for personalized 

PTB prevention interventions.

Strengths and Limitations

Our model is unique in that we use scalable data 

sources, such as claims and readily available 

community-level socioeconomic data, to provide 

timely and accurate PTB risk prediction among 

women with no history of PTB, accounting for 

socioeconomic context. This new model could 

be implemented seamlessly by payers and 

capitated health systems to support scalable 

and targeted, risk-tailored PTB prevention.

FIGURE 2. Prospective Validation of Model Positive Predictive Value and Sensitivity  
by Risk Category

GA, gestational age; PTB, preterm birth.
aThe model positive predictive value was calculated prospectively in the validation cohort for each PTB 
risk category. n is the number of pregnancies in the risk category.
bPercentages were calculated as the number of PTBs before 35 weeks GA in each risk category divided 
by the total number of PTBs before 35 weeks GA in the entire validation cohort. All percentages add up 
to 100%.
cThe model sensitivity was calculated prospectively in the validation cohort for each PTB risk category. The 
n is the number of PTBs before 35 weeks GA in each risk category.

A. Model Positive Predictive Value by Risk Category in the Prospective Validation Cohorta

B. Model Sensitivity by Risk Category in the Prospective Validation Cohortb,c
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Our model’s high PPV among very high- and high-risk pregnan-

cies translates into higher efficiency of at-risk case identification. 

For instance, using our risk model, an intervention targeting the 

very high-risk group would need to be applied to only 7 pregnant 

women for a chance to prevent 1 PTB (vs 30, if the model is not used), 

a 4-fold increase in case identification efficiency.

Actionable socioeconomic and clinical risk factors are quantified 

in the context of each other. For instance, the effect of prenatal 

care, a well-known protective factor for birth outcomes,30 is 

quantified by our model within the context of other risk factors. 

This provides an opportunity for personalized interventions to 

eliminate barriers to prenatal care, including risk-driven prioritized 

scheduling, visit reminders, and transportation assistance. Our 

prediction model also focuses on a subpopulation of pregnant 

women for whom accurate PTB risk prediction has traditionally 

been elusive: women with no PTB history, including primigravid 

women.31 Most published risk prediction models fail to accurately 

predict PTB risk among primigravid women.17-19,32 Many studies 

also fail to incorporate socioeconomic indicators into PTB risk 

prediction, despite their importance as illustrated by Esplin et al,12 

who identified a distinct phenotype of PTB risk labeled “maternal 

stress”; for these women, predominant PTB risk factors were low 

socioeconomic status and mental/behavioral health conditions. 

Witt and colleagues also reported a 4-fold increase in PTB among 

women exposed to stress.10,11 The predominance of socioeconomic 

risk factors in this large subpopulation of pregnant women might 

partly explain the poor success of PTB prevention programs 

primarily focused on clinical interventions. Our model provides 

insights into the contribution of socioeconomic indicators (eg, 

zip code–level median income, insurance gap days, housing 

instability) to PTB risk, independent of clinical risk. We report that 

zip code–level median income is inversely associated with PTB 

risk, consistent with the findings of previous studies reporting 

an association between neighborhood socioeconomic conditions 

and health outcomes.33 Identifying high-risk zip codes could guide 

geographical targeting for population-level interventions. In our 

study, housing instability, operationalized as home address changes 

within the preceding 12 months, is unexpectedly protective of 

PTB risk. Published studies identify housing instability as a risk 

factor for poor health outcomes, including low birth weight.34-36 It 

is possible that, in our study population, home address change is 

a marker of protective health behaviors, such as women moving 

into a new home during pregnancy to accommodate a growing 

family or to get closer to a support network prior to delivery. By 

incorporating socioeconomic indicators into PTB risk prediction, 

our model could guide targeted preventive interventions addressing 

social needs alongside clinical needs for at-risk pregnant women. 

Such a hybrid approach might be more optimal in preventing PTB 

among pregnant women with a predominance of socioeconomic 

risk factors through universal screening for social risk (eg, food 

insecurity, housing and transportation needs) and timely linkage 

to community resources.

Although not retained in the model, substance use was docu-

mented in 9.3% of study participants and associated with a PTB 

rate of 5.77% (vs 3.03% for no substance use; data not shown). 

With approximately 1 in 10 pregnant women affected and a 2-fold 

increase in PTB risk, universal substance use screening in early 

pregnancy, referrals for evidence-based treatment, and continuous 

monitoring throughout pregnancy should be considered in PTB 

prevention programs.

This study has several limitations. Claims data are typically associ-

ated with a lag time of 1 to 3 months,37 which might compromise 

risk prediction timeliness. Moreover, claims data completeness 

might be affected by inaccurate provider reporting, gaps in insur-

ance coverage, or the nature of data reported. For instance, the 

impact of prepregnancy maternal weight on PTB risk could not 

be accurately assessed because body mass index is not routinely 

reported in claims data.38 Additionally, race and ethnicity were 

poorly reported in our claims data set, with high numbers of 

patients classified as “other” race/ethnicity whereas very few were 

positively identified as Black/African American. Moreover, mental 

and behavioral health data were missing in many patients due to 

the segregation of mental/behavioral claims data from medical 

claims data.39 Abortion history, also, was underreported, with only 

1.1% of the cohort affected (vs 19% in published studies40), likely 

due to inadequate documentation, abortion occurring outside of 

Medicaid enrollment periods, or alternative payment methods 

with no associated claims. Abortion history underreporting likely 

affected our model’s ability to identify some high-risk pregnancies, 

which could delay implementation of guideline-recommended 

routine cervical length screening41 and preventive cerclage, leading 

to missed opportunities for PTB prevention.

These data shortcomings could be addressed through improved 

claims data collection/reporting, access to electronic health records, 

and focused patient surveys, which would enhance the capacity for 

early identification of high-risk pregnancies and timely initiation 

of appropriate risk-tailored interventions using high-throughput 

population surveillance tools such as our model.

CONCLUSIONS
This study addresses an important gap in the literature by describing 

a new PTB prediction model targeting pregnant women in Medicaid 

without PTB history, including primigravid women, and incorporating 

both social and clinical risk into PTB risk prediction. This study also 

demonstrates how to leverage scalable Medicaid and neighborhood 

socioeconomic data sets, readily accessible to Medicaid managed 

care organizations, for PTB risk prediction. We quantify the effect 

of actionable socioeconomic and clinical factors to guide interven-

tions tailored to each patient’s unique risk profile and adaptive 

to changing risk. Our model can be used by Medicaid managed 

care organizations and health systems to drive population-level 

interventions addressing clinical and social risk to curb PTB rates 

and costs at scale. n
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eAppendix. Variables Definition by International Classification of Disease Ninth and Tenth 

Revisions (ICD-9; ICD-10), and Current Procedural Terminology (CPT) Codes 

1. Singleton Delivery: 
•  ICD-9 codes: 765.0, 765.00 - 765.09, 765.1, 765.10 - 765.19, 765.2, 765.20 - 765.29;  
• ICD-10 codes: P07.00, P07.01 - P07.03, P07.10, P07.14 - P07.18, P07.20 -P07.26, 

P07.30 - P07.39, Z38.00, Z38.01, Z38.1, Z38.2; 
2. Cervical Cerclage: 
•  ICD-9 codes: 67.5, 67.51, 67.59;  
•  ICD-10 codes: 0UVC0CZ, 0UVC0DZ, 0UVC0ZZ, 0UVC3CZ, 0UVC3ZZ, 0UVC4CZ, 

0UVC4ZZ, 0UVC3DZ, 0UVC4DZ, 0UVC7DZ, 0UVC7ZZ, 0UVC8DZ, 0UVC8ZZ; 
•  CPT code: 59320;  
3. Preterm Birth or Labor – defined by mothers’ and/or babies’ diagnosis and/or procedure 

codes as follows: 
a)  Mothers’ diagnoses codes 
•  ICD-9 codes: V13.21, V23.41, 644.0, 644.00, 644.03, 644.2, 644.20, 644.21;  
• ICD-10 codes: Z87.51; O09.211- O09.213, O09.219, O60.00, O60.02, O60.03, 

O60.10X0 - O60.14X0; 
b) Babies’ diagnosis codes 
•  ICD-9 codes: 765.0, 765.00 - 765.09, 765.1, 765.10 - 765.19, 765.2, 765.20 - 765.29; 
•  ICD-10 codes: P07.00, P07.01 - P07.03, P07.10, P07.14 - P07.18, P07.20 -P07.26, 

P07.30 - P07.39; 
4. Pregnancy-induced hypertension:  
•  ICD-9 codes: 642.30 - 642.34, 642.40 - 642.44, 642.50 - 642.54, 642.60 - 642.64, 

642.70 - 642.74, 642.90 - 642.94, 760.0; 
•  ICD-10 codes: O11.1-O11.5, O11.9, O13, O13.1-O13.5, O13.9, O14.00-O14.05, 

O14.10-O14.15, O14.20-O14.25, O14.90-O14.95, O15.0, O15.02, O15.03, O15.1, 
O15.2, O15.9, O16.1-O16.5, O16.9, P00.0. 

5. Outpatient visits CPT codes 
• CPT codes: 99201-99205, 99211-99216, 99241-99245, 99341-99345, 99347-

99350, 99382-99386, 99392-99396, 99401-99404, 99411-99412, 99420, 99429;  
6. Inpatient admissions CPT codes 

• CPT codes: 99217-99223, 99231-99236, 99238-99239, 99251-99255, 99291-
99292; 

 

  



eAppendix Table 1. Candidate Predictor Variables. 

 

Category Candidate Predictor Variables 
  

Social and Demographic 

Age, Home Address Zip-Code-Level Mean 

Income, Housing Instability, Nutritional 

Status, Insurance Gap in Past 12 Months 

Behavioral 
Smoking, Alcohol Use, Substance Use, Mental 

Health Diagnosis 

Health Service Utilization 

Number of 

Prenatal/Outpatient/Inpatient/Emergency 

Department Visit During Current Pregnancy 

Medical Comorbidity 
History of Hypertension, History of Diabetes, 

HIV, Sexually Transmitted Infection 

Past and Recent Obstetric History 

Gestational Diabetes in Index or Previous 

Pregnancies, Pregnancy-Induced Hypertension 

in Previous Pregnancies, Cervical 

Incompetence in Previous Pregnancies, 

Abortion in Previous Pregnancies, 17OH 

Progesterone Use in Previous Pregnancies, 

Threatened Abortion during Index Pregnancy 

Missing Value Whether a variable data is missing 

 

 

  



eAppendix Table 2. Performance of Candidate Models Versus the Selected Model in The 

Training Dataset 

Model (n*) ROC† AUC‡ 
Precision-

Recall AUC‡ 

   

Logistic regression LASSO (15) 0.676 0.064 

XG Boosting (20) 0.665 0.059 

Random Forest (20) 0.648 0.050 

Neural Networks (15) 0.657 0.061 

Fix1 (0) – No Resampling 0.669 0.060 

Fix2 (15) 0.665 0.059 

Fix3 (15) - Selected 0.679 0.064 

Fix4 (15) 0.677 0.064 

• *n is the preterm birth rate in the test dataset after resampling; †ROC is the 

receiver operating characteristic curve; ‡AUC is the area under the curve. 
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