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ABSTRACT

Objective: The study sought to develop and apply a framework that uses a clinical phenotyping tool to assess

risk for recurrent preterm birth.

Materials and Methods: We extended an existing clinical phenotyping tool and applied a 4-step framework for

our retrospective cohort study. The study was based on data collected in the Genomic and Proteomic Network

for Preterm Birth Research Longitudinal Cohort Study (GPN-PBR LS). A total of 52 sociodemographic, clinical

and obstetric history-related risk factors were selected for the analysis. Spontaneous and indicated delivery sub-

types were analyzed both individually and in combination. Chi-square analysis and Kaplan-Meier estimate were

used for univariate analysis. A Cox proportional hazards model was used for multivariable analysis.

Results: : A total of 428 women with a history of spontaneous preterm birth qualified for our analysis. The pre-

dictors of preterm delivery used in multivariable model were maternal age, maternal race, household income,

marital status, previous caesarean section, number of previous deliveries, number of previous abortions, previ-

ous birth weight, cervical insufficiency, decidual hemorrhage, and placental dysfunction. The models stratified

by delivery subtype performed better than the naı̈ve model (concordance 0.76 for the spontaneous model, 0.87

for the indicated model, and 0.72 for the naı̈ve model).

Discussion: The proposed 4-step framework is effective to analyze risk factors for recurrent preterm birth in a

retrospective cohort and possesses practical features for future analyses with other data sources (eg, electronic

health record data).

Conclusions: We developed an analytical framework that utilizes a clinical phenotyping tool and performed a

survival analysis to analyze risk for recurrent preterm birth.
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INTRODUCTION

The World Health Organization defines preterm birth as delivery

before 37 weeks of gestation.1 Complications of preterm birth in-

clude higher risk for infection and noninfectious respiratory condi-

tions, neurodevelopmental disorders, and visual and cognitive

impairments.2,3 In 2020, complications of preterm birth were the

leading cause of death in children below 5 years of age.4 Quantify-

ing the risk for preterm birth can provide a framework to aid

physicians in selecting the best management plan for at-risk

patients.

Prior preterm deliveries represent on significant risk factor for

preterm delivery in future pregnancies.5–8 For patients at high recur-

rence risk for preterm birth, knowing if they are more likely to de-

liver early has clinical implications for interventions to prevent

preterm delivery, such as cervical cerclage,9–11 zinc supplementa-

tion,9 prophylactic tocolytics,12 or progesterone therapy.10,11,13

Many of these interventions, however, have severe adverse effects

and have been shown to be associated with neonatal complica-

tions.9,14 Therefore, a risk-benefit analysis of a given intervention is

an important consideration when choosing the most effective pre-

vention strategy for a particular patient.

The obstetric precursors for preterm birth can be divided into 2

major subtypes: (1) spontaneous preterm birth, which encompasses

both spontaneous labor with intact membranes and preterm prema-

ture rupture of membranes (PPROM); and (2) medically indicated

preterm birth due to fetal or maternal conditions.7,15 Although there

are some common risk factors for spontaneous and medically indi-

cated preterm birth, many risk factors are unique for a specific deliv-

ery subtype.15 Therefore, one model may not be sufficient to

effectively calculate risk scores for both spontaneous and indicated

preterm birth.

Risk score prediction for preterm birth is a largely unexplored

area, owing to the complex etiology of the outcome. Previous studies

primarily focused on modeling one or a few risk factors for preterm

birth risk assessment at a time.15–17 In real-world clinical setting,

however, patients often express a phenotype that is a combination

of many risk factors. As a result, the methods for calculating risk for

preterm delivery based on individual risk factors have had a poor

predictive value and low clinical utility.18,19 Several recent studies

employed multivariable analysis to explore the risk factors for pre-

term birth.20–23 As more data are published on individual predictors

of early delivery, more comprehensive analyses can be performed.

Such analyses are needed to adjust for confounders and to improve

the accuracy of predictions relevant to preterm birth and its compli-

cations so that their utility is high enough for use in clinical decision

support systems.

The objective of this study was to develop and apply a frame-

work that uses a clinical phenotyping tool to assess risk for recurrent

preterm birth. Our approach employs clinical phenotypes to com-

bine individual clinical risk factors and builds a multivariable model

incorporating previous obstetric history, sociodemographic factors,

and clinical risk factors for each delivery subtype, as well as for the

naı̈ve model.

MATERIALS AND METHODS

To efficiently apply the multivariable model developed in this

study on different datasets, we proposed a 4-step framework

that can be used by researchers to guide their analysis. Figure 1

provides the overview of the suggested methodology. The first

step of the framework is data collection, which is followed by a

feature extraction step, in which risk factors for preterm birth

are selected from a set of all patient characteristics. The third

step of the framework is phenotype mapping, in which clinical

risk factors are grouped into clinical phenotypes. The final step

is to perform statistical modeling. While the data collection step

is unique for each individual study, the feature extraction, clini-

cal phenotyping, and statistical modeling steps remain highly

conserved. Each step of the framework is described in detail in

the following sections.

Data collection
This is a retrospective cohort study based on data collected as a

part of the Genomic and Proteomic Network for Preterm Birth Re-

search Longitudinal Cohort (GPN-PBR LC) in 2009 to 2010.24,25

The GPN-PBR LC includes data collected at multiple times during

gestation, data collected at labor and delivery, and biospecimens

for 446 high-risk women. The setting and recruitment eligibility cri-

teria are described in detail elsewhere.26 In short, women with a his-

tory of spontaneous preterm birth and current singleton pregnancy

were recruited at the 3 GPN-PBR clinical sites at the University of

Alabama at Birmingham, University of Texas Medical Branch at

Galveston, and University of Utah during their routine prenatal vis-

its before 19 weeks of gestation. Exclusion criteria included mater-

nal uterine anomalies, planned cervical cerclage, multifetal

gestation, fetal aneuploidy or lethal fetal anomalies, polyhydram-

nios, inability to follow-up, and serious maternal conditions.26 Fol-

lowing the initial visit, the study participants had 2 follow-up visits

(one at 190/7–236/7 weeks and another one at 280/7–316/7 weeks of

gestation) and were subsequently admitted for delivery. In addition,

the hospital admission form was completed for each study partici-

pant in case of emergency hospital stay during the pregnancy. De-

mographic, socioeconomic, past medical history, obstetric history,

lifestyle, substance use, and current medication data were collected

from the participants via a survey during the enrollment visit. Expe-

rienced symptoms, newly identified conditions, pregnancy compli-

cations, and newly prescribed medications were recorded for each

participant during the follow-up visits. Maternal peripheral blood

samples were collected during all study visits, including admission

for delivery. Cervical length and cervical dilation measurements, as

well as sonographic parameters of the fetus, were recorded at 2

follow-up visits for most study participants. Psychosocial question-

naire assessing maternal stress, anxiety, and depression levels was

completed at the enrollment visit and during the admission for de-

livery.26

Estimated date of conception (EDC) was determined by the date

of last menstrual period (LMP) reported by the participant, and by

ultrasound. If EDC determined by LMP and ultrasound differed by

more than 1 week, the final EDC was the one estimated by ultra-

sound. Otherwise, participant-reported date of LMP was used as the

final EDC. Gestational age at delivery was reported as the number

of days since final EDC to delivery.26 We excluded from the analysis

the study participants who were lost to follow-up, had a miscar-

riage, or delivered a stillborn baby.

Data processing
Feature selection

To perform a comprehensive analysis of potential individual risk

factors of preterm birth, we conducted a literature review and con-

sulted a clinician specializing in the field of maternal fetal medicine
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(A.C.J.). The overarching list of risk factors considered for the anal-

ysis is presented in Table 1. Overall, we selected 52 risk factors that

can be divided into 3 major subgroups: clinical, sociodemographic,

and related to previous obstetric history. All sociodemographic risk

factors, preexisting chronic conditions, and previous pregnancy data

were extracted from the surveys filled at the enrollment visit. Partici-

pant’s complications during current pregnancy were obtained from

the forms completed at follow-up visits, emergency hospital encoun-

ters, and admission for delivery. To determine previous birth weight

for participants with multiple previous gestations, the most recent

gestation was used as a reference. Ultrasonographic and newly ad-

ministered medication reports were obtained from the respective

forms filled out at follow-up and hospital admission visits. There

were 4 delivery types assigned to participants by the GPN-PBR clini-

cians: (1) spontaneous; (2) spontaneous, augmented; (3) induced;

and (4) no labor (caesarean section). For our analysis, spontaneous

augmented deliveries were combined with spontaneous, and induced

were combined with no labor into the broader category of indicated

deliveries.15

Clinical phenotype mapping

To reduce the dimensionality of our data, we used the clinical phe-

notyping tool for spontaneous preterm birth35 that was adjusted by

a field specialist (A.C.J.) to incorporate additional clinical risk fac-

tors. The phenotyping tool maps the clinical features into 9 compre-

hensive phenotypes: (1) infection and inflammation, (2) decidual

hemorrhage, (3) cervical insufficiency, (4) uterine distension, (5) pla-

cental dysfunction, (6) PPROM, (7) family history, (8) maternal

comorbidities, and (9) maternal stress.35 A participant’s clinical

characteristics can provide possible, moderate, strong, or no evi-

dence for a particular phenotype (Table 1).35 The additional risk

factors incorporated into the original clinical phenotyping tool in-

cluded laboratory test results, complications during previous preg-

nancies, newly identified fetal anomalies, maternal chronic cardiac

conditions, maternal anemia during pregnancy, gestational hyper-

tension, severe preeclampsia, herpes simplex virus, and group B

Streptococcus in current gestation. Table 1 describes the correspond-

ing phenotype, and level of evidence for each risk factor that was

mapped to a clinical phenotype.

For cervical length and dilation measurements, ultrasound

reports before 28 weeks of gestation were reviewed for each partici-

pant. Cervical length <0.50 cm or cervical dilation >2 cm were con-

sidered indicative of strong evidence for cervical insufficiency,

cervical length between 0.50 and 1.50 cm corresponded to the mod-

erate level of evidence, cervical length between 1.50 and 2.50 cm

suggested possible evidence, and cervical length >2.50 cm together

with cervical dilation measurement of <2 cm indicated no evidence

for the phenotype. In case of funneling or hourglass membranes ob-

served together with a cervical length between 1.50 and 2.50 cm,

the level of evidence was raised from possible to moderate. Several

participants had a clinical diagnosis of short cervix, with ultrasound

Figure 1. An overview of the proposed analytical framework. PTB: preterm birth.
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Table 1. Risk factors for preterm birth

Risk factor Clinical phenotype Evidence level

Sociodemographic

Age27 NA NA

Maternal race15 NA NA

Paternal race28 NA NA

Maternal ethnicity29 NA NA

Paternal ethnicity28 NA NA

Education level30 NA NA

Household income31 NA NA

Employment status32,33 NA NA

Insurance status31 NA NA

Marital status30 NA NA

Body mass index15 NA NA

Clinical

Syphilis,34 hepatitis,35 gonorrhea,35 chlamydia,35

trichomonas,35 HSV,36 or GBS37 in current ges-

tation

Infection/inflammation Possible

Urinary tract infection or asymptomatic bacteri-

uria35

Infection/inflammation Possible

Kidney infection35 Infection/inflammation Possible

Pyelonephritis35 Infection/inflammation Possible

Chorioamnionitis35 Infection/inflammation Moderate

Vaginal bleeding35 Decidual hemorrhage Possible

Nonreassuring fetal heart tones, or fetal tachycar-

dia35

Decidual hemorrhage Moderate (when together with vaginal bleeding)

Placenta previa35 Decidual hemorrhage Possible

Abruption35 Decidual hemorrhage Moderate

History of cervical conization procedure35 Cervical insufficiency Possible

History of loop electro-excision procedure35 Cervical insufficiency Possible

Short cervix15 Cervical insufficiency None to strong depending on measures

Funneling or hourglass membranes35 Cervical insufficiency Moderate (when together with short cervix)

Uterine fibroids35 Uterine distension Possible

Low amniotic fluid index35 Placental dysfunction Moderate

Preeclampsia or eclampsia15 Placental dysfunction Moderate for mild, strong for severe preeclampsia

and eclampsia

Diabetes38 Maternal comorbidities Strong

Gestational diabetes in the current gestation39 Maternal comorbidities Moderate

Chronic hypertension40 Maternal comorbidities Strong

Cardiac,40a renal,35 autoimmune,41 pulmonary con-

dition,35 anemia,42a or history of seizures35

Maternal comorbidities Moderate

Family history43 Family history None to strong depending on the degree of relatives

and preterm delivery subtype

Stress, anxiety, or depression44 Maternal stress None to strong depending on survey responses

IUGR15a Placental dysfunction Moderate

Newly identified fetal anomalies45 Placental dysfunction Possible

Motor vehicle accident in current pregnancy35 Decidual hemorrhage Possible

Analytes

PAPP-A46,47a Placental dysfunction Possible when <0.52 MOM47

hCG48a Placental dysfunction Possible when >50 mIU/mL48

AFP49a Placental dysfunction Possible when >2.5 MOM50

uEstriol51a Placental dysfunction Possible when >2.6 ng52

Inhibin-A53a Placental dysfunction Possible when >2.25 MOM53

Obstetric history

Number of previous deliveries54 NA NA

Number of previous abortions55 NA NA

Time since the last pregnancy16 NA NA

Previous birth weight56 NA NA

Previous caesarean section57 NA NA

Previous preeclampsia or gestational

hypertension56a

Placental dysfunction Possible

IUGR in previous pregnancy58a Placental dysfunction Possible

(continued)
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measures showing no evidence for the phenotype. In such cases, par-

ticipants with the clinical diagnosis were assigned possible level of

evidence for cervical insufficiency. Cerclage placement provided

moderate evidence for the phenotype. In case different clinical char-

acteristics indicated different levels of evidence for the same partici-

pant, the highest level of evidence was assigned to the phenotype.

The level of evidence for the familiar history phenotype

depended on whether the relative with the history of preterm birth

was a first- or second-degree relative, and on their delivery subtype.

Having a first-degree relative with a history of spontaneous preterm

birth provided strong evidence for family history, history of indi-

cated preterm birth for a first-degree relative or spontaneous pre-

term birth for a second-degree relative was indicative of moderate

evidence, having a second-degree relative with a history of indicated

preterm delivery corresponded to a possible evidence for the pheno-

type, and having no first- or second-degree relatives delivering pre-

term provided no evidence for the family history.

To determine the level of evidence for maternal stress, we exam-

ined the scores received on Perceived Stress Scale,61 Beck Anxiety In-

ventory,62 and Beck Depression Inventory (BDI)63 that were

assessed the GPN-PBR LC study participants’ stress, anxiety, and

depression levels at enrollment. A BDI score higher than or equal to

31 and a Perceived Stress Scale score of 27 or greater provided mod-

erate evidence for maternal stress. A BDI score of 21 or higher and a

Beck Anxiety Inventory score of 22 or higher were indicative of pos-

sible evidence. Clinical diagnosis of anxiety or depression and pre-

scription of antidepressants provided strong evidence for the

phenotype.

To achieve larger sample size, the evidence levels with a small

number of participants were combined. In particular, we grouped

together possible, moderate, and strong levels of evidence, and

formed the category of “some evidence” for infection and inflamma-

tion, decidual hemorrhage, cervical insufficiency, and maternal

comorbidities. For maternal stress, moderate level of evidence was

combined with strong, while for family history possible and moder-

ate levels of evidence were grouped together. The lack of placental

pathology data made it impossible for us to infer strong evidence for

the placental dysfunction phenotype. The uterine distension pheno-

type had a small sample size for any level of evidence and was not

included in our analysis. In addition, after a consultation with a clin-

ical professional (A.C.J.), we excluded PPROM from the analysis, as

PPROM is normally caused by the other risk factors, rather than

representing a risk factor itself.

After grouping the variables into clinical phenotypes, a total of

23 covariates were established for the statistical modeling: 11 socio-

demographic risk factors, 7 clinical phenotypes, and 5 characteris-

tics related to previous obstetric history. Continuous variables

included age, body mass index (BMI), number of previous deliveries,

number of abortions, time since last delivery, and previous birth

weight. Categorical variables included the 7 clinical phenotypes, ma-

ternal race, paternal race, maternal ethnicity, paternal ethnicity, ed-

ucation level, employment status, insurance status, marital status,

household income, and previous caesarean section. The final list of

variables included in the model is presented in Table 2 .

Table 1.. continued

Risk factor Clinical phenotype Evidence level

Previous oligohydramnios59a Placental dysfunction Possible

Maternal medical condition in previous

pregnancy35a

Maternal comorbidities Possible

Previous gestational diabetes60a Maternal comorbidities Possible

Previous placental abruption56a Placental dysfunction Possible

Risk factors for preterm birth are listed in the first column. Clinical phenotype and the level of evidence that a risk factor provides for the phenotype are also

presented where applicable. Phenotype mapping was done with the phenotyping tool derived from the study by Manuck et al35 and expanded in this work. NA in

the clinical phenotype and evidence level columns corresponds to the risk factors that were not mapped to any phenotype and were themselves final variables in-

cluded in the model.

AFP: alpha-fetoprotein; GSB: group B Streptococcus; hCG: human chorionic gonadotropin; HSV: herpes simplex virus; IUGR: intrauterine growth restriction;

MOM: multiple of the median of normal pregnancies; PAPP-A: pregnancy-associated plasma protein A.
aNew risk factors added by the clinical expert.

Table 2. Resultant variables for the analysis

Risk factor Type

Sociodemographic

Age Continuous

Maternal race Categorical

Paternal race Categorical

Maternal ethnicity Categorical

Paternal ethnicity Categorical

Education level Categorical

Household income Categorical

Employment status Categorical

Insurance status Categorical

Marital status Categorical

BMI Continuous

Clinical phenotype

Infection/inflammation Categorical

Decidual hemorrhage Categorical

Cervical insufficiency Categorical

Placental dysfunction Categorical

Family history Categorical

Maternal comorbidities Categorical

Maternal stress Categorical

Obstetric history

Number of previous deliveries Continuous

Number of previous abortions Continuous

Time since the last pregnancy Continuous

Previous birth weight Continuous

Previous caesarean section Categorical

BMI: body mass index.
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Statistical modeling
Univariate analysis

The primary outcomes for the univariate analysis were preterm birth

(delivery before 37 weeks) and gestational duration (in weeks). To

determine the effect size of individual risk factors on binary out-

come, we applied univariate analysis by chi-square test for categori-

cal variables and by 1-way analysis of variance for continuous

variables. In addition, Kaplan-Meier estimate was utilized to com-

pare survival curves between different groups for categorical varia-

bles, with gestational duration being the outcome. Pairwise log-rank

test was used to quantify the difference between survival curves. A P

value of less than .05 was considered significant. Each statistical ap-

proach was applied separately to the participants with the spontane-

ous delivery subtype, to participants with the indicated delivery

subtype, and to the entire cohort.

Multivariable analysis

Similar to other studies aiming to predict the risk for preterm birth,

we utilized survival analysis via a Cox proportional hazards regres-

sion model.17,64–66 In real-world clinical settings, patients are often

lost to follow-up, which makes it troublesome to analyze their

records by standard statistical methods. This is especially true for

pregnant women who may need to deliver at a site different from

their regular clinic. A Cox regression model has an advantage of

managing censored participants that were lost to follow-up. With a

prospect of utilizing our model to predict an individual’s risk for

preterm birth on the electronic health records (EHRs) in the future,

we used Cox regression for estimating risk for preterm birth.

Gestational duration (in weeks) was the outcome variable. Deliv-

eries past 37 weeks of gestation were treated as censored data. Re-

gression imputation was used to predict missing values for BMI and

previous birth weight by regressing the known values on gestational

duration. The regression imputation strategy was chosen for contin-

uous variables to preserve the individual risk factor contribution to

the outcome. Three separate models were developed: for spontane-

ous delivery, for indicated delivery, and for the entire cohort (naı̈ve

model). Hazard ratios (HRs) for delivering before 37 weeks of gesta-

tion and 95% confidence intervals (CIs) were calculated for each co-

variate.

Model assessment

To test the proportional hazards assumption for Cox regression

models, we checked for independence between scaled Schoenfeld

residuals for each covariate with time.67 To assess the performance

of Cox proportional hazards models, we used concordance index,

Akaike information criterion (AIC), and log-rank test. The higher

concordance index and lower AIC score indicate a better performing

model.

Kaplan-Meier analysis was done in Python using the “lifelines”

library.68 Cox regression models were built with the “survival”

package in R version 3.6.3.69,70

RESULTS

Study population
Among 446 women with a history of spontaneous preterm birth en-

rolled in the GPN-PBR LC study, 428 qualified for our analysis.

Gestational age at delivery ranged from 232/7 to 416/7 weeks. A total

of 138 (32%) study participants delivered preterm. A total of 308

(72%) women had a spontaneous delivery subtype, and 120 (28%)

were indicated for delivery. The age of included participants ranged

between 17 and 47 years, with the mean age being 27.7 years. The

analyzed individuals were primarily White or Caucasian (59%, n ¼
252) and not Hispanic or Latino (74%, n ¼ 318). About half of the

population were coming from a low-income background (51%, n ¼
219). The majority of the study participants were living with partner

(75%, n ¼ 320), were unemployed (60%, n ¼ 255), possessed a

public insurance (61%, n ¼ 261), and had either completed high

school or had a college degree (42%, n ¼ 181 and 41%, n ¼ 174, re-

spectively). A large proportion of women had some evidence for in-

fection or inflammation during current pregnancy (45%, n ¼ 194),

and a third of the population had a strong evidence for family his-

tory (31%, n ¼ 134). The majority of participants had not under-

gone caesarean section in previous pregnancies (79%, n ¼ 340) and

had no evidence for decidual hemorrhage (88%, n ¼ 376), cervical

insufficiency (92%, n ¼ 392), placental dysfunction (73%, n ¼
313), maternal comorbidities (77%, n ¼ 329), or maternal stress

(75%, n ¼ 323). On average, the enrolled participants had 2.2 previ-

ous deliveries, 0.45 previous abortions, and slightly over 3 years

since their last pregnancy. The descriptive statistics for the study

population are presented in Table 3.

Univariate analysis
Findings from univariate analyses are summarized in Table 3. In

terms of demographics, on average women delivering preterm are

0.84 years younger and have lower BMI (26.86 kg/m2 for preterm

vs 27.35 kg/m2 for term deliveries), although these differences were

not found to be statistically significant. Being Hispanic or Latino

decreases the risk for spontaneous preterm birth (odds ratio [OR],

0.55; 95% CI, 0.32-0.95). Paternal race other than African Ameri-

can or Caucasian was associated with increased risk for indicated

preterm birth (OR, 3.83; 95% CI, 1.03-14.28). In terms of clinical

phenotypes, increased risk for spontaneous preterm birth was ob-

served for participants with decidual hemorrhage (OR, 5.26; 95%

CI, 2.56-10.82) and with cervical insufficiency (OR, 3.92; 95% CI,

1.69-9.05). Increased risk for indicated preterm birth was observed

for participants with possible evidence for maternal stress (OR,

3.10; 95% CI, 1.03-9.29), and with moderate evidence for placental

dysfunction (OR, 2.68; 95% CI, 1.02-7.06). An additional risk fac-

tor found to be significant when the delivery subtypes were com-

bined was strong level of evidence for family history of preterm

birth (OR, 1.61; 95% CI, 1.04-2.51). In terms of previous obstetric

history, on average, participants delivering preterm gave birth to

lighter babies in the previous gestation (2115 g vs 2465 g; P <

.0001). The association of lower birth weight in the previous gesta-

tion with preterm birth remained statistically significant across both

delivery subtypes (P ¼ .001 for spontaneous and P ¼ .02 for indi-

cated). The increased number of previous abortions was associated

with elevated risk for indicated preterm delivery (0.68 vs 0.36). In

addition, increased risk for spontaneous preterm birth was observed

for participants with previous caesarean section (OR, 2.61; 95% CI,

1.38-4.95).

A pairwise log-rank test for the difference in Kaplan-Meier sur-

vival curves showed statistically significant differences for 8 partici-

pant risk factors for spontaneous delivery, 1 risk factor for indicated

delivery, and 1 additional for the combined cohort. The Kaplan-

Meier curves that showed statistically significant differences are dis-

played in Figure 2. The median gestational age at delivery for partic-

ipants with the spontaneous delivery subtype was 37 weeks, while

the median for indicated delivery was 38 weeks. We observed a dif-
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ference between the delivery subtype survival curves (P ¼ .04)

(Figure 2A). The difference between participants with strong family

history and those with no family history appeared significant when

delivery subtypes were combined and analyzed together (P ¼ .02)

(Figure 2B). For spontaneous delivery, Kaplan-Meier analysis

showed 4 sociodemographic groups that delivered earlier than the

reference group: participants who reported paternal race other than

Caucasian, or African American (P < .005), maternal ethnicity not

Hispanic or Latino (P ¼ .04), having a private insurance status (P ¼

.01), and having an unknown household income (P ¼ .05). Partici-

pants who reported household income of $50 000 or more were

found to deliver significantly later that the group with the lowest

household income (P ¼ .04 [not shown]) (Figure 2C-2F). None of

the sociodemographic or previous obstetric history risk factors were

found to be different for indicated delivery participants. Among the

factors related to previous obstetric history, only previous caesarean

section was associated with earlier birth timing for the spontaneous

delivery subtype (P ¼ .01) (Figure 2G). Participants with some evi-

Figure 2. Univariate survival analysis by Kaplan-Meier estimate. Change in survival probability over time is plotted with Kaplan-Meier estimator. The survival

probability at a given time point is interpreted as probability of not delivering at a given gestational age. The most significant P value for the pairwise log-rank

test for significance is displayed in the upper right corner of each graph. The patient characteristics for which Kaplan-Meier curves differed significantly between

groups included delivery subtype (A), family history in total population (B), paternal race (C), maternal ethnicity (D), insurance status (E), household income (F),

previous caesarean section (G), decidual hemorrhagea (H), cervical insufficiency (I), placental dysfunction in the spontaneous delivery subgroup (J), and placental

dysfunction in the indicated delivery subgroup (K). The groups that differed significantly are described in the text.
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Table 4. Association between birth timing and obstetric history, sociodemographic, and clinical risk factors (Cox regression model)

Hazard ratio (95% CI)

Spontaneous Indicated Total

Sociodemographic factors

Maternal race

Caucasian ref ref ref

Black or African American 2.08 (0.54-8.03) 1.94� 109 (0.00-inf) 1.73 (0.49-6.12)

Other 1.42 (0.49-4.15) 0.01 (0.00-0.54)a 1.17 (0.46-2.97)

Paternal race

Caucasian ref ref ref

Black or African American 0.67 (0.19-2.37) 5.78� 10-10 (0.00-inf) 0.70 (0.21-2.33)

Other 0.68 (0.23-2.04) 30.85 (0.79-1208.15) 0.92 (0.36-2.36)

Maternal ethnicity

Not Hispanic or Latino ref ref ref

Hispanic or Latino 0.42 (0.13-1.36) 14.09 (0.14-1427.37) 0.46 (0.15-1.37)

Paternal ethnicity

Not Hispanic or Latino ref ref ref

Hispanic or Latino 2.19 (0.76-6.37) 0.23 (0.01-9.98) 2.26 (0.82-6.25)

Education level

Less than high school ref ref ref

High school or GED 1.32 (0.67-2.61) 2.30 (0.32-16.64) 1.36 (0.77-2.39)

College 0.92 (0.38-2.23) 2.21 (0.20-24.79) 0.80 (0.39-1.63)

Employment

Employed ref ref ref

Unemployed 0.90 (0.57-1.44) 1.17 (0.32-4.20) 0.85 (0.57-1.28)

Insurance status

Public ref ref ref

Private 0.63 (0.28-1.45) 0.07 (0.00-1.26) 0.62 (0.29-1.30)

None/self-pay 0.32 (0.08-1.26) 0.64 (0.02-26.79) 0.57 (0.19-1.73)

Marital status

Living with partner ref ref ref

Not living with partner 0.84 (0.47-1.50) 0.12 (0.02-0.80)a 0.75 (0.45-1.24)

Household income

$0-$12 000 ref ref ref

$12 001-$24 000 0.69 (0.34-1.40) 0.04 (0.01-0.31)a 0.64 (0.35-1.17)

$24 001-$50 000 1.31 (0.54-3.18) 0.02 (0.00-0.43)a 0.86 (0.41-1.82)

>$50 000 1.26 (0.48-3.32) 0.01 (0.00-0.29)a 1.13 (0.48-2.62)

Unknown 2.40 (1.24-4.66)a 3.77� 10-11 (0.00-inf) 1.85 (1.04-3.30)a

Age 0.98 (0.92-1.04) 0.94 (0.77-1.15) 0.94 (0.89-0.99)a

BMI 0.98 (0.95-1.01) 0.91 (0.78-1.05) 0.98 (0.95-1.01)

Clinical phenotypes

Infection/inflammation

No evidence ref ref ref

Some evidence 1.18 (0.78-1.79) 1.83 (0.45-7.40) 1.12 (0.78-1.62)

Decidual hemorrhage

No evidence ref ref ref

Some evidence 3.64 (2.17-6.12)a 1.17 (0.19-7.08) 2.97 (1.88-4.69)a

Cervical insufficiency

No evidence ref ref ref

Some evidence 3.63 (2.00-6.58)a 2.20 (0.27-17.78) 3.00 (1.74-5.16)a

Placental dysfunction

No evidence ref ref ref

Possible evidence 1.67 (0.98-2.85) 0.36 (0.04-3.30) 1.16 (0.70-1.91)

Moderate evidence 1.07 (0.44-2.61) 10.70 (2.71-42.22)a 1.22 (0.71-2.11)

Family history

No evidence ref ref ref

Moderate evidence 0.54 (0.35-1.17) 0.23 (0.03-2.01) 0.55 (0.28-1.06)

Strong evidence 1.13 (0.74-1.72) 2.65 (0.72-9.73) 1.22 (0.84-1.78)

Maternal comorbidities

No evidence ref ref ref

Some evidence 1.04 (0.64-1.70) 1.96 (0.54-7.16) 1.05 (0.69-1.59)

Maternal stress

No evidence ref ref ref

(continued)
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dence for 3 clinical phenotypes delivered at an earlier gestational

age: decidual hemorrhage (P < .005), cervical insufficiency (P <

.005), and possible evidence for placental dysfunction (P ¼ .02)

(Figure 2H-2J). The only phenotype that had statistically significant

findings for indicated delivery was placental dysfunction: moderate

evidence for the phenotype was associated with delivery at an earlier

gestational age (P < .005) (Figure 2K).

Multivariable analysis
Among 308 women who had a spontaneous delivery, 113 partici-

pants experienced a preterm delivery event, and 195 participants

were treated as censored subjects. Four covariates were found to in-

crease the risk for experiencing the event in the multivariable model

(Table 4). Participants with some evidence for either decidual hem-

orrhage (HR, 3.64; 95% CI, 2.17-6.12), or cervical insufficiency

(HR, 3.63; 95% CI, 2.00-6.58) were 3.6 times as likely to deliver

preterm as women with no evidence for those phenotypes. In addi-

tion, lower birth weight in previous delivery was associated with a

higher risk for subsequent preterm birth (HR, 1.00; 95% CI, 0.99-

1.00; P < .005). Among the sociodemographic factors, unknown

household income increased the risk for preterm delivery more than

2-fold when compared with the lowest-income group (HR, 2.40;

95% CI, 1.24-4.66).

Only 25 of 120 participants in the indicated delivery cohort de-

livered before 37 weeks of gestation, and the majority of partici-

pants were censored. Among the sociodemographic determinants,

the HR was decreased for participants who had a race other than

Caucasian or Black or African American (HR, 0.01; 95% CI, 0.00-

0.54). The other significant sociodemographic factors that reduced

the risk included not living with partner (HR, 0.12; 95% CI, 0.02-

0.80) and having income higher than $12 000 (for the $12 001-$24

000 group: HR, 0.04; 95% CI, 0.01-0.31; for the $24 001-$50 000

group: HR, 0.02; 95% CI, 0.00-0.43; and for the higher than $50

000 group: HR, 0.01; 95% CI, 0.00-0.29). Previous obstetric his-

tory played a major role in predicting subsequent indicated preterm

delivery. Lower previous birth weight (HR, 0.10; 95% CI, 0.99-

1.00; P < .01), higher number of previous deliveries (HR, 2.21;

95% CI, 1.17-4.20), higher number of abortions (HR, 3.33; 95%

CI, 1.54-7.24), and previous caesarean section (HR, 4.83; 95% CI,

1.01-23.05) were all predictive of indicated preterm birth. Moder-

ate evidence for placental dysfunction remained the only clinical

risk factor for the indicated cohort (HR, 10.70; 95% CI, 2.71-

42.22).

Multivariable analysis of the cohort independent of the delivery

type identified 6 important covariates. Maternal age was the only

one that did not show any significance for distinct delivery subtypes

but appeared significant for the combined cohort. Lower maternal

age was associated with increased risk for delivering preterm (HR,

0.94; 95% CI, 0.89-0.99). The findings for decidual hemorrhage

and cervical insufficiency were consistent with the results for the

spontaneous delivery cohort, with higher level of evidence increasing

the risk in both phenotypes (HR, 2.97; 95% CI, 1.88-4.69; and HR,

3.00; 95% CI, 1.74-5.16). Higher number of previous deliveries and

lower birth weight were the final important features in the Cox pro-

portional hazards model (HR, 1.25; 95% CI, 1.08-1.45; and HR,

1.00; 95% CI, 0.99-1.00; P < .005).

Model assessment
Proportional hazards assumption

The scaled Schoenfeld residuals for the Cox regression models were

significantly correlated with time for the naı̈ve model fit on the com-

bined data (P< .005 globally). The problematic variables included

employment (P< .01), cervical insufficiency (P< .005), and placen-

tal dysfunction (P¼ .04). For the spontaneous delivery subtype, no

significant correlation was found globally, although maternal eth-

nicity and cervical insufficiency were time-dependent (P¼ .02 and

Table 4.. continued

Hazard ratio (95% CI)

Spontaneous Indicated Total

Possible evidence 1.33 (0.74-2.39) 4.36 (0.93-20.47) 1.16 (0.70-1.90)

Strong evidence 1.29 (0.62-2.66) 1.23 (0.16-9.60) 1.27 (0.71-2.29)

Previous obstetric history

Previous caesarean section

No ref ref ref

Yes 1.65 (0.97-2.82) 4.83 (1.01-23.05)a 1.28 (0.82-2.00)

Number of previous deliveries 1.08 (0.90-1.30) 2.21 (1.17-4.20)a 1.25 (1.08-1.45)a

Number of abortions 1.01 (0.79-1.29) 3.33 (1.54-7.24)a 1.15 (0.93-1.42)

Time since last pregnancy 1.04 (0.94-1.14) 1.24 (0.95-1.62) 1.05 (0.96-1.14)

Previous birth weightb 1.00 (0.99-1.00)a 1.00 (0.99-1.00)a 1.00 (0.99-1.00)a

Model performance

Concordance 0.76 (SE ¼ 0.02) 0.87 (SE ¼ 0.04) 0.72 (SE ¼ 0.02)

AIC 1212.706 239.2805 1593.33

Log-rank test 115.8 (P< .001)a 47.22 (P ¼ .05)a 106.8 (P< .001)a

Hazard ratios and 95% CIs are presented for each category in regard to the reference group. Owing to a small number of participants in the dataset who had

preterm indicated delivery (n¼ 25), maternal race and paternal race were perfectly collinear for the Black or African American category, which resulted in abnor-

mal hazard ratios and infinite CIs. None of the participants who had an indicated preterm delivery had an unknown income, which led to a hazard ratio

approaching zero and an infinite CI. Concordance, AIC values, and log-rank test statistics are presented as model performance measures. Higher concordance,

lower AIC, and lower P values for log-rank test are characteristics of a better fit.

AIC: Akaike information criterion; BMI: body mass index; CI: confidence interval; inf: infinity; ref: reference.
aStatistically significant value.
bThe 95% CI for previous birth weight does not cross the line of no effect. The upper CI value is reported as 1.00 due to rounding.
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P< .005, respectively). Owing to a low number of subjects deliver-

ing before 37 weeks in the indicated cohort, maternal race and pa-

ternal race were perfectly colinear for Black or African American in

both groups, and none of the observed participants had an unknown

household income. This resulted in the infinite upper CI values for

these 3 categories. As a consequence, we were unable to estimate

Schoenfeld residuals for the resultant model for the indicated deliv-

ery cohort.

Model performance

The performance metrics for the Cox proportional hazards regres-

sion models are summarized at the bottom of Table 4. The higher

concordance index and lower AIC score indicate a better-perform-

ing model. Both models specific for a delivery subtype were superior

to the naı̈ve model in terms of the concordance index and AIC. Cox

regression model was more concordant for indicated delivery than

for spontaneous delivery (0.87 vs 0.76) and had a lower AIC value

(239.28 vs 1212.71), which indicates better performance of the

model when applied to the indicated delivery cohort. The models fit

on the total and spontaneous delivery cohorts were highly statisti-

cally significant, and the indicated delivery model showed borderline

statistical significance on the log-rank test.

DISCUSSION

The analytical framework developed in this study was effective to

model preterm birth in the retrospective cohort of women with a

history of preterm birth. Our comprehensive analysis included 52

known risk factors for premature delivery. To reduce dimensionality

of the data, we utilized a clinical phenotyping tool for preterm birth

guided by a clinician expertise. We examined the association be-

tween individual risk factors and preterm birth by chi-square and

univariate survival analysis. We then developed a multivariable Cox

regression model that calculates the risk for recurrent preterm birth.

Use of the multivariable model helped us account for the complex

phenotype of preterm birth and to adjust for confounding risk fac-

tors. In addition to the entire cohort, we performed separate analy-

ses of spontaneous and indicated delivery subtypes. Both delivery

subtype-specific models performed better than the combined model,

with the indicated delivery model showing the best performance.

Half of the covariates included were predictive of an earlier delivery

time across all models. To our knowledge, the present study is the

most comprehensive analysis of known risk factors for preterm birth

published to date.20–23

The 4-step framework described in this study provides research-

ers with a meaningful and reliable strategy for analyzing risk fac-

tors for preterm birth on various datasets. The comprehensive

nature of the variables selected for the analysis approximates the

complex patient profile, while clinical phenotyping organizes the

data and reduces complexity. We believe that due to these features,

the proposed framework can be efficiently integrated into analysis

of preterm birth using EHR data. More work, however, would be

needed to explore potential applications with EHR data. Although

there exists a tool developed by Gao et al71 that predicts preterm

birth from EHR data, it is not based on known risk factors, does

not separate the patients by the delivery-subtype, and has a low

positive predictive value. Therefore, there is a need for more effi-

cient strategies to analyze patient’s risk for preterm birth from

EHR data.

It is important to note that the present study was not aiming to

identify new risk factors predictive of preterm birth, but rather

looked to combine already known risk factors in a meaningful

way. The inclusion of many factors more closely reflects the com-

plex patient profile observed in a real-world setting, in which the

interplay between individual risk factors may change patient’s

overall risk for delivering preterm. The multivariable model

accounts for such interplay and adjusts for potential confounding

factors.

Previous studies have found numerous clinical risk factors asso-

ciated with preterm birth. Many of them are either closely related

in etiology or affect the mother in similar ways.35 Therefore,

modeling preterm birth with individual factors as covariates adds

unnecessary complexity to the models and can lead to false discov-

eries. The work of others has shown that feature engineering with

clinical expert knowledge can reduce complexity of machine learn-

ing models without affecting their performance.72 In the present

study, clinical risk factors were combined into clinical phenotypes

according to a previously developed classification of risk factors

and expanded upon by a clinical specialist. Dimension reduction is

an important step in analyzing unstructured and noisy medical

records data. The clinical phenotyping step of the proposed frame-

work helps with dimension reduction and organizes data in a

meaningful way, reducing the complexity of the models and im-

proving interpretability. This demonstrates the potential of the

proposed framework to be applied for the analysis of highly un-

structured EHR data.

It is important to realize the difference in the etiology of preterm

birth subtypes. Spontaneous and indicated preterm births have dif-

ferent underlying risk factors, and therefore, the separate risk scores

must be calculated for different delivery subtypes. As was expected,

stratification by delivery subtype improved the performance of our

model. The better performance of the model for indicated delivery

may be explained in part by the fact that patients are usually in-

duced for delivery before term due to very particular clinical charac-

teristics, whereas spontaneous preterm birth depends on many other

factors such as mother’s lifestyle44,73–75 and genetics,76–78 which

were not included in the current analysis.

In a clinical setting, the results obtained from the multivariable

model can help physicians identify the patients at high risk of deliv-

ering preterm and apply appropriate interventions to mitigate the

risk. It is important to perform risk assessment early to improve the

effectiveness of interventions. Therefore, we suggest that preterm

birth risk assessment should be conducted during a routine prenatal

care visit in the first or early second trimester of pregnancy. How-

ever, because the indication for delivery does not usually occur until

the late phase of gestation, it is impossible to know which subtype-

specific model to apply at the suggested time point. Considering the

superior performance of subtype-specific models over the naı̈ve

model, we suggest estimating the risk for both spontaneous and indi-

cated preterm birth with 2 separate models. The results from the

spontaneous model can help a physician choose an appropriate

course of action to reduce the risk for spontaneous preterm birth.

The results of an indicated model, however, are harder to interpret,

given the fact that some major risk factors are themselves clinician’s

reasons for indication. A high risk score derived from the indicated

model in the absence of the reason for indication would signal the

physician that a patient is likely to develop a condition that would

lead to indication prior to 37 weeks. With that knowledge, the phy-

sician can apply proper preventative measures to avoid such devel-

opments.
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Our study had some important limitations. First, the relatively

small number of participants who delivered preterm in the indicated

delivery cohort reduced the statistical significance of the findings and

made the model difficult to interpret. Second, we imputed prepreg-

nancy BMI and previous birth weight for participants with missing

values, which may have affected our findings. Third, the data used in

this study were collected in 2009 to 2010. There may be changes in

practice or new interventions since then to prevent preterm birth that

were not captured in the dataset. Fourth, the proportional hazards as-

sumption did not hold for several covariates in the naı̈ve and sponta-

neous models, although it held globally for the spontaneous delivery

subtype. In the future, time-dependent covariates could be introduced

for the problematic variables to overcome this limitation. Recent work

by Stensrud et al.,79 however, reported that virtually all real-world

datasets will violate proportional hazards assumption, and that the as-

sumption does not necessarily need to hold true, when the goal is to

predict the outcome. Finally, only risk factors related to participants’

previous pregnancy history, sociobehavior, and clinical characteristics

were included in the analysis. Future studies are needed to explore

changes in model performance with the inclusion of genomic and be-

havior pattern covariates.

Other future directions include exploring the utility of the pro-

posed framework and assessing the predictive potential of the cre-

ated Cox regression models on the EHR data. We believe that the

analytical framework proposed in this study will be useful when

working with highly unstructured medical records data. The ex-

panded version of the clinical phenotyping tool can help with

extracting meaningful data in that setting, and Cox regression analy-

sis can adjust for patients that are “lost to follow-up.”

CONCLUSION

The analytical framework developed in this study was effective to

comprehensively analyze risk factors for recurrent preterm birth.

Delivery subtype–specific multivariable models were statistically sig-

nificant and performed better than the combined model. The pro-

posed clinical phenotyping strategy reduces the complexity of the

models and may serve as a tool to extract relevant information from

medical records. Further studies, however, are needed to assess the

performance of the models on EHR data before they can be used to

predict patient’s risk for preterm birth prospectively.
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