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Abstract

terventions. Equally important, would be the ability to identify women at the lowest risk to avoid unnecessary and
costly interventions. Because of the multifactorial etiology
of preterm birth, understanding and predicting this adverse
pregnancy outcome remains unresolved despite immense efforts.
Previous research has largely focused on individual risk
factors correlated with preterm birth and less on combining
these factors in a way to understand the complex etiologies
of preterm birth. These factors include prior preterm birth,
black race, multiple gestations, and infection. Among these,
the strongest and widely used risk factor among clinicians is
having prior preterm births. Those judged at risk for PTB are
typically treated by prenatal administration of progesterone
(Flood and Malone 2012). To date, progesterone is considered as the most common treatment option (Acog 2008).
History of PTB is obviously not available information for
women who will give birth for the first time (nulliparas) –
these represent 40% of pregnant women in the US (Zerhouni
2008). Nulliparas often go untreated due to a lack of predictability given the unknown combination of other factors
involved. If it were possible to develop a reliable risk predictor of PTB for first-time mothers, it could substantially
reduce the incidence of PTB and its consequences. Today,
there is no widely tested prediction system that combines
well-known factors (Davey et al. 2011) with a good prediction technique to provide actionable decisions within a clinical environment (Mercer et al. 1996).
The high-level problem we are interested in solving is
how we can derive powerful prediction models from large
medical data that would be relevant to a particular individual. Specifically, how can we reliably determine the risk of
a nulliparas mother giving birth prematurely. In the process
of solving this problem, we have developed an approach that
also improves prediction of PTB occurrence in the general
case as well.
In this paper, we describe this approach as an application of Machine Learning toward the problem of predicting
preterm birth. We use the “Preterm Prediction Study,” a clinical trial dataset collected by the National Institute of child
Health and Human Development (NICHD) – Maternal-Fetal
Medicine Units Network (MFMU). This paper summarizes
two years of efforts by our multidisciplinary team to collect,
prepare and process this dataset. Specifically, we compare

Preterm birth is a major public health problem with profound implications on society, there would be extreme
value in being able to identify women at risk of preterm
birth during the course of their pregnancy. Previous research has largely focused on individual risk factors correlated with preterm birth and less on combining these
factors in a way to understand the complex etiologies
of preterm birth. In this paper, we use the “Preterm Prediction Study,” a clinical trial dataset collected by the
National Institute of Child Health and Human Development (NICHD) – Maternal-Fetal Medicine Units Network (MFMU). We summarize two years of efforts to
collect, prepare and process this dataset with a special
emphasis to solve a so far elusive problem of predicting
preterm birth in nulliparous (first time) mothers. Our approach includes comparison of two approaches for deriving predictive models: an SVM approach with linear and non-linear kernels and logistic regression with
different model selection procedures. We demonstrate
significant improvement compared to past work on this
dataset while stressing the challenges we faced in data
preparation and analysis.

1

Problem Description

Premature or preterm birth (PTB) is defined as birth before
37 completed weeks of gestation. It is a major long-lasting
public health problem with heavy emotional and financial
consequences to families and society. Over 26 billion dollars are spent annually on the delivery and care of the 1213% of infants who are born preterm in the United States
(Behrman et al. 2007). PTB is the leading cause of neonatal
mortality and, long-term disabilities. These range from visual/hearing impairment, cerebral palsy, mental retardation
as well as an increased likelihood of cardiovascular disease,
hypertension, and diabetes later in life (Zerhouni 2008). The
lower the gestational age at birth, the longer the hospital stay
and cost and the greater the risk of long term sequelae.
The World Health Organization, the National Institute
of Health (Zerhouni 2008) and particularly the NICHD
(NICHD 2012), have recognized the need to discover the
multifactorial etiologies of PTB and to use these to accurately predict at-risk pregnancies.
A crucial challenge is to identify women who are at the
highest risk for very early preterm birth and to develop in-
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two approaches for deriving predictive models: an SVM approach with linear and non-linear kernels and a logistic regression approaches with different model selection. We focus our attention on predicting (1) any kind of preterm birth,
(2) spontaneous preterm birth, and (3) predicting preterm
birth for nulliparous (first time) mothers. We also derive
models at different time points representing the three main
prenatal visits in the preterm prediction study.
This paper is organized as follows: We first provide an
overview of the risk factors and state-of-the-art systems for
predicting PTB. We then describe the Preterm Prediction
study dataset, our approach and our empirical evaluation.
We finally conclude with the significance and impact of this
study along with future work.

2

for unknown reasons (Allen, Wilson, and Cheung 2006). Finally, environmental toxins have been suggested as risk factors, though results are conflicting (Behrman et al. 2007).
Exposure to tobacco smoke appears to carry the greatest
risk (Kharrazi et al. 2004; Jaakkola, Jaakkola, and Zahlsen
2001). Besides these, there also seems to be a genetic contribution to preterm birth (Porter et al. 1997). There are other
critical factors that have been used for predicting PTB by
some practices. It has been shown (Goldenberg et al. 1998)
that the odds ratio of SPTB was highest for a positive fetal
fibronectin test followed by short cervix and history of prior
PTB. In fact these factors along with bacterial vaginosis
were more strongly associated with early than late SPTB.
Systematic studies of multiple published studies (Crane
and Hutchens 2008) showed that cervical length (threshold of 25 mm) measured by transvaginal ultrasonography in
asymptomatic (no uterine tightening/contractions) high-risk
women is highly predictive of spontaneous preterm birth before 35 weeks. However, in practice, prior history of preterm
delivery is used as the most predictive indicator of PTB in
most clinical settings.

Background

In this section, we first describe the known risk factors for
PTB. We then present state-of-the-art approaches to devise
a risk-scoring system for PTB.

2.1

Risk factors for preterm birth

Approximately 30% of preterm deliveries are indicated
based on maternal or fetal conditions such as mother’s
preeclampsia, and intra uterine growth restriction. The remaining 70%, spontaneous PTB (SPTB) occur following
the onset of spontaneous preterm labor, prelabor Premature
Rupture Of the Membranes (pPROM) or cervical insufficiency (Goldenberg et al. 2008). Spontaneous preterm labor
is a heterogeneous condition, the final common product of
numerous biologic pathways that include immune, inflammatory, neuroendocrine, and vascular processes (Behrman et
al. 2007). Those judged at risk for PTB are typically treated
by prenatal administration of progesterone 17 OHPC (IM
progesterone) (Acog 2008; Flood and Malone 2012). Epidemiological investigations have largely associated single
factors with PTB. Of the many risk factors for preterm labor, a prior history of preterm delivery is the most predictive
with a recurrence risk as high as 50% depending on the number and gestational age of previous deliveries (Goldenberg
et al. 2008). In the United States, women classified as black,
African-American, and Afro-Caribbean are at an increased
risk (Goldenberg et al. 2008). Other risk factors include low
socioeconomic status, extremes in age, single marital status (Smith et al. 2007; Thompson et al. 2006); low prepregnancy body mass index, (Hendler et al. 2005); and highrisk behaviors during pregnancy (e.g. tobacco, cocaine and
heroin use). Psychological factors that have been proposed
to increase the risk of PTB include depression (Grote et al.
2010), and high levels of stress during pregnancy (Copper
et al. 1996). Obstetrical conditions associated with the onset
of spontaneous preterm labor are heterogeneous and include
intrauterine infection, uteroplacental ischemia and hemorrhage, vascular lesions of the placenta, uterine over distention and cervical insufficiency (Goldenberg, Hauth, and Andrews 2000). Additional pregnancy factors associated with
preterm delivery include closely spaced gestations (CondeAgudelo, Rosas-Bermudez, and Kafury-Goeta 2006), and
multiple gestations (Goldenberg et al. 2008). Assisted reproductive technologies may also constitute a risk factor,

2.2

Risk scoring systems for predicting preterm
birth

Papiernik proposed in the late sixties an empirical method
for estimating the risk of premature delivery denoted
“The Coefficient of Premature Delivery Risk (CPDR)”
(Papiernik-Berkhauer 1969). In this approach, maternal
characteristics are grouped into four series of comparable
variables (social status, obstetric history, work conditions,
pregnancy characteristics) in a two-dimensional table. A
number of points varying from 1 to 5 according to the degree of their importance is assigned to each characteristic.
The sum of the points gives the risk of Premature delivery.
Papiernik’s risk table was later modified by Creasy et al. and
used in the risk of preterm delivery (RPD) system proposed
in (Creasy, Gummer, and Liggins 1980). Further assessment
of the prediction performance of Creasy’s table (Edenfield
et al. 1995) on another population has shown low performance. A graded risk system was proposed by (Mercer et al.
1996) in the context of the NICHD MFMU preterm prediction study. The results of a multivariate logistic regression
were modest (sensitivity of 24.2% and 18.2%; Specificity
of 28.6% and 33.3%, respectively for nulliparous and multiparous women).
This study was a first step toward combining factors and
showed promise that using more sophisticated techniques
could better identify women at risk of PTB. Today, there
is no widely tested risk scoring/prediction system that combines PTB factors (Davey et al. 2011).
Goodwin and her colleagues have explored the use of data
mining techniques to predict preterm labor. In early work
(Woolery and Grzymala-Busse 1994), they show that it is
feasible to use machine learning to generate expert system
(knowledge-base) rules for prediction of preterm delivery.
In subsequent work (Goodwin et al. 2001), data from the
Duke University medical center in North Carolina consisting of 19,970 patient records and 1,622 variables was studied using data mining techniques. In this paper, the authors
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claim to have identified a parsimonious set of seven demographic variables (maternal age, marital status, race, education, patient insurance category, county and religion) that
play a more critical role as predictors of preterm birth for
their data set. While these results are interesting, there are
concerns whether the sampling of a particular demographic
(academic medial center) would be representative of more
general population data. Furthermore, their experiment procedure is unclear – for example, the AUC could have been
obtained on a validation set or an unseen test set; consequently it is difficult to reproduce their results.
Courtney et al. (Courtney et al. 2008) describe a secondary analysis showing that the demographic preterm prediction model generated by (Goodwin et al. 2001) generalizes to a broader population with a modest accuracy. We believe our models are deeper and more powerful than this previous work for several reasons: (1) the dataset under study
represents a diverse population from ten medical centers
across the US, (2) we derive predictive models at different stages in pregnancy, and (3) we derive models for nulliparous women and also for spontaneous PTB.

3

scribed by 50 features. T1 dataset contains data for 2,929 examples with 205 features. Finally, T3 is composed of 2,549
examples with 316 features. This includes previous information and data collected during the second visit (minor) and
the third visit (major).
This dataset is unique in many ways: it is a well-curated
dataset of women with singleton pregnancy from ten centers.
Remarkably, current PTB treatments were not in use in the
early nineties at the time where this data was collected. This
makes this dataset 1 compelling as we have natural incidence
of PTB independent of any treatment.

4

4.1

We have obtained the released data set for the Preterm
Prediction Study, performed by the NICHD Maternal Fetal
Medicine Units (MFMU) Network between 1992 to 1994.
This study is an observational prospective study of 3,073
women with singleton pregnancies recruited at less than 24
weeks gestational age. Of the women enrolled, 2,929 participated in the study at the 10 participating MFMU centers between 10/1992 and 07/1994. There were 1,711 multiparous
and 1,218 nulliparous women. The incidence of spontaneous
preterm birth was 10.3% overall 8.2% for nulliparous and
11.9% for multiparous women (Mercer et al. 1996). Henceforth we will refer to this data as the MFMU data. Participating women in this study have been followed by research
nurses during four visits at 24 (T0), 26 (T1), 28 (T3) and 30
(T4) weeks gestation for screening tests. The MFMU data
timeline is illustrated in Figure 1. The data collected at all
visits altogether (Maternal Fetal Medicine Units Network
1994) includes over 400 variables: demographic, behavioral,
medical history, previous and current pregnancy history, digital cervical examination, vaginal ultrasound, cervical and
vaginal fetal fibronectin, KOH prep for yeast tests and a psychosocial questionnaire. The detailed outcome is shown in
Table 1. We have grouped the features into categories as deN
50
129
309
124
163
361

Data preparation

The MFMU dataset was compiled from a set of tests and
a detailed questionnaire administered to mothers (patients)
over the entire duration of the pregnancy. As a result, multiple processing steps are required to harness this very rich
and highly structured data. We face three specific challenges,

The Preterm Prediction Study Data

Outcome
Spontaneous PTB <32 weeks
Spont PTD <35 weeks
Spont PTD <37 weeks
Indicated PTD <37 weeks
Fetal growth retardation
Low birth weight

Methods and Technical Solutions

In this section, we first describe data preparation, then we
present the methods we used for prediction of PTB, Specifically, we consider SVMs and regression methods with
model selection.

1. Missing Data: A substantial number of features is missing, both randomly (a particular question was not completed) and structurally (dependency between questions).
2. Varying Sample Size: The number of examples changes
over time as patients give birth, withdraw, or miss a visit.
3. Skewed Class Distributions: By the nature of the preterm
birth problem, class sizes are significantly uneven. This
fact is relevant to subsets of the data as well (e.g., when
we consider nulliparous mothers only).
We handle the complexity of the data by organizing features into groups (according to the original questionnaire
and the definition). In addition, we keep track of the number
and type of missing values, and the processing steps taken to
complete or delete features. Our main objective is to retain
as many features and examples as possible, while converting
the data into a standard format suitable for off-the-shelf machine learning algorithms. We believe that the MFMU data
(if properly processed) is an exciting application from a machine learning perspective. We describe our preprocessing
steps in (Clinical Informatics Group 2013).

4.2

%
2
4
10
4
5
12

Method for prediction of PTB

In this paper, we consider PTB prediction as a binary classification problem, where patients who deliver a baby preterm
(full-term) are assigned the positive (negative) class respectively. At every tick (0, 1, 3), each patient (example) is described by a complete feature vector (see section 3) and a
label (xi , yi ), yi ∈ {+1, −1}.
We apply various logistic regression and Support Vector
Machines (SVM) methods and compare their error rates.

Table 1: Outcome measures in the MFMU dataset.
picted in Figure 1. At each visit, a set of feature groups is
collected. We focus our study on the three major visits at
time T0, T1 and T3. T0 is composed of 3,002 examples de-

1
We plan on releasing raw and preprocessed MFMU datasets as
a benchmark in the UCI repository by end of 2013.
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Acronym Dictionary
GA:
DMG:
PPH:
PPHD:
OBST:
SAD:
SAD3:
CPH:
CPH3:
JOB:
INFEC:
INFEC3:
MEDT:
MEDT3:
SYMP:
SYMP3:
CPM:
CPM3:
SPEC:
SPEC3:
CRVM:
CRVM:
FFN:
FFN2:
FFN3:
FFN4:
BUA:
BUA3:
PSYCH:
VISIT2:
VISIT4:
OUTM:
OUTN:
OUTS:
IPRE:
CHORS:
PDELM:
PDELC:

Timeline

Gestational Age
Demographics and Home Life
Previous Pregnancy History
Previous Pregnancy History Detail
Obstetrical & Medical Complications
Substance Use V1
Substance Use V3
Current Pregnancy History V1
Current Pregnancy History V3
Current or Last Job
Infections During This Pregnancy V1
Infections During This Pregnancy V3
Medications and Treatments V1
Medications and Treatments V3
Symptoms During Previous Week V1
Symptoms During Previous Week V3
Current Pregnancy Measurements V1
Current Pregnancy Measurements V3
Specimen Collection V1
Specimen Collection V3
Cervical Measurements V1
Cervical Measurements V3
Fetal Fibronectin Analysis V1
Fetal Fibronectin Analysis V2
Fetal Fibronectin Analysis V3
Fetal Fibronectin Analysis V4
Blood & Urine Analysis V1
Blood & Urine Analysis V3
Psychological Questionnaire
Yeast & Intercourse Variables V2
Yeast & Intercourse Variables V4
Pregnancy Outcome, Maternal Data
Pregnancy Outcome, Neonatal Data
Pregnancy Outcome Status
Indicated Preterm Birth Reasons
Chorioamnionitis Suspected
Preterm Delivery, Maternal Data
Preterm Delivery, Clinical Data

Notation
INT
BIN
CAT
GRP

0

Integer variable 1
Binary variable
Categorical variable
Group

d.
During
Prev.
Previous
Start
Visit 1
hr / wk
/ yrof hour / week / year
Pregnancy
Spont.
Spontaneous (Major)
Pre.
Preterm
Preg.
Pregnancy

2

3

4

5

Visit 2
(Minor)

Visit 3
(Major)

Visit 4
(Minor)

Delivery

DMG

OBST

FFN2

PSYCH

FFN4

OUTM

OUTN

PPH

SAD

VISIT2

SAD3

VISIT4

PDELM

PDELC

PPHD

CPH

CPH3

JOB

IPRE

INFEC3

INFEC

CHORS

SYMP3

SYMP

MEDT3

MEDT

CPM3

CPM

SPEC3

SPEC

CRVM3

CRVM

FFN3

FFN

BUA3

BUA

3002

2929

2774

2549

2327

71 1

73 2

21 3

15 3

222 5

130 4

112 6

3001
1

8

5
92 5
Figure 1: Illustration of MFMU data timeline and description of the4 set
of feature
groups. The numbers at the bottom of the
6 7
diagram indicate the number of patients that reached that point in time of the
study. These numbers decrease with time for
several possible reasons including: patients
withdrawing
Reasons for removing
examples: from study/delivered/lost to follow up/skipped major visit etc.
1)
2)
3)
4)
5)
6)
7)
8)

Lost to follow-up (no outcome data).
Visit 1 outside of GA window [154,174] allowed by protocol.
Patient delivered.
Patient withdrew.
+
No more visit data (skipped / withdrew / delivered).
Visit 3 outside of GA window [182, 209] allowed by protocol.
Skipped major visit (visit 3).
No preterm delivery information

we set C n+ = C− n− where n+ , n− are the number of
positive (negative) examples (Ben-Hur and Weston 2010).
To be able to construct nonlinear surfaces we use the radial basis function (RBF) kernel,
2
K(x, y) = exp(−γ kx − yk ).

To make results more robust, we repeat the following procedure throughout: each dataset is randomly divided into
train and test sets with an 80/20 ratio, and each class is split
proportionally between the sets. We then apply 5-fold crossvalidation (CV) to the train set, to determine the best model
and optimal parameters (if any). The best model is tested
on the (unseen) test set, and confusion matrices for various
subsets of the data are recorded.

Logistic and Lasso regression Our regression study is
motivated by the desire to create a meaningful baseline
model to evaluate the performance of linear models in this
problem space. Regression methodologies are widely used
within the biostatistics and medical domain for the purpose
of prediction.
To deal with the skewed dataset, we use the oversampling
techniques (e.g. Adasyn (He et al. 2008)) to achieve 1:1 levels of negative to positive examples.
We consider four logistic regression model selection
methodologies: forward selection, stepwise selection, l1
lasso regression, and elastic net regression (Zou and Hastie
2005; Tibshirani 1996). Forward selection is a greedy algorithm, which at each step, selects the covariate that best improves the fit, until adding covariates is no longer productive.
In forward selection, once a predictor is added, it is never removed. Stepwise selection is very similar, but at each step,
also considers removing each already added covariate. Lasso
regression uses an (l1 norm) penalty to encourage sparse solutions and perform a level of feature selection. The lasso
is well-documented methodology in biostatistics , and has
been shown to perform well compared to forward/stepwise
selection models.
Because of the nature of the structure we have imposed

Support Vector Machines We use a support vector machine with a linear and Radial Basis function (RBF) kernels.
The standard approach for binary problems is to use the softmargin dual formulation (Boser, Guyon, and Vapnik 1992;
Cortes and Vapnik 1995).
In order to allow the algorithm to handle the skewness in
the dataset, we scale the hinge loss penalty from the cost
function proportionally to the size of each class. The cost
function is thus a slightly modified version of the classical
SVM cost:
X
X
1
min
||w||2 + C−
ξi + C +
ξj
w,ξ
2
y =−1
y =+1
i

s.t.

j

yk [w> xk + b] ≥ 1 − ξk , ∀k,

where x’s are the feature vectors, y’s are the labels, w is
learned weight vector, the ξ values are slack variables used
during optimization, and C+ and C− are the regularization
parameters.
By assigning different misclassification costs, we can give
equal overall weight to each class in measuring performance. In order to avoid having to tune two cost parameters,
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versus full term births, and finally preterm birth in nulliparous (mothers-to-be) versus full term. For each of the three
problems above, we derive prediction models at different
time points (ticks). Each tick (T0,T1,T3) represents a critical point (major visit) at which information is collected.
We present averaged sensitivity, specificity, and g-mean
rates for each algorithm.

on the data, there is a chance that there will be correlation
amongst groups of the predictor variables, both in an incidental manner, where certain predictors are intrinsically but
non-obviously correlated (e.g., drugs and cigarettes), and in
a structural manner, where certain predictors are grouped,
and obviously connected. It is with this in mind that we also
construct an elastic net model, which combines the sparsity
induction of the l1 norm to eliminate the trivial covariates,
whilst using the ridge regression l2 norm to automatically
include whole groups of collinear predictors once a single
covariate in added(Zou and Hastie 2005).
With these four regression models, we get a good picture of the nature of the problem: the two subset selection
methodologies are prone to high variance in comparing selected models from sampled datasets, but provide us with
a baseline model to which we may compare the lasso and
elastic net methodologies. This gives us great perspective, as
all of the models produce highly interpretable models; what
is more, the relative accuracies of the models will grant us
information about the nature of the most influential predictors. For example, having the lasso under perform the stepwise/forward selection models would suggest that the most
important predictors are often collinear/grouped, with lasso
driving to 0 many of the grouped predictors.
Finally, we use the receiver operating characteristic
(ROC) to help us choose a suitable threshold value for
the logistic regression cut-off. We use the metric of
threshold value that provides the closest value to the
top left of the ROC curve space, which corresponds to
sensitivity=specificity= 1.
The problem of diagnosing preterm birth is an important
one. Within the medical domain, it is intelligent to ask the
relative benefits of high sensitivity vs. high specificity; in our
case, higher sensitivity is valuable, as greater detection of
true positives would allow doctors to intervene in the course
of the mother’s pregnancy. Because the cost of intervention
is small, and the benefits large, we designed our ROC threshold search for two situations: one where the relative weights
of the sensitivity and specificity were equal, and one were
sensitivity was valued twice more than specificity in the objective function:

TP
TP + FN
TN
Specificity =
TN
+ FP
p
G-Mean = Sensitivity ∗ Specificity
Sensitivity =

Since the negative class is the majority class, it is not difficult to obtain high specificity rates at any tick. However,
we would like to have a fair balance between sensitivity and
specificity, hence our choice to use the geometric mean metric as a well suited performance measure.
We present our results in Table 2. Each cell shows the
specified measure for the unseen test set, averaged over five
runs.
Table 3 lists the most important features for classification
obtained by running the linear SVM algorithm. The features
are ranked according to their overall importance in all five
runs.

5.1

1. A graded risk system was proposed by (Mercer et al.
1996) in the context of the preterm prediction study. As
stated earlier, the results of a multivariate logistic regression were modest with a sensitivity of 24.2% and 18.2%;
Specificity of 28.6% and 33.3%, respectively for nulliparous and multiparous women. Our study demonstrates
that model selection and non linear kernels are promising
approaches for prediction of PTB.
2. Linear SVM provides a robust baseline for the quality
of performance one can expect from algorithms applied
to this data. Sensitivity rate of 40% and G-Mean of 5760% are obtained. While Creasy’s table (Creasy, Gummer, and Liggins 1980), which is a “hand-picked” linear
model, wasn’t very effective (Edenfield et al. 1995), we
have showed that a “machine-picked” linear model is reasonable. We have attempted to use Creasy’s table on this
data but the feature mapping turned out to be difficult.
3. Comparing our work to Goodwin et al. (Goodwin et al.
2001), we consider our methodology to be more transparent and the results reproducible. Furthermore, they claim
that the outcome is more or less consistent across the
timeline (ticks). We actually see an improvement with linear/RBF SVM from T0 to T3 when we consider the full
data. Finally, they mention seven important demographic
variables. If we look at the top weights for linear-SVM in
Table 3, we can see that four of them are present: Marital status, Race, Mom-Age and Insurance. However, we
also see that previous pregnancy data can be even more
important.

min((1 − sensitivites)2 ) + r × (1 − specificities)2 )
where r is the weighting factor.
We use the glmnet package, which uses coordinate descent to train the elastic net and lasso models, and the builtin function STEP to train the subset selection models (Friedman, Hastie, and Tibshirani 2010). We use the step function
within R to train the forward and stepwise models, which in
turn use the AIC to base the next step of subset selection.

5

Observations

We can make several general observations based on the experiments:

Empirical Evaluation

Recent work has acknowledged the unclear boundary between spontaneous and indicated PTB as they share substantial etiologic overlap (Klebanoff and Keim 2011). Hence,
we decided to focus our study on distinguishing between
any kind of preterm birth and full term birth. In addition,
we considered the more difficult problems of spontaneous
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Preterm vs. Full term, All data

Lasso
Elastic Net
Linear SVM
RBF SVM

T0
0.591
0.591
0.404
0.576

Sensitivity
T1
0.515
0.512
0.427
0.548

T3
0.505
0.502
0.454
0.594

T0
0.59
0.587
0.825
0.621

Specificity
T1
0.672
0.672
0.821
0.724

T3
0.727
0.731
0.84
0.719

T0
0.589
0.588
0.575
0.596

G-mean
T1
0.587
0.586
0.591
0.63

T3
0.604
0.604
0.616
0.652

T0
0.533
0.533
0.49
0.49

G-mean
T1
0.477
0.481
0.523
0.489

T3
0.483
0.486
0.515
0.5

T0
0.455
0.452
0.48
0.5

G-mean
T1
0.483
0.485
0.488
0.46

T3
0.473
0.47
0.519
0.533

Preterm vs. Fullterm, Spontaneous only

Lasso
Elastic Net
Linear SVM
RBF SVM

T0
0.528
0.521
0.498
0.403

Sensitivity
T1
0.349
0.357
0.534
0.403

T3
0.356
0.356
0.468
0.428

T0
0.54
0.547
0.498
0.594

Specificity
T1
0.658
0.652
0.514
0.601

T3
0.666
0.674
0.569
0.584

Preterm vs. Fullterm, Nulliparous only

Lasso
Elastic Net
Linear SVM
RBF SVM

T0
0.361
0.354
0.395
0.406

Sensitivity
T1
0.347
0.347
0.4
0.341

T3
0.310
0.302
0.417
0.424

T0
0.577
0.583
0.588
0.637

Specificity
T1
0.682
0.686
0.604
0.643

T3
0.75
0.755
0.657
0.679

Table 2: Average test rates for different populations at each tick.
4. The observed SVM performance is obtained without requiring any additional data processing (beyond what is
described in (Clinical Informatics Group 2013)). We use
the unbalanced version of SVM along with the G-Mean
metric and do not resort to synthetic sampling techniques
to artificially balance the classes.

ful nonlinear classifiers that would generalize well (and
hence the tendency to select a small C value in all SVM
experiments).
10. This study is a step towards harnessing the wealth of information encapsulated in vast amount of health data to
derive powerful prediction models and using this knowledge to improve personal health and wellness.

5. When we consider the entire (full) dataset, we perform
better with increasing ticks (as the pregnancy progresses).
This reflects our intuition as we are getting more and more
information (features) about each patient (example), and
hence expect to better discriminate between them.

6

Significance and Impact

Developing a reliable risk prediction system for diseases is
a critical step towards better personal health and wellness.
This usually involves deriving powerful models from healthrelated big data. In this paper, we describe our efforts towards developing a preterm birth prediction system to be
used clinically to reduce its incidence and consequences.
Dr. Creasy qualified PTB as a “vexing national problem”
(Creasy 1993). It truly is, if we consider the increasing incidence of PTB in the US and worldwide despite the immense
efforts spent in the last decades to solve it.
Today, there is no prediction system to identify women
at risk of PTB to prevent this adverse pregnancy outcome.
Specifically, nulliparous women (first time mothers-to-be)
remain the most vulnerable population. We have demonstrated in this work that prediction of PTB is not an elusive goal to achieve. Our experiments with support vector
machines, and regression techniques have shown that we
significantly improve on the existing results. Moreover, this
methodology is used off-the-shelf to handle very unbalanced
classes of examples, large number of features, and different feature types. Consequently, it is not necessary to remove features or examples to produce meaningful results,
and we discard virtually no data throughout our study. However, more work is needed to achieve models that can be

6. SVM with a non-linear (RBF) kernel outperforms linear
SVM for the full data. For spontaneous only data, there is
no improvement by using non-linear SVM or increasing
the tick. This suggests that the data is not suitable (due
to noise or some other reason) to discriminate between
classes, and further feature processing may be required.
7. The high number of support vectors required for the SVM
solution throughout the SVM runs (across ticks, kernels,
data) suggests that preferable decision rule is approximately linear. In other words, under-fitting the data (small
C value) generalizes better to unseen examples.
8. We consider the Nulliparous data only to be the most difficult of the three datasets. This is especially clear at tick
0 when most of the critical features come from previous
pregnancy history which is not available for nulliparous
women.
9. A nearest neighbor algorithm which we applied to the data
suggests that the examples of the minority class (preterm)
have few minority class neighbors. In other words, the
minority examples are isolated among the majority class
examples. As a result, it is difficult to obtain meaning-
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T0
Preterm delivery
#Term delivery
# Yrs. since last pregnancy
Marital status
Race
# Prev. preterm deliveries
Mom age
Use of car
Parity
#Prev. PROM 20-36 weeks
Insurance
Total number of pregnancies
Income

T1
Preterm delivery
#Term delivery
Cervical consistency
Membranes protruding into cervix
Vaginal bleeding, 1st or 2nd trim.
#Term delivery
Visit 1 FFN (wk 23-24)
Summary FFN (wk 23-24)
Race
Cervical FFN +/- (wks 23-24)
Uterine contractions in last 2 wks
Marital status
#Prev. preterm deliveries

T3
Preterm delivery
Membranes protruding into cervix
Uterine contractions in last 2 wks
Cervical consistency
# Yrs. since last pregnancy
Cervical position
Use of car
Activity restriction
Visit 3 FFN (wk 27-28)
Major complications since Visit 1
Uterine contractions in last 2 wks
Summary FFN (wk 27-28)
Marital status

Table 3: Rank order of the top features in predicting Preterm vs. Full term (all data) using Linear SVM.
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