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Abstract

Background: Early identification of pregnant women at risk for preterm birth (PTB), a major
cause of infant mortality and morbidity, has a significant potential to improve prenatal care.
However, we lack effective predictive models which can accurately forecast PTB and complement
these predictions with appropriate interpretations for clinicians. In this work, we introduce a
clinical prediction model (PredictPTB) which combines variables (medical codes) readily
accessible through electronic health record (EHR) to accurately predict the risk of preterm birth
at 1, 3, 6, and 9 months prior to delivery.

Methods: The architecture of PredictPTB employs recurrent neural networks (RNNs) to model
the longitudinal patient’s EHR visits and exploits a single code-level attention mechanism to
improve the predictive performance, while providing temporal code-level and visit-level
explanations for the prediction results. We compare the performance of different combinations of
prediction time-points, data modalities, and data windows. We also present a case-study of our
model’s interpretability illustrating how clinicians can gain some transparency into the predictions.

Results: Leveraging a large cohort of 222,436 deliveries, comprising a total of 27,100 unique
clinical concepts, our model was able to predict preterm birth with an ROC-AUC of 0.82, 0.79,
0.78, and PR-AUC of 0.40, 0.31, 0.24, at 1, 3, and 6 months prior to delivery, respectively.
Results also confirm that observational data modalities (such as diagnoses) are more predictive for
preterm birth than interventional data modalities (e.g., medications and procedures).

Conclusions: Our results demonstrate that PredictPTB can be utilized to achieve accurate and
scalable predictions for preterm birth, complemented by explanations that directly highlight
evidence in the patient’s EHR timeline.

Keywords: deep learning; predictive models; attention mechanism; electronic health record;
preterm birth; pregnancy
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Introduction

Preterm birth (PTB) is defined as a delivery that occurs before the start of the 37th week of preg-

nancy, as opposed to full-term birth which occurs anytime from 37 to 42 weeks of gestation [1].

Worldwide, more than 15 million babies, or about 10 − 15% of all alive births, are born preterm

every year [2, 3]. PTB accounts for over one third of infant mortality, and babies born preterm are at

increased risk of significant long-term morbidity and disability, such as cerebral palsy, neurological

disorders, behavioral problems, developmental delays, and mental health conditions [4–8]. There-

fore, identifying pregnancies at risk for PTB and accordingly providing adequate interventions can

improve both short- and long-term outcomes for babies born preterm.

The majority of existing work on PTB prediction aims to identify risk factors of PTB through

a hypothesis-testing methodology, under highly-controlled settings. A number of risk factors have

been reported to increase the risk of PTB such as: previous preterm labor, multiple gestation (being

pregnant with more than one baby), diabetes, complications with the cervix, uterus, or placenta,

tobacco smoking, and infections [9–11]. However, women who have preterm delivery often have no

known risk factors [12]. In addition, some of the predictors (such as prior PTB) does not apply

for first-time mothers. As a result, machine learning is of great interest to better predict PTB

and several studies have attempted to predict PTB using machine learning techniques on a set

of pre-defined clinical risk factors [13–20], or leveraging diverse variables from electronic health

record (EHR) data [21]. More recently, few studies, with promising results, have used deep learning

techniques to predict PTB using ultrasound and MRI images [22, 23], and high-dimensional EHR

data [24, 25].

However, a majority of these studies reports poor to moderate predictive performance ranging

from 59% to 75% ROC-AUC, ignores the sequential or temporal trajectory of events recorded
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in EHR, mostly used few human-derived features disregarding the huge amount of information

embedded in each patient’s record, and rarely evaluated the model’s performance across multiple

time points throughout the pregnancy timeline. To date, we lack effective predictive models for

PTB, with two important challenges identified for deriving a PTB prediction model: (1) designing

an accurate and scalable predictive model to handle the sequential high-dimensional EHR data, and

being able to automatically select potential predictors from hundreds (if not thousands) of variables,

and (2) complimenting these prediction models with reasonable interpretation mechanisms.

Attention mechanisms have been recently advocated to improve the accuracy as well as the in-

terpretability of deep learning models. It was first introduced to improve the performance of the

encoder-decoder recurrent neural network (RNN) on machine translation [26]. Recently, attention

mechanisms have accomplished considerable success in many prediction tasks in healthcare [27–30].

Among these efforts, Choi et.al [27] proposed a model known as RETAIN, which uses a two-level

neural attention model to predict heart failure using patient’s temporal EHR data. The predic-

tive performance or RETAIN is comparable to recurrent neural networks (RNNs), while providing

explanations for the visit-level and code-level contributions to the final prediction results.

In parallel, the expeditious growth in size and diversity of clinical data from electronic health

records (EHR) has attracted the utilization of this data to predict a wide spectrum of clinical

outcomes. However, EHR resources have been largely unexploited in the study of pregnancy. In

contrast to other clinical contexts, the clinical surveillance of pregnancy data and its outcomes

take place in a well-defined time frame, based on gestational length. Hence, EHRs seem to be

very appropriate for modelling pregnancy complications, including preterm birth. To this end,

predictive modeling using attention mechanisms with EHR data is anticipated to provide accurate

individualized predictions for expecting mothers threatened with PTB.
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In this work, we propose the PredictPTB model, an interpretable code-level attention-based re-

current neural network model to predict the risk of preterm delivery using multiple sources of

temporal data from EHRs. We use a large dataset of 222,436 deliveries to demonstrate the pre-

dictive performance of the proposed model on the preterm birth prediction task compared to the

original RETAIN model. We conduct a quantitative analysis to assess the effectiveness of the Pre-

dictPTB approach among several prediction points, data windows, and data modalities. Finally,

we qualitatively examine the interpretability of the PredictPTB model by visualizing the learned

attention-based weights and against the attention-based scores learned by the RETAIN model. The

contributions of the paper can be summarized as follows:

• We propose a simplified version of the RETAIN architecture, where we employ RNNs to model

the sequential patient’s EHR visits, and exploit a single code-level attention mechanism to

improve the predictive performance while providing temporal code-level explanations for the

prediction results.

• We compare the performance of our model across different combinations of data modalities,

prediction points, and data windows to find an optimal combination for preterm birth pre-

diction. We further compare these combinations of our model to other baseline models.

• We present a case-study of our model interpretability at visit-level and code-level, which

illustrates how clinicians can gain some transparency into the predictions.

Methods

Problem formulation

Let P = {p1, . . . . . . pn} be a dataset of n patients. Each patient pj EHR is comprised of a sequence

of Tj patient visits, pj = {x1, x2, . . . , xTj
}, ordered by visit date t ∈ {1, Tj}, where the last time

point Tj denotes the time on which the delivery for patient pj has occurred. We express medical
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events in EHR as medical codes (e.g. diagnoses, medications, procedures, and lab orders), denoted

as {c1, c2, . . . , c|C|} ∈ C, where C represents the entire set of unique medical codes. Each visit xi

can be expressed as a binary vector xi ∈ {0, 1}|C|, where the k-th element is set to 1 if the i-th

visit contains the medical code ck, otherwise it is set to 0. Let m = {m1, . . . ,mp} be the set of

prediction time points. Given the EHR history pj = {x1, x2, . . . , xT−m} of each jth patient up to

time point T −m, our task is to predict the risk of a PTB at time point T , denoted as ŷjT ∈ {0, 1},

and accurately interpret why a patient is predicted as PTB, using the patient’s temporal EHR

history. To address this problem, we introduce a code-level attention-based RNNs to provide an

interpretable clinical risk prediction model for preterm birth.

Preliminaries on attention mechanism

Attention mechanism has been an important component in recurrent neural networks (RNNs) to

capture long-term dependencies. It computes the dynamic weights representing the relative impor-

tance of the inputs in a sequence for a particular output. Figure 1(a) illustrates the architecture

of a standard attention model, in which the attention mechanism summarizes the source sequence

information in the encoder RNN hidden states (i.e., hi), computes the dynamic attention scores

for each visit vi as αi, and then multiplies the weights αi with the input sequence vi to weight the

sequence. A single context vector ci for a patient up to the i-th visit can then be calculated using

the sum of the weighted vectors as:

ci =

i∑

j=1

αj ⊙ vj (1)
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Reversed Time Attention Model (RETAIN)

The RETAIN model was first introduced in [27] for the prediction of heart failure using patient’s

longitudinal EHR data. Given patient records, RETAIN can make accurate predictions, comparable

to RNNs, while explaining how each medical code at each visit contributes positively or negatively

to the final prediction score. RETAIN is based on a double-attention mechanism, which integrates

two single-attention models (the visit-level attention RNNα and the code-level attention RNNβ)

to generate the patient representation, as illustrated in Figure 1(b). Using the computed attention

weights at visit-level α and code-level β, the context vector ci for a patient up to the i-th visit is

calculated as:

ci =

i∑

j=1

αjβj ⊙ vj (2)

Architecture of the PredictPTB model

The RETAIN architecture seems to have a redundant attention branch for capturing visit-level

attentions, which are inherently available in the code-level attentions. Therefore, to construct a

more precise contextual representation of each patient, we introduce the PredictPTB model. Our

model simplifies the RETAIN architecture into a single code-level attention layer RNNβ . This

approach reduces the complexity of the RETAIN architecture while improving the accuracy of

the predictions due to 1) directly promoting the code-level information in each step of the model,

2) paying more attention to representative and discriminative features than other features, and

3) limiting the number of model parameters which reduces the risk of over-fitting and possible

gradient flow. We use bidirectional RNN, specifically BiLSTM, which enables both future and past

information to be accessible by the current state, providing more information about the input. This
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mimics the practice of a clinician examining a patient’s EHR both forward and backward, trying to

identify a set of weights representing the relative importance of patient’s individual visits or codes

within those visits.

The predictions of our proposed PredictPTB model are made using the steps described in Figure

2, as follows:

• Step 1: The model embeds a patient’s visit sequence vi as:

vi = σ(Wembxi + bx) (3)

where vi ∈ R
m is the embedding of xi ∈ R

C , Wemb ∈ R
m×C is the embedding matrix, m is

the embedding size across C medical variables , σ is a non-linear activation function such as

rectified linear unit (ReLU) or sigmoid, and bx is the bias.

• Step 2: The embeddings are fed as inputs to a recurrent neural network RNNβ , which com-

putes the attention-based contribution scores of individual medical variables and generate

code-level attention weights βi. Note that, in contrast to the RETAIN architecture, we elim-

inate the RNNα layer and use a single attention layer RNNβ to generate the weights, as

follows:

hi, hi−1, . . . , h1 = RNNβ(vi, vi−1, . . . , v1)

βj = tanh(Wβhj + bβ) for j = 1, . . . , i.

(4)
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where hi ∈ R
q is the hidden layer of RNNβ at time step i, q is the hidden size of RNNβ , βj

is the attention weight for individual variables, Wβ ∈ R
m×q and bβ ∈ R

m are parameters to

learn.

• Step 3: The computed attention weights are used to generate the patient representation

context vector ci as:

ci =
i∑

j=1

βj ⊙ vj (5)

where ci ∈ R
m

• Step 4: The predictions of our model can then be computed by linearly transforming the

context vectors ci using:

ŷi = Softmax(Wci + b) (6)

where W ∈ R
m and b ∈ R are the parameters to learn.

Interpreting PredictPTB model

To interpret predictions made by our PredictPTB model, we follow the interpretation approach

described in [27]. Given a patient’s list of visits x1, . . . , xi, the probability of the binary output

vector yi ∈ {0, 1} can be predicted as follows:

p(yi | x1, . . . , xi) = p(yi | ci) = Softmax(W (

i∑

j=1

βj ⊙ vj) + b) (7)
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p(yi | x1, . . . , xi) = Softmax(W (

i∑

j=1

βj ⊙

C∑

k=1

xj,kWemb[:, k]) + b) (8)

= Softmax(

i∑

j=1

r∑

k=1

xj,kW (βj ⊙Wemb[:, k]) + b) (9)

where xj,k is the k-th element of the input visit xj . In order to compute the contribution ω of the

k-th code at each visit xj at time step j ≤ i for predicting yi, we deconstruct Equation 9 into10,

where we exclude the index i of yi in the βj , as follows:

ω(yi, xj,k) = W (βj ⊙Wemb[:, k])
︸ ︷︷ ︸

Contribution coefficient

xj,k
︸︷︷︸

Patient visit

(10)

In the real clinical practice, clinicians typically identify different weights on different visits and

medical codes, as part of the diagnosis process. In this sense, the above contribution coefficient can

be used to highlight important visits and medical codes.

Preterm birth: data modalities, prediction points, and data windows

Data modalities

For each patient, we extracted data from multiple domains of sources in EHR to enrich the pa-

tient representation with multiple data modalities. The modalities include diagnosis, medications,

procedures, and lab orders. The data of each modality was represented as a concept in a set of
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standardized terminologies, including ICD10 and ICD9 for diagnosis, NDC and brand names for

medications, CPT and ICD9 for procedures, and LOINC for lab orders. The numbers of unique

medical concepts representing diagnosis, medications, procedures, and lab orders were 14795, 1332,

7640, and 3333, respectively.

Prediction points

To further elaborate on the advantages of using the PredictPTB model, we design experiments

to quantify the performance across different prediction time points during the pregnancy timeline.

Using the delivery event as the reference point, we selected the following time points: 1, 3, 6, 9

months, before the delivery event. We refer to these prediction points as P1, P2, P3, and P4, as

shown in Figure 3. For each prediction point, the patient EHR history up to the prediction point

is used for the prediction. For example, if the prediction point is 3 months before delivery, only the

EHR data up to the prediction point is used by the model, and the data between the prediction

point and the delivery event is discarded. This represents real clinical scenarios, where the physician

needs to predict the risk of preterm delivery at different time points of the pregnancy timeline.

Data windows

We used two setups for EHR data windows; long-term (full history) data window and short-term

(pregnancy history) data window. In the long-term window setup, all EHR data of the patient up

to the prediction point X is used to train the predictive models. In the short-term window setup,

only the EHR data between the start of the pregnancy up to the prediction point X is used, and

previous history before pregnancy is discarded. These two data windows will help us assess the

influence of the events happening during the pregnancy timeline on the predictive performance of
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the model, compared to the influence of all events included in the patient EHR history before and

after the start of the pregnancy.

Experiments and Results

Dataset

To validate the predictive performance of the proposed model, we conducted experiments on a clini-

cal EHR dataset, obtained from Cerner Health Facts database, with more than 222,000 deliveries in

the United States between 2000-2017. The medical record of each patient encompasses the following

information: diagnoses, medications, procedures, and lab orders. Tables 1 and 2 describe the statis-

tics of the two cohort setups: long-term window and short-term window, respectively. Furthermore,

to ensure that the RNN model has sufficient number of visits to train on, only patients who have

at least two visits in their EHR were included.

Implementation details

We implemented PredictPTB using Tensorflow 2.0+ framework. The model was trained on a DGX-

1 server equipped with 8 NVIDIA Tesla V100 GPU accelerators. Given a patient’s EHR, the model

predicts whether the expecting mother will deliver a full-term or a preterm baby.

Baselines

Our PredictPTB model was evaluated against two baselines: the Multi-Layer Perceptron (MLP)

and the RETAIN models. For the MLP model, we combine features extracted from all the visits

for a patient into a single feature vector. To do this, we use the counts for each medical code in the

patient’s list of visits. The resulting vector was used to train an MLP model.
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Results

We present the results of preterm birth prediction on the EHR dataset by both the baselines and

our PredictPTB model. All models were trained at four prediction time points 1 month (P1), 3

months (P2), 6 months (P3), and 9 months (P4) before the delivery, and on two data history setups:

long-term and short-term windows.

Prediction performance across prediction time points and data windows

The objective of this experiment is to compare how models trained using combined data modalities

perform in different scenarios, represented by four prediction time points and two data history se-

tups. Figure 4 shows that our PredictPTB model consistently provides more accurate predictions,

as compared to the RETAIN and MLP models, across the four prediction points. Models achieve

the best performance at 1 month before delivery, using the short-term window history, where our

PredictPTB model performed better than both baselines. For this best performance scenario, Pre-

dictPTB achieved a PR-AUC and ROC-AUC of 40.4% and 82.2%, compared to 35.5% and 79.5%

for RETAIN, and 33.5% and 79.0% for MLP. In addition, results show that models improved in

performance as the prediction point got closer to the delivery date. For example, using the long-

term window setup, our PredictPTB model was able to predict the risk of preterm birth at P1 (1

month before delivery) with a PR-AUC and ROC-AUC of 34.7% and 78.8%, compared to 26.1%

and 74.4% at P2 (3 months), 21.0% and 72.6% at P3 (6 months), and 17.3% and 65.2% at P4 (9

months). Moreover, the proposed PredictPTB uses a single attention mechanism to capture both

visit and code-level contribution. Therefore the model size is smaller compared to RETAIN and less

prone to over-fitting.

Moreover, our analysis confirm that EHR features collected after the start of the pregnancy can

better identify preterm births, compared to combining features collected before and after the start of
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the pregnancy. For example, using the short-term data window, PredictPTB achieved a PR-AUC of

40.4%, compared to 34.7% for long-term window at P1. This finding confirms the general intuition

that the short-term condition of a patient is usually the most determinant of health outcome.

Prediction performance using single data modality vs. combined data modalities

The objective of this experiment is to evaluate the prediction performance of models trained on

each individual data modality compared to models trained on all modalities combined together.

Results presented in Figure 5 and 6 show that combining all modalities together provides the best

predictive performance, compared to using individual modalities. As for individual data modalities,

diagnosis data achieved the highest performance across all prediction points and data windows.

Diagnosis codes represents the most condensed information about patient status and history. While

the main purpose of these codes are for billing purposes, it has been widely shown that they are

highly predictive of patient health outcome [31]. At P1, diagnosis data was able to predict preterm

delivery with PR-AUC and ROC-AUC of 36.7% and 80.1% for short-term window, and 31.6%

and 76.5% for long-term window. As for data modalities, results demonstrated that combining

all modalities together (diagnosis, medication, procedures, and lab results) improved the PR-AUC

by 10% compared to using the diagnosis modality alone. The performance of other modalities

varied among different data windows and prediction points. For example, procedures data was

the least predictive modality for long-term window across all prediction time points. For these

results, we note that observational modalities (diagnosis and lab orders) are more predictive than

intervention modalities (medication and procedure). Since interventions can be subject to doctor

opinion and understanding of the patient history and condition, it might explain the reason why

it is less predictive than the observational data. Another explanation is that the data frequency

for interventional data in EHR is lower than observational data. Hence model training is more
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reliable based on diagnosis and lab order modalities. On the other hand, for short-term window,

procedures modality performed better than medications for the three prediction points P1, P2, and

P3, and better than lab results for for P1 and P3. This highlights that procedures performed after

the start of the pregnancy (short-term window), are better predictors for preterm birth, compared

to medications and lab results ordered during pregnancy.

Model interpretation for preterm birth prediction

We present a use case to demonstrate the ability of our PredictPTB model to explain individ-

ual prediction results, at visit-level and code-level, for preterm birth prediction. In addition, we

compare the visit-level contributions generated by the PredictPTB and RETAIN models. For Pre-

dictPTB, code-level contributions are computed as described in Eq 10, and visit-level contributions

are computed by aggregating the contributions of individual codes included within a visit.

Code-level and visit-level interpretations

In Figure 7, we show an example for a patient from the test set, predicted as preterm delivery using

the PredictPTB model. The blue square (in Oct 2017) indicates the delivery date. The attention

weights show strong contribution of a previous visit, about two years prior to delivery. Looking closer

at the medical codes included in this visit (Figure 8), we can see that a previous single live birth

delivery at 30-34 weeks of gestation (preterm) occurred on that day, due to severe preeclampsia.

These findings are in line with published literature reporting that a history of prior preterm birth

and preeclampsia in a previous pregnancy are major risk factors for preterm delivery in subsequent

pregnancies [32, 33]. In addition, the codes included in this visit indicate a long-term and current

use of aspirin during the previous pregnancy, probably to prevent preterm preeclampsia. Moreover,

the codes on this visit report that this patient had a previous cesarean delivery, which might also
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increase the risk of preterm birth in later pregnancies [34, 35]. This patient is a great example

demonstrating the ability of the attention mechanism to go beyond recent events and model long-

range dependencies among medical events to the predicted outcome.

Comparison of visit-level attributions of PredictPTB and RETAIN models

Here, we show an example for a use-case, where PredictPTB was able to produce more clinically-

relevant explanations for preterm prediction than RETAIN, using data available up to one month

before the delivery event. In Figure 9, we can observe that PredictPTB highlights a few visits,

a month before the delivery, with high contributions in February 2016, while RETAIN highlights

some older visits with high contribution between August 2013 and December 2014. The visits

which were highlighted by the PredictPTB model includes the following codes: F41.9: Anxiety

disorder, J02.9: Acute pharyngitis, J06.9: Acute upper respiratory infection, and 18481-2: Culture

Throat and Group A Beta Strep AG Rapid Screen Qualitative, while visits highlighted by the

RETAIN model includes the these codes: Z32.01: Encounter for pregnancy test result positive, Z30.9:

Encounter for contraceptive management, and N76.0: Acute vaginitis. For this patient, PredictPTB

visit attributions seem to be more clinically-relevant than RETAIN attributions, since having an

acute upper respiratory infection such as acute pharyngitis was found to be positively correlated

with preterm birth [36, 37]. In addition, anxiety has been reported in several studies as a risk factor

for preterm birth [38, 39]. The visits highlighted by the RETAIN model, are about three years prior

to the delivery, which makes them less relevant, especially not reporting potential risk factors for

preterm delivery, except for acute vaginitis, which might have only affected the previous pregnancy

and not the current one [40]. There is currently no literature reporting that acute vaginitis in a

pregnancy increases the risk of preterm birth in subsequent pregnancies.
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This use-case demonstrates the ability of the PredictPTB model to utilize the computed contri-

butions of individual medical codes to explain code-level and visit-level contributions to the model’s

prediction for a particular patient. In addition, PredictPTB may be able to provide more precise

interpretations than RETAIN for preterm birth predictions. The use of a single attention layer

for both code-level and visit-level attributions seems to provide a more consistent interpretations

compared to two separate attention layers as in RETAIN.

Discussion

We introduced the PredictPTB model to predict the risk of preterm birth, using patient EHR

longitudinal data. The core component of our model is a code-level attention-based RNN, which

can embed relevant contextual information into each medical code to generate code-level attention

weights. We demonstrated the prediction performance of our model on the task of predicting the

risk of preterm birth, up to 9 months earlier than its occurrence, using data routinely collected in

EHR.

Results showed that our PredictPTB model performed better than the RETAIN model, across

all prediction points, data windows, and data modalities. The PredictPTB model achieved the best

predictive performance at 30 days before delivery, with an ROC-AUC of 82.2% and PR-AUC of

40.4%, when using combined data modalities and pregnancy history setup. As for data modalities,

results demonstrated that combining all modalities together (diagnosis, medication, procedures, and

lab results) improved the PR-AUC by 10% compared to using the diagnosis modality alone and

improved the ROC-AUC for about 4%. This suggests that combination of all data modalities have

the potential to quantify PTB risk better than using the diagnosis data alone, due to enrichment

of individual patient representation with multiple data sources. Moreover, results showed that the

use of models trained on data collected after the start of the pregnancy improved the performance
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by up to 5% on ROC-AUC, compared to models trained on the full patient EHR history, which

includes both data before and after the start of the pregnancy. This supports previous findings in

[41–43], which indicates that the most important risk factors are associated with events happening

during the pregnancy timeline.

The PredictPTB model has a number of architectural advantages over previous methods for

modelling EHR data for prediction of clinical outcomes. Firstly, the attention-based approach we

implemented is more interpretable than other black-box deep learning methods, which often lack

the capability of identifying features driving predictions. This property enables clinician to better

understand risk factors associated with the predicted clinical outcomes. Second, our flexible archi-

tecture enables capturing additional modalities of EHR data (e.g. surgeries, clinical notes, etc.), by

simply adding a fifth or sixth (or more) list of concepts to our embedding layer. Third, PredictPTB

is based on a relatively simple architecture compared to previous methods such as RETAIN, and

GRAM [28]. PredictPTB reduces the complexity of the RETAIN architecture while improving the

accuracy of the predictions. Simple models are known to provide three main advantages over com-

plex models: prevent overfitting, improve interpretability, and increase computational efficiency [44].

This is especially important when using EHR high-dimensional datasets like our pregnancy dataset

(> 27, 000 variables) because having a large number of variables may lead to overfitting. In addition,

having too many variables can be hard to interpret, especially when variables are correlated with

each other. Moreover, the training of the PredictPTB model requires less computational time than

RETAIN.

Compared to published work on preterm birth prediction, our approach has a number of advan-

tages. First, to the best of our knowledge, this work is one of the first to consider such a large

number of patients (222,436 deliveries), collected from more than 300 healthcare centers in the U.S.
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This large dataset enabled our model to learn for diverse patient conditions and be able to capture

common as well as relatively uncommon risk factors (examples are available in appendix Figures 13

and 14). Second, given the unbalanced classification problem where preterm deliveries are much less

than full-term deliveries, our model has a high predictive performance with an ROC-AUC of 82.2%

and PR-AUC of 40.4% using data available up to one month before delivery. Previous work on

predicting preterm reported poor to moderate predictive performance with an ROC-AUC ranging

from 59% to 74% [17, 45, 46]. Third, compared to previous work, our model is capable of leveraging

the sequential and temporal trajectory of events recorded in EHR, which included large amount of

information embedded in each patient’s record.

A recent work [25], which predicts preterm birth using gradient boosted decision trees on EHR

data, have achieved an a ROC-AUC of 0.75 and PR-AUC of 0.40 at 28 weeks of gestation (which is

approximately two months before delivery). Compared to PredictPTB, this model provides predic-

tions starting from two months before delivery and up to 10 days before delivery, and no information

was provided about the model’s performance at earlier stages of the pregnancy timeline. In addi-

tion, this work is limited to diagnosis data and doesn’t consider other data modalities. On the other

hand, PredictPTB combines four data modalities (diagnosis, medications, lab orders, and proce-

dures). This combination enables PredictPTB to learn a better representation that can capture a

patient’s EHR in as much detail as possible.

Furthermore, our interpretability visualization highlighted several known risk factors for preterm

birth, which establishes further confidence in our approach.

Our PredictPTB model supports the idea of personalized clinical decision support, by deriving

relative importance of an individual medical code based on the context of the entire EHR history of

a patient. A possible clinical application scenario would use our model to scan the medical history
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of an expecting mother, compute the risk score for preterm birth, and provide a visualization for

healthcare providers to help them identify patients at high-risk of preterm delivery and arrange

early follow-ups that could prevent complications and additional burden for the healthcare system

and patients.

Conclusion

We have developed and evaluated a well-performing deep learning model for preterm birth pre-

diction, using code-level attention-based recurrent neural networks.Our work demonstrated that

temporal deep learning models can predict preterm delivery up to nine months earlier than its

occurrence, using routinely collected data in electronic health records. In addition, predictions of

our model are complemented by explanations that directly highlight evidence in the patient’s EHR

timeline. Future work may utilize our model to provide patient-specific predictions and interpre-

tations for more pregnancy complications (e.g. hypertension, gestational diabetes, preeclampsia,

infections, and iron-deficiency anemia) and pregnancy outcomes (e.g. mode of delivery, stillbirth,

miscarriage, and neonatal death).

Appendix

Additional Results

In this section, we show more results for PredictPTB performance using sensitivity and specificity

metrics. Figure 10 compares PredictPTB to MLP and RETAIN across the four prediction points,

using all data modalities, for long-term and short-term data windows. Figures 11 and 12 compare

models trained on single modality and combined modalities of data for long-term and short-term

data windows, respectively.
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Examples for PredictPTB Interpretability
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Figures

Figure 1: (a) Standard attention model, (b) RETAIN model, (c) PredictPTB model.

Figure 2: An overview architecture of our code-level attention model (PredictPTB).

Figure 3: Prediction points used in the analysis

Tables

Table 1: Summary statistics for long-term window cohort

Cohort:

Full History

Total

#pregnancies
Counts for each class Mean age

Average

#visits

P1 (1 month) 222436
Fullterm 204700 28.03 12.19

Preterm 17736 28.76 13.37

P2 (3 months) 202930
Fullterm 187073 27.81 10.96

Preterm 15857 28.42 12.26

P3 (6 months) 177253
Fullterm 163641 27.45 10.1

Preterm 13612 27.84 11.51

P4 (9 months) 150904
Fullterm 138468 26.91 9.92

Preterm 12436 27.43 11.24

Table 2: Summary statistics for short-term window cohort

Cohort

Pregnancy History

Total

#pregnancies
Counts for each class Mean age

Average

#visits

P1 (1 month) 168932
Fullterm 155647 28.15 6.96

Preterm 13285 29.08 7.07

P2 (3 months) 133704
Fullterm 123968 28.04 5.16

Preterm 9736 28.87 5.27

P3 (6 months) 77779
Fullterm 73477 27.95 3.33

Preterm 4302 28.56 3.28
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Figure 4: Predictive performance of the implemented models across the four prediction points

using all data modalities for long-term and short-term data windows

Figure 5: Predictive performance of models trained on single modality and integrated

modalities of data, across the four prediction points using long-term data window.

Figure 6: Predictive performance of models trained on single modality and integrated

modalities of data, across the three prediction points using short-term data window.

Figure 7: Temporal visualization of visit-level contributions over a patient’s EHR timeline,

using PredictPTB model trained to predict preterm birth.

Figure 8: Interpretation of prediction results over a patient’s EHR timeline. The code-level

attribution in each visit is shown along the x-axis (i.e. time) with the y-axis representing the

magnitude of individual codes contributions to preterm birth in each visit.

Figure 9: Comparison of visit-level attributions between PredictPTB and RETAIN models.

Figure 10: Predictive performance of the implemented models across the four prediction points

using all data modalities for long-term and short-term data windows

Figure 11: Predictive performance of models trained on single modality and combined

modalities of data, across the four prediction points using long-term data window (sensitivity

and specificity).
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Figure 12: Predictive performance of models trained on single modality and integrated

modalities of data, across the three prediction points using short-term data window (sensitivity

and specificity).

Figure 13: Example for a patient where PredictPTB was able to learn rare complications as

risk factors for preterm birth. This patient was diagnosed with twin-to-twin transfusion

syndrome (TTTS), a rare disorder which affects 10− 15% of monochorionic, diamniotic twin

pregnancies [47]. This observation is in line with literature reporting that pregnancies with

TTTS complication are at increased risk for PTB [48].

Figure 14: Example for a patient where PredictPTB captures common risk factors and assigns

a high importance score to the visit in which these codes are documented. The highlighted visit

has two important risk factors: infection of urinary tract in pregnancy and pre-existing diabetes

mellitus in pregnancy.



Figures

Figure 1

(a) Standard attention model, (b) RETAIN model, (c) PredictPTB model.

Figure 2

An overview architecture of our code-level attention model (PredictPTB).



Figure 3

Prediction points used in the analysis



Figure 4

Predictive performance of the implemented models across the four prediction points using all data
modalities for long-term and short-term data windows



Figure 5

Predictive performance of models trained on single modality and integrated modalities of data, across
the four prediction points using long-term data window.



Figure 6

Predictive performance of models trained on single modality and integrated modalities of data, across
the three prediction points using short-term data window.



Figure 7

Temporal visualization of visit-level contributions over a patient’s EHR timeline, using PredictPTB model
trained to predict preterm birth.

Figure 8

Interpretation of prediction results over a patient’s EHR timeline. The code-level attribution in each visit is
shown along the x-axis (i.e. time) with the y-axis representing the magnitude of individual codes
contributions to preterm birth in each visit.



Figure 9

Comparison of visit-level attributions between PredictPTB and RETAIN models.



Figure 10

Predictive performance of the implemented models across the four prediction points using all data
modalities for long-term and short-term data windows



Figure 11

Predictive performance of models trained on single modality and combined modalities of data, across
the four prediction points using long-term data window (sensitivity and speci�city)



Figure 12

Predictive performance of models trained on single modality and integrated modalities of data, across
the three prediction points using short-term data window (sensitivity and speci�city).



Figure 13

Example for a patient where PredictPTB was able to learn rare complications as risk factors for preterm
birth. This patient was diagnosed with twin-to-twin transfusion syndrome (TTTS), a rare disorder which
affects 10 − 15% of monochorionic, diamniotic twin pregnancies [47]. This observation is in line with
literature reporting that pregnancies with TTTS complication are at increased risk for PTB [48].

Figure 14

Example for a patient where PredictPTB captures common risk factors and assigns a high importance
score to the visit in which these codes are documented. The highlighted visit has two important risk
factors: infection of urinary tract in pregnancy and pre-existing diabetes mellitus in pregnancy.


