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Abstract. Prediction of a labor due date is important especially for the pregnancies
with high risk of complications where a special treatment is needed. This is
especially valid in the countries with multilevel health care institutions like Russia.
In Russia medical organizations are distributed into national, regional and municipal
levels. Organizations of each level can provide treatment of different types and
quality. For example, pregnancies with low risk of complications are routed to the
municipal hospitals, moderate risk pregnancies are routed to the reginal and high
risk of complications are routed to the hospitals of the national level. In the situation
of resource deficiency especially on the national level it is necessary to plan
admission date and a treatment team in advance to provide the best possible care.
When pregnancy data is not standardized and semantically interoperable, data
driven models. We have retrospectively analyzed electronic health records from the
perinatal Center of the Almazov perinatal medical center in Saint-Petersburg, Russia.
The dataset was exported from the medical information system. It consisted of
structured and semi structured data with the total of 73115 lines for 12989 female
patients. The proposed due date prediction data-driven model allows a high accuracy
prediction to allow proper resource planning. The models are based on the real-
world evidence and can be applied with limited amount of predictors.
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Introduction

Prediction of a labor due date is important especially for the pregnancies with high risk
of complications where a special treatment is needed [1]. This is especially valid in the
countries with multilevel health care institutions like Russia. In Russia medical
organizations are distributed into national, regional and municipal levels. Organizations
of each level can provide treatment of different types and quality. For example,
pregnancies with low risk of complications are routed to the municipal hospitals,
moderate risk pregnancies are routed to the reginal and high risk of complications are
routed to the hospitals of the national level. In the situation of resource deficiency
especially on the national level it is necessary to plan admission date and a treatment
team in advance to provide the best possible care.

1 Corresponding Author. Oleg Metsker, Almazov National Medical Research Centre, Saint-Petersburg,
Russia; E-mail: olegmetsker@gmail.com
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Experience of implementing machine learning methods shows that efficient due date
prediction can be made based on the ultrasound data [2]. Artificial neuron networks
showed high accuracy in the due date prediction [3].

The development of perinatal episodes is characterized by a significant number of
heterogeneous interconnected factors with different contributions in etiological and
pathological terms at different stages. This significantly complicates the development of
decision support models. In this situation intellectual data analysis and data-driven
models [4] can become a good basis for clinical decision support systems that can support
doctors and healthcare organizers to plan necessary resources on the different healthcare
delivery levels [5]. Latest systematic reviews [6—11] have demonstrated the inability to
accurately predict the due date [12] due to the lack of available data.

Existing perinatal decision support models consider only the specific risk factors
associated with the development of pregnancy. However, there are no comprehensive
models that can predict a due date based on the various parameters available in the
electronic health record. This is largely due to the lack of patient data, which makes it
impossible to build sufficiently accurate mathematical models of pregnancy
development.

Thus, despite the experience gained in developing decision-making models and
forecasting of maternal risks, there is still room for improvement of the models. The
development of such models will to predict a due date with a high accuracy to allow
resources planning and efficient patient routing.

The goal of this study is to develop a model for prediction of a labor due date based
on the pregnancy history data using machine learning methods and to identify the most
important predictors.

1. Methods

We have retrospectively analyzed electronic health records from the perinatal Center of
the Almazov perinatal medical center in Saint-Petersburg, Russia. The dataset was
exported from the medical information system. It consisted of structured and semi
structured data with the total of 73115 lines for 12989 female patients (Dataset A) for
the period between 1st of January 2015 and 3 1st of December 2019.

1.1. Data Preprocessing

e We have extracted 73115 lines with 97 structured features with a mother’s
anamnesis. Each line presents a female patient that underwent treatment or
observation in the perinatal center.

e  All the lines that did not contain labor date were removed from the dataset. This
resulted in the 62734 lines representing c¢ corresponding amount of female
patients

e A target column was a length of a gestation in days.

1.2. Correlation and Features Importance

Correlation analysis was performed using F-score based method of scikit-learn library to
select the most relevant predictors.
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1.3. Sensitivity Analysis and Grid Search

Each experiment ran in the setting of stratified 5-fold cross-validation i.e., random 80%
of training dataset was used for training and random 20% for testing of training dataset
(70% random selection from the study dataset) for testing. Target class ratios in the folds
were  preserved. The gradient search parameters were: params =
{'min_child weight"[4,5], 'gamma':[i/10.0 for i in range(3,6)], 'subsample":[i/10.0 for i
in range(6,11)], 'colsample bytree:[i/10.0 for i in range(6,11)], 'max_depth': [2,3,4]}.
We compared Gradient Boosting regression, Random forest regression, Linear
regression and Voting regression. Root mean square error was used as a performance
metric. After determining the optimal dataset and model parameters, we performed a
validation with the testing dataset (30% random selection from the study dataset). Scikit-
learn library was used for the experiment. Mean Absolute Error (MAE) was used as a
performance metric. The best performing regressor was evaluated on the test dataset
(20% random selection from the study dataset). For this study we used Python 3.6.3 and
scikit-learn 0.19.1% as the basic framework for machine learning models.

2. Results
2.1. Features Importance

This section describes predictors that are either well-known (for example, the age of the
mother, etc.), as well as previously weakly described predictors (such as the sex of the
child, RH factor, gastrointestinal diseases). The results of the features importance
analysis are presented in the Figure 1.
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Figure 1. Features importance for the due date prediction

Figure 2 and Table 1 presents the results of the grid search for the optimal regression model for a due date
prediction.

2 https://scikit-learn.org/stable/
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Table 1. Prediction efficiency for different regressors

Regressor MAE
Random Forrest 3.72
Gradient Boosting 8.02
Linear regression 7.12
Voting regression 6.58
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Figure 2. Due date Regression prediction

The grid search resulted in the optimal grid parameters: {'colsample bytree" 0.9,
'gamma’: 0.3, 'max_depth": 2, 'min_child weight" 4, 'subsample’: 1.0}. We used a MAE
for the delivery due date accuracy assessment. The random forest regression gave the
best value of MAE of 3.85 on the test dataset.

3. Discussion

The proposed due date prediction data-driven model allows a high accuracy prediction
to allow proper resource planning. The models are based on the real-world evidence and
can be applied with limited number of predictors. We have also identified the most
important features to predict the labor due date. This will help policy makers to establish
proper data collection channels to have the most important information in the electronic
health records.
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