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Abstract
Gestational diabetes Mellitus (GDM), a condition involving abnormal levels
of glucose in the blood plasma has seen a rapid surge amongst the gestating
mothers belonging to different regions and ethnicities around the world. Cur-
rent method of screening and diagnosing GDM is restricted to Oral Glucose
Tolerance Test (OGTT). With the advent of machine learning algorithms, the
healthcare has seen a surge of machine learning methods for disease diag-
nosis which are increasingly being employed in a clinical setup. Yet in the
area of GDM, there has not been wide spread utilization of these algorithms
to generate multi-parametric diagnostic models to aid the clinicians for the
aforementioned condition diagnosis.

In literature, there is an evident scarcity of application of machine learn-
ing algorithms for the GDM diagnosis. It has been limited to the proposed
use of some very simple algorithms like logistic regression. Hence, we have
attempted to address this research gap by employing a wide-array of machine
learning algorithms, known to be effective for binary classification, for GDM
classification early on amongst gestating mother. This can aid the clinicians
for early diagnosis of GDM and will offer chances to mitigate the adverse out-
comes related to GDM among the gestating mother and their progeny.

We set up an empirical study to look into the performance of different ma-
chine learning algorithms used specifically for the task of GDM classification.
These algorithms were trained on a set of chosen predictor variables by the ex-
perts. Then compared the results with the existing machine learning methods
in the literature for GDM classification based on a set of performance metrics.
Our model couldn’t outperform the already proposed machine learning mod-
els for GDM classification. We could attribute it to our chosen set of predictor
variable and the under reporting of various performance metrics like precision
in the existing literature leading to a lack of informed comparison.

Keywords: GDM,machine learning algorithms, binary classification, tree-
based models, XGBoost, performance metrics
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Sammanfattning
Graviditetsdiabetes Mellitus (GDM), ett tillstånd som involverar onormala ni-
våer av glukos i blodplasma har haft en snabb kraftig ökning bland de drab-
bade mammorna som tillhör olika regioner och etniciteter runt om i världen.
Den nuvarande metoden för screening och diagnos av GDM är begränsad till
Oralt glukosetoleranstest (OGTT). Med tillkomsten av maskininlärningsalgo-
ritmer har hälso- och sjukvården sett en ökning av maskininlärningsmetoder
för sjukdomsdiagnos som alltmer används i en klinisk installation. Ändå inom
GDM-området har det inte använts stor spridning av dessa algoritmer för att
generera multiparametriska diagnostiska modeller för att hjälpa klinikerna för
ovannämnda tillståndsdiagnos.

I litteraturen finns det en uppenbar brist på tillämpning av maskininlär-
ningsalgoritmer för GDM-diagnosen. Det har begränsats till den föreslagna
användningen av några mycket enkla algoritmer som logistisk regression. Där-
för har vi försökt att ta itu med detta forskningsgap genom att använda ett brett
spektrum av maskininlärningsalgoritmer, kända för att vara effektiva för binär
klassificering, för GDM-klassificering tidigt bland gesterande mamma. Det-
ta kan hjälpa klinikerna för tidig diagnos av GDM och kommer att erbjuda
chanser att mildra de negativa utfallen relaterade till GDM bland de dödande
mamma och deras avkommor.

Vi inrättade en empirisk studie för att undersöka prestandan för olika ma-
skininlärningsalgoritmer som används specifikt för uppgiften att klassificera
GDM. Dessa algoritmer tränades på en uppsättning valda prediktorvariabler
av experterna. Jämfört sedan resultaten med de befintliga maskininlärnings-
metoderna i litteraturen för GDM-klassificering baserat på en uppsättning pre-
standametriker. Vår modell kunde inte överträffa de redan föreslagna maski-
ninlärningsmodellerna för GDM-klassificering. Vi kunde tillskriva den valda
uppsättningen prediktorvariabler och underrapportering av olika prestanda-
metriker som precision i befintlig litteratur vilket leder till brist på informerad
jämförelse.
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Chapter 1

Introduction

This thesis explores the early risk stratification of gestational diabetes melli-
tus (GDM) by means of prediction models employing machine learning algo-
rithms. GDM is increasingly becoming one of the major complications arising
during pregnancy. This chapter helps provide the context to the problem by
delving into the motivation of the study, problem statement, goals, outlines the
rest of the thesis.

1.1 Motivation
Gestational DiabetesMellitus (GDM) is a condition inwhich a gestatingwoman
without diabetes shows any degree of glucose intolerance [1]. Recent data
shows GDM has rapidly risen in different regions of the world over the years.
Globally, on an average 17% (ranging from 10 to 25%) of pregnancies are
complicated with gestational diabetes mellitus (GDM) [2]. Such a vast range
can be attributed to the choice of ethnicity of the population group under con-
sideration [3, 4]. Also, the screening tests for GDM and even the optimal
glycemic thresholds for diagnosing GDM remains a subject of debate, giving
rise to different prevalence values for GDM. [5]

Currently in a clinical setup, GDM is usually screened and diagnosed through
varying doses of oral glucose tolerance test (OGTT) with no international con-
sensus on when the screening tests shall be performed [6]. According toWorld
Health Organization (WHO), GDM is diagnosed if one of the following crite-
rias are met after performing OGTT:

• fasting plasma glucose 5.1–6.9 mmol/L (92–125 mg/dL)

• 1-hour plasma glucose 10.0 mmol/L (180 mg/dL) following a 75 g oral

1
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glucose load 2-hour plasma glucose 8.5–11.0 mmol/L (153–199mg/dL)
following a 75 g oral glucose load.

Synonymous toWHO recommendation, International Association of Diabetes
and Pregnancy Study Group (IADPSG) also recommends a 75g OGTT. Con-
trary to that, in some countries like United States of America, a two step
screening and diagnostic approach is employed in which a 3-h, 100-g OGTT
is performed after an abnormal 1-h, 50-g glucose challenge test (GCT) [2].
Usually screening for GDM is performed at 24-28 weeks of gestation because
insulin resistance in a gestating mother increases in the second trimester, as a
result of which glucose levels in bloodstream increase abnormally. Placental
hormones aids the insulin resistance, hence, conducting an OGTT too early
in the pregnancy may not diagnose some women with GDM. Whereas con-
ducting an OGTT late in the third trimester might be too late for metabolic
interventions [6].

In spite of variability in clinical opinions for diagnosing GDM, one aspect
where scientific community is not in the crosshairs and is well documented
that GDM is associated with various short and long term adverse maternal and
neonatal outcomes [7, 8]. Adverse short-term (perinatal) outcomes of GDM
encompass hypertension, obstructed labor, post-partum haemorrhage, macro-
somia, shoulder dystocia and neonatal hypoglycemia [9, 10]. Subsequently,
long term outcomes involve greater risk of developing obesity and diabetes in
the mother and the child at later stages of life [11, 12].

It has been established that perinatal outcomes of GDM can be effectively
treated through dietary counseling or pharmacotherapy, if timely intervention
is sought. Hence, diagnosis of GDM early in the gestation is of paramount
importance. [13, 14] Increasing access to medical data has spearheaded the
efforts for the development of multi-parametric machine learning models for
the prediction of various medical conditions. Hence, early risk stratification
of GDM by means of prediction modeling, which can be employed in the first
trimester, might offer avenues to mitigate the adverse GDM outcomes men-
tioned above.

1.2 Problem
The number of publications concerning prediction models in the field of ob-
stetrics has more than tripled in the past decade [15], which clearly reflects
an increased interest in incorporating machine learning and statistical based
approaches towards disease screening and detection. Yet there is an evident
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dearth ofmachine learning based predictionmodels to stratify the risk of GDM
early in the pregnancy. Consequently, the problem is to investigate the extent
to which gestational diabetes mellitus (GDM) can be predicted early in the
gestation by employing machine learning methods on selected predictor vari-
ables.

The research question that this thesis tries to answer can be phrased as:
" By using machine learning algorithms on a set of chosen predictor variables,
how good can these algorithms perform on the task of classification of GDM
among the gestating mother when compared with the existing proposed GDM
classification models? "

1.3 Goals
Given how effective certain machine learning based approaches are in detect-
ing and/or predicting increasing number of diseases, this work attempts to
address the problem by fulfilling following goal:

• Improve the risk based screening of developing GDM by exploring the
use of machine learning models which can ultimately aid the clinicians
in early stratification of gestating mother as GDM positive or GDM neg-
ative. We compare the performance of different models through chosen
metrics.

1.4 Research Methodology
In a scientific project there are two main ways to study a problem statement:

• Formal reasoning on mathematical models.

• Scientific method based on empirical evidence.

Formal reasoning is used for the tasks that can be formulated as proposition
which is logical in nature and this usually happens in mathematical problems.
Formal reasoning is a powerful method when it comes to proving the theories
and or the main hypothesis. Though powerful method to study a problem
statement but a large set of real world problems usually don’t fall under this
domain of study of problem statement as they tend to be too complex to be
mathematically formulate.
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On the other hand, the scientific method of studying a problem statement
based on empirical methods consists of four main parts: Research question for-
mulation, hypothesis generation, experimentation and analysis. The scientist
formulates sets of experiments so that he could test the hypothesis and analyze
the data for empirical evidence to prove or disprove the hypothesis.

This thesis project employs the former method i.e. the scientific method.
The project consists of building a binary classifier based on machine learn-
ing algorithms and a set of chosen predictor variable to classify the GDM
amongst the gestating women. Existing decision rules in literature which aids
the physicians to assess the GDM risk are used as baseline for the first ex-
periment. Next, we choose the best machine learning algorithm amongst the
ones which are employed for the binary classification task of GDM classifica-
tion on the basis of the performance metrics discussed in detail in 2.2. This
is a quantitative research which employs experimental method and strategy
to evaluate these binary classifiers based on the performance metrics. Based
on these metrics and deductive approach, the first hypothesis that can be es-
tablished is machine learning based GDM prediction models are undoubtedly
better than the decision rules currently employed by physicians to assess the
GDM risk in gestating women in combination with oral glucose tolerance test
(OGTT). Subsequently, we optimize our best machine learning based GDM
classifier obtained by performing hyperparameter optimization and compare
it with few existing GDM classification models. The second hypothesis that
can be verified or falsified is that, based on the set of our predictor variables,
we could not marginally improve the performance of our optimized XGBoost
GDM classification model when compared with the few existing GDM clas-
sification models like [16, 17, 18, 19].

1.5 Thesis contributions
The contribution of this thesis can be listed as:

• Built models based onmachine learning algorithms that have not already
been considered in the literature for the task of GDM classification.

• Provides an overview of existing machine learning models for GDM
prediction proposed in the literature by analyzing the drawbacks of the
models proposed.

• Provides a comparison of the models built with existing GDM models
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in literature on a set of performance metrics. Thus, providing a compre-
hensive review of GDM classification models.

• Lists the drawbacks of our proposed model and which direction future
works could proceed in to overcome these drawbacks.

1.6 Ethics and sustainability
This thesis addresses problem that could have huge societal impact. Diagnos-
ing women early in the gestation for GDM will not only free up resources in
the resource-starved healthcare system around the world but will also miti-
gate the adverse outcomes of GDM on the gestating mothers and their babies.
Thereby it could aid physicians or health workers to concentrate the fewer
health resources towards the subjects who are actually in need of it and in
timely manner. This project has been proposed by the host company for their
internal research and appropriate GDPR regulations were met before carrying
out work on this dataset. The dataset is primarily medical in nature where the
predictor variables are already chosen and anonymized in an appropriate man-
ner such that leaving no grounds to link the data to any of the patients from
whom it has been collected.

1.7 Outline
Chapter 2 presents theoretical background of the concepts that are employed
in implementing our different machine learning classifiers and their perfor-
mance metrics. Chapter 3 delves into the related research work that has been
published pertaining to our project. Chapter 4 presents the research methods
and methodologies in detail that are incorporated to study our problem state-
ment. Chapter 5 presents, describe and discusses the results of our project.
Chapter 6 concludes this thesis work and provides insight for future work.



Chapter 2

Background

This chapter provides theoretical background of different concepts that our
approach is built upon.

2.1 Machine Learning
Machine learning is a special kind of computer program that perfom some task
and gets better at performing its task the more data input it encounters and the
longer it runs. Machine Learning has been around for decades now, and the
term has been used at least since 1959 when Arthur Samuel developed a pro-
gram that was able to "learn" to play checkers [7]. Hence, it is not surprising
that over time different definitions and categorizations of machine learning
systems and tasks have been proposed. In the introduction to his quintessential
book, Machine Learning [8], Tom M. Mitchell suggests the following formal
definition:

"A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T,

as measured by P, improves with experience E."

2.1.1 Decision Trees
Decision tree is one of the non-parametric supervised machine learning algo-
rithms that can perform both classification and regression tasks[20]. Decision
trees as name suggests use a tree-like model of decisions. They are frequently
employed where decision making is concerned as they help to visually and ex-
plicitly represent what goes behind in making those decisions at each step. In
other words, decision trees learn simple decision rules which are inferred from

6



CHAPTER 2. BACKGROUND 7

Figure 2.1: A simple learned decision tree from titanic dataset

data features available in order to predict the value of target variable. Decision
trees are also fundamental units in a random forest, which is among the most
powerful machine learning algorithms.

As the machine learning models that performed better at the task of GDM
risk stratification are tree-based, we will take a deeper look into a decision tree
and how it classifies a given task at hand. To illustrate this we make use of the
open source titanic dataset.

A decision tree follows top-down approach visually i.e. the top represents
the root. In the Figure 2.1, the bold text represents a node or a condition which
further splits the tree into branches also known as edges. When an end of an
edge is reached which doesn’t split further, we term that end of edge as leaf
node or in layman terms, a decision has been reached. Looking at the figure-
"Is sex male?" is root node and represents the condition based on which this
node splits further into edges. "died" and "survived" are the leaf nodes which
represent the end of the edges which can’t be split further. This tree obtained
is termed as classification tree as it classifies passenger on titanic as "died" or
"survived". Similarly, a decision tree could be a regression tree as well i.e. it
predicts some continuous value.

There are three factors to decide when it comes to building a decision tree
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namely- Choosing a feature to form a root node and further nodes, what condi-
tions to use to split those nodes, along with a stop criteria. In standard decision
trees, each mode is split using the best split among all the available variables.
Due to the ease to interpret the decision-making down the tree-nodes, deci-
sion trees are grouped as white-box models. Decision trees require very little
data processing as in they don’t require any feature scaling at all. Also, they
implicitly perform feature selection, thus, requiring very little input from the
user. But decision trees can suffer from overfitting easily by perfectly fitting all
the training samples by defining strict conditions for the split on sparse exam-
ples in the dataset. But they will largely perform poorly when it is fed unseen
data. Also, if our dataset is even slightly imbalanced, the resulting decision
tree could be highly biased towards the majority class in dataset.

2.1.2 Random Forest
Ensemble learning which is the aggregation of results of many classifiers is
used to overcome the drawbacks of decision trees mentioned in the section
above. Two well known methods are bagging [21] and boosting [22] of deci-
sion tree classifiers. In boosting, many decision tree classifiers are trained suc-
cessively such that extra weight is assigned to the incorrectly predicted points
by the earlier tree classifiers. When the stop condition is reached, a weighted
vote is taken for prediction. Whereas in bagging methodology for ensemble
learning of decision tree classifiers, trees are built independent of each other
using bootstrap sample of dataset and for prediction at the end, a majority
vote is sort. Bagging and boosting resulted in significant improvement in the
classification accuracy.

Breiman in [23] proposed random forests, which is built upon the bagging
methodology described above by adding a layer of randomness to it. Random
forest fundamentally changes how a decision tree classifier is constructed in
the ensemble i.e. for splitting a node, it uses the best among the subset of the
predictor variables which are randomly chosen at that node.

Mathematically, A random forest could be described as follows: In bag-
ging, a random vector Θ is generated which represents the number of counts in
N boxes resulting from N darts thrown at random at the boxes. Here, N repre-
sents the number of instances in the training set. In random forests, which are
based upon the random split selection, random vector θ represents number of
random independent integers between 1 and K. For every tree in random for-
est, a random θ vector is generated. Symbolically we can say corresponding
to the kth tree in a random forest, a random vector Θk is obtained, independent
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of past random vectors θ1, ....., θk−1. All these random vectors generated for
constructing a random forest share the same distribution. Finally, kth tree is
grown using the training set and the corresponding random vector θk. After K
trees are generated, they vote for the most popular class i.e. the class predicted
mostly by these K trees. Breiman termed these procedures as random forests.

2.1.3 XGBoost
XGBoost algorithm is a scalable end-to-end tree boosting system [24]. XG-
Boost has gained traction in quite a lot of machine-learning challenges in re-
cent times. It has been extensively incorporated into the production pipelines
of many companies, for example: for prediction of ad click through rate [25],
netflix prize [26]. XGBoost is also referred by gradient boosting, stochastic
gradient boosting, multiple additive regression trees or simple gradient boost-
ing machines. Boosting as also described in 2.1.2 is an ensemble technique
which leverage the errors made by existing models by correcting them until no
errors can be corrected by adding models sequentially. XGBoost models are
based on the technique wherein we predict the errors of models are predicted
by newer models which are then added together to make a final assessment
of the prediction. XGBoost algorithm is called gradient boosting because it
particularly minimizes the loss when adding new models using the gradient
decent algorithm.

XGBoost has significant advantages as mentioned below:

• During training XGBoost makes the construction of tree parallel by uti-
lizing all CPU cores.

• XGBoost supports distributed computing which is useful when training
large models

• XGBoost is also cache-aware i.e. it optimizes the cache based on the
data structures used to utilize the hardware in best way possible.

• XGBoost supports very large dataset which might be overwhelming for
regular memory storage by supporting out-of-core computing.

• XGBoost is pretty competent when it comes to sparse data i.e. it could
be termed as sparse-aware algorithm [24]. In other words, it deals with
the missing instances of predictor variables in our dataset quite well.
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2.1.4 Support Vector Machine
Support Vector Machine (SVM) are a set of supervised machine learning al-
gorithms used extensively for classification, regression and outlier detection.
In SVM algorithm, all data points available in our dataset are plotted in N-
dimensional space and through SVM we perform our task of classification by
searching for a hyperplane in this N-dimensional space that best segregates
these data points in to different classes. Here N in N-dimensional space is
equal to the number of the features available in our dataset.

[27] presents some advantages of SVM which are as below:

• SVM is pretty good at classification in high dimensional spaces i.e.
when the number of features available to us are quite in number.

• Memory efficient as it utilizes a subset of training data in the decision
function.

• With the availability of different Kernel functions, SVM provides a wide
range of decision functions with possibility to specify a custom function.

SVMs are also marred with some disadvantages the prominent one is that
SVMs do not provide probability estimates directly, hence, difficult to plot the
AUC-ROC curve. A work-around available for probability calculation is com-
putationally expensive by using an expensive five-fold cross-validation. Below
figure 2.2 is provided by sci-kit learn [27] in the examples for the SVMs. Fig-
ure 2.2 explains how SVM through it’s varied kernel functions help in finding
the hyperplanes that classifies the given data points into different classes. SVC
in the figure simply means Support Vector Classification.
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Figure 2.2: SVM utilizing different kernel functions on iris dataset

2.1.5 Neural Network
Neural networks are loosely inspired from the learning process that occurs in
a human brain. A vast neural network requiring a sufficient amount of com-
puting power would be consist of millions of simple processing nodes called
neurons which are in turn densely interconnected. Neural networks are orga-
nized layers of nodes and the data flows through them in one direction, hence,
they are also referred to as "feed-forward networks". Let’s take a look at the
visual representation of the neural network and how the data flows through it.
In the figure 2.3 below, x represents the input received which is then passed
to the first layer of the neurons or simply nodes, represented by h in the fig-
ure. Each of these h consists of functions which generate individual outputs
which are then passed on to the second layer of neurons represented by g as
inputs. Further, this layers gives outputs which are further combined to yield
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one single value of the prediction/classification task.

Figure 2.3: Visualizing a simple neural network

When a neural network is being trained all of its weights and parameters
are set to random numbers One of the advantages of neural nets is their ability
to dynamically form complex prediction functions.

2.1.6 K-Nearest Neighbor
K-nearest neighbor, also referred as KNN, is an algorithm which utilizes all
the available data instances and classifies new instances based on a similarity
measure, which is also known as distance functions. A new data instance is
assigned to the class most common amongst its K nearest neighbors measured
by a distance function. The two most common distance functions utilized by
K nearest neighbors are:

Euclidean =

√√√√ k∑
i=1

(xi − yi)2 (2.1)
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Manhattan =
k∑
i=1

|xi − yi| (2.2)

These distance functions are utilized only when our variables are continuous.
In case of categorical variables it is advisable to standardized them. As far as
the value of K is concerned it advisable to choose a large K as it reduces the
noise, but then again it is not a necessity. Hence, cross validation could be
employed to find an optimal K based on the kind of dataset in hand.

2.1.7 Logistic Regression
Logistic regression, contrary to its name, is a powerful algorithm when it
comes to binary classification tasks. The name is derived from logistic func-
tion that algorithm employs at its core. Logistic function is also called as
sigmoid function. Sigmoid function takes any real value and maps it between
0 and 1. In binary classification, logistic regression calculates the probability
of an instance belonging to a particular class. If the probability is greater than
decided threshold it outputs the instance belonging to that particular class. The
threshold is usually set at 50%.

Mathematically, once the logistic regression model has estimated the prob-
ability p̂ = hθ(x) that an instance x belongs to the positive class. It can make
prediction on ŷ belonging to one of the binary classes easily using below men-
tioned equation. Logistic regression model prediction for a binary classifica-
tion is given as:

ŷ =

{
0, if p̂<0.5

1, if p̂ ≥ 0.5
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2.2 Performancemeasures formachine learn-
ing model

In this section, we will take a look into how the evaluation metrics are defined
in the context of the classification problem, which are also used in our project
to in order to assess the classification task done by different machine learning
models in our case.

2.2.1 Precision and Recall
Precision also termed as positive predicted value is defined as the fraction of
relevant instances among the retrieved instances. In other words, precision
means the percentage of our results which are relevant. Recall, which is in
medical diagnostic terms widely referred to as sensitivity, is the percentage of
total relevant results correctly classified by our model. Both of the quantities
i.e. precision and recall are a measure of relevance of the results. In a clas-
sification task, which is also what we are attempting to do in this project, the
precision for a class is defined as the number of instances of response variable
correctly labeled as belonging to the positive class divided by the total number
of instances of response variable labeled as part of the positive class by our
model/algorithm. Recall in this context is defined as the number of instances
of response variable correctly labeled as belonging to the positive class divided
by the total number of instances of response variable that in original belong
to the positive class (including those that were not labeled as belonging to the
positive class by the model/algorithm).

A perfect precision score of 1.0 for a class, let’s say GDM positive, would
mean that every instance labeled as belonging to GDM positive class indeed
is a GDM positive instance, but precision doesn’t highlights the number of
instances from GDM positive class that were not labeled correctly. A perfect
recall of 1.0 signifies that every instance from GDM positive class was labeled
as belonging to GDM positive class, but recall doesn’t highlight how many in-
stances of GDMnegative class were incorrectly labeled as GDMpositive. This
also highlights an inverse relationship between precision and recall, where it
is possible to increase either one of the two quantities often at the expense of
other.

Mathematically, precision is defined as

Precision =
TruePositives

TruePositives+ FalsePositives
(2.3)
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And Recall is defined as

Recall =
TruePositives

TruePositives+ FalseNegatives
(2.4)

Figure 2.4 below vividly describes in terms of Venn diagram how the eval-
uation metrics- precision and recall are calculated

Figure 2.4: Venn diagram depicting Precision and Recall
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2.2.2 F1 Score
In many classification tasks, increasing precision will lead to decrease in recall
or vice-versa. Hence, using these two quantities tomeasure the performance of
our model could be tricky. But we have a simpler metric, f1 score, which takes
into consideration both precision and recall. Hence, we aim to maximize this
number to make our model better. F1 score can be defined as the weighted
average of precision and recall. Both the precision and recall have relative
equal contribution to the calculation of the f1 score. F1 score assumes values
between 0, the worst-case scenario, and 1, the best-case scenario.

Mathematically, F1 score is calculated as

F1Score = 2 ∗ Precision ∗Recall
Precision+Recall

(2.5)

2.2.3 Area under curve ROC
Area under curve(AUC) receiver operator curve(ROC) could be defined as
a measure of performance of a classification problem at different decision
threshold values. ROC is a probability curve that is plotted as true positive
rate against the false positive rate on y-axis and x-axis, respectively. And area
under that curve is simply the degree or measure of separability of the classes
in question achieved by the model. Each point on the ROC curve represents
a sensitivity/specificity pair corresponding to a particular decision threshold
value. Higher AUC represents that a model is better at predicting positive class
as positive and negative class as negative. In layman terms, higher AUCmeans
classification model distinguishes between the classes pretty well. An excel-
lent classification model might have an AUC almost approaching 1, where as
AUC of nearly 0 represents a model is almost reciprocating the true classifi-
cation results. An AUC of 0.5 implies that the model has no class separation
capacity.
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Figure 2.5: ROC curve for a classification model with perfect discrimination
amongst different classes



Chapter 3

Related Work

This chapter provides an overview of the related work that has been done in
the field of predictive modelling using machine learning approaches in the
field of obstetrics and predictive modelling for the early classification of the
gestational diabetes mellitus (GDM) in the gestating mothers.

Learning is one of the basic requirements for any intelligent behavior. And
machine learning is one of the most rapidly advancing research fields of Ar-
tificial intelligence. Various machine learning algorithms have been used ex-
tensively for analyzing medical data sets in an intelligent fashion from the
time they have been proposed in the literature. In the last decade, the digital
revolution has spearheaded the usage of ML algorithms for the diagnosis of
diseases by providing inexpensive means to collect, store and ultimately ana-
lyze the medical data. This rapid availability of data along with data process-
ing prowess has enabled many researchers to explore the potential of machine
learning algorithms in small specialized medical diagnostic problems, indi-
cating an increased interest in predictive modeling in the field of obstetrics,
as pointed out by [15]. [28] outlines the specific requirements/features for the
usefulness of a machine learning system in the field of medical diagnosis. Fol-
lowing are those desired features:
Good performance: Information of significance should be extracted by the
algorithm from the data. Further, when the algorithm comes across unseen
cases it should be able to as accurately make the diagnosis as possible. Vari-
ous different approaches to a learning problemmay yield similar classification
accuracy in some cases while in other cases some approachmay perform better
than others [29]. Hence, no algorithm/approach shall be excluded apriori and
the best performing learning approach on the available data should be taken
into consideration for the application development.

18
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Dealing with missing data: ML algorithms shall be able to handle the miss-
ing data which is often the case with patient records.
Transparency of diagnostic knowledge: ML algorithms shall be able to ex-
plain the generated knowledge and how the decisions are being made, so that,
a physician could understand algorithms working. It should also be able to
explain the algorithmic decisions on new patients. The algorithm should aid
the physician in coming to conclusions on interrelations and regularities that
were not a part of his knowledge before. Also, consideration for a “black box”
classifiers which vastly outperforms the physician by a very largemargin is dif-
ficult to be assimilated in the diagnostic procedures as the transparency plays
a huge role.
Reduction of the number of tests: ML classifiers should utilize as little
amount of data about the patient as possible in order to diagnose a disease/condition.
As less amount of data employed in an algorithm would mean less number of
tests conducted on that patient to record the data instances.

Classification algorithms are particularly helpful in classifying the medi-
cal data. [30] identified the early warning signs for the effective diagnosis of
heart diseases in the dataset of the patients. It utilizes the bagging approach
with the decision tree algorithm called C4.5 for classifying patients as sus-
ceptible to heart diseases or not. A more detailed comparison of the results
of decision tree algorithm with using and not using the bagging approach on
heart patient dataset in [31] and ultimately established better accuracy with
bagging approach. [32] also employed the C5 decision tree-based algorithm
with the bagging approach on highly imbalanced data to predict the survival
rate of the breast cancer patients. Further, [33] employed the ensemble of de-
cision tree classifiers utilizing bagging of decision trees for breast cancer data,
which proved to be effective for identifying the cancer cases from non-cancer
ones.

Currently in a clinical setup, GDM is usually screened and diagnosed through
varying doses of oral glucose tolerance test (OGTT) with no international con-
sensus on when the screening tests shall be performed [6]. There has been no
widely adopted machine learning system which could be used to classify ges-
tating women as GDM positive or negative. There has been a great deal of
machine learning systems being incorporated for predictive modeling of dis-
eases amongst patients ranging from breast cancer, heart disease risks, skin
cancer, [32, 33, 30] etc, as noted by [15] as well. Yet there has been a clear
dearth of publication of machine learning based predictive models for early
stratification of GDM. The sporadic predictive models that has been published
come with their set of setbacks as discussed below in greater detail and uti-
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lized mainly multiple logistic regression approach for the predictive modelling
of GDM amongst gestating mothers.

Caliskan [19] was one of the first GDM classification models that looked
into population-based risk factors for possible GDM diagnosis, which could
possibly lead to a decrease in the oral glucose testing for GDM. The possible
risk factors Caliskan looked into were maternal age, body mass index (BMI),
and established diagnosis of diabetes mellitus in first-degree relatives, and ad-
verse outcome during the previous pregnancies. The algorithm employed for
assessing the risk factors was logistic regression. The sensitivity of Caliskan
logistic regression-based model was 0.86 and it had a specificity of 0.67, while
it doesn’t report on area under curve ROC for the model.

Van Leeuwen [34] utilized multiple logistic regression with a stepwise
backwards procedure for the development of a statistical prediction model for
GDM. It established a significance value of 30% for a variable in univariable
analysis for that variable to enter the multivariable logistic regression model
for the GDM prediction. The model had a lower sensitivity of 0.46 and sig-
nificant specificity of 0.89. Area under curve ROC for Van leeuwen model
is 0.77, which indicates the model can reasonably distinguish between GDM
positive and GDM negative women. Van leeuwen also established that use of
risk indicators that are readily available frommedical history and demographic
characteristics such as age, BMI, family history of diabetes might help facili-
tate the GDM screening amongst the gestating mothers.

Savvidou [17] through his prognostic model established that compared
with control subjects, women who subsequently developed GDM were older,
had higher BMI, were more likely to be of Asian origin, had a history of GDM
or family history of type 2 diabetes, and had higher systolic blood pressure.
Savvidou used linear regression for the classification of GDM in gestating
mothers using predictor variables which are simple measures routinely avail-
able at booking visit for the pregnancies with their doctors or mid-wives. The
performance metric used by Savvidou for his predictive regression model for
GDM is receiver-operating characteristic curves (ROC-AUC) only, while [17]
didn’t report on the sensitivity (recall or true positive rate) and specificity (true
negative rate) of the model. His regression model obtained an AUC-ROC
value of 0.82.

Savona [16] made an effort at stratification of GDM amongst Mediter-
ranean ethnic women by evaluating the relative association of different an-
thropomorphic data of pregnant women collected during prenatal clinic visits
which included pre-pregnancy weight, height along with biologic data like
maternal age, past spontaneous abortions, past macrosomia along with family
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history of diabetes mellitus and third trimester body weight. He then com-
pared the sensitivity (recall or true positive rate) and specificity (true negative
rate) of each of the above factors in isolation and then in combination. His
multivariate logistic model based on combination of three factors maternal
age, blood pressure and fasting blood glucose had AUC-ROC of 0.89 and sen-
sitivity of 96.6 but a low specificity of 37.5. This is the highest a model has
recorded sensitivity (recall) for the early stratification of GDM but compro-
mised a great deal on the detection of negative cases.

Eleftheriades’ GDM classification model [18] used just two predictor vari-
ables weight, age of gestatingmother. Hismodel achieved aAUC-ROC of 0.73
which is somewhat similar to [34] model. Though higher AUC was the result
of increased specificity (true negative rate) of 90 but recorded poor sensitiv-
ity of 32.4. Hence, this model though gained a higher true negative rate but
couldn’t have a good senstivity which is of importance for diagnostic learning
models.

In the above models we mentioned, Savona [16] is the only predictive
model which reaches good level of sensitivity, which means the model can
detect the GDM positive cases with high degree of accuracy, but performs
poorly on specificity.

3.1 Discussion
The above related work lays the foundation for the implementation of our
project which attempts to answer the research question as stipulated in 1.2.
[28] states forward required features mentioned above for the usefulness of
any algorithm in medical diagnosis. We make sure that these requirements
are followed while we develop our model of GDM classification. The first re-
quirement of good performancemakes us consider all the existing binary clas-
sification algorithms and we implement them all and shall not exclude apriori
any algorithm. Next requirement of dealing with missing data was met as
the set of chosen predictor variables contained no missing values and even if
it did contain missing values the tree-based classifiers can handle the miss-
ing values quite well. As far as the transparency of diagnostic knowledge of
algorithms is concerned, we implement feature importance in our optimized
XGBoost model to get more insights into how the model is treating those pre-
dictor variables for making the final predictions. [30, 31, 33, 32] presented
that tree-based bagging approach has a superior accuracy in detecting diseases
such as heart diseases, breast cancer respectively. This helps to establish that
algorithms which are based on ensemble of decision tree classifier are good
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contenders when it comes to classification of medical diagnosis in different
patient data. This also motivates us to look into the viability of such ensem-
ble of decision tree algorithms like XGBoost, random forests in classifying
the GDM amongst the gestating mothers. Current screening and diagnostic
method for GDM is an oral glucose tolerance test (OGTT) [6] which utilizes
quite some health care resources. This motivates us to explore the machine
learning models for GDM classification for better diagnosis. On top of that,
there has been not many machine learning models implemented for the GDM
stratification in gestating mothers. The handful of the existing GDM classifi-
cation models like [19, 34, 17, 16, 18, 19] (described in detail above) come
with their own setbacks. Also, the common factor in the above models is they
extensively used the logistic regression algorithm for the development of the
models. This prompts us to delve into other machine learning algorithms and
compare and contrast how they perform against each other before choosing the
best amongst them for GDM classification which is also mentioned by [28] as
the necessary attributes of any machine learning system for medical diagnosis.



Chapter 4

Machine LearningModels for GDM
Stratification

The purpose of this chapter is to give an overview of the research methods,
methodologies, and engineering approaches used in this project.

4.1 Research Methodology
The goal of this problem is to classify early in the gestation whether a ges-
tating mother is prone to developing Gestational Diabetes Mellitus (GDM) or
not by employing machine learning methods for binary classification based on
a set of chosen predictor variables by the experts. This project is a quantita-
tive research which assumes positivism. To arrive to our goal we set up an
experiment which is empirical in nature.

In this experiment, we will build different machine learning models which
are known to perform good for binary classification using the predictor vari-
ables chosen by the diagnostic experts. Next, there are certain decision rules
established through literature study to stratify the gestational diabetes mellitus
among pregnant women. Let’s call the model comprising of these established
decision rules asMrules. Currently, theseMrules aid the clinicians in determin-
ing the GDM risk amongst the pregnant women. They are not extensively used
for the task of GDM prediction amongst the gestating women, rather they help
clinicians define at risk women for GDM. Hence, they act as supplementary
diagnostics tool to the clinicians. For this experiment, our approach will be
empirical in nature i.e. we would be comparing the performance of machine-
learning models that we built against these established decision rules. While
we are at it, we will also compare the performance of the models we built
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against the sporadic predictionmodels which already exist in literature. There-
fore, goal of the experiment is to make a first benchmark of performances of
our machine learning based models for GDM stratification against theMrules

and other existing prediction models mentioned in chapter 3. Our quantita-
tive research based on experimental research methods and strategy can verify
the hypothesis that the gestational diabetes mellitus can be predicted better by
the models based on machine learning approach and utilizing data for learn-
ing than the established decision-rulesMrules and the other existing prediction
models.

4.2 A look into the dataset
Our dataset contains different measurement variables of a total number of 503
gestating women such that we have 17 predictor variables including age and
BMI of the gestating mothers and the rest of the fifteen predictor variables
are renamed ranging from V1 to V15. The reason why predictor variables are
renamed V1 to V15 so that data privacy is followed and no intellectual in-
fringements happen. Also, age and BMI are the most common features which
are considered in almost all of the existing learning models, hence, we didn’t
mask them. In almost all the studied literature related to gestational diabetes
mellitus, age of the woman and her BMI are listed as important factors in GDM
prediction. Hence, they also form an integral part of our dataset here. These
predictor variables have been chosen by the experts in the field while our task
is to determine the extent to which we can stratify GDM amongst gestating
mother in the first trimester using machine learning algorithms which are in
turn based on these chosen predictor variables. All predictor variables are
boolean in their values except the age and BMI variables. Figure 4.1 provides
an overview of all the predictor variables and target variable along with their
data type in our dataset. The target variable called ’outcome’ in our dataset
refers GDM cases as ’1’ and Non-GDM ones as ’0’. Our dataset is slightly
imbalanced when it comes to the distribution of our target variable w.r.t GDM
and Non-GDM instances.

Pie chart 4.2 illustrates the distribution of the outcome variable in our
dataset. Since, it’s clear that the percentage of the GDM cases are signifi-
cantly lower in number, hence, our the machine learning approaches will take
that into account. Numerically speaking, the total number of instances in our
dataset are 503 out of which 412 are Non-GDM cases i.e. ’0’ and 91 indi-
cate GDM cases ’1’. Next, we would be dividing the dataset to training set for
training our models and test set for measuring the model performance.
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Figure 4.1: An overview of the predictor variables

Figure 4.2: Distribution of the outcome variable in our dataset

Also, while splitting our dataset to train and test set, it is important that
we stratify each splits. This is done to make sure that the train and test sets
have approximately the same percentage of samples of each target class as our
original dataset. In terms of binary classification, which we attempt to do in
this project with our machine learning models, this means that if a dataset
contains a large amount of samples of both classes then the stratified sampling
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Figure 4.3: Prevalence of Predictor Variables

is same as random sampling. But since our dataset contains less instances
of GDM cases than Non-GDM instances, the random sampling would have
resulted in different class distribution in the splits, which will result in a not-
so consistent performance of our models. Stratified sampling takes care of
this. The ratio we divided the dataset into train and test set is 80:20. The
dimensions of train set are (402, 18) and test set are (101,18).

Fig 4.3 highlights the prevalence of all the different boolean predictor vari-
ables in our dataset. As we can establish from the figure that not all the boolean
predictor variables contain a lot of information. More than half of the boolean
features represented in the fig 4.3 has less than 10% prevalence, in other words,
those boolean predictor variables contain very little information regarding that
predictor variable being a positive instance in our dataset. Mostly the value it
contains in dataset is zero for those predictor variables.

Correlation heatmap represented by fig 4.4, where each square shows the
correlation between the variables along each of the axis. Usually, closer to 1
the value of the correlation, the more positively correlated the variables are
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Figure 4.4: Correlation amongst data variables

and closer to -1 the value of the correlation, the more negatively correlated
the variables are. Positive correlation implies when one variable increases
in value, so does the other. Whereas a negative correlation implies when the
value of one variable increases, the value of the other variable decreases. Upon
taking a look into the correlation amongst the predictor and target variables of
our dataset, we deduce that there is no single feature which is overly correlated
to any other predictor either positively or negatively.

4.3 Binary Classification with technical pre-
dictor variables

In this experiment, we build machine learning models on chosen predictor
variables in our dataset then we compare them against the baseline established
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decision rulesMrules and other existing prediction models. We implement the
following machine learning models for the task of GDM classification which
is fundamentally binary classification:

• Baseline decision rulesMrules

• XGBoost

• Random Forest

• Decision Tree

• Support Vector Machine

• Neural Network

• K-nearest Neighbors

• Logistic regression

Next in the following sub-sections, we look at the technical and engineer-
ing aspects of the experiment that we set-up for our project.

4.3.1 Input
Our initial dataset consists of a pre-selected set of 17 predictor variables where
each variable is in boolean format except age and BMI of the gestating mother
which is represented by range of numbers in float64 format and the target vari-
able called "outcome". Also, it’s important for these variables to be in numpy
ndarray for the input to the algorithms. We have 503 total instances in our
data. Hence, the dimensions of dataset could be given as (503, 18). We split
our dataset in to train and test set in the proportion of 80:20. Hence, the di-
mensions of train set are (402, 18) and test set are (101,18).

The target variable has two labels namely GDM and Non-GDM which are
represented in boolean form by 1 and 0 respectively.

4.3.2 Implementation
The following details how the algorithms are implemented, different libraries
used and how the experiments is set-up technically.

TheDecision rules established in the literature for gestational diabetesmel-
litus which could be used by the clinicians for the diagnosis of GDM in ges-
tating mothers, we code these rules in python using logic rules and the train
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data is passed through them. All of the features which are used to define these
decision rules are present as predictor variables in our dataset. Consequently,
we will use this as a baseline model, which would be essential in empirically
verifying our first hypothesis. Next, we implement an ensemble of machine
learning algorithms. Following are the machine learning algorithms which
are used for the binary classification in our case- Decision tree, random forest,
XGBoost, logistic regression, support vector machine (SVM), neural network,
k-nearest neighbors. For the implementation of these algorithms, we use the
python library scikit-learn.

Since in the given dataset, our total instances are at meagre number of 503
out of which training ones are only 402 and 91 instances in the test set, which
aren’t enough theoretically to train some of the above mentioned algorithms
properly. Hence, we use stratified repeated 10-fold cross-validation (CV) to
train our models i.e. we divide our train set into 10 folds where first fold is kept
as test set and rest 9 folds are used for training the algorithms. The stratification
at this step ensures that the each fold in which our data is divided during the
cross-validation process represents all strata of the data i.e. each fold has the
same percentage of samples of each class. This is done to mitigate the bias
of the classification algorithms in assigning weights to each class because in
our case we have more instances of the negative class i.e. greater number
of cases of non-GDM and fewer instances of GDM cases. We want to make
sure that the proportion of GDM cases to non-GDM cases remain constant
in all the folds of the cross-validation. In order to reduce the variability in
performance of our trainedmodels, we do at least 40 rounds of cross-validation
with different subsets from the same data. This will make sure that almost each
instance of the data has been used for training the model. Then we combine
the validation results from these multiple rounds of the CV to have an estimate
of the predictive performance of our models.

Once the machine learning models are obtained, we will select the best
model amongst them by evaluating them on the performance metric defined
in next sub-section. Subsequently, we will explore hyperparameter tuning of
this best performingmachine learningmodel that we obtained. In hyperparam-
eter tuning, the same model is trained with different combinations of available
hyperparameters, which ultimately results in different final models. Then, we
quantify their performance on our test set (which has been kept untouched) and
determine the extent to which we were able to improve its performance when
compared with the existing GDM classification models. In machine learning,
hyperparameter optimization is performed in order to get a set of optimal hy-
perparameters for our learning model, where the value of each hyperparameter
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Figure 4.5: 10-fold Cross Validation

is used to control the learning process. In other words, we dive further into
the classifying ability of our best classification model by means of optimizing
the values of its hyperparameters, hence, possibly improve the stratification
of GDM amongst gestating mother by the best trained model. The hyperpa-
rameter optimization of the best classification model is performed by using
scikit-learn (or famously called sklearn) library [27]. Sklearn provides two
functions- RandomizedsearchCV and GridSearchCV for the hyperparameter
optimization suitable for our case of binary classification.

RandomizedsearchCV performs a randomized search on the hyperparam-
eters. In this optimization, the parameters of the estimator in consideration
which are used to apply the fit method are optimized by cross-validated search
over parameter settings [27]. Not all the parameters values are tried out, in-
stead the parameter values are sampled from the list of already defined param-
eters and n_iter defines the number of combinations of parameter settings that
would be tried for optimization in randomizedsearchCV. On the other hand,
GridSearchCV function performs an exhaustive search over specified values
of the different hyperparameters in our machine learning model. The possi-
ble different values of the hyperparameters of our best model is mentioned
through the GridSearchCV parameter called param_grid. A stratified 5-fold
cross-validation is performed on this hyperparameter search space. Stratified
CV here again helps to use as much data for training as possible through the
folds used for training while calculating the performance of the model on the
fold which is not used in the training phase. GridSearchCV implements fit
method and the chosen score method to calculate the accuracy of the model.
And it returns the set of values of the hyperparameters for which the model
obtained the highest accuracy amongst all fitted model.
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PerformanceEvaluation ofGDM
Stratification Models

In this chapter we present the results of our experiment and correspondingly,
we discuss those results.

5.1 Performance Metrics
A classifier is as good as the metric employed to evaluate it. For evaluating a
model, a wrong choice of metric could result in choosing a wrong model or
have a wrong holistic view of the expected performance of the model in the
real life scenarios. We are dealing with the problem space of disease diagno-
sis where generally we have lesser instances which represent the presence of
disease in the dataset. This will largely affect our choice of evaluation of per-
formance metrics. Let’s take for example our case, we have 91 instances which
represent GDM cases in our dataset as against to the 402 instances which rep-
resent Non-GDM cases. Hence, the choice of our performance metrics should
give us detailed information about our classification models in predicting both
positive and negative instances. At the same time, the performance of classi-
fiers shall offer more insights in how they detect the GDM (positive) instances
as they are of significant importance. Consequently, the performance metrics
used for the evaluation of our models are- Precision, Recall, F1 score along
with Area under curve ROC. F1 score is of particular interest here as described
in section 2.2.2, it provides a good overview of the classification algorithms
in terms of how good it is in predicting the true positives i.e. GDM instances
which are of interest in our experiment.

We calculate the precision, recall, F1 score and Area under curve for ROC
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for evaluating the performance of all our machine learning models:
Belowwe list the results obtained after running the 10 fold cross-validation

technique using our data repeatedly for n=50 times. Subsequently, we recorded
the metrics- precision, recall, f1 score, Area under curve ROC (AUC-ROC).
We empirically evaluate our experiment based on these performance metrics.
The results obtained are listed in the following table:

Model Precision Recall F1 Score AUC-ROC

XGBoost 0.738458 0.797128 0.753962 0.64
Random Forest 0.718593 0.789820 0.742592 0.61

SVM 0.690507 0.819533 0.739714 0.61
Neural Network 0.674358 0.816527 0.737560 0.56

K-Nearest Neighbors 0.692147 0.793230 0.732060 0.54
Decision Tree 0.732571 0.726613 0.726911 0.54

Logistic Regression 0.775873 0.671217 0.703200 0.58
Mrules 0.579457 0.563272 0.568007 0.563272

Table 5.1: Table depicting performance metrics for the ML classifiers

As mentioned in section 5.1, the performance metric we will particular
look for is F1 score as it provides a good measure of how good is the positive
predictive power of our model and hence, a one stop metric to look at rather
than both precision and recall. We sorted the table 5.1 by F1 score in de-
creasing order. The objective behind doing so is to find the best model which
performs the stratification of GDM. As we observe in the table above, the op-
timal model that perform best overall on all the metrics and specifically F1
score because of the nature of our research problem and the available dataset
is tree-based model XGBoost with random forest coming close second.

We also dive into the receiver operating characteristics(ROC) curve to have
an overall view on the performance of the classifiers in terms of them detecting
both the GDM and Non-GDM cases. ROC curve provides a holistic view of
the true positive rate and false positive rate at different threshold points. Area
under curve (AUC) for ROC curves as depicted by fig 5.1 helps to highlight
performance of the various classifiers that we considered for our study and
helps to choose the classifier which has an overall better performance. Higher
the AUC, better is the model in predicting 0 labels as 0 and 1 labels as 1, in
other words, the higher are the GDM cases predicted as GDM and Non-GDM
cases as Non-GDM by that classifier.

Each ROC curve is obtained by plotting the false positive rates(fpr) against
the true positive rates (tpr) at different thresholds for various runs of the strat-
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ified cross validation. A number of runs of the stratified cross validation here
again allows that each instance of data is possibly used for training whereby
we use as much of the information contained in our dataset as possible to con-
struct our models. The blue lines in graph depict each run of this stratified
cross-validation procedure, where the center dark blue line passing through
the yellow region is obtained by plotting the mean of the different false pos-
itive rates(fpr) and true positive rates(tpr) at different thresholds obtained at
various runs of the stratified cross-validation. Alternatively we could say that
blue line depicts the mean Area under curve(AUC)-ROC for the classifier un-
der consideration. The yellow region depicts the standard deviation of area
under curve calculated after different runs of the stratified cross-validation for
different thresholds.

Hence, analyzing all the curves in fig 5.1, we could say that the overall
performance of XGBoost classification model is marginally better than all the
other classifiers we considered with a mean AUC-ROC of 0.64 (±0.06).
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(a) Area Under Curve ROC forMrules (b) Area Under Curve ROC for XGBoost

(c) Area Under Curve ROC for Random Forest (d) Area Under Curve ROC for SVM
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(e) Area Under Curve ROC for Logistic Regres-
sion

(f) Area Under Curve ROC for Neural Network

(g) Area Under Curve ROC for KNN (h) Area Under Curve ROC for Decision Tree

Figure 5.1: Area Under Curve ROC for Classifiers for stratification of GDM
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Next, we take our XGBoost classification model and perform hyperparam-
eter tuning i.e. find a set of hyperparameters for which the model classifies
maximum number of GDM and Non-GDM cases accurately. This time we
will test the performance of our optimized classifier on the test set that has
been kept aside at the beginning of the study and made sure that none of the
test set instances have been used in training and/or hyperparameter optimiza-
tion to mimic as much of the real life scenario for diagnosis. We then report
it’s performance on the metrics such as Precision, Recall, F1Score and AUC-
ROC. Next, we compare it against the existing GDM classification models by
using the prior mentioned metrics.

We perform the hyperparameter tuning on ourXGBoost classificationmodel
by randomizedsearchCV.We chose the randomizedsearchCVover gridsearchCV
because of its lower run time. The parameter values are sampled from the
list of already defined parameters and n_iter defines the number of combina-
tions of parameter settings that would be tried for optimization in randomized-
searchCV. Since, our data doesn’t have too many instances, we also performed
gridsearchCV to determine if at all, it optimizes the XGBoost classification
model better than the randomizedsearchCV.

On comparing the area under curve ROC for optimized XGBoost model
with gridsearchCV and randomizedsearchCV, also depicted by figure 5.3 and
figure 5.4 , respectively, we can easily establish that randomizedsearchCV per-
forms better than gridsearchCV for the hyperparameter optimization of our
XGBoost model by a score of 0.3. Consequently, moving forward we will
only utilize the randomizedsearchCV to form a comparison with other exist-
ing GDM classification models.

The best XGBoost classification model we obtained after performing ran-
domizedsearchCV has the following parameters values:

Figure 5.2: Best Hyperparameters for XGBoost model

One of the interesting things to highlight here is the scale_pos _weight
parameters of XGBoost model and how the randomizedsearchCV indeed gives
the combination of parameter settings for which the performance metric f1
score is the highest. scale_pos _weight controls the balance of positive and
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Figure 5.3: Area Under Curve for the XGBoost after GridsearchCV

negativeweights, and ideal value of this parameter to control this balancewhen
our dataset has more number of negative instances than positive instances is
given as-

scale_pos_weight =
total number of negative instances
total number of positive instances

(5.1)

After running our randomizedsearchCV, the obtained value of parameter
scale_pos _weight and presented in fig 5.2 is 4 which when theoretically val-
idated using our total number of negative instances and positive instances in
the equation 5.1 is approximately equal. Next, we will go through the obtained
performance metrics for the hyperparameter optimized XGBoost GDM clas-
sification model and compare its performance against the existing prediction
models for GDM, which we talked in detail in chapter 3. For a simpler com-
parison, we take into account the existing GDM classification models which
have been known to have good performance metrics.

After performing the hyperparameter optimization for our XGBoost GDM
classification model, we recorded its performance metrics on the test set and
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Figure 5.4: Area Under Curve for the XGBoost after RandomizedsearchCV

reached a precision of 0.66, recall of 0.69 and an F1 score of 0.67 (all values
rounded to two decimal places for convenient comparison with other existing
GDM classification model performance). Since in the literature for the ex-
isting GDM classification models, many report just sensitivity and specificity
and ignore the precision, we also calculated the specificity for our optimized
XGBoost classification model, which is 0.50 on test set. The area under curve
ROC for our optimized XGBoost GDM classification model is 0.70, also de-
picted in figure 5.4. Area under curve ROC for the randomsearchCV opti-
mized XGBoost GDM classification model is still in the standard deviation
of the Area under curve obtained before performing hyperparameter tuning as
shown in figure 5.1(b). This indicates that the optimization of the hyperpa-
rameters aren’t that stellar and doesn’t really improve the performance of our
best GDM classification model based on XGBoost algorithm when tested on
the test set.

Table 5.2 above summarizes the performance of our optimized XGBoost
GDM classification model against the other existing GDM classification mod-
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Model Recall (Sensitivity) Specificity AUC-ROC Precision F1 Score

Optimized XGBoost 0.69 0.50 0.70 0.64 0.67
Savona [16] 0.97 0.38 0.89 NR NR
Savvidou [17] NR NR 0.82 NR NR

Eleftheriades [18] 0.73 0.32 0.90 NR NR
Caliskan [19] 0.86 0.67 NR NR NR

Table 5.2: Comparison of GDM classification models

els with good performance metrics. NR in the table 5.2 signifies that the per-
formance metric is not reported in the research literature. F1 score which was
our choice of performance metric for choosing the best classification model
amongst the implemented classification algorithms in Table 5.1 couldn’t be
used here for comparison in table 5.2 because many GDM classification model
in literature neither report the F1 score nor the precision (using which we could
calculate the f1 score of the model). Hence, the metrics left to compare the
models effectively are Recall (sensitivity) and Area under curve ROC.

5.2 Evaluation Results
Regarding our set of given predictor variables in our dataset, also discussed
in 4.2, we found that primarily based on our F1 score performance metric,
tree-based model- XGBoost performed better than the other classifiers (also
mentioned in 5.1) that we considered for our experiment. Based on the table
5.1, we also establish the first hypothesis that all the machine learning classifi-
cation models we trained on our chosen predictor variables perform better than
the established baseline decision rules,Mrules. Given the scarcity of the data
instances, in order to train our models properly, we employed stratified cross
validation. This ensures that all the information in our dataset is captured by
all the models being trained. It ensures that we don’t need a separate test set
when we have scarce dataset available, as also explained in 4.3.2.

Along with F1 score, Area under curve (AUC) for ROC curves, depicted
by fig 5.1, also help to highlight performance of the various classifiers that
we considered for our study and helps us to choose the classifier which has an
overall better performance. Based on AUC for ROC curves in fig 5.1, we also
establish the better classification performance of our trained machine learn-
ing models compared to Mrules. Simultaneously, upon analyzing these AUC
for ROC curves, we find that XGBoost is indeed the best performing machine



40 CHAPTER 5. PERFORMANCE EVALUATION OF GDM
STRATIFICATION MODELS

learning model, closely followed by random forest for classification of GDM
amongst other implemented models as listed in section 5.1. Hence, establish-
ing the supremacy of tree-based models in our experiment of GDM classifica-
tion.

It is known that tree-basedmodels perform better whenwe havemixed data
types like numerical and categorical. This, further, validates that given the
nature of our predictor variables which are mix of numerical and categorical,
tree-based model are good at classifying the instances of GDM from Non-
GDM. Also, XGBoost is pretty competent when it comes to sparse data i.e.
it deals with the missing instances of predictor variables in our dataset quite
well. Better performance of tree-based models on our data variables is an
added advantage to our research problem because the tree-based classifiers
are known to be easier to interpret. Due to the ease to interpret the decision-
making down the tree-nodes, tree-based models are called white-box models.
Hence, a clinician could know what is driving the decision of the model, or in
other words, how the model is classifying GDM cases from Non-GDM ones.
Also, tree-based models can deal with missing data instances pretty well on
their own. Therefore, they could fit pretty well in a clinical setup where often
a patient may lack one or the other instance value in their patient record.

Based on the results from the first part of the experiment, we got the best
GDM classification model as XGBoost. Further, the randomizedsearchCV
hyperparameter optimization of our best GDM classification model which
is based on XGBoost algorithm achieves the AUC-ROC of 0.70 with a re-
call(sensitivity) value of 0.69. As is evident from the table 5.2 our optimized
XGBoost classification model with its performance metrics couldn’t drasti-
cally outperform the existing model. Savona [16] which has the highest recall
(sensitivity) of 0.97 recorded in literature for GDM classification. A good re-
call is of paramount importance for our GDM classification model as we want
to classify as much cases of GDM positive as possible. While [17] doesn’t
report the recall of its model, [19] has the second highest recall of 0.86 in the
literature for GDM classification model followed by [18] which reports it at
0.73.

Not only the recall, even our optimizedXGBoost GDMclassificationmodel
didn’t perform marginally better on the AUC-ROC score compared to exist-
ing GDM classification models in literature [16, 17, 18, 19]. Savona [16] and
Eleftheriades [18] has near equal AUC ROC of 0.90, which is also the highest
existing in the literature for any GDM classification model. Whereas, Area
under curve ROC for our optimized XGBoost GDM classification model is
0.70 which is again sub-optimal when compared with the above mentioned
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existing GDM classification models.
Based on the above performance metrics comparative study, we establish

the second hypothesis that can be verified or falsified is that based on the set
of our technical predictor variables to train our XGBoost based GDM binary
classification model and upon further optimization of the XGBoost classifi-
cation model, we couldn’t substantially improve the GDM classification and
by a considerable margin couldn’t outperform the existing GDM classification
models. All the existing GDM classification models like [16, 17, 18, 19] em-
ployed only logistic regression for the GDM classification, consequently, we
employed other existing binary classification algorithms for GDM classifica-
tion to benchmark how would they perform the task of GDM classification on
our set of chosen predictor variables. Initially, in table 5.1, we saw that logistic
regression performed the worst amongst all the considered classification algo-
rithms for our task of GDM classification whereas logistic regression based
GDM classification model performed quite good for [16, 17, 18, 19].

Hence, the choice of our predictor variables in our dataset could be one of
the reasons why our optimized XGBoost model couldn’t outperform the exist-
ing GDM classification model. The other reason for such dismal performance
of our optimized XGBoost classifier when it comes to GDM classification
compared to the existing GDM classification models could be the information
that our dataset contain, in particular, our boolean predictor variables. Fig 4.3
shows more than half the boolean predictor variables that are employed in our
GDM classification algorithms contain quite low positive instances of those
predictor variables i.e. True values or 1s in those predictor variables are less
than 10% of the total number of available instances. This sporadic nature of
our boolean features could be the potential reasoning behind the sub-optimal
performance of our optimized XGBoost classification model.

A better comparison of the table 5.2 could be performed by using the same
test dataset for calculating performance metrics, but our set of chosen predic-
tor variables either partially contains the predictor variables considered in the
existing models proposed in literature and listed in table 5.2 or contains no
predictor variables mentioned in the existing models. Hence, this serves as
a roadblock for a proper performance analysis of our model against the ex-
isting one. We also know for a fact that performance metrics precision and
recall could have vastly different values based on class balance of our dataset.
Hence, we attribute the dismal performance of our XGBoost model to
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5.3 Explainable Artificial Intelligence
In [28] we came across the specific features and requirements for the useful-
ness of a machine learning system in the field of medical diagnosis, and one
of the main feature is transparency about the diagnostic knowledge i.e. how
the decision is being made by the model for and the algorithm should aid the
physician in coming to conclusions on interrelations and regularities that were
not a part of his knowledge before. The transparency of the model is a strong
determinant of the extent to which we can confidently use them to take deci-
sions in medical sciences. Also, it can provide insights to the ML developers
to provide them with insights on the working of their models. Though learn-
ing algorithms has gained traction and are increasingly being used in medical
diagnosis, but many of them are still dubbed as black boxes models [35] due
to the lack of insights about the decision making and their reliability.

In our study of our problem statement in which we attempt to classify
GDM amongst the gestating women, we utilized post-hoc interpretations of
the trainedmodel as mentioned by [36]. Post-hoc analysis gives insights on the
relations between the input data and the model’s decision, which can not only
provide transparency to the physician or healthcare worker using that model to
come to a conclusion but can also provide developers with insights for further
future developments of model. The post-hoc explanation we use here is fea-
ture importance. Figure 5.5 shows that BMI and age are the most important
features for making a GDM classification in the given data. Further, figure
5.5 shows the other predictor variables (features) we employed in our study
with their varying score of importance in the decreasing order. This also sig-
nifies that higher BMI and higher age are indeed related to higher probability
of developing GDM in pregnancy. Indeed, this corroborates with the existing
GDM prediction models that we compared in our study. All [16, 17, 19, 18,
34] models list age as one of the most important features in the classification
models they presented. BMI was also one of the important features in [17, 19,
34].

Subsequently, a comparison between fig 5.5 and fig 4.3 sheds light on an-
other peculiar fact that the features (predictor variables) in the feature impor-
tance chart namely v14, v13, v11, v2, v1 which have higher feature importance
compared to the other boolean features, although much less when compared
to BMI and age, have a feature prevalence which is less than 20%. In other
words, even though these boolean predictor variable contained very little in-
formation i.e. few 1s or true values, they marginally impact the outcome of
the XGBoost model.
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Figure 5.5: Feature importance by XGBoost model



Chapter 6

Conclusion and Future work

This thesis shows via performance metrics measured over the given set of pre-
dictor variables, the potential of applying the machine learning approaches in
predicting Gestational diabetes mellitus in pregnant women. There has been
an evident scarcity of implementing machine learning algorithms to predict
GDM, so we built variety of binary classifiers using a set of given predictor
variables and established that tree-based gradient model like XGBoost model
have good performance metrics and outperform the established decision rules
in literature. These decision rules usually aid the physician to assess GDM risk
in pregnant women. This helps establish that incorporating machine learning
approach for GDM prediction is a way forward. Further, we took our best
model i.e. XGBoost and optimized it for hyperparameters and upon compar-
ing it with the existing learning models we found that the optimized XGBoost
model couldn’t outperform the existing models. The explanation behind this
could be phrased as- the given set of predictor variables, other than Age and
BMI (which are proven as two of the most important predictor variables in all
the existing learning models and our XGBoost model for GDM classification)
are not the best set of predictor variables to classify GDM with stellar per-
formance metrics like F1 score and AUC ROC. Perhaps there exists another
set of features which could help to classify GDM amongst pregnant women
with greater sensitivity and specificity. The number of data instances were at
meagre 502 in our study, hence, retraining our best XGBoost model on more
streams of data might help capture some hidden dependencies and relation-
ships in the predictor variables and ultimately result in greater sensitivity and
specificity.

The future work could look into finding the optimum set of predictor vari-
ables which could have greater sensitivity and specificity for GDM classifica-

44
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tion. Consequently, this might yield different results as far as the best model
for the GDM classification is concerned. In our case good performance of the
tree-based models amongst the other considered learning models could be at-
tributed to the our data sparsity along with the binary nature of the predictor
variables which tree-based models are competent enough to capture. Hence,
if the nature of predictor variables and data changes, this could result in hav-
ing models which might have performed not so good in our case. Also, one
could study in greater detail about GDM classification using machine learning
approaches where the boolean predictor variables which have greater feature
importance in our case could be combined with other known predictor vari-
ables and how they affect the prediction of GDM in gestating women.

Also, our GDMmodel or any diagnostic model which could be considered
for production needs to be externally validated. Given that these models will
be employed by the physicians in an hospital setup this makes an external vali-
dation all the more important. Though we tried to validate it on a test set which
was not part of the training or optimization process, but validating a diagnos-
tic model on a completely unseen data points is important before making it a
part of the diagnostic procedures. We also know that GDM existence rates are
different in different ethnicity, subsequently, a model which takes into account
the ethnicity of the women could be considered. Alternatively, different GDM
models for different ethnicity could be considered as well. More efforts in this
direction are needed given how timely intervention for GDM could drastically
reduce the postpartum unwanted outcomes in mother and their progeny.
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