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Abstract

Birth weight is one of the major actors that determine the everall future health outcomes.
Predicting birth weight can enable medical practitioners to make early obstetric
inferventions, thus minimising complications associated with low birth weight. Data-mining
models are receiving a great deal of attention for making pred ictions based on a vast amount
of low birth data. Low birth weight research has especially focused on identifying the risk
factors of low birth weight. However, the prediction of actual birth weight values based on
the identified low birth ‘weight risk factors, which can play a significant role in the
identification.of mothers at the risk of delivering low birth'weight infants, remains unsolved.
Since the performance of data-mining techniques is dependent- on the-undetiying problem,
it is vital to analyse their relative performances for any given task. Therefore the goal of this
thesis was to develop. a data-mining mode} that predicts the actual birth weight with a
relatively higher Area Under the receiver operating Characteristic (AUC).

The prediction was based on low birth. weight risk factors and birth data from' the North
Cdrolina State Centre for Health Statistics of 2006. In order to extract interesting patterns
from data the Knowledge discovery in databases process model was utilized. The steps
tollowed were -data selection, data pre-processing, model building, and model
'ev'aluationz‘interpretatitm. Decision trees were. used for ¢lassifying birth weight and tested
on the actual imbalanced datasets, the balanced dataset using Synthetic Minority.
Oversampling 1.%011111(1_113' (ISMOT'E)_,: as well as with all the features and reduced feature
‘using correlation based feature selection algorithm.

Theresults highlighted that models built with balanced datasets using the SMOTE al gorithm
produce a relatively higher AUC comparative to models built with imbalanced datasets. It
was also discovered that building models with reduced features throngh cortelation based
feature selection algorithm, give a comparatively higher AUC as opposed te models built
with all features. The J48 decision tree built with reduced features outperformed REPTree
and Random tree with-an AUC of 90.3%, and thus it was selected as the best model. When
applying the selected J48 model fo new unseen data, and comparin gittothe testing set, we
reached a conclusion fhat the feasibility of using J48 in birth weight prediction would offer-
the possibility to reduce ‘obstetric rélated complications and thus improving the overall

obstetric healthcare.



Chapter 1

1. Introduction
This chapter sets the scene and outlines why there is a need to conduct this research. The
chapter is divided into several sub-sections, the intiodiiction to the problem, backgrourid,
problem statement; the research objectives and questions that the.study seeks to answer, the
significance ofthe study and finally the organisation of the dissertation.
1.1 Introduction fo the Pioblem
Continuous attempts to improve healthcare delivery has led to rapid adoption of Electronic
Health Records (EHR) [1], [2], [3], [4]. This adoption has resuited in.the dramatic increase
of data commonly referred to as “big data”, [5], [6], {7} hence substantialty widening the
gap between unprocessed and useful information available for decision making. For this
reason, the healthcare industry is viewed as ‘data--rich’ but ‘knowledge-poor” [8]. While
EHR have been effective in enabling medical data acquisition, they have been less fruittul
in helping medical practitioners transform this data into useful knowledge for important
decision-making processes, such-as estimating elinical ouicomes.
Obstetrics is a field of study focused on pregnancy, childbirth, and the post-delivery period.
Obsteiric.cases have been reported 1o constitute a considerable fraction of medical data [9],
since childbirth is the most common reason for hospital admissions. Information collected
during childbirth relates to the infant, mother and thé father. This data is accumulated in
medical databases and when analysed, trends-and patterns are unveiled. Thus medical
practitioners can_advance their kiowledge and hence makiing insightful diagnosis and
treatments [51, 7).
Birth weight is a significant determinant of a new-born’s probability of survival, long term
growth and psychological devélopment [10], [1]. Thus, in medical research, birth weight
has beén under intense scrutiny. Particalarly, the casual factors of low birth weiglit (LBW),
have been the major focus of previous inv'e;stig'_ations.-Evidénce:shoWs that low birth weight
new-borns are at a higher risk of perinatal and infant mortality and other health
complications such as hy_pel“tensive- adults, mental retardation, and respiratory distress
syndroe (RDS) [12], [13]. [14], [15, {16}, [17], [18].[19], [20]. RDS can result in repeated
respiratory infections, delay in.growth, learning disabilities 'aﬂd.'asthma.
Low birth weight is often classified as extremely low (less than. 1000 grams), very low (less
than 1 500 grams), moderately low {less than 2,500 grams), or normal {at least 2,500 grams)

weight at birth [13], regardless of the gestational age [I1]. According to the World Health
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Organization (WHO), about 20 million or approximately 15:5% of births worldwide are
LBW and 95.6% of these are from developing countties [12]. Reducing cases of LBW by
at least one third is amengst the seven aims for the cuirent decade of the “A world fit for
Children” programme of the United Nations Children’s fund [12]. As a result, there is an
intensifying demand for robust and non-invasivé methods of estimating birth weight and
predicting new-borns. at a higher risk of being born with LBW [18]. The developinent of
simple and inexpensiveé tools are critical, especially in developing countries, where Righ-
cost-equipment and trained specialists are scarce.[21] In addition, accurate assessment and
prediction of LBW permits early obstetric interventions and overall improvement of

maternal outcomes [18], {20], [21], [22], [23].

1.2 Background

Low birth weight prediction dates back to many years ago. Analysts have been striving to
analyse low birth data us‘ing_"s‘tatistica]. methods, some of them more accurate than others,
However, statistical methods have limited capacity to unearth hidden relationships in Targe
datasets [18). [24]. Thus, of recent, data-mining has emerged as one of the most useful
solutions to handle enermous volumes of LBW data..

Data-mining is defined as a field that unearths new and useful trends from large historical
datasets, by applying diverse methods borrowed from multiple disciplines, including;
machine learning, statistics, and soft computing. [25], [26]. 1t achieves its goal by mining
patterns from huge daiasets and consequently builds models fhat could later perform
predictive: or descriptive tasks. The ultimate goal of predictive data-mining is to apply
methods that make future predictions for new unknown cases. In conirast, descriptive data-
mining unveil patterns from a vastamount of data [18]. Unveiling patterns can be infetesting
and useful, howevyer, it is-more difficult to gain direct benefits from descriptive data-mining
than predictive data mining. Descriptive data-minitig only communicates patterns found in
the data. while predictive data-mining can be used in real life settings to make predictions
on unseen cases [26].

There exists a few studies focused on data~-mining models for LBW prediction and these
studies are largely based on descriptive data-mining. Thus, previous studies have paid
considerable. atfeiition to capturing important. genetic, demographic, obstetric factors
associated ‘with LBW prevalence. The identified factors can be profiled and used to make
predictions on birth weight outcomes [27]. However, the applicability of data-mining to

éstimate the actual birth weight based on the identified risk factors has not been studied.



Another noteworthy gap is that these models’ performance assessment is often carried out
‘on training and testing sets, which can lead to overly optimistic results, However, research
by [28] states that an unbiased evaluation of model performance is realized when an entirely
new third test is used for final scoring of the model. Performance on training.-and testing
datasets only offers a baseline for how the model will perform, and thus further asséssmerit
of the actual performance of the model is fundamental.
As such, it is reasonable to state-that a novel solution is necessary to develop a model that
predicts future birth weight outcomes based on the identified factors rather than
exhaustively listin g_'r-isk- factors for LBW. The study also concludes that model performance
should also be performed on a separate independent test set, Therefore the study aims at
developing a data-mining mode] that estimates birth weight values for-unborn babies, with
a relatively higher AUC, The model makes use of the available socio-demographic and
obstetric risk factors.
The prediction model’s ultimate goal is to improve the ideniification of mothers at a risk of
delivering LBW babies. The birth weight variable is measured in grams-and can belong to
either of the following classes; 0/(500 or less), 1 (501-1000), 2:.(1001-1500), 3 (1501-2000),
4 (2001-2500), 5 (2501-3000), 6 (3001 -3500), 7 (3501-4000), and § (4001-4500) and 9
{4501 or more). These classes were derived from the birth weight group from the North
Carolina State Centre for Health Statistics of 2006 in Appendix A.
One factor that determines.the success of a data-mining project depends on the selection of
the- right algorithm for the problem at hand. Classification is one of the most popular
functions in data-mining; thetefore this study compares different classification algorithms
based on the AUC, Several classification algorithms have been proposed, and for the aim of
this study, we have selected decision tree algorithnis namely C4.5, REPTree and Random
Tree. Decision trees are among the top 10 most commonly used algorithms. Experiments
were conducted and the’ decision tree model with a higher AUC was used for classifying
future birth weight values based on an independent synthetic dataset. A further performance
assessment of the model when applied to niew uriseen data was conductad.
Two special techniques were applied to advanice the predictive capabilities of decision trées,
with particular emphasis on incréasing the AUC since it has greater value than the clagsifier
accuracy in clinical settings [24], [27].

» Increasing the cases of the underfrepresented birth weight classes using SMOTE 1o

handle the issue of imbalanced cfinical data:



. .Emplo_yiﬁg“feat-m'e selection techniques to éxtract the most relevant features for
prediction.

1.3 Problem Statement
Predicting the [ikelihood of a baby being born with LBW is challenging and overwhelming
to medical practitioners. 1i requires evaluating several different contributing factots from
large datasets which.reside in multiple data sources, Analytics tools are necessary to help
users anakyse these large volumes of data to a manageable size, so that rélevant sectioris can
be focused on [29],
Numerous studies in the literature have attempted to analyse LBW: data vsing data-mining
models [ 15, [18], {191, [30], [31], [32], however, several problems exist with these studies.
Firstly, they have largely focused on exploring thie risk factors.for LBW, while the prediction
of the actnal biith weight based on the identified risk factors has received considerably less
attention. Secondly, prior work is only Jimited o two binary outcomes, where the risk is
presented as eithér LBW/not or high risk/low risk. This'practice does not convey the degree
of the LBW, since the binary classes are t00 broad, Moreover, previous studies are centred
around measuiing LBW-outcomes using categorical values such as extremely low, very low,
low, moderately low and normal birth weight, instead of actual continuous valies [11].
Thus, the problem this study seeks to address is the paucity of data on data-mining research

that estimates the actual birth weight based on risk factors of LBW.

1.4 General Objective
To develop a decision tree mode] that predicts birth weight values for new-borns with a
relatively higher AUC, in an attempt to_identify mothers at a high risk of delivering LBW

babies.

1.5 Specific Objectives
1. To increase the class distribution of the minority class using SMOTE technigue.
2. -To select the most significant features for prediction of biith weight using correlation
based (CFS) feature selection algorithim.
3. To select a decision tree model with the highest AUC, by comparing experimental
results of C4.5, REPTree and Randoem tree classifiers.
4. To assess the performance of the selected algorithm. based on' an independent

synthetic dataset.
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1.6 Rcsear’cih Questions

1. Can decision frees built from a dataset with artificially increased cases of the
minority class possibly yielda higher AUC than the ones built from raw imbalaﬁc’ed'
‘data? o

2. What attributes are significant for prediction of birth weight values?

3 What is the effect ofthe.C01-relation-bas¢d Feature Selection (CFS) algorithim onthe
AUC of decision tree models?

4. Which decision iree algotithm '_predic_ts birth weight values with a higher AUC?

5. How does the setected model perform when app! ied to new unseen patient cases?

17 Significance of the Study
This research will :be-a-s_igniﬁcant-endeav_.o.ul" in automating the prediction of LBW through
a nove} data mifing model. The contribution is two-fold, from the medical perspective and
information systems perspective; |
|, From the medical perspective, this study. develops a data mining model that will predict
the birth weight of a new born, in an attempt to identify mothers at:a iisk of delivering
Jow birth weight babies. The early prediction of low birth weight is of paramount
importance; since the number of pregnancies: ending in LBW is currently increasing.
Eatly identification ‘of mothers at tisk of delivering LBW babies eoul'd.aid_' medicé}
practitioners to modify pregnancy managenient strategies, im an attempt to avert low
birth weight delivery. In addition, by being prevised of their inereased risk, mothers
would be in a po’sfti'on fo familiarize themselyes with LBW prevention measures
without medical intervention, for instance by ‘managing their diet.
The prediction model will aid medical practitioners in personalized decision-making
with regard to low birth weight prediction. Predicting LBW envisions improved pveral l
-quality of maternal healthcare, as preventative intewent’ion'siwiﬂ be put in place well in
advance:
5. From an information systems perspective, this research offets an approach for modelling.
medical practitioner’s decision ‘making process. The approach offers a means of
transforming medical data’ into useful knowledge to alert medical practitioners of

potential outcomes before they transpie.

1.8 Dissertation Organization

The dissertation is. organised into five chapiers;



Chapter 1 Introduction, this chapter offers the rationale for conducting this research.
“The research objectives and questions are also stated.

Chapter:2: Literature Review, this chapter provides a background on data mining and
information visualisation techniques, as well as the state of the art of low birth prediction
research, This chapter also highlights the gaps in the current literature and how this study
attempts to curb-the identified gaps.

Chapter 3: Methodology, this chapter discusses all the research methods, research
design, data collection and data analysis methods and toels employed in this: study.
Chapter 4: Presentation of Results and Discussion, presents the results and a
discussion of these results on the basis of performance measires ‘and experimentations
conducted.

Chapter 5: Conclusions and Recommendations, this chapter provides the conclusion

.and recommendations based on the outcomes of the experiments.



Chapter 2
2. Literature Review

This chaptei brings to light elements. related to the data-mining process, its application. in
healthcare; ‘and the issués that impedé the successful implementation of -data mining in
medical settings. Previous work related to low birth weight prediction are also reviewed.
2.1 Data-imining Process

Data~-mining has received a great deal of attention for bridging the gap of interpreting data
into knowledge to support decision-making. Thus, data-mining’s main role is to unveil
hidden knowledge and patterns from large datasets. [30], [31], [32]. These paiterns have to
be comprehensible, significant, and useful, so as to coniribute new knowiedge. Data-mining
is commonly referred to as the Knowledge Discovery in Databases (KDD), whereas: it is a

phase in the KDD process [33], [34], as demonstrated in Figure 1.

“Trans- - Data Interpretation /

- formation Mining Evzlupton .
— ||| === 8

Target I Prepcesed ITrans_fhrm'edI Patterns I Knowledge

Pre-
processing

Data Data Data

P

Figure 1 An overview of the steps in the KDD process [35]
KDD is defined by Fayyad [35] as the process of utilizing data-mining techniques to extract
hidden knowledge from a dataset. KDD employs supplementary techniques such as data
pre-processing, data sampling and data transformation if required. KDD consists of five:
steps:
Selection: In this phase the focus is on building a target dataset or concentrating on a
subsection of attributes on which knowled ge-discovery will be executed.
Pre-processing: This phase involves data cleaning where-by missing values, outliers, noise
and other anomalies are detected and corrected 1o obtain consistent data.
Transformation: Data transformation makes use of dimensionality reduction-and data is
converted into the correct format required for knowledge discovery.
Data-mining: The data-mining step implements learning algorithms also known as
classifiers, on training data so that they can learn patterns that can be used for future
predictions. It is commenky known that more training dataset leads to a more reliable model.
The success of data mining lies in the right choice and integration of learning algorithms to

effectively solve given problems [36].



Interpretation/Evaluation: This stage puts special emphasis on evaluation and
interpretation of the discovered knowledge. It also involves deployment of models to real

life settings.

2.2 Data-mining Tasks

Data-mining tasks can be grouped into two main categories, namely: predictive data mining
tasks and descriptive tasks. Descriptive data-mining seeks to build models to uncover
patterns that are interpretable to humans, whereas predictive data mining aims at forecasting
some answers of interest. In predictive data-mining attributes can either be predictor
(independent) or response (dependent) attributes. Predictor attributes serve as inputs to the
predictive model. The response attribute holds the outcome we obtain from the prediction
model. The response attribute in predictive data-mining is predefined, however, on the other
hand, in descriptive data-mining there is no need to predefine the response attribute.

The response can either be numerical or categorical, thus bringing us to subcategories of
predictive data mining, that is, classification (categorical) and regression (numerical) [36].
An overview of the data mining tasks is represented in Figure 2.

Data mining

Yo di el v ime
Predictive Descriptire

Classificaton Begression Cime Sertes  Prediction Clustering Swwomarization Lesocttion  Semeence
Anitlysis Bueler Discovery

Figure 2 Data-mining tasks

2.2.1 Predictive data-mining (classification) methods

Classification is a supervised leaning method whose principal objective is to build models
based on known data and use the model to predict the category for new data [6], [30], [32].
In classification, dividing a supplied dataset into training and test sets develops models. The
training set is run through one or numerous classification algorithms and the classifier
models are subsequently built. The test set is then used to evaluate the performance of the
models. Lastly, the classifier model together with various evaluation metrics are presented,

demonstrating its capability to correctly classify new cases [6]. Classification methods differ



in the way they employ modélling approaches. Their main basis of comparison is listed.

below:

» The way in which they handle noise and missing datd.

o The kind of attfibutes they take as input (categorical,.ordinal, continuous),

¢ Presentation of models.

¢ The models capability to explain the conclusions made when models. are used for
decision-making,

= And finally how modéls generalize of perform with new unknown cases,

We discuss some of the classification methods that frequently appear in the literature.

2.2.1.1 Decision Tree Classification

According to several researchers such as Senthilkumar and Paulraj [15], Jeyarani et al. [30],
Gupta et al. [32],.Adeyemo and Adeyeye [33], Podgorelec et al. [37], Yahia and El-taher
[38] decision tre__es_..a_ré‘ flow chart like trees where each internal node depicis a.test on an
attribute, each branch represents an outcome. of the test and leaf nodes represent classes,
whereas the top node is known as the roet node.

In this study, decision trees were used for classification and prediction due to the following
reasons; they have been réported to. pecform relatively better than other classification
atgorithms, not only in their construction but accuracy as well: Furthermore, they can deal
with high dimensional data without compromising their performance. Another notable
benefit of decision trees is their capability to display model results in comprehensibie

formats [38].

2.2,1.2 Construction of Decision Trees

The prime aim of decision tree classification is to map cases with the same behaviour to the
same class, Decision tree building employs two main methods; the top-down approach
(general to specific) and the bottom-up (specific to general).

The top-dewn approach begins with a broad partition and recursively divide cells until
certain focal stopping criterion is satisfied [15]; [30], [32], [33], [37], [38}. In contrast; the
bottom-up approach, begins with the largest possible number of leaves, each entailing either
a single case from the database or all the‘cases with the same values for each predictor. At
every level, cells are merged into one broad cell, in the end, all cells form the universal

partition at the root.



Top-down approaches are the most prominent even though they are often coupled with
bottom-up approaches. This is known as over-fitting and. pruning a tree. A tree is purposely
grown into a very large tree and recursively cut down inte a smaller size using a pruning

strategy that varies from the growing strategy [39].

2.2.1.3 Decision tree learning algorithms

‘There exists a number of decision iree Iearning; algorithms, alse known as classifters [15].
The-fop widely adopted decision tree learning algoritiuns are Iterative. Dichotomiser 3 (ID3),
Classification and Regression Tree (CART), Chi:squared Automatic Interaction detection
(CHAID), C4.5, REPtree and Random trees [40]. In‘this study, C4.5, Reduced error p_runing
trees (REPtree) and Random trees are compared so as to select the best _perf_orming decision
tree model. The abifity of these algorithms to handte multi-classification problems, missing
data, and interpretability of medels [15], [30], [32], [33], [37]. [38], are-émong the reasons

for selecting these algorithms This section provides a discussion of the selected algorithms.

2.2.1.3.1 C4.5 Decision Tree

The C4.5 decision tree has been extensively applied to medical problems. C4.5 [41], [42] is
a successor of 1D3, developed by Quinlan Ross (1993). Comparative to eatlier versions of
decision trees, C4.5 algorithm takes both countinuous and categorical attributes as training
input. It divides continuous data into discrete intervals, this is widely known: as
discretization, The data is arranged at every node in order to determine the best splitting
feature using gain ratio impurity technique. Another strong point of C4.5 algorithm is its
ability to handle missing values. It-accomplishes this by using probability values for missing
values. These values are computed from the- iden_tiﬁed. frequencies in that instance. For
instance, let X be a Boolean variable. If variable X has six values with X=1, and four with
X=0, then .according to the probability theory, the probability of X=1 is 0.6 and the
probability of X=1 is 04. At this stage, the attribute is partitioned into two fractions: the 0.6
fraction of the instances is allocated to the branch for X=1 and the 0.4 fraction is-allocated

to the other branch of tree [43],

2.2.1.3.2 REPTree

REPTree algorithm is a fast classifier that builds a classification/regression tree via
information gain/variance, It prunes its trees by means of reduced-error pruning (with back-
fitting). REPTree algorithm only sort$-the instances for numeric variables once. Missing

values are handled in the same manner as C4.5 Decision Tree [44].
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2:2.1.3.3 Random Tree

In recent years, the random tree learning aigorithm has received immense aftention in
medical research. With k random variables at-each node, a random tree i$ a tree constructed
at randoi from a wide range of possible trees. Each tree has an equal probability of being
selected. Put differéntly, the distribution of treesig uniform. Randem trees are very efficient
and the fision of large random trees normally leads to accurate models [44], Other

classification methods are discussed beiow_;

2.2.1.4 Other classification algerithms
Other alternative classification algorithms are explained in this séction together with their

merits and demerits, and why there were not found fit 1o b¢ used in this research.

2,2.1.4.1 Artificial Neural Netwoiks classification

It is stipulated in many works such as Kaur and Wasan [6], Gupta-et al [32], Catley et al
[27], Sana et al [45], that Artificial Neural Networks (ANNs) simulate: human brain and
consist of a set of nodes called neurons.. ANNSs provide a learning mechanism tb-pe_rfo_nn a
task given the initial.data. The merits of using ANN. are that they are fault tolerant and can
make their own representation of information. Howeyer, ANNs are difficult to visualize and

suffer from slow convergence time during maodel training:

2.2.1.4.2 Naive Bayes classification

Naive Bayes is described by Jeyarani et-al [30], as a supervised learning and statistical
method that does: classification based on probébilit.y. Naive Bayes reads data from the
training sets-and uses Bayes theorem to forecast probabilities.of all classifications. For every
instance, the classification that has the highest probability is selected as the prediction class,
Najve Bayes are suitable for solving multi-classification problems [46], however,

comprehending their results still remains a challenge.

2.2.1.4.3 Support Vector Machines classification

Support Vector Machines (SVMs) are non-probabilistic binary linear, supervised learning
models that perform classification by marking each instance ina iraining set as belonging
to one of two classes. An SVM then builds a model that maps the new cases into one class
or the other. They perform well with interactions among features and repeating features
[32]. Similar to Naive Bayes classification, SVMs are suitable for solving multi-

classification problems [46], however, interpreting their results is challenging.
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The next section highlights the methods that are used for evaluating data mining models

developed for healthcare settings.

2.3 Evaluating Data-mining Models Developed for Healthcare Settings
Data-mining research has made advancements in developing models aimed at supporting
decision making. As novel models are being developed, performance measures are essential
to guide research in promising directions. Evaluation has emerged as one of the components
that play a major role in moulding research and therefore data-mining models need to be
assessed so as to determine if they indeed serve the purpose they have been developed for.
The selection of a performance measure is largely dependent on the specifics of the problem
at hand. There is no globally suitable performance measure, one performance measure may
be suitable in one context and fail to give a correct estimation on the expected performance
in a different scenario. Therefore, choosing the suitable performance measure for a specific
problem is necessary to avoid the possibilities of a failed data-mining operation.
Data-mining classifiers are typically evaluated by a confusion matrix [24], as illustrated in
Figure 3 (for binary classification problem) and it is discussed below, together with other

metrics derived from the matrix.

2.3.1 Confusion Matrix

Tefera [24] explains the confusion matrix is a useful measure for assessing how well
classifiers can identify instances of diverse classes. The columns in a confusion matrix
represent the Predicted class and the rows represent the Actual class. The TN (True
Negatives) is the number of negative instances that were correctly predicted as negative
instances. FP (False Positives) is the number of negative instances that were incorrectly
predicted as positive. FN (False Negatives) is the number of positive instances that were
incorrectly predicted as negative and TP (True Positives) is the number of positive instances

that were indeed correctly predicted as positive.

Predicted Class

P+ P-
Actasl Cliiss Cy— | True Posinve(TP) False Negative(FN)
Cs - False Posttive(FP) True Negative(TN)

Figure 3 Confusion matrix for a binary classification problem [24]

Using the confusion matrix a four extreme cases can be deduced [47]:
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I. A Perfect Classifier — This classifier correctly classifies all instances. All the positive
instances are correctly classified as positive and all the négative. instances are. correctly
classified as negative.

2. The Worst Classifier — This ¢lassifier is incapable of cotréctly predicting any positives

Or negatives.
3. Ad Ultra-Liberal Classifier — This classifier predicts-all instances as positive.
4. An Ultra-Conservative Classifier — This classifier predicts all instances as negative.

Several evaluation measures that can be.computed from the. confusion matrix include the

accuracy, precision, recall, F-measure and ROC curve.

2.3.1.1 Accuracy

In the initial stages of data-mining, accuracy (Acc) was the most extensively used meéasure
of performance. Accuracy measures the. overall effectiveness of the algorithm. It is
computed by measuring the percentage of correctly classified iristances out of all the
instances; Ace = (TP+TN) / (TP+TN+FP+FN), Even today accuracy is being nsed to
evaluate novel classifiers. However, it has been criticized for providin‘g over optimistic
results, especially-when the distribution of data is highly imbalanced [48], [49]. Data-mining
algorithms would often forecast the most frequent class in these problems, thus, a great
identification of the majority class can translate to a great accuzracy, regardless of how the
mode] recognises the minority class. Such distributions are common in medical data [50],
[51], therefore the most appropriate evaluation measures need to be used to evaluate the
effectiveness of models before they can be applied to real life clinical practices.

Frequently recommended metrics for evaluating medical data-mining models are the ROC
and AUC, sengitivity (recall), specificity, F-Measure, and precision {52]. These metrics are

discussed in the subsequent sgction.

2.3.1.2 F-Measure
F-measure is a meiric that nses two other metrics (precision and recall) to measure
performance,
Precision means the number of positive instances classified divided by all the instances.
classified. Thus, precision is derioted as follows;
oL TP
Precision = TP L FP
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Sensitivity is also known as the True Positive Rate (TPR) or recall, this is the ratio of the
number of positive instances classified over ali the: positive instances [52]. Sensitivity is
computed a follows;

TP
TP +FN
Based on these definitions F-measure is defined as demonstrated below;

Sensitivity =

2 X precision Xrecall
precision +recall

F ~measure =

2.3.1.3 Specificity
Specificity is used for the purpose of measure the proportion of negative cases that were
cotrectly classified as negative, which is 1 —FP (False'positive) or can be denoted as follows,
(23], [52];

Specificity =&
TN+ FP
2.3.1.4 ROC curve (AUC)
The ROC curve is a two-dimensional graph representing the ratio of false positive and true
positive rate. Qnan ROC cuive the X-axis represents the percentage of the FP (1-specificity)
= FP/ (TN+FP) and the Y-axis represent the TP (sensitivity) = TP/ (TP+FN). I has been
recommended as an appropriafe measure of diagnostic accuracy by clinical epidemiologists
[48], [52].
Two ROC curyes for two models are shown in Figure 4. The curve depicts a diagonal line
where for each true positive of a ceftain model, it is likely to encounter a false positive [24].
Thus, if the ROC curve is.closer to the diagonai line, then the modél is less dccurate. If the
performance of the model is o"ut'standi'ng, it is more likely to- encounter true positives.
Therefore, the ideal point on the ROC curve would be (0, 1 that is all positive instances are
i:lassiﬂe_d'jcorrect_ly and -no negative examples are incorrectly classified as ‘positive. The
AUC is-a'standard performance metric for a ROC curve. It takes any value between [0, 1].
A random classifier yields an AUC of ~0.5. A larget AUC represents a better model [47],
(48], [49), [53], [54], Figure 4 showsa visual example of an AUC.
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Figure 4 A depiction of an AUC for a particular classifier [47]

2.4 Prior Application of Decision Trees in Healthcare.

The healthcare iridustry is amongst the industries where the quality of detision making,
directly affects the quality of life. Therefore, accurate diagnosis and prognosis is crucial.
Literature regarding applications of data mining in healthcare indicates that different data
mining techriiques and technologies have béen widely ado‘pted to solve hiealthcare problems
ranging fromy; inforining diagnostics, disease impact forecasting, scaling down healthcare
costs, healthcare insurance claims identification, and medical malpractice prevention [541,

[55], [56]

In' Pakistan research by Sana et al [45], demonstrated the success of data-mining by
developing a Birth Prediction Classification mode] {BPC) based on a high dimensional
dataset with 50 factors that influence birth. Two: data mining algorithms, J48 (C4.5) and
multilayer perceptron neural network wete utilized for model building. Chi square method
was used to extract relevant factors and the models were evaluated using cross validation.
The results of the study indicafed that C4.5 decision trees can be snccessfully applied to
predict birth delivery mode with.a recall (sensitivity) of 80.2 % and an AUC of 81.6 %. The
Multilayer Perceptron neural network, obtained a recall of 82.3 %, and an AUC of 90 %.
While the Multilayer Pérceptron neural network outpérformed the decision trees, neural
networks are generally slow during traifiing and their results are somewhat difficult to
inferpiet. This study advocates for the use of data-mining techniques ini the medical domain..
Summiarizing the results of work by G‘eregiorgis [57], we conclude that decision {rees are
suitable for the healthcare domain. This work applied J48 decision treée and Naive Bayes fo
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predict the possibility of the use of contraceptive methods among women aged between 13
and 49 years. The study employed the 2005 Ethiopia Demographic Health Survey data. The
J48 decision tree was selected as the best model with an overall aceuracy 0f"82.85%, a
sensitivity of 87.3% and specificity of ' 74.7%. The Naive Bayes produced an accuracy of
85.87%, a sensitivity of 89.7%, and a specificity of 53.8%. Although. the naive Bayes
dlgorithm had a comparative larger accuracy and sensitivity, there was a discrepancy in
classifying true positive values and true negative vaiues: The trug negative values were fairly

low.

In théir research, Hailu [28], conducted 4 comparative study on the prediction capability of
decision trees, Neural network, and , logistic regression in building HIV test prediction
niodels. The models predict HIV test outcomes.among aduits in Ethiopia based on the 2011
Ethiopia Démographic Health Survey (EDHS) data. The results revealed that the decision
trees: performed better than other classifiers, with random tree algorithm .'producing an
accutacy of 96%, and C4.5 (J48) decision tree obtaining 79% classification accuracy. Other
algorithms’ classification accuracy was as follows; neural network (78%) and Logistic

regression had the least accuracy of 74%.

A review of a study'by Soleimanian et al [58], affirmed the applicability of decision trees in
healtheare settings. This workdes’igned a C4.5 decision tree using a dataset from the Tabriz
healthcare centre with 80 pregnant women and 5 attributes (age, number of pregnant, heart
status, blood pressure and delivery time). The decision tree’s goal was to classify caesarean
section into two classes, yes ot no. The study used WEKA software and the C4.5 decision
tree way able to successfully classify caesarean section with an ROC of 94.6 %, recall of
86.3% and specificity of 89.1%.

A study by Tafi et al [39] demonstrated an improved performarnce of C4.5 decision tree and
Naive Bayes by developing syntheti¢ cases with SMOTE and applying 10-fold cross
validation method. This research developed prediction models for fitiding Adverse Drug
Event (ADE) in women admitted fot' Labour and Delivery. The predictor variables were
patient risk factors and comorbidities. The data came from the Enterprise Data Warehouse
(EDW) of Intermountdin Healthcare in Salt Lake City, Utah, 135,000 individual patients
from years 2002-2005 were extracted, The study concluded that models developed with the

use SMOTE can aid the devéelopment of evidence based ADE mionitorin g systems,
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2.5 Challenges of Mining Healthcare Data.

Numerous difficulties are encountered when data-mining healthcare data. Healthcare
datasets are generally complex, they are large, imbalanced and possess high dimensionality.
If the complexity is not dealt with, the data-mining process can become daunting.and
produce poor results. This section ¢onsists. of a description of the challeriges of mining

medigal data, alongside methods that are used to counteract: the chalienges.

2.5.1 Imbalanced Data

Medical datasets predominantly suffer from data imbalance, The data imbalance problem is
realized when the number 6f instances n one class is much smaller (minority class) than the
instafices another class (majority class). Learning in imbalanced dataset is problematic,
especially when the vutcome of interest is the minority class. Classifiers énd up incorrectly
classifying the minority" instances as belonging. to the majority class. From a medical
perspective, misclassification of such cases is expensive, since medical practitioners are
often interested in'correctly classifying rare cutcomes [48], [50], [51].

A séries’ of ‘methods for enhancing performance of algorithms when dealing with
imbalanced data have been proposed. These methods can be grouped ‘into thrée wide
categories, data ¢centred (sampling methods), algorithm centred and hybrid so.lutiOnS_:['48]'.
This study employed data centred methods and therefore this section will only be Jimiited to
the discussion of data centred methods.

Data centred methods are concernsd with modifying the distribution of data. This task is
accomplished either randomly or deciding which instances to remove from the majority
class.or.add to the minority class, or by artificially generating data. Techniques under this
category include random over-sampling, under-sampling, or morg advanced techniques,
such as SMOTE [47].

SMOTE is one of the most popular ovetsampling techniques. It has been successfully
applied in number of studies such.as [24], [48], [51] and serves as a base for other techniques
[60]. SMOTE performs its balancing by creating new synthetic cases of the minority class
by considering its neighbours, The resulting oversampled cases are not simple duplication
of the data but an expression.of the variable values of the complete dataset [59]. For this

reason SMOTE was employed.in this study.
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2.5.2 High Dimensionality

Medical data has databases with millions of records and large numbers of variables. These
datasets increase the likelihood that a data~imining classifier will obtain spurious patterns
that are invalid. Possible solutions iriclude véry efficient algorithms, massive paral!el
processing, dimensionality reduction techniques, and incorporation of prior knowledge [61].
Dimensionality reduction through the use of feature selection was utilized and s thoroughly

discussed below:

2.5.2.1 Dimensionality Reduction through Feature Selection
While some datasets require no or little preparation prior to the'data mining exercise, others,
especially high dimensional datasets requiré. thorough preparation, This is due fo the
following problems that exist with high dimensional datasets [61];
1. Computational.costs increase as features (dimensions) increase. This is known to-as
the curse of dimensionality.
2. Some features within the dataset may be irrelevant to the task at hand and hence
impacting the reliability of the results.
3, There may be assaciation between features in the dataset that may affect the
classification performance.
Feature: selection also known as relevant analysis [61], [47] reduces dimensionality
(mumber of features) by selecting a subset of top:features while eliminating irrelevant or
redundant features. Irrelevant features are the ones that provide.no useful information for
solving the problem at hand. Feature selection optimizes model performance by avoiding
overfitting, it alsq reduces training time and increases comprehensibility of the mined fesults
[47), [62].
Feature selection algorithins can be categorized fiito two wide groups, wrappers and filters.
Wrappers employ the ledarning algorithm to examine the relevance of features. Filters
examine features according to some heuristics based on the overall characteristics of the
data. This is-done independently of the data-mining algorithm to-be used. Fiiters havé been
renowried for this independency. Studies-have reported that filters are relatively faster than
wrappers [61]. [63]. Hence filters.are used in this research: The following section provides

a discussion of low biith weight and its determinants.
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2.6 Low Birth Weight and [ts Determinants

Earlier studies have established premature delivery (short gestation<37 weeks) and foetal
growth retardation as the major two causes of low bitth weight. These two conditions are
affected to a great extent by numerous factors that are closely related to the infant, the
mother or'the physical environment. The factors pldy an important role in det_ermini'n_g the
new-born’s birthwei ght-and future health outcomes [10], [ 121.

It is well known to. medical practitﬁioners that factors that largely influence foetal growth and
development are infarit gender, parity, maternal height, ethnic origin, pre-pregnancy weight,
paternal weight and height, maternal birth weight,. history of low-birth-weight infants,
gestational weight gain and caloric intake, the mother’s gestational nutrition, diet, general
motbidity and episodic illness [10], [22].

Further investigation into the determinants of low birth weight revealed that firstborns
weigh less than subsequent infants, girls are lighter boys, and twins are fairly lighter than
singletons. Young women, women of short stature and low pre-pregnancy weight women
frequently deliver low birthweight babies [12], [22]. Furthermore, intake of toxic substances
such as alcohol, tobacco and other drugs is significantly correlated with slow foetal growth.
Mothers with poor .socio-economic backgrounds:are also prone io delivering low birth
weight infants. In those contexts, the baby’s low birthweight stems mainly from poor
gestational nutrition. Physically demanding wark during pregnancy is also a contributing
factor to poor foetal growth.[12], [14].

On the other hand, gestational duration’s well established causal factors include pre-
pregnancy weight, history of premature births or spontaneous abortion, and cigarette
smoking, Other factors are imaternal complications such™ as hyperténsion, and high
prevalence of infections such as HIV, syphilis , urinary tract infection and other infections
(103, [12].

In' conclusion, low birthweight defines a varied cluster of infants: some are delivered
prematurely (preterm birth), some with restricted growth, and othérs are delivered both early
and with restricted growth. Preterm birth is recognized as a léading cause of death, morbidity
and disability. Low birthweight due-to restricted foetal growth affects the person througliout
their entire life and is linked with a higher incidence -of adult diseases, ‘such as type 2
diabetes, hypertension and cardiovascular disease. An auxiliary risk for girls is- giving birth
to low birth weight infants when they become mothers [12], [13], [14], [1 51,1161, [17], [181.

1191, {20]. Thus, low birthweight is an important indicator- of health; and efforts must
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therefore be channelled into measuring birth weight as aceurately as possible and planning
infant care-accordingly.

2.7 Low Birth Weight Prediction (Related Works)

In the past years, researchers have made efforts to predict LBW babies arid LBW risk
factors. The aim of this section is to evaluate the current techrigues-used in medical research
to estimate low birth weight. These techniques. include both statistical and data mining
techniques.

2.7.1 Low Birth Weight Prediction Using Statistical Models

[n their study, Ben-haroush et al [22] presented an evaluation of the accuracy of sonographic
measuzes. in estimating foetal weight at 28-34 gestational age to predict small and large for-
gestational-age babies (SGA, LGA) at term. This study was carried out on 259 low risk
births whose measurements were taken at 28-34 weeks of gestation. The participants were
recruited at term delivery. The birth weight were transforined into percentiles based on
locally developed growth charts and compared. A statistical method called multivariate
linear stepwise regression analysis was employed to prediet the birth weight and birth
weight percentile. The Bland and Altman plot and Passing and Bablok regression were
utilised to measure the calculated birth weight against the actual birth weight. Both the
sonographic estimated foetal weight and the computed birth weight bore low positive
predictive values in predicting SGA or LGA infants. However, the computed birth weight
had high negative predictive values of 99.5% and 100%, for SGA and LGA infants
respectively. These values suggest that the data was highly imbalanced and in conclusion,
this study produced poor résults and it was only concentrated -on low risk pregnancies.

Therefore, further studies targeting high risk pregnancies was proposed.

Research by Moraes étal [64] employed classical logistic re_gress'_ion -and multilevel logistic
regression models to discover risk factors for low birth weight for singleton Jive born babies
in Rio Grande do Sul State, Brazil, in 2003. The research used:-the [ive births data from an
Information System. The study successfully identified a correlation between low birth
weight and frequency. of prenatal visits, prematurity, maternal age, inherited anomalies,
childbirth delivery mode, sex, marital status, maternal occupation, place of delivery, parity,
and schooling, The multilevel models established a correlation between urbanization of the
microsregion, Less urbanized micro-regions, present higher risks of single mothers giving

birth to LBW babies.

20



Similar to the.abovementioned study, Yaday and Lee [14] applied statistical analysis to Tow
birth data to build a LBW predictive model. A ‘cross sectional -study was conducted at.
Seremban General Hospital in Malaysia between May 2007 and March 2008. The number
of deliveries throughout the time of the study and associated maternal factors were
documented. The total number of records was 666, 573. normal and 93 LBW births. The
Chi-square statistics and odds ratios examined the correlation between LBW and maternal
factors. Logistic regression was used to develop a LBW prédictive model. The model was
used to forecast the factors associated with LBW i terms of ofder. The ROC curve
estimated the sensitivity and specificity of the LBW model. Ancothér model, step wise
regression model, was developed and independent variables were included in 4 hierarchical
form and the likelihood ratio test was used to do a comparative analysis between the iniitial
and the nested models which emanated ffom the first model. Among the maternal factors;
olderwomen (>35 years) were noticed to likely have LBW babies, motliers from poor socio-
economic background also were bound to have LBW babies. Other significant risk factors
of LBW are high and low blood pressure. The LBW model yielded a sensitivity rate of 80%
and specificity of 75 % using ROC eurvé.

Das et al [16] studied mother’s lifestyle characteristics that have a significant effect on her
baby birth weight using Joint generalized linear log-normal statistical modefling of mean
and variance. A dataset that was originally collected in 1986 at Baystate Medical Centre,
Springfield, Massachusetts was utilized. The data had maternal information about 189
womenrand 11 attributes. The analysis was able to detect that the mother’s age; race, history
of premature labour, her weight at last menstrual period, smoking status, tlie presence of
uterine irritability and hypertension history, are statistically influentia! to the baby’s birth
weight. Contrary to the previous study, this work concluded that joint log-normal models

are more effective than conventional simple, multiple, logistic regression.

In South America, a study by Marshall et al [65] developed and validated a model for very
low birth weight necnatai mortality prediction, using historical birth data in 16 neonatal
intensive care units from Argentina, Chile, Paraguay, Peru and Uruguay (NEOCOSUR
Network.). All infants weighing 500-1500 grams. from the 1% of October 2000 to the 30
May 2003 were included in this study. The model was developed using 1801 instances,
while 450 instances served as 4. test. sample. This model was-compared with two existing

scores by using the AUC, and it was highly predictive for in-hospital 11101'Tality'wif11 85%
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AUC. The new model outperformed the Clinical Risk Index for Babies (CRIB) and the
NICHD risk models when applied to the NEOCOSUR Network.

In Bangladesh, research was conducted by Nasreen et al [66], based on 720 expectant
women from two rural sub-districts to examine the effect of maternal antépartum depressive
and anxiety symptoms on infant low birth weight. Antepartim deptession symptoms were'
examined using the Edinburgh Postpartum Depression .Seale (EPDS), and -antepartim
anxiety, using the State Trait Anxiety Inventory (STAI). Birth weight of 583 'sihglefon live
babies born at 37 gestational age (weeks) and above, was recorded within. 48. houts of
delivery. Structured interviews were also carried out and descriplive statistics were
perforined using Chi-square, Fisher’s exact, and independent-sample t tests. A multiple
logistic ‘tegression ‘model was employed to detect predictors of low birth weight. The.
tesearch revealed that maternal antepartum depressive and anxiety symptoms are

significantly related to low birth weight.

Vanka et al [67] carried out as study to scrutinize the relationship between maternal
periodontitis and the risk of low birth weight using logistic regression analysis. Two
hundred and thirty two (232) expectant women who had reached the second trimester and
with at least 4 teeth with periodontal pockets were studied, Structured interviews were
carried out after the delivery to gather data concerning the weight of the baby. The
periodontal status was examined based on Community Periodontal Index (CPI)-and Loss of
Attachment (LOA) as per the WHO recommendations. A large proportion of the population
{134) with deep pockets delivered babies with low birth weight, as compared to 98 who had
normaj weight babies.

In Cleveland, Hack et al [68] cenducted a longitudinal study of 242 very-low-birth-weight
young adults and 233 normal weight young adults born between 1977 and 170 at Rainbow
Babies and Children’s Hospital was undertaken, The main aim of the study was to assess
the level of education, cognitive and academic performance and levels of chronic illness and
risk taking behaviour of thesé young adults-at the age of 20 years. Univariateé comparisons
between thé very-low-birth-weight and normal-birth-weight groups were made with the use
of Student’s t-test for continuous variables and with the chi-square test or Fisher’s exact test
for discrete vatiables. Logistic regression was used-for dichotomous outcomes, and 'multiplé'
linéar regression was used for continuous outcomes. It was reported that 74% very-low-
birth-weight young adults graduated from high schoel compared to normal-birth-weight

young adults (83%). Very-low-birth-weight subjects had a lower average 1Q (87 compared
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10.-92). They also had greater levels of neurosensory-deficiencies (10 percent vs. <1 percent,
P<0.001). Thus low birth weight has a significant¢ffect on the level of education, cognitive
and academic performance of tow birth weight adults. The next section discusses. work

related to the utilization of data-mining to predict low birth weight.

2.7.2 Low Birth Weight Prediction Using Data-mining Models

Senthilkumar and Pauligj [15] app]'ie_d-a wide range of data-mining algorithms to predict
LBW babies. The algorithms were Naive Bayes’, neural network, random forest,
classification tree, SVM, and logistic regression. The study also used the dataset from
Ba_ystate Medical Centre, _Sp;ringf"icld, Massachusetts. The classification tree yielded a
higher prediction aceuracy of 89.95% when using validation method on training data.
Random forest gave a fower overal | prediction accuracy 70.9% than other algorithms. This
work: identified mother's last weight (pounds) prior to becoming pregnant, mother’s age,
the number of p_hys_ic‘ian. visits during the first trimester, and the number of previous
premature labours as outstanding influencing factors of LBW. Smeke, hypertension, urine
iltritability, and race were said to be weak influencing factors of LBW. The results of the
study were compared with that of logistic regression in other works and logistic regression’s
prediction accuracy was outperformed by the data-mining techniques employed in this
study.

Desalegn [18] introduced J48 and PART rule induction aigorithin (with pruning) in
predicting low birth weight vsing Ethiopia demographic and health survey data.
Experiments were conducted on a dataset containing 9, 861 records dataset. J48 decision
tree classifiers using pruned technique achieved ‘an accuracy rate of 94.7%:. PARTY rule
induction algorithtn gave an dccuracy rate of 94.35%. In spite of the high accuracy rates for
both algorithis the research had some hiccups. The results of his study could be biased
because evaluation was on the basis of 10 -fold cross. validation .and thus the actual
performance of the model based on wnseen data was ignored. Moreover; the class attribute
was only limited to binary outcomes (fow/normal birth weight).. A summary of the statistical
and data-mining related studies is. discussed below. The next section ‘alse sums up the
literature review chapter

2.8 Literature Review Summary

1t was observed in the obstetrical research that, statistical methods are predominantly used
for estimating low birth weight. Despite the substantial results yielded by classical statistical
methods, they have been largely criticized for having limited capacity to discover hidden
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relationships in large datasets [18] [69], Large datasets are:comprised of a wide range of
potential variables which make the possible combinations of variables highly complex.for
statistical methods to analyse these data in a reasonable -amount of tirne. Therefore,
statistical methods alone, are:insufficient for handling complex medical datasets. In contrast,
data-mining can handle Jarge and complex datasets.

Thus, the unsuitability of statistical models to handle complex datasets can be solved by the
use of data-mining te¢hniques [24]. However, what remains unrésolved about the examined
studies is the use of data-mining techniques for predicting birth wei ght based on LBW risk
factors. In addition, these models may have not offered nicans for evaluating model
performance.on a distinet _indep'endent-dataset.

Thus, after thiashing eut. the- literature the study concludes that decision trees have the
potentidl predict birth weight based on LBW risk factors, To the best of our kno'wledge, a
study of this kind is fiovel in LBW prediction. The imethodology followed by tliis study is

outiined on the next chapter.
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Chapter 3
3 Methodology

This chapter discusses the architecture of our approach, the data-mining techniques, and
research methods used in this research. All the data preparation and experiments were
performed in the Waikato environment for data analysis (WEKA) workbench. WEKA data-
mining workbench is an open source and free software that was developed in New Zealand
at the University of Waikato using JAVA programming language. This workbench has been
widely accepted in both academia and the corporate world. It offers researchers a platform
to conduct experiments by applying various to datasets of their choice [70]. Therefore,

making it suitable for the purpose of this research.

3.1 An Architecture of the Research Approach

The research approach architecture mainly consists the data-mining process and an
investigative method to assess the predictive power of the best selected model on unknown
data. The workflow entails acquisition of the dataset, data selection, data pre-processing,
model building based on three classifiers (C4.5, REPTree and Random tree), model
evaluation and the actual usage of the selected model on an independent dataset. The

architecture is represented in Figure 5.

Data selection North Carolina state
| birth dataset {2006)

v
Data pre-processing (Handling missing values, discretization, SMOTE and CFS)
| 1

l !

| Testdata Training data

B

Data mining model building (J48, REPTree and
Random tree)

|

Data mining model selection (Beat AUC)

Use model to classify unseen data (Synthetic dataset)

Figure 5 Research approach architecture
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3.2 Dataset

The research utilized a-publicly available dataset containing births recorded at the North
Carolina State Centre for Health: Statistics in 2006. The target variable was the birth weight
group. The target-variable was measured in grams and it had 10 classes; 0 (500 or less), 1
(501-1000), 2 (1001-1500), 3 (1501-2000), 4 (2001-2500), 5 (2501-3000), 6 (3001 3500},
7 {3501-4000), and 8 (4001-4500) and 9 (4501 or more). Using the target variable, the
mothers who are likely to deliver birth weight babies can be identified. Initially, the dataset
contained a‘total population of 10, 000 births and 131 continucus and categorical predictor
variables.as indicated in the data file description in Appendix A, The next step was.to select’

relevant data for mode! building,

3.3 Data Selection

The data file description in-Appendix A was used:to gain understanding of the variables
anid structure of the dataset. Anomalies and redundant variables and other variables that
were not relevant to this study were eliminated using Microsoft Excel software. These
included; the place of residence, date of birth, month of birth, day of birth, year of birth,
Daté of Last Live Birth (Date Ebirth), Month of Last Live Birth (month Lbi'rt'h)__, Year of
Last Live Birtli (year Lbirth), Date of Last Termination (Date term), Month of .Last
Termination (monih term), Year of Last Termination (year term), and race., Prenatal,
trimester prenatal, visits, Kessner index, Birth Weig_hi (Ibs), birth weight remainder; birth
weight (g), fow birth, race-mom, tace dad, father minotity, mother minority, and smoker
were all redundant and were deleted. Features that were related to the conditions of the new--
born such as gest age (BC- Weeks gestation as reported ‘on birth certificate), Appeatance:
Pulse; Grimace; Activity; and Respiration (APGAR) score 1 min, APGAR score 5 min ,
Infant transfer status (infant tran), Mother transfer status (mom tran) were eliminated. The
final number of attributes for initial modelling were 90 and were exported 10 WEKA for
pre-processing.

3.4 Data Pre-processing

The most important but tedious task iri data-mining is data pre-processing. Real world
medical datasets are often noisy, incomplete of incousistent which can distort useful patterns’
and make the leaining pfoc'ess:‘dverwh'e'lm'ing-.- The possible réasons for inconsistencies are
human. errors and valués that are designed to take no values [71]. Several data. pre-
processing technigues exist to deal with the inconsisténcies i datasets and thus improving

the quality of data for effective data mining.
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3.4.1.1 Handling Missing Valucs
Missifig values are data with no records. Missing data can significantly impact models
performance. Difierent options are available for handling missing vatues. One-option is to
ignore missing values, this option has been reported to lead to biasness in the data, Other
options that are preferred to the abovementioned option include [72];
« Filling out the missing data manually, this. can be tedious and almost impossible to
dchieve when dealin g with enormous. datasets.
° Rgp]ace_:-m'is'si'ng. values with techniquies like.mean, mode, and random imputation
values:
Out dataset had a considerable amount of missing values-and thus. the study employed a
feature named “ReplaceM issingValnes” in WEKA to automatically replace missing values.
This feature replaces continuous missing values with the mean and nominal missing values
with the mode. Attributes with a large number of missing values discarded from' analysis.
A’ge and -education of the father attributes accounted for approximately 18% of missing
values, and therefore they were deleted, Tuble 1, shows the atiributes which had missing:
values together with how they were dealt with,

Tabie 1 Missing values-togeéther with their respective handling mechanisms

Attribute name Number of missing | Percentage of missing | Handling mechanism
valies (%) (WEKA)

County of residence of | 179, 1.79 Replace with méde’
maﬂm;'
Age of father 1,753 17.53 Delete atwibute

1 Education  of futler | 1,778 17.78: Delete atribute.
firears)
Education of mother 37 0.37 Replace with mear
Total  Preg  (Total | 13. 013 Replace-with. mean
Pregnancies (Including
This One}
Bdead  (Nuymber of | 9 0.09 Replace with mean

Children  Bora Alive
N Dead)
Terms  (Number of | 12 0.12 Replace with mean

Other Terminations)

Gest Age (Complated | 8 0.08 Replace with mean
Weeks of  Gestation
{calculated)
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Birili-weight group 2 (.02 Replace with mode
NumChild (Number of 7 0.07 Replace with mean
Living Cliildren)

AveCigs. fdvergge | 41 41 Replace with mean
nithber of Clgtretes

Lised Dailv}

AveDrink {Average |-49 0.4% Replace with mean
number  of  Drinks

Consumed Weehlyj

W . Gain. (Weight | 303 3.05 Replace with mean
Gidgined)

Some attributes related to the events. of labour and/or delivery such as Febrile (> 100°F or
38°C), Meconium {(Meconium, moderatesheavy), Rupture (Premature rupture of
membrane), Abruptio (Abruptio placenta), Previa (Placenta previa), Bleeding (Other
excessive bléeding), Preclab (Precipitous labour (<3 hours)), Prolab (Prolonged labour (>
20 ‘hours)), Dysiab (Dysfiunctional labour), Breech (Breech/Malpresentation), Cephalo
{Cephalopelvic  disproportion), Prolapse (Cord prolapse), Awesth (Anesthetic
complications), Distress (Ietal distress }; and Ofhlabor {(other) had 4 missing values and
were replaced Wwith modes.

Medical Hisfory related atiributés such as Anemia, Cardiac (_Car’dfac- disease), Adclung
(Acute or chronic lung disease), Diabetes, Hérpes (Genital Herpes), Hydram
(Hydramnios‘!O.]igdh_ydramn ios'), Hemoglob (Hemoglobinopathy), Hyperch (Hypertensi'oﬁ,
Chronic), H)p'e;pr (H.yperten’s’ion_, pregnancy), Eclamp (Eclampsia ), Cervix (lncompetent
Cervix), Pfrgfém!-.(PreviOus infant 4000+ grams), Pieterm (Previous preterm /small infant),
Renal (Renal disease), Risen (Rh:sensitization ), Uterine (Uterine Bleeding), and Offmed
(other) all had 9 missing values and were replaced with modes.

Attributes related to Congenital Anomalies. such as Anenceph (Aneucephalus), Spinabif
(Spina bifida/Meningocele), Hydrocep (Hydrocephalus), Microcap (Microcephalus ),
Othens (Other centrat nervous -system_),. Hearimal (Heart malformations), Othcire (Other
circulatory/respiratory), Rectalat (Rectal  atresia/stenosis), Fistula  (Tracheo-
esophageal/fistula), Omphalac (Omphalocele/Gastroschisis ), Othgast (Qther gastro
anomalies), Mdalgen (Malformed genitalia), Rangene (Renal agenesis), Othuro (Other
urogenital anomatlies), Clef? (Cleft lip/palate), Polydact (Polydactyly/Syndactyly/Adactyly),

Clubfoot, Dhernia (Diaphragmatic hernia), Othms {Other musculoskeletal/integumentap),
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Downs (Down’s Syndrome), Othchrom (Other chromosomal anomalies), and other all had

1 missing value and were replace with modes. The next step was to handle data imbalance.

3.4.1.2 Handling Imbalanced Data

Building predictive models based on imbalanced datasets and multiple classes can be
overwhelming and countering imbalance is necessary [24]. WEKA visualizations revealed
that the dataset was imbalanced. Class 6 (3001 -3500 grams) was the most frequent with 3,
769 instances. It was followed by class 7 (3501-4000 grams) with 2, 660 instances, then
class 5 (2501-3000) with 1, 843 instances, and then Classes 8 (4001-4500 grams) and 4
(2001-2500) with 720 and 531 instances respectively. This can be imputed to the fact that
birth weights of 3500-4000 g are the most frequent in obstetrics [10], [11]. The least frequent
classes were classes 0 (500 or less grams), 1 (501-1000 grams), 2 (1001-1500 grams), 9
(4501 or more), and 3 (1501-2000) with 32, 80, 75, 112 and 178 instances respectively. The

frequency per class is shown in Figure 6.

Birth Weight Group Distribution

Figure 6 Birth weight frequencies per class
Our objective was to bridge the gap between the minority and majority class distributions
by altering the distribution of the minority classes, while maintaining the distribution of the
majority classes. SMOTE was found fit for accomplishing this objective. This technique
was applied to the dataset to create synthetic instances for the minority classes (0, 1, 2, 3, 4,

5, 8, and 9). The parameters for implementing SMOTE are presented in Figure 7.
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Figure 7 Implementation of SMOTE in WEKA

e amount of over-sampling required, neighbours from the k nearest
For instance, if the over-sampling needed is 200%,

en and one sample is

generated in the direction of each [51]. Our approach used ten nearest neighbours. The

number of synthetic cases generated in each iteration is shown in Table 2.

Table 2 Number of synthetic case generate by SMOTE

Class | Initial | SMOTE SMOTE SMOTE | SMOTE SMOTE SMOTE
Label | count | 100% 200% 300% | 400% 500% 600%
0 32 64 128 256 512 1,024 2, 048 (Stop)
1 80 160 320 640 1280 2,560 (Stop) | 2. 560
2 75 150 300 600 I, 200 2,400 (Stop) | 2,400
3 178 356 712 1.424 | 2,848 (Stop) | 2. 848 2, 848
4 531 1,062 2,124 (Stop) | 2,124 | 2,124 2, 124 2, 124
5 1.843 | 3,686 (Stop) | 3,686 3,686 | 3,686 3, 686 3. 686
6 3769 | No SMOTE | 3769 3769 3769 3769 3769
(3769) J
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7 2660 No SMOTE | 2660 2660 2660 2660 2660

(2660)
8 720 1440 2880 (Stop) | 2880 2880 2880 2880
9 112 224 448 896 1792 3584 (Stop) | 3584

Initially Class 0 had 32 cases and after SMOTE 600% it had a total of 2, 048 cases. Class 1
was comprised of 80 cases before SMOTE and after SMOTE 500%, it had 2, 560 cases.
Class 2 entailed 75 cases and after SMOTE 500% it had 2, 400 cases. Class 3 contained 178
cases prior to SMOTE and held 2, 848 after SMOTE 400%. Class 4 originally had 531 cases
and 2, 124 after SMOTE 200%. The initial class distribution for Class 5 was 1, 843 cases
and 3, 686 after SMOTE 100%. The distributions for Class 6 and Class 7 were maintained
since no SMOTE was implemented on the two classes. Class 6 had 3, 769 while Class 9 had
2660 cases. Class 8 had 720 cases and a final class distribution of 2, 880 after SMOTE
200%. Finally Class 9 had 112 cases and a total of 3, 584 cases after SMOTE 500%. Figure
8 shows the final distribution in each class after SMOTE 600%.

Birth Weight Group Distribution After SMOTE

4000
3500
3000
2500
2000
1500
1000

500

Figure 8 Final distribution per class, after SMOTE 600%

After handling data imbalance, feature selection was employed to reduce data
dimensionality since our dataset had 90 features.

3.4.1.3 Feature Selection

By eliminating features that do not add any value to the accuracy and efficiency of the

algorithm, performance is enhanced [63], [73].A filter feature selection method named the
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Correlation-based Feature Seléction Algorithm (CFS), coupled with the Best fit search
method were used to teduce dimensionality. CFS searches for features that are highly
correlaled with the target ¢lasses yet have minimal inter-correlation amongst the features
themselves. CFS can bedenoted as follows (Error! Reférence source not found.);

Iy,

SO+ Rk —1)7,

Tzc
Where "zc is the correlation between the added up features, the class attribute, k is the total
ruimber of features, 'z is the mean of the cofrelations amongst the features and the class
attribute, and "ji is the average inter-correlation amorigst features. Intet-correlation is defined

as_the capacity of a feature to predict.another feature. Therefore redundant features would
be vastly correlated [47]. The next step dealt with the building of models.
3.5 Model Building
Models are built by training classifiers before they can be used to perform prediction on new
data. Predictive model building experiments were conducted on both imbalanced data and
balanced data using meta-classifiers. Meta-classifiers enabled the discretization of numeric
attributes before mode! building: Discretization converts continuous values: into nominal
values. This method has proven io improve accuracy and reduce-algorithm learning time. In
‘this-study it was necessary to discretize data since some: léarning algorithms such as €4.5
do ot support multi-way: split on numeric attributes. The'discrétized dataset was applied to
three “different decision trees learning algorithms, C4.5 (J48 in WEKA), REPTree and
Randoin tree. The-models were built on 80% of the total instances and 20°% was held out
for testing in order to estimate the performance of the models. The parameter settings for all
the three algorithms are présented as follows;

3.5.1 Model Building Using J48 Algorithin
The construction of a J48 classifier in predicting the birth weight group was. done using
default parameter settings in'the Weka explorer as exhibited in Table 3.

Table 3 defanlt parametér settinigs for building a J48 model

Paramieter | Description Default Value
-M The minimum number of instances per leaf 2
-C ConfidenceFactor used in post pruning 0.25
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A standard pruning -confidence factor of 0.25 was used to prune branches where the
algorithim was 25% or more confident so as to-avoid having specific branches that wouid
not be representative for generalisation. Pruning‘avoids over-fitting of the data [74].

3.5.2 Model Building Using REPTree Algorithm.
The other classification technique applied in this study is the REPTree aigorithim, The
algorithm also utilized the the default-values as shown iti Table 4.

“Tabte 4 default parameter settings for building a REPTree medel

Parameter Description Default Value
M The minimum number of insiatices per | 2

léaf
v The minimum numerie class variance | 0001

praportion of train variance for split.

-N The number of folds for reduced efror’| 3
pruniﬁ_g-.

S The Seed for random data shuffling, 1

+L The maximium depth of a trec.. -

3.53 Model Building Using Random Tree Algorithm
The random tree algorithm was also applied for building the classification model based on
the defauit parameter settings and tfley are presented in Table 5.

Table 5 defailt parameter settings for building a2 Random Tree model

Parameter Description Defanlt Value

-K The number of attributes to. randomly | O

investigate.

M The minimum riumber of instances per feaf'| 1

SV The minimum numeric clal_ss variance { 0.001

proporiion of irain variance for-split.

~8 The'seed for random number generator, !

3.6 Model Evaluation
Once the model is trained, it is important to test its perforimance. Experimental results based
on the test set were evaluated in terms of the details provided by the ROC curve and

confusion mairix. Sensitivity, Speciﬁcify; and Accuracy wete derived from the confusion
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matrix, A further assessinent of the model performance when sun through unknown data
was conducted based on a separate synthetic dataset. The construction of the dataset is
detailed in the next sectien.

3.7 Predicting Birth. Weight Based On an Independent Synthetic Dataset.
The challenges of dcquiring medical data are acute due to privacy refated issues. Medical
practitioners are generally reluctant to share patient data with researchers for fear of possible
lawsuits that may atise, should anomalies be detected in patient medical histories [54]; [75].
Therefore, "this study opted to develop a synthetic dataset for model testing and
classification.

An independent synthetic dataset with 10, 000 cases and the best selected dttcibutes was
randomly generated using the data analysis tool in Microseft Excel. The distribution for
discrete variables was a normal distribution. The cases were generated based on mean and
standard deviation of the discrete variables. F or catégorical variables, a uniiform distribution
was used. Bachi value had an equal chance of being selected. A random seed of 20 was used
for ease of retrieval of the sanie set of distribution. The synthetic dataset was loaded in
WEKA for predictioti, predictions were done based on the selected decision tree model. The
résults were saved in comma separated value (CSV) format and an auxiliary performance
a_11a1ysis of the niodel was -performtéd_. This task was carried -out to assess how the model
performs when dealing with inseen data.

3.8 Methodology Summary

This chapter has provided an outline of how data was collected and how experimentations
were conducted. The original dataset as well as the modified datasets using SMOTE and
Correlation-based Feature Sclection algorithms were assessed for performance and lastly a
synthetic dataset was produced and utilized for further performance evaluation of the

selected model when applied to new patient cases.
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Chapter 4
4 Presentation of Results and Discussion

The'main goal of the study was to predict birth weight in:order to. identify mothers at the
risk of giving birth to LBW babies. Therefore, data-mining classification methods were
selected to develop predictive models, Predictive model building is an iterative procedure
and therefore it is crucial to perform multiple experiments with different classifiers in order
to select the best model for soiving the. problem at hand [24]. The experiments were
conducted by using a meta-classifier in conjunction with J48, REPTree and Random tree
and discretization as mentioned in the previous chapter. The performance of the algorithms
were evaluated on both the unbalanced and balanéed datasets.

4.1 Experimental Design

Various experimentations were carried out for each classifier and percentage split validation
was used to estimate the performance of each elassifier. Out of all the instances; 80% was
atifized for training and- the remaining 20% made up the test set. Overall classification
accuracy, Sensitivity, specificity and AUC were used to evaluate and comparé the
performance of the models. The AUC serves:.as an indicator of the overall performance of

the algorithm [76]. Therefore models with the highest AUC were déemed as the best.

The expetiments were generally carried out in three phases;
1. The first phase Wwas performed on the actual imbalanced data.
2. The second phase mads use of instances genérated by SMOTE algorithm (balanced data)

3. The third experiment ufilized the best selected features.

The above scenarios were considered to answer the fotlowing research questions;

1. Can decision trees built from a dataset with artificially increased cases of the minority
class possibly yield a higher AUC than the ones built from raw imbalanced data?
What attributes are significant for prediction of birth weight values?

What is the effect of the CFS algorithm on the AUC of the decision tree models?

Which decision tree algorithm predicts birth weight values with a higher AUC?

oA W @

How. does the selected model perform when applied to new unseen patient cases?

After setting, all the necessary parameters for the learning algorithms, the. three phases of
the experiments described above were conducted. A: thorough description and cutcome of

the experiments is provided below;
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4.1.1 Experimentation One (Model Building with Imbalanced Data)

This experimentation made use of the original dataset (imbalanced data) with 10, 000
instanges and 90 features. The original daiaset was analysed to determine whether decision
trees built from a dataset with artificially increased cases of the-minority class could yield a
higher AUC than the ones built from raw imbalanced data. Models were built through
training all the three classifiers based on 8, 000 instances. Performance evaluation was done.
on the remaining 2, 000 instances. A summary of the obtained output from the three different
experiments based on the test data is represented in Table 6.

Table 6 Performance cutput of models when applied to an imbalanced dataset

Performance measure J48 _al_go rithm REPTree Random Tree
Carrvecth classified 733 783 571
fncorrectly classified 1265 1217 1429
Accuracy (%) 36.8 39,2 28.6
Sensitivin/Recall (%) 36.8 39.2 28.6

FP rate. 0.251 0.266 0.253
Speeificity (1-FP) * 10f) 749 73.4 74.7

AUC (%) 59.9 62,9 51.8

Medn absofute ervor 0.136 0.139 0.1434

As illustrated in Table 6 the REPTree model has the most correctly classified instances and
the least incorrectly classified instances. Thus, REPTree has the highest accuracy of 39.2%,
followed by J48 algorithm with-an overall accuracy of 36.8%. Random ireg gives the worst
accuracy. of 28.6%. The overall accuracy for this experiment is poor, however, 4 close
investigation into other performarce measures such as recall/sensitivity, specificity and
AUC can produce results of interest 1o medical practitioners.

An evaluation based on the sensitivity highlights that the moedels are almost incapable of
classifying the positive instances as positive, when applied to the imbalanced dataset.
REPTree gives the highest sensitivity of 39.2%, J48 comes after REPTree witli 36.8% and
Random tree is the least sensitive to positive iistances with a sensitivity rate of 28.6%.
Interestingly the sensitivity rates aré obsérved to be similar 1o the accuracy rates of the.
models. In contrast, the spécificity rates for all'the models are relatively higher than their
sensitivity rates. Thus, the models can better recognize the non-LBW classes compared to
the LBW classes. The specificity for:the models varies with a relatively small m’arg._in. J48
has the best specificity of 74.9%, followed Raridom tree with 74.7%, ‘whereas REPTree
holds 73.4%.
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For this experiment, the REPTree mode} predicts birth weight with a comparatively higher
AUC of 62.9%, followed by 148 model with 59.9%. The iowest AUC is attained by Random
tree (51.8%). REPTree also gives the highest sensitivity of 39.2%..J48 comes after REPTree
with 36.8%, whereas Random tree has-the worst sensitivity (28.6%). Thus, the models”
ability to distinguishi all the classes was inadequate.

To sum up, the results show that REPTree produced the best results, However it is observed
that all models are- beitér at-predicting the non-LBW classes comparative to the LBW
classes. Thus, our investigation reveals that class imbalance degrades performance of
deécision trees in predicting the birth weight values. Therefore, the results of this
experimentation would not applicable in predicting birth weight in clinical settings, thereby
heightening the demand for further experimentations. This experimentation was compared

to thé next experimentation that was peiformed with-the SMOTE algorithm.

4.1.2 Experimentation Two (Model Building with SMOTE)

This experimént made use of 28, 539 instances generated by SMOTE algorithin. Out of

these instances 80% (22, 848) were used for training and the remaining 20 % (5, 71717 for

performance evaluation. In this section we present the results of the algorithms when

implemented-on data thiat was modified with SMOTE algorithm, and with all the 90 features.
Tatle 7 performance ontput of models b_.uilt-with__ SMO_TE

Pérformance measure J48 algorithm REPTree Random Tree
Correctly classified 3788 3524 3427
Incarrectfy classified 1924 2188 2285
Accuracy (%) 66.3 61.7 60
Sensitiviny/Recall (%) 66.3 61.7 60

FP rate 0.044 0:050 0,051
Specificiny (1-FP) % 1110 95.6 95,0 94.9

AUC (%6} 89.0 88.3 82.7

Mean absolute error 0.0752 0.0871. (L0824

Comparative fo experimentation one, Table 7 depicts an increase in accuracy rates of models
when optimized with SMOTE. J48. model has the highest accuracy of 66.3%; thus, an
increment of 29.5% is realized. REPTree has the next highest accuracy of 61.7%. Unlike in
experimentation one, REPTree’s accuracy rate is.slightly lower than that of J48, Similar to
experimentation one, Random tree yields the lowest accuracy raté (60%), however it is

almost at par with the other two models..
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A substantial increment in the sensitivity of afl models is also observed in this
experimentation, Thus, the ability of the models to classify the LEW classes is strengthened.
This could be more interesting to medical staff, since the aim of the models is fo correctly
classify LBW classes. The J48 model scores the highest sensitivity of 66.3%, followed by
REPTree with 61.7% and lastly Random. tree with 60%. These results are fairly good,
however, further improvements are necessary.
The specificity ratés are still observed to be higher than the sensitivity rates, however the
margin between the two performance measures is significantly lower coimpared to
expetimentation one. Based on this observation, it can be inferred that the models®
recognition of the LBW classes as-opposed to the non-LBW classes is infensified. The best
specificity is obtained by J48 with a rate of 95.6%. Unlike in experimentation one; where
Random tree came second, the REPtree miodel outperformed the Random tree in terms of
recognizing. the non-LBW classes as non-LBW by only-0.1%. Thus REPTree had :a
speci'ﬁcit_y of 95.0% and Random tree came last with 94.9%.
Simi'larly_\; we realized & siglliﬁcant incredse in the AUC of all the three models. J48 had
59.9% in experimentation one and refative to experimentation two, the AUC for J48is 89.0
%. This is. also the highest AUC obtained in this experimentation. REPTree had the highest
AUC of 62,9%, however in experimentation two comes second with 88.3%. Likewise,
Random tree realises an increase from 51,.8% to 82.7%. This is the least obtained AUC in
experimentation two. Another performance measure under study is the sensitivity-and it is
substantially erhanced in alt the models,
In conclusion a mode] with the highest AUC.is deemed better than a mode] with the lowest
AUC. Thus the results suggest that J48’s output would.be more of value to birth weight
prediction. In addition, following the above discussion of results, it is evident that birth
weight prediction models optimized by artificially increasing the minority ¢lass instances
using SMOTE yield significantly better.results relative to modéls builf from actual raw
imbalanced data. The optimized birth weight prediction models improved the accuracy,
seusitivity; specificity and the AUC.
The next experimentation was done based on the best selected features after SMOTE.
4.1.3 Experimentation Three (Model Building with the Best Sefected Afttiibutés
(CFES).
The third experimentation was conducted using reduced attributes. Prior to the

experimentation, attributes selection was necessary. Correlation based feature selection
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algorithm together with best search strategy were applied to deteérmine the most significant
attributes for birth weight prediction, In addition, the dataset with reduced features was used
to test the effect the CFS algorithm on the AUC of the decision tree models. The rankings
of the most 16 predictive attributes out of the 90 supplied attributes are summarized in

Figure 9,

Ranking (%)

120
100
80

60

40

Figure 9 Rankings by CFS algorithin and best search strategy

Figure 9 indicates that Total preg (number of total pregrancies) and Meconium (Meconium,
moderate/heavy) attributes are least correlated to the birth weight group with a ranking of

10% each and thus were manually eliminated.

County of residence of mother, Gender gf child, Race of child;, Education of mother (years),
Bdead (the number of children born alive now Dead), Terms (number of otherterminations),
Gest Age (completed weeks of gestation (calculated)), Numchild (number of living
children), Avecigs (average numnber of cigarettes used daily), ¢ gain (weight gained), Other
med (other medical conditions), induct (Inductioti of labour), Presect (repeat caesarean
section), and Kotelchuck index are all highly correlated to the birth-weight group with a
score of 100%, and thus 14 attributes were refained and used in further experimentations.

1t can be.it ¢an be inferred that the experimentation has confirimed some of the determinants:
of birth: weight mentioned in the literature such as gender of ‘the baby, ethnic origin,
gestational weight gain, gestational age, and intake of toxic substarices such as cigarettes

[10].
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The. performance of models was assessed using reduced features and the results are
presented below:

Table 8 performance output of models whén built with-the best selected features

Performance measure J48 algorithm REPTree Random Tree
Correctly classified 3789 3527 3712
fricorrectly elassified. 1923 2185 2000
Aecurecy (%) 66.3 61.7 65.0
Sensitivity/Recall (%) 66.3 61.7 65.0

FP rate 0,046 0051 0.045
Soeeificiry (1FP) * 100 G5.4 9479 95.5

AUC (%) 90.3 884 ‘83.3

Mean absolute eivror 0.0786 0.0872 0.0724

Table 8 shows that the number of correctly classified instances increased in .contrast. to
experiment two, The number of correctly classified instances for J48 increased by 1,
REPTree by 3 and Random tree realized the Highest increment of 285 instances. However,
148 has the highest number of correctly classified instance. The accuracy for both J48 and
REPtree is constant. Random tree earned-an ."impro_vement of ‘5% in terms of accuracy,
nevertheless, it maintained the lowest accuracy rate and J48 achieved the highest accuracy
rate,

Additional comparison based on the sensitivity of models, reveals that the sensitivity is
constant for both J48 and REPTree, while Random tree has an improvement of 5 %, J48.
Thus feature selection has minimal impact on the sensitivity of birth weight prediction
models. A further asséssment shows a slight decline in the specificity rates of J48 and
REPTree, 0.2% for J48 and 0.1% for REPtree. The specificity for Random tree is enhanced
by.0.6% and thus Randoin tree outperforms J48 and REPtree in terms§ of in cafegerizing the
non-LBW classes as indeed non-LBW, However, it can be argued that medical practitioners
are often interested in ¢lassifying the positive class (LBW) as positive, Thus, Random tree
cannot be chosen as the'best miodel based on its sensitivity.

In terms of the AUC all the inodels have an improvement. J48 inproved by 1.3%, REPTree
0.1%:and Randoin tree 2.6%.

Given the observed trends. in theresults, the increasing values of AUC cenfirm the positive
impact-of fedture selection through CFS algorithm, on birth weight prediction models.
However it.is highlighted that CFS slightly increases the mean absclute error for J48 and

REPTree models and there was a slight decline in the mean absolute error for the Random
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tree model, After: feature selection, a comparison of all the experiments was done to

determine the best model among otheys.

4.1.4 Selection of the best model

The goal of this section was to select a decision tree model with the highest AUC, for future
prediction of birth weight values. To fulfil this purpose, the above expetimental resulis were
compared based on the AUC: This answered the following research question; which
decision tree algorithm predicts birth weight values with a higher AUC. The AUC for all
the experiments dre shown in Tablé 9.

Table 9 A comparison of experimental'.res_ults based on the AUC of models

Performance measure J48 algorithm REPTree  Random Tree
Experimentation one (model building with  39.9 62.9 51.8
i.irgbm’an_c'_ed derter)

Experimentation- two (model bullding with  89.0 88.3 g2.7
SMOTE)

Experimentation three (model building with 903 88.4 35.3

the best selected atiribtes)

‘As indicated in Table 9, in experimentation one, the AUC of the REPTree model is better
thamothers and therefore REPTree is.the best model to deal with imbalanced data. However,
further experimentation reveal that J48 is generally better at predicting birth weight, with

the highest AUC in both experimentation two and three.

By impleémenting the SMOTE on the original imbalanced dataset, the AUC is significantly
improved for all the models. The utilization of feature selection through CFS further
enhances the AUC of the models.

Therefore we conelude that the dataset that produces the best AUC is the one with balanced
data-and reduced features (Experimentation three). This combination produces AUC rates’
of90.3% (148), 88.4% (REPTree) and 85.3%. Looking at this experimentation, J48 attained
the highest AUC (90.3%) and therefore was selected as the best model for future prediction
of birth weight values.

4:1.5 Predicting Birth Weight Based On an Independent Synthetic Dataset

In order to assess how the sélected modél performs when applied to new unseen patient
cases. The 148 model was used to predict birth weight based on‘an independent data set was.

This task was performed to assess how the selected model performs when applied to new
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unseen patient cases. The dataset had 10, 000 instances and the best selected features from

the feature selection experiment. The distiibution per class is represented in Figure 10.

Independent dataset Distribution

1400
1200
1000
800
600
400

TFigure 1) The independent dntaset distribution per class

The distribution for the classes was almost at par except for classes 0 and T which had 597
and 536 instarices respectively, and thetefore i§ reasonable to corclude that the data is
imbalanced. As mentioned in the literature review (Imbaldnced -Data) section,- data
iinbalance degrades performance. [24], [48] Performarice dssessment was on the basis of
the, AUC, sensitivity and specificity. as constructed from the confiision matrix. The
accuracy and mean absolute error are also mentioned. First we present a summary output ¢f

the madel and then-'ex_plain' the ¢onfusion matrix,

Table 10 Summary ountput of the J48 model when applied to new unseen data

Correctly classified 3, 433
Incorrectly classified 4, 567
Accuracy (%) 543
Sensitivity/Recall (%) 343
FP rate 0.036
‘Specificity (1-FP) * 100 944
AUC (%) 84.60
Mean absolute error 0.1316

As illustrated in Table 10, the dverall predictive acouracy of the model on an independent

dataset was 54.3%. Altliough the model performarnce regressed in terms of the accuracy and
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AUC, it maintained a substantial AUC of 84.6%. A specificity of 94.4% and sensitivity of
54.3% were scored by the model.

The results of this model can be used in real clinical settings for mapping new patient data
into multiple birth weight groups, and thereby assisting in early recognition of mothers at
the risk of low birth weight infants. In addition, there is a likelihood of improvement in
interventions to improve care during pregnancy, childbirth and the postnatal stage.

A detailed performance assessment by class as represented in the Confusion Matrix is
discussed in the next section.

The Confusion Matrix in Figure 11 represents the number of instances per class that are
designated to all possible classes as per the classifier’s predictions. The columns symbolise

the predictions, and the rows the actual class.

s== Confusion Matrix ===
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Figure 11 Confusion matrix for J48 model when applied to new unseen data

It can be observed from the above confusion matrix that out of 10, 000 instances 5, 433
(sum of the values in the diagonal column) were correctly classified and 4, 567 were
misclassified, thus the overall accuracy rate obtained by J48 when applied to new data was
54.3% (5433/10 000) * 100. The accuracy declined by 12% compared to the one achieved
in Experiment three. A justification for the declined could be related to overfitting, thus the
model was too specific to training data. Up next we discuss the sensitivity, specificity and
AUC obtained by each class.

Class 0 (<500 grams)

The Confusion Matrix shows that 273 out of 597 infants that were less than 500 grams were
correctly predicted as less weighing 500 grams. Thus, the sensitivity for Class 0 was
(273/597)*100 =45.7%%. This means only 45.7% of the instances that belonged to Class 0
were indeed classified as belonging to Class 0. On the other hand 324 infants that weighed
500 grams were incorrectly classified as weighing to 501-1000 grams. Predicting infants

that are likely to belong to Class 0 would be of paramount importance to medical staff,
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however, the model performed poorly when classifying Class 0 as positive. On the contrary
this misclassification would be less costly since both the weight groups 500 grams and 501-
100 grams are low birth weight.

The specificity measures the true negative rate, therefore the sensitivity for class 0 was
(9403/9403+0) * 100 = 100%. Thus all the values that did not belong to class 0 were
correctly classified as not belonging to class 0. The AUC was also considered and it is shown

in figure 12.

X False Positive Rate (Num) ¥| Y:True Positive Rate (Numj
Colour. Threshold (Num ¥| Selectinstance
Clear Open . Save Jitter

*lot (Area under ROC = 0.9105)

Figure 12 ROC Curve for class 0
Figure 12 reveals that the model was exceptionally good in terms of the AUC. It was

capable of distinguishing between the True Positives and False Positives with a score of
91.1%. Looking at the AUC, the model can be applicable used for predicting birth weight
values of less than 500 grams.

Class 1 (501-1000 grams)

When the J48 model was used to predict the group for infants that were 501-1000 grams, a
fair sensitivity of 54.1 % was produced. Thus out of all the 1, 133 infants that weighed 501-
1000 grams, the model was able to recognize 613 of these infants as indeed weighing 501-
1000 grams. The sensitivity was calculated as follows, (613/1133)*100= 54.1%. On the
contrary 520 instances were incorrectly predicted as class 2. The sensitivity signifies that
the model was slightly above average in correctly classifying class 1, and thus it can be used

for future predictions, though further improvements would be necessary.
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The specificity/true negative rate for Class 1 was 8543 / (8543+324) *100=96.3%. Thus the
model was able to correctly classify 96.3% of infants as not belonging weighing 501-1000
grams. Figure 13 depicts the AUC for class 1.

X: False Positive Rate (Num) ¥| Y:True Pogitive Rate (Num)
Colour: Threshold (Num) v| Selectinsiance
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Figure 13 ROC curve for class 1
The AUC was 95.5%, this value denotes that the model performed tremendously in

differentiating between the True Positive and False Positive instances. Therefore it would
be viable to use the model in the application domain.

Class 2 (1001-1500 grams)

The confusion matrix shows that for Class 2 (1001-1500g), the sensitivity was (347/1149)
* 100 = 30.2%. Thus a large fraction of instances weighing 1001-1500 grams, were
incorrectly predicted. This is supported by the number of the incorrectly classified instances
which was 802 out 1, 149. These instances were instead classified as weighing 1501-2000
grams. J48 model produced a specificity of 94.1% = 8331 / (8331+520)*100.

There was a discrepancy between the sensitivity and specificity rates, thus the model was
biased towards identifying 1501-2000 grams birth weight group rather than 1001-1500

grams. The last performance measure was the AUC (Figure 14).
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Figure 14 ROC curve for class 2
Figure 14 shows that the model scored an AUC of 89.7% when classifying instances that

were 1001-1500 grams. Hence it can be concluded that the model was not random and can
be utilized for future predictions.

Class 3 (1501-2000 grams)

The Confusion Matrix demonstrates that the sensitivity for Class 3 was (799/1093) * 100 =
73.1%. It was observed that the sensitivity for Class 3 had an improvement comparative to
Classes 0, 1 and 2. Out of the 1, 093 instances 294 were misclassified as Class 4. These
values highlight the robustness and possibility of further usage of the model in correctly
predicting Class 3.

The instances that did not belong to Class 3 (true negatives), were correctly classified with
a specificity of 8105 /(8105+802) * 100 = 91.0%. The specificity was outstanding, however,
the sensitivity was more desirable, as it is better to correctly classify a high risk event, than

to incorrectly classify a low risk event. The AUC for Class 3 is displayed in Figure 15.
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Figure 15 ROC curve for class 3
The AUC for predicting Class 3 was 87.6%. This depicts that the model would be beneficial
to medical staff for predicting infants weighing 1501-2000 grams.
Class 4 (2001-2500 grams)
From the confusion matrix, we discover that the sensitivity for Class 4 is (1114/1131)*100
= 98.5%. The specificity for this class was 8575 / (8575 + 294) * 100 = 96.7%. The model
was able to clearly differentiate instances that belonged to Class 4 and the ones that belonged
to other classes.
Only 17 instances out of 1, 131 were incorrectly classified as Class 6 (3000-3500). This
implies 17 infants who were 2000-2500 grams (low birth weight), were incorrectly classifies
as normal. The misclassification would be costly as the aim is to correctly classify low birth
weight as positive. However, these results can be applied in practical settings, since the
misclassification rate is minute (0.015%). The AUC earned was 97.1 % as exhibited in

Figure 16.
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Figure 16 ROC curve for class 4

When predicting Class 4, the model had the capability to clearly separate instances
belonging to class 4 from those that did not belong to class 4, with a score of AUC 87.6%.
Thus, the model would be significant in predicting future instances belonging to Class 4.
Class 5 (2501-3000 grams)

The number of correctly classified instances for Class 5 out of a total of 1, 088, was 672 and
thus the sensitivity was (672/1088) * 100 = 61.8%. The model incorrectly classified 416
instances as Class 6, however, both classes were normal births and therefore the
misclassification would be to a lesser extent costly. The specificity was found to be 97.7%,

calculated as 8710 / (8710+202)*100. The AUC is showcased in Figure 17.
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Figure 17 ROC curve for class 5
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An AUC of 87.6% was yielded by the model when predicting Class 5, thus the model had
the ability to distinguish Class 5 from other classes. The results show that the model would
be suitable for forecasting future birth weight values.

Class 6 (3001-3500 grams)

The Confusion Matrix also indicates that the sensitivity for Class 6 was 96.3% ((1015/1054)
*100). The specificity on the other hand was 85.3%, (7630 / (7630+1316) *100). Out of the
total instances that belonged to Class 6, 39 instances were misclassified as class 8. As

indicated in Figure 18, the AUC was 88.3%.
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Figure 18 ROC curve for class 6

Figure 18 represents that the model would be desirable for future predictions in clinical
operations, as the AUC was significantly high.

Class 7 (3501-4000 grams)

The model was able to correctly classify 600 out of 1107 instances as Class 7. Consequently,
the sensitivity for was 54.2%., whereas 507 instances were incorrectly classified as class 6.
The attained specificity was 89.0% (7989 / (7989+984)*100). The obtained AUC is revealed
in Figure 19.
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Figure 19 ROC curve for class 7
A great AUC score of 86.2% was obtained by the model when classifying instances
belonging to 3501-4000 grams. Therefore the model would be feasible in categorizing future
birth weight values.
Class 8 (4001-4500 grams)
It is depicted in the Confusion Matrix that Class 8 had a total of 1, 112 instances. However
all of them were incorrectly classified, thus the sensitivity for Class 8 was 0%. The model
was not able to recognize instances that belonged to Class 8 as belonging to Class 8.
A total of 82 instances were incorrectly classified as Class 5 (2500-3000 grams), 322 as
Class 6 (3001-3500 grams) and 708 as Class 7 (3501-4000 grams). Although there was a
misclassification, the model was still able to successfully classify these instances as normal
births (not low birth weight).
The specificity for this class was discovered to be 98.6% (8763 / (8763+125)* 100. The
AUC of the model can be observed from Figure 20.
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Figure 20 ROC curve for class 8

From Figure 20, we conclude that the AUC was 53.3.0%. The model was almost random
as the AUC was, slightly greater than 50% with 3.3%. Therefore the model can be slightly
trusted when predicting 4001-4500 grams. The poor performance can be attributed to the
fact that in normal clinical settings, a birth weight group of 4001-4500 grams is rare.

Class 9 (4500+ grams)

It can be deduced from the Confusion Matrix that the sensitivity for Class 9 was 0%. None
of the instances that belonged to Class 9 were correctly predicted as Class 9. Out of 536
instances, 120 were incorrectly classified as Class 5 (2501-3000 grams), 54 as Class 6, 276
as Class 7 (3501-4000 grams), and 86 as Class 8 (4001-4500 grams). Similar to Class 9, the
model was able to identify the instances as normal, despite the misclassification.

The specificity for class 9 was 100% (9464/9464+0). Thus the model was utterly incapable
of recognizing class 9. Similar to class 8, the poor results can be imputed to the fact that the

weight group of 4500+ grams is rare. An AUC for this class is illustrated in Figure 21.
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Figure 21 ROC curve for class 9
The obtained AUC for class 9 was 56.9%, this was slightly higher than the AUC for class

8. However, the model was above the threshold (50%), by only 6.9%, thus it can be deduced
that the model was almost random and further improvement would be necessary before it

can be utilized to predict future instances weighing 4 500+ grams.

4.2 Results and Discussion Summary

In summary, several decision tree models (J48, REPTree and Random Tree) that predict
birth weight groups were built. Three broad experiments were performed based on the
original imbalanced data, with balanced data through SMOTE and with 14 selected 8
attributes of the dataset.

The experiments were designed to assess the effects of balanced and imbalanced data, and
feature selection on the AUC of birth weight prediction models. The models were evaluated
based on percentage split (20% test set). A comparison of the AUC aided the selection of
the best model for future birth weight predictions.

In Experimentation one (with imbalanced data), all the models performed poorly with
REPTree attaining the highest AUC of 62.9%, followed by J48 (59.9%) and lastly Random
Tree (51.8%). The implementation SMOTE for balancing data (Experimentation two) led
to an enhancement in the AUC rates of all the models. The J48 model performed the best

with an AUC of 89.0%, followed by REPTree (88.3%) and Random Tree (85.3%). This
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indicates that models built with balanced data achjeve better results comparative to models
built with imbalanced data,
Finally in ‘Experimentation three (with 14 selected aitributes), J48 performed relatively
better in predicting birth weight with the highest AUC of .90.3%,; followed by REPTiee
(88.4%), and lastly the Random Tree (85.3%,). This was a further improvement from the last
experiment. Experimentation three was the best and J48 model from this experiment was
selected as the best model.

A further assessment of the J48 model was carried out on an independent syrithetic dataset
and the model performed tremendously well with an AUC of 84.6%, Sensitivity of 54.3%,
Specificity of 94.4% and 54.3% Accuracy rate. Thie AUC indicates that the'model would be
able to correctly classify birth-weight with a degree of 84.6%.

Comparative to related work in the literature, the SMOTE optimized J48 model achieved a
slightly lower that the model by Marshall ef al [65]. The J48 model produced an AUC of
84.6% when applied to unseen data, while their model predicted hospital mortality with 85%
AUC.

In terms of the sensitivity, a model by Yadav and Lee [14] _}_f-ie]ded asensitivity of 80%,
whereas the J48 model produced a relatively lower sensitivity of 54,3,3%. The poor
sefisitivity rate can be partially imputed to varying approaches. The J48 model predicts the
actual birth weight values, which is novel. On the other hand, the study by Yadav and Lee
[14], exhaustively lists down LBW risk factors. In addition, the. two models empioyed
different datasets and thereforé it would be rational 1o produce different results.

The results of the model were also comparable to Najve Bayes', neural network, random
forest, classification tree, SVM, and logistic regression models in work by Senthilkumar
and Paulraj [15]. The SMOTE optimized J48 model had a lower accuracy than all the models
by a margin of 4 .6% ~23.7%. The ratiouale for poor performance can be attributed to the
use of varying evaluation methods. In their study, Senthilkumar and Paulraj { 15], used cross

validation method, while our study utilized the percentage split method of evaluation.

In conclusion, the obtained levels of AUC indicate that, the use of the SMOTE optimized
J48 model in practical settings is highly feasible, Prediction of birth weight outconies is of”
great importance for identifying mothers at a high risk of delivering LBW infants.
Identifying these mothers can enablé the medical staff to tailor special care fo try and
minimize complications related to LBW. The outcomes of the predictive models could also

be employed in post-delivery consultations with mothers.
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Chapter 5
5 Conclusions and Recommendations

5,1 Study Overview

Birth weight is one of the main factors determining neonatal and prenatal survival, therefore
birth weight has been studied in the past years so as to determine low birth weight risk
factors. The use of the identified risk factors for prediction of the.actual birth weight values
using data mining techniques has been neglected. Predicting the birth weight can assist in
the early identification of expectant mothers at the risk of delivering low birth weight babies,
Low birth weight is often grouped into low (<1 500 grams), low (<2,500 grams), or normal
(<='2,500 grams) weight at birth. Low birth weight is associated with several obstetric

complications such as infant mortality rate, respiratory infections, and hypertensive adults,

The aim of the study was to develop a decision tree model which predicts birth weight with
a relatively higher AUC based on the identified low birth ‘weighit risk factors. The study
made use of the North Carolina State Centre for Health Statistics (2006). In order to extract
intetesting trends from data and the steps followed were data selection, data pte-processing,
model building, and mode] evaluation/interpretation.

Decision trees were used for classification purposes. The various decision trees under study
predict thé birth weight in to either of the following ten classes; 0 (_SOO or less), 1 (501-
1000), 2 (1001-15003, 3 (I 501-2000), 4 (2001-2500), 5 (2501-3000), 6 (3001 -3500)', 7
(3501 -400{});._ and 8 (4.001-.4500)_.&116"-9 (4501 or mhore). The -eXpe_rﬁiinentation's were done on
the actual imbalanced datasets, the balanced dataset using SMOTE algorithmi, together with
reduced feature using correlation based feature selection algorithm.

5.2 Conclusions

In this study, an approach based on decision tree modelling in ordet 1o predict the birth
weight of baby was presented. The necessary steps required to achieve this goal were fully
described and experiments with different decision trees were conducted and compared. An
evaluation based on the hold out method and independent synthetic dataset was conducted.
The results indicated that J48 mode] yielded the best results in terms of both the AUC and
accuracy. As the medical field demands prediction with a higher AUC, it is'suggested-that
the J48 algorithm from experiment three may be practically used in birth weight prediction.
The study found that bridging the gap between thé minority and majority classes in the
trairiing set using SMOTE can significantly improve the AUC of de¢ision trees. Furthermore
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models built used reduced features through' feature selection also increases decision tree:
models’ AUC. From the feature selection experimentation we observed that attributes such
County of residence of mother, Gender of child, Race of child, Education of mother (years),
Bdead (the number of children born alive now Dead). Terms (number of other terminations),
Gest Age (completed weeks of gestation (caleulated)), Numchitd (number of living
children), Avecigs (average number of cigarettes used daily), Wt gain (weight gained),
Other med (other medical conditions), induct (Induction of labour ), Preseet (repeat
caesarean section), and Kotelchuck index are the most determinant factors of birth.weight.
In general the results indicate dur-approach as a prom ising avenue of research.

5.3 Recommendations

The study iliustrates the utility of predictive data-mining in making early clinical
interventions. Although encouraging résults were obtained, it was noted that further research
efforts need to be conducted to fully utilize the potential of data-mining techniology in
improving the obstetric healthcare, In particular, the following areas were identified as
deserving further research work;

[t has been observed that the performance of classification algorithms differs with datasets.
Theréfore, additional data sets, particularly in the context of Botswana must be.considered
to assess the-applicability of data mining in predicting birth weight baséd on other LBW
risk factors. Furthermore, it is esséntial to conduct new ex'pefiments' based on other data
mining methads such as artificial neural networks and support vector machines since they
have also been proved to be important tectiniques in the healthcare.

Since this study has used an indépendent synthetic dataset to assess performance of the
selected model, it is suggested that more evaluation should be conducted using__.act-ua'l data
to obtain more accurate results. In addition, medical data is constantly-updated and models
built from flat files often become cbsolete since the models ignore new data, Therefore,
implementation using real-time information to provide quality obstetric care should be
considered. Real-time data-mining can be accomplished by utilizing big data frameworks
such as Hadoop and MongoDB. The possibility of linking WEKA to these frameworks
shiouid also be tested.

Finally, the possibil_ity_o_f incorporating information visualization techniques.to. effectively

explain the-discovered complex patterns ought to be explored.
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7 Appendices

7.1 Appendix A: North Carolina State Centre for Health Statistics-2006 NC State Birth

File Description

1| Hospital Type Code

0
Institution type

[ Sec a_bI_i_: D

2.- 6 | Plage of Residence

Place of residence.
mother

NOT USED

8- 10 | Counly of Residence

County of residence
i mother

11
¢

i
i

1601 — 100 Sec Table B

899 Out ot Stale.

13 | Plurality

! Plurality of hitth

1 Singleion

2. Twins

3 Triplets
4 Quadruplets

5 Quintuplets or Migher

Birth Datc Date of bitth MM/DDIY'Y
Month of Birth Manth of birth 1-12
l Day of' Birth Day of birth 1-31
; Year of Biirth. ‘ Year of birth 2006
2 ] Sex. 5 Gender of child 1 Male
: 2 Female
23 ! Race of Child Rage of Child 0 Othcr Nonwhite
1 White
2 Black
-3 American [ndian
4:Chinese
5 Japanese
6 Hawaiian
7 Filiping-
-8 Other Aslan or Pacific Islarider
24.- 25 | Age of Father FAGE 14.~95 Years of age
26-27 | Age of Mother MAGE 10— 35 Years ofage
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! Birth weight group
H

i
i

28 -29 | Education of Father i Education of father Years of education.
! (years)
30 -31 | Educationof Mother Education of mother | Years of education
{yeats)
32 -33"| Total Pregnancies {Including This One) | Total Preg 01 —25 Total Pregnancies
34 35 | Number of Children Bern Alive Now Bcad (0 — 25 Children
Dead
36 -37 | Number:of Other Terminations Terms 00 —235 Abortions and/or Fetal Deaths
E
38 -43.| Datc-of Last Live Birth ! Date LBirthi, MMYYYY Formal
Monih LBirth, _ . _
! Year LBirth Year must be less than or.cqual to current
' year.
E 00 in first 2 positions denotes unknown
% monthvnot applicable; 0000 in fast four.
positions denotes.unknown yeat/not:
! applicable
‘ 000000 denotes No Prior Live Births or
’ 2 unknowni
i 5 Can be gqual 1o moénth/year of birth for
2™ -and highér order bieths id multiple
, birth gvents
i
44 ; Quicome.ofL.ast Delivery L:Outcome 1 Live Birth
2 Felal Deéath
i
! 9 Not Applicable/Unknown
45 -46 | Completed Weeks. of Gestatior Clest, Age 18 ~ 45 Weeks
(caléulated)
|
47 - 48 i Month Prenatal Care Began ‘Prenatal {} No Prenatal Care -
01 — 09 First — Ninth month of Pregnancy
49 - 30| Number of Prenatal Visits Visits 00 - 49 Visits
99 Unknown
51-52 | Birth weight group 10 500 grams or less

01 501 ~ 1000 grams

02 1001 — 1500, grams:
03 1501-— 2000 grams
042001 — 2500 grams
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{05 2507 - 3000 grams
{16 3001 ~3500 grams
07 3501 — 4000 grams’
08 4001 — 4508 grams

09 4501 grams oF more:

99 Unknown

33 1 Marital Status

Marital

i
i

I Married

2.Not Married

34 | Auendant

| Birth Atiendant

1 MD.Physician

2 DO Physician
3 Certificd Midwife.

4 Other Midwife

3 Other

56- 57 | Number el Living Children

Numchild

00 —25 Children

58 - 63 | Date of Last Termination

Date Term

Term,
Year Term

{mmyyyy), Menthi

MMYYYY Format

Year thust be less than or equil lo current

year

00.in first 2 positions denotes unknown

month/not applicable; 0000 in last four
positions denotes unknovwn yearnot
applicable

000000 defiotes No Priot Terminations or
untknown

G4 - 65 1 Pounds ol Birthweight

Bitth weight.(lbs)

00 — 14 Pounds

1515 Pounds or Over (Oun@:es:is ![_]D)'

66 « 67 | Cunces of Birthweight,

H
H

Birth weight
(remainder oz.)

00— 15 Qunces

Birth weight (grams)

Birth weight {g)

Biith weight in grams

Low Birth Weight?
i

H
H

lL.ow Birth

Birth-weight £ 2500 grams =Y

Birth weight > 2500 grams =N

08 5 Race of Mother

RaceMom

Same coding as Race.ol Child
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69 | Race of Father { RaceDad Samé coding as Race of Child
Minority Status of Mother ; Mother Minofity White or Nonwhite'
’ H
Minority Staius of Father. Father Minority White or Nonwhite
70 | Hispanic.Origin of Mother FISPMOM C Cubtm
‘M Mexican
‘N Non-Hispanic
O Other Mispanic
P Puerto Rican
$ Central/Seuth American
L Unknown
71 ¢ Hispanic-Origin ol Father HISPDAD- See values for position 70, above
77-78 | Avérage # Cijarettes Used Daily AveCig 0 No Tobagco Use
| 01 — 97 Cigaretres per day
79 - 80 | Average # Drinks Consumed Weekly AveDrink 0 No Alcohel Use
‘ 01 —97 Drinks per week
81 - 82 ; Weight Gained Wt Gain 0 Weight Loss or No Gain
01 — 97 Pounds Gained
83 - 99 : Medical History
831 Anemia ANEMIA 0 Condition not present
§4-! Cardiac disease CARDIAC 1 Conditioti present
85 | Acute or chronic lung disease. ACLUNG
86 | Diabetes DIABETES
87 | Genital Herpes HERPES
88 | Hydramnies/Qligohydramnios HYDRAM
89 | Hemoglobinopathy HEMOGLOB
90 | Hypertensior, Chronic HYPERCH
o HYPERPR
91 i Hypertension. Pregnancy T
i : ECLAMP
92 ¢ Eclampsia :
. CERVIX
93 t Incompetent Cervix '
\ | PENFANT
94 | Pieviouds infant 4000+ grams
g PRETERM
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95 ¢ Previous preterm /small infant. RENAL
96 ; Renal disease RHSEN
97 | Rh sensitization UTERINE
98 | Uterine Bleeding OTHMED
99| Other __
i
:
100 - | Obsteiric Procedures
106 . o .
Amniocentesis AMNIO 0 Condition not present
100 | Blectronic: fetal monitoring MONITOR. | Condition present
101 | Induction of labour { INDUCT
! .
102 | Stimulation of labour | STIMULA
na | Tocolysis TOCOLY
103 ;
164 | Ultrasound ULTRA
105 i Othet QTHPROC
106
107.- | Events of Labour-and/or Delivery
122. ) . _ .
Eebrile-(> 100°F o 38°() FEBRILE 1} Condition not present
107 ) e ” .
Weconium, inoderate/heavy MECONIUM 1 Condition present
108§ . .
" | Premature rupture of membrane: ‘RUPTURE
109 | Abruptio placent: .
7| AOTPH PR ABRUPTIO
110 | Placenta previa .
' PREVIA.
111 | Qther excessive blecding e
' BLEEDING
1121 Seizuves during labor R
: SEIZURES
113 | Precipitous labor (<3 hours)
PRECLAB
114 | Prolonged labor (> 20- hours) P .
;5 | Dysunctional labor ; PROLAB
3 .
6 Breech/Malpresentation DYSLAB
| 1..7 Cephatopelvic disproportion BREECH
l..l'S' Cord prolapse; CEPHALO
| i9. Anesthetic complications PROLAPSE
Fetal distress ANESTH
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120 |

121 ¢

i

122

H
i

Other

DISTRESS
OTHLABOR.

123.-
128

23

Méthod of Delivery
Vaginal

Vaginal afler C-section Pr_i_'_ma_;y C-

| VAGINAL

H

L VAGCSECT

0 Caondition not present.

1 Condition presert

124 | seeti Lo
sechon | PRESECT

125 i Repeat C-section RECSEET
126 Forceps FORCEPS
127 E Vacuum s

E VACULM
128 |
129 | Kotelchuck Index of the Adequacy of | Kotélchuck Index { Missing Information’

PrenatalCare

1 Inadeq__u'at'e

2 Inlermediate

3 Adeguate

4 Adequate Plus

130 -
151

130
131
132
133
134
135,
136
137
138

139
140
141

142
143

144

Congenita) Adomialies
Anencephalus

Spina bifida/Meningocele:
Hydrocephalus.
Microcephalus

(ther central nervous system
[eart maltormations

Qther circulatory/respiratary
Rectal alresia/sienosis
Tracheo-esophageal/fistula
Omphaloccle/ G'astroschisis
Other gastro-anomalies
Mqlfbrmcd genitalia

Renal agenesis

Other urogenital anomalies
Cleftdip/palate
Polydactyly/Syndaclyly/Addctyly

ANENCEPH

. SPINABIF

é HYDROCEP
% ‘MICROCEP
: OTHCNS

; HEARTMAL
z OTHCIRC

* RECTALAT

| FISTULA
| OMPHALAC

z OTHGAST
MALGEN

| RANGENE
OTHURO
CLEFT
POLYDACT:

{0 Condition not present
1 Condition present

9 Unknown
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145 i Club foot : CLUBFQOT
146 | Diaphragmatic hernia ‘ DHERNIA
147 | Oiber musculoskeletal/intégumental QTHMS.
148 : Ddwn's Syndrome DOWNS
149 ; Other chromosomal anoinalics OTHCHROM
150 Other OTHER
1351 i_
152 - ¢ Weeks gestation as reported o birth i Gest Age (BQ) Gestational age refiovled on birth
153 ‘ certificate certificute’
162 - Apgar8core 1 Minute APGAR Score: 00 — 10 Apgar-Points
163 | {1 minute)
164 - ] Apgar Score' 53 Minutes APGAR Scorid 00 — 10-Apgar Pojnts
165 {5 minute)
166 | Késsner Index g Kessner Index 1 Adequalc
f 2 Intermediate
f 3 Inadeqisate .
g -
167 | Infant Transfér Status g'lnfanﬂ_"ran | Infant Transferred.to other facility
: After delivery
i 2 No Transfer
168 | Mother Transfer Status ‘ MomTran 1 Mother Transferred (o other facility

BEFORE delivery

2 No Transfer
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169 - | Conditions of the Newborn

001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017

177

Anemia IANEMIA 0 Condition not present
169

Birth injury BINJURY 1 Condition present
170

Fetal alcohol syndrome FAS
171

Hyaline membrane disease/RDS HYALINE
172

Meconium aspiration syndrome ASPIRATE
173

Assisted ventilation < 30 min VENTLESS
174

Assisted ventilation > 30 min VENTMORE
175 . ISEIZURE

Seizures
176 OTHINF

Other
177

Table B

Alamance 021 Chowan
Alexander 022 Clay
Alleghany 023  Cleveland
Anson 024  Columbus
Ashe 025  Craven
Avery 026 Cumberland
Beaufort 027  Currituck
Bertie 028 Dare
Bladen 029  Davidson
Brunswick @030  Davie
Buncombe 031  Duplin
Burke 032  Durham
Cabarrus 033  Edgecombe
Caldwell 034  Forsyth
Camden 035  Franklin
Carteret 036  Gaston
Caswell 037  Gates

County of Occurrence

County of Residence
041 Guilford 061
042  Halifax 062
043 Harnett 063
044  Haywood 064
045  Henderson 065
046  Hertford 066
047  Hoke 067
048 Hyde 068
049 Iredell 069
050  Jackson 070
051  Johnston 071
052  Jones 072
053  Lee 073
054  Lenoir 074
055  Lincoln 075
056  McDowell 076
057  Macon 077

69

Mitchell
Montgomery
Moore

Nash

New Hanover
Northampton
Onslow
Orange
Pamlico
Pasquotank
Pender
Perquimans
Person

Pitt

Polk
Randolph

Richmond

081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097

Rutherford
Sampson
Scotland
Stanly
Stokes
Surry

Swain
Transylvania
Tyrrell
Union
Vance
Wake
Warren
Washington
Watauga
Wayne
Wilkes




018 Catawba 038  Graham 058  Madison 078 Robeson 098
019  Chatham 039  Granville 059  Martin 079 Rockingham 099
020  Cherokee 040  Greene 060  Mecklenburg 080 Rowan 100
Table D
Hospital Type Code
- En Route to Facility
0 Home or Non-Institution
1 General Hospital
2 TB Hospital
3 Mental Hospital
4 Chronic Hospital
5 Penal Hospital
6 Veterans Hospital
7 Nursing & Rest Home
8 Clinic & Doctor's Office
9 Other Institution

~

M e =) & uh

Other Institution

Table F

Race
Other non-White
White
Black
American Indian
Chinese
Japanese
Hawaiian
Filipino
Other Asian

Unknown

70

Wilson
Yadkin

Yancey



7.2 Appendix B: The J48 result of run information of experiment one using the actual data

Correctly Clasaified Inatances
Incorrectly Claasified Inscances
Kappa =statcistic

Mean absclute errox

Eoot mean squared error
Relative absolute erzcox

Roct relative sguared earrox
Total Number of Inscances

¢.389
€ g
c.368
0.217
o.258
0.587
0.280
Weighted Avg. ¢.368
m=—m Confusion Matrix wes
a b & d = g h i
2 7 3 B i 1 g 0 8
g 3 9 3 c 1 0 g 2
g 0 3 2% ] 3 7 i i
» [ X 2 26 42 34 ¥ 1
C c c 5 26 91 = 2
c C c € 16 o b 15
¢ c o g 5§ 7 ) 24
& e e e < I €
g 2 g 0 1 2

g 36.78
5 63.25
c.123

C.138

0.3027

S = Y]
-

E-Measure

Recall

o

€-- clas=zified as
a=20
b = 1
e=:2
d=3
e =4
g=8
no=7
L= g

7.3 Appendix C:

actual data

Slassified Inscancea

Cozzectly

Incorsectly Classified Inacances

Relative absolute erro:x
Root relative sguared error
Total YNumber of Instances

mas Jecatiled Accuracy By Zlass maa

o000

oo

TF Rate FF Rate Reca
C.625 C.002 0.6
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The REPTree result of run information of experiment one using the



7.4  Appendix D: The Random tree result of run information of experiment one using the
actual data

ectly Classified Inacances 572 28.58
Incorrectly Classified Instances Ti .45 [
Kappa stati=ztic

Mean absglute errorx
Roor mean sgquared szzor
Relative absolute sxror
Root relative aquared ezzoz 138.8138 ¥

Teral Number of Instances 2000

-

=== Detailed Accuracy By Clazs ===

TP Rate Area PAZ Azsa Class

oo oo

WO 3 in ek L R b

OOO00000

oODooo

Weighted Avg.

=== Jonfusion Matzix ===
a b c o4 & 2 g ® 1 3 <~= classified a=
v ¢ G =3 C 3 4 [#] o [+ a=0G
o C z 2 4 4 7 2 G c B =1
g = = 3 < 3 i c =2
¢ c - 3 C - 2 2 ¢ d= 3
¢ 3 2 4 12 € € i e = &
3 i F 8 19 4§ 15 i f =3
2 c ¢ 11 36 37 1c g==6
2 ¢ 4 3 1 se € =7
¢ ¢ ¢ 2 15 € 1=8
C € L a i = 4 =9

7.5 Appendix E: The J48 result of run information of experiment two using SMOTE

£6.3265 %
33,6238 %

fied Instances

fied Instances

Inco y
Kappa statistic
Mean absolute erzor
Aoot mean squared error
Aelatcive absolure earror
Aoot zelative sguared ezzgr

Total Humber of Instances

mm= Datailed Rccuracy By Class =——

TF Hate FP Ratge Frecieion Recall F-leasuze

ROC Area PRC Axea Cla=s
C.964 .97 1

C.968 0.362 i
o.828 g.83% )
v 3
C. 4
c €
- M
@ 2
Weighted Avg. c

wss Confusion Matrix ==

a &b & £ g h £ 3 €== zl

398 2 3 2 L o 2] o a=20
5 484 g ¢ L ¢ = g b= i
i 3L L L3 g 3 =) ¢ = o= 2
3 2. A2 28 19 3 [+ 2 i 4=3
2 ¢ € 67 8% 31 8 1v 4 e =&
- 1 € 03 297 193 &0 70 % =3
i c o £ 29 130 42¢ 170 34 3 g==6
[+ ] ; § 1% 62 281 133 17 < R=27
o 0 " 5 € 57 88 &L 33¢ 64 1 =8
7 c [ ] C 5 i@ 5 33 623 =
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7.6  Appendix F: The REPTree result of run information of experiment two using SMOTE

1y Classified tances - 6L.6947 &
Incorrectly Classified Inatcances 38.3053 %
Happa statistic
Mean abaolute erzor
Eoot mean sguared erzor
Relative absolute ezzoz
Root relative sguared errox
Total Number of Inscances

=== Detailed Accuracy By Clasas ===

1P Rate ure ACC Axea PR Azma Class
0.978 C.993 0.982 &
T.936 C.989 g.959 -3
T.904 C.980 ¢.038 2
1 4| 0.938 ¢.739 3
€L 0.7T89 C.29% 4
26 C.754 P 5
20 g.853 C.401 €
22 G.8i8 U.e54 7
B7 C,83% C.25 B
55 0. 958 5 ?
Weighted Rvyg. 17 ¢.g83 c

a s d e 4 g h i 3 <—— classifisd asz
596 L X 5 1 ¢ c ¢ o a=C
s 4 13 o C C o b =1
g 3 26 1 o g e e =2
T 3 454 2 c ) = ) d=3
1 3 73 32 & i i & = &
3 i 3 es g 2608 57 &L 66 I=5
e © 2 & 23 L0E 493 s g=8
g C g 4 9 &4 329 10 g E=7
2 g G 3 21 53 99 &4 237 128 i=8
c C ¢ 3 g 2¢4 12 2 49 578 - = 3

7.7 Appendix G: The Random tree result of run information of experiment two using
SMOTE

Correctly Claszsified Instances
ectly Cla=sified Instances
Kappa s=tatistic

Mean absolute error

Root mean squared error
Helative absolute error

Root relative squaresd ezroxr
Total Humber of Inscances

3965 %
C.C035 %

w0

x

=== Jacailed

reci HBecall A0C Area PAC Azea Claszs
346 0.958 0.281 C.943 e
+870 0.85L &.955 g.a57 i
-230 0.864 0. 942 0.824 2
=731 c.708 5.908 C.7C% 3
.400 0.373 C.733 C.258 4
«36% C.297 U.697 C.267 &
-368 C.438 G.725 0.298 L3
277 C.238 c.697 C.201 T
57 0,884 2.783 g.402 g
752 G.21C 0.951 ¢
Weighted Avg. 588 0.620 9.827 ¢
=== Confusion Matzix ==~
a b < 4 [ z g &k i 3 <-— cglaseified a=
3e8 F 2 3 2 3 o 2 -3 Z a=1a
¢ 448 15 g 3 6 18 - & 3 =1
2 10 414 31 7 € 10 2 & 3 o= 3
1 9 25462 3¢ 13 15 & 8 € d=3
1 13 14 48 144 €9 58 1¢ 21 22 .= 4
€ 14 12 37 B85 232206 T4 66 49 £ =5
4 & 7 12 29 153 348 189 44 S g=6
I 4 3 5 30 97 224 12¢ 26 8 o= 7
3 5 € 23 28 &7 €9 35 27 5 1i=8
c & 1 € 2 14 & 2 15 Lol
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7.8 Appendix H: The J48 result of run information of experiment three using feature

selection

66.334 %
33.666 %

Correctly Classified Inscances
ly Slassified Inatances

Kappa =tatistic

M¥ear absglute error

Root mean s 4 srraxr

Felative absclute erroxr

Root zelative sguared erzoz

Total Number of Instances

=== Detailed Accuzacy By CTlasg ===

E-Measure MNCC
382 C.98C c.958

IF Rate FP Rate

c.985 2

c.268 C.965

&.930

T T R

Weighted Avg. C.663

== Confusion Matrix ===

a b c d - g : €-— glazsiiled a=s
399 3 o 0 3 S c ¥ & =
3 487 9 4 c C g g b=
2 13 447 10 s - ¥ 1 c =2
¢ & 1 ¢ 30 23 3 2 d=3
i - 4 147 106 234 s : ot ]
L: 3 ¢ B6 291 219 is t =35
1 o G 9 23 104 538 3 g=§
C = G 4 B S& 336 3 h=1
1 ¥ @ 5 T 54 123 93 1=%
& o & 2 2 4 12 63z ERC_EE

7.9 Appendix I: The REPTree result of run information of experiment three using feature

selection

Cozrrectly Classified Instances 61.7472 %

Incorrectly Classified Inscances 32.2528 &

bt atie

Mean absclute error

Root mean squered ezzor

felative absclute arror

Root acive sguared error

Total Number of In
F-Meamure MCC ROC Area PRC Area Clasa
0.975 G.895 C.582 g
&.947 0.991 0.862

8.982

838

G.76% g
c.363 ¥

SIS R SR

c.481 e
C.784 3
0.60E

waw Confusion Matrix ===
a b e - | e -4 g h i s

387  : h & L : i ¢ C L 0 a €
§ 473 14 18 1 8 & ¥ o 0 b= 1
8 Il €% 27 2 2 b 1 (¥ ¢ & o= 3
- & 23 452 &0 IS 8 @ 2 L] d -3
2 4 15 76 1d% 79 32 5 20 22 TRk |
3 1 3 47 891 x 76 &7 =3
e o 2 & 22 45 14 7 g=8&
c e ¢ 4 1l 5 327 959 9 T =7
i o ¢ 3 is &5 10 58 248 117 -
2] [ ] : € 26 12 £ %5 582 + =3
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7.10 Appendix J: The Random tree result of run information of experiment three using

feature selection

Torregtly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mear absolute srrox

88 Sguared error

e absglute ==
Hoot relative sguared srrgor
Total Number of Instances

mm=e Detailed

oy By Clazz www

Preciaisn F-Meazuze Slaas
C.366 G.974¢ o
-1 1 DT 5 : 3
G.931 C.93C 2
C.798 ¢.836 3
¢ 0.473 4
0 0.37¢C B
G C.&32 &
o 0.269 7
(* v 8
¢ i 3
Weighted Avyg. g 0

=== Confusion Matrix se=

a b G d £ g - i s <=-= Slazsified as
328 3 - F % c C o c a4 =g
B 472 13 5 C c 7 ¢ = - i
6 17 445 1ii 1 ¢ c o g c=32
C 4 g 5] 3 2 = 7 d=3
G 1 9 58 £ -] & | il
4 ¢ 1 29 4 & 47 ft=5
E 3 1 & z £ & g=E
c 2 © € 2. 7 g
i H *] | 333 70 i =8
c c ¥ 3 27 623 A -

7.11 Appendix K: The J48 result of run information based on an independent dataset

Correctly Classified Inatances 54 .33 L]
Incozrectly Classifisd Instcances 45,67 %
Kappa scatistic
Mean absolute erzox
Rogt mean sguared exror
Total Numbex of Instancea
cision  Recall F=Meamure c C Area PHC Azea Class
i C.628 €
o4 ¢.582 1
o 0.344 2
o.533 ! 3
[ 15 4
o B
¢ &
- E
[+ ]

Weighted Rvg.

=== Confusicn Matzix =ee

a =} - & : 4 -4 h i % €=~ clapsified as
273 32% o c € 2 c 2 ¢ a=g
¢ 6l3 < g G T < o g b=l
¢ = g0z ¢ c g G c g g =3
¥} e o 738 c & e ! c d=3
G c e g 1iis & 7 L) L+ g =g
o c o L c €72 G o} C w5
Q v o 0 G ¢ i 39 g g =8
¢ g = g c ¢ C [ o h=7
¥ (v o g o a2 o o =2
g 0 = g & 120 B& f=-%
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