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Abstract

Hypertensive disorders during pregnancy, particularly preeclampsia, are among
the leading causes of maternal and neonatal mortality. In the United States,
preeclampsia affects approximately 2 to 8% of pregnancies, with a higher incidence
among African American women (6.04%) compared to Caucasian women (3.75%).
Due to its severity, preeclampsia often requires intensive care unit (ICU) interven-
tion, resulting in prolonged hospital stays. This study aims to predict the length
of stay (LOS) for preeclamptic patients using supervised machine learning on a
highly imbalanced dataset. We adopted two modeling approaches: classification
and regression, and evaluated multiple algorithms, including logistic regression,
decision tree, SVM, KNN, random forest, XGBoost, linear regression, and elastic
net. To address class imbalance, we employed oversampling techniques (SMOTE,
ADASYN, SMOGN) and cost sensitive learning strategies. Our findings show that
cost sensitive logistic regression achieved the highest classification performance
with AUC of 66% and G-mean of 60%. Additionally, the analysis revealed that
African American women tend to have longer hospital stays. This research supports
improved hospital resource allocation, staff planning, and early intervention for
high risk cases, contributing to more efficient and equitable healthcare delivery.
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Chapter 1

Introduction

Hypertension is a chronic condition characterized by consistently elevated
pressure of blood against the walls of the arteries. Hypertensive conditions during
pregnancy are among the main causes of maternal mortality in the world. The
prevalence of pregnancy associated with hypertension increased from 10.2% to 13%,
and chronic hypertension increased from 2.0% to 2.3% during the study period
[18].

Preeclampsia (PE) is a hypertensive disorder of pregnancy characterized by
elevated blood pressure, often accompanied by fluid retention and proteinuria (the
presence of protein in the urine). PE affects approximately 2 to 8% of pregnancies
worldwide, contributing to over 50,000 maternal deaths and more than 500,000
fetal deaths globally [32]. A meta analysis of 94 studies estimated the recurrence
risk of PE at 13.8%, with the risk being inversely associated with the patient’s age
at delivery during the previous pregnancy affected by PE [17].

Early detection or prediction of PE can significantly enhance patient care and
treatment outcomes. Consequently, numerous studies have focused on identifying
factors that contribute to the development of PE. A systematic review of 68
prediction models across 70 studies found that common predictors include medical
history, blood pressure, parity, uterine artery pulsatility index, and maternal age
[16]. Additionally, a study using logistic regression analysis to predict late onset
PE demonstrated that the model effectively estimated the likelihood of developing
the condition based on various input variables [54]. Through our review of previous
studies on PE, we observed a main focus on disease prediction using various
methodological approaches. However, there is a significant gap in the literature
regarding the prediction of hospital length of stay for PE patients.

The length of hospital stay (LOS) is a crucial metric in understanding the
severity of PE. Studies have shown that the severity of PE significantly influences



LOS, with patients showing severe symptoms during the second trimester facing
a higher risk of prolonged hospitalization [5|. In general, patients with severe
forms of PE tend to experience extended hospital stays. Additionally, disparities
based on race and ethnicity have been reported; for example, a study by Johns
Hopkins School of Medicine found that U.S. born Black women have a higher
risk of developing PE compared to their foreign born counterparts [§]. Patients
with prolonged LOS often require specialized care, including the possibility of
complications that necessitate admission to the intensive care unit (ICU).

One of the challenges we might face in our research is analyzing healthcare
datasets. Healthcare datasets are a vast record of medical data, measurements,
financial records, statistical data, demographic details, and insurance data. Issues
with analyzing medical datasets are missing values, misalignment or inconsistency
in formatting of datasets, converting characters into numerical values, and bias
control. A study on the topic proposed a conceptual framework that outlines the
steps in data collection, reprocessing, integration of big data preprocessing tools or
techniques, model training and validation, and continuous monitoring [6].

However, in our study we try to address the problem of an imbalanced dataset.
Training our models on an imbalanced dataset will bias prediction accuracy. The
challenge with imbalanced datasets is that the minority class (prolong LOS) is
significantly less frequent than the majority class (> 4 days). Bias control will
improve our models’ performance. A review on the most popular techniques to
handle the imbalanced nature of datasets reported that oversampling techniques
such as random oversampling, synthetic minority oversampling techniques(SMOTE)
and undersampling techniques such as random under-sampling and clustering based
undersampling were efficient techniques for balancing datasets [42].

The present study provides a systematic methodology consisting of the following
steps: First, we applied imbalanced learning techniques to address the imbalanced
nature of our healthcare dataset. Secondly, we proceeded to an evaluation of
two prediction approaches: binary classification and regression. This study aims
to select the best model performance in predicting LOS of PE patients in an
imbalanced dataset.

This is the following structure of the research: in Chapter 2, we discussed
previous papers on the length of stay of PE patients. Next, in Chapter 3, we
explained the methodologies applied in this study. In Chapter 4, we explore the
dataset on which our models will be used. In Chapter 5, we report the results from
each prediction and interpret the findings. Finally, in Chapter 6, we discuss the
conclusion to our research and express future works.



Chapter 2

Literature Review

In this century, artificial intelligence has significantly transformed the field of
healthcare, leading to remarkable advancements and improvements in patient care.
ML algorithms are applied in multiple problems to enhance medical decisions,
with early detection of disease or prediction of disorder. Researchers outline
the effectiveness of Al in disease diagnosis, optimization of treatment plan and
improvement in clinical laboratory text [3].

Predicting length of stay for inpatient is important for the management of
resources and patients satisfaction. The most common approaches applied to
machine learning algorithms. A study reviewed 13 papers on predicting LOS on
healthcare dataset revealed that applied traditional models such as linear regression,
logistic regression and random forest and concluded that models were efficient
[2]. Machine learning algorithms can handle diverse diagnoses simultaneously,
offering a generalized approach for prediction LOS. A study conducted by Jain
et al. researchers applied various ML algorithms such as Linear regression and
random forest to predict LOS across 285 diagnoses [24].

Previous papers on predicting LOS used more diverse techniques than tradi-
tional MI algorithm. Deep neural networks were developed and tested to predict
personalized hospital LOS ranges on the Medical Information Mart for Intensive
Care IIT (MIMIC.III) database. Predicted LOS was calculated using adjusted
RMSE. The DNN were compared to probability distribution modeling with custom
loss functions. Additionally, a generative adversarial network with gradient penalty
framework was employed to generate LOS predictions [56]. Researchers concluded
that neural networks achieved accurate predictions. However, DNN often face
challenges related to interpretability because of their complex multi layered struc-
ture, making it difficult to trace how input features influence a specific prediction.
While interpretability tools such as SHAP values and LIME can be applied to



better understand DNN outputs, these methods add an extra layer of analysis not
required for simpler models like decision trees.

To our best knowledge there are few studies on predicting LOS for PE patients.
The closest research to our topic is a study on postpartum length of stay and risk of
PE readmission [48]. The proposed method was a statistical analysis to investigate
the relationship between postpartum length of stay and risk of readmission within
60 days from cesarean delivery hospitalization among women with PE. The model
was tested on the dataset called 2014 Healthcare Cost and Utilization Project’s
(HCUP) Nationwide Readmissions. The risk of readmission was evaluated on
LOS and demographic, hospital and other factors. The study applied population
weight to make sure that the results are representative of the whole population
studied. Additionally, Multivariable analyses were conducted to estimate adjusted
risk ratios (ARR) along with corresponding 95% confidence intervals to assess the
independent effect of variables on outcomes. Overall, the researchers concluded that
their assessment provided insight on the correlation between LOS at the hospital
for PE patients who delivered with cesarean and risk of readmission.

PE occurs on all pregnancies approximately 2 to 8% in the U.S [39]. Hence,
most datasets have fewer cases of PE than other diagnoses. Imbalanced data
can negatively impact predictive performance by causing models to inadequately
identify or misclassify the minority class, resulting in decreased accuracy and
reliability for critical outcomes [7]. Imbalanced dataset occurs when the class or
category of the dataset have a significant difference in number of observations.
Several methods have been applied previously to address the imbalance dataset
prior utilizing the ML algorithm. The widely adopted techniques are resampling
methods such as oversampling and undersampling. Oversampling is a technique
used to increase the number of samples in the minority class to balance the dataset
while undersampling consists of reducing the number of samples in the majority
class to balance the dataset [33].

Previous studies explored random oversampling, a technique that balances class
distribution by duplicating minority class samples with replacement [28]. However,
while it increases the number of minority samples, it often fails to significantly
improve classification performance. To address this, Chawla et al. introduced
the Synthetic Minority Oversampling Technique (SMOTE), which generates new
synthetic samples rather than duplicating existing ones [12]. SMOTE uses a K-
nearest neighbors approach to create synthetic examples between a minority class
sample and its neighbors, improving generalization [27]. This technique has been
applied successfully in various domains, including diabetes prediction [1], hospital
mortality prediction [21], and speech boundary detection [29].



Adaptive Synthetic Sampling (ADASYN) is another popular oversampling
technique. It focuses on generating synthetic samples adaptively based on the
learning difficulty of minority class instances [22]. Using the K-nearest neighbors
approach, ADASYN assigns higher weights to minority samples that are harder
to classify, samples surrounded by more majority class examples. More synthetic
samples are generated for these difficult cases, while fewer are created for easier to
classify instances, improving the model’s focus on challenging areas of the decision
space [22].

A study on developing machine learning models to predict late-onset PE using
dataset of a total of 11,006 pregnant women who received antenatal care at Yonsei
University Healthcare Center, including Severance Hospital and Gangnam Severance
Hospital in Seoul, Korea, between 2005 and 2017 [26]. Authors applied traditional
ML models such as LG, RF, SVM, DT and naive Bayes classification. The outcome
of the experiment proved that out of 11.006 participants 474 women (%4.7) were
diagnosed with PE after reaching 34 weeks of gestation. Furthermore, a comparative
analysis revealed that women who developed PE tended to be older than those
who remained unaffected by the condition [26].

Building on the understanding of risk factors, the question of racial disparity
as a potential contributor to PE was also explored by researchers [9]. They found
that Non White women had a higher risk of recurrent PE compared to White
women. Specifically, [43] Non Hispanic Black women experience a higher incidence
of hypertensive disorders during pregnancy and face a related risk of increased
morbidity and mortality rates. Developing a predictive model using machine
learning algorithms on an imbalanced dataset for LOS of women with PE enables
a more accurate and realistic analysis. This model can be effectively utilized for
resource planning and optimizing patient monitoring and diagnosis.



Table 1: Previous studies on predicting LOS, MLP: multilayer perceptron neural networks,
EM: Evaluation Metrics, IT: Imbalance Techniques, R2?: coefficient of determination, MAE:
mean absolute error, RMSE: root mean squared error, R: correlation coefficient, AIC: Akaike
information criterion, OR: odds ratio, SPARCS: statewide planning and research cooperative

system, P: probabilistic model, CL: classification model, R: regression model

Author/yegrMethod | Supervised | EM 1T Prediction | Data
Learning
Model
Alsinglawi | CL XGBoost, RF, | Accuracy, SMOTE, ICU Healthcare records
et al. (2024) GB, LR, MLP | AUC, Sensitiv- | ADASYN (EHR)
|4 ity, Specificity,
F1-Score, Pre-
cision, Recall
Zhang et al.| CL XGBoost RMSE, R? None After hip | 865 patients of hip
(2023) |53 surgery arthroplasty
Xu et al|CL, R Not specified | MSE, MAE, | Two stage | After elective | 42,209 elective
(2022) [50 MRE modeling surgeries surgeries
approach
Fuentes et al. | CL, R | Not specified | Balanced Ac-| SMOTE ICU MIMIC_IV
(2022) |19 Pipeline curacy, Recall,
Precision, F1
Score, RMSE,
MAE, R2
Score
Jain et al. | R LG, CatBoost | R2 None General hospi- | SPARCS
(2022) |25 regression tal setting
Williford et | P Gamma mix- [ AIC Gamma Delivery LOS | SPARCS
al.  (2020) ture models mixture
149
Fei Ma et al. | CL Bagging, Ad-| MAE, RMSE, | None Respiratory Pediatric patients
(2020) (31 aBoost, Ran-| R disease hospitals in Xia-
dom Forest men
Mulla et al.| CL Logistic  Re-[ OR Not  speci- | PE patients Hospital discharge
(2010) (36 gression (LG) fied data from Texas
(20042005)




Chapter 3

Methods

In this session we described machine learning models, the oversampling tech-
nique, dataset used in our research and the evaluation metric. Figure [I| shows the
overall flow of our proposed methodology. The study begins with data acquisition,
followed by preprocessing. Dataset is then systematically split into training and
testing subsets to facilitate model development. To address class imbalance, various
oversampling techniques are applied to the training set. Subsequently, the model is
trained and tested. Finally, we assessed each model based on performance metrics.
Scikit-learn library is used for building the following supervised machine learning
models.

3.1 Classification methods

Binary classification method means all instances of the dataset or selected feature of
the dataset are predicted to be positive or negative [38]. In our research we decided
to test traditional ML models on the PUDF 2016 dataset. The selected models
are logistic regression, random forest, support vector machine(SVM), decision tree,
XGBoost and k-nearest neighbor(KNN). The aim is to predict whether the PE
patients will have a prolonged LOS.

Logistic regression (LR) serves as the baseline or the benchmark model for
several medical prediction tasks. Especially when predicting LOS. According to
Turgeman et al., logistic regression coefficients are more interpretable to healthcare
professionals [47]. However, the LR model presents some limitations, the model
assumes a linear relationship between the logit of outcome and the predictor
variable [37]. This assumption might affect model performance if there is no
linearity between prediction features. Hence, in this research we will compare the
performance to other models.



K-nearest neighbor (KNN) algorithm is a simple yet highly effective machine
learning model [44]. It operates by identifying the k closest data point in a given
input and makes predictions based on their value. A study conducted by [35]
on prediction of lung cancer using KNN algorithm on 10,000 patient records
including demographics, medical history, and radiographic features concluded that
the algorithm was efficient in prediction with 95.0% accuracy. Thus, we tested the
algorithm on the PUDF dataset and performed evaluation metrics.

Decision tree (DT) algorithm predicts the target variable’s value by learning
simple decision rules derived from data features. Previous work on predicting
LOS of patients with Endarterectomy using DT revealed that Linear regression
performed the best for regression tasks and DT was the best classification model
with 80% accuracy [46].

Support vector machines (SVM) algorithm is mostly used in pattern recog-
nition, classification and regression problems. An evaluation study by Rodriguez et
al., assessed the effectiveness of various machine learning models, including neural
networks, random forests, regression trees, and support vector machines (SVM),
for mineral prospectivity modeling [41]. The results demonstrated the potential of
these algorithms in making accurate mineral prospectivity predictions, highlighting
SVM capability in handling complex classification tasks. In this research we will
evaluate SVM with linear and radial basis function (SVM-RBF) kernels.

Random forest is a classification model that consists of an ensemble of decision
trees, where each tree is built using a randomly sampled subset of data and features.
Each tree operates independently, relying on a unique random vector drawn from
the same distribution, ensuring diversity and robustness in the overall model [11].
RF is a classification model that excels at predicting LOS because of its ability to
handle complex and non linear relationships and produce interpretable results.

Extreme gradient boosting (XGBoost) is an optimized ML algorithm based
on gradient boosting. Previous works on predicting LOS using XGBoost delivered
not only high prediction accuracy but the model was efficient in handling large
scale dataset [13].

3.2 Regression methods

Regression method is a classification problem where the goal is to predict continuous
numerical values with the given input features. In our context, the regression
method will estimate the number of LOS for PE patients.



Linear regression is a classification model used for regression tasks. In their
study that aims to identify the factors characterizing the LOS in the pediatric
emergency department, they proposed a predicting model for LOS using Linear
regression algorithm [15]. Researchers concluded that the model was able to
effectively predict LOS for patients.

Least absolute shrinkage and selection operator(LASSO) regression is
a form of linear regression that controls overfitting by penalizing the sum of the
norm of the regression coefficients [51]. The regularization aspect of LASSO helps
prevent overfitting.

Decision tree regression (DT) is a ML model that predicts numerical values
by repeatedly splitting the data into smaller, more similar groups based on feature
values. These splits form a tree structure, where each decision leads to a new branch,
and the final leaves give the predicted numbers [30]. A recent study successfully
developed a prediction model for LOS of patients admitted to the general medicine
department using DT [52].

Elastic net regression is a regularized optimization approach for linear
regression that effectively serves as a bridge between ridge regression and the
LASSO. One of the advantages of elastic net is that it can overcome the limitation
of LASSO. The algorithm incorporates both the L1 (ridge) and L2 (LASSO) penalty
terms into its cost function. According to Zou et al. |57] elastic net provides a
balance when working with high dimensional clinical data that may contain highly
correlated variables, which is our case.



PUDF 2016 Over-sampling Methods Balanced
Data
Preprocessing
Features
Extraction

Splitting Data Machine Learning Models
Training Set Testing Set Trained ERecicton

Model Model

[ i}

Figure 1: Architecture of the proposed prediction model

3.3 Hyperparameters tuning method

Model tuning is a crucial step in improving prediction accuracy. In this research
we applied grid search hyperparameter tuning to select best parameter for each
model in classification and regression.

3.4 Performance metrics

A confusion matrix is used to evaluate the performance of binary classification
models as indicated in Table 2 The columns are the predicted class, and the rows
are the actual class.
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Table 2: Confusion matrix of binary classification models. TP: true positive, FN: false negative,
FP: false positive, TN: true negative

Predicted Predicted
Positive Negative
True TP FN
Positive
True FP TN
Negative

Sensitivity (RECALL) measures the proportion of actual positive cases that
are correctly identified by the model. It is also called the true positive rate.

TP
Recall = m (1)

Specificity measures the proportion of actual negative cases that are correctly
identified by the model. It is also called true negative rate.

TN

TN+ FP @)

Specificity =

Precision, also called positive predictive value, quantifies the results of all
solutions that are actually correct.

.. TP
Precision = m (3)

Accuracy, the most popular metric for the evaluation of machine learning
models. Measures the proportion of correctly classified instances. The precision of
the model is determined based on the sensitivity and specificity with the presence
of prevalence [55].

TP+TN
TP+TN+FP+FN

(4)

Accuracy =

F1-Score represents the harmonic mean of precision and recall, providing a
balance between the two. An F1-Score of 1 indicates perfect performance, while a

11



score close to 0 reflects poor performance.

Precision x Recall
Fl1- =2
Score 8 Precision + Recall (5)

Area under the curve(AUC) evaluates the overall performance of a classifi-
cation model, independent of the chosen threshold. It corresponds to the area under
the Receiver Operating Characteristic (ROC) curve, which plots the True Positive
Rate (TPR) against the False Positive Rate (FPR). The ROC plot visualizes the
tradeoff between the classifier’s sensitivity and specificity.

G-mean calculated as the geometric mean of Recall (Sensitivity) and Specificity.
A high G-Mean indicates that the classifier performs well across both classes, making
it a valuable metric when class distributions are uneven.

G-Mean = y/Recall x Specificity (6)
Where:

e T'P = True Positives
e T'N = True Negatives
o ['P = False Positives

e 'N = False Negatives

3.5 K-fold cross validation

K-fold cross validation is a method used to evaluate how well a machine learning
model performs on unseen data. Data is generally stratified before being split
into "k” folds. This process ensures that each fold accurately mirrors the overall
class proportions and distribution of the full dataset, leading to more reliable and
generalizable performance estimates [40]. In this study, we applied k-fold cross
validation, which divides the dataset into k equal parts to train and test the model
multiple times.

We set k = 5, meaning the data was split into 5 folds, with the model trained
on 4 and tested on the remaining fold in each iteration. We increased k to 10 and

12



compare models performance [20]. The reason is as the number of k increased, the
test set for each fold become smaller. This reduction in test set size can lead to less
precise and less fine grained measurements of the performance metric [40]. This
approach helps to ensure a more reliable performance estimate and reduces the risk
of overfitting.

3.6 Oversampling techniques

Synthetic minority oversampling technique (SMOTE) is an oversampling
method used to resample imbalanced dataset in a classification or regression
problem. Introduced by [12] in early 2002, it is an improved version of the traditional
resampling technique. The difference is that instead of replacing, SMOTE generates
synthetic value for the minority class.

In this study, we applied the SMOTE algorithm to the training set to generate
synthetic data for both classification and regression models. Although SMOTE has
been widely used in previous research to address class imbalance in classification
tasks, its application in regression settings remains relatively limited. The SMOTE
Algorithm [T} is described in detail below:

13



Algorithm 1 SMOTE oversampling algorithm [34]

—_

W W W W W W W N N NDNDNDDNDNDDNDNDLD /= = = e e e

: Input:

N = number of samples in the minority class.

A = the percentage of SMOTE to be applied.

m = number of nearest neighbors to be considered.
N

Output: Generate ;55 x A artificial samples for the minority class.

procedure SMOTE(N, A, m)
if Proportion of class A < 100% then
Randomly choose a percentage of the minority class samples to be SMOTEd.
end if
: if A <100 then
N« A xN
A <100
. end if
. A< int (%)
: numattrs < total count of attributes
. Sample[] < array containing the original minority class samples
: newindex < 0
. Synthetic[] < array for creating artificial samples
: fori=1to N do
Compute m closest neighbors for sample i and save indices in nnarray
Fill array A with values from nnarray starting at index ¢
: end for
: Call POPULATE(A, i, nnarray)
: while A +0 do
Select a random integer from 1 to m as nn
for attr =1 to numattrs do
dif f < Sample[i][attr] - Sample[nnarray[nn]][attr]
gap < random number between 0 and 1
Synthetic[newindex|[attr] < Sample[i][attr] + gap x dif f
end for
newindexr < newindex + 1
A< A-1
: end while
: return “End of Populate”
: end procedure

14



Adaptive synthetic oversampling technique (ADASYN) is a sampling
approach which assigns weights to minority class examples based on how difficult
they are to learn, so that more challenging instances receive greater emphasis during
training [23]. This algorithm is an improved version of SMOTE. The core concept
of ADASYN is to dynamically adjust the number of synthetic samples generated
for each minority class based on a criterion. This criterion measures how weights
are distributed among examples from the minority class, based on the varying
difficulty levels encountered during learning. To address class imbalance in both
our classification and regression approaches, we applied the ADASYN algorithm.
Algorithm [2| presents the pseudocode for ADASYN, which highlights the core steps
used to generate synthetic minority samples. The algorithm adaptively focuses on
samples that are difficult to learn, producing more synthetic examples in regions
where the minority class is underrepresented and difficult to classify.

Algorithm 2 ADASYN oversampling algorithm [14]

Require: Training dataset X7, Hyperparameter € [0,1], K =5

Require: The ¥ minority sample x; (i =1,2,3,...,my)

Require: A random minority sample z.; in K nearest neighbors of x;

Ensure: Synthetic minority samples s;, oversampled training dataset X 4pasyn
Calculate the number of majority samples m; and minority samples mg in
training dataset X

2: Calculate the number of samples to synthesize for the minority class: G =
(mg —my) x 3
for each example z; € minority class do
4:  Calculate A; {Number of majority samples in K nearest neighbors of z;}
Calculate ; = A;/ K {Ratio of majority samples in neighbors of z;}
6:  Standardize ratio: 7 =7;/ Y057
Calculate g; = 7; x G {Number of synthetic samples for z;}
8: for j=1to g; do
Generate synthetic sample: s; = x; + (z,; — ;) x v {7 is random: ~y € [0,1]}

10:  end for
end for

12: return oversampled training dataset X spasyn

SMOGN is a preprocessing approach for imbalanced regression. SMOGN
integrates random undersampling with two oversampling strategies.This method
combines SMOTER and Gaussian noise to enhance data balance [10]. SMOGN
generates new synthetic examples using the SMOTER technique when the seed
instance and its selected K-nearest neighbor are close enough. If the two instances

15



are farther apart, it introduces Gaussian noise instead to create the synthetic
sample. Algorithm [3] explains the theory behind SMOGN.

Algorithm 3 SMOGN algorithm [10]

Require: Dataset D with continuous target variable Y
Require: ti __ relevance threshold on Y
Require: %u __ percentage of undersampling
Require: %o __ percentage of oversampling
Require: k& __number of nearest neighbors
Require: dist __distance metric
Ensure: Modified dataset newD
OrdD <« sort D by ascending value of Y
¢() < relevance function obtained from the distribution of Y
3: BinsN « subsets of (x;,y;) € OrdD where ¢(y;) < tg
BinsR « subsets of (z;,y;) € OrdD where ¢(y;) > tr
newD < BinsR
6: for each B € BinsN do {Under-sampling}
selNormCases < randomly sample %u x | B| cases from B
newD <« newD u selNormCases
9: end for
for cach B € BinsR do {Over-sampling}
ng < %o x |B| {Number of synthetic cases to generate}
12:  for each case € B do
nns < kNN(k, case, B, dist) {k nearest neighbors of case}
DistM <« distances between case and examples in B
15: maxD < median(DistM)/2
for i < 1 to ng do
x < randomly choose one of the nns
18: if DistM(z) < maxD then
new < interpolate x and case using SMOTER
else
21: pert < min(maxD, 0.02)
new < add Gaussian noise to case with perturbation pert
end if
24: newD < newD U {new}
end for
end for
27: end for
RETURN newD
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Cost sensitive learning (CSL) is an effective strategy we employed in our
classification task to address class imbalance without resorting to data resampling
techniques. Traditional classification models typically assume equal misclassification
costs for false positives and false negatives [45]. However, in imbalanced datasets,
such an assumption may lead to biased predictions favoring the majority class. CSL
addresses this issue by assigning higher misclassification penalties to the minority
class, thereby making the model more sensitive to rare but important instances.

A core concept in CSL is the use of a cost matrix, which defines the penalties
(or rewards) associated with each possible combination of actual and predicted
classes. For binary classification, this matrix allows us to differentiate between
the costs of false positives and false negatives, thus guiding the learning algorithm
toward minimizing the more costly errors. In this study, we did not set a full cost
matrix, but the balanced option automatically gave more weight to the minority
class by using class frequencies during training. The expected loss formula is as
follows:

Expected Loss = Z Z P(Actual;, Predicted;) - Cost(actual,, Predicted;) (7)
J

7

Where i is the index of the actual class and j is the index of the predicted class.
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Chapter 4

Data

The dataset used in this study is derived from the comprehensive 2016 Texas
patients Public Use Data File (PUDF), which compiles patient level hospitalization
data from all state licensed hospitals in Texas. Covering all four quarters of the
year, making it a suitable dataset for our research.

The PUDF is made publicly available by the Texas department of state health
services (DSHS) and is extracted from the hospital discharge database. Each
record in the dataset represents a unique hospital stay and includes extensive
information such as patient demographics such as age, race, gender, zip code,
admission and discharge details, primary and secondary diagnoses using ICD-10,
procedures performed, hospital charges, discharge status, and payer type Medicaid,
Medicare, private insurance.

This dataset is particularly valuable for population level analyses as it will
allow us to examine trends in healthcare, outcomes, and disparities across various
sociodemographic groups and clinical conditions. Furthermore, PUDF provides
a reliable and detailed foundation for the duration of hospital stay among PE
patients using supervised machine learning methods.

4.1 Features extraction

Feature extraction consist of selecting the PE feature from PUDF 2016 dataset
through filtering method. The first phase commenced with the identification female
patient only as PE during pregnancy concerned only woman. Doing so, we were
able to select 1,703,995 female patients out of 3,088,453 data points. The next
condition was to select patients who deliver at the hospital. The ICD_10 codes :
Z37* distinguish women who experienced delivery at the hospital. By applying this
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filter 380,921 women out of 1,703,995 were selected, excluding 1,323,068 patients.

To identify patients with PE we filter all patients with diagnosis code O14 and
O15. The result was 19,767 patients. Finally, we identify the patient’s age range
between 10 to 54 years old. Hence, our PE dataset consists of 19,389 patients.
Along with the PE we have a patient’s clinical dataset. Multiple factors can lead
to prolonged LOS for patients. Hence, to have a clinical history will improve our
prediction performance. Figure [2| below presents the summary of feature extraction.

A comprehensive set of clinical variables consist of: obesity, mild PE, severe
PE, unspecified PE, eclampsia, pre_existing hypertension, hypertension, type 1
diabetes, type 2 diabetes, gestational diabetes mellitus, cesarean delivery, multiple
gestation, preterm labor with delivery, term labor with preterm labor, white blood
cell disorder, chronic kidney disease, kidney failure, renal disease, iron deficiency
anemia, lupus, nicotine dependence, placental abruption, raised antibody titer,
postpartum hemorrhage, and history of childbirth complications.

Excluded
Excluded 361,154
1,384,458 male or :
non-PE/E patients
unknown gender

380,921
patients who
delivered in
hospital

19,767
patients with
PE/E

Texas data i E
3,088,453

1,703,995
women

Excluded 1,323,068
patients who did not
deliver in hospital

Figure 2: Features selection process involve gender criteria, delivery criteria, PE and age criteria

PE data set is suitable for building predictive models and conducting outcome
based evaluations. The following Table |3| shows the distribution of important
variables for our research. We can compare the frequency of each feature. For
example, within the race variable, white individuals are more prominently repre-
sented compared to Asian or Pacific Islander groups. Regarding the Age Group
variable, patients aged 25 to 29 years comprise the highest number of PE cases in
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the data set.

Table 3: Demographic distribution of PE patients

Feature Value Frequency
Hispanic Origin 8988 (45.51%)
Ethnicity Non Hispanic 10661 (53.99%)
Missing 99 (0.50%)
White 11233 (56.88%)
Black 2803 (14.19%)
Race Asian or Pacific Islander 497 (2.52%)
American Indian/Eskimo/Aleut 22 (0.11%)
Other 5188 (26.27%)
Missing 5 (0.03%)
Medicaid 9617 (48.70%)
Medicare 68 (0.34%)
Insurance Charity /Unknown 840 (4.25%)
Self Pay 1 (0.01%)
Other 9217 (46.67%)
Missing 5 (0.03%)
10 14 28 (0.14%)
1517 637 (3.22%)
18-19 1344 (6.80%)
20-24 4648 (23.53%)
25-29 5141 (26.03%
Age (Years) 30-34 4606 223.32%;
35-39 2546 (12.89%)
40-44 712 (3.60%)
4549 78 (0.39%)
50-54 8 (0.04%)

The handling of missing data can improve our prediction model. Various
techniques such as data imputation, regression imputation, and K nearest neighbors
(kNN) imputation were used in previous work. However, in our filtered dataset for
PE we do not have a lot of missing value. So, we decided to drop the rows with
missing values. Table 4] shows the missing values in PE dataset.
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Table 4: Numbers of missing values per features for PE patients only

Features Missing Values
Ethnicity 34 (17%)
First Payment Source 14(7%)

4.2 Visualization

Data visualization plays a crucial role in understanding the structure and character-
istics of the dataset. It helps identify outliers, assess data distribution, and detect
potential imbalances. To explore these aspects, various types of visualizations can
be used. In this study, we employed bar charts, pyramid bar graphs, and correlation

matrices to gain insights into patient characteristics and their association with
LOS.
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Figure 3: Left: length of stay for patients without PE. Right: length of stay for patients with
PE for up to 20 days

Figure [3| shows that the distribution of length of stay is heavily right skewed.
This means that the majority of patients are discharged after a relatively short
hospital stay, typically within a few days. However, there are a smaller number of
patients who remain hospitalized for much longer periods, resulting in a long tail
on the right side of the distribution. Extended stays such as 103 days could be due
to complications, severity of preeclampsia, or coexisting medical conditions.
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Figure 4: Bar plot of ethnicity, race vs average LOS for PE patients

Figure 4] shows a bar chart comparing average LOS across race and ethnicity
groups. It can be observed that Black or African American Non Hispanic women
tend to have longer hospital stays than other groups, exceeding the average LLOS of
4 days. This observation aligns with previous research highlighting racial disparities
in maternal health outcomes . Asian or Pacific Islander women also show longer
stays, which may be attributed to disparities in healthcare access or various medical
histories.
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Figure 5: Frequency of LOS by age group

Figure [fillustrates the distribution of LOS across different age groups. The data
reveals that patients aged 20 to 34 are the most represented in the preeclampsia
dataset. This is expected, as preeclampsia is a condition that occurs during
pregnancy, and women in this age range are the most likely to become pregnant.
Conversely, younger individuals under 15 and older women over 44 are biologically
less likely to be pregnant, which explains the lower frequency of PE cases observed
in those age groups. Additionally, factors such as type of insurance coverage may
also contribute to the distribution across age groups.
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Figure 6: LOS by first payment source

To further explore how payment source relates to length of stay (LOS), Figure
[6] compares average LOS across different insurance types. The analysis reveals
that patients covered by Medicare tend to have longer hospital stays on average.
This may reflect the fact that Medicare typically covers older individuals or those
with chronic health conditions, who are more likely to experience complications
requiring extended hospitalization. In contrast, patients with Medicaid or private
insurance may represent a younger and generally healthier population, contributing
to shorter average LOS in those groups.
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source of payment

Figure [7, which presents a pyramid bar chart of age groups and insurance
types, shows that women aged 25 to 29 and 30 to 34 most frequently used private
insurance or self-pay as their primary payment method. Meanwhile, those aged 20
to 24 predominantly relied on government-sponsored insurance such as Medicaid.
This pattern reinforces the earlier observation that the dataset is largely composed
of patients in the 25 to 34 age range and highlights how insurance type varies with
age. The relationship between age and insurance source may reflect differences in
employment status, socioeconomic background, or eligibility for public insurance

programs.
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Figure 8: Correlation matrix of Hispanic origin patients, race types, insurance and LOS

Matthews correlation coefficient matrix in Figure [8| shows mostly weak asso-
ciations with LOS. However, preterm labor with delivery is moderately linked to
longer stays, while self pay or charity insurance shows a slight negative correlation,
possibly due to financial pressure. This suggests that both clinical conditions and
insurance type may influence LOS.

Overall, these visual analyses provide a comprehensive overview of the PE
dataset, highlighting important patterns in patient demographics and clinical
characteristics. They reveal how factors such as age, race, and insurance type
are distributed and how they relate to hospital length of stay. These insights are
crucial for informing the design of predictive models, as they help identify potential
sources of variability and guide feature selection for more accurate LOS prediction.
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4.3 Chi-square

Feature selection was guided by the goal of identifying variables with the greatest
impact on the outcome predicting LOS for PE patients. To achieve this, a Chi-
square (x2) is required. The formula for Chi-square statistics is described as follows,
where c is the degree of freedom, O is the observed values and E is the expected
values.

-yl Bk s)

Chi-square test for independence evaluate the statistical association between
each categorical feature and the LOS. Features that exhibited higher Chi-square
statistics were interpreted as having a stronger and more statistically significant
relationship with the model’s performance.

Preterm labor w/ delivery
Multiple Gestation
Pre-Existing Hypertension
Kidney Failure
Type 1 diabetes
Obesity
AA
Hispanic
Placental Abruption
Type 2 diabetes
Renal disease
Iron Deficiency Anemia
Hypertension
Lupus
Chronic Kidney Disease
Asian/ PI
Nicotine dependence
Postpartum hemorrhage
Gestational diabetes mellitus
Other
Other _race
White Blood Cell Disorder
Self Pay/Charity
White

Medicare 1 . . . . . . .

0 50 100 150 200 250 300 350 400

Chi-Square Score

Feature

Figure 9: Chi-square feature selection

The Chi-square feature selection results in Figure [J] shows that preterm labor
with delivery had the strongest association with the target variable, indicating it
is a highly important factor in predicting patient outcomes. This was followed
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by self pay or charity, Hispanic ethnicity, and obesity, all of which also showed
relatively strong contributions. These findings suggest that both clinical factors
and socioeconomic factors play key roles in modeling patient outcomes such as
length of stay. Features with lower Chi-square scores contributed less to the model
and may have limited predictive power in this context.
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Chapter 5

Results

This section reports the result of binary classification models and regression
model on PE dataset.

In this study, rather than using a traditional 80/20 train-test split, we applied
repeated stratified k-fold cross validation, which systematically splits the dataset
into multiple training and testing subsets. This method enhances model evaluation
by ensuring that every data point is used for both training and testing across different
folds, providing a more robust and reliable assessment of model performance.
We evaluated models through 5 and 10 fold cross validation. To address the
challenges associated with imbalanced datasets and to assess the performance of
various machine learning models, we conducted a series of experiments applying
different oversampling techniques on training sets such as SMOTE, ADASYN and
SMOGN (regression). To maximize our models performance we apply TPE to
select important parameters for each classification algorithm.

5.1 Oversampling classification

In our study, we applied the SMOTE and ADASYN functions from the imbal-
anced learning library to address the class imbalance. The original training set
consisted of 15,383 samples. After oversampling, SMOTE expanded the sample
size to 23,638, while ADASYN yielded 24,012 samples [L0]
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Figure 10: Imbalanced PUDF vs balanced data using SMOTE and ADASYN

5.2 Classification models

Before testing the ML algorithm on the balanced datasets, We evaluated each
model on the original dataset. From the below Table [f] Logistic regression, linear
kernel with SVM and XGBoost have 77% of accuracy. However, with imbalanced
data we will measure our classification model performance on G-mean which is
currently lower.

Table 5: Computational results of classification models without oversampling techniques

Model Accuracy Precision Recall Specificity F1-Score AUC G-Mean
LR 0.77 0.54 0.08 0.15 0.65 0.98 0.29
SVM linear kernel 0.77 0.55 0.06 0.11 0.60 0.99 0.24
RF 0.76 0.42 0.15 0.22 0.61 0.94 0.37
KNN 0.74 0.37 0.17 0.23 0.57 0.91 0.39
DT 0.75 0.41 0.14 0.21 0.55 0.94 0.37
XGBoost 0.77 0.50 0.12 0.19 0.65 0.96 0.34

Table [6] presents the performance of various classification models trained using
cost sensitive learning with 5 fold cross validation. Among the models tested, logistic
regression and SVM with both linear and RBF kernels achieved the highest G-mean
score of 0.60, indicating a balanced performance between recall and specificity.
Although XGBoost achieved the highest overall accuracy of 77% and AUC of 0.65,
it suffered from a very low recall (0.12), suggesting that it failed to adequately
detect positive (minority class) cases. Similarly, KNN and Random Forest achieved
relatively high specificity (91% and 0.79%, respectively) but showed poor recall,
resulting in lower G-mean scores (0.39 and 0.50, respectively). The Decision Tree
classifier demonstrated more balanced recall and specificity compared to KNN
and XGBoost, with a G-mean of 0.54. Overall, the results highlight that Logistic
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Regression and SVMs offer the best trade off between correctly identifying minority
cases and avoiding false positives, making them suitable choices in cost sensitive
scenarios where balanced sensitivity and specificity are critical for decision-making.

Table 6: Computational results of classification models with cost-sensitive learning and 5-fold
cross validation

Model Accuracy Precision Recall Specificity F1-Score AUC G-Mean
LR 0.68 0.36 0.50 0.73 0.42 0.66 0.60
SVM linear kernel 0.69 0.37 0.47 0.76 0.41 0.65 0.60
SVM RBF kernel 0.69 0.37 0.47 0.76 0.41 0.65 0.60
RF 0.68 0.32 0.31 0.79 0.31 0.56 0.50
KNN 0.74 0.37 0.17 0.91 0.23 0.57 0.39
DT 0.66 0.32 0.39 0.75 0.35 0.55 0.54
XGBoost 0.77 0.50 0.12 0.96 0.19 0.65 0.34

1.0

0.8

0.6

0.4

True Positive Rate

Logistic Regression (AUC = 0.66)
——— SVM (Linear Kernel) (AUC = 0.65)
—— Random Forest (AUC = 0.56)
—— KNN (AUC = 0.57)

—— Decision Tree (AUC = 0.55)

—— XGBoost (AUC = 0.65)

0.2

0?0 0:2 Oj4 0i6 O:B 1.0
False Positive Rate

Figure 11: ROC curves for best models with cost sensitive

Table [7] shows the performance of classification models using cost sensitive
learning on the top 25 most important features. Overall, the results are consistent
with the full feature models, with logistic regression, SVM (linear kernel), and XG-
Boost achieving the highest G-ean score of 0.60, indicating balanced performance
between recall and specificity. Notably, SVM (linear kernel) and KNN achieved
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the highest overall accuracies 69% and 70%, respectively, but KNN struggled
with recall with only 16%, leading to a lower G-mean of 0.38. In contrast, SVM
(rbf kernel) achieved the highest recall 0.58 but had lower specificity 0.63. These
findings suggest that using the top 25 features retains model performance while
improving interpretability, making it a practical approach for clinical applications.

Table 7: Computational results of classification models with cost sensitive learning on top 25
important features

Model Accuracy Precision Recall Specificity F1-Score AUC G-Mean
LR 0.67 0.35 0.51 0.72 0.42 0.65 0.60
SVM linear kernel 0.69 0.37 0.47 0.76 0.41 0.64 0.60
SVM RBF Kernel 0.62 0.32 0.58 0.63 0.41 0.62 0.60
RF 0.69 0.35 0.40 0.77 0.37 0.60 0.56
KNN 0.70 0.27 0.16 0.86 0.20 0.52 0.38
DT 0.68 0.34 0.43 0.75 0.38 0.59 0.57
XGBoost 0.68 0.36 0.48 0.74 0.41 0.64 0.60

The performance results of the classification models utilizing SMOTE on the
PE dataset are presented in Table [§

Table 8: Computational results of classification models with SMOTE

Model Accuracy Precision Recall Specificity F1-Score AUC G-Mean
LR 0.61 0.30 0.52 0.64 0.38 0.60 0.57
SVM linear kernel 0.60 0.30 0.52 0.63 0.38 0.60 0.57
SVM RBF Kernel 0.60 0.30 0.52 0.63 0.38 0.60 0.57
RF 0.58 0.26 0.44 0.62 0.32 0.55 0.52
KNN 0.73 0.36 0.23 0.88 0.28 0.59 0.45
DT 0.58 0.26 0.43 0.63 0.33 0.54 0.52
XGBoost 0.62 0.30 0.48 0.67 0.37 0.59 0.57

From the Table |8 we can observe that logistic regression and both SVM models
(linear and RBF kernels) achieved the best overall balance, with a G-mean of 0.57
and AUC of 0.60. Although KNN achieved the highest accuracy of 73% and
specificity of 88%, its recall was notably low with 23%, resulting in a lower G-mean
0.45, reflecting poor performance in identifying minority class cases. XGBoost
also performed well, matching the best G-mean score of 0.57 and achieving a
slightly higher AUC of 0.59 than random forest and decision tree. Overall, SMOTE
improved the recall across models, and Logistic Regression, SVM, and XGBoost.
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Table 9: Computational results of classification models with SMOTE on top 25 important
features

Model Accuracy Precision Recall Specificity F1-Score AUC G-Mean
LR 0.62 0.31 0.51 0.65 0.38 0.60 0.58
SVM linear kernel 0.61 0.30 0.52 0.63 0.38 0.61 0.57
SVM RBF kernel 0.69 0.37 0.45 0.77 0.40 0.63 0.59
RF 0.59 0.29 0.51 0.62 0.37 0.57 0.56
KNN 0.51 0.23 0.49 0.52 0.31 0.51 0.50
DT 0.58 0.28 0.54 0.59 0.37 0.56 0.56
XGBoost 0.57 0.29 0.58 0.57 0.39 0.58 0.58

Table [J] presents the performance of classification models trained on SMOTE
balanced data using the top 25 most important features. Among all models, SVM
with RBF kernel achieved the highest overall accuracy (0.69) and AUC (0.63),
along with a strong G-mean of 0.59, indicating a good balance between recall
and specificity. Logistic Regression and XGBoost also performed competitively,
both attaining a G-mean of 0.58, with Logistic Regression achieving the highest
recall (0.51) among the linear models. KNN and Decision Tree showed moderate
recall but relatively low precision, resulting in lower F1-scores and G-mean values.
Overall, SMOTE helped improve minority class recall across models, and using a
reduced feature set maintained comparable performance.

5.3 Oversampling regression

We applied the SMIOTE and ADASYN functions to the training set using the
imbalanced learning regression library to address the skewed distribution of the
target variable. The set the parameter for SMOTE and ADASYN as number of
nearest neighbors to 5. Figure [12| compares the density distributions of the original
dataset with those of the synthetic datasets generated by SMOTE and ADASYN.
While SMOTE produced 16,979 new data points and ADASYN generated 17,016,
the overall distribution of the target variable remained imbalanced.

This outcome is expected, as both SMOTE and ADASYN focus primarily on
generating synthetic data near existing minority instances based on local neighbor-
hoods. Consequently, they do not fully equalize the distribution across the entire
range of target values, especially when extreme or rare target values are underrep-
resented. This highlights a limitation of oversampling methods in regression tasks,
where imbalance is continuous rather than categorical.
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Figure 12: Density graph of imbalanced PE vs balanced using SMOTE and ADASYN.

The Graph (12| shows the distribution of the length of stay in three versions of
the dataset: the original data, and the data after applying SMOTE and ADASYN
oversampling. The original distribution has a sharp peak at low values, meaning
most patients stay for a very short time, with only a few long stay cases. After
oversampling, the distribution broadens, especially towards longer stays, indicating
that SMOTE and ADASYN have added more samples with longer lengths of stay.
However, the main peak at short stays still remains dominant.

SMOGN regression, after applying SMOGN, our dataset grew to 18,046
data points. This increase helped improve the representation of the minority class
and created a more balanced dataset, leading to more reliable and effective model
training.
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SMOGN algorithm was configured using manually defined relevance control
points (relevance function) to emphasize minority classes in the LOS variable.
The control matrix was constructed to assign higher relevance values to LOS
values between 4 and 50 days, which were underrepresented in the dataset. For
instance, LOS = 10 was given a relevance score of 1.0, making it the peak point of
oversampling interest, while extremely low days < 4 and high values days > 50 were
assigned low or zero relevance.

Relevance threshold was set to 0.8 to ensure only highly relevant cases
were oversampled, helping to balance learning without introducing excessive noise.
A small perturbation value (perturbation = 0.01) was used to make sure the
synthetic data stayed close to the original values, avoiding too much change, and
the sampling method was set to "balance" to evenly distribute new samples across
the relevance-defined range. The result of the balanced data using SMOGN can be
observed in Figure [I13] SMOGN generated 19,690 samples compare the original
training set of 15,383.

5.4 Regression models

Table [10[ shows the baseline results of regression models on the original, imbalanced
PE dataset. Linear regression and gradient Boosting performed the best, with the
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lowest MAPE of 0.49 with R? of 0.03 and 0.02 respectively.

Table 10: Computational results of regression models on original PE data

Model RMSE MAE MSE Median AE MAPE R?
Linear 3.50 1.84 12.24 1.26 0.49 0.03
LASSO 3.50 1.84 12.23 1.29 0.49 0.03
DT 3.56 1.83 12.67 0.94 0.50 0.00
Gradient Boosting 3.51 1.83 12.33 1.06 0.50 0.03
Elastic Net 3.49 1.83 12.20 1.29 0.49 0.04

These results highlight the difficulty of predicting LOS using the unbalanced
dataset and suggest that further steps like feature selection, or oversampling are
necessary to improve model performance.

Table 11: Computational results of regression models with SMOGN oversampling

Model RMSE MAE MSE Median AE MAPE R?
Linear 3.61 2.16 13.01 1.59 0.63 0.03
LASSO 3.57 2.14 12.72 1.69 0.64 0.01
Decision Tree 3.61 2.14 13.05 1.44 0.65 0.03
Gradient Boosting 3.59 2.14 12.92 1.58 0.63 0.02
Elastic Net 3.58 2.14 12.80 1.68 0.64 0.01

Table [12| summarizes the performance of regression models trained on SMOTE
balanced data using the top 25 most important features.

Table 12: Computational results of regression models with SMOTE

Model RMSE MAE MSE Median AE MAPE R?
Linear 3.50 1.81 12.25 1.18 0.47 0.03
LASSO 3.50 1.80 12.22 1.20 0.47 0.03
DT 3.55 1.82 12.62 1.22 0.48 0.00
Gradient Boosting 3.66 1.62 13.40 1.00 0.33 0.00
Elastic Net 3.49 1.80 12.20 1.23 0.47 0.04

Among all models, elastic net achieved the best overall performance with
the lowest RMSE (3.49), lowest MSE (12.20), and the highest R? score (0.04),
indicating slightly improved predictive accuracy. Lasso and linear regression
performed similarly, with RMSE values of 3.50 and comparable R? scores.
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Chapter 6

Discussion

This research investigates the application of machine learning models to predict
length of stay among preeclamptic patients while addressing data imbalance through
oversampling techniques. Two modeling tasks were explored: binary classification
and regression.

Binary classification

Oversampling techniques such as SMOTE and ADASYN were applied to balance
PE data set. As expected, ADASYN generated more synthetic minority samples
compared to SMOTE, due to the technique applied by ADASYN to focus on hard
to learn samples. However, despite the larger data set size generated by ADASYN
method, M1 models on the balanced data underperformed models tested on balanced
data with SMOTE. This suggests that ADASYN method may introduce more
noisy or less representative synthetic samples, which could affect model learning on
healthcare data that is highly imbalanced and complex.

Cost sensitive learning, where misclassification penalties were adjusted without
resampling, outperformed both models on SMOTE and ADASYN balanced data
set. Cost sensitive logistic regression achieved a G-mean of 60% and AUC of 66%,
compared to G-mean of 60% with SMOTE logistic regression. The improvement
suggest that adjusting the algorithm’s focus toward minority cases was more
effective than generating synthetic data to alter data distribution.

Moreover, increasing cross validation folds from 5 to 10 produced slight im-
provement, reinforcing that the model’s limitation were likely due to the data
structure rather than insufficient cross validation. Overall, these results emphasize
that while SMOTE and ADASYN can balance datasets, cost sensitive learning can
better capture the underlying patients distribution, leading to superior classification
performance.
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Regression

In the regression task, the goal was to predict the continuous length of stay variable.
SMOTE, ADASYN and SMOGN were applied to balance the training set. SMOGN
generated the largest balance data, followed by ADASYN and SMOTE. Despite
balancing, M1 models showed modest predictive capacities. on the imbalance data
set, linear regression achieved a MAPE of 0.49 and R? of 0.03. While Elastic Net
produced a slightly better R? of 0.04. Unfortunately, after oversampling, model
performance remained comparable with linear regression and LASSO achieving the
best MAPE but R2 still around 0.03 and 0.04. Elastic net produced similar results,
suggesting that although oversampling reduced bias toward frequent outcomes, this
method did not significantly improve to the model’s ability to explain variance.

The very low R? values mean that our models could only explain a small part
of why patients stay longer or shorter in the hospital. This shows that either
important information was missing from the data set, or that hospital stay lengths
are naturally very random and different for each patients, making them difficult
to predict with traditional machine learning models. Nevertheless, MAPE values
indicates reasonably moderate relative error, implying that although the absolute
fit is weak, the models percentage errors are acceptable for study on healthcare
data set.

To sum up, while oversampling techniques helped address class imbalance, their
impact on model interpretability and prediction performance was limited. Cost
sensitive learning showed the greatest promise for improving model performance in
the context of predicting length of stay among preeclamptic patients.
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Chapter 7

Conclusion

Predicting hospital length of stay for preeclamptic patients is a complex task,
where inaccuracies can have major hospital and operational impacts. Underesti-
mation of LOS could overload hospital resources, while overestimation may result
in unnecessary resource allocation and prolonged hospitalization. Thus, build-
ing reliable prediction tools is essential for improving patient care and hospital
management.

This study explore the use of traditional machine learning models on imbalanced
preeclampsia data set. We applied and compared oversampling techniques such as
SMOTE, ADASYN and SMOGN, along with cost sensitive learning approaches.
Binary classification models trained with cost sensitive logistic regression achieved
the best G-mean and AUC, outperforming SMOTE and ADASYN based models.
However, even with oversamping and hyperparameter tuning, classification per-
formance remained modest, indicating that the available features only partially
captured the complexity of length of stay outcomes. For regression task, models
such as linear regression, LASSO, elastic net and gradient boosting were evaluated
after applying SMOGN. Results showed low R? values. Several limitations were
identified, particularly PUDF data set lacks important clinical variable such as
laboratory results on blood pressure reading, proteinuria levels and details vital
signs.

Additionally, it does not capture patients readmissions or the progression of
complications during hospitalization. these missing data likely limited the ability
of machine learning models to accurately predict length of stay. Furthermore,
replying only on administrative diagnosis and procedure codes may have missed
critical clinical factors that influence patients recovery and hospital discharge timing.
Future work should focus on testing our tools on different data set with richer
clinical information, applying more advance algorithm and evaluating fairness across
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racial and socioeconomic groups. Special attention will be given to minimizing
bias, ensuring generalizability and addressing ethical concerns related to deploying
predictive models in sensitive healthcare system.

In conclusion, this study demonstrates the challenges and opportunities in using
machine learning to predict length of stay among preeclamptic patients, and it
provides a foundation for future research to build better and fairer prediction tools
for maternal health.
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Table 13: Computational result of classification model with ADASYN

Model Accuracy Precision Recall Specificity F1-Score AUC G-Mean
LR 0.54 0.27 0.57 0.64 0.38 0.57 0.55
SVM Linear Kernel 0.58 0.29 0.56 0.58 0.38 0.58 0.57
RF 0.58 0.26 0.44 0.62 0.32 0.55 0.53
KNN 0.72 0.37 0.23 0.88 0.28 0.57 0.39
XGBoost 0.62 0.30 0.48 0.67 0.37 0.59 0.57
DT 0.58 0.26 0.43 0.63 0.33 0.54 0.52

Table 14: Computational results of classification models with SMOTEN on top
25 important features

Model Accuracy Precision Recall Specificity F1-Score AUC G-Mean
LR 0.65 0.34 0.50 0.70 0.40 0.63 0.59
SVM Linear Kernel 0.66 0.33 0.48 0.71 0.39 0.62 0.58
RF 0.62 0.30 0.48 0.66 0.37 0.59 0.56
KNN 0.68 0.28 0.22 0.82 0.25 0.53 0.43
DT 0.66 0.32 0.43 0.73 0.37 0.59 0.56
XGBoost 0.26 0.23 0.96 0.05 0.37 0.61 0.21

49



	List of Figures
	List of Tables
	Chapter 1
	Introduction

	Chapter 2
	Literature Review

	Chapter 3
	Methods
	Classification methods
	Regression methods
	Hyperparameters tuning method
	Performance metrics
	K-fold cross validation
	Oversampling techniques

	Chapter 4
	Features extraction
	 Visualization
	Chi-square


	Chapter 5
	Results
	Oversampling classification
	Classification models
	 Oversampling regression
	Regression models

	Chapter 6
	Discussion

	Chapter 7
	Conclusion

	Appendices

