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Abstract: Cesarean sections (CS) are essential in certain medical contexts but, when overused, can
carry risks for both mother and child. In the unique multilingual landscape of Luxembourg, this study
explores whether non-medical factors—such as the language spoken—affect CS rates. Through a
survey conducted with women in Luxembourg, we first applied statistical methods to investigate the
influence of various social and linguistic parameters on CS. Additionally, we explored how these factors
relate to the feelings of happiness and respect women experience during childbirth. Subsequently,
we employed four machine learning models to predict CS based on the survey data. Our findings
reveal that women who speak Spanish have a statistically higher likelihood of undergoing a CS than
women that do not report speaking that language. Furthermore, those who had CS report feeling
less happy and respected compared to those with vaginal births. With both limited and augmented
data, our models achieve an average accuracy of approximately 81% in predicting CS. While this
study serves as an initial exploration into the social aspects of childbirth, it underscores the need for
larger-scale studies to deepen our understanding and to inform policy makers and health practitioners
that support women during their pregnancies and births. This preliminary research advocates for
further investigation to address this complex social issue comprehensively.

Keywords: cesarean sections (CS); cesarean deliveries; machine learning; multilingual; healthcare;
childbirth; pregnancy

1. Introduction

Labor and birth are crucial life events that have multiple impacts on both the mother and the
child. The way in which the birth unfolds and the number of medical interventions used will have
both physical and psychological consequences for the woman and her baby. Evidence suggest that
some commonly used medical interventions during the intrapartum period, such as the use of syn-
thetic oxytocin, antibiotics, instrumental births and Caesarean Sections (CS), might not be innocuous.
The potential negative consequences for mother and child arise from a variety of fields, including
epigenetics [1], neurobiology [2], immunology [3], and endocrinology [4], among others.

In addition to the physical and physiological effects of childbirth and potential obstetric inter-
ventions, multiple psychological effects can also be found, particularly for the mother, depending on
whether she perceives the experience as positive or negative [5]. Positive birth experiences have been
associated with a better relationship with the baby, a positive attitude towards parenthood, and a
number of lost-lasting psychological benefits, including an increase in the birthing person’s self-esteem
and their sentiment of accomplishment [6,7].

The impact of childbirth in the physical and mental health of both mother and child has been
widely studied and argued. Some of the factors are difficult to quantify, particularly the subjective
perception of the birthing woman, who might live her birth as a positive or negative experience
depending on whether she felt respected, listened to, informed, confident, etc. This perception might
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be affected (but it is not necessarily determined by) the type of birth and the medical interventions that
were used.

However, there are other factors that are easier to measure and that have demonstrated con-
sequences. The easiest number that can be considered is the CS rate, or the percentage of women
that gave birth via a CS. Beside the negative consequences of not giving birth vaginally that were
discussed above, a CS is a major surgery, which puts under strain both the body of the mother and
the medical health system, since the costs of the surgery are higher than the costs of a vaginal birth,
and the recovery is more difficult, needing in general longer hospital stays, more medication and
physiotherapy. There are short and long-term risks associated with CS, they can affect not only the
current delivery, but also the health of the woman, the child and future pregnancies [8].

Among the short-term complications associated with CS one can find an increased risk of needing
a blood transfusion, anaesthesia complications, injury of other organs during the surgery, infection,
neonatal respiratory distress and thromboembolic disease [8]. In the long-term, Cesarean deliveries
have been linked with an increased risk of asthma and obesity in children, complications in subsequent
pregnancies (such as uterine rupture and placenta accreta, increta and previa), ectopic pregnancy,
infertility, intra-abdominal adhesions and hysterectomy. The risk of these morbidities increases
progressively as the number of previous CS. [9]

According to the last report from Luxembourg’s Laboratoire National de la Santé (LNS) “Surveil-
lance de la Santé Perinatal au Luxembourg 2017-2019” [10] ! the CS Rate in Luxembourg is of over
30%, which is between twice and three times higher than the ideal rate considered by the World
Health Organization [11] 2. The number of other medical interventions reported is also incredibly high,
with only six out of ten women going into labor spontaneously. Evidently, lowering the number of
unnecessary Cesarean deliveries is a matter of public interest that will impact positively on both the
individual physical and mental health of women, and on the health system, reducing the expenses
associated with CS both in the short and the long run. The first step towards getting to lower the CS
rate is correctly understanding the different factors that might impact it, which is one of the principal
motivations of this work.

The goal of this work is, on the one hand, to analyze the impact of different variables on the
chances that a person will have a vaginal or a cesarean delivery. We analyze both medical factors
such as the use of synthetic oxytocin during labor and social factors such as the language(s) spoken
by the birthing person. On the other hand, we will also see how the type of delivery might affect
the perception of the experience as negative or positive. Additionally, this study intends to show the
possibility of training machine learning (ML) models to predict CS rates based on various factors
leading up to the birth. Depending on different stakeholders, different strategies are needed. This
warrants training different models to investigate their pros and cons.

1.1. Luxembourg: A Small Multilingual and Multicultural Country

Before we move on to the technical aspects of our work, we would like to briefly review the
demographics of Luxembourg, to help the reader understand why its situation is so particular.

The Grand Duchy of Luxembourg is a small country in Europe whose territory covers a total
area of 2,586km?. At the beginning of 2024, it had 672, 050 inhabitants. However, of this population,
almost half (47.3%) of the people are foreigners (not having a Luxembourgish nationality), and this
rate increases to almost 70% in the city of Luxembourg, its capital, with 170 different nationalities
recorded throughout the country. In addition, 233, 300 non-resident cross-border workers commute to
Luxembourg, among which 119, 900 are come from France, 54, 500 come from Germany, and 52,400
come from Belgium [12]. Many of these cross-border workers will go on to give birth in Luxembourg.

https:/ /sante.public.lu/fr/publications/s/surveillance-sante-perinatale-2017-2019.html
2 https:/ /www.who.int/publications/i/item/WHO-RHR-15.02#
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The country has three official languages: French, German, and Luxembourgish [13]. Amongst
Luxembourg’s inhabitants, 48.9% speak Luxembourgish, 14.9% speak French, and 2.9% speak German
[13]. In addition to the three official languages, 15.4% of the population speaks Portuguese, and 10.8%
speak some other language [13]. In contrast to other plurilingual countries, in Luxembourg the three
languages are spoken in all the country, and it is not uncommon to have social interactions in two or
three languages in one place (including English). This makes for a very particular environment, and
when one thinks of the medical attention that women receive when they give birth, this might mean that
they do not share a common language with their providers, particularly nurses and midwives working
in the hospital. Even if they do have one language in common in which they could communicate, it is
not uncommon that conversations between providers occur in a different language, which the birthing
person might not speak, leaving them out of the loop when it comes to discussing their situation.
The situation is also enhanced by the fact that many of the hospital staff are themselves cross-border
workers (who might, for example, speak either French or German depending on which country they
come from).

1.2. Machine Learning Techniques Applied to Pregnancy and Childbirth

Several studies have been conducted in recent years, to use ML to predict the type of delivery, i.e.
vaginal or cesarean section. A personalized prediction tool was developed [14] using ML to predict the
delivery type based on the first delivery that was performed using a cesarean section. Although, this
study only focuses on subsequent deliveries only after the first delivery that resulted from CS, hence
has a limited application. A study was done to look at several factors of women pre-pregnancy, during
pregnancy, medical factors, and social factors such as poverty, education, socio-economic status etc. to
predict CS in women [15]. This study was done on women giving birth in 15 hospitals in Sargodha,
Pakistan, that established a relationship between the different factors, that results in high chances of
cesarean deliveries. A relevant work conducted on women giving birth in Canada [16], considered
several factors to predict type of birth, including social factors such as education, household income,
poverty. However, most of these studies take only medical factors into account. Additionally, there are
few instances of such a multilingual context.

A review study [17] conducted in 2022 studies the different algorithms used in predicting delivery
types (cesarean/vaginal). It shows that the most used ML algorithms are decision tree, logistic
regression, support vector machine, and random forest. Additionally, the same study shows that
ensemble models such as AdaBoost, and gradient boosting algorithms are the second preferred choice.
Additionally, the study also shows usage of generalized linear modeling, naive Bayes, and univariate
analysis are popular as well [17]. Additionally, a study was conducted in Bangladesh [18], where four
different models were explored to predict CS rates in women based medical factors. Hence, in the
current work, we consider four different models to explore different possibilities. Another systemic
review [19] conducted in 2022, shows that, quote, features used to predict perinatal complications were
primarily electronic medical records (48%), medical images (29%), and biological markers (19%), while
4% were based on other types of features, such as sensors and fetal heart rate, end quote. This study
clear shows a gap where social or demographic factors are included in such studies. Additionally, the
study also shows that 3.2% of the articles considered in the systemic review, were of exploratory type.
This is very important to highlight, because of the unique multilingual and demographic context of
Luxembourg, an exploratory study is needed to narrow down the scope of future studies.

The current work intends to explore the influence of several factors, such as language spoken,
medical history, medical interventions and other demographic factors on cesarean deliveries. This is
done via statistical analysis, where we employ generalized linear modeling to study the direction and
scale of the factors, and ANOVA to study the variances amongst the several factors. Additionally, we
train 4 different models, namely, logistic regression, AdaBoost, CatBoost, and XgBoost. These models
are trained on the originl data with class imbalance, as well as augmented data with perfect class
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balance. The current study intends to explore the unique circumstances in Luxembourg and point
out disparities due to these different factors. Additionally, the current study shows the viability of
training ML models and their possible usage in decision-making processes. This article points out
several gaps in the knowledge, specifically relating to nonmedical factors, and makes a case for further
study. This is because Luxembourg offers a unique multilingual, multicultural and international
environment to study births. Such information can be very useful, not only for the healthcare system
and women in Luxembourg, but all over the world. Due to globalization, more and more places are
becoming multilingual and multicultural, and the current study is also perfectly suited for women in
such environments.

2. Materials and Methods

The current work has three contributions, namely: the data collection of women giving birth in
Luxembourg through an online survey, the statistical analysis of the collected data to explore several
relationships, and, finally, the machine learning part trained on the collected data to predict the type of
birth.

2.1. Data Collection
2.1.1. The Online Survey

The data was collected through an online survey that consisted of 16 questions: 15 of the questions
were mandatory multiple-choice questions, and the last one was an optional text box where participants
could leave a comment if they wanted to. The survey was designed to be completely anonymous:
email IDs were not collected, and age (when the birth occurred) was the only personal information
asked. The survey was targeted to women that had given birth in one of Luxembourg’s four maternity
hospitals, and the questions asked different details about the labor and birth. The survey was GDPR-
compliant and participants were informed that no personal data was going to be collected. The survey
was distributed in 2022, and 504 responses were collected between March and September of that year.

2.1.2. The Participants

Participants were reached through social media. Women were never contacted individually: the
survey was posted on different social media, and women who saw the posts could decide whether
they wanted to participate in the study by filling out the form. Given the multilingual quality of
Luxembourg, the survey was designed in English and posted on English-speaking Facebook and
WhatsApp groups. It was also shared around by participants that decided to do so on their own accord.
The only criteria asked before filling out the survey was that the birth that it referred to had to have
taken place in Luxembourg. Other than that, there were no selection of participants.

The fact that the survey circulated more on international environments might mean that the data
collected does not necessarily reflect the Luxembourgish society as a whole, but very significant in
Luxembourg nonetheless (see section 1.1). The current work points out disparities through statistical
analysis, and shows a proof of concept for predicting CS rates using ML models. Thus, the study
suggests collecting more data, where a women from different background and environments are
reached, by making the survey available in different languages and through different platforms.

2.1.3. The Questions

The questions were of three different kind. The first questions asked details about the birthing
person: the age at the moment of the birth, the hospital the woman gave birth in, and the moment of
the birth. The specific date of the birth was not asked, participants only needed to indicate if the birth
had occurred in the previous 2 years, 2-5 years, 5-10 years or over 10 years prior. The reason for this
was not to be able to pinpoint an individual with their age plus the date they gave birth on. Then, they
were asked which language(s) they could speak. They could choose several options between French,
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German, Luxembourgish, English, Portuguese, Spanish, and Others. We chose the specific languages
based on the ones most spoken on the groups that the survey was shared on, in a way that was not too
specific so that it could led to sabotage the anonymity of the participant.

Then, participants were asked if the birth they were referring to was their first birth, and whether
it had been a vaginal delivery or a CS. Then, they were asked whether they have had at least one prior
CS, and whether they had any medical condition during pregnancy (they just could reply Yes or No,
no details on the medical conditions were asked).

The next five questions asked the participants about the interventions they received during their
births, the use of an epidural, the freedom of movement and the "golden hour". The two last questions,
that they could answer with Yes or No, asked whether they felt happy about their experience, and if
they felt respected through the process. Finally, participants had the possibility of leaving a written
comment if they wanted to. Almost half of them decided to do so (206 out of 504).

2.1.4. The Data

In the previous sections, we discussed how the data was collected and who were the participants.
In the current section, we describe the collected data further, additionally we discuss how the data was
cleaned and processed for further study.

The collected data consisted of the responses from the women in string format. As the survey
was conducted in different languages, the responses from these surveys were collated into a single
comma separated value (CSV) file. The raw data was not suitable for statistical analysis or machine
learning purposes, hence the raw data was processed using R. The responses with options of "yes"
and "no" were set to 1 if response was "yes", 0 if response was "no". These include vaginal birth, first
birth, health condition, induced labor, epidural, golden hour, feelings respected, feeling happy. The
languages spoken were given in a string, for example "German, Luxembourgish, French", "English,
Spanish" etc. Based on the demographic distribution [13], Luxembourgish, French, German, English,
Portuguese, and Spanish were identified to be most spoken. Hence, columns for these languages were
added, along with an additional column for other languages.

If the response consisted of the string for the particular language, it was set to 1 (the language is
spoken by the surveyed), or else it was set to 0 (the language is not spoken by the surveyed). Similarly,
interventions had six options, namely, artificial rupture of water, oxytocin administration, episiotomy;,
use of instruments, kristeller (doctor or midwife pressing down the belly of the patient), and other.
Each intervention was given a column, and it was set to 1 if the intervention was administered, or
0 if not administered. An additional column for no interventions was added, it was set to 1 if no
interventions administered, else 0. The previous CS were set to 0 if all the previous births were vaginal,
else it was set to 1 for at least one CS in previous births. The age was rounded off to the closest integer.
The hospital was in string format, that was converted into factors. Additionally, the data was cleaned
off of any responses with invalid or wrong responses based on the survey questions. Furthermore, any
entries with missing data were removed. Finally, a copy of processed data was exported as a CSV file
for future use.

2.2. Statistical Analysis

While machine learning (ML) models can effectively identify patterns and make predictions, they
often function as "black boxes" that provide limited interpretability regarding underlying relationships
among variables. Statistical analysis, in contrast, offers insight into these relationships, allowing us
to understand how specific factors independently and collectively influence the likelihood of a CS.
By combining statistical analysis with ML, we aim to both predict CS outcomes and examine the
social and linguistic factors driving these predictions, providing a balanced approach that enhances
interpretability. Additionally, statistical techniques enable us to validate the results derived from ML
by examining consistency across different analytical approaches.
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Before diving into advanced statistical methods, we conducted Exploratory Data Analysis (EDA)
to gain an initial understanding of the dataset’s structure and characteristics. EDA helps identify
underlying patterns, detect potential outliers, and assess the distribution of variables, ensuring that our
data is suitable for subsequent analysis. We visualized the data to compare distributions of variables
across different groups, such as language spoken, type of birth, and subjective experiences of respect
and happiness. This step is critical, as it allows us to make informed decisions about which statistical
models to apply and whether any transformations are needed to meet model assumptions.

To explore the relationships between key variables in the dataset, we performed an exploratory
data analysis using a correlation plot, which visually represents the strength and direction of pairwise
correlations among selected numerical and binary variables. We calculated the Pearson correlation
coefficients. Additionally, we assessed the statistical significance of these correlations using p-values
calculated with the rcorr function from the Hmisc package [20].

To quantify the relationship between linguistic, social, and medical factors and key outcomes
during childbirth, we employed Generalized Linear Modeling (GLM). This process was executed in R
using the glm function in the stats package [21]. GLMs are versatile tools that extend traditional linear
models to allow for response variables with non-normal error distributions, making them suitable for
binary, count, and categorical outcomes [22]. We applied GLMs to model the likelihood of undergoing a
CS (a binary outcome) as well as the factors influencing subjective experiences of respect and happiness
during birth. For the CS model, we used a binomial error distribution, incorporating independent
variables such as language spoken, feelings of happiness, respect, and medical interventions. In
separate GLM models for respect and happiness, these variables were treated as dependent outcomes,
and we examined which social, linguistic, and medical factors were associated with higher or lower
reported levels of each. By fitting these models, we were able to assess the statistical significance
and strength of each predictor while controlling for potential confounders, thus identifying the most
influential factors not only on CS outcomes but also on the subjective experiences of respect and
happiness. This multi-faceted analysis provides deeper insights into both the medical and social
dynamics at play during childbirth.

To further explore the associations between categorical predictors and continuous or ordinal
outcomes, such as respect and happiness ratings, we used Analysis of Variance (ANOVA) and Multi-
variate Analysis of Variance (MANOVA). ANOVA was applied when examining individual outcomes,
while MANOVA allowed us to assess multiple outcomes simultaneously, capturing the broader effects
of independent variables. These methods are particularly valuable when exploring differences across
language groups and birth types. By using ANOVA/MANOVA, we could rigorously assess whether
factors like language spoken or type of intervention significantly affected the outcome variables. This
analysis complements GLM by highlighting patterns across groups and pinpointing variations in
experiences among different language communities.

In our analysis, we employed ANOVA and MANOVA to rigorously examine the impact of
linguistic, social, and medical factors on outcomes like CS occurrence, respect, and happiness ratings.
ANOVA was conducted separately for each dependent variable: CS, happiness, and respect, using
each of these as a response variable in relation to independent variables such as languages spoken
and medical interventions. In R, the aov() function from the stats package was used to fit these
models [21]. This approach allowed us to determine whether these predictors influenced each outcome
individually, assessing statistical significance based on F-tests at a pre-specified significance level
(typically 0.05) [23,24].

For MANOVA, we considered the multivariate response of interventions jointly to account
for the potential correlation between these medical practices based on the language spoken. By
using MANOVA, we captured broader, simultaneous effects of predictors across multiple dependent
variables, providing a more nuanced understanding of how different experiences during birth might
vary across language groups and intervention types [25]. In R, the manova () function was used to
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fit these models [21]. This dual application of ANOVA and MANOVA strengthened our insights by
combining univariate and multivariate perspectives, illuminating both individual and collective trends
within our dataset.

2.3. Machine Learning Models

In the machine learning component of this study, our primary aim was to predict the likelihood
of a CS, utilizing data on languages spoken, health conditions and history, and specific medical
interventions. While the statistical analysis explored numerous relationships, the machine learning
analysis focused specifically on CS due to the dual nature of these procedures: while often essential
and life-saving, overuse of CS can carry health risks for both mothers and infants (see above). Thus,
accurately predicting the likelihood of CS based on social, linguistic, and medical factors may offer
insights into potential biases or systemic trends affecting birthing practices. To ensure a robust
analysis, we selected four machine learning models: Logistic Regression, AdaBoost, CatBoost, and
XGBoost. Each model offers unique algorithmic strengths, allowing for comprehensive assessment
and comparison.

Logistic Regression is a foundational and interpretable model, logistic regression is commonly
used for binary classification, as it predicts the probability of an event occurring (in our case, Cesarean
vs. vaginal delivery) based on input variables [26]. By using the logit link function, logistic regression
models the relationship between the predictor variables and the log-odds of the outcome, making it
particularly suitable for interpreting the influence of each predictor on the likelihood of a CS. This
model establishes a baseline for accuracy and interpretability, as it is straightforward to understand
and widely accepted in binary outcome prediction contexts.

Adaptive Boosting (AdaBoost) is an ensemble method that creates a strong classifier by combining
multiple weak learners (in this case, decision stumps). AdaBoost iteratively trains weak learners by
focusing more on misclassified instances from previous rounds, improving the model’s accuracy by
minimizing errors iteratively [27]. This approach is particularly effective for managing class imbalance,
as it adjusts the weights of samples dynamically, making it a strong choice in handling complex
patterns within our dataset .

CatBoost is a gradient-boosting algorithm specifically optimized for handling categorical features
directly without requiring extensive preprocessing [28]. Given our dataset’s numerous categorical
features (e.g., language variables), CatBoost is particularly advantageous, as it minimizes prediction
shifts, reduces overfitting, and operates efficiently with default hyperparameters. This model can effec-
tively capture non-linear relationships between the predictors and the likelihood of a CS, enhancing
the prediction accuracy for diverse, categorical data.

Gradient Boosting (XGBoost) is another powerful ensemble learning method that optimizes
gradient boosting through regularization techniques to avoid overfitting [29]. XGBoost excels in
complex, high-dimensional datasets by leveraging advanced optimization techniques. Its feature
importance output also allows us to identify which variables most significantly contribute to the
likelihood of a CS, making it suitable for applications in health-related data with intricate variable
interactions.

By applying a variety of ML models, we can explore different strengths and approaches to
predicting CS, thereby increasing confidence in our findings. Additionally, comparing the performance
of these models provides a comprehensive perspective on which algorithms best capture the relevant
relationships within the data.

To train each model, we implemented a 10-fold cross-validation procedure. This method divides
the data into 10 subsets, using nine for training and one for validation, iterating across all subsets.
This approach enhances the model’s robustness by minimizing variance, as each data point is used for
validation exactly once, providing a reliable estimate of model performance on unseen data. Cross-
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validation ensures that our models generalize well, and it is widely considered the gold standard for
model evaluation in machine learning [30].

Our dataset exhibited an imbalance in the CS (minority) versus vaginal birth (majority) classes. To
address this, we applied Synthetic Minority Over-sampling Technique (SMOTE) to create a balanced
dataset [31]. SMOTE works by generating synthetic samples for the minority class, rather than
duplicating instances, which helps to reduce overfitting. It identifies the nearest neighbors of a
minority class instance and generates new instances along the line segments joining them. This method
helps mitigate class imbalance, thereby improving model performance and predictive accuracy for
CS . We retrained each model on the SMOTE-augmented data to assess the effect of balanced data on
predictive power.

This comparative approach allows us to analyze whether the augmentation improves performance

across different model types and assess which model performs best in accurately predicting CS
likelihood.

3. Results of Statistical Analysis
3.1. Exploratory Data Analysis

The correlation analysis provides an initial understanding of the relationships between various
linguistic, medical, and social factors influencing childbirth outcomes. As seen in the correlation matrix
in Figure 1, a strong positive correlation (r = 0.64) exists between feelings of respect and happiness,
suggesting that these emotional responses during childbirth may be closely linked. This relationship
indicates that women who feel respected during childbirth are also more likely to report higher levels
of happiness.

Furthermore, notable correlations are observed between certain medical interventions and the
likelihood of undergoing a CS. For example, the use of oxytocin shows a significant positive correlation
with CS rates (r = 0.31), indicating that oxytocin administration is more prevalent in deliveries that end
in a CS. Similarly, the Kristeller maneuver, which involves applying pressure on the abdomen during
labor, correlates positively with CS incidence (r = 0.16), albeit at a lower level. These findings underscore
the importance of including specific interventions as predictors when modeling CS outcomes through
GLM, as they may provide insights into how particular medical practices influence childbirth outcomes.
In this specific case, these results might highlight the fact that most healthcare practitioners will use
the Kristeller manouver (which is controversial and even forbidden in some countries) as a last resort
to try and prevent the birth ending in a CS.

Linguistic factors also display meaningful relationships with childbirth interventions. For instance,
the "language luxembourguish" variable exhibits a moderate positive correlation with oxytocin usage
(r = 0.23) and Kristeller maneuver (r = 0.16). This suggests that women speaking Luxembourgish might
experience certain interventions at different rates, which could have implications for understanding
disparities in childbirth experiences across language groups. These observations provide a rationale for
conducting ANOVA and MANOVA analyses, particularly with language and medical interventions as
independent variables, to investigate whether language influences intervention rates or affects feelings
of respect and happiness during childbirth.

In light of these correlations, we proceed with generalized linear models (GLMs) to model CS
using social, linguistic, and medical variables, aiming to identify key predictors of this outcome. These
analyses build on the correlation findings, allowing us to rigorously test the significance and strength
of these relationships across different dimensions.
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Figure 1. Correlation plot showing Pearson correlation coefficients with statistical significance .

3.2. Generalized Linear Modeling to Assess Factors Influencing CS

In this section, we present the results of a generalized linear model (GLM) applied to predict the
likelihood of a CS. The model includes language, hospital, and various medical and demographic
factors as predictors, as presented in Table 1 and 2. By examining the significance and magnitude
of the coefficients, we aim to identify which factors are most strongly associated with CS outcomes,
providing insights into potential influences from language, prior medical conditions, and childbirth
interventions.

The first model, presented in Table 1, investigates the relationship between social and demographic
factors and the likelihood of a CS. Among language variables, speaking Spanish is associated with a
higher likelihood of CS, (8 = 0.63515, p= 0.024). This suggests that Spanish-speaking women may face
different childbirth experiences, potentially influenced by social or cultural factors, or medical factors
linked to language barriers. In contrast, other language variables do not show statistically significant
associations, implying minimal or no influence on CS rates for these groups. Other languages (e.g.,
French, German, and Portuguese) are not significantly associated with CS, indicating these groups
may not experience similar disparities in this dataset.

For hospital-related predictors, presented in Table 1, none of the hospitals exhibit significant
effects, suggesting that hospital choice alone is not a strong determinant of CS rates when adjusting for
social factors. Previous CS shows the highest impact (8 = 2.37856, p< 0.001), reflecting the common
practice of repeat CS among women with a history of CS deliveries. However, vaginal births after
Cesareans (VBACs) are still shown to be supported by providers, with a success rate of 48.71%.
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Table 1. Generalized Linear Model (GLM) results for socio-demographic factors influencing CS likelihood.

Variable Estimate (f) Std. Error z value p-value
Intercept -4.84461 1.36127 -3.559 0.000372***
French Language -0.13074 0.23412 -0.558 0.576554
German Language -0.51194 0.34197 -1.497 0.134390
Luxembourgish Language -0.13904 0.37880 -0.367 0.713581
English Language -0.26513 0.33405 -0.794 0.427372
Portuguese Language -0.29681 0.43557 -0.681 0.495611
Spanish Language 0.63515 0.28124 2.258 0.023922 *
Other Languages 0.35197 0.24156 1.457 0.145098
Hospital:A 0.37351 1.15057 0.325 0.745463
Hospital:B 0.36358 0.83006 0.438 0.661375
Hospital:C 0.77114 0.83402 0.925 0.355168
First Birth 1.68557 0.36596 4.606 4.11e-06***
Previous CS 2.37856 0.48083 4.947 7.55e-07***
Age 0.05232 0.02803 1.867 0.061945.
Epidural 0.36932 0.26810 1.378 0.168346

Signif. codes: ***p < 0.001, “*p < 0.01, *p < 0.05, p < 0.1

The second model, presented in Table 2, focuses on medical interventions and physiological
conditions. Here, several predictors show highly significant effects. First birth (8 = 1.906, p< 0.001)
and previous CS (B = 2.632, p< 0.001) remain significant, reaffirming their critical roles in determining
CS outcomes. Medical factors such as being induced (8 = 1.006, p= 0.003), the use of epidural
analgesia (8 = 1.002, p= 0.001), and having prior health conditions (8 = 1.088, p< 0.001) are
positively associated with the likelihood of having a CS.

On the other hand, certain intervention categories have negative coefficients. For example,
the artificial rupture of membranes (Intervention Rupture, § = —1.080, p= 0.004) and the use of
instruments such as vacuum or forceps for the delivery (Intervention Instruments, § = —1.885,
p< 0.001) decrease the likelihood of CS. This may suggest that these interventions are more common
in successful vaginal deliveries, potentially reflecting different obstetric strategies. Similarly, having an
episiotomy (Intervention Episiotomy, f = —3.348, p= 0.002) significantly lowers the probability of CS,
possibly due to its role in facilitating vaginal delivery. The predictor Interventions Other (5 = 2.149,
p< 0.001) demonstrates a strong positive effect, warranting further exploration of what constitutes
these "other" interventions and their implications for surgical delivery.

The residual deviance and Akaike information criterion (AIC) scores suggest that the second
model (focused on medical factors) provides a better fit to the data compared to the social-demographic
model. The socio-demographic model (AIC = 539.66) has higher residual deviance than the medical
model (AIC = 427.41), indicating that medical factors provide a better explanatory framework for
Cesarean outcomes. However, the social model highlights disparities that may not be visible in purely
clinical contexts, such as the unique association between Spanish speakers and higher Cesarean rates.
This suggests a need for deeper investigations into how language and culture influence medical
interactions and decision-making.

These results have critical implications for healthcare policies and clinical practices. The significant
association between language and CS rates in the first model underscores the importance of addressing
linguistic and cultural barriers in healthcare. Spanish-speaking women may face unique challenges or
biases that warrant targeted interventions to ensure equitable treatment. Moreover, the dominance of
medical factors in predicting CS likelihood emphasizes the need for clear, evidence-based protocols
to minimize unnecessary surgical deliveries. The marginal association of age and epidural use calls
for nuanced clinical guidelines to ensure interventions are tailored to individual risk profiles without
over-reliance on surgical delivery.
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Table 2. Generalized Linear Model (GLM) results for medical factors influencing CS likelihood.
Variable Estimate (f) Std. Error z value p-value
Intercept -4.77586 1.07034 -4.462 8.12e-06***
Hospital: A -0.19072 1.35345 -0.141 0.887939
Hospital:B 1.15544 0.96434 1.198 0.230853
Hospital:C 1.41723 0.97417 1.455 0.145722
Induction 1.00649 0.33367 3.016 0.002558**
Health Conditions 1.08823 0.30988 3.512 0.000445***
First Birth 1.90581 0.39363 4.842 1.29e-06***
Previous CS 2.63249 0.54143 4.862 1.16e-06***
Intervention Rupture -1.08032 0.37620 -2.872 0.004083**
Intervention Oxytocin -0.06261 0.41580 -0.151 0.880317
Intervention Episiotomy -3.34846 1.07848 -3.105 0.001904**
Intervention Instruments -1.88462 0.48608 -3.877 0.000106***
Intervention Kristeller -1.48435 0.66986 -2.216 0.026698*
No Intervention 0.38150 0.47685 0.800 0.423693
Other Intervention 2.14909 0.51041 4.210 2.55e-05***
Epidural 1.00208 0.30965 3.236 0.001212**

Signif. codes: ***p < 0.001, **p < 0.01, *p < 0.05, p < 0.1

Overall, these models highlight the significant influence of specific medical and demographic
factors, alongside the potential impact of language, particularly for Spanish speakers. These findings
set the foundation for further investigation through ANOVA and MANOVA, which will explore how
different interventions, social, and emotional factors may vary across language and medical groups.

3.3. Insights into the Happiness and Respect Experienced by Women Through GLM

The first model, presented in Table A1, examines factors influencing women'’s reported happiness
during childbirth. The predictors include language, hospital, induction, health conditions, first birth,
and vaginal birth. The results indicate that women who delivered vaginally reported significantly
higher happiness scores ( = 1.34, p< 0.001), highlighting the positive emotional impact of vaginal
births. Induction of labor was associated with a significant reduction in happiness ($=-0.63, p=0.032),
suggesting that inductions might introduce stress or dissatisfaction for women. Additionally, women
speaking French had significantly lower happiness levels compared to the reference language group
(B=-0.76, p=0.019). Other predictors, including hospital type, health conditions, and other languages,
were not significant. Interestingly, the high standard errors and extreme coefficients for some hospitals
suggest potential data sparsity for certain hospital categories, which should be addressed in further
analysis.

Another GLM model was run where the influence of the medical factors were considered on the
feeling of happiness. The results for the same are presented in Table A2. The analysis highlights several
medical factors significantly influencing the happiness experienced by women during childbirth.
Notably, interventions such as the use of oxytocin, instruments, and other unspecified interventions
negatively impacted happiness. Among these, "other interventions" showed the strongest negative
association (p<0.001), suggesting that less conventional or unexpected interventions may lead to a
diminished sense of well-being. Additionally, epidural use also exhibited a modest but significant
negative effect (p<0.05), potentially reflecting unmet expectations or a dissatisfaction with the reduced
mobility or other side effects of the anesthesia. On the other hand, hospital choice and induction
showed no significant impact on happiness, indicating that in different contexts, the statistical signifi-
cance of induction changes. This is to be expected, as induction is not a severe medical procedure as
compared to the other interventions and procedure, however, in the socio-demographic context, it has
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statistical significance. These findings underscore the importance of considering women’s preferences
and the psychological effects of medical procedures when designing care protocols.

The model, presented in Table A3, assesses the factors influencing feelings of respect during
childbirth based on socio-demographic factors. Vaginal birth was again a significant positive predictor
(8=0.63, p=0.018), emphasizing its impact on women’s emotional wellbeing. Spanish-speaking women
tended to report lower levels of respect, with the effect approaching significance (8 = —0.57, p=
0.062), raising concerns about cultural or communication barriers impacting perceived respect. Other
predictors, such as hospital choice, induction, and health conditions, were not significant. The model’s
residual deviance (439.07 on 486 degrees of freedom) and AIC (471.07) indicate a better fit compared
to the happiness model, suggesting that the factors included in this model may better explain the
variance in feelings of respect.

A modified model, presented in Table A4, assesses the factors influencing feelings of respect
during childbirth based on socio-demographic factors. The results highlight the significant influence
of certain medical interventions on respect scores. Specifically, the use of oxytocin during labor
shows a strong negative association with respect (8 = —1.121,p= 0.002). Episiotomies and Kristeller
maneuvers also negatively impact the feeling of being respected, with statistically significant effects
(p=0.046 and p=0.011, respectively). Other medical interventions, including "other" interventions
(B = —1.858,p< 0.001), also demonstrate a pronounced negative association with perceived respect.
While factors like induction or epidural usage do not show significant effects, the consistent negative
associations for multiple interventions suggest that medical procedures during childbirth may impact
the subjective experience of the laboring person of feeling respected. These findings emphasize the
need for careful consideration of interventions during labor and a review of the way the need for such
intervention is presented to the woman. An improvement in the communication between medical
practitioners and their patients might be key to promote respectful and positive birthing experiences.

The models highlight vaginal birth as a consistent positive influence on women'’s childbirth
experiences, affecting both happiness and respect. Conversely, being induced and language barriers
(e.g., French for happiness and Spanish for respect) seem to negatively influence these outcomes. These
findings highlight the importance of fostering culturally sensitive communication and prioritizing
vaginal births when safe and possible.

3.4. ANOVA

ANOVA (Analysis of Variance) is used to test the significance of the differences between group
means for categorical predictors or the effects of numerical predictors on the dependent variable. While
generalized linear models (GLMs) provide insights into the magnitude and direction of relationships
(via coefficients), ANOVA focuses on testing whether variability in the dependent variable (e.g.,
CS rates) can be attributed to specific predictors. ANOVA complements GLMs by helping identify
which factors significantly influence variability in the outcome, thus deepening our understanding of
underlying phenomena such as linguistic, medical, and demographic effects on childbirth outcomes.
The ANOVA results for investigating the influence of socio-demographic and medical factors on CS
are presented in Table A5 and A6 respectively.

In the socio-demographic model, Table A5, significant factors include language (German and
Spanish), health conditions, first birth, and previous CS history. Among these, Spanish-speaking
women had a particularly high F-value (F=7.644, p=0.0059), suggesting a strong association between
language and the likelihood of a CS. Similarly, health conditions (F=12.89,p=0.0004) and previous CS
history (F=28.42, p<0.0001) show robust effects, indicating their critical role in determining delivery
mode. Several predictors approach statistical significance, such as women speaking other languages
(p=0.085) and induction (p=0.095), suggesting potential trends that might warrant further investigation.
However, predictors such as epidural and English-speaking women show no significant impact on CS
variability, aligning with findings in the GLM model. The results also highlight that age, while nearing
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significance (p=0.084), and hospital, which shows some variability (p=0.088), contribute to differences
but not at a statistically significant level. These results suggest potential trends that might warrant
further investigation.

The medical model, Table A6, identifies hospital, induction, health conditions, previous CS
history, and a range of delivery interventions (e.g., artificial rupture of the membranes, episiotomy,
use of artificial oxytocin, and Kristeller maneuvers) as significant contributors. Interventions such as
episiotomy (F=28.63, p<0.0001), instrumental delivery (F=27.82,p<0.0001), and other interventions
(F=24.80, p<0.0001) are particularly notable. These results underscore the procedural and clinical
aspects of CS likelihood.

In the GLM for CS, the B coefficients provided detailed directional effects and their strengths,
revealing similar predictors as significant (e.g., Spanish-speaking women, previous CS, and health
conditions). However, ANOVA differs by emphasizing the total variance explained by each predictor
rather than focusing on the direction of the effect. For example, Spanish-speaking women shows high
significance in both models, but ANOVA allows us to quantify its contribution to variance. Combining
insights from both approaches, we see that socio-demographic factors like language and medical
interventions both independently and interactively contribute to CS rates. These findings suggest
potential avenues for targeted interventions, particularly in multilingual contexts like Luxembourg,
where communication barriers and socio-cultural factors might influence medical decision-making.

3.5. MANOVA

We performed a Multivariate Analysis of Variance (MANOVA) to examine the relationship
between the language spoken by participants and the likelihood of various medical interventions
during childbirth., presented in Table 3. The interventions analyzed included artificial rupture of
waters, oxytocin administration, episiotomy, use of instruments, Kristeller maneuver, no intervention,
and other interventions. Pillai’s trace was used as the test statistic, and p-values were assessed to
determine the significance of each language group.

The results showed that the language spoken by participants had varying degrees of association
with intervention patterns. Specifically, Spanish-speaking women exhibited a significant multivariate
effect on medical interventions (Pillai = 0.0371, F(7, 488) = 2.686, p = 0.0097), indicating that this group
experienced a distinct pattern of interventions compared to others. Portuguese-speaking women
demonstrated a marginal effect (Pillai = 0.0249, F(7, 488) = 1.778, p = 0.0895), suggesting a weak trend
worth further exploration. However, no significant effects were observed for women speaking French,
German, Luxembourgish, English, or other languages (p > 0.1).

Table 3. MANOVA results for the influence of language on medical interventions.

Variable Df P"Il’:'iacles Approx F num Df p-value
French Language 1 0.0093 0.6527 7 0.7122
German Language 1 0.0210 1.4948 7 0.1667
Luxembourgish Language 1 0.0099 0.6947 7 0.6766
English Language 1 0.0174 1.2339 7 0.2823
Portuguese Language 1 0.0249 1.7784 7 0.0895.
Spanish Language 1 0.0371 2.6860 7 0.0097**
Other Language 1 0.0153 1.0868 7 0.3704
Residuals 494

Signif. codes: ***p < 0.001, **p < 0.01, *p < 0.05,.p < 0.1
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4. Results of Machine Learning Models to Predict CS

The following section presents the results of various machine learning models applied to the
dataset to predict CS outcomes based on social and procedural factors. Specifically, the metrics of
logistic regression, AdaBoost, CatBoost, and XGBoost models are analyzed to evaluate their effective-
ness. For each model, key performance metrics, including accuracy, precision, recall, and F1 score, are
reported across 10-fold cross-validation for both training and test datasets. This analysis highlights the
strengths and limitations of each model in identifying patterns within the data.

4.1. Cross-Validations Results for Models Trained on Non-Augmented Data

The metrics for the logistic regression model are presented in the Table A7. The Logistic Regression
model demonstrates consistent training accuracy across the folds, with a mean of 82.9%. However,
it struggles with recall, particularly on the test set, where it averages only 44.7%, leading to a lower
F1 score of 53.0%. While the training precision is reasonably high (76.2%), the test precision of 70.7%
indicates a moderate decline in performance when applied to unseen data. The imbalance between
precision and recall suggests the model favors predicting the majority class over accurately identifying
minority cases.

The metrics for the AdaBoost model are presented in the Table A8. The AdaBoost model exhibits
slightly better test metrics than Logistic Regression. It achieves an average test accuracy of 79.9% and
a higher F1 score of 57.2%. However, recall on the test set remains low at 51.5%, indicating difficulty
in identifying positive cases. The model’s strength lies in its precision (66.0%), reflecting fewer false
positives in its predictions. The higher complexity of AdaBoost compared to Logistic Regression may
explain its superior performance, yet the overall recall still hinders its reliability in identifying minority
instances.

The metrics for the CatBoost model are presented in the Table A9. The CatBoost model showcases
the best precision among the models, with a mean test precision of 77.8%. However, this comes at the
expense of recall, which is notably the lowest at 35.6%. This imbalance results in a mean test F1 score of
47.9%. The higher training accuracy (84.5%) suggests good model fitting, but the drop in recall and F1
score for the test data highlights potential overfitting or sensitivity to the class imbalance in the data.

The metrics for the XGBoost model are presented in the Table 7. The XGBoost model demonstrates
a balanced trade-off between training and test performance, with a mean test F1 score of 48.8%, slightly
better than CatBoost. It has comparable test recall (38.7%) and test precision (70.6%) to CatBoost but
shows less overfitting, evidenced by a narrower gap between training and test metrics. XGBoost’s
robust handling of class imbalance may explain its relatively consistent performance across metrics.

When comparing the models, XGBoost and AdaBoost show slightly better overall test performance
than Logistic Regression and CatBoost, particularly in terms of recall and F1 score. XGBoost edges
out CatBoost due to its balanced approach between precision and recall, while CatBoost emphasizes
precision at the cost of low recall. Logistic Regression lags in performance, especially in test recall,
highlighting its limitations in capturing complex relationships. AdaBoost offers a reasonable trade-off
but still struggles with low recall.

In terms of strengths, CatBoost’s high precision is valuable for applications where minimizing
false positives is critical. On the other hand, XGBoost and AdaBoost, with their slightly better recall,
are more suitable for cases where identifying minority instances (e.g., positive CS cases) is important.
Logistic Regression’s simplicity and interpretability are its strengths, although its performance is
suboptimal compared to ensemble methods.

The primary shortfall across all models is the low recall and F1 score, especially on the test data.
This reflects their difficulty in identifying the minority class (CS cases). This issue likely arises from
the inherent class imbalance in the dataset, where vaginal deliveries dominate, leading the models to
favor the majority class. Additionally, the social factors included in the dataset may not have strong
predictive power individually, limiting the models” ability to achieve higher performance.
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The results indicate that the models are better at predicting the majority class (vaginal delivery)
but struggle to reliably identify CS cases. In a real-world healthcare context, this suggests that relying
solely on these models could lead to missed predictions of CS, potentially impacting planning and
resource allocation in hospitals. The high precision of some models, such as CatBoost, may reduce
unnecessary interventions or misclassification of vaginal deliveries as CS, but the low recall raises
concerns about under-identifying patients requiring CS.

4.2. Cross-Validations Results for Models Trained on Augmented Data

The findings presented in the previous section underscore the importance of addressing class
imbalance. Hence, we use SMOTE [31] to augment the data. The original dataset has 370 vaginal births
and 132 CS. After the augmentation, we have 370 vaginal births and CS. This augmentation ensured
an equal representation of CS and vaginal delivery cases, potentially improving recall and F1 scores by
mitigating class imbalance.

The metrics for the Logistic Regression model trained on augmented data are summarized in
Table 4. After augmentation, the model exhibits an improved balance between precision and recall. The
mean test recall increased significantly to 80.6%, compared to 44.7% in the non-augmented scenario.
Consequently, the mean test F1 score also improved to 79.8%, highlighting the model’s enhanced ability
to identify CS cases effectively. Additionally, the precision increased from 70.7% to 79.3% on the test
data, indicating a decrease in false positives. Overall, the augmentation allows the Logistic Regression
model to become more reliable in identifying minority cases while maintaining a competitive accuracy
of 79.6% on test data. As shown in Table 5, the AdaBoost model also benefits from data augmentation.
The mean test recall improved to 79.5%, a notable enhancement from its previous performance of
51.5%. The F1 score increased correspondingly to 78.8%, reflecting a better balance between precision
and recall. The test precision remained stable at 78.3%, demonstrating that the augmentation did not
overly compromise the model’s ability to avoid false positives. However, while test accuracy slightly
decreased from 79.9% to 78.5%, the improvement in recall makes AdaBoost a more suitable model for
predicting minority outcomes, particularly in contexts where identifying CS is crucial.

The CatBoost model’s performance on augmented data, detailed in Table 6, shows significant
improvements in recall and overall balance. The mean test recall surged to 80.4%, a remarkable
increase compared to the prior recall of 35.6%. The F1 score also rose from 47.9% to 79.3%. Interestingly,
CatBoost maintained its high precision of 78.9%, slightly reduced from its earlier performance on
non-augmented data. This trade-off highlights the model’s versatility, as it achieves a strong balance
between avoiding false positives and capturing the minority class. The improved recall and F1 scores
position CatBoost as a highly effective model for predicting CS outcomes with augmented data.

The XGBoost model’s performance on augmented data is summarized in Table 7. After augmen-
tation, the model achieved a balanced improvement in its metrics, with a mean test recall of 82.1%, a
significant increase compared to the 38.7% in non-augmented scenario. The mean test F1 score rose
from 48.8% to 79.7%, indicating the model’s enhanced ability to capture minority cases effectively.
Additoinally, the mean test precision increased from 70.6% at 78.2%, this reflects the model’s ability to
avoid an excessive number of false positives despite the changes introduced by augmentation. The
consistent mean test accuracy of 79.3% further underscores the model’s robustness, showing that it
maintains a strong generalization capability across folds. These results position XGBoost as a reliable
model for predicting CS outcomes, particularly in complex, imbalanced datasets where nuanced
interactions between features play a critical role.
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Table 4. Logistic regression model metrics for augmented data for 10 folds

Train Tralr.l Train Train F1  Test Ac- Test Pre- Test Test F1
Fold Accu- Preci- . .
. Recall Score curacy cision Recall Score
racy sion
1 81.5 80.9 82.6 81.7 79.7 77.5 83.8 80.5
2 81.7 81.3 82.3 81.8 83.8 85.7 81.1 83.3
3 80.8 80.6 81.1 80.8 81.1 82.9 78.4 80.6
4 814 81.4 814 81.4 78.4 78.4 78.4 78.4
5 80.9 80.7 81.4 81.0 77.0 76.3 78.4 77.3
6 79.9 79.4 80.8 80.1 89.2 91.4 86.5 88.9
7 81.2 81.1 81.4 81.3 75.7 74.4 78.4 76.3
8 80.3 80.4 80.2 80.3 82.4 81.6 83.8 82.7
9 80.6 80.4 81.1 80.7 81.1 78.0 86.5 82.1
10 82.3 82.1 82.6 82.3 67.6 66.7 70.3 68.4
Mean 81.1 80.8 81.5 81.1 79.6 79.3 80.6 79.8
Table 5. AdaBoost model metrics for augmented data for 10 folds
Train Train . .
. Train Train F1  Test Ac- Test Pre- Test Test F1
Fold Accu- Preci- . .
. Recall Score curacy cision Recall Score
racy sion
1 81.8 81.5 82.3 81.9 75.7 73.2 81.1 76.9
2 81.2 80.6 82.3 81.4 83.8 83.8 83.8 83.8
3 80.3 80.1 80.8 80.4 82.4 83.3 81.1 82.2
4 81.8 81.9 81.7 81.8 78.4 78.4 78.4 78.4
5 81.5 80.9 82.6 81.7 78.4 76.9 81.1 78.9
6 80.9 79.4 83.5 81.4 89.2 93.9 83.8 88.6
7 81.7 81.9 81.4 81.6 73.0 71.8 75.7 73.7
8 82.3 82.3 82.3 82.3 85.1 84.2 86.5 85.3
9 81.7 81.3 82.3 81.8 77.0 76.3 78.4 77.3
10 82.3 82.7 81.7 82.2 62.2 61.5 64.9 63.2
Mean 81.6 81.3 82.1 81.6 78.5 78.3 79.5 78.8
Table 6. CatBoost model metrics for augmented data for 10 folds
Train Train . .
. Train Train F1  Test Ac- Test Pre- Test Test F1
Fold Accu- Preci- . .
. Recall Score curacy cision Recall Score
racy sion
1 82.1 81.0 84.2 82.6 86.5 82.1 914 86.5
2 82.6 81.4 85.7 83.5 79.7 71.0 78.6 74.6
3 83.2 82.2 85.1 83.6 77.0 74.3 76.5 75.4
4 83.0 82.0 85.2 83.6 81.1 72.1 93.9 81.6
5 82.1 81.4 83.1 82.2 85.1 88.9 82.1 85.3
6 83.9 82.5 85.8 84.1 71.6 74.4 72.5 73.4
7 84.1 83.5 84.0 83.8 75.7 86.1 70.5 77.5
8 83.5 82.8 83.8 83.3 75.7 76.6 83.7 80.0
9 83.0 82.2 83.9 83.1 77.0 84.8 70.0 76.7
10 83.6 82.9 85.1 84.0 82.4 78.4 85.3 81.7
Mean 83.1 82.2 84.6 83.4 79.2 78.9 80.4 79.3
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Table 7. XGBoost model metrics for augmented data for 10 folds

Train Tralr.l Train Train F1  Test Ac- Test Pre- Test Test F1

Fold Accu- Preci- . .
. Recall Score curacy cision Recall Score

racy sion
1 82.9 81.0 86.3 83.5 85.1 78.6 94.3 85.7
2 84.8 83.9 87.1 85.5 75.7 63.2 85.7 72.7
3 83.5 83.8 83.3 83.6 79.7 78.8 76.5 77.6
4 83.2 82.2 85.2 83.7 79.7 714 90.9 80.0
5 82.7 81.8 84.0 82.9 85.1 86.8 84.6 85.7
6 84.5 83.3 86.1 84.6 73.0 75.0 75.0 75.0
7 84.5 83.5 85.3 84.4 77.0 84.6 75.0 79.5
8 85.4 84.6 85.9 85.3 75.7 77.8 81.4 79.5
9 83.9 82.7 85.5 84.1 77.0 82.9 72.5 77.3
10 84.2 84.5 84.2 84.4 85.1 82.9 85.3 84.1
Mean 84.0 83.1 85.3 84.2 79.3 78.2 82.1 79.7

4.3. Confusion Matrix

To thoroughly evaluate the performance of predictive models, it is crucial to go beyond aggregate
metrics such as accuracy, precision, recall, or F1 score. While these metrics provide a high-level
summary of model performance, they often fail to capture the nuances and variability in model
predictions across different classes. The confusion matrix offers a more detailed breakdown by
showing the distribution of true positives, true negatives, false positives, and false negatives. Studying
confusion matrix results allows us to understand how well the model performs for each class and
identify potential biases or systematic errors, such as a tendency to overpredict or underpredict certain
outcomes. This level of granularity is especially important in applications where specific errors carry
different weights or implications, offering deeper insights compared to aggregate metrics alone.

Given the complexity of our analysis, which involves eight different models trained and evaluated
over 10 folds each, presenting individual confusion matrices for every fold would be impractical and
cluttered. To address this, we summarize the confusion matrix results using box plots. These plots
visualize the distributions of true negatives, false positives, false negatives, and true positives across
the 10 folds for each model, capturing both central tendencies and variability. By doing so, we highlight
the robustness and consistency of the models, while also making it easier to compare performance
across models and datasets (e.g., augmented versus non-augmented). The models are trained to predict
CS in women, hence, here negatives means vaginal birth and positive means cesarean section.

The box plots in Figures 2, 3, 4, and 5 summarize the confusion matrix elements (true negatives,
false positives, false negatives, and true positives) across 10 folds for four models (Logistic Regression,
AdaBoost, CatBoost, and XGBoost). Each model is evaluated on both non-augmented (left) and
augmented (right) data. These visualizations allow us to assess not only the central tendencies of
the confusion matrix elements but also the variability across folds, which reflects the robustness and
consistency of each model’s predictions.

The box plots in Figure 2, representing logistic regression, highlights some of the challenges of
simpler linear models. On non-augmented data (left), the model achieves high true negatives. It
struggles with higher variability and median values in false negatives. This indicates a systematic bias
toward predicting the majority class, which is established in the previous sections. With augmentation
(right), there is a clear improvement in false negative counts, with a reduction in variability, though
at the cost of slightly higher false positives. These results suggest that while logistic regression is
limited in its capacity to model complex relationships, augmentation helps address class imbalance
and improve overall performance.

For the AdaBoost models presented in Figure 3, similarly showcase a class imbalance with high
number of true negatives. The comparatively advanced AdaBoost model trained on non-augmented
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data shows very low variability in false negatives and true positives as compared to the logistic
regression model. The augmented results (right plot) show a high count of true negatives and true
positives, with relatively lower variability, indicating consistent performance across the folds. However,
the false positives and false negatives, though infrequent, exhibit higher variability as compared to the
model trained on non-augmented data.

The CatBoost models, presented in Figure 4, reveal a slight trade-off between true positives
and true negatives. For the non-augmented data (left), true negatives are consistently high, but
false negatives show a higher median than in AdaBoost, indicating potential difficulty in identifying
positive cases. This can be attributed to the class imbalance in the non-augmented data. Augmentation
(right plot) leads to a noticeable reduction in median false negatives and an increase in true positives,
reflecting improved sensitivity to the minority class. This suggests that CatBoost benefits significantly
from data augmentation.

Finally, the XGBoost models, presented in Figure 5, displays a strong and consistent performance
across both non-augmented and augmented datasets. For the non-augmented data (left), true positives
and true negatives dominate with low variability, but there is still a slight imbalance in false negatives.
The augmented data (right) shows a marginal reduction in false negatives and higher true positives,
indicating the class balance due to data augmentation.

Conusion Matrix Elements Across Folds Conusion Matrix Elements Across Folds

Figure 2. Box plot showing the confusion matrix results across 10 folds for logistic regression.
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Figure 3. Box plot showing the confusion matrix results across 10 folds for AdaBoost.
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Figure 4. Box plot showing the confusion matrix results across 10 folds for CatBoost .
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Figure 5. Box plot showing the confusion matrix results across 10 folds forXGBoost .

These findings have real-world implications, particularly in domains such as healthcare or social
science research, where false negatives (e.g., missing critical diagnoses) or false positives (e.g., unnecessary
interventions) carry significant consequences. For instance, the improvements observed with augmenta-
tion in AdaBoost and logistic regression models demonstrate their potential applicability in scenarios
where data collection is expensive or limited. On the other hand, the robustness of XGBoost across
different conditions reinforces its suitability for high-stakes applications where reliability is paramount.

These box plots also underscore the importance of evaluating models across multiple folds
to capture variability, as single-metric evaluations often obscure critical nuances. By providing a
comprehensive view of model performance, this analysis facilitates informed decision-making and
helps prioritize models based on specific application needs.

4.4. Comparison of Classification Models

The comparison of machine learning models in predicting CS outcomes reveals nuanced strengths
and weaknesses across approaches, particularly in handling class imbalance and the complexity of
social and procedural factors. Logistic Regression, a simpler model, benefits from its interpretability
and foundational utility. However, its limited ability to capture complex interactions between variables
results in lower recall (44.7%) and F1 scores (53.0%) on non-augmented data. This drawback highlights
its inclination toward predicting the majority class, undermining its utility for identifying minority
cases, such as CS. Augmentation significantly improved its recall to 80.6% and F1 score to 79.8%,
suggesting that while logistic regression might not inherently excel in complex datasets, proper
preprocessing can enhance its practical applicability.

CatBoost stands out for its precision, particularly on non-augmented data (77.8%), suggesting
its suitability in applications where false positives must be minimized, such as preemptive planning
in healthcare interventions. However, its initially low recall (35.6%) without augmentation limits
its standalone utility in identifying minority cases. With augmentation, CatBoost achieves a strong
balance (recall of 80.4% and F1 score of 79.3%), underscoring its adaptability in environments where
accurate identification of minority cases is vital. These findings highlight CatBoost’s potential for tasks
emphasizing both minority class detection and the avoidance of unnecessary interventions.

In real-world applications, the choice of model depends heavily on the specific context and
requirements. For instance, in healthcare planning, where accurately predicting CS can directly affect
resource allocation and patient outcomes, XGBoost’s balanced performance makes it a robust option.
Conversely, in scenarios prioritizing the minimization of false positives, CatBoost’s high precision may
be more advantageous. AdaBoost, with its consistent recall and precision improvements, presents a
middle ground for contexts requiring a reasonable balance between these factors.

The caveats of these models revolve around their reliance on balanced and representative data.
Without augmentation, even advanced models like CatBoost and XGBoost struggle with low recall,
emphasizing the necessity of addressing class imbalance in datasets with skewed distributions. Further-
more, while ensemble methods excel in performance, their complexity and longer training times could
be limitations in resource-constrained settings. Logistic Regression, though less performant, remains
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valuable for its simplicity and interpretability, especially in exploratory stages or when computational
resources are limited.

Ultimately, the findings underscore that no single model is universally optimal; the selection
hinges on the specific trade-offs between precision, recall, and interpretability. The improvement
across all models post-augmentation highlights the critical importance of preprocessing techniques
like SMOTE in achieving reliable and actionable results. These insights provide the scientific and
medical community with a robust framework for model selection tailored to the nuanced requirements
of healthcare decision-making.

5. Discussion

In the current work, the collected data is analyzed statistically and used to train different ML
models to predict cesarean deliveries. Due to the unique circumstances in the Grand Duchy of
Luxembourg, it is possible to explore the multifaceted data through different perspectives.

Firstly, statistical analysis was performed, where we employ generalized linear models (GLM),
analysis of variance (ANOVA), and multivariate analysis of variance (MANOVA). The parameters are
broadly divided into medical and nonmedical categories for these analyses. The statistical analysis
shows several parameters that influence the CS rates. However, the most important of them is the
language. The study shows that Spanish-speaking women are highly likely to get CS as opposed to
women speaking any other languages. Although this disparity in the medical treatment is observed,
the current dataset is insufficient to answer the "why".

To understand the disparities in CS rates, a qualitative study could be done to understand
sociocultural factors. The attitudes or beliefs about medical interventions, preferences, and perspectives
on childbirth would need to be investigated. Additionally, it is also important to assess any biases
in healthcare providers. The presence of implicit biases would need to be explored, as well as how
language barriers might affect decision-making. Furthermore, the hospital policies and protocols can
be reviewed to identify any shortcomings in such scenarios. From this exploratory study it becomes
clear that there are still areas to improve, hence the need to perform this study on a larger scale, and to
collect additional factors like socioeconomic status, education level, immigration status, and access to
information about childbirth.

Additionally, the statistical analysis of subjective feelings of happiness and respect was explored.
This analysis showed that women are more likely to experience negative feelings when going through
Cesarean deliveries, and are on the contrary more likely to experience positive feelings when giving
birth vaginally. Additionally, certain interventions during the labor and birth were seen to have a
negative impact on the emotional state. Although subjective, exploring the relationship between
different factors involved in childbirth and feelings was important, as those feelings will heavily
influence whether the experience is perceived as positive or negative by the birthing person, and the
subjective perception of the experience has been show to affect women’s mental health, among others
(see Introduction). Additionally, the literature is lacking when considering the overall experience of
women during childbirth. Thus, it can be interesting to study further what are the things resulting in
negative experiences and try and mitigate them through hospital protocols.

The collected data was also used to train ML models to predict CS rates, based on various factors.
Even with limited 504 data points, the models show an average accuracy of between 81% to 84%, with
test accuracy of around 79%. In the current work, we thoroughly explore the different ML models,
their strengths and weaknesses. We also explore in what context each model may be used. Although
the aim of the current work is to show proof of concept that such data can be used to successfully
train ML model, and not to provide a final model for use. In general, considering the medical
resources of Luxembourg, it is recommended that the focus should be on minimizing false positives.
Or alternatively, choosing a model with lower false positives, since false positives when predicting
CS rates can lead to self-fulfilling prophecies: Based on the model recommendations, healthcare
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professionals might look for problematic signs, being unconsciously biased and thus leading to a
Cesarean delivery in cases where it might not have been needed. As the factors used in the ML model
include social factors, health conditions during pregnancy, and medical practices and interventions
leading up to the childbirth, the model could be used in early stages to predict the type of delivery, and
preparations could be made accordingly. The authors recommend collection of more data to train a
model that may be used for actual predictions and decision-making. The authors also recommend that
developing countries or countries with limited resources should prioritize the model with minimum
false negatives, as resources are limited and crucial. Hence, deploying resources where thay are not
needed might strain the hospital resources.

To complement the quantitative findings, we analyzed the open-ended comments provided by
206 participants out of 506 clean responses in the survey. These comments offer valuable insights
into the subjective experiences of childbirth. A word cloud visualization, presented in Figure 6,
highlights key recurring themes and terms from the responses. The most prominent words include
baby, birth, experience, midwife, doctor, hospital, epidural, and time, reflecting the central role of
medical professionals, interventions, and the overall childbirth process.

The variability in sentiment and focus of these comments underscores the diversity of experiences,
ranging from highly positive to deeply challenging. This highlights an opportunity for future research to
explore these narratives in greater depth, potentially through sentiment analysis or thematic categorization,
to identify areas for improving maternal care. These findings call for a patient-centered approach in
healthcare that prioritizes respect, clear communication, and emotional support during childbirth.

v oX tocin
E.kmdtOld y Thank l“Wlthout still gw; roommuch %D
c 00 .
g md erent cook © Y gt labo . Y5
o - 7]
(] N = o
2@ push idn tA reat 2 W>
5 ke g didn té informed - dell\/ery thlng 3 GL)
afterwards ® supportedeyeryone happened S
<how obgyns econ o
A 20m consent ad | pra?cedure?
1ndUCEd Sald o end gb\ewst upmw Eﬂ E o
surgery (M @round call 2 3 B
E feeling Ei = let ™
2 parto Luxembourg L3 something ® £ born 2 gave € :\
g 3 tWO -
?%‘ happy d e question 8
;% Went uctlon' uppmt wonderful i .t er Water received paln
- ive ﬁ :
g g f ee 15upport1ve p r e pveg,nan( = Wal_é:: Vyeearek thlnk respected
I~ ©
% due needed er m1dw1vefm
00 taken t even : Q E'_‘ made
(5] already Wa n Ch lld bos > o ? quick
C Dut B Rt tear "ol Y M given
G p staff WantEd ;EB every
Upart later o =
first one reason English control 1rth conpletely C O n t r a C t lo n

Figure 6. Word cloud showing the most words used by women when commenting on their experiences during
pregnancy and specifically childbirth.

6. Conclusions

This study presents a novel exploration of the intersection of linguistic, social, and medical factors
influencing childbirth outcomes in Luxembourg’s unique multicultural and multilingual context. By
employing statistical and machine learning techniques, we identified disparities, particularly among
Spanish-speaking women, who were found to have a significantly higher likelihood of undergoing a
Cesarean section. While machine learning models achieved high predictive accuracy, the results also
revealed challenges in addressing class imbalance and identifying minority cases.

Our findings highlight the need for culturally sensitive healthcare practices that account for
linguistic and social barriers. This research serves as a stepping stone for future studies to further
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explore these dynamics and their implications for maternal health policies, not just in Luxembourg but
globally, as multicultural and multilingual societies become more prevalent.
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Abbreviations

The following abbreviations are used in this manuscript:

CS Ceasarean Section(s)
GLM Generalized Linear Modeling
ML Machine Learning

ANOVA Analysis of Variance

MANOVA  Multivariate Analysis of Variance

EDA Exploratory Data Analysis

AdaBoost ~ Adaptive Boosting

CatBoost Categorical Boosting

XGBoost Gradient Boosting

SMOTE Synthetic Minority Over-sampling Technique
AIC Akaike information criterion

Appendix A Statistical analysis Results
Appendix A.1 GLM Results

In this section, the results for the generalized linear modeling are presented for further reference.

Table Al. Generalized Linear Model (GLM) results for predicting happiness during childbirth based on socio-
demographic factors.

Variable Estimate (f) Std. Error z value p-value
Intercept 15.6744 646.6176 0.024 0.9807
French Language -0.7622 0.3249 -2.346 0.0190*
German Language -0.0975 0.4754 -0.205 0.8375
Luxembourgish Language 0.2274 0.5265 0.432 0.6657
English Language -0.4948 0.4697 -1.053 0.2921
Portuguese Language 0.5387 0.6004 0.897 0.3695
Spanish Language -0.1102 0.3649 -0.302 0.7627
Other Language 0.1941 0.3085 0.629 0.5292
Hospital:A -14.9427 646.6178 -0.023 0.9816
Hospital:B -14.0180 646.6173 -0.022 0.9827
Hospital:C -13.5856 646.6173 -0.021 0.9832
Induction -0.6319 0.2942 -2.148 0.0317*
Health Conditions -0.4018 0.3358 -1.196 0.2316
First Birth -0.1558 0.3522 -0.442 0.6582
Vaginal Birth 1.3403 0.2949 4.545 5.51e-06***

Signif. codes: ***p < 0.001, **p < 0.01, *p < 0.05, p < 0.1
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Table A2. Generalized Linear Model (GLM) results for predicting happiness during childbirth based on medcial

factors.
Variable Estimate (f) Std. Error z value p-value
Intercept 2.982381 0.823321 3.622 0.000292***
Hospital:A 0.015405 0.995280 0.015 0.987651
Hospital:B 0.536672 0.754019 0.712 0.476621
Hospital:C 0.641373 0.768241 0.835 0.403797
Induction -0.246522 0.307101 -0.803 0.422126
Health Conditions -0.522239 0.303347 -1.722 0.085144.
First Birth -0.120879 0.353763 -0.342 0.732580
Previous CS -0.006011 0.573796 -0.010 0.991641
Intervention Rupture 0.249053 0.319325 0.780 0.435430
Intervention Oxytocin -0.948630 0.366793 -2.586 0.009702**
Intervention Episiotomy -0.299293 0.379828 -0.788 0.430715
Intervention Instruments -0.846831 0.339283 -2.496 0.012562*
Intervention Kristeller -0.707243 0.389488 -1.816 0.069397.
No Intervention -0.530143 0.463651 -1.143 0.252869
Other Intervention -2.442600 0.449521 -5.434 5.52e-08***
Epidural -0.724259 0.364169 -1.989 0.046724*

Signif. codes: ***p < 0.001, **p < 0.01, *p < 0.05, p < 0.1

Table A3. Generalized Linear Model (GLM) results for predicting feelings of respect during childbirth based on
socio-demographic factors.

Variable Estimate (f) Std. Error z value p-value
Intercept 2.00577 0.84679 2.369 0.0179*
French Language -0.32518 0.27913 -1.165 0.2440
German Language -0.51867 0.36105 -1.437 0.1508
Luxembourgish Language 0.01419 0.39582 0.036 0.9714
English Language -0.07646 0.38157 -0.200 0.8412
Portuguese Language 0.27575 0.49050 0.562 0.5740
Spanish Language -0.56531 0.30265 -1.868 0.0618 .
Other Languages 0.03390 0.26492 0.128 0.8982
Hospital:A -0.51976 0.91661 -0.567 0.5707
Hospital:B 0.25821 0.70181 0.368 0.7129
Hospital:C 0.56705 0.71462 0.794 0.4275
Induction -0.34561 0.25800 -1.340 0.1804
Health Conditions -0.33844 0.29103 -1.163 0.2449
First Birth -0.41515 0.28681 -1.447 0.1478
Vaginal Birth 0.63235 0.26784 2.361 0.0182*
Epidural -0.30580 0.29591 -1.033 0.3014

Signif. codes: ***p < 0.001, **p < 0.01, *p < 0.05, p < 0.1
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Table A4. Generalized Linear Model (GLM) results for predicting feelings of respect during childbirth based on
medical factors.

Variable Estimate (f) Std. Error z value p-value
Intercept 2.7043 0.7937 3.407 0.000656***
Hospital:A -0.0818 0.9533 -0.086 0.932
Hospital:B 0.4717 0.7287 0.647 0.517
Hospital:C 0.5999 0.7449 0.805 0.421
Induction 0.2091 0.3112 0.672 0.502
Health Conditions -0.2718 0.3049 -0.892 0.373

First Birth -0.3560 0.3461 -1.029 0.304
Previous CS -0.5655 0.5431 -1.041 0.298
Intervention Rupture -0.1818 0.3118 -0.583 0.560
Intervention Oxytocin -1.1210 0.3690 -3.038 0.002**
Intervention Episiotomy -0.7170 0.3593 -1.996 0.046*
Intervention Instrumental -0.2561 w(.3454 -0.741 0.458
Intervention Kristeller -0.9817 0.3837 -2.559 0.011*

No Intervention -0.6916 0.4385 -1.577 0.115
Other Interventions -1.8580 0.4268 -4.353 1.34e-05%**
Epidural -0.1438 0.3229 -0.445 0.656

Signif. codes: ***p < 0.001, **p < 0.01, *p < 0.05, p < 0.1

Appendix A.2 ANOVA Results

Table A5. ANOVA results for socio-demographic factors influencing CS.

Variable Df Sum Sq Mean Sq F-value p-value
French Language 1 0.43 0.428 2.495 0.1149
German Language 1 0.90 0.901 5.252 0.0223*
Luxembourgish Language 1 0.01 0.005 0.032 0.8588
English Language 1 0.00 0.004 0.021 0.8859
Portuguese Language 1 0.00 0.002 0.012 0.9118
Spanish Language 1 1.31 1.311 7.644 0.0059**
Other Languages 1 0.51 0.510 2.975 0.0852
Hospital 3 1.13 0.376 2192 0.0882
Induction 1 0.48 0.480 2.800 0.0949
Health Conditions 1 2.21 2.211 12.890 0.0004**
First Birth 1 1.66 1.662 9.693 0.0020**
Previous CS 1 4.87 4.874 28.418 1.5e-07***
Age 1 0.51 0.514 2.999 0.0839
Epidural 1 0.08 0.079 0.459 0.4985
Residuals 485 83.18 0.172

Signif. codes: ***p < 0.001, **p < 0.01, *p < 0.05, p < 0.1


https://doi.org/10.20944/preprints202502.0834.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 February 2025 d0i:10.20944/preprints202502.0834.v1

25 of 28
Appendix B
Table A6. ANOVA results for medical factors influencing CS.
Variable Df Sum Sq Mean Sq F-value p-value
Hospital 3 1.19 0.397 2.805 0.0393*
Induction 1 0.60 0.602 4.255 0.0397*
Health Conditions 1 2.55 2.546 17.988 2.66e-05***
First Birth 1 1.50 1.503 10.622 0.0012**
Previous CS 1 5.19 5.187 36.649 2.83e-09***
Interventions Rupture 1 2.65 2.647 18.700 1.86e-05***
Interventions Oxytocin 1 0.58 0.578 4.081 0.0439*
Interventions Episiotomy 1 4.05 4.052 28.626 1.35e-07***
Interventions Instruments 1 3.94 3.938 27.821 2.01e-07***
Interventions Kristeller 1 0.99 0.986 6.968 0.0086**
Interventions None 1 0.05 0.053 0.372 0.5423
Interventions Other 1 3.51 3.510 24.803 8.84e-07***
Epidural 1 1.71 1.714 12.109 0.0005***
Residuals 486 68.78 0.142

Signif. codes: ***p < 0.001, **p < 0.01, *p < 0.05, p < 0.1

Appendix C ML Model Metrics for Non-Augmented Data

Table A7. Logistic regression model metrics for non-augmented data for 10 folds

Train Tralr.l Train Train F1  Test Ac- Test Pre- Test Test F1

Fold Accu- Preci- . .
. Recall Score curacy cision Recall Score

racy sion
1 84.0 79.5 52.5 63.3 76.5 58.3 50.0 53.8
2 83.1 76.9 50.8 61.2 784 714 35.7 47.6
3 82.7 75.3 51.3 61.0 78.0 66.7 30.8 421
4 84.1 78.3 54.6 64.4 70.0 37.5 23.1 28.6
5 82.5 76.3 48.7 59.5 84.0 77.8 53.8 63.6
6 81.9 75.3 46.2 57.3 90.0 100.0 61.5 76.2
7 82.7 74.7 52.1 61.4 80.0 80.0 30.8 44 .4
8 83.6 77.8 52.9 63.0 78.0 75.0 23.1 35.3
9 81.4 73.3 46.2 56.7 94.0 85.7 92.3 88.9
10 83.2 74.7 54.6 63.1 76.0 54.5 46.2 50.0

Mean 82.9 76.2 51.0 61.1 80.5 70.7 44.7 53.0
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Table A8. AdaBoost model metrics for non-augmented data for 10 folds

Train Tralr.l Train Train F1  Test Ac- Test Pre- Test Test F1
Fold Accu- Preci- . .
. Recall Score curacy cision Recall Score
racy sion
1 84.5 75.0 61.0 67.3 70.6 46.7 50.0 48.3
2 83.4 74.2 55.9 63.8 82.4 72.7 57.1 64.0
3 82.7 72.0 56.3 63.2 82.0 75.0 46.2 57.1
4 82.7 73.0 54.6 62.5 72.0 455 38.5 41.7
5 81.9 71.3 52.1 60.2 88.0 81.8 69.2 75.0
6 81.6 69.6 53.8 60.7 86.0 87.5 53.8 66.7
7 83.6 75.9 55.5 64.1 82.0 75.0 46.2 57.1
8 82.7 72.0 56.3 63.2 72.0 429 23.1 30.0
9 814 70.6 50.4 58.8 90.0 83.3 76.9 80.0
10 84.1 75.3 58.8 66.0 74.0 50.0 53.8 51.9
Mean 82.9 72.9 55.5 63.0 79.9 66.0 51.5 57.2
Table A9. CatBoost model metrics for non-augmented data for 10 folds
Train Train . .
. Train Train F1  Test Ac- Test Pre- Test Test F1
Fold Accu- Preci- . .
. Recall Score curacy cision Recall Score
racy sion
1 85.8 93.5 49.2 64.4 80.4 75.0 429 54.5
2 83.8 88.1 44.1 58.8 82.4 100.0 35.7 52.6
3 85.4 934 47.9 63.3 76.0 57.1 30.8 40.0
4 84.7 90.3 471 61.9 76.0 66.7 15.4 25.0
5 85.0 93.2 46.2 61.8 78.0 66.7 30.8 42.1
6 83.8 91.1 429 58.3 86.0 100.0 46.2 63.2
7 84.1 88.5 454 60.0 80.0 80.0 30.8 444
8 85.0 91.8 47.1 62.2 78.0 75.0 23.1 35.3
9 82.7 90.2 38.7 54.1 92.0 100.0 69.2 81.8
10 84.7 89.1 479 62.3 76.0 57.1 30.8 40.0
Mean 84.5 90.9 45.6 60.7 80.5 77.8 35.6 47.9
Table A10. XGBoost model metrics for non-augmented data for 10 folds
Train Train . .
. Train Train F1  Test Ac- Test Pre- Test Test F1
Fold Accu- Preci- . .
. Recall Score curacy cision Recall Score
racy sion
1 85.4 88.2 50.8 64.5 76.5 62.5 35.7 455
2 85.1 87.0 50.8 64.2 78.4 714 35.7 47.6
3 85.4 89.6 50.4 64.5 82.0 75.0 46.2 57.1
4 85.4 86.3 52.9 65.6 74.0 50.0 15.4 23.5
5 85.2 88.2 50.4 64.2 78.0 66.7 30.8 421
6 83.8 82.9 48.7 61.4 86.0 100.0 46.2 63.2
7 85.6 89.7 51.3 65.2 80.0 80.0 30.8 444
8 85.6 88.6 52.1 65.6 76.0 60.0 23.1 33.3
9 83.6 88.1 437 58.4 88.0 81.8 69.2 75.0
10 84.5 86.6 48.7 62.4 78.0 58.3 53.8 56.0
Mean 85.0 87.5 50.0 63.6 79.7 70.6 38.7 48.8
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Appendix D Reproducibility: R & Python Packages State
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