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Abstract

In this dissertation, we applied machine learning techniques to improve the diagno-
sis and research of mast cell diseases, focusing on idiopathic mast cell activation
syndrome (i-MCAS) and hereditary alpha-tryptasemia (HαT). We developed and inte-
grated machine learning models that utilized both pathological tabular data and biopsy
images to build a comprehensive proof-of-concept tool. To overcome the challenges of
limited datasets, we compared the success of traditional data augmentation and gen-
erative models, followed by the training and testing of various machine learning algo-
rithms. Despite identifying some limitations in generating accurate synthetic data, the
traditional augmentation method proved more successful. To further explore i-MCAS,
I created a tool to analyze microbiome data and investigate microbial discrepancies
in i-MCAS. Our proof-of-concept tool demonstrates the potential for machine learning
to discover novel patterns in complex pathological data, though, we acknowledge the
limitations in collecting and integrating image and tabular data. Further refinement and
integration into existing diagnostic frameworks is necessary for broader adoption.
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1 Introduction

The primary goal of this dissertation is to explore the potential of machine learning
(ML) methods in supporting clinical diagnosis and research for mast cell diseases
(MCDs), rather than providing definitive scientific evidence. We apply various machine
learning (ML) and deep learning (DL) models to both pathological tabular data and
biopsy image data, demonstrating how these technologies can be integrated into a
cohesive framework for medical research and diagnostics. In doing so, we developed
a tool that clinicians can use to make discoveries and diagnoses.

The dissertation is structured as follows: I begin with a background section that pro-
vides context and a literature review. This is followed by a presentation of the methods
and results, where I discuss the development, evaluation, and results. The discussion
section considers challenges and limitations, broader implications, and future direc-
tions. Finally, the dissertation concludes with idealized recommendations for using the
tools and reflections on personal contributions to the project.

1.1 Problem Statement & Motivation

Diagnosing MCDs presents varying levels of difficulty. Hereditary alpha-tryptasemia
(HαT) and mastocytosis show clear genetic and blood abnormalities. However, diag-
nosing mast cell activation syndrome (MCAS) remains challenging due to the absence
of definitive biomarkers. Diagnosis often relies on symptomatology and treatment re-
sponse, which can lead to misdiagnosis or delayed treatment. This is particularly true
for idiopathic MCAS (i-MCAS), where patients exhibit symptoms without clear patho-
logical findings, complicating diagnosis and treatment [1].

The uncertainty surrounding i-MCAS highlights the need for novel diagnostic ap-
proaches, such as exploring microbiome discrepancies. Emerging evidence sug-
gests the microbiome could influence immune responses and potentially trigger MCAS
symptoms [2], yet studies integrating this aspect into the diagnostic framework are
lacking. This dissertation aims to bridge this gap by utilizing ML techniques to analyze
microbiome and other pathological data to find patterns that correlate with i-MCAS and
other MCDs.

1.2 Research Objectives

Objective 1: Develop a ML Algorithm for Pathological Data Analysis

• Replicate findings from Hamilton et al. (2021) to ensure validity in pathological
data analysis [3].

• Optimize the algorithm for precision and efficiency with large datasets.

• Validate the algorithm against traditional diagnostic methods.

Objective 2: Explore Generative AI Models for Synthetic Data Generation

• Implement Generative Adversarial Networks (GANs) to create high-quality syn-
thetic tabular data.

• Apply traditional augmentation techniques to enhance data variability.
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• Augment image data (see Lena Korfmacher’s paper: Exploring Mast Cell Dis-
eases with Machine Learning, A Proof of Concept).

• Test the effectiveness of synthetic data for training various ML algorithms.

Objective 3: Develop a Proof-of-Concept AI Tool for Clinical Application and Research

• Create a prototype integrating ML algorithms to address diagnostic and research
challenges for MCDs.

• Demonstrate the tool’s potential for aiding research into MCDs, particularly MCAS.

Objective 4: Build a tool for the Investigation of Microbiome Discrepancies in i-MCAS
Patients

• Use data augmentation techniques to generate microbiome datasets for normal
and i-MCAS patients. Manipulate specific bacteria classes to mimic a common
discrepancy.

• Employ an unsupervised learning model to identify microbiome distinctions be-
tween i-MCAS patients and healthy individuals.

2 Context Survey

2.1 Machine Learning

2.1.1 Definition

ML is a branch of AI where computers learn and make decisions or predictions based
on data [4]–[7]. Unlike traditional programming, where explicit instructions are given,
ML models automatically learn patterns from data to perform tasks. Many modern ML
applications have outperformed humans substantially on complex tasks [8]–[11].

2.1.2 Application & Related Fields of Machine Learning

ML is widely used across various domains, including predictive analytics, intelligent
decision-making, image and speech recognition, Natural Language Processing (NLP),
and computer vision [12], [13]. In medicine, ML can support medical imaging, per-
sonalized medicine, predictive diagnostics, drug discovery, and pandemic forecasting
[12]–[16]. In finance, it can aid algorithmic trading, fraud detection, and risk man-
agement [12]. ML also has applications in cybersecurity, recommendation systems,
inventory management, customer service automation, autonomous vehicles, traffic
prediction, smart cities, sustainable agriculture, and IoT [12], [13]. Additionally, the
energy sector and Industry 4.0 utilize ML for smart manufacturing and quality control
[13], [17], [18].

ML is a broad field focused on mimicking human intelligence and problem-solving
abilities [12], [19]. Originating in the 1950s with pioneers like Turing, Samuel, and
McCarthy, ML enables AI systems to learn and adapt [4], [20], [21]. Deep learning
(DL), an advanced method of ML, has emerged due to increased data availability and
computing power [12], [22]. DL, often seen as a subset of ML, uses neural networks
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with multiple hidden layers for feature extraction and scalable learning, making it more
effective for complex, unstructured data like text, speech, and images [19], [23].

Figure 1: Machine Learning in the Context of
Artificial Intelligence and Deep Learning

Source: IBM

Computer vision is a subset of
AI that enables computers to in-
terpret visual inputs through DL,
thus, equipping them to ’see’ the
world.[24]. ML also shares strong
connections with statistics, as both
fields focus on pattern recognition
and prediction. While statistics
emphasizes inference about pop-
ulations, ML prioritizes generaliz-
able predictions for forecasting fu-
ture cases [6]. Both inference and
prediction are valuable in research
[6].

2.1.3 Learning Techniques

ML systems can be trained through
various techniques. This disser-
tation focuses on supervised, un-
supervised, and semi-supervised
learning, which are commonly
used for straightforward tasks. Re-

inforcement learning is more suitable for complex tasks that require consideration of
the surrounding environment [13], [22].

Supervised Learning (SL) algorithms learn from a dataset containing both input
variables and their corresponding labels [22]. The goal is to infer a function that
maps inputs to outputs, encompassing tasks such as classification, which predicts
categories, and regression, which predicts numeric values [13], [22].

Unsupervised Learning (UL) involves training algorithms on data without labels to
identify patterns and group similar data points [22]. This is valuable for the exploration
or discovery of structures and trends within data [13]. Common UL tasks include
anomaly detection, association rule learning, clustering, and dimensionality reduction
[13]. Dimensionality reduction decreases the feature space of a dataset, improving
model performance and efficiency [22]. Anomaly detection identifies unusual values
or outliers, while association rule learning infers relationships between attributes in
large datasets [22].

Semi-supervised Learning (SSL) is a hybridization of SL and UL [13]. The algo-
rithm is trained on a dataset that is partially labeled [22]. SSL is beneficial when
labeled data is scarce and unlabeled data is numerous. This is common in many real-
world scenarios as labeling data is usually time-consuming and costly [13], [22]. The
motivation behind using SSL is to derive better predictions than an SL model on the
few labeled instances alone [13].

ML systems can be further categorized by their learning process. Batch learning
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processes data all at once and is typically time-consuming, whereas online learning
updates models incrementally as new data arrives, making it suitable for systems that
need to adapt quickly [22].

A model’s performance relies on its ability to generalize to new data [12]. Gener-
alization can be approached through instance-based learning, which uses a similarity
measure derived from the training data, or model-based learning, which uses a model
built from the training data to make predictions on new data [22].

2.1.4 Machine Learning Algorithms

The ML algorithm landscape is broad, encompassing both traditional and modern ap-
proaches. Below is a selection describing algorithms relevant to this study:

• Logistic Regression is often used for binary classification but can also handle
multiclass tasks using strategies like One-vs-Rest or Softmax Regression. It
estimates the probability of an instance belonging to a class by calculating a
weighted sum of input features and applying a logistic function, producing a prob-
ability between 0 and 1 [22].

• Decision Trees split input data into subsets through a series of decisions, creating
a tree-like structure. The feature that best reduces impurity (measured by entropy
or the Gini coefficient) is chosen at each node, with the leaf nodes representing
outcomes. Decision Trees are intuitive and easy to interpret, making them a
transparent, white-box model [22].

• Random Forests are ensemble methods that combine several Decision Trees
trained on different data subsets using bootstrap sampling. The final prediction
aggregates the predictions of individual trees, typically resulting in better perfor-
mance than a single Decision Tree [22].

• K-Means [25] is a popular UL algorithm that groups n unlabeled instances into
k clusters, where each instance belongs to the cluster with the nearest mean
(centroid). The algorithm starts by selecting k initial centroids and assigning
each instance to the nearest one. Centroids are updated based on the mean of
the instances in each cluster, and the process repeats until centroids stabilize.
The goal is to minimize within-cluster variance, though K-Means can be sensitive
to initial centroid selection and the choice of k [26].

• Principal Component Analysis (PCA) is a dimensionality reduction technique that
projects data onto a lower-dimensional subspace by finding the principal compo-
nents, i.e., the directions in which the data varies the most. PCA reduces the
number of features while retaining most of the variability in the data [22].

• Boosting Algorithms improve model robustness by combining predictions from
several base estimators. Models are trained sequentially with each new model
focusing on errors made by previous ones. Popular boosting methods include
AdaBoost, Gradient Boosting, and XGBoost [22].

• The Support Vector Machine (SVM) is a classification algorithm that identifies the
hyperplane that best separates the classes in the feature space. It maximizes the
margin between the closest points of the classes (support vectors) [22].
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Recent advancements in ML, driven by increased data availability and enhanced
computational power, have led to the growing prominence of DL [12], [22]. Artificial
Neural Networks (ANNs), particularly Multi-Layer Perceptrons (MLPs), now often out-
perform traditional ML algorithms on complex, large-scale problems [22]. ANNs are
inspired by biological neurons and consist of an input layer, one or more hidden layers,
and an output layer. Each input is weighted, summed, and passed through an activa-
tion function to produce an output, with backpropagation adjusting weights to minimize
errors and improve performance [22], [27]–[29]. Figure 3 illustrates an exemplary ar-
chitecture of a simple ANN.

Figure 2 provides a simplified illustration of both biological neurons and synapses
compared to artificial neurons and ANNs.

Figure 2: Biological and Artificial Neural Networks: (a) biological neuron; (b) artificial neuron;
(c) biological synapse; (d) ANN synapses

Source: [30] as cited in [31]

Generative Adversarial Networks (GANs) are another DL model that involves two
neural networks–a generator and a discriminator. The generator network produces
fake samples based on the training data, and the discriminator network examines the
generated samples and predicts whether a sample is real or fake. This mechanism
is based on game theory; both counterparties are incentivized to minimize their own
cost. The generator tries to generate samples that will incorrectly be classified as real,
while the discriminator aims at correctly detecting real and fake data [32]. GANs are
one of the most powerful DL architectures and have been applied to numerous tasks.
However, the advances in generative AI have enhanced deepfakes and misinforma-
tion, and concerns about the ethical use of AI have grown [12], [33].

Ensemble learning combines multiple algorithms to improve prediction accuracy
by correcting individual errors [34]. Ensemble methods can be dependent, with each
base learner influencing the next, or independent, meaning that the base learners’
outputs do not impact the others [34]. Popular ensemble techniques include bagging,
boosting, and stacking [22].

5



Figure 3: Exemplary CNN sequence in a multiclass classification task

Source: developersbreach.com (2020)

2.1.5 Common Challenges

An effective and efficient ML solution depends on the data and the learning algorithm
[12], [13], [22]. The quantity, representativeness, and quality of data–in addition to the
relevance of features–are essential to the model’s accuracy and its ability to generalize
well [12], [22]. However, real data is often scarce or incomplete, which can negatively
impact the success of an ML algorithm [12], [13]. This has high relevance in a medical
context, where labeling depends on expert knowledge and the collection of sufficient
training data which is both expensive and difficult [35].

Determining the amount of training data required to achieve optimal accuracy for an
ML model is complex and lacks a standard approach. Research generally indicates
that the accuracy of predictions tends to improve as the volume of training data in-
creases [22], [36]–[38]. This is particularly relevant in DL, where increasing the amount
of data notably enhances performance. Whereas traditional ML algorithms exhibit only
marginal improvements with additional data, underscoring the data-intensive nature of
DL compared to conventional methods [23]. It was found that different amounts of
training data can result in varying performance outcomes when comparing different
algorithms [39]. Additionally, the required amount of training observations depends on
the amount and complexity of features in a dataset. Datasets with simple patterns usu-
ally require fewer observations than datasets with complex patterns and relationships
[40].

Although research has shown that increasing the amount of data is generally more
effective than choosing or fine-tuning the right algorithm [36], it is important to consider
that small or medium-sized datasets are common [22]. Standard techniques to handle
limited data availability are: data augmentation, data simulation, and transfer learning
[23]. Data augmentation and simulation increase training data by artificially augment-
ing existing data or generating new data. Data augmentation is particularly effective
for image data through techniques like rotating, mirroring, cropping, and augmenting
the color space (brightness, contrast, hue). Nevertheless, not all of these techniques
are suitable for data when the augmentation incorrectly changes important character-
istics of the existing data [23]. To verify that synthetic data preserves the statistical
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properties of the original dataset, methods like the Kolmogorov-Smirnov test can be
used to compare distributions [41].

Transfer learning involves either using data from similar tasks to improve the orig-
inal input or employing a pre-trained model and fine-tuning the last layers with the
available data. A DL network learns biases and weights during its initial training on a
large dataset and transfers them to another network for retraining a new model. This is
beneficial since the new model uses pre-trained weights instead of starting its training
from scratch, which saves computational costs and time and enhances network gen-
eralization [23]. Many famous CNN models were trained on extensive datasets and
have been successfully applied in various domains, including medical research [35],
[42], [43].

Overfitting occurs when a model performs well on training data but fails to gen-
eralize to new data. It occurs when the complexity of the model is too high relative
to the amount and noisiness of the training data, and thus, it will identify patterns in
the noise [22]. Addressing overfitting involves collecting more data, reducing noise,
or simplifying the model by regularization, feature reduction, or using a less complex
model [22]. Underfitting, by contrast, happens when a model is too simple to capture
the data’s underlying structure. This can be corrected by using a more complex model,
enhancing features, or reducing constraints like regularization [22]. Balancing model
complexity to avoid both overfitting and underfitting is key to building robust models.

Overall, the literature shows that data is of key importance for effective ML solu-
tions, but that it is often challenging to obtain sufficient good-quality data. Ultimately,
both ML projects and their underlying data can vary greatly. Specific conclusions re-
garding the optimal amount of training data and the choice of the best-performing
algorithm require consideration on a per-case basis.

2.1.6 Regulation and Explainability

AI’s growing use has raised a number of concerns. Regulatory frameworks are be-
coming increasingly stringent, restricting the free handling of data and the use of non-
transparent AI methods [44]. Two of the most influential legislations are the EU General
Data Protection Regulation (GDPR) [45] and the EU Artificial Intelligence Act (AI Act)
[46]. The GDPR sets precise requirements for data processing, controlling, and data
subjects’ privacy rights. The AI Act is the first legal framework to formulate require-
ments and obligations for AI systems following a risk-based approach.

Concerns regarding the responsible use of AI are particularly relevant in the med-
ical field, due to the sensitive nature of the data and its impacts on human life [44].
Smith noticed that clinicians are legally required to justify their actions, whereas tech-
nologists only follow ethical codes of practice [47]. Further, she discovered there is
no clear consensus on who is responsible for the outcomes of AI systems. While the
literature agrees that users should evaluate the outputs of AI systems before applying
them clinically, technologists remain only responsible for the accuracy of their systems
but not for the clinical impacts. Finally, there is currently no case law to guide negli-
gence and liability for AI systems [47].

At the center of these concerns is explainability. The term explainability is closely
related and mostly used interchangeably with the term interpretability, although some
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researchers have tried to distinguish them [48]. In our dissertation, interpretability
is treated as synonymous with explainability [49]. While simpler models like Decision
Trees are relatively easy to explain, tracing decisions made by complex models like en-
sembles or deep neural networks is challenging and often infeasible [22], [48]. These
models, often referred to as “black boxes”, face criticism for their lack of transparency,
particularly in fields like medicine, where the inability to fully justify AI-driven decisions
can pose considerable safety risks [12], [44], [47].

Recent research has focused on improving the transparency of AI models by de-
veloping methods for explainable AI (xAI) [12]. The explainability of an ML model can
be defined as “the degree to which an observer can understand the cause of a deci-
sion” [49]. The objective behind xAI is to provide explanations that make the system’s
reasoning clear to users [50]. An xAI can therefore be defined as an AI system that
1) explains its reasoning to a human user, 2) specifies its strengths and weaknesses,
and 3) provides an understanding of its future behavior [50].

The following taxonomy of xAI techniques identifies four categories of explainability
methods [48]: Methods with the purpose of 1) creating white-box models that have
intrinsic explainability, 2) explaining black-box models post-hoc, 3) enhancing fairness
of a model, and 4) testing the sensitivity of predictions made by a model. Further, xAI
methods can be distinguished by the scope of their explainability through their use of
local or global methods and model-specific or agnostic methods [48]. Local methods
provide an instance-specific explanation, whereas global methods aim to explain the
entire model. Model-specific methods only apply to a particular model or a group of
models, whereas agnostic methods apply to any model.

Various general-purpose xAI methods have been developed to visualize how fea-
tures interact and contribute to the predictions of complex black-box models after they
have been trained. But, building interpretable models–white-box models–that also
achieve high performance is generally considered challenging [48]. In image clas-
sification, a common explainability approach is to generate saliency maps, which high-
light the areas on an image that were most critical for the classification decision [48].
One of the most popular approaches is Gradient-weighted Class Activation Mapping
(Grad-CAM), which captures the gradient information of a target class in the final con-
volutional layer to create a localization map that marks the relevant regions in the
image for predicting the class [51].

In addition to individual explainability methods, several xAI evaluation tools have
been developed, such as Quantus, which enables the comparison of different xAI
methods using various metrics [52], and CLEVR-XAI, a benchmark dataset designed
for evaluating the accuracy of neural network explanations against ground truth [53].
Despite these advancements, xAI is still considered to be in its early stages and lacks
well-defined formal mathematical definitions and standardized metrics [48].

2.2 Mast Cells & Mast Cell Diseases

2.2.1 Mast Cells

Mast cells (MCs) are a type of white blood cell found in loose (areolar) connective tis-
sue in nearly every part of the body. These immune cells are derived from the myeloid
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lineage – or bone marrow [54]. Mature MCs can be found in the gastrointestinal tract,
skin, and respiratory system, among other organs. They are also found near blood
vessels, nerve cells, and lymph vessels. MCs play a pivotal role in keeping humans
healthy by releasing inflammatory mediators that protect against parasites and infec-
tions [55].

Figure 4: Mast Cell (electron micrograph)

Source: Image provided by Mariana Castells, MD, PhD

MCs are mononuclear with
secretory granules that re-
lease mediators during aller-
gic or other MC reactions
(see Figure 4) [55]. MCs
can be triggered by: ven-
oms, foods, drugs, infections,
and in MC dysfunction: also
friction, stress, or tempera-
ture changes [56]. IgE re-
ceptors, found in the plasma
membrane of MCs, bind to cir-
culating IgE. When IgE binds
to MCs, degranulation occurs.
This is the process of re-
leasing inflammatory media-

tors into the extracellular space from the granules within the MCs [54].

MC mediators, such as histamine, leukotrienes, prostaglandins, tryptase, inter-
leukins, heparin, and tumor necrosis factor-α, are selectively released during MC
events, causing various symptoms and the regulation of bodily functions (see Fig-
ure 5 [56]. Histamine, for example, binds to H1 and H2 receptors throughout the body,
affecting neurons, blood vessels, the gastrointestinal tract, and more. It regulates func-
tions like stomach acid secretion, wakefulness, and hunger. However, high levels of
histamine can lead to MC symptoms [57].

There are two types of MCs: MC(T) and MC(TC). MC(T)’s granules are predom-
inantly filled with tryptase and are located near mucosal tissues exposed to external
environments–such as the gastrointestinal and respiratory mucosa. The pro-inflammatory
actions of MC(T)s lead to the recruitment of other circulating immune cells, increasing
mucus production or enhancing gut peristalsis to minimize pathogen invasion [54].

Figure 5: Symptoms of Mast Cell Mediators

Source: Carter MC, et al. Immunol Allergy Clin North Am. 2014;34(1):181-96.
Theoharides TC, et al. N Engl J Med. 2015;373(2):163-72.
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MC(TC)’s granules contain tryptase, chymase, and carboxypeptidase and are found
in the submucosa and connective tissues, adjacent to the skin, blood vessels, and
lymph vessels. MC(TC)s are essential for tissue repair. Following an injury, they
release inflammatory markers, independent of IgE mechanisms. Subsequently, the
secretion of heparin, tryptase, and tissue plasminogen activator (t-PA) by these cells
regulates blood flow to enhance nutrient and immune cell delivery [54].

MCs have cytoplasmic granules that cause metachromasia–a property observed
during lab staining procedures–where specific dyes are used to visualize cells and
tissues under a microscope. This technique is unique to MCs and basophils. For ex-
ample, toluidine blue stains granules red-violet, but they turn pink once expelled [54].
MCs can be distinguished from basophils by their mononuclear morphology or special
stains like tryptase or monoclonal antibodies targeting the MC kit (CD117) receptor.
Hematoxylin and eosin staining, though revealing eosinophilic granules, does not reli-
ably differentiate MCs from eosinophils. Under light microscopy, MCs appear as oval
or irregularly shaped cells with dense granular cytoplasm often obscuring the nucleus
[54].

The following describes the different functional states of MCs:

• Intact Cells: Found near blood vessels and within the deeper layers of the dermis
and subcutaneous tissue. These cells have densely packed granules, making
other cellular structures difficult to discern. They are spindle-shaped.

• Spreading Cells: These cells have many granules, though fewer than intact cells,
and are located in the superficial connective tissue near the upper dermis.

• Degranulated Cells: These cells lose their metachromatic properties, appearing
pale with a light pink stain and a blue nucleus (after lab staining).

MCs’ strategic positioning highlights their crucial role in various physiological and
pathological processes. There has never been a noted deficiency in MCs within medi-
cal history, underscoring their essential function for sustaining human life [54].

2.2.2 Mast Cell Diseases

MCDs can be from abnormal MC growth, accumulation, and/or improper mediator
release, leading to symptoms across multiple organ systems [55]. Symptoms like
flushing, itching, diarrhea, hypotension, and shortness of breath primarily result from
MC degranulation [54], [56]. MC dysfunction can be localized or systemic and impact
entire biologic systems [1].

There are three primary types of MCDs: mastocytosis, MCAS, and HαT. These
conditions cause extensive discomfort and disability due to the release of MC medi-
ators and/or the infiltration of MCs in critical organs. Although systemic mastocytosis
is rare, the incidence of MCAS has been increasing [55]. A key phenomenon in MC
pathology is type I immediate hypersensitivity reaction. IgE antibodies bind to anti-
gens, circulate, and attach to Fc receptors on MCs. Upon antigen encounter, IgE
receptor crosslinking triggers MC degranulation [54].

MCDs are classified into three main classes: primary, secondary, and idiopathic
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Table 1: Classification of MC Disorders

MCD Classes Clinical
Entities Diagnoses

Primary
Clonal

Expansion of
MCs

Mastocytosis (cutaneous and systemic),
monoclonal mast cell activation syndrome

(MMAS), mast cell sarcoma, mast cell
leukemia, mastocytoma

Secondary
Underlying

Pathological
Process

IgE-mediated hypersensitivity reactions,
urticaria, angioedema, food and drug

anaphylaxis, mast cell hyperplasia (owing
to systemic diseases such as chronic

infection or autoimmune disease)

Idiopathic Unknown
Cause

Idiopathic Mast Cell Activation Syndrome
(i-MCAS), idiopathic anaphylaxis, chronic

idiopathic urticaria/angioedema
Source: Adapted from Khokhar & Akin, 2019 & Leru 2022 [1], [58]

(see Table 1). Primary MCDs include clonal disorders like mastocytosis, monoclonal
mast cell activation syndrome (MMAS), mast cell sarcoma, mast cell leukemia, and
mastocytoma, all involving clonal expansion of mast cells in various tissues. Sec-
ondary MCDs result from other pathological processes, such as IgE-mediated hyper-
sensitivity, urticaria, angioedema, or mast cell hyperplasia due to chronic infections or
autoimmune diseases. Idiopathic MCDs, such as i-MCAS, idiopathic anaphylaxis, and
chronic idiopathic urticaria/angioedema, occur without a known cause [1].

Understanding MC pathology is essential for recognizing and managing MCDs.
These diseases present a range of symptoms and can greatly impact a patient’s qual-
ity of life [1], [55].

Mast Cell Activation Syndrome:
MCAS involves the abnormal release of mast cell mediators, affecting multiple organ
systems. Although MCs in MCAS patients appear normal, they exhibit excessive acti-
vation, thus, releasing large amounts of inflammatory mediators [55], [59].

Patients with MCAS frequently experience recurring symptoms such as flushing,
itching, hives, anaphylaxis, abdominal pain, diarrhea, and neurological issues like
headaches, brain fog, and fatigue. Triggers include foods, drugs, environmental changes,
physical stimuli, stress, infections, and even pain [55].

Diagnosing MCAS is complex, requiring the identification of elevated mast cell
mediators during symptomatic episodes and ruling out other conditions with simi-
lar symptoms. Commonly measured mediators include serum tryptase, histamine,
prostaglandin D2, and leukotriene E4. However, collecting samples with these media-
tors is challenging and often leads to false negatives. A positive response to medica-
tions that block or inhibit mast cell mediators is a key diagnostic approach for i-MCAS
[59].
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Treatment for MCAS focuses on avoiding triggers and using medications that block
MC mediators. Common treatments include H1 and H2 antihistamines, leukotriene in-
hibitors, mast cell stabilizers like cromolyn sodium, and aspirin to reduce prostaglandin
production. In severe cases, anti-IgE therapy or other immunomodulatory treatments
may be used [59]. However, these treatments do not cure or put i-MCAS into remis-
sion; they only manage symptoms.

Hereditary Alpha-Tryptasemia (HαT):
HαT is a genetic trait found in approximately 5% of people in Western Europe and the
United States. It results from extra inherited copies of the TPSAB1 gene, leading to
elevated baseline serum tryptase (BST) levels–typically above 8 ng/mL. This is due to
increased production of α-tryptase, a precursor form of the enzyme tryptase released
by mast cells [60].

HαT is inherited in an autosomal dominant manner, meaning one copy of the mu-
tated gene from a parent is sufficient to cause the trait. While elevated tryptase levels
do not have a known direct impact on health, they are often linked to symptoms related
to mast cell activation [60].

Clinical manifestations of HαT can vary widely. Some individuals may experience
severe symptoms while others may be asymptomatic or have mild symptoms [60].
Diagnosis involves measuring serum tryptase levels, and if elevated, genetic testing
is conducted to determine the number of TPSAB1 gene copies. This is important
for distinguishing HαT from other mast cell disorders and understanding the cause of
elevated BST levels [60].

Management focuses on treating symptoms and preventing severe reactions. Anti-
histamines, leukotriene inhibitors, MC stabilizers, and monoclonal antibodies like oma-
lizumab are used to manage symptoms. Avoidance of known triggers and regular
monitoring are also key to patient’s health [60].

Mastocytosis:
Mastocytosis is a group of disorders characterized by the abnormal accumulation of
MCs in multiple organs. Pathogenesis typically involves mutations in the KIT gene,
promoting uncontrolled MC growth [61], [62]. There are two primary forms: cutaneous
mastocytosis (CM) and systemic mastocytosis (SM).

Cutaneous Mastocytosis mostly affects children and presents with skin lesions, which
may indicate deeper systemic involvement in adults. The primary subtypes include:

• Maculopapular Cutaneous Mastocytosis (MPCM) or urticaria pigmentosa, char-
acterized by red-brown skin lesions.

• Diffuse Cutaneous Mastocytosis (DCM), noted for extensive skin thickening and
blistering.

• Cutaneous Mastocytoma, often appearing as solitary skin nodules in children.

Systemic Mastocytosis ranges from indolent forms with good prognosis to aggressive
types that substantially impact organ function and require complex treatments:

• Indolent Systemic Mastocytosis (ISM) is the mildest, often with symptoms from
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MC mediators like flushing and gastrointestinal discomfort.

• Smoldering Systemic Mastocytosis (SSM) and Aggressive Systemic Mastocyto-
sis (ASM) present more severe symptoms and increased MC burden.

• Systemic Mastocytosis with Associated Hematologic Neoplasm (SM-AHN) and
Mast Cell Leukemia (MCL) are severe, often coinciding with other hematologic
conditions.

Diagnosing mastocytosis involves clinical evaluation, skin biopsy for CM, and bone
marrow biopsy for SM. Key diagnostic criteria include the presence of multifocal dense
infiltrates of MCs in the bone marrow or other extracutaneous organs, detection of KIT
mutations, abnormal MC morphology, and elevated serum tryptase levels [62]–[64].

The treatment of mastocytosis focuses on managing symptoms and preventing
complications. For CM, topical steroids and antihistamines may alleviate skin symp-
toms. For SM, treatment includes antihistamines, leukotriene inhibitors, MC stabiliz-
ers, and in severe cases, cytoreductive therapies. Patients with severe allergic reac-
tions may require epinephrine for anaphylaxis. Early diagnosis and tailored therapeutic
strategies are crucial for managing the disease and improving patient outcomes [61],
[62].

2.3 Machine Learning & AI in Medicine

AI and ML are transforming the biotechnology industry by improving diagnostics, accel-
erating therapeutic development, and enhancing personalized medicine. These tech-
nologies can analyze complex biological data at unprecedented speeds and accuracy
to predict disease progression and optimize treatment protocols. For instance, Google
DeepMind’s AlphaFold 3 has significantly advanced protein structure prediction, facili-
tating a more in-depth understanding of diseases and aiding in drug discovery [65].

2.3.1 Diagnostics and Doctor Assistance

Supervised ML models have greatly improved diagnostic accuracy in medical imaging.
They are remarkably effective in early disease detection, such as predicting dementia
from brain MRIs well before clinical symptoms appear [66]–[69]. Unsupervised learn-
ing techniques like clustering and principal component analysis have revealed latent
patterns in data. This benefits patient stratification and personal therapy customization
[67]. AI tools in clinical systems support treatment decisions and risk assessments by
providing predictive analytics based on both longitudinal and real-time data [70].

Despite ML’s many advancements, challenges regarding data heterogeneity, model
interpretability, and the need for large annotated datasets to train strong models remain
[71]. The integration of ML in biotechnology not only poses technical challenges but
also raises ethical concerns regarding data privacy, model bias, and the transparency
of AI decisions. Addressing these issues is essential to gain public trust and facilitate
wider adoption of these technologies [72]. Ensuring that AI systems are transparent
and interpretable is crucial for their acceptance in clinical practice, as clinicians need
to understand and trust the decisions made by these systems.
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2.3.2 AI & ML in Knowledge Discovery for Medical Research

AI and ML play key roles in medical research by identifying new biomarkers and under-
standing disease mechanisms, which improves therapeutic strategies. For instance,
ML has identified biomarkers for diseases like interstitial cystitis and psoriasis, sup-
porting the development of targeted therapies [73], [74].

In microbiome research, ML models have identified specific microbial signatures
linked to specific diseases. In doing so, researchers can develop targeted therapies
[75]. AI advances in genomics have also improved immune cell categorization and
disease progression analysis, which are also critical for developing effective treatments
[76].

Unsupervised ML techniques, such as clustering, enable the discovery of disease-
related patterns without predefined labels, leading to novel insights [77]. These meth-
ods are essential in identifying patient subgroups and refining precision medicine ap-
proaches, where treatments are tailored based on individual genetic and molecular
profiles.

Deploying AI and ML in medical research presents challenges as well. Concerns
such as data privacy, algorithmic bias, and the need for powerful computational re-
sources must be addressed. Ensuring the transparency and interpretability of AI mod-
els is crucial for their acceptance in clinical practice [78]. Establishing an ethical frame-
work is essential to guarantee models promote fairness and equity.

Looking ahead, AI and ML in medical research is expected to grow substantially
with advancements in computational power and algorithm design. Interdisciplinary
collaborations and model refinements will likely lead to breakthroughs in medical sci-
ence, enhancing our understanding of diseases and leading to innovative diagnostic
and therapeutic tools [79].

AI and ML are reshaping medical research by enabling the exploration of complex
biological data. As these technologies evolve, they promise to deepen our understand-
ing of health conditions, refine diagnostic processes, and revolutionize treatments.

2.3.3 AI & ML in Drug Discovery

AI and ML technologies have greatly improved the drug discovery process. These
technologies increase the success rates of new therapeutics. ML models can optimize
and evaluate therapeutic candidates, potentially shortening development timelines and
reducing costs.

ML models, predominantly deep learning, are effective in predicting drug-target
interactions, optimizing drug candidates, and identifying potential toxicities early in
drug development [80], [81]. By analyzing large datasets, ML models reveal patterns
and relationships that conventional methods may miss to help researchers make more
informed decisions.

These models can improve target identification by integrating genomic, proteomic,
or chemical data to predict and validate new drug targets. This approach refines
our understanding of disease mechanisms and potential intervention points [82]. Re-
searchers are able to develop drugs with higher chances of effectiveness by identifying
promising targets.
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A noteable example is DeepMind’s AlphaFold, which revolutionized protein struc-
ture prediction. The AlphaFold model allows researchers to discover molecular mech-
anisms of diseases and identify potential drug targets. This, in turn, accelerates the
early stages of drug discovery [65].

In microbiome research, these technologies can be used to predict how drugs in-
teract with the human microbiome, affecting drug efficacy and safety. By analyzing
microbiome data, ML models can identify potential adverse effects early in the drug
development process, making the development of therapeutics safer and more effec-
tive [75]. Furthermore, ML and AI technologies can develop microbiome-targeted ther-
apies like probiotics and prebiotics. For example, ML algorithms can identify microbial
strains that treat or prevent diseases linked to dysbiosis by analyzing microbiome data
[83].

During the hit-to-lead conversion phase, ML algorithms optimize lead compounds
by predicting pharmacokinetic and pharmacodynamic properties. This accelerates
drug development and improves the likelihood of clinical trial success by prioritizing
candidates with higher efficacy and safety potential [84]. Predictive toxicology models
further enhance this process by forecasting adverse effects early, reducing the risk of
costly late-stage failures [85].

When integrating ML into drug discovery workflows current challenges include data
quality, model interpretability, and the need for substantial computational resources.
Addressing these challenges requires ongoing algorithmic advancements, better data-
sharing practices, and interdisciplinary collaboration [86]. Ensuring ML models are
trained on high-quality data and their predictions are interpretable is essential for suc-
cessful integration into drug discovery.

3 Method and Results

3.1 Programming Environment and Frameworks

We used Python [87] as the primary programming language for the development and
implementation of our models and algorithms due to its simplicity and extensive li-
brary support. The majority of our project was conducted in Jupyter Notebooks [88]
as they provide a suitable environment to add headlines and explanatory annotations,
and display outputs and visualizations. We used Python scripts to import custom utility
functions, where applicable. To see a full outline of our process refer to Appendix I.

The following ML and DL frameworks were used:

• SciKit Learn [89]: A Python library that provides simple tools for data analysis and
ML. In this dissertation, SciKit Learn was utilized for preliminary data exploration
and processing, feature engineering, and the implementation of traditional ML
algorithms.

• TensorFlow/Keras: TensorFlow [90] is a large-scale, open-source ML system.
Keras [91] is a high-level API for building and training DL models, running on top
of TensorFlow. We used TensorFlow/Keras for building and training deep neural
networks for image classification.
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• PyTorch [92]: An open-source DL framework known for its dynamic computation
graph and ease of use. PyTorch was employed for various deep learning tasks,
including developing and training neural networks for image and tabular data.

• Bootstrapping: I used bootstrapping to create multiple resampled datasets from
the original data to estimate the distribution of a statistic and improve the robust-
ness of our models [93].

• GANs: I used Generative Adversarial Networks (GANs) to generate synthetic
tabular data. This technique enhances the training dataset by providing addi-
tional, varied samples, which helps improve the performance of our classification
models [94].

3.2 Data

3.2.1 Tabular Data & Exploratory Data Analysis (EDA)

This dissertation uses data collected by Hamilton et al. [3] from patients at the Mas-
tocytosis Center at Brigham and Women’s Hospital, the University of Florida’s Gas-
troenterology Division, and the NIH’s Laboratory of Allergic Diseases. The dataset
was provided as an Excel workbook with two sheets.

We initially inspected the workbook and found deviations from a normalized tabular
structure, essential for most ML algorithms. To maintain data integrity, we merged the
two sheets and then created a CSV file for further processing.

We first examined some general characteristics of the dataset and made certain
adjustments before we split it into training and test sets. For many patients, multiple
rows existed due to different observations, where only the first row was fully populated,
and subsequent rows had blanks except for deviating values. This structure made a
stratified shuffle split impractical, as it could compromise data integrity and lead to bias
in imputations. The order of the rows was critical in maintaining the data’s integrity.
Although splitting data early is best practice to ensure unseen instances in the test
set, we delayed this step to maintain data quality, acknowledging this as a suboptimal
approach for testing.

The dataset included 73 observations from 52 subjects and 21 features (16 cat-
egorical, 5 numerical) after the initial cleaning. This involved removing empty and
duplicate columns. The label, ”Diagnosis,” is multi-class, with approximately 50% of
observations labeled ”MCAS,” and 25% each labeled ”normal” and ”HaT.” We then
split the data into an 80% training set (58 observations) and a 20% test set (15 obser-
vations), using a stratified shuffle split to maintain class ratios.

Key insights from the exploratory data analysis (EDA) include:

• The label classes were imbalanced, with ”MCAS” being the most frequent (see
Figure 15 in Appendix E).

• None of the numerical features followed a normal distribution; for example, Max
tryptase was skewed towards lower values (see Figure 20 in Appendix E).

• All categorical features were imbalanced, with varying degrees across features.
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• Max tryptase values were missing for ”normal” subjects, requiring scientifically
informed imputation.

• Higher Max tryptase levels in HαT subjects and differences in MC # per 40x were
consistent with previous studies [3]. The skews were as expected (see Figures
Appendix E).

• Several outliers were identified in features such as Spindle shape % and Max
tryptase, which could impact model performance and require further investigation
(see Figure 16 in Appendix E).

We observed numerous distinct values within the categorical features, particularly
MC aggregate size and number, Procedure, Diagnosis.1 Assoc diagnoses, Labs (his-
tamine or PGD), and Medication. These columns contained unstructured data with
occasional typos and inconsistent naming, indicating the need for thorough feature
engineering.

Figure 6: Correlation: Features & Labels

Source: Lena Korfmacher, Small Dataset Model.ipynb

The most significant
correlations include Di-
agnosis and Max tryptase
(-0.79), Max tryptase and
MC # per 40x (0.62), and
MC # per 40x and Diag-
nosis (-0.35) (see Figure
6), suggesting these fea-
tures’ importance.

As part of the EDA,
I performed a clustering
analysis with K-Means
on numerical features
using the first two prin-
cipal components. I
included the Diagnosis
column as the label in
the scatterplot. Then, I
chose 3 clusters, assum-

ing that the clusters would correspond to the 3 diagnosis classes. Interestingly, the
resulting visualization shows that this was not the case. We noticed that different la-
bels were present in each cluster and the classes were not entirely randomly spread
across all clusters.

Finally, PCA on numerical features revealed that the first two components explained
about 72% of the variance, with all four components necessary to explain 95% of the
variance, underscoring the importance of all numerical features.

3.3 Data Cleaning & Preprocessing

3.3.1 Tabular Data Augmentation

With a total of 73 observations, the tabular data is limited for training a powerful ML
model. While synthetic data cannot fully replace real data, it is beneficial for enhancing
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model generalizability and robustness by generating additional samples [95]. However,
the synthetic data must differ sufficiently from the original data, to be effective, as
overly similar data would not add value [95]. GANs, commonly used for image data,
are one option for tabular data augmentation, but they require converting categorical
and discrete values into continuous ones, which can produce invalid data [95].

To address the scarcity of data, we applied two augmentation methods: First, we
employed a traditional approach by copying and introducing noise. Then we attempted
to create synthetic data using a GAN. Even though the augmentation typically focuses
on training data [96], we also augmented the test data due to the small size of the test
set, which had only 15 observations.

Traditional Augmentation:
We applied a conventional approach to data augmentation alongside a generative
method to compare their efficacy. The literature on tabular data augmentation is lim-
ited, and optimal noise levels can vary, so we developed the following method based
on practical ML community insights [96], [97].

1. Data Expansion:
To address the limited size of the dataset, we first expanded the data by creating
multiple copies of the original dataset. This was our foundation for later applying
noise to generate varied instances for training.

2. Introducing Noise:
Next, we introduced Gaussian noise with a mean of 0 and varying standard devi-
ations to the numerical features. For categorical features, a percentage of values
were randomly replaced with other unique values from the same column. The
noise level, ranging from 5% to 1%, was applied and gradually decreased to
identify the most effective level: 2%.

3. Distribution Analysis:
We compared the resulting distributions with violin plots for numerical features
and bar charts for categorical features. Our findings showed minor distribution
differences between the original and augmented data. Categorical columns ex-
hibited slightly more balanced classes post-augmentation, while numerical col-
umns retained the same overall shape with more defined distributions.

4. Augmentation Strategies:
We tested two augmentation strategies: a single-batch approach and an incre-
mental three-batch approach. Both produced similar distributions, but the multi-
batch method yielded greater variability, measured by the proportion of unique
rows. Due to the risk of altering the original dataset’s characteristics with the
multi-batch strategy, we chose the single-batch method.

Results:
The traditional augmentation method generated approximately 20,000 training instances
and 4,000 test instances. The noise levels were fine-tuned to ensure the augmented
data closely resembled the original dataset. Despite the limited size of the original
dataset, this approach provided a reliable augmentation method that maintained the
integrity of the original data patterns.
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GAN-based Data Augmentation:

1. Data Preparation:
The cleaned medical dataset, including features like age, gender, diagnosis, and
lab results, was loaded from a CSV file and inspected to verify suitability for GAN
training and analysis. Numeric columns were scaled to the range (-1, 1) using
MinMaxScaler, appropriate for the generator’s tanh activation function. Categori-
cal columns were encoded using OneHotEncoder. The processed features were
combined into a single DataFrame.

2. GAN Architecture:
The generator model, which took a latent vector (random noise) as input, was de-
signed to generate synthetic data. It included layers such as Dense, LeakyReLU,
and BatchNormalization to stabilize training and improve performance, producing
both numerical and categorical data. The discriminator model, which evaluated
real or generated data, included Dense, LeakyReLU, and Dropout layers to pre-
vent overfitting and enhance the ability to distinguish real from synthetic data.

3. Training the GAN:
The generator and discriminator were trained together in a loop. The discrimina-
tor was trained to differentiate between real and fake data, while the generator
was trained to produce data that could fool the discriminator. Loss values for both
models were monitored throughout the training process to assess performance.

4. Synthetic Data Validation:
Initial checks on the synthetic data included visualizations and statistical tests,
such as the Kolmogorov-Smirnov test [41], to compare the structure and distri-
butions of synthetic data with the real data (see Figure 36 in Appendix K). This
validation was crucial to affirm the synthetic data accurately represented real
data distributions.

Results:
Initial checks on the synthetic data showed that while the GAN generated data, the
distributions of most features did not closely match the real data. Histograms com-
paring the real and synthetic data revealed discrepancies (see Figure 32 in Appendix
G). Therefore, indicating the synthetic data did not accurately represent the real data
distribution. The Kolmogorov-Smirnov test [41] further confirmed these discrepancies,
showing notable differences between the real and synthetic data distributions.

This discrepancy suggested that the model requires further fine-tuning and opti-
mization. Due to the limitations of time for this project, traditional data augmentation
methods were selected. These traditional methods provided more reliable results,
ensuring that the augmented data closely matched the patterns observed in the real
data.

3.3.2 Feature Engineering & Customized Preprocessing Pipeline

Based on the data exploration insights, we considered necessary imputations and
transformations for all features. In most cases, this already included a numerical en-
coding (binary or ordinal) for categorical features. The amount of preprocessing for
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this dataset was generally high as the dataset was manually created and originally not
intended for an ML project.

• Max tryptase: Values were present for subjects diagnosed with MCAS and HaT
but missing for control group subjects (i.e., diagnosed ”normal”). Our approach
was to first forward-fill missing values and second impute new values for all nor-
mal subjects, based on a distribution with a median of 4.15 and a standard de-
viation of 2.12 in a range between 0 and 11.4, which was found to be a typical
range of tryptase values [98].

• Tryptase gene copy: As outlined in the literature review, excess copies of the
tryptase gene (TPSAB1) are characteristic of people diagnosed with HaT. More
than 50% of the values in this column were missing, however, based on the pa-
per by Hamilton et al. [3], we inferred that missing values indicated no excess
tryptase gene copies. Further, it was evident from the study that none of the
patients had more than one excess copy. Therefore, and given the small number
of instances available, we refrained from a further differentiation between various
alpha-beta constellations. We binary-encoded the column, setting missing val-
ues and ”don’t have” to 0, and values indicating that one excess tryptase gene
copy was present to 1.

• Lymph aggregates: We assumed that missing values indicated the absence of
lymph aggregates and performed binary encoding.

• Spindle shape %: Missing values were present for instances with MC shape
”round”. Based on that, we assumed that missing values indicate a spindle shape
of 0%, which we imputed accordingly.

• MC aggregate size and number: We assumed that missing values indicate no
aggregates (clusters of MCs) and imputed 0 accordingly. In addition, we split up
the column to reflect 1) the number of cells per aggregate and 2) the number of
aggregates.

• Procedure: The column contained more unstructured values. We split the col-
umn into 1.) a column specifying the procedure (EGD or CLS), and 2.) a column
specifying if there were any findings. Both columns were binary encoded.

• Diagnosis: Note that the dataset contained two columns named ”Diagnosis” prior
to processing. The first diagnosis column was chosen as the label (containing
the three classes normal, HαT, and MCAS); the second contained additional di-
agnostic details for some subjects. and associated diagnoses. Based on our
insights from EDA, we first extracted all atomic values out of the text strings in
both columns, which revealed that 89 distinct values were present. Second, we
grouped these values into related medical condition groups to reduce dimension-
ality. This resulted in 8 new columns and we dropped the original columns.

• Labs (histamine or PGD): We dropped tryptase-related information as it was al-
ready included in the Max tryptase column. In addition, we split the column into
two, one indicating whether or not elevated levels of histamine were present,
the other one indicating whether or not elevated PGD levels were present (both
binary encoded).

• Medication: Based on our insights from EDA, H1 and H2 medication was pre-
dominant. We transformed the medication column into three new columns, the
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first of which indicates the presence of H1 medication, the second the presence
of H2 medication, and the third the presence of other medication, each binary
encoded. Patients who did not take medication therefore had a value of 0 in all
three columns.

• Villi/superficial, Lamina propria, Muscularis mucosae, Submucosa: Values in
these columns included ”x”, ”few”, and missing values, which we interpreted as
an approximation for the number of MCs present in each of these tissue parts.
We encoded these values with 1, 0.5, and 0.

• CD63: We applied binary encoding to indicate positive (1) and negative (0) stain-
ing of CD63. We based our imputation strategy on the percentages in the Hamil-
ton et al. paper [3], with positive CD63 staining of 2/4 (50%) for HαT, 6/15 (40%)
for MCAS, and 3/12 (25%) for control group patients.

• Location of MC clusters: Our transformation and imputing approach included
splitting the column into four new columns with each binary value. We did not
differentiate between ”bottom LP” and ”LP”. Further, we assumed that ”sm” is an
abbreviation for submucosa. We note that the addition ”with lymph aggregate”
has a discrepancy with the existing column ”Lymph aggregates”. We created a
separate column ”Location of MC clusters - with lymph aggregates” to account
for this discrepancy.

I bundled the feature engineering and preprocessing steps outlined above and ap-
plied them through custom functions in a customized pipeline (utils ApplyPipeline.py).
It resulted in 34 final features. I later applied the same pipeline to the augmented
dataset to maintain consistent preprocessing (see Appendix H).

3.4 Tabular Data Models

3.4.1 Data Exploration:

My customized script for data exploration analyzed both the original dataset and the
augmented dataset. I used functions to visualize diagnosis counts, analyze distribu-
tions, detect outliers, and perform clustering and PCA. These standard functions made
it easier to see the differences and similarities between the datasets. For example, the
original dataset showed imbalances and many missing values, while the augmented
dataset had similar patterns but with added variability to improve model training.

Using a standardized script for data exploration guarantees uniform analysis across
datasets. This approach helps identify patterns and anomalies effectively, which might
be missed with ad-hoc methods. The script simplifies the preprocessing workflow
by covering various aspects of data exploration, from basic visualizations to complex
analyses like PCA. This consistent process aids in comparing datasets, validating the
impact of augmentation and making informed decisions for model training and evalua-
tion. This methodical approach is essential for maintaining data integrity and maximiz-
ing the utility of both original and augmented datasets in medical research.

The original small dataset visualizations showed significant imbalances, such as
a higher number of female patients and missing values for key features like tryptase
levels. The distribution analyses highlighted specific peaks in age and max tryptase
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Figure 7: PCA and K-Means EDA Analysis

(a) PCA Small Dataset (b) K-Means Small Dataset

(c) PCA Augmented Dataset (d) K-Means Augmented Dataset

Source: Lea Brody-Heine, Traditional Aug Model Training.ipynb & Small DataSet Exploration.ipynb

levels, indicating clustering around certain values. The PCA plot shows that while dif-
ferent diagnosis categories (HαT, MCAS, and normal) display some separation, there
is noticeable overlap, particularly with MCAS. Similarly, the K-Means clustering plot re-
veals that clusters still contain a mix of diagnoses, especially cluster 0, which includes
patients from all three categories (see Figure 7). This indicates that numerical features
alone are not entirely sufficient to clearly distinguish all diagnoses, particularly MCAS.

The augmented dataset visualizations and analyses reflected more variability, which
was expected due to the data augmentation process. The distribution of features re-
mained consistent with the original dataset but showed a wider range and less pro-
nounced peaks, indicating the addition of noise and synthetic diversity. Clustering and
PCA analyses on the augmented data did not show clearer separations between di-
agnoses, particularly for MCAS, compared to the original data (see Figure 7). This
suggests that the added variability from the augmentation did not greatly improve the
model’s ability to distinguish between conditions. The overlap between diagnoses re-
mains similar in both datasets.

The comparisons show that while the original small dataset had specific patterns,
the augmented data introduced more variability. Despite this, the added 2% noise
did not improve the model’s ability to distinguish between diagnoses, as the overlap
between conditions remained similar. Therefore, the augmentation did not enhance
the model’s performance as much as expected.
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3.4.2 Training on the Original Dataset:

The task is to predict the diagnosis (HαT, MCAS, normal) in a supervised, multiclass
classification problem. Since the literature indicates that different algorithms perform
differently in different use cases [39], we trained several different models suitable for
this task:

• Logistic Regression (One-vs-Rest)

• Logistic Regression (Multinomial)

• Decision Tree

• Random Forest

• Gradient Boosting (GB)

• Support Vector Machines (SVM)

• Multilayer Perceptron (MLP)

• XGBoost

We performed an extensive grid search with cross-validation for each classifier to
explore the best constellation of hyperparameters. As the explainability of AI outputs
is highly relevant for clinicians, we included feature importance in the evaluation of
the models to make results more explainable. We wanted to visualize which features
contributed most to a classification decision.

However, not all models have a feature importance attribute, such as the Logistic
Regression. Thus, feature importance was not applied. The results indicate that both
the number of features contributing most to the classification decision as well as the
importance of individual features vary greatly across different models. However, the
features Max tryptase and Autoimmune and Connective Tissue Disorders were among
the most important features across all the models (see Appendix F).

Three model training and evaluation rounds were performed. In the first round,
models were trained and fine-tuned on the imbalanced dataset and the full feature
space. In the second round, synthetic minority oversampling (SMOTE) was applied to
balance the label classes [99]. In the final round, the feature space was reduced to the
features that were most important across all models.

Decision Tree, Random Forest, GB, and XGBoost had the best performance through
all three rounds. The best-performing models from the first round performed equally
well on the balanced dataset, while the Logistic Regression (OvR), SVM, and MLP
performed worse on the balanced dataset. Reducing the feature space did not have
an impact on overall model performance for either of the models, indicating that di-
mensionality reduction could be useful to save computational cost and time. The best-
performing models in all three training rounds achieved an accuracy of 93.33% with
95.00% precision, 93.33% recall, and 93.59% f1 Score (see Figure 8).

3.4.3 Training on the Augmented Dataset:

This section details the methodology and results of developing and training models on
a tabular dataset to classify diagnoses related to MCDs.
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Figure 8: Testing results for model performance

(a) Performance overview with class imbalance and all features

(b) Performance overview with SMOTE and feature reduction

Methodology:

1. Preprocessing:
Initial inspections involved understanding the structure and distribution of the
data, identifying missing values, and analyzing the class distribution of the target
variable ’Diagnosis’. The training dataset included 20,416 samples with features
such as ’Age at Biopsy’, ’Max tryptase’, ’MC # per 40x’, and various categorical
attributes like ’Gender’ and ’Mast cell shape’.
Both the training and test datasets were transformed using the customized pipeline
script from utils ApplyPipeline. This standardized the features post one hot en-
coding, specifically for the original associated diagnosis column. For a more ex-
act comparison of the models trained on the original data and augmented data,
we applied a standardized pipeline to this augmented dataset.
Missing values were present in features like ’Lymph aggregates’, ’Tryptase gene
copy’, and ’Location of MC clusters’. Missing values and empty strings were
turned into NaN values. Additionally, all numeric features were transformed into
numeric types. The label and features were then separated and a label encoder
was applied to the y train and y test set. Numerical features were standardized
using StandardScaler, and categorical features were encoded using OneHotEn-
coder to confirm all features were in a suitable format for ML models.

2. Model Training:
We did not use every model trained on the small dataset here due to high com-
putational expense. We chose models that utilized the extra GPU available to us
via the lab PCs to make sure training and hyperparameter tuning were possible
in a reasonable amount of time.
An XGBoost classifier was trained on the preprocessed data. The model was
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evaluated using accuracy, precision, recall, and f1-score metrics. XGBoost was
chosen for its high performance and efficiency, particularly suited for handling
large datasets and complex classification tasks. An MLP classifier was also
trained and evaluated. This choice was driven by previous observations where
the MLP performed poorly on a smaller dataset. We aimed to investigate whether
the increased data size, augmented through traditional techniques, could im-
prove its performance.

3. Hyperparameter Optimization:
Hyperparameter tuning was performed using GridSearchCV to find the optimal
parameters for the XGBoost model as it performed better than the MLP model.
Parameters such as the number of estimators, max depth, learning rate, subsam-
ple ratio, and column sample ratio were explored to improve model performance.

Results:
The XGBoost classifier initially achieved an accuracy of 82.24%, with high precision
and recall for HαT and MCAS, but lower precision for the normal class, leading to
more false positives in that category (see Figure 9). These results suggest that while
the model effectively identifies HαT and MCAS cases, it struggles more with accurately
classifying normal cases.

Figure 9: Confusion Matrix: XGBoost & MLP

Source: Lea Brody-Heine, Traditional Aug Model Training.ipynb

The MLP classifier achieved an accuracy of 75.87%, showing a slight improvement
over the small dataset. It exhibited balanced performance for MCAS but struggled with
HαT and normal classes, resulting in more false negatives for HαT and false positives
for normal cases (see Figure 9).

After hyperparameter optimization, the XGBoost model’s accuracy improved to
91.17%, with strong performance across all classes. The best parameters included
’colsample bytree’: 0.6, ’learning rate’: 0.1, ’max depth’: 15, ’n estimators’: 200, and
’subsample’: 0.6. This optimization enhanced the model’s ability to generalize to un-
seen data, indicating the importance of fine-tuning for improving model performance.
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However, applying SMOTE and SMOTEENN techniques [99] to address class im-
balances led to a drastic reduction in model performance, with accuracy dropping to
around 20%. This suggests that these techniques introduced noise and artificial pat-
terns that the models could not effectively learn from. This highlights the need for
alternative strategies to handle class imbalances in medical datasets.

The augmented dataset yielded mixed results. The XGBoost model showed con-
siderable improvement after optimization, achieving 91.17% accuracy, while the MLP
model only slightly improved from 73.33% to 74.58%. These findings suggest that
while synthetic data can support model training, it may also introduce challenges, such
as overfitting and difficulties in handling complex medical data. The best models on
the small dataset achieved slightly better precision, recall, and f1 scores, indicating
that careful management of synthetic data is necessary, especially when dealing with
small datasets like the one used in this study, which consisted of only 52 participants
[100], [101].

3.5 Image Data

Please refer to Lena Kormacher’s paper: Exploring Mast Cell Diseases with Machine
Learning, A Proof of Concept for more information on the methodology and results of
this section.

3.6 Microbiome Analysis

To streamline and standardize the exploratory data analysis (EDA) process, I devel-
oped a utility script (utils MicrobiomeEDA.py). This script contains functions for gener-
ating consistent and insightful visualizations and summary statistics, which were used
to assess the real microbiome data before data generation and on the augmented
data.

3.6.1 Data Augmentation for Microbiome Data

This section details the process of generating synthetic microbiome data for normal
individuals and patients with i-MCAS. The Human Microbiome Project data is the basis
for these synthetic samples [102]. The objective was to create a dataset that could be
used for building and testing ML models.

Methodology:

1. EDA & Preprocessing:
Real microbiome data from the Human Microbiome Project was loaded–The Hu-
man Microbiome Project provides a comprehensive dataset of microbial commu-
nities from various human body sites. This dataset was chosen due to its high
quality and extensive coverage, making it ideal for generating realistic synthetic
samples [102].
The dataset was inspected for basic statistical properties and distributions us-
ing functions from the utils MicrobiomeEDA.py script. These functions produced
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summary statistics and visualizations such as histograms and box plots to under-
stand the distribution and variability of the data. This step is necessary to identify
any anomalies or outliers that might affect the synthetic data generation process.
The histograms generated by utils MicrobiomeEDA.plot gene count distribution()
revealed most data points concentrated at lower values with a few high-value out-
liers. The Gene Count histogram is right-skewed, with most counts clustering at
lower values, highlighting the frequency of samples with fewer genes (see Figure
37 in Appendix L).

2. Defining Activators and Suppressors:
Based on existing literature, certain bacteria were identified as key players in
MC activation or suppression. For instance, bacteria such as Klebsiella pneu-
moniae and Escherichia coli were considered activators, while Roseburia homi-
nis, Clostridium leptum, and Ruminococcus obeum were considered suppres-
sors [103]. These identifications were critical for accurately simulating potential
pathological conditions in i-MCAS patients.

3. Generating Synthetic Data:
The synthetic data generation involved modifying the gene counts of the identi-
fied activator and suppressor bacteria. Bootstrapping was employed to gener-
ate synthetic samples. Bootstrapping involves sampling with replacement, which
creates multiple synthetic datasets by repeatedly resampling the original data.
This method was chosen for its strength and ability to create diverse synthetic
datasets without introducing substantial biases [93]. For i-MCAS samples, the
gene counts of activator bacteria were increased by a factor of 2, while the counts
of suppressor bacteria were decreased by a factor of 0.2. This approach ensured
that the synthetic i-MCAS samples reflected the intended potential pathological
condition.

4. Saving Data:
The synthetic datasets for normal and i-MCAS groups were saved as separate
CSV files. This format was chosen to make sure each sample set could be kept
together and individually identified.

5. Validation:
The synthetic data was validated by comparing the mean gene counts of selected
bacteria between the normal and i-MCAS groups. This comparison was done
using statistical tests such as t-tests to confirm that differences were achieved
and the data reflected the intended augmentation (see Figure 35 in Appendix K).
A bar plot was used to present these differences.

Results:
The synthetic microbiome data for normal and i-MCAS samples was successfully gen-
erated using the Human Microbiome Project data as a basis. Validation showed dis-
tinct differences in the mean gene counts of activator and suppressor bacteria between
normal and i-MCAS samples (see Figure 10). The generated synthetic data accurately
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reflected the intended potential pathological condition, confirming the effectiveness of
the data augmentation process.

Figure 10: Mean Gene Counts of Activator and Suppressor Bacteria

Source: Lea Brody-Heine, Microbiome Data/Microbiome Data Aug.ipynb

The visualizations provided clear evidence of these differences, with the bar plots
showing higher gene counts for activator bacteria and lower counts for suppressor
bacteria in i-MCAS samples compared to normal samples.

3.6.2 Microbiome Analysis Model

This section focuses on analyzing synthetic microbiome data to identify patterns and
differences between a control group and a group with i-MCAS. The goal is to un-
derstand the microbiome composition’s possible role in i-MCAS and identify specific
bacteria that differ greatly between the two groups. The analysis involves several key
steps feature extraction, normalization, dimensionality reduction, clustering, and de-
tailed cluster analysis.

Methodology:

1. EDA & Preprocessing:
Synthetic microbiome data was loaded from multiple CSV files and combined
into a single DataFrame. Each sample was assigned a unique Sample ID for
identification reasons. This approach guaranteed all samples were consolidated
correctly for easier analysis and processing. The data was pivoted to have or-
ganisms as columns and samples as rows, transforming the dataset into a format
suitable for ML models. Missing values were filled with zeros to ensure complete-
ness. Standard scaling was applied to normalize the data, ensuring all features
contributed equally to the model. This step prevented any feature from dominat-
ing due to scale differences.
The EDA from utils MicrobiomeEDA.py showed a predominance of bacterial or-
ganisms, significant variation in microbial counts across body sites, particularly
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in the gastrointestinal tract and oral sites, identified the top ten most frequent
organisms, among other insights. The output from the augmented data matched
the real data during exploration indicating a successful augmentation capturing
the patterns of the real data (see Figures in Appendix L).

2. Dimensionality Reduction With Principal Component Analysis (PCA):
PCA was used to reduce the dimensionality of the data to two principal compo-
nents, simplifying the dataset while retaining most of the variance. This made
it easier to visualize and identify patterns or groupings in the data. Principal
components were inspected and analyzed to show the top contributing features
of each principal component. Subsequently, this visualized to understand which
variables (bacteria) drove the variance in the data (see Figure 43 in Appendix M).

3. Unsupervised Learning Model:
K-Means and GMM clustering were applied to the normalized data to identify
distinct groups within the samples. The clusters were visualized in the PCA-
reduced space to understand the natural groupings in the data. K-Means cluster-
ing is a simple yet effective method for identifying distinct groups within the data.
GMM Clustering was used to identify meaningful differences between i-MCAS
and normal samples using a probabilistic approach. For both methods, cluster
labels were added to the data, mean values for each feature within each clus-
ter were calculated, and the top features with the highest differences between
clusters were determined. This analysis revealed which bacteria were notably
more prevalent in either the i-MCAS or the normal group, providing insights into
potential microbial influences on the condition.

Results:
The synthetic data was used to successfully build an ML pipeline for microbiome analy-
sis. Validation confirmed differences between the normal and i-MCAS groups, aligning
with expected pathological conditions.

The scatter plots in PCA-reduced space for both K-Means and GMM clustering
showed clear groupings, indicating that these clustering methods effectively captured
the natural groupings within the data, reflecting the underlying differences in micro-
biome composition between the two groups (see Figure 11 and 44, 45 in Appendix
M). The use of both K-Means and GMM clustering strengthens the pipeline by cross-
validating the clustering results. Because both models produced similar clusters, there
is further confidence in the findings.

Both clustering methods confirmed two distinct clusters corresponding to the nor-
mal and i-MCAS groups. The cluster analysis from both K-Means and GMM mod-
els revealed that certain bacteria, such as strains of Klebsiella pneumoniae and Es-
cherichia coli, were more prevalent in i-MCAS samples, while Ruminococcus obeum
and Clostridium leptum were more common in normal samples (see Figure 12 and 45
in Appendix M). These results show the potential for discovering bacterial biomarkers
associated with i-MCAS. The identified bacteria matched the expected outcomes when
cross-checked with the original augmentation activators and suppressors.
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Figure 11: K-Means Clustering

Source: Lea Brody-Heine Microbiome Models.ipynb

This alignment suggests the model
performed accurately, providing a re-
liable tool for further studies.

The convergence of results from
two different clustering algorithms
suggests that the identified bacte-
rial differences are not artifacts of
a single model’s assumptions but
are more likely to reflect true bi-
ological differences. This redun-
dancy in modeling enhances the re-
liability of the analysis, offering a
stronger foundation for discovering
potential bacterial biomarkers asso-
ciated with i-MCAS. The identified
bacteria matched the expected out-
comes when cross-checked with the
original augmentation activators and

suppressors, further validating the effectiveness of the models and the overall pipeline.

Figure 12: Cluster Analysis

Source: Lea Brody-Heine, Microbiome Models.ipynb

3.7 Model Application

This section outlines the model application processes in ’script.py’. We focus on pre-
processing new data, applying saved models for prediction, and finally, integrating
image classification and object detection.

1. Preprocessing of New Data:
The preprocessing of new data is necessary to confirm the input data is in a
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suitable format for prediction by the trained models. The preprocessing script
includes several key steps:

(a) The new data is loaded from a CSV file into a Pandas DataFrame. Any
empty strings in the dataset are replaced with NaN values to handle missing
data appropriately.

(b) Numerical features are identified by selecting columns with numeric data
types. These features are then converted to numeric types, with any errors
in conversion resulting in NaN values.

(c) If the ”Diagnosis” column exists in the new data, it is dropped to prevent any
leakage of target information during prediction.

(d) The custom preprocessing pipeline, defined in a separate utility script
utils ApplyPipeline, is applied to the data to maintain standardized prepro-
cessing and consistency of tabular data throughout the project before model
prediction or training.

2. Tabular Model Application and Prediction:
Script.py includes functions to apply saved models for generating predictions.
The key steps are outlined as follows:

(a) The new data’s initial shape and column count are printed for verification.
The saved XGBoost and MLP models are loaded using the joblib library.

(b) Features are extracted from the new data using the preprocess new data
function, which applies the preprocessing pipeline and handles any neces-
sary data cleaning and transformation.

(c) Predictions are made using both the XGBoost and MLP models. The pre-
dicted values are added to the DataFrame as new columns (’XGBoost Prediction’
and ’MLP Prediction’).

(d) The predictions are printed to verify the output and confirm the models func-
tion as expected.

3. Image Classification & Object Detection: Please see Lena Korfmacher’s paper:
Exploring Mast Cell Diseases with Machine Learning, A Proof of Concept for an
explanation of application methodology.

Results:
The script combines the main components of our project and provides users with an
easy way to make predictions by applying the trained and tested models to new data.
The script requires specifying a path to a csv file that includes the new tabular data, a
path to a new image, and, if necessary, selecting a suitable model.

After preprocessing, the script used the XGBoost and MLP models to make pre-
dictions on this data. The output showed that the XGBoost model predicted various
classes for the data points, with predictions of 0, 2, 0, 1, and 0 for the five entries.
In contrast, the MLP model consistently predicted class 2 for all entries, indicating a
potential issue with the MLP model’s ability to differentiate between the classes in this
dataset. The discrepancy between the models’ predictions suggests that the XGBoost
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model handled the data more effectively, whereas the MLP model may require further
tuning or adjustments to better capture the data’s nuances.

Currently, the tabular data does not correspond to the biopsy image. When using
the application in the future, care should be taken to connect the tabular data and
biopsy images from the same patient to enable consistency in patient pathology. Fur-
ther, the image classifier model was too large to save and push into GitHub. Therefore,
the image classification code in the script serves as a placeholder. Future implemen-
tations will require different technologies with more available memory to handle the
full model and seamlessly integrate the tabular data. Please see Lena Kormacher’s
paper: Exploring Mast Cell Diseases with Machine Learning, A Proof of Concept for
more information regarding image classification and object detection.

The microbiome model was not included here because it is not a classification
model nor a supervised learning model. Instead, it focuses on identifying patterns
and making discoveries for research purposes, which do not align well with the current
application file’s structure.

4 Discussion & Critical Appraisal

Our dissertation presents a proof-of-concept approach to exploring and diagnosing
MCDs using various ML and DL algorithms. The work does not claim to provide sci-
entific evidence but instead offers a framework that could be replicated and expanded
upon with more comprehensive data. A significant limitation of this research is the
insufficient data underpinning, as ML and DL models require extensive data to learn
and improve.

Despite these limitations, our research demonstrates that ML models can classify
two MC disorders, HαT and MCAS. The models can also distinguish the two diagnoses
from the control group subjects with other gastrointestinal conditions.

The innovative approach in this dissertation, along with our integration of diverse
data sources and ML/DL techniques, provides results that are not reliant on a single
AI outcome or the judgment of one human expert. While the primary objective was to
develop tools that could support researchers studying MCDs and medical diagnostics,
the artifact underscores the need for further work to refine these methods and validate
them with more extensive, high-quality data.

Our work highlights the potential of ML and DL in the field of MCD diagnosis but
also points to the need for replication and further development to achieve the level of
reliability required for clinical and research applications.

4.1 Tabular Data

4.1.1 Strengths, Limitations, and Challenges

Using both the original and augmented datasets provided distinct strengths and chal-
lenges. Some of the models trained on the original dataset, although small with only
52 participants, had relatively high accuracy demonstrating that even limited data can
yield meaningful insights with the correct algorithm application. However, the small
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sample size also presented challenges, particularly for more complex models like MLP,
which generally require larger datasets to capture underlying patterns effectively.

The tabular data required extensive preprocessing and transformation to be suit-
able for model training. Handling longitudinal data and multiple procedures per patient
added complexity, necessitating careful data management to provide the models with
accurate and relevant information. Despite these efforts, the small size of the dataset
limited more complex models’ ability to generalize, highlighting the need for more data
to improve these models’ performance.

The augmentation process aimed to address the limitations of the small dataset
by increasing its size and introducing synthetic variability. This provided more data for
training and helped the models generalize better, as seen in the slight improvement in
MLP accuracy. Exploring augmented data can reveal important patterns not present in
the original dataset. Nevertheless, it should be noted that the approach used for aug-
menting tabular data was not state-of-the-art, as more advanced methods like those
discussed by Murtaza et al. could potentially have produced better results [104]. The
use of GANs for data augmentation was unsuccessful, as the generated synthetic data
failed to mimic the original dataset accurately, further contributing to the challenges in
achieving effective model training.

There were considerable limitations with the augmented dataset. Introducing syn-
thetic variability also introduced noise, leading to reduced model performance com-
pared to the original dataset. This was particularly evident in the XGBoost and MLP
models, where the augmented data led to overfitting and decreased generalizability
[101]. Additionally, techniques like SMOTE, intended to address class imbalances,
were not effective and resulted in biased predictions, especially for the normal class
[22], [99].

Training models on both datasets presented challenges. The complexity of medical
data means that subtle and important patterns can be lost or misrepresented, par-
ticularly when augmentation introduces noise. The small sample size of the original
dataset limited the effectiveness of the models, while the augmented dataset’s syn-
thetic variability did not fully address these limitations. Proper handling of longitudinal
data and multiple procedures per patient remained a challenge, as did the non-ideal
augmentation approach. Predictions on test image data were not made on truly un-
seen data, as some synthetic versions of the test images were already present in
the training and validation sets due to a lack of original biopsy images. This further
complicated the assessment of model performance.

While the augmented dataset provided some benefits, it also introduced new chal-
lenges that highlight the need for more advanced augmentation techniques and mind-
ful data management in future research.

4.1.2 Broader Implications

The scripting applied in this study highlights the potential for integrating various ML
models into a cohesive framework that can be used to predict outcomes based on
tabular and image data. The ability to load new data, preprocess it, and generate pre-
dictions using saved models like XGBoost and MLP is particularly useful for clinical
and research applications. However, the discrepancies between the performance of
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models trained on original and augmented data emphasize the need for careful con-
sideration of data quality and model training techniques in future applications.

The marginal gains in MLP performance when using augmented data suggest that
not all models benefit equally from data augmentation, particularly when synthetic data
introduces noise or fails to capture the complexity of real-world patterns. This finding
underscores the importance of selecting appropriate augmentation techniques and
ensuring that synthetic data closely mimics the characteristics of the original dataset.

Furthermore, the broader implications of this study extend to general ML models in
medical applications. The success of the XGBoost model in maintaining high accuracy
across both original and augmented datasets indicates that tree-based models may
be more resilient to variations in data quality. This suggests that XGBoost and similar
algorithms could be prioritized in scenarios where data augmentation is necessary, but
model robustness remains a concern.

The integration of these ML models into a streamlined workflow, as demonstrated
in this study, provides a foundation for developing more advanced diagnostic and re-
search tools. By refining augmentation techniques and optimizing model performance,
future research can build upon this framework to create reliable, scalable solutions for
analyzing complex medical data. Ultimately, this approach has the potential to en-
hance the accuracy and efficiency of medical research, leading to better patient out-
comes, more informed clinical decision-making, and better treatments.

4.1.3 Objectives Met

The tabular data section met Objectives 1, 2, and 3 across both the original and aug-
mented datasets (please see Lena Kormacher’s paper: Exploring Mast Cell Diseases
with Machine Learning, A Proof of Concept for information on the success of image
data for Objectives 2 & 3).

Objective 1: Develop a ML Algorithm for Pathological Data Analysis:
For the original data, the XGBoost model demonstrated strong performance, show-
ing that traditional ML algorithms can effectively analyze pathological data. Yet, the
performance slightly dropped when training on the augmented dataset, even after hy-
perparameter optimization.

Objective 2: Explore Generative AI Models for Synthetic Data Generation:
We successfully implemented Objective 2 and were able to compare augmentation
techniques and found the traditional augmentation to increase the dataset size proved
more effective at capturing the patterns from the real dataset. The GAN-based ap-
proach failed to produce a useful dataset as it had difficulty creating high-quality syn-
thetic data that closely mimicked the real set. The traditional augmentation methods,
despite their limitations, were more successful in supporting the training process com-
pared to the GAN approach. As a result, Objective 2 was met but it also emphasizes
the challenges posed by synthetic data generation stressing the need for further re-
finement and alternative strategies in future work.

Objective 3: Develop a Proof-of-Concept AI Tool for Clinical Application and Re-
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search:
The development of ML models that integrated both original and augmented data met
the criteria for Objective 3. These models demonstrated the potential for creating a
scalable AI tool suitable for clinical and research purposes. The project succeeded in
highlighting both the strengths and limitations of these approaches, especially in the
context of MCDs.

4.2 Image Data

Please see Lena Korfmacher’s paper: Exploring Mast Cell Diseases with Machine
Learning, A Proof of Concept for the discussion on the image data, methodology, and
results.

4.3 Microbiome Analysis

4.3.1 Strengths, Limitations, and Challenges

One of the main strengths of this section is using synthetic data to develop and test
methods for microbiome research. This approach created a flexible framework that
can be applied to real patient data. The methods used, including feature extraction,
PCA, K-means clustering, and Gaussian Mixture Model (GMM) clustering, provide a
comprehensive model for microbiome analysis [105]. The inclusion of GMM along-
side K-means clustering offers an additional layer of validation because both models
independently identified similar clusters within the data. This congruence between
two distinct clustering algorithms reinforces the strength of the identified groupings.
It indicates that the underlying patterns in the microbiome data are well-captured by
the chosen models. In future work, employing additional clustering models would be
advisable. I could not explore these options due to the limitations of GPU support
and the time constraints associated with running such models. Still, future use of ad-
vanced dimensionality reduction techniques like t-SNE could make this more feasible
[22]. Lastly, my pipeline ensures reproducibility and consistency, making it a valuable
tool for future research into the microbiome’s role in health and disease.

The microbiome analysis section has several limitations. The augmentation pro-
cess relies on a single study to identify MC activators and suppressors, which may not
capture the full complexity of microbial and immune system interactions. Using gene
count as the measure of abundance data may not be the most accurate representa-
tion; future research should incorporate more precise abundance measures. Gene
counts can be misleading due to variations in 16S rRNA gene copy numbers among
different taxa, which can overestimate or underestimate actual organismal abundance
(see Appendix C for more information). Normalization strategies, such as Quantitative
Microbiome Profiling (QMP) or using reference taxa, provide more accurate abun-
dance measures by adjusting for these variations [106]–[108]. Likewise, the current
model cannot determine whether the observed microbiome disparities are a cause of
i-MCAS or merely another symptom of the condition.

Additionally, the models recognize only binary outcomes due to the binary data,
whereas real data will likely present more complex clustering beyond merely two groups.
This simplification does not fully capture the potential diversity in actual patient micro-

35



biome compositions. While synthetic data provides a controlled environment for model
training, the nuances of real-world data will likely lead to different outcomes and in-
sights. Efforts must improve the models’ robustness to guarantee it will accommodate
a wider range of microbiome diversity in future analyses.

Several challenges were encountered during the microbiome analysis. Augment-
ing data was especially difficult because each sample represented an entire CSV file
of microbial data. Integrating this large amount of information into a format suitable for
model training was complicated. For example, a single person’s sample could contain
data on 2,000-3,000 different microbes with each microbe represented as a single row.
The integrity of each sample’s data needed to be maintained but also structured cor-
rectly for analysis. Developing a methodology to handle this complexity was a critical
part of the section’s success but also one of the most challenging.

4.3.2 Broader Implications

The findings from the microbiome analysis have several broader implications for both
scientific research and clinical practice. These implications are beyond the immediate
results of this dissertation and suggest avenues for future exploration and potential
real-world applications

This dissertation demonstrates the potential of using synthetic microbiome data to
train ML models. By providing a framework that can be applied to real patient data,
researchers will be equipped with the tools necessary to analyze microbiome compo-
sitions in i-MCAS and normal individuals. This approach identifies microbial patterns
and biomarkers that could be critical in understanding the underlying mechanisms of
i-MCAS.

The significance of this dissertation is in applying these analytical methods to actual
patient data. Researchers can plug their own microbiome datasets into the established
pipeline, leveraging the existing model and analysis techniques without needing to
rebuild pipelines or outsource ML analysis. This flexibility enables future studies to
efficiently gain insights from their specific datasets.

The methodologies employed, including feature extraction, PCA, and K-Means
clustering, provide a standardized analytical method researchers can use to main-
tain consistency and comparability across different studies. Therefore, enhancing the
reproducibility and scalability of i-MCAS microbiome research. This could contribute
to a more comprehensive understanding of how the microbiome influences health and
disease [109], [110].

If validated with real patient data, non-invasive diagnostic tests based on micro-
biome profiles could be created, improving patient outcomes through timely and ac-
curate diagnosis. Additionally, personalized medicine approaches could benefit from
this research, as understanding the unique microbial profiles of i-MCAS patients could
lead to targeted treatments that modulate the microbiome. Thus, resulting in more
effective therapies and improved quality of life for patients [111], [112].

The broader implications of this dissertation emphasize the importance of contin-
ued research into the microbiome’s role in health and disease. By advancing scientific
knowledge and providing practical tools for researchers, this dissertation has the po-
tential to impact the understanding and treatment of i-MCAS and other related condi-
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tions.

4.3.3 Objectives Met

Objective 4: Build a tool for the Investigation of Microbiome Discrepancies in i-MCAS
Patients:
This section of the dissertation successfully met objective 4. The implementation of
data augmentation techniques, including bootstrapping, generated comprehensive mi-
crobiome datasets for both normal individuals and i-MCAS patients. I manipulated
specific bacteria classes to emulate potential discrepancies in these groups and en-
sure the synthetic data accurately represented the expected microbial imbalances.
An unsupervised learning model was used to identify and characterize significant mi-
crobiome discrepancies between i-MCAS patients and healthy individuals. PCA and
K-Means clustering created visualizations to identify distinct microbial patterns and
differences. These analyses confirmed the presence of potential differences in mi-
crobial compositions between the two groups, aligning with the expected pathological
conditions and validating the approach used in this dissertation.

4.4 Future Work & Recommended Use

Based on the findings, we recommend focusing future work on applying the models to
larger, high-quality datasets. In clinical or research settings with ample data, the need
for data augmentation, as used in this study to supplement the lack of data, would be
minimized. Acquiring and utilizing comprehensive, clean datasets to enhance model
accuracy and reliability without relying on synthetic data should be a priority.

The models showed promise, especially after hyperparameter optimization, but
continued validation with expert clinicians will be essential to confirm the models’ ef-
fectiveness. The framework developed in this dissertation offers a solid starting point,
noting that collaboration with clinical professionals and iterative testing will be nec-
essary for fine-tuning these models to meet diagnostic needs and fully develop their
potential.

In the idealized application flow presented in Figure 13, we outline a process for
integrating our ML models to support both diagnosis and research in MCDs. The pro-
cess starts by using image data from histopathologic tissue slides that are processed
through an object detection model to count MCs. This count should be validated by
an expert before being fed into a tabular data classifier that categorizes the samples
into the three diagnostic classes. The count could also be used on its own as further
information about a patient’s health.

Pathologic tabular data would be processed through a tabular data classifier, also
yielding an output of HαT, MCAS, or normal. Expert validation will play a crucial role at
this stage as well to confirm that the classifier’s output aligns with clinical expectations.

Separately, microbiome data could be analyzed using K-Means clustering to dis-
cover novel biomarkers specific to i-MCAS. This analysis would not feed directly into
the diagnostic process but would be used for research purposes to enhance the un-
derstanding of i-MCAS and potentially uncover new therapeutic targets.
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Figure 13: Suggested Integration of Modules (idealized)

Source: Lea Brody-Heine & Lena Korfmacher — Miro

4.4.1 Utilize The Code Pipelines For Real Data

To run the project and analyze your own data, follow these steps:

Upload Your Data:

• Prepare your data in a format consistent with the project’s existing datasets (e.g.,
CSV for tabular data with similar features).

• Upload the data to the appropriate directory, such as ‘Tabular Data/‘ or ‘Image
Data/‘.

Specify Data Paths:
Open the relevant notebook and update the data loading commands to point to your
files. For example:

data = pd.read_csv(’Tabular Data/your_data_file.csv’)

Choose a Pipeline:

• Select an appropriate pipeline from the provided notebooks for data preprocess-
ing, augmentation, and model training.

• Customize the pipeline if necessary by modifying preprocessing steps or model
parameters.
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Run the Pipeline:
Execute the pipeline to clean, preprocess, and augment your data as needed. This
includes tasks like handling missing values, scaling, and encoding.

Train and Evaluate Models:

• Split your data into training and testing sets, then train the model using the cho-
sen pipeline.

• Evaluate the model’s performance and save the trained model for future use.

Use the Trained Model for Predictions:

• Save your trained model (e.g., as a ‘.pkl‘ file).

• Use the ‘script.py‘ file to load the saved model and make predictions on new data
by specifying the model and data paths in the script.

5 Ethical Considerations

This dissertation was approved by the Ethics Committee of the University of St An-
drews. Please see appendix D for the approval document.

We have carefully considered the broader ethical implications of applying AI and
ML technologies in the medical field. The sensitive nature of our obtained medical
data necessitates stringent data privacy measures, particularly in the context of ma-
chine learning models that require large datasets for training. While the data was
anonymized before our use, we maintained its secure storage as a critical measure for
preserving confidentiality and protecting patient rights.

Potential bias in AI models, especially when dealing with medical diagnostics, is
a important ethical concern. Biases in training data can lead to unequal treatment
outcomes, disproportionately affecting underrepresented groups [113]. In future work,
these concerns must be addressed by implementing strategies to identify and mitigate
biases during model development.

The transparency and interpretability of AI models are critical in clinical settings.
Clinicians and researchers must understand and trust the decisions made by these
systems, especially when they directly impact patient care. This research emphasizes
the further need for xAI methods to guarantee that the outputs of the models are inter-
pretable and actionable by medical professionals.

6 Summary

This dissertation explored the use of machine learning techniques to tackle the di-
agnostic and research challenges associated with mast cell diseases, specifically
idiopathic mast cell activation syndrome (i-MCAS) and hereditary alpha-tryptasemia
(HαT). By integrating diverse data types–pathological data, microbiome samples, and
biopsy images–we developed and evaluated models that can identify patterns that tra-
ditional methods might overlook. To overcome the limitation of small datasets, which
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is a common issue in medical research, we compared traditional data augmentation to
generative models and found more success with traditional augmentation.

Figure 14: Contribution Flow Chart

Source: Lea Brody-Heine & Lena Korfmacher — Miro

Our approach is relatively novel, particularly in the context of combining machine
learning with microbiome analysis and histopathological image data to study mast
cell diseases. The current literature often focuses on these elements in isolation, but
the integration seen in this work represents a more holistic approach that could lay
the groundwork for more accurate and comprehensive diagnostic tools. While the
results were promising, there are areas for improvement, especially regarding model
fine-tuning and tackling the ethical implications of bias in AI models. Our dissertation
contributes to the growing body of research that seeks to leverage AI for complex
medical diagnostics and research, demonstrating both its potential and the need for
continued exploration and refinement.

7 Personal Contribution

• Tabular Data Exploration Scripting and development

• Model Training on the Augmented Data

• Entire Microbiome Section

• GAN Data Augmentation Attempt

• Responsible for scripting, refactoring, and standardization of processes and method-
ologies through the code base

• Built the model application script: script.py
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Appendix

A Code Operation Manual

Set Up

Before you begin, ensure that you have the following prerequisites installed on your
system:

• Python 3.7+: The codebase is developed in Python, and it is recommended to
use Python version 3.7 or higher.

• Git: Required to clone the repository.

• Virtual Environment: Strongly recommended for managing project dependen-
cies.

Step 1: install the required dependencies:

pip install pandas numpy matplotlib seaborn scikit-learn joblib xgboost

tensorflow keras scipy ipython opencv-python pillow dask[bag] ultralytics

Step 2: Clone the project repository from GitHub to your local machine using the
following commands:

git clone https://github.com/username/thesis-project.git

cd thesis-project

File Directory

The project is organized into several directories, each serving a specific purpose. Table
2 outlines the important files in our repository.

Running the Code Base

To run the project and review the analysis:

1. Open the relevant Jupyter notebooks or scripts and verify that the data paths are
correct.

2. Execute the notebooks to preprocess data, train models, and generate results.

3. Use the ‘script.py‘ for running predictions with pre-trained models.

Please note that the project cannot be executed without the data files. We did not
attach the data files in our submitted code base for size and medical privacy reasons.
Please reach out if you need further assistance or would like to receive the data in a
secure way.
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Table 2: List of Artifact Files for this Thesis

File Directory Description

Image

Classification.ipynb

Image Data/Image
Classification

Contains notebooks related to image
classification tasks.

ObjectDetection.ipynb

Image
Data/Object
Detection

Includes notebooks for object detection tasks
involving histopathology images.

MicrobiomeDataAug.ipynb Microbiome Data/
Notebook for data augmentation specific to

microbiome data.

MicrobiomeModels.ipynb Microbiome Data/
Notebook for modeling and analyzing

microbiome data.

Small DataSet

Exploration.ipynb

Tabular
Data/Small

Dataset
Notebook for initial data exploration.

Small DataSet

Model.ipynb

Tabular
Data/Small

Dataset

Notebook for building and evaluating models
on the small dataset.

TraditionalAug

ModelTraining.ipynb

Tabular
Data/Tabular Data

Augmenta-
tion/Model

Training

Notebook to train on augmented data.

TraditionalAugmentation

Tabular.ipynb

Tabular
Data/Tabular Data

Augmentation

Notebook for traditional data augmentation
techniques.

GAN DataAugmentation

Tabular.ipynb

Tabular
Data/Tabular Data

Augmentation

Notebook for applying GAN-based
augmentation.

utils ApplyPipeline.py Utils Scripts/
Script to apply the data processing pipeline to

new data.

utils DataExploration.py Utils Scripts/ Functions for exploratory data analysis.

utils diagnosisgroups.py Utils Scripts/
Functions for grouping data based on

diagnosis categories.

utils preprocessing.py Utils Scripts/ Data preprocessing utilities.

script.py
Models and

Scripts/
A script that ties together various parts of the

codebase for executing a full analysis pipeline.

B Testing Summary

In this project, we tested our machine learning models using a traditional approach
where 20% of the data was held out as a testing set to evaluate model performance.
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We focused on ensuring that our models were not only accurate but also generalized
well. The evaluation metrics included accuracy, precision, recall, and F1-score provid-
ing insights into how well the models performed in classifying and predicting outcomes
based on both the original and augmented data. For the microbiome’s unsupervised
model, the model was tested manually by comparing the cluster analysis output to the
bacterial I manipulated during the augmentation phase.

Throughout the testing phase, we monitored the models’ performance and made
necessary adjustments to optimize results. While the initial outcomes were promising,
indicating that the models could effectively handle the data, continuous fine-tuning
was essential to address any discrepancies or biases observed during testing. This
straightforward approach was critical for validating the models’ applicability to real-
world scenarios, though further testing with more diverse datasets would be beneficial
to confirm these findings.

C Bioinformatics & 16s Sequencing

Bioinformatics is essential in microbiome research. It combines biology and compu-
tational techniques to analyze data from microorganisms. There are two important
methods for sequencing microbiome data: shotgun and 16s. The human microbiome
project data was created using 16s, therefore, the following explanation will focus on
the 16s bioinformatics pipeline. 16S rRNA sequencing allows scientists to identify and
quantify bacterial species in a sample by analyzing the 16S ribosomal RNA gene found
in all bacteria and archaea and comparing the sequences to a database of known bac-
terial genes. The wisdom gained from 16S rRNA sequencing reveal the diversity and
composition of microbial communities, offering valuable perspectives for research in
health, disease, and environmental microbiomes. Please see Appendix J for a more
detailed process flow of this pipeline.

D Ethics Approval
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E Tabular Data EDA Figures

Figure 15: Imbalanced Classes

(a) Original Data

(b) Augmented Data
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Figure 16: Original Data Box Plot Outliers

Figure 17: Augmented Data Box Plot Outliers
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Figure 18: Gender Distribution Comparison

(a) Original Data

(b) Augmented Data

Figure 19: Diagnosis Distribution Comparison

(a) Original Data

(b) Augmented Data
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Figure 20: Comparison of Max Tryptase Levels Distribution

(a) Original Data

(b) Augmented Data

Figure 21: Tryptase Gene Copy Number Distribution Comparison

(a) Original Data

(b) Augmented Data
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Figure 22: Distribution of Mast Cell Shapes Comparison

(a) Original Data

(b) Augmented Data

Figure 23: Age Distribution at Biopsy in Original vs. Augmented Data

(a) Original Data

(b) Augmented Data
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Figure 24: Medication Use Distribution in Original vs. Augmented Data

(a) Original Data

(b) Augmented Data
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Figure 25: Procedure Distribution Comparison

(a) Original Data

(b) Augmented Data
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Figure 26: Comparison of Mast Cell Shape, Gender, and Diagnosis

(a) Original Data

(b) Augmented Data

Figure 27: Distribution of Mast Cell Shape by Diagnosis

(a) Original Data

(b) Augmented Data
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Figure 28: Comparison of Mast Cell Count by Diagnosis

(a) Original Data

(b) Augmented Data

Figure 29: Comparison of Maximum Tryptase Levels by Diagnosis

(a) Original Data

(b) Augmented Data
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Figure 30: Age Distribution by Diagnosis Comparison

(a) Original Data

(b) Augmented Data
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F Feature Importance

Figure 31: Comparison of feature importances for selected models

(a) Feature importance of Gradient Boosting

(b) Feature importance of Random Forest

(c) Feature importdance of XGBoost
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G Tabular Data Augmentation Figures

Figure 32: Comparison of features: Original & GAN Generated Data
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H Tabular Data Features

Table 3: Final Features in the Tabular Dataset

Feature Description
Age at Biopsy Age of patient at the time of the biopsy (numeric)

Gender Gender of patient, female/male (binary)
Max tryptase Maximum tryptase serum value (numeric)

Tryptase gene copy Presence of excess tryptase gene copies (binary)
MC # per 40x Mast cell density at 40x magnification (numeric)

Mast cell shape Shape of mast cells, round/round and spindled (binary)
Lymph aggregates Presence of lymph aggregates (binary)
Spindle shape % Percentage of mast cell spindle shape (numeric)

Villi/superficial Presence of mast cells in the villi/superficial (binary)
Lamina propria Presence of mast cells in the lamina propria (binary)

Muscularis mucosae Presence of mast cells in the muscularis mucosae (binary)
Submucosa Presence of mast cells in the submucosa (binary)

CD63 CD63 staining, positive/negative (binary)
MC aggregate size and number

- cells
Number of cells per mast cell aggregate (numeric)

MC aggregate size and number
- aggregates

Number of mast cell aggregates (numeric)

Procedure (EGD or CLS) Performed procedure, EGD/CLS (binary)
Procedure Findings Procedure findings yes or no (binary)

Labs - histamine Elevated histamine values yes or no (binary)
Labs - PGD Elevated PGD values yes or no (binary)

Medication - H1 Patient takes H1 medication (binary)
Medication - H2 Patient takes H2 medication (binary)

Medication - Other Patient takes other medication (binary)
Location of MC clusters - LP Mast cell clusters in lamina propria (binary)

Location of MC clusters -
Submucosa

Mast cell clusters in submucosa (binary)

Location of MC clusters - Villi Mast cell clusters in villi (binary)
Location of MC clusters - with

Lymph Aggregate
Mast cell clusters with lymph aggregates (binary)

Allergic Conditions Patient has reported/diagnosed allergic conditions (binary)

Gastrointestinal Conditions
Patient has reported/diagnosed gastrointestinal conditions

(binary)
Autoimmune and Connective

Tissue Disorders
Patient has reported/diagnosed autoimmune or connective

tissue disorders (binary)
Respiratory and Cardiovascular

Conditions
Patient has reported/diagnosed respiratory or cardiovascular

conditions (binary)
Skin Conditions Patient has reported/diagnosed skin conditions (binary)

Neurological and Psychological
Conditions

Patient has reported/diagnosed neurological or
psychological conditions (binary)

Nutritional and Metabolic
Conditions

Patient has reported/diagnosed nutritional or metabolic
conditions (binary)

Other Conditions Patient has reported/diagnosed other conditions (binary)
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I Methodology Flow Chart

Figure 33: Methodology Flow Chart
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J 16s Bioinformatics Pipeline

Figure 34: 16s Bioinformatics Pipeline

Source: [102]
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K Statistical Testing

Figure 35: Results of T-Testing

The t-test results reveal significant differences between the normal and i-MCAS groups for certain
bacteria. Klebsiella pneumoniae strains and Ruminococcus obeum showed substantial variations,
highlighting their potential as biomarkers for i-MCAS. The extreme T-Statistic values indicate clear
differentiation between the groups, supporting the validity of the synthetic data and the pipeline’s

effectiveness.

Figure 36: Kolmogorov-Smirnov Testing Results

The test results show significant differences between the synthetic and original data distributions for
key features such as ’Age at Biopsy’ and ’Max tryptase’. The high KS statistics and low p-values
indicate that the synthetic data distribution does not closely match the original data distribution,

suggesting areas where the augmentation process may need refinement.
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L Microbiome Original & Augmented Data EDA Figures

Figure 37: Gene Count Distribution

(a) Original Data

(b) Augmented Data (log)

The original data shows a right-skewed distribution of gene counts, while the augmented data uses a
logarithmic transformation to compress the range and better visualize the differences in gene count

distribution, especially among lower values.
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Figure 38: Top 10 Most Common Organism

(a) Original Data

(b) Augmented Data
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Figure 39: Domain Distribution

(a) Original Data

(b) Augmented Data
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Figure 40: HMP Body Site Distribution

(a) Original Data

(b) Augmented Data
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Figure 41: Domain Distribution By Body Site

(a) Original Data

(b) Augmented Data
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Figure 42: Gene Count by Body Site

(a) Original Data

(b) Augmented Data

The gene count distribution across different body sites in both the original and augmented datasets
highlights key variations. The augmented data reflects a broader distribution range, particularly in
gastrointestinal and oral sites, while preserving the overall patterns observed in the original data.
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M Microbiome Clustering Figures

Figure 43: Inspection of the Principal Components

Source: Lea Brody-Heine, Microbiome Models.ipynb
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Figure 44: Gaussian Mixture Model Clusters

Source: Lea Brody-Heine

Figure 45: Gaussian Mixture Model Cluster Analysis

Source: Lea Brody-Heine
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