
TDA technologies on fMRI
what topology can tell us about data

Bachelor of Science
by

Marta Visetti
Computer science
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Abstract

Functional magnetic resonance imaging (fMRI) is widely used to study neurodegener-
ative diseases, nonetheless extracting discriminative features for automated classification
remains challenging. This thesis evaluates the use of Topological Data Analysis (TDA),
combined with functional connectivity features, to distinguish neurodegenerative patients
from healthy controls. Persistent homology is applied to functional connectivity matri-
ces derived from ENIGMA resting-state fMRI data to extract topological descriptors,
which are evaluated using multiple machine learning models with and without Principal
Component Analysis (PCA). Across all experimental settings, classification performance
consistently results at a non-deterministic level, with accuracy and ROC AUC values
close to 0.5. This indicates that neither model choice nor PCA is the primary limiting
factor, suggesting that global topological summaries of functional connectivity may be
insufficient for binary disease classification.
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Introduction

Neurodegenerative diseases, of which Alzheimer’s and Parkinson’s disease are the most
common, constitute a major public health challenge. [29] This is particularly evident with
the aging of the population where more and more people are affected by these diseases.
Early detection and accurate characterization of these disorders are crucial for improving
clinical outcomes and for advancing the understanding of their underlying mechanisms.
Resting-state functional magnetic resonance imaging (rs-fMRI) has emerged as a power-
ful non-invasive tool for studying large-scale brain organization, allowing the analysis of
functional connectivity patterns across distributed brain regions, the regions of interest.
Extracting features that are both robust and discriminative from fMRIs for automated
disease classification remains challenging. In recent years, Topological Data Analysis
(TDA) has been proposed as a complementary framework for analyzing complex, high-
dimensional data. By focusing on the shape of data across multiple scales, TDA offers
descriptors that are theoretically robust to noise and invariant to certain transformations.
Instead of the classical data approach we aim for a study of the underlying shape of data
and then analyze the results statistically.
Motivated by these properties, this thesis investigates the applicability of TDA to fMRI
data in the context of neurodegenerative disease classification. In particular, persis-
tent homology is applied to functional connectivity matrices derived from the ENIGMA
dataset to extract topological descriptors, including Betti curves, persistence landscapes,
persistence silhouettes, and persistence images. These features are evaluated using gradient-
boosting-based classification models, both with and without dimensionality reduction via
Principal Component Analysis (PCA).
This thesis aims to assess whether TDA-based representations of functional connectiv-
ity provide discriminative information for distinguishing neurodegenerative patients from
healthy controls. On this matter, it then examines the impact of PCA on the performance
of classifiers trained on TDA-derived features. This thesis focuses on an evaluation of an
existing analysis pipeline and its adaptations.
The remainder of this thesis is organized as follows. Part I states some prior knowledge.
Chapter 1 introduces the theoretical background of Topological Data Analysis and persis-
tent homology. Chapter 2 quickly describes some fundamentals of neurological data sets.
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CONTENTS 2

Part II is implementation driven. Chapter 3 focus on the preexisting pipeline describing
its functioning. Chapter 4 defines and describe the modifications made for the new ap-
proach. Part III reflects on the results obtained. Chapter 5 discusses the implications of
the findings and outlines directions for future research.



Part I

Background and theory
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Chapter 1

Topological Data Analysis

1.1 Introduction

The main focus of this thesis is on the benefits one gets from applying topological data
analysis to the research field. This method introduces an innovative approach to studying
the shape of data[22] and do our analysis related to this information. Starting from the
idea that data are sampled from a geometric object; we want to find this intrinsic object
back to study the data under a geometrical perspective. [10] The emerging area of
topological data analysis focuses on the recovery of the lost topology of this underlying
space [43]. For the reader to understand the usage of Topology Data Analysis (TDA)
on the data, we first need to clarify some basic topological concepts and other algebraic
tools that will be used in the work. This chapter guides the reader through them.

1.2 Homology

Homology is a fundamental tool of algebraic topology that is used to assign invariants to
topological spaces; the latter maintain essential information about their original structure
[25]. For the active usage in machine learning, homology is a less resource costly and easier
to compute tool than others like homotopy, but can still be very helpful in retrieving
information and classifying the data.

Definition 1. Homology groups are topological invariants of topological spaces; defined
using chains, cycles, and boundaries. [25]

Definition 2. An Homology class is one element of a homology group; homology
classes represent individual topological features.

4



CHAPTER 1. TOPOLOGICAL DATA ANALYSIS 5

1.3 Holes and Betti numbers

1.3.1 Topological holes

In this thesis, the homological components taken into consideration and studied are of
dimension 0 and 1 in homology, which correspond to connected components and tunnels.
Intuitively, connected components represent sets of mutually connected points, while
tunnels correspond to loops in a graph or, more generally, to one-dimensional topological
holes.

1.3.2 Betti numbers

The dth Betti number counts the number of d-dimensional holes. Objects can be classified
and differentiated in algebraic topology according to their Betti numbers. For each degree
k, the kth Betti number βk is defined as the rank of Hk(Σ) and it counts the number of
independent k-cycles which do not represent the boundary of any collection of simplices of
Σ. When studying low dimensional spaces, we mainly focus on the connected components
β0, tunnels and their holes β1 and the shell surrounding voids or cavities β2. [21]
Betti numbers can explain the principle behind the famous statement in topology that

Figure 1.1: Examples of topological spaces with their corresponding Betti numbers. Figure
created with Canva tool.

a torus and a mug are the same shape [33]. This is supported by the fact that they share
the same values of Betti numbers and are hence in the same topological class. They share
the same Betti numbers: one connected component (β0 = 1), two independent tunnels
(β1 = 2), and one enclosed void (β2 = 1).
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Figure 1.2: Image of a mug morphing into a torus

1.4 Simplicial homology

It is possible to construct topological invariants of different objects using simplicial com-
plexes. This is particularly interesting as we are able to represent the topological space
by using simple pieces [15].
The first element to consider in simplicial homology are simplices as they are the build-
ing blocks of simplicial complexes.

Definition 3. An n-simplex is a geometric object with (n+1) vertices which lives in
an n-dimensional space; it is a generalization of the notion of a triangle or tetrahedron
to arbitrary dimensions. [28]

Figure 1.3: Visualization of simplices on dimension going from -1 to 3. From dimension 0 to 3
one can observe in order: a vertex, an edge, a triangle and a tetrahedron

A Simplex, being a topological element, can be rotated, translated, dilated and
streched without changing its identity; this does not always hold when crushing it as
we might create a lower dimension simplex.

Definition 4. A face of a simplex is a simplex generated by a subset of the original
simplex.

Definition 5. A simplicial complex K is a collection of simplices such that if K

contains a simplex, it must contain all its faces and if two simplices in K intersect, then
their intersection is a face of each of them. In general a d-simplex is the convex hull of
d+1 points.It is a data structure able to represent the topological space.

Definition 6. The dimension of a simplicial complex is the maximum dimension of
the simplices composing it. [25]
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Definition 7. A triangulation of a topological space X is given by a simplicial complex
K together with an homeomorphism between X and |K| .[15]

Figure 1.4: A triangulation T of a torus. Image from [23]

To build simplicial complexes from cloud data, one can pass by the creation of a Čech
complex, in which a simplex is included whenever the corresponding fixed-radius balls
centered at the data points have a nonempty common intersection [24].

1.5 Distance-based complexes

The motivation to use Vietoris–Rips and Čech complexes in the context of data analysis
is that these complexes can recover topological features of an unknown sample space
underlying the data, since they can be used to reconstruct some simplicial complexes
from the data. [2] The filtration method applied uses the distance between points to
create clusters. This choice comes from the fact that small distances between data points
often reflect notions of similarity between data points [10].

1.5.1 Čech complexes

Čech complexes are build according to the overlap of closed balls having the points of
the topological space as centers. The variable one can tune during the creation of these
complexes is the radius of the closed balls, r ≥ 0.

Definition 8. A closed ball [2] with radius r and center x in a metric space (X, d), d

being a distance, is denoted as

B(x, r) := y ∈ X|d(x, y) ≤ r

Definition 9. A Čech complex can be defined as

Čech(X, X ′; r) = {finiteσ ⊆ X|
⋂

X∈σ

BX ′(x, r) ̸= ∅}

that is the finite collection of segments generated by the intersections of balls of radius r.
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When a ball intersect only with another one a segment is created, but since 3 balls
of 3 points of the space intersect mutually with a triple point of intersection, we start to
have a triangulation; the more points intersect mutually creating an high level point of
intersection, the higher is the degree of the simplex created [1] [5].

Figure 1.5: Example of the creation of a simplicial complex between 3 points using Čech rules.
In the figure on the left there isn’t a common point of intersection between the points, while in
the second image this point is present, hence we create a triangle. Image created with the help
of Canva

1.5.2 Vietoris-Rips complexes

Definition 10. Given a metric space X and a distance threshold ϵ > 0 , the Vi-
etoris–Rips simplicial complex has as its simplices the finite subsets of X of diameter
less than ϵ [1].

In contrast to Čech complexes, Vietoris Rips complexes create high dimensional sim-
plices according to the mutually connecting points, no matter whether they have a com-
mon point of intersection. The connection between two points is established when the
two closed balls built around them collide, hence the two points find themselves at a
distance inferior to the diameter of the ball.

Figure 1.6: Construction of the Vietoris-Rips complex. Our input (a) is a set of points S. Section
3.2 describes the first phase, the geometric process of going from (a) to a neighborhood graph
(b) then expanding from the graph (b) to the Vietoris-Rips complex (c), image from [43]

1.5.3 Filtration of Vietoris-Rips complexes

The first operation performed on the raw data is filtration. In our case ,filtration is
fundamental to go from a point cloud to the simplicial complex that we want to study.
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To this end, we construct a topological space using information attached to the set of
points composing the data[10].
Since Vietoris-Rips complexes tend to be easier to compute than Čech complexes, we opt
to work with them. This is also the reason why they are often used in TDA. In our case,
this is the key step to reveal the underlying geometrical structure from the data.
The filtration is performed by increasing the value of the distance threshold ϵ regulating

Figure 1.7: A filtration of a simplicial complex Σ, image from [9]

the creation Vietoris-Rips complexes.

1.6 Persistent homology, or topological persistence

Starting from the filtration of the simplicial complex, one can study its persistence. That
includes the evolution of homology groups across the filtration, tracking the appearance
and disappearance of topological features as the scale parameter varies [16]. This in-
formation is encoded in persistence module, mathematical structures consisting of
vectors spaces and linear maps which summarizes how homological features are created
and destroyed throughout the filtration. This procedure is quite interesting as we are
adding a new variable to the analysis [37]. This approach is relevant because it yields
topological features that are robust to noise, it can help classify the interesting ”holes”
of a shape and allows a multi-scale approach to shape description [21] while comparing it
on a time scale. Persistent homology tracks the creation and destruction of topological
features present in the Vietoris-Rips complexes as the value of the distance threshold ϵ

varies increasingly. This method provides some insights about the topological features
that are quite robust[1]. Persistent homology describes the changes in homology that
occur to an object which evolves with respect to a parameter [41]; in our study the pa-
rameter will be ϵ as described in the previous section and the focus is on the birth and
death of holes. The strength behind persistent homology is that it doesn’t restrict itself
to observe homology groups at a single value of ϵ, which might be not relevant; it rather
observe the overall evolution of the homology groups around a big interval of ϵ revealing
the sections of interest.
Nevertheless, there are some downgrades, first of all the computational costs that are high
[40]: the time complexity of the algorithm is high, with the standard algorithm taking
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cubic running time in regard to the complex size, the memory consumption is large, and
the focus of several applications is in data of higher dimension.
Persistent homology uses persistence pairs to be visualized. The latter define the birth
and death of homology classes as the parameter grows. The persistence is the differ-
ence between the death, a class becomes trivial, and birth, a class comes into being[40].
Information about persistence pairs are stored in persistence diagrams having as co-
ordinates the persistence pairs of homology classes, each represented by a point. They
can later be visualized with many tools which vectorize the persistence diagrams, such as
barcodes, persistence landscapes, persistence images[12]. This representation allow the
application of traditional statistics as they are sets of functions [8]. With the results one
can distinct noise (short living holes) and actual features (recognized by persistence pairs
with greater delta between birth and death).

Figure 1.8: Various visualizations of the persistence pairs in degree 1 of the filtration depicted
in Figure 1.4: persistence diagram (a), barcode (b) and persistence landscape (c); image from
[9]

1.6.1 Persistence landscapes

Firstly introduced by Bubenik [9], the main technical advantage of persistence landscapes
is that they are functional representation of persistence diagrams; this makes calculations
with them are much faster than the corresponding calculations with barcodes or persis-
tence diagrams.
Starting from a persistence diagram, the creation of a persistence landscape is obtained
by the mapping of persistence pairs to triangular functions; once these functions are
created, the k-th largest value of them is taken at each point.
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Figure 1.9: The persistence diagram (left) is tilted, so that the diagonal becomes the new
horizontal axis (top right); peaks of functions created by points of the same homology dimension
are concatenated together to return a sequence of functions (bottom right). Image from [35]

The value on the Y-axis represents the longevity of the homology feature, the X-axis
correspond to the filtration parameter.

1.6.2 Persistence silhouettes

Persistence silhouettes are taking the values of persistence diagrams and returning a
continuous real-valued function, as persistence landscapes do.
Persistent silhouettes are power weighted, meaning that according to a variable value,
the function takes into account the most persistent points. [11]. This value p defines
whether the results will be dominated by the low persistent pairs or the high persistent
ones.

Figure 1.10: An example of power-weighted silhouettes for different choices of p. The axes are
on different scales. Image from [11]

1.6.3 Betti curves

A Betti curve describes the evolution of topological features across a filtration by plotting
the Betti number βk(α) as a function of the filtration parameter α. For a fixed dimension
k, βk(α) counts the number of k-dimensional homological features (e.g., connected com-
ponents for k = 0, loops for k = 1) present at filtration value α. Betti curves provide a
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compact summary of persistent homology and can be derived from persistence diagrams
by counting the number of intervals alive at each filtration value [39, 30].

1.6.4 Persistent images

Persistent images are a finite-dimensional vector representation of persistence diagrams.
The first step to create a persistence image is to map a persistence diagram B to a
persistence surface ρB; a persistence surface is an integrable function defined as a weighted
sum of Gaussian functions, one centered at each point in the persistence diagram. If a
subdomain of ρB is passed under discretization, the result defines a grid. A persistence
image can be created by computing the integral of ρB on each grid box [3].
For the creation of persistence images, 3 values are chosen:

• the resolution, corresponding to the grid being overlaid on the persistence diagram;

• the distribution, being the choice of a probability distribution to assign to each
point of the persistence diagram;

• the weighting function, responsible of the persistence surface from the persistent
diagram, ensuring its stability.

Figure 1.11: Pipeline from data to persistence image. Image from [3], original data and image
worked on from [17]

One of the main advantages of persistence images is its ability to convey persistence
diagrams of different homological dimensions into a single object [3].

1.7 Cubical persistence

As our data set is in the form of fMRIs, a persistence study directly on the voxels, mod-
eling them with cubical complexes, may be more convenient. This approach has already
been taken in similar cases [37]. The strength of this method is the reduction of the
complex size, since triangulation of the the space is not necessary, and the possibility
to use more compact data structures [40]. This approach tends to be efficient and scale
better than standard persistent homology. Instead of triangulations, the space is worked
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in cubical complexes. This type of complexes allow the usage of more compact data
structures.
As the name suggests, cubical complexes are collections of cubes, the dimension of the
complex is given by the highest dimension of its components and, as for simplicial com-
plexes, it must be closed under taking faces and intersections.

Definition 11. A cube is a product of d elementary intervals in a given d-space. The
dimension of a cube is given by the number of unit intervals, [k, k + 1], of the cube. It
follows that 0-cubes are vertices, 1-cubes are edges. 2-cubes are squares and 3-cubes are
voxels.
A face of a cube is found only when we have two cubes a, b ⊆ Rd and a ⊆ b; we say that
a is a face of b.

Figure 1.12: a) shows a 2D cubical complex, b) its triangulation, c) a 3D cubical complex, d)
its triangulation. Image from [40]

1.8 A brief history of TDA application with Machine
Learning in the medical field

The main focus of this thesis is to test the application of TDA techniques to the study
of fMRI and neuroscience in general. This could lead to an innovation in the field of
medicine and, possibly, help in the recognition of brain conditions.
Machine learning is becoming more and more present in the daily life resulting in numer-
ous ethical discussions. As users we can decide to apply it consciously; it is a great tool
if well handed, as for most thing the danger of it doesn’t come from the tool itself but
from its usage.
Following are some cases in the medical field that took benefice from the application
of the topological analysis. TDA prospects itself as a good tool to analyze and classify
blood clots which could help in the research about hemostasis and thrombosis [6]. TDA
has found itself successful in the discovery of a subgroup of breast cancers [32]. The
combination of appropriate techniques of both persistent homology and analysis of vari-
ance results in a better understanding of the data’s nonlinear features in the study of
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orthodontic data [26]. TDA has also been effective in the detection of genes with peri-
odic profile [13]. A similar study to the one done here has been made in the university
of Edinburgh and can recognize Alzheimer patients via the usage of Betti Curves [38].

1.9 Goal of application of TDA in our study

This thesis is a work structured over two main levels: firstly it handles the analysis of
one preexisting pipeline for the treatment of fMRI data; it then proposes an adaptation
of this pipeline studying the effects of PCA (Principal Component Analysis) coexisting
with TDA analysis.
TDA is employed in this study to capture the underlying topological structure of high-
dimensional fMRI data. By transforming neurological signals into persistent diagrams,
TDA provides a compact representation of the data that aims to preserve relevant struc-
tural information. These topological descriptors are subsequently used as input features
for a binary classification task, and the performance of the model is evaluated using stan-
dard metrics.
The goal of this analysis is to assess whether the inclusion or removal of PCA affects the
ability of TDA-based features to support the classification task, thereby offering insight
into the impact of dimensionality reduction on topological representations of fMRI data.
In this study, the data represent two populations: subjects affected by neurodegenerative
disorders and healthy controls. While the present work is limited to this specific set-
ting, the proposed approach may be extended to other applications in neurological data
analysis.



Chapter 2

fMRI data and basics neuroscience
concepts

2.1 Introduction of the data

What we are working with are functional magnetic resonance imaging (fMRI). In this
technology, the focus is on the study of blood oxygen measurements of 3D brain volumes
divided into voxels. Thanks to this division, the fMRI image is already clustered. [4]
The dataset on which we work is the ENIGMA1 (Enhancing Neuro Imaging Genetics
through Meta Analysis) one.

2.2 Connectomic features and Regions of interest

2.2.1 Functional connectivity vectors

Functional connectivity has been defined as the correlations between spatially remote
neurophysiological events ([31]). The functional relationships between different parts of
the brain are examined and analyzed ([18]). This allows us to have an overview of the
region of the brains that are activated in certain scenarios and how they relate with other
areas. The intensity of this connections can also describe some more developed areas.
The focus is no longer in singular regions, but on the ones that cooperate [20].
In the context of functional connectivity networks, connected components (β0) may reflect
the fragmentation or integration of brain subnetworks, while 1-dimensional holes (β1) can
be interpreted as recurrent connectivity loops or redundant communication pathways. Al-
terations in these structures may indicate disrupted information flow, which is commonly

1https://enigma.ini.usc.edu/

15
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reported in neurodegenerative disorders. [34] To study these features we analyze regions
of interest (ROI) over time.

2.2.2 Regions of interest

The data studied are already divided in regions of interest. We keep this division in our
study to benefice of conducting a ROI analysis; in the particular, it gives some structure
to the data and help identify and map the patterns of activities [36]. In our study, the
ROIs are based on the Schaefer parcellation, having more than 400 ROIs residing in 17
resting state networks.

Figure 2.1: Schaefer parcellation of the brain. Image from [7]

2.2.3 Amplitude of Low-Frequency Fluctuations(ALFF) and Frac-
tional Amplitude of Low-Frequency Fluctuations(fALFF)

Synchronous low frequency fluctuation (LFF) in resting-state functional magnetic reso-
nance imaging (fMRI) has been used extensively to study functional brain activity. [42]

Amplitude of low-frequency fluctuations (ALFF) and fractional ALFF (fALFF) are
resting-state functional MRI (rs-fMRI) metrics that quantify the power of spontaneous,
low-frequency ( 0.01–0.10 Hz) fluctuations of the BOLD signal within a voxel or region of
interest. ALFF measures the square root of the power spectrum within a predefined low-
frequency band (commonly 0.01–0.08 or 0.01–0.10 Hz). The exact upper cutoff depends
on the sampling rate (repetition time, TR) and must be below the Nyquist frequency
(1/(2·TR)) [44]
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Chapter 3

Previous work on the data

The data used in the thesis have already been studied previously. This work, done by
Hanyang a master student in Munich, is used as a base to approach the dataset.

3.1 Previous TDA

In the specific two already existing python programs are studied: FeatPrep.py and XG-
Boost.py. They define the base pipelines’ structure of the whole project.

3.1.1 FeatPrep.py

Feature preparation pipeline for the data to be treatable, meaning that it computes the
preparation of homological components to then work statistically and in machine learning
terms. Its main functions do the following:

• fALFF from a given time series, returns its fALFF and ALFF

• betti curve as the name suggests, it returns the betti curves, so the Betti number
at each t-value

• persistence landscape returns the landscape of persistent diagram data

• persistence silhouette returns the silhouettes of persistent diagram data

• persistence image returns the persistence images from array of persistence inter-
vals

The persistence diagrams at the base of the creation of these visualizations are of the
form [birth, death, dim], where birth and death represent the persistency pairs and dim
represent the homology dimension.

18
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Figure 3.1: Persistence diagram from the given data for a studied subject

(a) Betti Curves (b) Persistence landscape

(c) CPersistence silhouettes (d) Persistent image of homology groups H1

Figure 3.2: Different visualization tools made applying different techniques to the persistence
diagram of subject 0
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In addition, the program also does many computations well useful for the further usage
in machine learning models. These include the conversion of functional connectivity
matrices into distance matrices suitable for Vietoris–Rips complexes; thresholding of
FC matrices to remove weak connections, which reduces noise in TDA computations.
Support for both ROI-level and network-level aggregation of features. Normalization and
filtering of persistence diagrams to remove intervals with very short lifetimes (death −
birth < 0.01), ensuring that the extracted topological descriptors capture robust features.
Generation of feature arrays.
Some key parameters and their values are:

Table 3.1: Key parameters used in FeatPrep.py

Parameter Value Description
TR Subject-

specific
Repetition time of fMRI acquisition, used in
fALFF calculation

Low-frequency band (0.01, 0.1 Hz) Frequency range for fALFF computation
Fractional ALFF True Returns normalized fALFF if True; else raw

ALFF
FC threshold percentile 90 Minimum percentile to retain connections in

functional connectivity matrices
Minimum persistence 0.01 Filters out persistence intervals where

death − birth < 0.01
Homology dimensions [0,1] Compute H0 (connected components) and

H1 (loops) in the Vietoris-Rips complex
Number of samples 100 Number of points to sample along the filtra-

tion axis for Betti curves, landscapes, silhou-
ettes

Value p 1 value of trade-off parameter between uni-
formly treating all pairs in the persistence
diagram and considering only the most per-
sistent pairs in power-weighted silhouettes

Persistence image resolution (100,100) Grid size for converting persistence diagrams
into persistence images

Persistence image sigma 1.0 Standard deviation of the Gaussian kernel
applied in persistence images

Persistence image weight power 1 Exponent for weighting persistence intervals
when constructing persistence images

3.2 XGBooster

The training of the prepared data is done with the help of FLAML library1 and using
the XGBoost (eXtreme Gradient Boosting)2 model.

1https://microsoft.github.io/FLAML
2https://xgboost.readthedocs.io/en/stable/
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The data classified are the ones generated in FeatPrep.py, the input given to the model
is then: the functional connectivity, the TDA descriptors (persistence landscapes, persis-
tence silhouettes, Betti curves and persistence images) and the concatenations of func-
tional connectivity with TDA descriptors. Seven subjects are excluded from the analysis
following preliminary data quality assessment.
The XGBooster.py pipeline defines some functions able to perform the following actions:

• subject-level z-scoring (or normalization) across features, applied independently
to each subject;

• repeated stratified cross-validation with 5-folds and 3 repetitions. Stratifica-
tion ensures the stability of preexisting groupings, performing on the center where
data were aquired and the diagnostic of the patient as defined in the table DemTable;

• PCA dimensionality reduction for any feature sets having more features than
the proposed threshold (100 features in FLAML and more than 30 in XGBooster)

They are later called inside the two different modeling approaches RepeatedStratifiedAu-
toML and RepeatedStratifiedXGB. They are both based on XGBoost with explicit hyper-
parameter optimization.
For each feature configuration, the models return the mean accuracy and mean ROC AUC
(Area Under the Receiver Operating Characteristic Curve) averaged across all folds and
repetitions.

3.2.1 PCA: Principal Component Analysis

PCA is a dimensionality reduction technique, its usage reduces the number of features
in a data set maintaining the most important information. During this process data
structures are transformed and rearranged. This is done by projecting high-dimensional
data into a lower-dimensional linear subspace [27]
In the XGBooster.py pipeline, PCA reduces sets with more than a threshold components
to the threshold value. That is 100 for FLAML-based models and 30 for XGBoost-based
models. This step is intended to mitigate the effects of high dimensionality, such as noise
amplification and overfitting, and to improve computational efficiency.
Since the features used in this study are derived from Topological Data Analysis (TDA),
the application of PCA represents an interesting design choice. While PCA preserves most
of the information of higher dimensions, it does not explicitly account for the topological
structure encoded in TDA descriptors. For this reason, this thesis investigates the impact
of including or excluding PCA on the performance of TDA-based classification models.
account
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3.2.2 FLAML

After the data have followed the procedure of cross-validation, normalization and PCA
reduction, with the FLAML ability and some minimal manual settings, an optimized
Hyperparameter is found to work on the data.

1 #FLAML settings
2 automl = AutoML ()
3 automl_settings = {
4 " time_budget ": 60, # seconds ; adjust as needed
5 " metric ": " accuracy ",
6 "task": " classification ",
7 " estimator_list ": [ estimator ],
8 " log_file_name ": "flaml.log",
9 " verbose ": 1,

10 " n_jobs ": -1, # use all available cores
11 }

This allows the computation of accuracy values and ROC AUC values.

3.2.3 XGB

Similarly to the FLAML model, the data follow the procedure of cross-validation, normal-
ization and PCA reduction; afterwards the hyperparameter to perform the last computa-
tions is found using the XGBooster classifier. When running the program, the user is able
to decide whether to work with an XGBooster classifier using default hyperparameter or
tuned one (choice made by the corresponding boolean value search).

1 # XGBoost with different procedures
2 xgb = XGBClassifier ( objective =’binary : logistic ’)
3 if search is True:
4 params = {
5 ’min_child_weight ’: [1, 5, 10],
6 ’gamma ’: [0.5 , 1, 1.5, 2, 5],
7 ’subsample ’: [0.6 , 0.8, 1.0] ,
8 ’colsample_bytree ’: [0.6 , 0.8, 1.0] ,
9 ’max_depth ’: [3, 4, 5]

10 }
11 model = RandomizedSearchCV (xgb , param_distributions =params ,

n_iter =5, scoring =’roc_auc ’, n_jobs =4, cv=skf.split(X_train_z ,
grouplabels_train ), verbose =2)

12 else:
13 model = xgb
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3.2.4 Output

The output returned allows for a general overview of the XGBoost models; accuracies
and ROC AUC values stay below 0.60 for the tested configurations.
For all the models tried the values of accuracy and ROC AUC are ∼ 0.5 for most of
the folds, hence it is not recognizing features from the data. The models have similar
tendencies not showing an overall better performance distinguishing one of them. The
ROC AUC values can be better by a tiny amount; not enough to be kept into account.
The output are relative to the features derived in FeatPrep.py. The pipeline outputs
accuracy and ROC AUC for models trained on the following feature sets:

• Functional connectivity features: network-level functional connectivity vectors
(FCVectors Net; 1 iteration), whole-brain functional connectivity vectors (FCVec-
tors; 1 iteration), fALFF (1 iteration), and network-level fALFF (fALFF Net; 1
iteration).

• Topological data analysis (TDA) descriptors evaluated per channel:Persistence
images (PI; 2 iterations corresponding to homology dimensions 0 and 1); Persistence
landscapes (PL; 100 iterations corresponding to landscape levels 0–99); Persistence
silhouette (PS; 1 iteration); Betti curves (BC; 2 iterations corresponding to homol-
ogy dimensions 0 and 1).

• Concatenated TDA descriptors: PL Concat (1 iteration), PI Concat (1 itera-
tion), BC Concat (1 iteration), and PS Concat (1 iteration).

• Functional connectivity–augmented TDA descriptors concatenations: PL FCConcat
(1 iteration), PI FCConcat (1 iteration), BC FCConcat (1 iteration), and PS FCConcat
(1 iteration).

The results reported here are rounded at 10−3. For all the levels of persistent landscapes,
the results did not vary that is the reason why only one value per model is presented in
the tables. The models seem to perform the worst with persistence landscapes, FLAML
performs slightly better than XGBoost on the majority of results but on the applica-
tion over Betti curves concatenation, persistence images concatenation and persistence
silouhettes concatenation with functional connectivity features.
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Figure 3.3: Visualization of mean of accuracy per region

Figure 3.4: Visualization of mean of ROC AUC per region
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Table 3.2: Original pipeline: accuracy results, mean and standard deviation values

FLAML XGBoost (Search = False) XGBoost (Search = True)
Features Mean Std Mean Std Mean Std
FCV 0.561 0.030 0.548 0.021 0.561 0.019
FCV Net 0.545 0.017 0.536 0.019 0.540 0.023
fALFF 0.538 0.024 0.534 0.023 0.542 0.027
fALFF Net 0.545 0.022 0.536 0.024 0.537 0.025
PI 0 0.532 0.023 0.530 0.026 0.534 0.024
PI 1 0.535 0.027 0.527 0.025 0.526 0.028
PL 0.495 0.008 0.493 0.010 0.493 0.007
PS 0.547 0.022 0.532 0.021 0.528 0.024
BC 0 0.544 0.019 0.535 0.028 0.520 0.021
BC 1 0.535 0.024 0.526 0.020 0.522 0.029
PI Concat 0.545 0.026 0.523 0.022 0.537 0.027
PL Concat 0.529 0.025 0.513 0.023 0.523 0.024
PS Concat 0.538 0.028 0.526 0.027 0.520 0.025
BC Concat 0.532 0.021 0.540 0.023 0.541 0.025
PI FCConcat 0.546 0.022 0.552 0.020 0.551 0.027
PL FCConcat 0.556 0.024 0.547 0.023 0.546 0.023
PS FCConcat 0.552 0.021 0.546 0.022 0.556 0.025
BC FCConcat 0.545 0.023 0.530 0.025 0.526 0.024

Table 3.3: Original pipeline: ROC AUC results, mean and standard deviation values

FLAML XGBoost (Search = False) XGBoost (Search = True)
Features Mean Std Mean Std Mean Std
FCV 0.589 0.030 0.572 0.033 0.579 0.022
FCV Net 0.568 0.021 0.551 0.021 0.554 0.025
fALFF 0.552 0.022 0.548 0.024 0.559 0.026
fALFF Net 0.569 0.024 0.550 0.023 0.550 0.027
PI 0 0.546 0.029 0.543 0.031 0.545 0.032
PI 1 0.551 0.026 0.533 0.024 0.536 0.027
PL 0.500 0.001 0.500 0.000 0.500 0.000
PS 0.556 0.025 0.546 0.026 0.545 0.021
BC 0 0.561 0.018 0.543 0.028 0.542 0.021
BC 1 0.556 0.025 0.535 0.026 0.534 0.032
PI Concat 0.562 0.026 0.536 0.026 0.545 0.033
PL Concat 0.539 0.025 0.519 0.028 0.522 0.024
PS Concat 0.547 0.031 0.542 0.025 0.537 0.028
BC Concat 0.548 0.024 0.553 0.022 0.554 0.026
PI FCConcat 0.568 0.024 0.570 0.024 0.572 0.026
PL FCConcat 0.588 0.025 0.570 0.023 0.564 0.028
PS FCConcat 0.570 0.030 0.566 0.020 0.575 0.033
BC FCConcat 0.559 0.023 0.541 0.026 0.540 0.036



Chapter 4

Adaptation of preexisting work

Starting from the Python pickle file containing the data, the same pipeline for the prepa-
ration of the data via TDA methods is kept, but a different machine learning pipeline is
tested. The goal is to try and improve the existing one.

4.1 Change in XGBoost pipeline, removal of PCA

Given the properties of Principal Component Analysis (PCA), an alternative XGBoost
pipeline without dimensionality reduction is created and investigated. The main motiva-
tion behind this choice is to evaluate whether PCA excessively alters the feature space
derived from Topological Data Analysis (TDA), potentially discarding crucial informa-
tion, and to quantify the impact of PCA on model performance.
The same topological descriptors employed in the original XGBooster.py pipeline are
retained. The only modification concerns the machine learning pipeline: normalized fea-
ture folds are no longer reduced through PCA. Consequently, both the AutoML-based
and XGBoost-based classifiers operate directly on high-dimensional TDA-derived feature
representations. The modifications are represented in 4.1.

4.1.1 Expected outcomes

Removing PCA may preserve subtle topological patterns that are otherwise mixed or
attenuated by projection into lower-dimensional space. The interest of this new analysis
is then to investigate whether the space reduction has a remarked consequence on the
TDA-features classified by the models.
Topological analysis tends to be a good solution for non-linear data [19], making it theo-
retically appropriate for the preparation of data in our set up. What is examined, then,
is whether the application of PCA may have had an impact on the performance of the

26
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models making the learned representations less adapted to the underlying data.

4.1.2 Effects of higher dimensionality analysis

Working with high-dimensional data introduces several mathematical and computational
challenges, such as the difficulty of accurately approximating or integrating high-dimensional
functions [14]. However, high-dimensional spaces also exhibit specific statistical phenom-
ena, including concentration of measure, whereby certain random fluctuations become
more predictable and structured than in lower-dimensional settings.
In the context of this study, operating directly in the high-dimensional space of TDA-
derived features may allow subtle but consistent topological patterns to be preserved and
exploited by the classification models, rather than being compressed or distorted through
dimensionality reduction.

4.1.3 Outcomes of the new pipeline

After running the new pipeline, the same graphs as for the original one are plotted.
They can be find in Annexes. The results are quite consistent among the models both
in accuracy and ROC AUC results. ROC AUC can reach slightly higher values than
accuracy, but never reach the threshold of 0.6. As for the original pipeline, the standard
deviation is around 0.02.
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Table 4.1: New pipeline: accuracy results, mean and standard deviation

FLAML XGBoost (Search = F) XGBoost (Search = T)
Features Mean Std Mean Std Mean Std
FCV 0.550 0.029 0.549 0.030 0.558 0.019
FCV Net 0.556 0.018 0.539 0.016 0.533 0.021
fALFF 0.544 0.022 0.536 0.022 0.540 0.025
fALFF Net 0.547 0.023 0.548 0.023 0.546 0.025
PI 0 0.551 0.024 0.534 0.022 0.535 0.025
PI 1 0.528 0.026 0.535 0.024 0.532 0.027
PL 0.495 0.007 0.493 0.010 0.493 0.008
PS 0.540 0.021 0.535 0.022 0.524 0.025
BC 0 0.545 0.020 0.535 0.029 0.527 0.022
BC 1 0.537 0.023 0.526 0.021 0.528 0.029
PI Concat 0.546 0.025 0.523 0.024 0.524 0.027
PL Concat 0.529 0.024 0.512 0.023 0.510 0.024
PS Concat 0.541 0.029 0.535 0.027 0.533 0.024
BC Concat 0.558 0.021 0.541 0.022 0.542 0.025
PI FCConcat 0.559 0.022 0.549 0.021 0.550 0.027
PL FCConcat 0.550 0.023 0.555 0.024 0.546 0.024
PS FCConcat 0.553 0.021 0.555 0.020 0.551 0.024
BC FCConcat 0.551 0.024 0.539 0.024 0.532 0.025

Table 4.2: New pipeline: ROC AUC results, mean and standard deviation

FLAML XGBoost (Search = F) XGBoost (Search = T)
Features Mean Std Mean Std Mean Std
FCV 0.571 0.030 0.575 0.033 0.578 0.022
FCV Net 0.578 0.021 0.555 0.021 0.550 0.025
fALFF 0.565 0.022 0.549 0.21 0.553 0.026
fALFF Net 0.571 0.024 0.562 0.18 0.556 0.027
PI 0 0.574 0.029 0.548 0.031 0.548 0.032
PI 1 0.547 0.026 0.544 0.022 0.540 0.027
PL 0.500 0.000 0.500 0.000 0.500 0.000
PS 0.552 0.025 0.548 0.026 0.538 0.021
BC 0 0.561 0.018 0.544 0.028 0.541 0.021
BC 1 0.556 0.025 0.533 0.026 0.539 0.032
PI Concat 0.567 0.026 0.534 0.026 0.533 0.033
PL Concat 0.539 0.025 0.521 0.028 0.518 0.024
PS Concat 0.549 0.031 0.544 0.025 0.550 0.028
BC Concat 0.577 0.024 0.556 0.022 0.562 0.026
PI FCConcat 0.570 0.024 0.571 0.024 0.569 0.026
PL FCConcat 0.580 0.025 0.576 0.023 0.566 0.028
PS FCConcat 0.575 0.030 0.571 0.020 0.567 0.033
BC FCConcat 0.576 0.023 0.558 0.026 0.543 0.036
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Results

30



Chapter 5

Results and remarks

5.1 Different methods outcomes

Evaluating the differences between the two pipelines, the first noticeable thing is how both
have results of values around 0.50. The differences found are still very close to the original
values; for accuracy the differences range from -0.02559087204564 to 0.010431947840261;
for ROC AUC the differences range from -0.029117776447547 to 0.017948680968493. The
absolute difference is then of less than 0.03. This output clarify that the usage of PCA
in the previous work did not have a big impact on the results, hence was not the limiting
factor.
Studying the features one by one some trends are noticeable. The tendencies of accuracy
and ROC AUC values are the same, when one pipeline reveals herself better than the
other for accuracy, it also does for ROC AUC .The persistence landscapes keep the same
value both for the original and the modified pipeline. This suggests that the lack of dis-
criminative power of these descriptors is probably determined already before the machine
learning pipeline, rather than being a consequence of dimensionality reduction or model
choice. Persistence landscapes provide a global summary of the topological structure of
functional connectivity, whereas neurodegenerative disorders are often characterized by
localized or network-specific alterations. As a result, such global descriptors may fail to
capture disease-related differences relevant for classification.

Figure 5.1: Accuracy values for PL Figure 5.2: ROC AUC values for PL
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The effect on the functional connectivity features is not consistent between the models.
The one model improving the values of accuracy and ROC AUC for both functional
connectivity and fALFF is XGBoost with default tuning of hyperparameter. The other
two models do not show a clear tendency of preference for one pipeline or the other one.
The improvements or declines are still of low difference from the original one, being of
centesimal of percentage; this could be explained by just some noise reduction.

Figure 5.3: Accuracy values for FC features,
FLAML model. Old pipeline on the left, new
pipeline on the right.

Figure 5.4: ROC AUC values, FC features,
FLAML model

Figure 5.5: Accuracy values for FC features,
XGBoost model. Old pipeline on the left, new
pipeline on the right.

Figure 5.6: ROC AUC values, FC features,
XGBoost, search = false model

Figure 5.7: Accuracy values for FC features,
XGBoost model with hyperparameter tuned
on data. Old pipeline on the left, new pipeline
on the right.

Figure 5.8: ROC AUC values, FC features,
XGBoost, search = true model

TDA features have different feedback accordingly to the descriptor. Persistent images
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seems to be the one descriptor benefiting the most from the removal of PCA, while the
other descriptors have inconsistent responses.

Figure 5.9: Accuracy values for TDA features,
FLAML model. Old pipeline on the left, new
pipeline on the right.

Figure 5.10: ROC AUC values, TDA features,
FLAML model

Figure 5.11: Accuracy values for TDA fea-
tures, XGBoost model. Old pipeline on the
left, new pipeline on the right.

Figure 5.12: ROC AUC values, TDA features,
XGBoost, search = false model

Figure 5.13: Accuracy values for TDA fea-
tures, XGBoost model with hyperparameter
tuned on data. Old pipeline on the left, new
pipeline on the right.

Figure 5.14: ROC AUC values, TDA features,
XGBoost, search = true model

Concatenations are very promising. Already in the original pipeline are between the
feature sets with best performance results showing how TDA descriptors benefits from
the combination with FC feature sets. The effect of removing PCA over the concate-
nation of TDA feature alone is not consistent. On the other hand we can observe how
persistence silhouettes, as well as persistence landscapes, concatenations withing them-
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selves and with FC features mostly improve the performance resulting in some of the
highest values, with exceptions in XGBoost with search model. Betti curves have also
a noticeable improvement when they are object of the non-PCA models. Persistence
images have a little improvement in the first two models (FLAML and XGBoost without
tune hyperparameter) but of little significance being of factor < 10−2 of the percentage.

Figure 5.15: Accuracy values concatenations
of TDA features with and without FC fea-
tures, FLAML model. Old pipeline on the
left, new pipeline on the right.

Figure 5.16: ROC AUC values, concatena-
tions of TDA features with and without FC
features, FLAML model

Figure 5.17: Accuracy values concatenations
of TDA features with and without FC fea-
tures, XGBoost model. Old pipeline on the
left, new pipeline on the right.

Figure 5.18: ROC AUC values,concatenations
of TDA features with and without FC fea-
tures, XGBoost, search = false model

Figure 5.19: Accuracy values for concatena-
tions of TDA features with and without FC
features, XGBoost model with hyperparame-
ter tuned on data. Old pipeline on the left,
new pipeline on the right.

Figure 5.20: ROC AUC values, concatena-
tions of TDA features with and without FC
features, XGBoost, search = true model
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5.2 Possible explanation for the observed TDA per-
formance

A key element of the obtained results is the strong consistency of the performance plateau
around 0.5 across different classifiers, feature types, and experiments conducted with and
without PCA. Such stability indicates that the observed lack of discriminative power is
not attributable to the learning algorithms or to dimensionality reduction, but rather to
the relationship between the extracted features and the diagnostic labels.
A plausible explanation is that the employed TDA descriptors primarily capture global
geometrical and topological properties of functional brain networks, which are largely
shared across individuals. Neurodegenerative diseases, however, are often characterized
by localized or network-specific alterations that may not significantly affect the overall
topological structure of functional connectivity. As a consequence, global topological
summaries may fail to preserve disease-specific information required for binary classifica-
tion.
Furthermore, although the combination of functional connectivity features with TDA
descriptors represents an interesting hybrid approach, the results suggest that this inte-
gration does not sufficiently enhance class separability in the present setting. This may
be due to the heterogeneity of neurodegenerative pathologies, which can obscure subtle
disease-related effects in global representations.

5.3 Future improvements

The proposed method doesn’t seem to be the solution to get better results and insights
from the data. A reason behind this might be the fact that the change happens too late
in the overall pipeline. Originally, PCA reduction is done after the TDA descriptors and
functional connectivity features are already constructed and determined.
PCA doesn’t result as the limiting factor. A way to get more different results would be
working on the first preprocessing pipeline, rather than on the machine learning pipeline.
This might cause more relevant changes of the features we use to train the model, and
hence in the results.
Another remark made on data is how concatenations of features return slightly better
values, so focusing in that direction could be beneficial.
As in the study of Alzheimer disease, the application of TDA separately to gray and white
matter, when data allows it, as well as keeping into account the effect that the neurodegen-
erative diseases have on the brain and the comparison with age-related degeneration[38].



Conclusion

This thesis explored the use of Topological Data Analysis as a feature extraction frame-
work for resting-state fMRI data, with the goal of distinguishing neurodegenerative pa-
tients from healthy controls. Persistent homology was applied to functional connectivity
matrices to derive a variety of topological descriptors, which were subsequently evaluated
using gradient-boosting-based classification models.
Across all experimental configurations, including different classifiers, feature combina-
tions, and the presence or absence of PCA-based dimensionality reduction, classification
performance consistently remained non-deterministic. The main suggestion from this the-
sis is that future applications of TDA to neuroimaging data may benefit from focusing
on earlier stages of the preprocessing pipeline, incorporating region-specific analyses, or
explicitly accounting for disease heterogeneity and age-related effects. In this sense, the
study contributes to a clearer understanding of the conditions under which TDA-based
methods may or may not be effective in neuroimaging applications.
In conclusion, this thesis provides a systematic evaluation of TDA techniques applied
to fMRI data and demonstrates the importance of critically assessing the assumptions
underlying topological representations. While TDA alone may not suffice for binary neu-
rodegenerative disease classification in the present setting, it remains a promising tool
whose utility may emerge when combined with more targeted preprocessing strategies or
complementary analytical approaches.
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.1 DemTable.xslx

SubID OrigID Diag Onset Med YBOCS Age AgeGroup Sex Edu DepCurr DepLife AnxCurr AnxLife Agr Check Clean Sex Rel Hoard Ord Center TR
AB 0 000 sub-916005 2 1 27 3 1 9 0 0 0 0 Amsterdam VUmc 1.8
AB 0 001 sub-916007 2 2 28 3 2 11 0 0 0 0 Amsterdam VUmc 1.8
AB 0 002 sub-916011 2 1 33 3 2 15 0 0 0 0 Amsterdam VUmc 1.8
AB 0 003 sub-916013 2 1 26 3 1 18 0 0 0 0 Amsterdam VUmc 1.8
AB 0 004 sub-916015 2 1 47 3 1 11 0 0 0 0 Amsterdam VUmc 1.8

Table 1: Excerpt of the demographic table used in this study. Only a subset of subjects and
variables is shown for illustrative purposes. The complete table contains 2126 subjects.

.2 New pipeline results

Figure 21: Accuracy visualization

Figure 22: ROC AUC visualization
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.3 Results comparison

Figure 23: Accuracy values for each feature set; Blue being of the PCA model and red being
of the non-PCA model. For each feature set we have in order: FLAML, XGBoost with search
false and XGBoost with search true representation

Figure 24: ROC AUC values for each feature set; Blue being of the PCA model and red being
of the non-PCA model. For each feature set we have in order: FLAML, XGBoost with search
false and XGBoost with search true representation

.4 Source

The pipelines used in this thesis can be found here (https : //github.com/martavise/clean thesis).

https://github.com/martavise/clean_thesis
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