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Abstract

Mass spectrometry imaging (MSI) is a high-throughput technique that in ad-

dition to performing protein identification, can capture the spatial localization

of proteins within biological tissue. Nevertheless, sample pre-processing and

MSI instrumentation limit protein identification capability in MSI compared

to more standard tandem mass spectrometry-based proteomics methods. De-

spite these limitations, the current protein identification approaches used in

MSI were originally designed for standard mass spectrometry-based proteomics

and do not take advantage of the spatial information acquired in MSI. Herein,

I explore the benefit of using the spatial spectral information for protein iden-

tification using two objectives. For the first objective, I developed a novel

supervised learning spatially-aware protein identification algorithm (SAPID)

for mass spectrometry imaging and benchmarked it against ProteinProphet

and Percolator, which are state-of-the-art tools for protein identification con-

fidence assessment. I showed that SAPID identifies on average 20% more

proteins at <1% false discovery rate compared to the other two algorithms.

Furthermore, more proteins are identified when spatial features are used to

identify proteins compared to when they are not suggesting their additional

benefit. For the second objective, I used SAPID to rescue false positive and

false negative protein identifications made by ProteinProphet. By examining

a combination of data sampling and learning algorithms, I was able to achieve

a good classification performance compared to the baseline given the extreme
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imbalance in the dataset. Finally, by improving proteome characterization in

MSI, our approach will help providing a better understanding of the processes

taking place in biological tissues.
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Chapter 1

Introduction

1.1 Protein Structure

Proteins are one of the important constituents of the cells. In fact, proteins
have many critical roles in the cell such as immune reaction, structural support,
regulation and signaling, among others [1]. amino acids (AA) are the building
blocks of proteins, and there are 20 proteinogenic AA that form proteins in
the living organisms. Each AA contains an amine group (-NH2), a carboxyl
group (-COOH), and a variable functional group, or the side chain, which
varies among different AAs (Figure 1.1).

Figure 1.1: Generic structure of an amino acids — the basic block of
proteins. The orange shading shows the amine group, and the yellow shading
shows the carboxyl group. The variable functional group is shown with a red
“R”.

The side chains in AAs define their specific physical and chemical charac-
teristics; for example, lysine and arginine are two basic AAs, and the amino
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group in their side chains can become positively charged by gaining a pro-
ton, while aspartic acid and glutamic acid can become negatively charged and
acidic by losing an electron [1]. Therefore, the AAs are categorised into sev-
eral groups based on their properties: acidic, basic, aromatic, sulfur, uncharged
hydrophilic, inactive hydrophobic, and others.

Different sequences of AAs can be linked together to form an infinite num-
ber of unique proteins with various lengths and chemical and physical proper-
ties; the linear sequence of AA in a protein is called its primary structure. This
linking phenomena between adjacent AAs in proteins occur through covalent
peptide bonds as shown in (Figure 1.2).

Figure 1.2: A three-peptide protein chemical structure showing the
peptide bonds between the peptides. The peptide bonds are depicted as
dashed green bonds, and the variable functional groups are shown with red
“R”. Also, each peptide is enclosed in a dashed rectangle.

1.1.1 Protein Function

Even though a protein can be characterised by its primary structure, its func-
tion is best understood by its 3-dimentional (3D) structure; The AAs side
chains in a protein interact with each other through covalent and non-covalent
interactions that ultimately define how it is folded into its 3D structure and
what its functions are. Therefore, if there is a change in the primary structure
of a given protein, the protein could fold differently and yield a loss-of-function
or a gain-of-function in the protein which commonly occur in diseases such as
cancer or some neurological diseases (Parkinson’s disease). For example, p53
is a transcription factor with tumor-suppressing role in the cells, and it is the
most frequent gene mutated in human cancers [2]. It has been shown that p53
mutation is mostly the result of only one faulty AA substitution [3]. Therefore,
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identifying and characterising protein sequences is essential to understand the
biological basis of diseases and reveal their biomarkers. Furthermore, it can
enable the development of drugs targeting pathways where disease-causing
proteins are implicated.

1.2 Mass Spectrometry-based Proteomics

The common low-throughput techniques to investigate proteins in a tissue are
enzyme-linked immunosorbent assay (ELISA) and western blotting, but these
methods can only analyse a few individual proteins at a time [4], [5]. In con-
trast to these low-throughput methods, mass spectrometry-based proteomics
has been used for more than 30 years to detect the protein composition of
biological samples with high sensitivity [6]. Its high throughput and sensitiv-
ity make it the method of choice for the comprehensive proteomics analysis
of complex biological samples. Mass spectrometry methods are ideal to char-
acterize gene products and their post-translational modifications (PTM) and
allow the investigation of the functional state of the cells by identifying and
quantifying the different proteins they express [7]. Mass spectrometry instru-
ments (i.e. mass spectrometers) are composed of three main parts: an ionizer,
one or more mass analysers, and a detector to record the number of ions com-
ing from the mass analyser. In addition, the ionizer could be connected to an
inlet device such as a liquid chromatograph that separates analytes based on
their hydrophobicity [8]. The following section will be a summary of the most
popular ionizers and mass analysers.

1.2.1 Ionizers

The ionizer’s role is to ionize the analytes into a gaseous state which could
then be transferred into the mass spectrometry instrument. There are two
main types of ionizers that are used in mass spectrometry-based proteomics:
Electrospray Ionization (ESI) [9] and Matrix-Assisted Laser Desorption Ion-
ization (MALDI) [10].
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Electrospray Ionization

In ESI, a high voltage is applied across a small capillary containing the analytes
which produces a positively charged droplet that is drawn towards a negatively
charged electrode. As the droplet is flying towards the electrode, it is heated,
which evaporates the water and the electrostatic repulsion of positive ions
causes the droplet to burst into smaller particles which are sprayed into the
mass spectrometer [11].

Matrix-Assisted Laser Desorption Ionization

On the other hand, with MALDI, the liquid sample containing the protein
mixture is mixed with a matrix that can absorb light from a laser, and then
the mixture is dried up in a process which enables the co-crystallization of
the matrix and the sample molecules [10]. The solid phase mixture is then
bombarded with a laser beam (usually a nitrogen laser at 337 nm) that causes
desorption and ionization of the sample molecules, which are then sent to the
mass spectrometer [12].

1.2.2 Mass Analyzers

Mass analysers measure the mass-to-charge ratio (m/z) of the ions that en-
ter the mass spectrometer. There are a number of mass analysers, such as
Quadrupole mass analysers, time-of-flights (TOF), and Orbitrap which are
among the most commonly used mass analysers [13]. Each of these mass anal-
ysers have their own advantages and disadvantages, with some being faster
than others and having different levels of mass accuracy and resolution. For
instance, Quadrupoles are affordable but have limited mass range and poor
resolution. On the other hand, Orbitrap analysers have high resolving power
that is ideal for proteomics. Furthermore, they are less expensive and require
less maintenance than similar technologies [11]. Overall, all the mass anal-
ysers measure the m/z of the ions and produce a mass spectrum describing
the relative abundance of each ion. Mass spectra and their use in protein
identification are detailed in Section 1.3.
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1.2.3 Liquid Chromatography

Peptides with similar molecular masses produce overlapping peaks in the mass
spectrometer that makes it difficult to distinguish the peptides apart. There-
fore, separation techniques such as liquid chromatography–mass spectrome-
try (LC–MS) can be employed to increase the dynamic range (measure of the
smallest and biggest peak intensities detectable by the instrument) and reduce
the chance that peptides with the same mass enter the ionizer simultaneously.
The most common approach is to separate peptides based on hydrophobic-
ity. During this process, peptides are eluted through a column packed with
hydrophobic beads that causes the peptides to stick to the beads based on
their hydrophobicity and allows small subset of peptides to enter the mass
spectrometer at a given time [14].

1.3 Bottom-up proteomics

Ionizing intact proteins and identifying their m/z might seem like a logical ap-
proach for identifying proteins using mass spectrometers. However, ionizing
large protein molecules is challenging, and mass spectrometers yield similar
m/z values for large proteins of similar composition. Therefore, the proteins
are first cleaved into smaller peptide molecules using enzymatic cleavages be-
fore ionization using a technique known as bottom-up or shotgun proteomics
which is the most widely used approach in proteomics [15]. Despite the limita-
tion of ionizing and analysing intact proteins, in “top-down proteomics” com-
plex instruments and methodologies are employed to overcome these limita-
tions [16]. Nevertheless, top-down proteomics is not the focus of this thesis and
will not be explored any further. The main technique used to sequence peptides
in bottom-up proteomics is called Tandem Mass Spectrometry (MS/MS).

1.3.1 Tandem mass spectrometry

Since mass spectrometers measure m/z values for each ion, the resulting m/z
values can be shown as a mass spectrum with m/z values plotted against their
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signal measured in the detector as shown in Figure 1.3.
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Figure 1.3: An example of a mass spectrum.

However, the mass spectrum (known as MS1) is not sufficient to identify
the AA sequence and the PTM in the peptide, so the peptide needs to be
fragmented again. This step is usually done by selecting and then colliding
the precursor ions from MS1 spectrum with an inert gas such as nitrogen [17].
When the ions collide with the gas molecules, the peptide breaks along the
peptide bonds (Figure 1.2) resulting in a number of sequence fragments known
as b-type or y-type ions, where the charge is usually retained on the N-terminal
or C-terminal portion of the fragmented ion, respectively [18]. Both of these
ions are used to generate a tandem mass spectrum known as MS/MS spectrum
(or MS2 spectrum) which can be used to identify the fragmented peptides
using database search algorithms [19].

1.3.2 Database search

Database search algorithms match the experimental MS/MS spectra with the-
oretical MS/MS spectra generated from in silico cleavage of a protein sequence
database [20]. These algorithms match each mass spectrum with the peptide

6



sequence corresponding to the theoretical MS/MS spectrum that is the most
similar to the experimental one and provide a score for each of these peptide-
spectrum-matches (PSM). The peptide with the highest PSM score can be
considered as the best match for a given mass spectrum.

SEQUEST

SEQUEST is the first automated software to match peptide mass spectra
to peptide sequences [21]. This software package first calculates a Sp-Score
for each PSM based on the number of ions that are matched between the
experimental and theoretical mass spectra and only keeps the 500 PSM with
the highest Sp-scores. Finally, SEQUEST calculates two important metrics
for the selected 500 sequences to determine whether a peptide sequence is a
confident match for a fragmented spectrum: cross-correlation score (xCorr),
which measures the correlation between the theoretical and experimental mass
spectra, and delta-correlation (deltaCN), which is the normalised difference
between the best and second best PSM according to their xCorr.

Comet

Comet [22] is a direct descendent of SEQUEST with a fast cross-correlation
calculation algorithm [23] implemented which allows it to score all the experi-
mental tandem mass spectra with the peptides in the database. The efficiency
in calculating xCorr scores for all PSM allows the calculation of the p-values
and E-values [24]. Given that xCorr scores generated under different condi-
tions or across multiple mass spectra are not directly comparable, Klammer
et al. developed a p-value scoring scheme that can be used to compare PSM
more appropriately [25]. Furthermore, the E-value of a PSM is calculated by
doing a linear least squares regression on the log transform of the cumulative
distribution function of the xCorr histograms [22]. Given the fast implemen-
tation of xCorr calculation, Comet can skip the preliminary scoring that is
implemented in SEQUEST, however, it still calculates the Sp-Scores for the
top scoring PSM for backward compatibility.

7



1.3.3 Confidence assessment of PSM

Database search algorithms such as Comet score all of the mass spectra with
the peptide sequences in the database. The PSM with the highest score for
each spectrum could be considered as the correct match. However, experi-
mental mass spectra are typically noisy, and rarely exactly match with the
theoretical mass spectra generated from the protein sequence database. Fur-
thermore, some peptide sequences present in the analyzed sample may be
absent from the database. Therefore, the PSM with the best match may be
incorrect and simply using scores generated by the database search algorithm
can result in many incorrectly identified mass spectra, which highlights the
need for statistical inference to overcome this hurdle [26].

ProteinProphet

Coupling PeptideProphet [27] and ProteinProphet [28] is one of the most
popular methods for protein identification in which confidence identification
of peptides followed by confidence identification of proteins are done in se-
quence. More specifically, PeptideProphet generates a probability-based mix-
ture model of correct and incorrect PSM using expectation maximization al-
gorithm. The incorrect PSM distribution is obtained using a decoy database
that is generated by shuffling or reversing sequences in a real protein database.
Any PSM that are matched to decoys by the database search algorithm can be
assumed as false hits and can be used to build null distributions for the scores
generated by the search algorithm. The real and decoy sequences are usually
combined prior to database search which is referred to as target-decoy search.
Subsequently, ProteinProphet uses the confidence assessment probability and
the identified peptides from PeptideProphet to estimate the probability that
a given protein is identified in the sample. However, ProteinProphet only con-
siders the PSM with highest score instead of all the PSM for a given peptide
which is one of the drawbacks of ProteinProphet. This two-step process will
be referred to as ProteinProphet in this thesis. Generally, the high-confidence
PSM are chosen in terms of FDR that is the global estimate of the false pos-

8



itives resulting from the database search and can be calculated based on the
total number of decoys hits (false positives) and the total number of hits [29].

Percolator

Percolator is a semi-supervised algorithm that trains a Support Vector Ma-
chine to distinguish correct and incorrect PSMs using 20 features from the
database search algorithm and measurement from the mass spectrometer [30].
Percolator first trains a model to distinguish a small number of high scor-
ing PSM from decoy PSM, and then applies the trained model on the entire
dataset. This process is repeated until no new high scoring PSM are identi-
fied. Even though Percolator’s performance has been regarded as state-of-art,
its optimization objective is not totally clear [31]. Percolator calculates two
metrics for each peptide or protein match: a q-value and a posterior error
probability (PEP). The q-value is the rate of misclassification among a set of
PSM, while the PEP is the probability of incorrect classification for a given
PSM [32]. Similar to ProteinProphet, an FDR can be calculated for Percolator
results using the number of decoy hits and total number of hits.

1.3.4 Limitations of bottom-up tandem mass
spectrometry

In a conventional tandem mass spectrometry pipeline, proteins are extracted
from a biological sample or tissue. The extracted proteins are digested using
trypsin and the resulting solution is fed into the mass spectrometer. There-
fore, with this pipeline, no information regarding the spatial localization of
the molecules in a tissue can be obtained, unless the tissue is segmented us-
ing techniques such as laser capture microdissection [33]. Furthermore, despite
its high-throughput proteome characterization capabilities, mass spectrometry
tends to favour the identification of proteins of high abundance at the expense
of low abundance proteins. Hence, proteins that are abundant in a specific tis-
sue location but of low abundance in the overall sample are likely to be masked
during the mass spectrometry analysis by proteins with a higher abundance
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throughout the tissue. Identifying splice variants and protein isoforms with
different PTM is still a challenging task for bottom-up MS/MS experiments
[34], especially when different isoforms are distributed in different sections of a
tissue. By identifying an important peptide unique to one isoform and missing
other peptides associated to the other isoforms, the current bottom-up MS/MS
experiments fail to detect all the variants of the proteins.

1.4 Mass spectrometry imaging

Mass Spectrometry Imaging (MSI) is an analytical technique that provides
researchers with the spatial distribution of analytes, such as proteins or lipids
in biological samples [35]. The application of MALDI-MSI in biological and
biomedical fields has been expanded rapidly over the last decade and increas-
ingly adopted for its molecular imaging capabilities [36], [37]. In MALDI-MSI,
the biological tissue can be trypsinized in situ and then covered with a matrix.
The laser beam is then shot at its surface at different tissue locations. The
matrix absorbs the laser and ionizes the analytes at the tissue surface so that
they can then be analysed by mass spectrometry [38]. This means that in
addition to identifying and quantifying peptides and proteins, MALDI-MSI
is capable of determining the spatial location of the analytes on the tissue.
Furthermore, MSI can solve the issues discussed in section 1.3.4 and facilitate
biomarker discovery. Other than MALDI-MSI, other ionization techniques
such as desorption electrospray ionisation (DESI) [39] and secondary ion mass
spectrometry [40] are also used in MSI, and they are coupled to conventional
mass analysers such as Orbitrap, TOF, or Quadrupoles.

1.4.1 Applications of MSI

MSI has been adopted in the biomedical field over the past decade in the
context of biomarker discovery, drug distribution in tissues, and microbiome
studies in hospital settings [41]–[43]. For instance, Yanagisawa et al. identified
a proteomics signature associated with non-small cell lung cancer and were able
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to classify healthy and diseased tissues with 100% accuracy using MSI [44].
Also, Cazares et al. compared adenocarcinoma and benign prostate tissues
using MALDI-MSI and identified the MEKK2 kinase as a putative biomarker
to discriminate cancerous and benign tissues [45]. Lemaire et al. identified
the 11S proteasome activator complex as a potential biomarker of ovarian
carcinoma using MALDI mass spectrometry and validated its localization us-
ing MSI and immunocytochemistry techniques [46]. All of these approaches
highlight the potential of MSI in biomedicine and precision medicine research.

1.4.2 Limitations of MSI

One major challenge of MSI is its low protein identification sensitivity. MSI is
much less sensitive than traditional mass spectrometry, mainly due to a less
efficient peptide ionization. Furthermore, in the commonly used MALDI-MSI,
samples are directly transmitted into the mass spectrometer without liquid
chromatography separation lowering dynamic range of the analysed peaks.
The matrix applied on the tissue for MALDI analysis can also interfere with
ionization and add noise to the acquired mass spectra [47]. Furthermore,
the computational identification of peptides from MSI mass spectra has also
remained highly rudimentary and mainly based on computational analyses
designed for traditional mass spectrometry [48]. Peptides in mass spectrom-
etry are typically identified from MS/MS spectra using database search as
explained in Section 1.3.2. When identifying peptides in a MSI pixel (i.e.
location where the laser was shot), these approaches fail to make use of the
contextual information present in neighboring pixels, such as the peptides
present in their neighborhoods. These information could improve the poor
protein identification sensitivity of MSI that hinders its ability to characterize
the proteome of tissues and limits its biomarker discovery capabilities, and it
is the main idea investigated in this thesis.
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1.5 Machine learning

“Machine learning is a branch of artificial intelligence that systematically ap-
plies algorithms to synthesize the underlying relationships among data and
information” [49]. In his famous book, Machine Learning (1997) [50], Tom
Mitchell defines learning as follows:

A computer program is said to learn from experience E with re-
spect to some class of tasks T and performance measure P, if its
performance at tasks in T, as measured by P, improves with expe-
rience E.

For example, for a program that learns to recommend new videos to an
online video-sharing platform users (e.g. YouTube users), the task T is rec-
ommending videos to user, performance measure P is the proportion of “ap-
propriate” recommended videos to the users, and the training experience E
is a database of videos watched by users with similar preferences. Another
example could be an algorithm used in hospitals to predict the time of stroke
in hospital patients, the task T is predicting the time of stroke, performance
measure P is how close are the predicted time and actual time, and the train-
ing experience E is the database of previous cases of stroke and their vitals
and the measured time of stroke. Therefore, these three elements change de-
pending on the machine learning problem and should be carefully defined. In
the following sub-sections, there will be a brief explanation of the types of
task, experience, and performance measures used in this thesis.

1.5.1 Task (T)

In simple terms, “task” is our expectation from a given learning algorithm
and should not be confused with the notion of “learning” itself [51]. For
example, in our previous example of video recommendation algorithm, the
task is to determine which videos to recommend out of many videos that
are aligned with users’ preferences, formally known as a classification task,

12



whereas in the stroke prediction algorithm, the task is to predict the time of
stroke, formally known as a regression task. However, the process by which
the learning algorithm acquire such skills is irrelevant to the task at hand [51].
Classification is the only type of task used in this thesis which will be further
discussed.

Classification

In a classification task, the objective is to automatically label unlabeled data.
The labeled or unlabeled data points that are processed by learning algo-
rithms are called “examples” or “instances” which are the collection of fea-
tures extracted from subjects, events, or processes, and these two terms are
used interchangeably throughout this thesis. One instance is defined with a
n-dimensional vector xi ∈ Rn where n is the number of features for the in-
stance i, and each feature for that instance can be written as x(j)

i , j = 1, · · · , n.
Additionally, each instance i is associated to a label or target or class yi ∈ R.
For instance, in a binary cancer diagnosis problem the labels can either be
“Healthy” or “Diseased” for the biopsies, which can be represented with 0 and
1, respectively. The 0 and 1 labels can also be referred to as “Negative” and
“Positive” classes, respectively. Finally, a collection of labeled instances could
be represented in a dataset {(xi, yi)}Ni=1 where N is the number of instances
in the dataset, and yi is the corresponding label for xi [52].

The learning algorithm’s task is to predict the labels corresponding to
unlabeled instances. For a binary classification task, the learning algorithm,
or classifier, produces a function f : RN → {0, 1}. In other words, given a
vector x ∈ Rn, function f which represents the classifier, is able to predict
to which group, 0 or 1, does the example x belong. It is important to note
that some algorithms produce a probability distribution rather than a discrete
classification result, and there needs to be a probability threshold(s) by which
the classes are defined. This concept will be described in detail in the next
section.
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1.5.2 Experience (E)

Experience refers to the process of learning from data [51]. Supervised learn-
ing is one type of experience where the algorithm can learn from a dataset
containing both the features and the labels, or targets, denoted with yi in the
previous section. The term supervised refers to the notion that the labels are
shown by an “instructor” to the model so that the model can learn how to
distinguish examples belonging to each class. A more in-depth explanation of
each of the supervised classification algorithms used in this thesis follows.

Gaussian classifiers

In a binary classification problem, the probability that a new instance x has
label y = k where k ∈ {0, 1} could be written as the conditional probabil-
ity P (y = k | x), and it could be formulated using the Bayes rule shown in
Equation 1.1:

P (y = k | x) = P (x | y = k)P (y = k)

P (x)

=
P (x | y = k)P (y = k)

P (x | y = 1)P (y = 1) + P (x | y = 0)P (y = 0)
(1.1)

The above formulation can be shortened by replacing P (x | y = k) with
fk(x) and P (y = k) with πk as follows (note that πk has nothing to do with
conventional π = 3.1415 . . . , and it is only a symbol denoting the prior prob-
ability of class k):

P (y = k | x) = fk(x)πk∑
y fy(x)πy

(1.2)

Any value of k that maximizes P (y = k | x) is considered the label for x

which can be written as:

h(x) = argmax
k

P (y = k | x) = argmax
k

fk(x)πk∑
y fy(x)πy

(1.3)

14



The argmax function means the value of k which maximizes the value of
h(x). Since the denominator is a constant and independent of k, the above
expression could be simplified as:

h(x) = argmax
k

fk(x)πk (1.4)

We could assume that fk(x) for both classes are multivariate Gaussian and
create a classifier h(x) as follows [53]:

h(x) = argmax
k

δk(x) (1.5)

where,

δk(x) = −1

2
log | Σk | −

1

2
(x− µk)

TΣ−1
k (x− µk) + log πk

Σk is the covariance matrix for features where class is k, | Σk | is its
determinant, and µk is its mean. If it is assumed that Σk and µk can be directly
estimated from the training dataset, then the above classifier is referred to
as Quadratic Discriminant Analysis (QDA) which has a quadratic decision
boundary as shown in the left panel of Figure 1.4. The decision boundary
occurs where δ(x) = δ0(x) which is where the probability of belonging to either
negative or positive class is equal.

Furthermore, if we assume that the covariance matrices are equal between
the two classes Σ0 = Σ1 = Σ can be simplified as:

δk(x) = xTΣ−1µk −
1

2
µT
kΣ

−1µk + log πk (1.6)

which is called the Linear Discriminant Analysis (LDA) and has a linear de-
cision boundary as shown in the right panel of Figure 1.4. Furthermore, the
class prior probabilities πk can be changed for each class to adjust the decision
boundary of QDA and LDA in order to control the sensitivity and specificity
of the classifiers which is reflected in the contours of Figure 1.4.
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Figure 1.4: The decision boundaries of quadratic and linear dis-
criminant analysis algorithms. Left panel shows the quadratic decision
boundary of QDA; Right panel shows the linear decision boundary of LDA.
The light contours show the decision boundary of the classifiers when prior
probabilities πk are changed. The yellow and purple points belong to different
classes from an artificially generated imbalanced dataset with two features.
The examples that were not used in the training of the models are transpar-
ent.

Naïve Bayes classifier

For Bayes rule shown in Equation 1.1, a very naïve assumption could be made
regarding P (x | y = k) stating that all the features are independent (condi-
tional independence), that is:

P (x | y = k) = P (x1, x2, x3, . . . , xj | y = k) =
n∏

j=1

P (xj | k) (1.7)

Bayes rule can then be re-written as:

P (y | x = k) =
P (y = k)

∏n
j=1 P (xj | k)

P (x)
(1.8)

Any value of k that maximizes P (y = k | x) could be considered as the
label for x which can be formulated as:

h(x) = argmax
k

P (y = k | x) = argmax
k

P (y = k)
∏
j=1

P (xj | k) (1.9)
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Note that since P (x) is a constant and independent of k, it was eliminated
from h(x). Furthermore, maximum a posteriori estimation can be used to find
the parameters maximizing h(x). It turns out that similar to QDA and LDA,
P (y = k) can be estimated as the proportion of examples belonging to class
k in the training dataset. Furthermore, different Naïve Bayes classifiers vary
by the assumption they make regarding the distribution of P (xj | k): in the
Gaussian Naïve Bayes (Gaussian NB) classifier the distribution of the features
belonging to each class is assumed to be Gaussian. Figure 1.5 shows the
decision boundary of a Gaussian NB. Similar to QDA and LDA, the prior
probability P (y = k) can be manipulated to change the decision boundary
which is illustrated with the contours in Figure 1.5.

Figure 1.5: Decision boundary of Gaussian Naïve Bayes classifier.
The decision boundary is shown with the white circle separating the instances
from each group. The contours illustrate different decision boundary that
could be created using different prior probabilities. The yellow and purple
points belong to different classes from an artificially generated imbalanced
dataset with two features. The examples that were not used in the training of
the model are transparent.

Logistic regression classifier

The logistic regression model can be represented as follows:
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fw,b(x) =
1

1 + e−(wT x+b)
(1.10)

where w is a n-dimensional vector of parameters (weights), and b is a real
number. The above function models the posterior probability P (y | x) and is
called the logistic function or sigmoid function with the range of output from
0 to 1, which makes it easy to compute probability for an observation.

The optimal values of w and b for a given classification problem needs to
be calculated by maximising the likelihood of the model defined as follows:

∏
i=1...n

fw,b(xi)
yi(1− fw,b(xi))

(1−yi) (1.11)

Because of the exponential nature of the logistic regression, it is much
easier to maximize the logarithm of the above function which is called the
log-likelihood and has the same solution as the likelihood function and is done
using the gradient-descent algorithm.

The left panel in Figure 1.6 shows the linear decision boundary of a
logistic regression model, and the right panel shows the sigmoid function rep-
resenting the model and the 0.5 arbitrarily probability threshold separating
the two classes. By changing this threshold (i.e. moving it up and down in
the figure), the number of false negative and false positive identifications can
be adjusted which consequently affect sensitivity and specificity of the classi-
fication. The new decision boundaries as a result of different thresholds are
shown as contour in the right panel of Figure 1.6.
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Figure 1.6: Decision boundary of a logistic regression classifier and
its sigmoid function. Left panel shows the probability distribution of the
logistic model distinguishing the two classes, and the contours are the new
decision boundaries as a result of different thresholds; Right panel shows the
sigmoid function representing the model and an arbitrary threshold line at 0.5
separating the examples from each class. The yellow and purple points belong
to different classes from an artificially generated imbalanced dataset with two
features. The examples that were not used in the training of the models are
transparent.

Decision tree classifier

Imagine that we divide the feature space in a given dataset into m non-
overlapping subsets (or partitions) R1, R2, . . . , Rm such that each instance only
falls into one subset. We could define a function that predicts the label for an
instance x as follows [54]:

f(x) =
m∑
i=1

cmI {x ∈ Rm} (1.12)

cm is a constant value determined from the majority of the labels in subset
m, and I is an identity function which returns 1 when x ∈ Rm and returns
0 when x /∈ Rm. Therefore, each new instance’s label is determined from the
subset it falls in. The left panel in Figure 1.7 shows the decision boundary
of a decision tree classifier that has divided the feature space into 5 subsets.
There are several strategies to partition the feature space into m subsets, but
they all try to minimize the impurity measure in them which can be calculated
using Gini index or Cross-entropy. In other words, they try to find partitions
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such that each partition is all or mostly one class or the other, rather than
a mix of both classes. Given that there are Nm observations in a subset Rm,
the proportion of observations belonging to class k in a subset Rm can be
formulated as follows:

pmk =
1

Nm

Nm∑
xi∈Rm

I(yi = k) (1.13)

Subsequently, the impurity in a subset Rm can be calculated using Gini
index or Cross-entropy as follows:

Gini index =
k∑

k=1

pmk(1− pmk) (1.14)

Cross-entropy = −
k∑

k=1

pmk log pmk (1.15)

The impurity measures quantify the homogeneity of the subsets and how
well the partitions are made. Briefly, the decision tree algorithm partitions
the feature space by recursively dividing the feature space and then choosing
the best split that minimizes impurity measure. Therefore, by minimizing the
Gini index or Cross-entropy useful partitions can be created for classifications.

Random forest classifier

In a random forest classifier, a collection of uncorrelated decision tree classifiers
are built and then averaged [54]. Since decision trees are noisy and have
high variance (variance is how different the estimated labels are for different
training datasets), averaging many decision trees reduces the variance and
improves classifications. The right panel in Figure 1.7 shows the decision
boundary of a random forest classifier which looks more complex than the
decision tree classifier, since it is composed of many trees. Furthermore, the
contours in the random forest plot show the probability distribution of different
trees composing the forest.
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Figure 1.7: Decision boundaries of a decision tree and a random
forest classifiers. Left panel shows the decision boundary of a decision tree;
Right panel shows the decision boundaries of a random forest. The decision
boundaries are indicated with a white line around each region. The contours
in the Random Forest plot show the probability distribution of different trees
composing the forest. The yellow and purple points belong to different classes
from an artificially generated imbalanced dataset with two features. The ex-
amples that were not used in the training of the models are transparent.

Support vector machine

Consider a dataset with binary class instances that are linearly separable; that
is, a straight line can separate the two classes perfectly. A Supprot Vector Ma-
chine (SVM) tries to find a decision function in the form of a hyperplane (or
line) that not only separates the two classes, but also stays as far away as pos-
sible from the closest training examples [55] [56]. The distance between the
decision boundary and the closest instance is called the margin, and SVM’s
objective is to maximize this margin. The points that are closer to the hyper-
plane are called support vectors which influence the position and orientation of
the decision function. However, finding such line or hyperplane is not always
possible as real-world data are noisy and some instances from each class are
likely to overlap. Therefore, SVM tries to find a good balance between the
width of the margin and number of instances violating the margin constraint
and making sure as many points as possible are on the correct side of the
margin. The left panel in Figure 1.8 shows the decision boundary of a linear
SVM and the margins which are parallel and equal distance to the decision
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boundary, and their values are +1 and -1 on the decision function.
SVM can use the “kernel trick” to project the features into a higher dimen-

sional space so that a non-linear relationship between the features could be
captured [57]. Radial Basis Function (RBF) kernel is one of the most popular
kernels used with SVM which can capture non-linear relationships among the
data as shown in the right panel of Figure 1.8.

Figure 1.8: Decision boundaries of two support vector machine clas-
sifiers with linear and RBF kernel. Left panel shows the decision bound-
ary (white line) of a linear SVM classifier and the margins (white dotted lines)
which are parallel and equal distance to the decision boundary. Right panel
shows the decision boundary of a SVM classifier with RBF kernel. The con-
tours show the decision boundaries with different parameters. The yellow and
purple points belong to different classes from an artificially generated imbal-
anced dataset with two features. The examples that were not used in the
training of the models are transparent.

Artificial neural networks

An Artificial Neural Network (ANN), or neural network, is a machine learning
model constructed based on the representation of a brain, in which neurons
are connected to each other and propagating signals. ANN are built with
different types of architecture to accomplish their goals. The Perceptron can
be considered as the simplest ANN architecture as shown in Figure 1.9, where
a piecewise step function is applied on the weighted sum of the input to produce
an output for classification or regression depending on the step function [55].
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However, the Perceptron can only have a linear decision boundary and capture
linear relationship in the data and is not suitable for complex datasets. This
limitation has been eliminated by staking multiple Perceptrons together as
shown in the left panel of Figure 1.10 which is called a Multi-layer Perceptron,
or neural network that is composed of one input layer, one or more hidden
layers, and one output layer. Each layer has a potentially different number
of nodes, and each node can be considered as a Perceptron which applies an
activation function on the weighted sum of the input from the preceding nodes.
Rectified Linear Unit (ReLU) ReLU(z) = max(0, z) is a popular activation
function in neural network [58].

Output

Figure 1.9: Network diagram of a perceptron with two inputs. The
two inputs (x1 and x2) and their associated weights (w1 and w2) are linearly
combined and then a step function is applied on the resulting sum. The
outputted values could be used for classification or regression depending on
the activation function.

Furthermore, depending on the classification problem, different architec-
tures and activation functions could be used in the output layer such as the sig-
moid function explained in section 1.5.2 for binary classification. The weights
in a neural network are determined using the back-propagation algorithm in
which a prediction is made for one of the training examples using random
weight values. Subsequently, the contribution of each connection to the error
is measured and the weights are tweaked to reduce the error through Gradient
Descent steps [51]. Neural networks can capture non-linear relationships in
the data as shown in the right panel of Figure 1.10.
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Input Layer Hidden Layer Output Layer

Figure 1.10: Simple architecture of a neural network, and visualiza-
tion of the decision boundary of a neural network. Left panel shows 3
nodes in the input layer, 2 hidden layers with 2 nodes each, and the output
layer with one node. Right panel shows the decision boundary of a neural
network with sigmoid activation function as its output. The contour shows
the probability of different examples as modeled by the classifier. The yellow
and purple points belong to different classes from an artificially generated im-
balanced dataset with two features. The examples that were not used in the
training of the model are transparent.

1.5.3 Performance measure (P)

The metrics to evaluate the performance of a machine learning algorithms
should be chosen according to the task that is defined for a given problem.
Since classification is the focus of this thesis, only metrics used for classification
will be discussed.

Let a binary classification task where each example xi ∈ Rn and its corre-
sponding true label (or gold standard) yi ∈ {0, 1} (0 and 1 denote negative and
positive examples, respectively). A classifier f predicts the class of example
xi such that f(xi) ∈ {0, 1}. The resulting prediction for each example can be
categorised into 4 groups as shown in Figure 1.11: true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN) [59].
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Figure 1.11: Confusion matrix with 4 categories of prediction. The
green squares indicate the correct predictions, and the orange squares show
the wrong predictions.

Accuracy

Accuracy is defined as the overall proportion of true predictions. However, in
an imbalance dataset where the number of positive and negative examples are
not similar, accuracy is not an informative metric.

Accuracy =
TP + TN

TP + TN + FN + FP
(1.16)

Recall

Recall (sensitivity or true positive rate (TPR)) is the proportion of positive
examples that are correctly predicted to be positive.

Recall = TP

TP + FN
(1.17)

Specificity

Specificity is the proportion of negative examples that are correctly predicted
to be negative.
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Specificity =
TN

TN + FP
(1.18)

Precision

Precision or positive predictive value (PPV) is the proportion of true positives
with respect to all the examples that the classifiers predicted as positive.

Precision =
TP

TP + FP
(1.19)

Fβ measure

The Fβ measure is the harmonic mean between precision and recall which mea-
sures the trade-off between the two metrics, and it is calculated as follows [60]:

Fβ = (1 + β2)
Precision×Recall

(β2 × Precision) + Recall
(1.20)

where β is the parameter that controls the importance given to precision and
recall. When β = 1 , also referred to as F1 measure, both precision and
recall have the same importance; when β = 2, recall is twice as important as
precision. When β = 0.5, precision is twice as important as recall.

Area under receiver operating characteristic curve

The receiver operating characteristic (ROC) curve summarizes the perfor-
mance of a classifier at different values of TPR and false positive rate (FPR),
and is generated by changing the decision boundary of the classifiers as ex-
plained previously [60]. The area under the ROC curve (ROCAUC) can be
interpreted as the probability that a randomly chosen positive instance is
ranked above a negative instance. Furthermore, ROCAUC is independent of
threshold and often used to compare classifiers.

Area under precision and recall curve

Similar to ROC curve, the precision and recall (PR) curve summarizes the
performance of a classifier at different values of precision and recall [59]. The
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area under the PR curve (PRAUC) can be used to compare classifiers; however,
contrary to ROCAUC, it does not have a probabilistic interpretation. Also,
when there is a class imbalance and the minority class is the positive class,
PRAUC is more informative than ROCAUC because it considers all of the
rare events.

1.5.4 Statistical comparison of the classifiers

Comparing the performance of two or more learning algorithms with statistical
tests is an important part of machine learning research. Performance is any
monotonic measure of a classifier’s performance on a given dataset which were
described in the previous section. Simply choosing the classifier with the
highest performance measure is not acceptable as the over-performance could
be due to chance. There are various strategies and statistical tests developed
for this purpose; however, discussing the limitations and assumptions behind
each test is necessary before making any conclusion from the statistical tests.

Cross-validation (CV) is a commonly used method for the comparison of
classifiers in machine learning, especially when the dataset is small. In a k-
fold-CV, the training data is divided into k sets, which could be overlapping
or non-overlapping. For each k iteration of the algorithm, one set is chosen
for testing while the other sets will be used for training. Therefore, at each
iteration, each classifier is trained on the training sets and tested on the test
set. The performance of the classifiers on the test sets can be compared using
tests such as paired t-test. However, this process violates the independence
assumption necessary for t-test or ANOVA because the training sets overlap,
and the variance of the performance measures are generally underestimated
compared to when training sets were independent resulting in a high type I
error probability as demonstrated by Dietterich [61]. For instance, in a 10-
fold-CV experiment, 80% of the instances are shared between any pair of folds
which results in high probability of finding significance when there is none.
Alternative methods such as 5 × 2-fold-CV t-test [61] and corrected resample
t-test [62], which incorporates overlap into variance estimation, have been pro-
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posed. In this thesis, due to the presence of a sufficiently large training and
testing dataset we will perform a 10-fold training and testing without under-
mining the assumptions underlying statistical tests which is further explained
in the next chapter.
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Chapter 2

General Methodology

In this chapter, the common steps and methods employed to process and gen-
erate the datasets that are used in the next two chapters are described. First,
the details of the raw MSI dataset are explained followed by the downsam-
pling scheme used to generate datasets with less spectra. Then, database
search followed by confidence assessment with ProteinProphet and Percolator
are explained. Afterward, the feature engineering process used to create the
datasets with spatial features are explained. Finally, FDR calculation and
statistical tests to compare different classifiers are described.

2.1 Dataset

We used the publicly available tandem mass spectrometry (MS/MS) dataset
of mouse uterus model system that was downloaded from Mass Spectrom-
etry Interactive Virtual Environment website https://massive.ucsd.edu/

ProteoSAFe/static/massive.jsp with accession number MSV000084421 [63].
The dataset contains two 6×4 pixels tissue sections of mouse uterus that con-
tain three cell types: stroma, glandular epithelium, and luminal epithelium.
Furthermore, one tissue is a stromal-dominant tissue, which we used to train
our algorithm, whereas the other one is a luminal-epithelium-dominant tissue,
which we used to test and benchmark our models (Figure 2.1). Even though
each of the tissues in this dataset had 24 pixels, it was the only available
MS/MS dataset for MSI that we could access. The tissues were analysed with
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Nanodroplet Processing in One pot for Trace Samples (nanoPOTS) coupled
with laser capture microdissection at 100 µm spatial resolution followed by
LC–MS analysis. The researchers used MaxQuant [64] with match-between-
run setting and detected 1,764 and 2,357 unique proteins in in the stromal-
dominant and luminal-epithelium-dominant tissues, respectively. Also, each
raw dataset contained on average 36,000 spectra. We used the MS/MS data
of all the pixels and their relative coordinates on each tissue.

Glandular epitheliumGlandular epithelium Luminal epitheliumLuminal epithelium

100 100 µµmm 100 100 µµmm

StromaStroma

Figure 2.1: Pseudo-color optical illustration of two dataset used in
this thesis. Left panel is the stromal-dominant tissue that was used to train
our machine learning model; Right panels is the luminal epithelium-dominant
dataset used to benchmark our model. Scale bar, 100µm. Obtained from
Piehowski et al. [63]

2.2 Database search

For each pixel, the raw MS/MS instruments files (.RAW) were converted into
open format (.mzML) using the msconvert tool in Trans Proteomic Pipeline
(TPP) version v5.2.0 which is a free open-source software platform for pro-
teomics data analysis [65]. In order to match the spectra in the MSI datasets
with proteins, database search was performed on the converted files using
Comet (version 2018.01 rev.4) [22]. Mass spectra were searched against the
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UniProt Mus Musculus database downloaded on October 2016 and contained
16,839 proteins and 16,839 decoys generated by reversing the protein sequences.
Carbamidomethylation of cysteine was set as a fixed modification and N-
terminal acetylation and oxidation of methionine were allowed as variable
modifications, and a maximum of two missed enzyme cleavages were allowed in
a peptide. We then used ProteinProphet and Percolator for protein detection
confidence assessment on the generated PSM.

2.3 Mass spectrum downsampling

In order to artificially generate MSI dataset with less number of spectra for
benchmarking purposes (explained in section 3.3), we devised a downsampling
scheme where certain proportions of the PSM in the database search files
are randomly eliminated. Herein, we chose nine downsampling ratios: 0.10,
0.20, 0.30, 0.40, 0.50, 0.60, 0.70, 0.80, and 0.90. For example, in the 0.10
downsampling file, 10% of the PSM from the original dataset were randomly
eliminated. Note that downsampling should not be confused with the data
sampling performed in machine learning analysis of the imbalanced datasets
to change the number of examples in each class.

2.4 Protein detection confidence assessment

Confidence assessment of the protein matches in each pixel was done sepa-
rately by analysing their database search results using ProteinProphet and
Percolator.

2.4.1 ProteinProphet

We used PeptideProphet and ProteinProphet that are integrated into TPP
(version v5.2.0). Minimum peptide length of 7, probability threshold of 0.0,
and accurate PPM mass binning were used to run both software.
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2.4.2 Percolator

Crux (version 3.2) mass spectrometry analysis toolkit was used to run Percola-
tor (version 3.05.nightly-106-2c8457a7) on the dataset [66]. Protein detection
probabilities were inferred from the picked protein-level FDR using the con-
catenated target-decoy search strategy.

2.5 Feature engineering

Prior to feature engineering, all the database search files were converted into
mzIdentML which is an exchange standard in proteomics designed by the Pro-
teomics Standards Initiative [67]. We used the idconvert tool shipped with the
ProteoWizard (version 3.0.20361) which is a set of open-source cross-platform
tools and libraries for proteomics [68].

The Comet database search results, now in mzIdentML format, were parsed
and features were extracted and created for each protein in each pixel. Overall,
the features can be divided into two categories: local (from pixel-of-interest
(POI)), and spatial (from neighbouring pixels). Therefore, for a given protein
on a given pixel (which we also refer to it as POI), some features are derived
from the spectral information on the POI, and some features are derived from
the spectral information on the adjacent pixels to POI. A naming convention
used to name the features is that the local features extracted from a pixel are
ended with POI referring to the pixel-of-interest, while the spatial features
from the neighbouring pixels lack this suffix.

We have defined the neighbourhood of a POI as the most adjacent pixel
in the horizontal, vertical, and diagonal directions. More specifically, if the
coordinate of a given POI is (xPOI , yPOI), the set of coordinates from adjacent
pixels defined by C is determined as follows:

C = {(xadj, yadj) | 1 ≥ xPOI − xadj ≥ −1 and 1 ≥ yPOI − yadj ≥ −1, yadj ∈ W}

(2.1)
The notion of neighbourhood is visualised in Figure 2.2. Therefore, at a

given POI, there could be 8, 5, or 3 neighbouring pixels which we will be using
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to build the spatial features.
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Figure 2.2: Visualising the neighbourhood definition at three ran-
domly chosen POIs. Each of the three POIs and their neighbouring pixels
are colored with the same color. The number of neighbours is the highest (8
pixels) for the green POI, is intermediate (5 pixels) for the gray POI, and is
the smallest (3 pixels) for the yellow POI.

Even though the Comet database search reports 5 PSM for each spectrum,
we have used the top ranked (based on xCorr) PSM to build our features.
The only exception is xCorr_5_POI which was calculated based on the best
and the worst (5th ranked) xCorr for a given spectrum. It is important to
remember that proteins could be associated to a single or multiple spectra
(i.e. one or multiple top PSM) at a given pixel from which we derived the
features. In a 6×4 pixels dataset, a protein could appear at most 24 times and
at least 1 time. The list of features and their descriptions are in Table A.1.
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2.6 Protein identification labels by
ProteinProphet

We employed ProteinProphet probabilities, PPP , and their 1% FDR threshold,
Pthr, to assign labels to the proteins (non-decoys) in the dataset as shown in
Equation 2.2:

f(Pthr, PPP ) =

{
1 PPP ≥ Pthr

0 PPP < Pthr

(2.2)

All the decoys in the dataset were assigned label zero regardless of their
ProteinProphet probabilities because they represent protein sequences which
are incorrectly identified. Label “1” is associated to the proteins that are
confidently identified in a pixel, and label “0” indicates the proteins that are
not confidently identified. Therefore, the final dataset that was used for the
downstream machine learning analysis has tabular format with rows being
the protein instances and columns being the features, and one column for
the labels. The term instance refers to a protein or decoy identification at a
given pixel. All the positive instances are confidently identified proteins, but
the negative instances could be decoys or proteins that are not confidently
identified in a pixel.

2.7 Decoy-based FDR estimation

All the FDR values calculated in this thesis is based on decoy as opposed to the
conventional FDR formula which is calculated using FP. To avoid confusion,
this FDR value is referred to as decoy-based FDR which is widely used in
proteomics. Even though there are several decoy-based formulas, we used the
Elias and Gygi’s equation [69] to calculate FDR as shown below:

FDR =
2×D

T +D
(2.3)

where D is the number of decoy hits, and T is the number of target hits.
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2.8 Data pre-processing

Given that some features had larger scales than others, each feature was nor-
malised to the range [0,1] as follows:

zi =
xi −min(x)

max(x)−min(x)
(2.4)

where x ∈ R1×m is the feature vector for the dataset containing m instances,
xi ∈ R is the value of the feature for instance i, and zi is the normalised value
of xi.

2.9 Statistical comparison of the classifiers

When comparing the performance of one or more classifiers, we performed a
10-fold training-testing as shown in Figure 2.3. Each training and testing
fold is a randomly chosen stratified portion of the training and testing dataset
that is non-overlapping (disjoint) from other folds. (Stratified indicates that
the proportion of the positive and negative samples are similar in all the folds).
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Figure 2.3: Training-testing scheme used to compare the machine
learning classifiers.

The above training and testing scheme was used to ensure independence
of the samples which is necessary for statistical tests. However, there are still
limitation in ensuring that all the samples are statistically independent; that
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is, each fold comes from the same experiment or tissue pixel which further
violates the independence assumption. In this thesis, however, we assume
independence of the samples. On the other hand, such scheme accounts for
smaller training and testing sets that lower the performance of the learning
algorithms especially those that require large training datasets such as neural
networks. However, we have accepted this trade-off given that at worst, we
have underestimated the performance of some classifiers rather than over-
estimating them.

The performance measures between two classifiers were compared using
the nonparametric alternative of t-test: Wilcoxon’s test [70] implemented in
Pingouin [71] package version 0.3.11.

The performance measures between more than two classifiers were com-
pared using the nonparametric alternative of one-way repeated-measure ANOVA:
Friedman’s test [72] which was implemented in SciPy [73] package version
1.6.2. The statistical significance level for both tests are achieved with p-value
< 0.05.
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Chapter 3

Protein identification using
local and spatial features

The overall goal of this chapter is to explore how the addition of spatial spectral
information can affect protein identification in MSI. Herein, a supervised learn-
ing model called Spatially-Aware Protein Identification Algorithm (SAPID) is
introduced. SAPID integrates both spatial and local information acquired by
MSI to assess protein identification at a given tissue location. This approach
is based on the idea that given some evidence that a protein P is present at
a location S, evidence for protein P in the neighbourhood of S increases the
confidence of P ’s identification at S.

First, I trained four different supervised learning algorithms on the MSI
dataset and compared their performance. Furthermore, three different combi-
nations of feature sets (only spatial information, only local information, and
both local and spatial information) were used to assess their effect on protein
prediction. The performance metrics such as recall, specificity, precision, and
ROCAUC were used to compare different combinations of learning algorithms
and feature sets. Moreover, total number of proteins detected at <1% decoy-
based FDR was another metric that was compared between classifiers and
feature sets. The classifier that had an overall better performance was used
in the second part of the analysis where SAPID was benchmarked against the
other conventional algorithms on the downsampled datasets.

Since the downsampled datasets mimic MSI analysis with fewer mass spec-
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tra per pixel, protein identifications in these datasets can reveal how the spatial
features can help protein identification in MSI experiments, where less mate-
rial is available and protein identification is more challenging. Therefore, we
benchmarked SAPID against ProteinProphet and Percolator and compared
the total number of proteins they can identify at <1% decoy-based FDR. The
optimal outcome is when SAPID identifies more proteins compared to the
other two algorithms at the same decoy-based FDR. The above milestones
can be summarized as follows:

Protein identification in the original MSI dataset: We built a super-
vised machine learning model, SAPID, that could use both local and
spatial spectral information to identify proteins in MSI datasets, and
then benchmarked the algorithm against two state-of-art protein identi-
fication algorithms: ProteinProphet, and Percolator.

Protein identification in downsampled MSI dataset: The machine learn-
ing model from the previous milestone was trained and tested on the
downsampled MSI datasets that were generated by downsampling the
original dataset. The algorithms were then benchmarked against Pro-
teinProphet and Percolator on the downsampled dataset.

Statement of author contribution
Soroush Shahryari Fard, Theodore J. Perkins, and Mathieu Lavallée-Adam
conceived the study. Soroush Shahryari Fard, Theodore J. Perkins, and Math-
ieu Lavallée-Adam designed the algorithm. Soroush Shahryari Fard imple-
mented the algorithm. Soroush Shahryari Fard analyzed the data, prepared
the figures, and wrote this chapter under the supervision of Theodore J.
Perkins, and Mathieu Lavallée-Adam.

3.1 Data visualization

Visualizing the dataset and the relationship between the features is often the
first step in machine learning research as it gives important clues about the
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instances in the dataset. I first performed hierarchical clustering to explore
how similar or different are the features from the proteins that are correctly
identified compared to the incorrectly identified proteins. Moreover, the hier-
archical clustering analysis can reveal how closely the spatial and local features
can be clustered together. I also created a correlation matrix of the features
to further showcase the collinearity among the features which could explain
the result of the downstream machine learning analysis.

In order to visualise the features and instances in the dataset, a hierarchical
clustering with average linkage and Euclidean distance was performed on 20%
of randomly selected instances, equivalent to 47,552, in the training dataset.
The reason for only choosing 20% of the dataset was simply because of the
limited memory on my computer. The Seaborn package [74] version 0.11.1,
which wraps the Scipy [73] package’s hierarchical clustering algorithm, was
used to produce the clustering heatmap. Finally, the Pearson’s correlation
heatmap for the dataset was generated using pandas [75] version 1.1.4.

The training set contained 204,998 negative and 32,760 positive examples,
and the testing set contained 219,014 negative and 42,238 positive examples.
Therefore, the class imbalance for the training and testing sets were 1:6 and
1:5, respectively.

The hierarchical clustering results in Figure 3.1 show a clear clustering
of the positive and negative classes; that is, the positive and negative in-
stances are separated in Euclidean space. Therefore, it is expected that the
machine learning algorithms that have linear decision boundaries can have a
good classification performance on the dataset. The top lanes that are mainly
associated with the correctly identified proteins generally show higher value
for both spatial and POI features compared to the other lanes. Furthermore,
clustering of the features show that some of the spatial features are clustered
more closely with the POI features than with other spatial features. For in-
stance, the spatial features top-xCorr-2 and top-deltaCN-2 are more closely
clustered with mean-deltaCN-POI and mean-deltaCN-5-POI than with other
spatial features such as top-SpecCount-1 or num-surrounding-pixels-with-PSM.
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Since mass spectra with higher deltaCN are generally indicative of good protein
identifications at a given POI and more good quality identifications are ex-
pected to have some neighbouring spectral information associated with them,
the close clustering between POI and spatial features can be explained.

POI features
Spatial features
Confidently identified proteins
Proteins not confidently identified

1.0 0.0
Normalized feature value

Figure 3.1: Hierarchical clustering heatmap of 20% of the training
dataset. Average linkage with Euclidean distance was used to cluster the
samples. Target column shows the label of the samples, and the top row
shows whether the features are spatial or local. Length of the branches in the
dendrogram is proportional to the distance between each feature.

The correlation matrix in Figure 3.2 shows a strong positive correlation
between some features which is in agreement with the observation made from
the hierarchical clustering. For example, the features top-SpecCount-1, top-
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SpecCount-2, and top-SpecCount-3 are positively correlated with mean-all-
surrounding-spectral-count since the latter is intentionally derived from the
former features. This correlation is expected to hinder the performance of
classifiers such as Gaussian NB which assume independence of the features.
Furthermore, the interpretability of the models such as the weights on the
logistic regression model will not be informative given the correlation among
features.

Pearson’s correlation

Figure 3.2: The correlation matrix of the features in the training
dataset. The features are normalised, and their Pearson’s correlation are in-
dicated with the shades of blue (strong negative correlation) and brown (strong
positive correlation). The legend indicates the value of Pearson’s correlation.
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3.2 Machine learning analysis on the full
dataset

The main objectives of this section are two folds: explore which learning al-
gorithm could perform the best protein identification task and assessing the
benefit of integrating spatial features for protein identification. Thus, different
combinations of four machine learning algorithms (LDA, Gaussian NB, deci-
sion tree, and logistic regression) and three features sets (POI features only,
Spatial features only, and All features) were applied on the dataset using
the 10-fold training and testing scheme explained in section 2.9. Scikit-Learn
package [76] version 0.23.2 was used to train and test the machine learning
algorithms, and hyperparameter tuning was performed using grid search with
the search space and k-fold-CV shown in Table 3.1. The parameters that
maximized the mean of F1 measure across the folds were selected for test-
ing. For each training-testing fold, six metrics were used to compare different
combinations of classifiers and feature sets (recall, specificity, precision, F1
measure, ROCAUC, and PRAUC) using the statistical tests explained in sec-
tion 2.9.

Table 3.1: Summary of grid search space used for hyperparameter tuning of
the machine learning models

Algorithm Stratified k-fold
validation

Grid search
space

Linear Discriminant
Analysis 5 tol: 1.0e-5, 1.0e-4, 1.0e-3, 1.0e-2

Gaussian Naïve
Bayes 5 var-smoothing: 1e-8, 1e-9, 1e-10

Decision Tree 5 criterion: gini, entropy
max-depth: 1, 2, 3, 4, 5, None
min-sample-split: 2, 4, 6, 8
min-sample-leaf: 1, 2, 3, 5
class-weight: None, Balanced

Logistic Regression 5 penalty: L2, Elastic Net
C: 0.01, 0.1, 1.0, 10
l1-ratio: 0.25, 0.5, 0.75
class-weight: None, Balanced
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Furthermore, the number of correctly identified proteins at <1% decoy-
based FDR was also used to compare the classifiers. However, this metric
was only possible for classifiers that could obtain <1% decoy-based FDR.
Finally, logistic regression was chosen as the optimal algorithm for SAPID
for this classification task, and the number of identified proteins at different
FDR thresholds were plotted for ProteinProphet, Percolator, and SAPID with
different feature sets (All features, Spatial features only, and POI features only)
to benchmark their protein identification performance.

The performance metrics of the four classifiers with each of the three feature
types are depicted in Figure 3.3, which show that overall, the classifiers were
similarly able to distinguish the correctly and incorrectly identified proteins
across all the feature sets. In particular, Gaussian NB’s performance metrics
are lower than the other classifiers which could be because of the independence
assumption that Gaussian NB requires, but that is not satisfied in the dataset.
The relatively good and similar performances of the other classifiers can be
due to the good separation of the two classes in Euclidean space as explained
before. Thus, the classification task was not very challenging, and classifiers
with linear decision boundary performed well on it. For instance, the average
recall of 0.90 indicates that the classifiers were able to correctly classify 90%
of the positive protein instances, and specificity of 0.97 indicates that the
classifiers are able to correctly identify 97% of the negative protein instances.
Moreover, precision of 0.90 indicates that 90% of the positive predictions are
correct. Furthermore, F1 score of around 0.9 indicates that despite the class
imbalance of around 1:5, the classifiers are able to achieve a good overall recall
and precision.
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Figure 3.3: Comparing the performance of different classifiers based
on different metrics and feature sets on distinguishing correct and
incorrect protein matches. Non-parametric Friedman test was performed
to assess statistical significance of metric differences. N=10 testing folds. p-
values are also indicated by stars, *p<0.05, **p<0.01, ***p<0.001.
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The ROCAUC and PRAUC are shown in Figure 3.3 which are similar for
all classifiers except for the Gaussian NB. Furthermore, the curves in Figure
3.4 show a typical behaviour of a good learning algorithm except for the
decision tree with an unstable PR curve. That is, the decision tree algorithm
overfits the training sets and fluctuates depending on the training set it is
trained on which is not a suitable behaviour.

Figure 3.4: ROC and PR curves of different classifiers with different
feature sets. Top panel shows the ROC curves; Bottom panel shows the PR
curves of the classifiers. The shaded regions show ± standard deviation of the
10 different testing folds.

The total number of protein identifications at <1% decoy-based FDR
deemed correct by the logistic regression and LDA classifiers are shown in
Figure 3.5. Note that Gaussian NB and decision tree could not achieve pro-
tein identification at decoy-based FDR <1% and were eliminated from the
figure. The statistical tests show that logistic regression identifies more pro-
teins at <1% decoy-based FDR compared to LDA when POI features are used
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or when spatial features are used. However, no difference is observed when all
features are used. Even though Figure 3.3 shows that there is little difference
between LDA and logistic regression when looking at their performance met-
rics, Figure 3.5 shows that logistic regression detects more proteins than LDA
at <1% decoy-based FDR, and this difference is statistically significant when
either local or spatial features are used. The advantage of the logistic regres-
sion can be due to its more non-parametric characteristics; that is, contrary
to LDA, logistic regression does not estimate the whole joint distribution.
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Figure 3.5: Comparing the number of proteins identified at a decoy-
based FDR <1% for different feature sets with LDA and logistic
regression Non-parametric Wilcoxon test was performed to assess statistical
significance. N=10 testing fold. p-values are also indicated by stars, *p<0.05,
**p<0.01, ***p<0.001. NS indicates p>0.05.

Figure 3.6 shows the performance metrics of the classifiers when different
feature sets are used which illustrates that, overall, the classification of the
protein instances is not improved with the addition of spatial information with
respect to the metrics measured in the figure. Gaussian NB is the only classifier
which shows an improvement in its recall, precision, F1 measure, and PRAUC
with addition of spatial features compared to only when POI features are used,
but the other algorithms do not show any improvement with the addition of the
spatial information. Such behaviour could be because of the correlated features
in the dataset; that is, when spatial features are absent, the POI features that
are correlated with the spatial features can convey the same information to
the learning algorithms. Interestingly, when only spatial features are used, the

46



classifiers perform reasonably well with average recall, specificity, precision,
F1 measure, ROCAUC, and PRAUC of 0.80, 0.90, 0.80, 0.85, 0.90, and 0.70,
respectively. Such observation shows that the neighbouring features of a POI
alone have the potential to be used for protein identification.
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Figure 3.6: Comparing different metrics and feature sets for different
classifiers on distinguishing correct and incorrect protein matches
Non-parametric Friedman test was performed to assess statistical significance.
N=10 testing folds. p-values are also indicated by stars, *p<0.05, **p<0.01,
***p<0.001.
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Figure 3.7 shows the number of protein identifications at a decoy-based
FDR <1% for logistic regression and LDA classifiers when different feature
sets are used. The statistical tests show that the performance of the classifiers
did not stay constant across the three features sets. For LDA, the number
of correct protein identifications fluctuates a lot across the folds when spatial
features are used; however, much less variation is observed in logistic regression
which can be due to its less parametric nature as explained before. Moreover,
addition of the spatial information did not improve number of proteins detected
in LDA, but it increased that for logistic regression.
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Figure 3.7: Comparing the number of protein identifications identi-
fied at decoy-based FDR <1% for LDA and logistic regression with
different feature sets. Non-parametric Friedman test was performed to as-
sess statistical significance. N=10 testing fold. p-values are also indicated by
stars, **p<0.01, ***p<0.001.

When looking at the number of proteins that are correctly identified at dif-
ferent decoy-based FDRs, SAPID with all features performed consistently bet-
ter than ProteinProphet and Percolator as shown in Figure 3.8. For instance,
at a <1% decoy-based FDR, SAPID with all features identifies 40,922 proteins,
while ProteinProphet and Percolator identify 37,202 and 34,158 proteins, re-
spectively. It is important to note that these values do not indicate unique
proteins; instead, they indicate unique proteins at a given location/pixel. More
specifically, SAPID with all features on average identified 1705 ± 118 unique

49



proteins per pixel, whereas ProteinProphet identified 1550 ± 114 unique pro-
teins per pixel on the testing dataset at a decoy-based FDR <1%. Further-
more, the number of unique proteins that are only detected by either SAPID
(All features) or ProteinProphet are 1484 and 843, respectively. Interestingly,
SAPID with only spatial features had superior performance compared to Pro-
teinProphet and Percolator and outperformed all the other SAPID’s feature
combinations at a decoy-based FDR >1.5%. Since more proteins are iden-
tified when both spatial and POI features are used compared to when only
POI features are used, we can conclude that spatial features improve protein
identifications.
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Figure 3.8: Sum of the total number of protein instances identified in
the testing dataset with SAPID, Percolator, and ProteinProphet at
different decoy-based FDR thresholds. Different combinations of features
were used to train and test the SAPID algorithm which is indicated in the
legend. The red line indicates 1% FDR.

This conclusion may seem contradictory to the previously presented results
indicating that there is no benefit in adding spatial features with POI features.
However, it is important to note that the previous metrics were calculated
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based on the performance of the classifiers in identifying correctly identified
proteins from the labels that were assigned to each instance by ProteinProphet.
Although we generally expect them to be correct, this is not guaranteed. In
particular, FN are possible with the limited data available in each pixel. Thus,
failure for spatial features to improve classification performance may have more
to do with the limitations of our instance labels. On the other hand, the
decoy-based FDR results shown in Figure 3.8 is based on the ratio of decoy
identifications and non-decoy identifications as explained in 2.7. Although the
decoy hits can be considered as FP, the non-decoy identifications could be
biologically correct identifications. Therefore, decoy-based FDR calculation
performed here cannot be compared to any of the label-based metrics reported
previously, as it is like comparing apples to oranges. In short, decoy-based FDR
in the context of proteomics is not equivalent to the label-based definition of
FDR (or equivalently, 1− precision).

3.3 Machine learning on the downsampled
datasets

When performing MSI analysis, one of the choices is the pixel size. Smaller pix-
els mean a potentially-finer understanding of tissue architecture at the molec-
ular level. Because pixels are physically closer, it may also mean a greater
reason to believe that proteins in a neighbouring pixel are also found in the
POI. On the other hand, making smaller pixels probably means fewer spectra
from each pixel, since less peptides will be ionized and hence cause more chal-
lenge in identifying the proteins. We cannot directly simulate spatially finer
data, but we can downsample the mass spectra to simulate that there are less
data per pixel that would be expected and see if SAPID can have benefits in
that context. Furthermore, varying tissue quality may also cause less spectra
to be acquired at a given pixel.

Therefore, the downsampled training and testing datasets with fewer num-
ber of spectra were created as explained in section 2.3. Again, downsampling
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should not be confused with data sampling performed in machine learning re-
search to create balanced datasets; that is, the downsampling ratio 0.5 (50%)
reduces the number of mass spectra by 50%, but it does not necessarily change
the number of training or testing instances by 50%. For each downsampled
training dataset, a SAPID logistic regression model was trained and tuned as
explained in the previous section and tested on the corresponding downsam-
pled testing datasets. Subsequently, Percolator and ProteinProphet were also
tested on the downsampled testing datasets to compare their performances
against those of SAPID.

The number of positive and negative instances and their ratio in the down-
sampled datasets are shown in Table 3.2, which shows a small imbalance
across all the downsampled datasets. As the downsampling ratio increases,
the class balance decreases, which means the datasets with higher downsam-
pling ratio can be more challenging for classification. The highest and lowest
class imbalance occur at downsampling ratios 0.1, and 0.9, which correspond
to class imbalance ratio of 1:5 and 1:3, respectively.

Table 3.2: Summary of the number of positive and negative instances in the
downsampled datasets generated from the original testing dataset.

Downsampling
ratio

Number of
positive instances

Number of
negative instances

Positive:Negative
ratio

0.1 40,646 203,615 1 : 5.01
0.2 38,789 187,427 1 : 4.83
0.3 36,721 170,171 1 : 4.63
0.4 34,559 151,488 1 : 4.38
0.5 31,931 132,172 1 : 4.14
0.6 28,769 110,423 1 : 3.84
0.7 24,795 87,346 1 : 3.52
0.8 19,695 62,213 1 : 3.16
0.9 12,564 33,804 1 : 2.69

As explained before, we determined the gold standard protein identifica-
tions in the original (non-downsampled) training and testing datasets using
ProteinProphet (Equation 2.2). Furthermore, we applied ProteinProphet on
the downsampled datasets at different downsampling ratios, which allowed
us to compute the fraction of proteins that ProteinProphet is able to cor-
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rectly identify at different downsampling ratios. At the same time, we trained
SAPID on the downsampled spectra datasets using the downsampled Protein-
Prophet results as labels since that is all that would be available in a situation
where there are limited number of spectra. Then we were able to evaluate
what fraction of proteins SAPID can identify in the downsampled datasets in
comparison with the ProteinProphet output from the full dataset.

The total number of correct protein identifications across all the downsam-
pled datasets for SAPID, Percolator, and ProteinProphet at <1% decoy-based
FDR threshold are shown in Figure 3.9. SAPID consistently identifies more
proteins than both Percolator and ProteinProphet across all the datasets, and
ProteinProphet consistently identifies more proteins than Percolator across all
the downsampled datasets. The better performance of SAPID shows that it
can more robustly identify proteins in any dataset, though it does not suggest
that spatial features are what is causing SAPID to outperform the other two
algorithms; a repeated random downsampling would be required to check if
the differences are statistically significant.
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Figure 3.9: Total number of protein instances identified with Pro-
teinProphet, SAPID, and Percolator at different downsampling
thresholds at <1% decoy-based FDR threshold. Note that SAPID is a
logistic regression model trained with both spatial and POI features

The percent of unique protein identifications in the downsampling datasets
that are only identified by either SAPID or ProteinProphet is shown in Figure
3.10. Even though SAPID is trained on the results from ProteinProphet, the
percent of uniquely identified proteins in SAPID is consistently higher than
ProteinProphet in all of the downsampled datasets.
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Figure 3.10: Percentage of protein instances correctly identified only
by ProteinProphet or SAPID. The percentages are calculated based on
the number of unique proteins identified by each algorithm that were present
in the original testing dataset. SAPID is a logistic regression model trained
with both spatial and POI features.

3.4 Conclusion

In this chapter, we showed that there are correlations among the spatial and
local features, and that the correctly and incorrectly identified proteins can be
efficiently distinguished with classifiers with linear decision boundaries such as
logistic regression and LDA. Furthermore, it was demonstrated that the addi-
tion of spatial features does not improve classification scores, but it increases
the number of protein identification at a given decoy-based FDR. Furthermore,
we were able to show that SAPID can detect more proteins compared to Pro-
teinProphet and Percolator at <1% decoy-based FDR on either the original
dataset or on the downsampled datasets when using both spatial and POI
features.
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Chapter 4

False protein identification
rescue in ProteinProphet

ProteinProphet is a popular protein identification confidence assessment al-
gorithm that assigns probability to protein identifications based on peptide
assignment information from the database search programs. The score as-
signed to each protein by ProteinProphet is computed from the probabili-
ties that their associated peptides are correctly identified. Therefore, proteins
with more peptide matches and MS/MS spectra associated with them will have
higher identification probabilities. Extending a mass spectrometry experiment
or using more sample volume to augment MS/MS spectra acquisition can im-
prove protein confidence assessment by ProteinProphet; however, such process
can be costly or not feasible due to experimental limitations such as in MSI.
Therefore, being able to use spatial information to correct the false protein
identifications committed by ProteinProphet can be beneficial without adding
any extra cost or experimental processes, and it would further demonstrates
the benefit of spatial information for protein identification. Thus, in this
chapter, we explored whether SAPID can be used to identify the incorrectly
identified or non-identified proteins by ProteinProphet; that is, we wanted to
test if SAPID can distinguish the FN and TN protein identifications, and also,
distinguish FP and TP protein identifications committed by ProteinProphet.
The two classification problems were therefore designed to rescue the mistakes
made by ProteinProphet, and their performances were measured using recall,
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specificity, precision, PRAUC, and ROCAUC. These metrics illustrates the ef-
fectiveness of SAPID in improving protein identification in ProteinProphet. If
the mistakes made by ProteinProphet, which only uses the local information,
cannot be distinguished by SAPID effectively, we can conclude that there is no
benefit in using spatial information for protein identifications in this context.
On the other hand, the benefit of spatial information can be demonstrated if
SAPID shows a better-than-baseline performance in identifying false identifi-
cations or false non-identifications.

We used the downsampling method to create artificial datasets with fewer
mass spectra and categorized instances into true negatives and false negatives
for the false negatives rescue problem, and true positives and false positives
for the false positives rescue problem based on the protein identifications re-
sults from the original (non-downsampled) dataset as determined by Protein-
Prophet.

In order to avoid confusion, hereafter, correct protein identification in the
downsampled datasets made by ProteinProphet will be referred to as True
Positives, incorrect protein identifications as False Positives, correct lack of
identification (non-identification) as True Negatives, and incorrect lack of iden-
tification as False Negatives; The capitalised names indicate that the labels
are based on the result of ProteinProphet as opposed to SAPID. We can define
the two false identification rescue problem as below:

False Negative identification: Different machine learning algorithms were
trained and compared in distinguishing ProteinProphet’s False Negative
and True Negative protein identifications that were made on the down-
sampled datasets.

False Positive identification: Different machine learning algorithms were
trained and compared in distinguishing ProteinProphet’s False Positive
and True Positive protein identifications that were made on the down-
sampled datasets.

Statement of author contribution
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4.1 Data visualization

Visualizing the instances and the relationship between them is an important
first step to understand the data. However, prior to visualization, the datasets
for the False Positive and False Negative rescue problems were created by
dividing the instances in the original and downsampled datasets into four
sets (Figure 4.1): Ω is the set of all the proteins and decoys in the original
dataset, P+ is the set of all the positive protein instances in the original dataset
as defined by Equation 2.2, Ωds is the set of all the proteins and decoys in the
downsampled dataset, and P+ds is the set of all the positive instances in the
downsampled dataset as defined by Equation 2.2.

Figure 4.1: Venn diagram of the four sets created from the original
and downsampled datasets to define the false protein identification
rescue problems. Ω is the set of all the proteins and decoys in the original
dataset, P+ is the set of all the positive protein instances in the original dataset,
Ωds is the set of all the proteins and decoys in the downsampled dataset, and
P+ds is the set of all the positive instances in the downsampled dataset. The
diagram is not scaled based on the size of the sets.
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Therefore, the new positive and negative instances for each objective can
be defined as below:
False Negative identification: In this machine learning problem, the pro-
teins that are falsely identified as negative (or labeled as not-identified in the
downsampled dataset) by ProteinProphet are being identified. Therefore, the
classification task is to receive all the negative instances identified by Protein-
Prophet and identify which ones are False Negatives and which ones are True
Negatives:

Positive (label=1) instances = Ωds ∩ P ′
+ds ∩ P+ (4.1)

Negative (label=0) instances = Ωds ∩ P ′
+ds ∩ P ′

+ (4.2)

False Positive identification: In this machine learning problem, the pro-
teins that are falsely identified as positive (or labeled as identified in the
downsampled dataset) by ProteinProphet are being identified. Therefore, the
classification task is to receive all the positive instances identified by Protein-
Prophet and determine which ones are False Positives and which ones are True
Positives:

Positive (label=1) instances = P+ds ∩ P ′
+ (4.3)

Negative (label=0) instances = P+ds ∩ P+ (4.4)

The number of positive and negative instances and their ratio for the False
Negative rescue and False Positive rescue problems are shown in Table 4.1
and Table 4.2, respectively. The ratio of the positive to negative instances
for both objectives show large class imbalance across all downsampling ra-
tios. Such class distribution will generally cause the learning algorithms to
predict mostly the majority class in order to reduce cost or maximize the ac-
curacy. Furthermore, the dataset generated from the smaller downsampling
ratios have bigger class imbalance than those generated from the bigger down-
sampling ratios. For instance, the 0.1 downsampling ratio dataset in the False
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Negative rescue problem has class imbalance of 1:219, while the 0.9 down-
sampling ratio dataset has class imbalance of 1:7.56, and the same trend is
observed for the False Positive rescue datasets; since smaller downsampling
ratio is equivalent to a dataset with more mass spectra and better protein
identifications, the number of False Negative and False Positive identifica-
tions will be lower resulting in a more imbalanced dataset which explains the
observed trend. Nevertheless, we have chosen the 0.5 downsampling ratio
dataset for the downstream analysis because it is a good middle ground. Since
the class imbalance for the False Positive rescue problem is more severe than
the False Negative rescue problem, the overall performance of the classifiers
on the former problem is expected to be lower.

Table 4.1: Summary of the number of positive and negative instances in the
downsampled testing datasets for the False Negative rescue problem.

Downsampling
ratio

Number of
positive instances

Number of
negative instances

Positive:Negative
ratio

0.1 924 202,691 1 : 219
0.2 1,817 185,610 1 : 102
0.3 2,745 167,426 1 : 61.0
0.4 3,489 147,999 1 : 42.4
0.5 4,163 128,009 1 : 30.7
0.6 4,680 105,743 1 : 22.6
0.7 5,073 82,273 1 : 16.2
0.8 4,952 57,261 1 : 11.6
0.9 3,948 29,856 1 : 7.56

Table 4.2: Summary of the number of positive and negative instances in the
downsampled testing datasets for the False Positive rescue problem.

Downsampling
ratio

Number of
positive instances

Number of
negative instances

Positive:Negative
ratio

0.1 154 40,492 1 : 263
0.2 274 38,515 1 : 141
0.3 329 36,392 1 : 111
0.4 456 34,103 1 : 74.8
0.5 484 31,447 1 : 65.0
0.6 461 28,308 1 : 61.4
0.7 398 24,397 1 : 61.3
0.8 341 19,354 1 : 56.8
0.9 277 12,287 1 : 44.4
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In order to visualize the features and instances for each of the two classifi-
cation objectives, a hierarchical clustering with average linkage and Euclidean
distance was performed on 25% of randomly selected negative examples and
all the positive examples in the 0.5 downsampled ratio dataset for each objec-
tive. The reason for choosing only 25% of the negative examples was simply
because of the limited memory on my computer. Seaborn package [74] version
0.11.1, which wraps the Scipy [73] package’s hierarchical clustering algorithm,
was used to produce the clustering heatmap.

The hierarchical clustering heatmaps of the 0.5 downsampling ratio datasets
for the False Negative and False Positive rescue problems are shown in Figure
4.2 and Figure 4.3, respectively. The heatmaps do not show any clustering
pattern between the instances from the same group. Furthermore, similar to
the clustering pattern of the features in the previous chapter, some spatial fea-
tures are more closely clustered with the POI features than with other spatial
features as explained in Chapter 3. The lack of clustering between the sam-
ples of the same class shows that both classification problems are challenging
and classifiers with linear decision boundary may perform poorly on them.
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Figure 4.2: Hierarchical clustering heatmap of the False Negative
and True Negative instances for the 0.5 downsampling ratio dataset.
Average linkage with Euclidean distance was used to cluster all the False Neg-
ative samples and 25% of the randomly chosen True Negative samples. Target
column shows the label of the instances, and the top row shows whether the
feature is spatial or local.
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Figure 4.3: Hierarchical clustering heatmap of the False Positive
and True Positive instances for the 0.5 downsampling ratio dataset.
Average linkage with Euclidean distance was used to cluster all the False Pos-
itive samples and 25% of the randomly chosen True Positive samples. Target
column shows the label of the instances, and the top row shows whether the
feature is spatial or local.

4.2 Machine learning on the downsampled
dataset

In the previous section, we visualized the instances and their relationships
for the False Negative and False Positive rescue problems. Furthermore, we
showed that the datasets for both problems are imbalanced. In this section, for
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each problem we trained multiple machine learning algorithms and compared
their performance on the 0.5 downsampling ratio dataset. The goal of this
section is to show how well SAPID can identify the False Positive and False
Negatives protein identifications that were committed by ProteinProphet. To
test SAPID for each problem, the 10-fold training and testing scheme explained
in section 2.9 was applied on both objectives with all the features and nine
machine learning algorithms: logistic regression, LDA, QDA, Gaussian NB,
decision tree, random forest, SVM with linear kernel (Linear SVM), SVM
with RBF kernel (RBF SVM), and artificial neural network. Furthermore,
a Dummy classifier (Dummy CLF) which mimics a random classifier with
stratified class output ratio was included in the testing to indicate the baseline
performance. Scikit-Learn package [76] version 0.23.2 was used to implement
the machine learning algorithms, and hyperparameter tuning was performed
using grid search with the search space and k-fold-CV shown in Table 4.3.
The parameters that maximized the mean of F1 measure across the folds were
selected for testing, and the performance of the classifiers were compared using
Friedman’s test.

The performance metrics of different classifiers for the False Negative res-
cue problem is shown in Figure 4.4. The p-values from the Friedman’s test
are significant across all the metrics which indicates that there is at least
one classifier that statistically significantly perform differently than the oth-
ers. Overall, LDA, random forest, and Linear SVM have better performance
compared to the other classifiers. QDA has lower ROCAUC, PRAUC, F1 mea-
sure, precision, and specificity than the other classifiers, and they are similar
to the Dummy CLF with random outcome. When the features are collinear, or
highly correlated as in our dataset, the determinant of the covariance matrix
is very small and close to zero which is highly susceptible to fluctuation in
the new testing examples [77]. Furthermore, its inverse cannot be computed.
As explained in section 1.5.2, QDA assumes different covariance matrices for
each class, while LDA assumes a similar one. Thus, QDA is more likely to
be affected by the collinear features in the dataset, and it could be concluded
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Table 4.3: Summary of grid search space used for hyperparameter tuning of
the machine learning models.

Algorithm Stratified
k-fold validation

Grid search
space

LDA 2 tol: 1.0e-5, 1.0e-4, 1.0e-3, 1.0e-2
QDA 2 tol: 1.0e-5, 1.0e-4, 1.0e-3, 1.0e-2

Logistic Regression 2

penalty: L2, Elastic Net
L1-ratio: 0.25, 0.5, 0.75
c: 0.01, 0.1, 1.0, 10
class-weight: None, Balanced

Gaussian NB 2 var-smoothing: 1e-8, 1e-9, 1e-10

Decision Tree 2

criterion: gini, entropy
max-depth: 1,2,3,4,5, None
min-samples-split: 2,4,6,8
min-samples-leaf : 1,2,3,5,
class-weight: None, Balanced

Linear SVM 2 c: 0.01, 0.1, 1.0, 10
class-weight: None, Balanced

RBF SVM 2 c: 0.01, 0.1, 1.0, 10
class-weight: None, Balanced

Random Forest 2

n-estimator: 50, 100, 200
max-depth: 2, 5, 10
min-sample-split: 2, 5, 10
min-sample-leaf: 2, 5, 10
class-weight: None, Balanced

Artificial Neural Network 2

activation: ReLU
hidden_layer_nodes_num: 5, 10
hidden_layer_layers: 3, 4
learning_rate_init: 0.001, 0.01, 0.1
alpha: 0.0001, 0.001, 0.01, 1.0, 10
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that the multicollinear features in our dataset have caused the low perfor-
mance of QDA. In fact, the Scikit-Learn gave a warning that the variables
are collinear. Logistic regression has an average performance compared to the
other algorithms, but it exhibits high variance across the folds which is not
ideal. Even though LDA and logistic regression have similar performances,
LDA has higher F1 measure and PRAUC which was not expected given that
LDA relies on more assumptions compared to logistic regressions.

Random forest’s better performance in terms of F1 measure, ROCAUC,
and PRAUC compared to the other classifiers can be due to its ability to
capture complex class distributions, especially compared to the simpler classi-
fiers with linear decision boundaries. Furthermore, random forest has smaller
variance across all the metrics compared to decision tree.

Although one expects to see a better performance from RBF SVM than the
Linear SVM given the non-linear nature of the classes, there is little difference
between the two models. Given the lengthy training time of RBF SVM, Linear
SVM is to be preferred in this case.

Recall and ROCAUC for neural network are lower than the other classifiers,
which can be due to the large class imbalance and the small number of positive
training examples in the dataset. The implementation of the neural network
in Scikit-Learn does not support class weights which can be the reason for
its poor performance. Furthermore, the grid-search was performed with only
two hidden layer sizes (3 and 4) and two node counts (5 and 10), which is
limited; therefore, having more diverse architecture could potentially improve
its performance.

On average, classifiers had recall and specificity of 0.75, and 0.90, re-
spectively. These values suggest that SAPID can correctly identify 75% of
ProteinProphet’s False Negative protein identifications and 90% of Protein-
Prophet’s True Negative protein identifications. Moreover, the average pre-
cision of around 0.5 suggest that only 50% of the positive calls are actually
TP (or False Negative protein identifications) which is reasonable given the
class imbalance of 1:30. Since SAPID can identify three-quarter of the False
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Negative protein identifications correctly with sufficient precision and speci-
ficity, we can conclude that spatial information is beneficial in rescuing False
Negative protein identifications committed by ProteinProphet.
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Figure 4.4: Summary of the metrics for 10 different classifiers in dis-
tinguishing False Negative and True Negative protein identifications
for the 0.5 downsampling ratio dataset. Non-parametric Friedman test
was performed to calculate the p-values. N=10 testing folds. p-values are also
indicated by stars, ***p<0.001. 68



Figure 4.5 shows the performance metrics of the classifiers for the False
Positive rescue problem. QDA and neural network show consistently poor
performances that are comparable to the Dummy CLF with stratified out-
put. The poor performance of QDA is likely due to the collinear features for
which computing covariance matrix is not possible. Again, Scikit-Learn gave
a warning indicating the features are collinear. On the other hand, the poor
performance of the neural network could be because of the incapability of the
Scikit-Learn’s implementation to accept weights when training on an imbal-
anced dataset. The lack of diverse architectures with more options for number
of nodes and layers could also have contributed to its poor performance. It is
important to note, however, that neural network’s poor performance can also
be due to the very small (<500) number of positive instances in the dataset
which gets further reduced to <50 samples when performing the 10-fold train-
ing testing scheme. Compared to the other classifiers, neural networks require
more examples for training, and they have poor performance when there are
limited number of examples, such as in this case.

Similar to the False Negative rescue problem, logistic regression exhibits
high variance across the folds in the False Positive rescue problem. Moreover,
it has a comparable performance with LDA, but LDA has smaller variance,
which is more ideal.

The PRAUC, F1 measure, and precision of random forest are higher than
the other classifiers, though its ROCAUC and recall are lower compared to
RBF SVM and Gaussian NB. Thus, random forest results in more FP but
less FN compared to the latter two classifiers. Interestingly, decision tree did
not perform well and had much worse performances compared to the random
forest. In contrast, the performance of random forest and decision tree were
very close in the False Negative rescue problem (Figure 4.4). However, since
the False Negative rescue problem is less imbalanced (1:31) than the False
Positive rescue problem (1:65), we expect to see less variation between decision
tree and random forest in the former problem.

Similar to the False Negative rescue problem, Linear SVM or RBF SVM
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showed comparable performance in the False Positive rescue problem. How-
ever, both SVM algorithms are more computationally expensive compared to
the other algorithms.

On average, the recall and specificity of classifiers are 0.65, and 0.90, re-
spectively. Thus, SAPID can correctly identify 65% of the False Positive
protein identifications and 90% of the True Positive protein identifications.
The average precision of 0.15 indicates that 15% of the False Positive protein
identifications are actually correct identifications. However, given the extreme
class imbalance of the dataset (1:65) and the baseline performance of less than
1%, such performance is acceptable. The average ROCAUC is around 0.70
which is 20% more than the baseline. However, the average PRAUC is around
0.05 which is only 3% more than the baseline. All in all, SAPID and its use of
spatial information can be used to distinguish False Positive and True Positive
protein identifications committed by ProteinProphet.
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Figure 4.5: Summary of the metrics for 10 different classifiers in
distinguishing False Positives and True Positives for the 0.5 down-
sampling ratio dataset. Non-parametric Friedman test was performed to
calculate the p-values. N=10 testing folds. p-values are also indicated by stars,
***p<0.001. 71



4.3 Data sampling to improve classification
performance

In the previous section, we compared the performance of 10 different classifiers
on both False Negative and False Positive rescue problems. Since there is a
large class imbalance in both problems, we sought to investigate how data sam-
pling techniques can affect performances of the classifiers for both problems.
Briefly, data sampling seeks to balance the number of examples in each class
by eliminating examples from the majority class or increasing examples from
the minority class, or a mix of both. Therefore, 11 data sampling methods were
used to test if data sampling could improve classification for the imbalanced
datasets for both objectives: Over Sample 0.1, Over Sample 0.5, Over Sample
1, Under Sample 0.1, Under Sample 0.5, Under Sample 1, Synthetic Minor-
ity Oversampling Technique (SMOTE) 0.1, SMOTE 0.5, SMOTE 1, SMOTE
Tomek, and SMOTE Edited Nearest Neighbour (ENN) were used (the number
following each name indicates the ratio of minority to majority classes that the
algorithms seek to achieve). Note that under sampling should not be confused
with the downsampling we performed to create datasets with lower number
of mass spectra, so we will capitalize the over sampling and under sampling
methods in this thesis to prevent confusion with downsampling. Furthermore,
we have only tested data sampling techniques with LDA, random forest, and
SVM algorithms for each of the false identification rescue problem since these
algorithms have shown an overall better performance compared to the other
algorithms we have tested in the previous section.

Briefly, Over Sampling and Under Sampling are random sampling with
replacement. SMOTE [78] algorithm is an oversampling technique, which
generates new synthetic samples from the minority class by creating new sam-
ples on a line passing through at least one of the 5 nearest neighbours of the
minority class samples. Since SMOTE may produce noisy data when the two
classes cannot be separated well, SMOTE Tomek [79] and SMOTE ENN [80]
are two algorithms that perform Under Sampling following the SMOTE over-
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sampling. SMOTE Tomek removes the Tomek’s links which are the samples
from the minority class that are very close to the majority class samples in
Euclidean space. On the other hand, SMOTE ENN is based on the Edited
Nearest Neighbour algorithm, which identifies and removes noisy synthetic
data where the majority of their 3 nearest neighbours have different labels
than the samples themselves. Imbalanced-Learn package [81] version 0.8.0
was used for data sampling, while training, hyper-parameter tuning, and test-
ing were performed using the same strategy explained in section 4.2. For each
of the 10 training-testing fold, four metrics were used to compare different
data sampling techniques (recall, specificity, ROCAUC, PRAUC) using the
Friedman’s test.

The performance of LDA, random forest, and Linear SVM with different
data sampling treatments for the False Negative rescue problem are shown in
Figure 4.6. The Friedman tests p-values show that at least one of the data
sampling techniques statistically significantly affects the performance of the
classifiers. As expected, LDA and random forest follow a trend in which the
data sampling techniques that generate outputs with more class balance result
in a higher recall and lower specificity. For instance, in LDA, Over Sample 0.1
results in lower recall than Over Sample 0.5, and Over Sample 1.0. Similarly,
Under Sample 0.1 has lower recall than Under Sample 0.5 or Under Sample
1.0. Such a trend can be explained easily because the positive class is the
minority class, balancing the class ratios causes the classifiers to focus more
on the positive examples compared to when the original imbalanced dataset
is used. As a result, we expect to see an increase in true positives and a de-
crease in true negatives which, in turn, results in a higher recall and a lower
specificity. Linear SVM, however, does not show a similar behaviour under
different data sampling techniques. As explained in section 1.5.2, support vec-
tors are the points that influence the position and orientation of the SVM’s
decision boundary that separates the two classes in feature space. So, as long
as the support vectors do not change, adding or removing training examples
do not affect SVM’s performance, which is what we observe. In fact, SVM is
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robust against outliers for this reason. Furthermore, SMOTE did not appear
to be more beneficial compared to the random Over Sampling and Under Sam-
pling. SMOTE Tomek and SMOTE ENN resulted in similar performance as
SMOTE 1.0 which means that Tomek and ENN were not effective at detecting
any outliers that were produced with SMOTE. However, in the future, it could
be worth trying the algorithms with different number of nearest neighbours.

Overall, the ROCAUC values for LDA and random forest are improved
with the data sampling techniques, especially when the final class ratios are
balanced. On the other hand, the PRAUC values show a reverse trend where
they are lowered with all the data sampling techniques. In fact, improving
ROCAUC does not necessarily improves PRAUC [82]. ROCAUC value is
based on the ratio of false positives to the number of true negatives; however,
PRAUC compares the ratio of false positives to the true positives. Therefore,
the later is affected more by the class imbalance when the positive class is the
minority class.
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Figure 4.6: Comparing different data sampling approaches on the
False Negative rescue classification task with LDA, random forest,
and SVM for the 0.5 downsampling ratio dataset. Non-parametric
Friedman test was performed to assess statistical significance. N=10 testing
folds. p-values are also indicated by stars, ***p<0.001. The original dataset
with no data sampling is indicated with Raw.

The performance metrics of the 3 classifiers with different data sampling
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treatments for the False Positive rescue problem are shown in Figure 4.7. The
Friedman test p-values show that at least one of the data sampling techniques
statistically significantly affect the performance of the classifiers compared
to the other methods. Similar to the False Negative rescue problem, recall is
generally increased and specificity decreased with the data sampling techniques
that produce more balanced datasets. Furthermore, as explained previously,
the RBF SVM showed little variation in performance among different data
sampling techniques.

In contrast to the False Negative rescue problem where the ROCAUC and
PRAUC values could not be increased at the same time with the data sampling
techniques, for this problem we can see that Over Sample 0.1 and Over Sample
0.5 improved both values for LDA and random forest compared to when no
data sampling was performed. SMOTE algorithms also resulted in similar
performance compared to the other Over Sampling techniques indicating that
its data synthesis is not beneficial for this problem. The performance of the
classifiers on the datasets produced by SMOTE Tomek and SMOTE ENN
were similar to SMOTE 1.0, which indicates that the addition of Tomek and
ENN Under Sampling did not improve the result of SMOTE algorithm for our
classifiers.
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Figure 4.7: Comparing different data sampling approaches on the
False Positive rescue classification task with LDA, random forest,
and SVM for the 0.5 downsampling ratio dataset. Non-parametric
Friedman test was performed to assess statistical significance. N=10 testing
folds. p-values are also indicated by stars, ***p<0.001. The original dataset
with no data sampling is indicated with Raw.

77



4.4 Conclusion

In this chapter the possibility of using both spatial and POI features to im-
prove ProteinProphet’s protein identification in MSI datasets was explored.
We devised a downsampling scheme to create datasets with fewer spectra that
could be used to intentionally induce known mistakes in ProteinProphet’s
identification that can then be assessed. The first objective was to rescue the
False Negative identifications by distinguishing the False Negative and True
Negative protein identifications, and the second objective was to identify False
Positive and True Positive protein identifications. For both objectives, 10 ma-
chine learning algorithms were tested. We observed that LDA, random forest,
and SVM are the most ideal classifiers for both of the rescue problems and
data sampling could improve their performance. Furthermore, the datasam-
pling techniques seem to improve classification performances. Although we did
not test the performance of SAPID on the false identification rescue problems
with different set of features in this chapter, the result of the previous chapter
combined with this chapter suggests that spatial information can be beneficial
at improving protein identification in MSI
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Chapter 5

General discussion

The central theme of this thesis was to investigate the benefit of incorporat-
ing spatial information for protein identification in MSI. To my knowledge,
this is the first attempt at exploring this notion to date, and it can pave the
way for future research in this area. We have investigated the effect of spa-
tial information with two different research objectives; first, we trained several
machine learning classifiers with different sets of features to identify the best
performing model and determine the effect of spatial information on protein
identification. Then, we benchmarked the machine learning algorithms, a lo-
gistic regression-based model called SAPID, that uses both spatial and local
information against ProteinProphet and Percolator on downsampled datasets.
For the second objective, we explored whether ProteinProphet’s protein iden-
tifications can be improved by identifying/rescuing False Negative and False
Positive identifications using a classifier trained with both spatial and local in-
formation. To achieve this, we first used the ProteinProphet’s identifications
on a 0.5 downsampling ratio dataset and the original dataset to determine the
mistakes made by ProteinProphet. Then, we trained different classifiers to
identify those mistakes. Overall, both objectives show the added benefit of in-
tegrating spatial information with local information for protein identification.
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5.1 Protein identification with local and
spatial features

One important result of this thesis was to illustrate the relatedness between
spatial and POI features. This showed that spatial features are informative
when looking at the POI features and possibly implying a biological pattern
underlying the tissue. Such biological pattern can be explored and validated
in the future. Moreover, we have shown that at a decoy-based FDR <1%,
SAPID was able to identify 10% more proteins than ProteinProphet, and 20%
more than Percolator, indicating the advantage of using spatial information in
the context of protein identification. Furthermore, we showed that SAPID can
identify more proteins compared to ProteinProphet and Percolator at a decoy-
based FDR <1% on the downsampled datasets containing fewer mass spectra
than the original dataset, suggesting the advantage of spatial information in
MSI. Interestingly, we also discovered that the spectral features alone could
be reasonably useful for protein identification at a given POI. Even though we
used statistical tests to compare the classifiers, the difference in protein iden-
tification performance between SAPID, ProteinProphet, and Percolator was
not evaluated using a statistical approach with randomly conducted repeated
experiments due to a lengthy duration of each iteration. However, such exper-
iments should be done in the future to statistically evaluate the result of our
study.

5.2 False Positive and False Negative rescue

We have shown that both False Positive and False Negative rescue problems
are challenging classification tasks. After training and testing several machine
learning algorithms for both the False Negative and the False Positive rescue
problems, we were able to achieve an average recall and specificity of 0.75, and
0.90 for the False Negative rescue, and recall and specificity of 0.65, and 0.90
for the False Positive rescue problem. Given the large imbalance in the dataset,
such numbers indicate a great advantage of SAPID compared to the state-of-
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art ProteinProphet, which only uses POI information for protein inference.
Although we showed that SAPID with both spatial and POI features can be
more effective at protein identification in the previous objective, it would be
interesting to also evaluate how SAPID with either feature sets can perform
at protein rescue task. To tackle the very large imbalance in the datasets
in this objective, we used some data sampling techniques that improved the
performance of some, but not all, of the classifiers. Overall, the results of this
objective show that SAPID with both spatial and local information can be
effective at identifying the mistakes made by ProteinProphet.

5.3 Implications

MSI is a technique that can produce spatial maps of molecules such as pro-
teins, lipids, or metabolites in complex biological tissues. Currently, MSI data
analysis approaches generally do not include the available spatial information
and treat each pixel separately in the context of protein identification. How-
ever, the result of our study suggests that integrating spatial information in
the data analysis pipeline for MSI can improve protein detection. This notion
could be extended into other MSI-based omics technologies such as lipidomics
and metabolomics to improve their sensitivity without adding extra cost or
experimental procedures. Identification of molecules with these technologies
is more challenging than the characterization of proteins. The use of spatial in-
formation could therefore contribute to tackling this challenge. Consequently,
improving data analysis for MSI translates into discovering more biological
molecules that can reveal the biological pathways or mechanisms taking place
in the biological tissues. A broader implication of our result and the ba-
sis of SAPID are their application in other spatial omics technologies, which
are not based on mass spectrometry such as in spatial transcriptomics. In
contrast to bulk transcriptomics, which can only provide limited information
about heterogeneous biological tissues with complex types and functions, spa-
tial transcriptomics allows keeping biological context and cellular localization
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into perspective, which is more advantageous in complex diseases. A combina-
tion of single-cell RNA sequencing (scRNA-seq) with spatial transcriptomics
have gained momentum recently to study gene expression in heterogenous tis-
sues [83]. However, since scRNA-seq has low efficiency and is prone to more
noise compared to the bulk approach [84], a similar algorithm to SAPID could
be implemented to use spatial information in order to improve scRNA-seq data
analysis in the context of spatial transcriptomics. We hope such an algorithm
can enhance our understanding of molecules present in complex tissues.

5.4 Biological applications

The overall significance of this thesis was to demonstrate the usefulness of
spatial information for protein identification in MSI. Increasing the protein
identification sensitivity of mass spectrometry instruments is an important
step in advancing science and our understanding of the proteome of biologi-
cal samples, whether these are cell lines or complex tissue. It can also help
shedding light on the biological mechanisms of disease such as cancer. Indeed,
whole tumours or tissue biopsies are usually extracted from solid-tumor cancer
patients for diagnostic or characterization purposes. These objectives often re-
quire the identification of over-expressed or under-expressed proteins and their
PTM. Therefore, improving our ability to identify proteins can enhance our
diagnostic capabilities. For example, MSI can be particularly useful to identify
protein biomarkers in the context of prostate cancer. Indeed, Intraductal Car-
cinoma (IDC) is a lesion characterized by the growth of tumors in pre-existing
prostate ducts that has been associated with a bad prognosis and recurrence
of prostate cancer [85], [86]. However, there are currently no biomarkers for
IDC. Establishing IDC’s proteomic profile could lead to the identification of
such biomarkers. However, a major challenge in characterizing the proteome
of IDC is that in >75% of the specimens, IDC lesions account for less than 5%
of the tumour volume [87], yielding very small amounts of proteins. MSI is
an excellent choice for IDC proteomics analysis compared to the conventional
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LC–MS experiments, since it can analyze proteins in situ in IDC instead of
analyzing the prostate tumour sample as a whole, thereby maximizing IDC
protein detection. However, the small amount of proteins available in IDC still
makes protein identification challenging. Hence, my algorithm, by increasing
protein identification in MSI, can significantly improve our ability to identify
biomarkers in biological samples such as IDC in prostate cancer.

The intuition for using spatial information is based on the presumption
that the local regions in the analyzed tissues usually follow a biological pattern
and express a similar set of molecules. With such samples, my algorithm can
use spatial information to guide protein identifications, or any other biological
molecules for that matter. However, if a tissue is extremely heterogenous or if
the MSI instrument has very low resolution and neighbouring pixels capture
very different cell types, we expect SAPID to not be as beneficial since the
spatial information will not properly inform protein identification. I would
expect that state-of-the-art algorithms presented in this thesis for benchmark
purposes (ProteinProphet and Percolator) are likely going to be more effective
in such a context. Nevertheless, given that no data collection protocol changes
are required to execute my algorithm, this new method allows any researcher
around the world to potentially improve their already existing instruments
regardless of their budget.

5.5 Limitations

There are several factors limiting the findings of our experiments. Firstly, the
training and testing datasets were each composed of 24 pixels with 100 µm
resolution. The limited number of pixels and the coarse resolution resulted
in a dataset with small tissue space to evaluate the robustness of SAPID.
Furthermore, given that the datasets were 6× 4 in terms of dimensions, 16/24
(66%) of the pixels were located on the edges of the sample, which restricted
the number of neighbouring pixels we can define for each POI.

Secondly, the gold standard protein identification, which I used to train
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my algorithms was based on the results of ProteinProphet. There are some
intrinsic limitations associated with ProteinProphet. For example, it uses
parsimony-driven weighting, where proteins with unique peptides always dom-
inate those without unique peptides, even when the unique peptides have small
probabilities [88]. Labeling mistakes are often inevitable in supervised machine
learning research. However, false identifications could be reduced by combin-
ing the results of multiple protein identification algorithms using a majority
voting system, which could directly improve SAPID’s performance. Finally,
the lack of statistical significance testing when comparing the performance of
SAPID against ProteinProphet and Percolator is a limitation which should be
addressed in the future.

5.6 Future directions

The future research for this project should address the limitations of our study.
For instance, SAPID should be applied on larger datasets with finer resolution
to investigate whether it can outperform ProteinProphet and Percolator. Fur-
thermore, performing repeated random experiments for statistical significance
testing could increase our confidence about the results of this study. Also, the
biological significance of the proteins that are identified with SAPID and their
pattern on the tissue should be explored using functional enrichment analysis.

Apart from the machine learning approach we employed to use spatial in-
formation for protein identification, it could be interesting to explore Markov
Random Field (MRF) approaches to improve protein identification by inte-
grating spatial information in the analysis pipeline. MRF is a graph-based
approach where the nodes are random variables connected with edges describ-
ing their conditional independence [89]. The local connections in a MRF model
propagates information throughout the graph, which means that all the nodes
in the graph influence each other. This is a powerful characteristic of MRFs,
which have been used in image analysis and even in spatial transcriptomics to
detect spatial organization of the cells in the tissue [90]. The advantage of MRF
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models compared to our machine learning approach is that a MRF considers
all the pixels at once rather than treat one pixel at the time. Furthermore, a
MRF can model the connections between different proteins, rather than con-
sidering each protein independently as in SAPID, which can become useful
when studying proteins that are co-expressed and protein-protein-interactions
in a given tissue. Finally, we have defined the neighbourhood of a pixel as
the most adjacent pixel in the horizontal, vertical, and diagonal directions. It
could be worth investigating what will happen when the window by which the
neighbourhood is defined is extended. However, this requires a dataset with
larger dimension than the dataset we have used.
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Appendix A

List of features

Table A.1: Summary of the features used in to build the machine learning
models

Feature
Number Feature Name Description

1 – 4 (mean-sd-max-min)_
xCorr_POI

Cross correlation of PSMs corresponding to
each protein in POI.

5 – 8 (mean-sd-max-min)
deltaCN_POI

Fractional difference (delta correlation) between
the best and second best PSMs corresponding to
the protein in POI.

9 – 12 (mean-sd-max-min)
deltaCN_5_POI

Fractional difference (delta correlation) between
the best and fifth best PSMs corresponding to the
protein in POI. Note for spectrums with less than
5 PSMs, the worst PSMs was used.

13 – 16 (mean-sd-max-min)
SpScore_POI

SpScore is calculated based on the number of
fragments ions in the MS/MS spectrum that
match experimental data for PSMs correspo
nding to the protein in POI.

17 – 20 (mean-sd-max-min)
ln_SpRank_POI

Natural logarithm of the SpRank, which is the
ranking of PSMs’ SpScore for PSMs correspo
nding to the protein in POI.

21 – 24 (mean-sd-max-min)
massdiff_POI

The mass difference between the experimental
and theoretical mass-to-charge ratios for PSMs
corresponding to the proteins in POI.

25 – 28 (mean-sd-max-min)
ionFrac_POI

Fraction of fragment ions that were matched to
a theoretical spectrum.

29 – 33 Charge_(2,3,4,5,6)
POI

Mode of the predicted charges corresponding to
the PSMs in POI.
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34 – 43

top_xCorr
(exp_mz,
xCorr,
deltaCN,
deltaCN_5,
SpScore,
ln_SpRank,
massdiff,
ionFrac,
enz_C_ter,
enz_N_ter)
POI

10 features from the PSMs with highest xCorr
extracted in POI.
exp_mz indicates the experimental
mass-to-charge ratio.

enz_(C, N)_terminus is a Boolean value indicating
if there is a tryptic (C,N) terminus on the peptide
sequence corresponding to the PSM with the
highest xCorr.

44 spectral_count_POI Number of PSMs associated with a protein in POI.

45 peptide_count_POI Number of unique PSMs associated with a protein
in POI.

46 – 48 top_xCorr_(1,2,3)

The highest xcorr scores of matches associated
with a given protein from POI’s adjacent pixels.
Note: the three values must come from 3 different
pixels. In case there is <3 pixels, the missing values
will be filled with zero.

49 – 51 top_deltaCN_(1,2,3)

The highest delta correlation (deltaCN) of matches
associated with a given protein from POI’s adjacent
pixels. Note: the three values must come from 3
different pixels. In case there is <3 pixels, the mussing
values will be filled with zero.

52 – 54 top_SpecCount_(1,2,3)

The highest spectral counts of matches associated with
a given protein from POI’s adjacent pixels. Note: the
three values must come from 3 different pixels. In case
there is <3 pixels, the missing values will be filled with
zero.

55 mean_surrounding_
spectral_count

The average spectral counts associated with all the
surrounding pixels. Note: surrounding pixels with no
PSMs associated with a given protein will be given a
Spec_Count of zero.

56 mean_all_surrounding_
spectral_count

The average spectral counts associated with the
surrounding pixels that contain the PSMs. Note:
in case there is no PSMs in any of the surrounding
pixels, the value will be zero.

57 mean_all_surrounding_
xCorr

The average of all the xCorrs corresponding to a
protein in the neighboring pixels. Note: surrounding
pixels with no PSMs associated with a given protein
are not considered.
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58 mean_all_surrounding_
deltaCN

The average of all the deltaCN corresponding to a
protein in the neighboring pixels. Note: surrounding
pixels with no PSMs associated with a given protein
are not considered.

59 mean_all_surrounding_
massdiff

The average of all the massdiff corresponding to a
protein in the neighboring pixels. Note: surrounding
pixels with no PSMs associated with a given protein
are not considered.

60 num_surrounding_
pixels_with_PSM

Number of neighbouring pixels that have PSMs
associated with a given protein in POI.

61 One_peptide_in_
protein_POI

Boolean value indicating there is only one PSM
available in the POI for a given protein

62 spatial_info_not_exist
Boolean value indicating there is no spectral
information available for a given protein on
the surrounding pixels.

97


	Introduction
	Protein Structure
	Protein Function

	Mass Spectrometry-based Proteomics
	Ionizers
	Mass Analyzers
	Liquid Chromatography

	Bottom-up proteomics
	Tandem mass spectrometry
	Database search
	Confidence assessment of PSM
	Limitations of bottom-up tandem mass spectrometry

	Mass spectrometry imaging
	Applications of MSI
	Limitations of MSI

	Machine learning
	Task (T)
	Experience (E)
	Performance measure (P)
	Statistical comparison of the classifiers


	General Methodology
	Dataset
	Database search
	Mass spectrum downsampling
	Protein detection confidence assessment
	ProteinProphet
	Percolator

	Feature engineering
	Protein identification labels by ProteinProphet
	Decoy-based fdr estimation
	Data pre-processing
	Statistical comparison of the classifiers

	Protein identification using local and spatial features
	Data visualization
	Machine learning analysis on the full dataset
	Machine learning on the downsampled datasets
	Conclusion

	False protein identification rescue in ProteinProphet
	Data visualization
	Machine learning on the downsampled dataset
	Data sampling to improve classification performance
	Conclusion

	General discussion
	Protein identification with local and spatial features
	False Positive and False Negative rescue
	Implications
	Biological applications
	Limitations
	Future directions

	References
	Appendix List of features

