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ABSTRACT
With the rising of the omics era and the recent technological advancements in biology and
medicine, the generated data is growing exponentially. Increasing the volume of the data in
parallel to complexity and heterogeneity of the data results in challenges in data analysis,
extraction of information, and interpretation of the results.
This thesis aims to reveal the hidden structures and knowledge of complex biological data and
make use of them in fundamental biological and clinical studies using machine learning
techniques and pipelines. Specifically, to map subcellular localization of proteins by building
a mass spectrometry (MS)- and machine learning-based pipeline, to automate the pipeline by
developing a package, and to reveal the proteome subtypes of non-small cell lung cancer
(NSCLC), and to build classifier pipelines for NSCLC subtyping.
In study I we developed a mass spectrometry (MS)- and machine learning-based pipeline to
generate a proteome-wide resource of protein subcellular localization across multiple human
cancer cell lines.

Furthermore, we analyzed protein-domain and variant-dependent

localization, and tested proteome-wide relocalization driven by EGFR inhibition.
In study II we performed in-depth quantitative molecular phenotyping of a NSCLC cohort and
used unsupervised learning-based clustering to reveal six subtypes with distinct mutation,
immune infiltration and proliferation profiles. Additionally, supervised learning-based
classifiers were built (support vector machine and k-top scoring pairs) and validated using
independent validation datasets.
In study III we present comprehensive wet-lab and dry-lab protocols for performing protein
subcellular localization analysis. Specifically, an R programming-based package was
developed for the downstream analysis including preprocessing the MS-output data, building
the classifier, and visualization of the output.
In study IV we prototype and develop a MS-based, peptide-centric machine learning classifier
for subtyping and stratification of NSCLC patients for improved therapy selection.
As a summary, the presented work in this thesis shows how to strategically analyze big and
complex biological and clinical data to extract useful biological insights. Furthermore,
pipelines for data-driven approaches including machine learning and data science methods
were developed to understand the biology and to transfer that knowledge into the clinic. The
development of such methods and building pipelines for the analysis of big biological data will

indisputably be the core element for a range of applications in the fields of biology and
medicine.
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1 INTRODUCTION
1.1

CENTRAL DOGMA OF MOLECULAR BIOLOGY

With the discovery of deoxyribonucleic acid (DNA) by Watson and Crick, scientists have
deciphered the genetic code by studying how genetic information is linked to the functional
units of the cell [1]. The central dogma of molecular biology refers to the sequential flow of
genetic information within a living organism [2]. Specifically, in the nucleus, DNA is
transcribed into ribonucleic acid (RNA) which is a single-stranded relative of DNA. There are
two main types of RNAs: coding and non-coding RNA. Several non-coding RNAs were
identified with distinct cellular functions e.g. microRNA is involved in regulating gene
expression and tissue-specific expression [3], long noncoding RNA regulates chromatin
accessibility and transcriptional regulation [4], whereas messenger RNA (mRNA) encodes
proteins [5]. After transcription, mRNA is transferred into the cytoplasm where it is translated
into proteins. In some organisms, the direction of the flow can be reversible i.e. RNA can be
reverse transcribed to DNA through specific enzymes, however, the information flow from
RNA to protein is irreversible (Figure 1). Owing to the complexity of biology, the volume of
the genetic information flow varies between the different steps. Recent large-scale analyses
reported that copy-number variations (CNV), where sections of the genome are lost or
multiplied, are not always well correlated with mRNA abundance [6-8]. The discrepancy
between CNV and mRNA is mainly due to epigenetic and post-transcriptional regulation [9,
10]. Similarly, the same pattern applies to mRNA- and protein-level correlations. Recently,
with the advent of high-throughput omics technologies, vast amounts of genome-wide data at
the mRNA and protein levels have been generated. Integrated transcriptome- and proteomewide studies confirm that mRNA and protein levels do not always correlate well due to posttranscriptional (e.g. through microRNAs) and post-translational (e.g. through the ubiquitinproteasome system) regulation [11-13]. The inability to accurately infer protein levels from
mRNA analysis with confidence emphasizes the importance of proteomics studies. Essentially,
proteomics is a direct study of the cell’s molecular phenotype which describes almost all its
activities such as proliferation, signaling, and development. Recent advances in mass
spectrometry (MS)-based proteomics enable us to identify and quantify almost all proteins in
cell lines, tissues, and body fluids [14-17]. By now, MS-based proteomics is a powerful tool
for proteome-wide protein quantification [18] and analysis of protein-protein interactions [19],
post-translational modifications [20], and spatial proteomics [21, 22], all of which are
important elements in the study of normal and disease physiology.
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Figure 1. Information flow of the genetic code in biological systems. Arrows indicating flow of the
information. DNA is replicated to generate its copies (replication). Later, DNA is transcribed into mRNA
(transcription). The final step of the central dogma is a translation where mRNA is translated to
protein.

1.2

SUBCELLULAR LOCALIZATION OF PROTEINS

A newly synthesized protein is transported within the cell to exert its cellular function.
Eukaryotic cells are organized into multiple membrane-enclosed organelles such as
mitochondria or the nucleus with distinct molecular functions that are carried out by organellespecific proteins (Figure 2). Movement of the proteins through the cell regulates gene
expression, cell cycling, and cell signaling [23]. Additionally, altering the localization of
protein may change the protein activity [21]. Knowledge of the protein localization is important
for, e.g., the development of drug delivery strategies to activate or inactive a target protein [24].
Importantly, several studies has shown that mislocalization or aberrant localization of proteins
are associated with human diseases including various cancer types [25]. Therefore, knowing
the localizations of a protein is one of the most crucial. determinants to understand the
molecular and cellular function of the protein. Imaging or fractionation of cellular components
coupled to MS-based proteomics for identification and quantification of proteins in different
fractions are generally used and well established methods [26].

2

Figure 2. Sketch of eukaryotic cell structure. The cell membrane surrounds the cell and controls the
entrance and exit of substances in the cell. Most of the organelles are covered by a membrane to stay
intact. Created with BioRender.com

1.3

CANCER AND HALLMARKS OF CANCER

Cancer is a disease in which aberrant changes in the genome lead to abnormal biological
processing in the cell. To transform normal cells into malignant cells, oncogenes are
permanently activated through gain-of-function mutations and/or tumor suppressor genes are
inactivated or mutated for loss-of-function [27]. In their seminal paper [27], Hanahan and
Weinberg suggest that normal cells acquire six central hallmarks or capabilities to successfully
evolve into tumor cells: self-sufficiency in growth signals, insensitivity to growth-inhibitory
(antigrowth) signals, evasion of programmed cell death (apoptosis), limitless replicate
potential, sustained angiogenesis, and tissue invasion and metastasis. A decade later, the
authors revisited these hallmarks and expanded the list of hallmarks by adding four novel
hallmarks: avoiding immune destruction, tumor-promoting inflammation, genome instability
and mutation, and deregulating cellular energetics (Figure 3) [28].
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Figure 3. Therapeutic targeting of the hallmarks of cancer. Potential drugs targeting individual
hallmarks.
Adapted from Cell. 2011 Mar 4;144(5):646-74, Hanahan D, Weinberg RA., “Hallmarks of cancer: the next
generation”, doi: 10.1016/j.cell.2011.02.013, with permission from Elsevier.

The detailed definition of the hallmarks of cancer provided insight into the complexity of
cancer biology. Importantly, these hallmarks point at potential therapeutic targets for more
effective strategies than the conventional treatments such as chemotherapy and radiotherapy.
Over the past two decades a number of targeted and immunotherapies have been developed for
various cancer types [29-33]. However, a challenge remains in identifying responders and in
developing novel targeted therapies, especially for cases when more than one mechanism is
driving the cancer, thus more comprehensive phenotype profiling is of the essence.
1.4

MOLECULAR PHENOTYPING IN CANCER USING PROTEOMICS

Molecular phenotyping is the study of the direct effect of any changes at the molecular level
including alteration of the gene expression, regulation of the cell signaling and pathways, etc.
Ultimately, genomic aberrations such as point mutations, insertions, deletions, copy number
4

alterations, and chromosomal abnormalities result in altered protein levels or functions.
Therefore, molecular phenotyping in cancer using proteomics is a key technique to understand
cancer better and to develop new treatments. Recently, several studies have been published
using proteomics-based molecular profiling of various cancer types including clear cell renal
cell carcinoma (ccRCC) [34], endometrial carcinomas [35], human glioblastoma [36], HPVnegative head and neck squamous cell carcinoma (HNSCCs) [37], and high-grade serous
ovarian carcinoma (HGSC) [38]. These studies revealed a broad range of novel findings in
tumor biology, which could not be captured by genomics or transcriptomics, including
immune-based subtyping defined by the proteome, new insights into oncogenic signaling,
stratifying samples of patients for more effective treatment, and novel therapeutic
opportunities.
Lung cancer is one of the most common cancers and is the leading cause of cancer death [39].
The majority of lung cancers, around 80–85%, are non-small cell lung cancer (NSCLC) and
they are further grouped into several histological subtypes including adenocarcinomas,
squamous cell carcinoma, large cell neuroendocrine carcinoma and large cell carcinoma [40].
Historically, therapy options for NSCLC patients were limited to surgery, chemotherapy,
and/or radiotherapy [41]. More recently, targeted therapies for patients with specific mutations
and immunotherapy became available. With these advances in NSCLC therapies, the 5-year
survival rate of the patients increased from 26% to 35% among men across all races and ethnic
groups [42]. Yet, the overall 5-year survival rate for NSCLC is one of the lowest among all
cancers (seer.cancer.gov). Additionally, not all patients treated with targeted therapy or
immunotherapy respond to treatment or the treatment fails due to resistance [31, 43, 44].
Therefore, selecting patients for immunotherapy, targeted therapy, and potential combination
therapies based on biomarkers, is crucial and will potentially improve survival rates [45].
Several proteome-driven studies focusing on specific histological groups of NSCLC have been
published [46, 47]. Gillette et al. [46] performed comprehensive proteogenomic
characterization of lung adenocarcinoma (LUAD) tissue samples from more than one hundred
patients, 46% and 34% of whom never smoked and/or had EGFR mutation, respectively. In
this extensive study, they revealed distinct clusters driven by multi-omics data, identified novel
candidate biomarkers and therapeutic targets. Specifically, they identified four subtypes based
on multi-omics datasets, however, none of the subtypes were associated with any therapy.
Stewart et al. [47] integrate genomics, transcriptomics, and proteomics data in a cohort of 108
squamous-cell carcinoma (SqCC) lung cancer patients. They identified three proteomic
subtypes, and yet the clinical relevance of the subtypes was lacking. Therefore, a
5

comprehensive study that covers all histological subtypes of NSCLC and in-depth analysis of
the NSCLC proteome landscape is urgently needed.
1.5

PROTEOMICS

Proteins are the functional units of the cell and are built as chains of amino acids. Proteins are
involved in almost all biological processes in the cell including regulating gene expression and
cell signaling [48]. The full proteome of an organism refers to the entire set of proteins encoded
by genome, and the proteome of a specific system under investigation refers to all proteins
currently produced or present in that system. Proteomics is the large-scale study of the proteins
in living cells, tissues, body fluids, etc. As the genetic information is transcribed and translated
into proteins, the complexity increases exponentially. For instance, around 20’000 genes are
present in the human genome. These genes are transcribed into around 100’000 transcripts
which are translated and processed into more than one million different proteoforms (forms of
proteins including post-transcriptional and post-translational modifications) [49]. Although
proteomics is more expensive and time-consuming than genomics, proteomics is indispensable
to investigate protein identification and quantification, protein-protein interactions, protein
subcellular localization, post-translational modifications, protein complex formation, etc.
Broadly, two main methods are commonly applied in proteomics: low-throughput and highthroughput methods. Examples of low-throughput approaches include, antibody-based
methods targeting specific proteins or their epitopes such as western blot, imaging or enzymelinked immunosorbent assay (ELISA), gel-based methods such as two-dimensional gel
electrophoresis (2-DE) separating the proteins based on charge and mass, and chromatographybased methods to purify proteins from a complex biological sample. These methods are limited
by the number of samples and proteins to be analyzed and generally are not preferred for
discovery studies. Mass-spectrometry (MS)-based proteomics is a high throughput method that
enables the identification and quantification of thousands of proteins simultaneously [50].
Additionally, chemical labeling for the relative quantification of proteins between samples
allows for analysis of multiple samples concomitantly [51], increasing analysis throughput
without compromising the analytical depth. Thus, MS-based proteomics experiments can
generate “big data” with thousands of proteins identified and quantified across dozens to
hundreds of samples. The challenge of making the most of this big data is the extraction of the
informative values and patterns, and correctly inferring conclusions from these observations.
Therefore, expert bioinformatics analysis and interpretation of the data are indispensable skills
in the growing field of proteomics.

6

1.6

BIG DATA ANALYSIS AND INTERPRETATION IN BIOLOGY

During the past two decades, molecular profiling studies using large-scale genomics,
transcriptomics, and epigenomics have rapidly increased, generating a vast amount of big data
for the majority of cancer types. Additionally, advances in mass spectrometry-based
proteomics are now starting to generate proteome-wide studies to complement the knowledge
base that has so far been lacking phenotype-level information for different cancer types [52,
53]. Big data analysis enlightens tumor biology with respect to tumor initiation and
development, tumor microenvironment interactions, and responses to the cancer treatment at
the molecular level as well as heterogeneity within and among cancers and the urgent need for
tailored treatment for each individual patient [54].
Big data analysis has also been applied in MS-based spatial proteomics by grouping proteins
that locate into the same compartments (organelles) and using this information to determine
the localization of other proteins [21, 55].
Traditional statistical methods are not always suitable for big data analysis in biology and
medicine research. Therefore, numerous data analysis algorithms and methods have been
developed, improved, and adapted from different domains to translate complex big data into
tangible biology knowledge [56]. Recently, machine learning methods revolutionized
biological data analysis due to their efficiency in handling complex problems.
1.7

MACHINE LEARNING

In 1959, Arthur Samuel defined machine learning as a “field of study that gives computers the
ability to learn without being explicitly programmed” [57]. More recently, machine learning
has thrived tremendously due to the generation of vast amounts of data, the development of
high-level processors in computers, the detection of new algorithms and the improvement of
the existing algorithms. As the amount of data in biology and medicine exponentially increased,
machine learning has been utilized successfully to extract information, to perform
dimensionality reduction, for feature selection, and supervised and unsupervised learning [58].

7

1.7.1 Data structure in machine learning
After pre-processing the raw data, tabular data structured in rows and columns are required for
most machine learning algorithms. Columns generally correspond to (independent) variables,
called features, while rows correspond to observations or samples.
In machine learning, the dataset is also known as input. When the input has a linked output for
each observation in the data, for example, healthy vs. tumor or wild-type vs. control, the data
is called ‘labeled data’, otherwise, the data is called ‘unlabeled data’ [59].
1.7.2 Dimensionality reduction methods
High-throughput technologies used in genomics, transcriptomics, and proteomics can
potentially generate data up to hundreds of thousands of features (single nucleotide
polymorphisms, genes, transcripts expression, etc.) for each biological sample. As the number
of features increases, the dimensionality of data increases proportionally too, which is referred
to as the ‘curse of dimensionality’ [60]. The curse of dimensionality causes clustering problems
because data points become too far from each other, making identifying patterns more difficult.
Moreover, building a model including all features rapidly leads to overfitting (when the model
fits the training data too closely) and is no longer able to generalize to new data [61]. Principal
component analysis (PCA) has been the most commonly used method to reduce dimensions of
the data. However, PCA successfully projects the high-dimensional data into low dimensional
space only if the data is linear. Applying PCA to non-linear data may result in misleading
relationships between data points and eventually misinterpretation of the data. Therefore, nonlinear dimensionality reduction methods recently gained prominence and started being widely
applied in biological data such as t-distributed stochastic neighborhood embedding (t-SNE)
[62], uniform manifold approximation and projection (UMAP) [63], and autoencoder neural
network [52].
1.7.3 Unsupervised learning
Unsupervised learning, also known as ‘clustering’, refers to the ability to learn from data
without requiring any supervision or labels (Figure 4). Unsupervised learning is applied when
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Figure 4. Machine learning types. Supervised learning methods derive a function that maps an input
to a label using input-label pairs, where the function learns to separate the labeled groups (Left).
Unsupervised learning methods reveals the hidden structure using only input data (Right).

the data has no label, for example, when we want to identify new disease subtypes, which have
not been previously described, based on new in-depth analysis.
Unsupervised learning methods allow grouping of features with similar patterns, potentially
identifying, e.g., proteins that have the same subcellular localizations or clusters of patient
tumors with similar protein abundances. Numerous algorithms have been developed over time,
where traditionally two of them, k-means clustering and hierarchical clustering, are widely used
in biological data applications. The algorithms calculate the similarities between objects by
defining some distance measurements (correlation- or Euclidean-based) and cluster together
objects if they are close enough to each other [64]. Both these algorithms assign an object to
exactly one cluster, also called ‘hard clustering’. An alternative approach, model-based
clustering algorithms (‘soft clustering’) assigns an object to multiple clusters with a confidence
(probability) score [65]. One of the most powerful soft clustering algorithms is Gaussian
mixture models (GMMs) [66]. GMMs is commonly used to reveal hidden pattern in biological
data [67, 68].
1.7.4 Supervised learning
The majority of the applications in machine learning fall into supervised learning. Supervised
learning is based on using labelled data to build and train a machine learning model, that
9

identifies associations between the data and its labels to predict the label of the unseen (new)
data. If the label is continuous, e.g., predicting the quantity of a biomarker the task is called a
regression. If it is categorical, e.g., classification of sample into a cancer subtype, the task is
called classification.
Supervised learning algorithms are widely applied to a broad range of biological problems such
as prediction of transcriptional promoters and enhancers [69], sensitivity to anticancer therapy
[70] and de novo peptide sequencing from MS-data [71]. Traditionally, supervised learning
starts with splitting the labeled data into two distinct datasets, two-thirds for training and onethird for testing. This data splitting approach may sometimes be adjusted depending on the
available sample size.
The distinction between training and testing sets is necessary to prevent overfitting and to
maximize the generalizability of the model [61]. Once the data sets are prepared, the selected
model is fitted to the training data by tuning the model parameters. The model is then tested on
the testing data, with a predefined minimum accuracy as the success criterion. If the target is
achieved the model can be applied to new datasets. If not, more data, a new model or better
tuning of the parameters are required [72].
Collectively, more than hundreds of supervised learning algorithms have been developed.
However, the support vector machine (SVM) algorithm stood out from the crowd and is
favored for omics-based datasets due to its good performance in high-dimensional data [66].
1.7.4.1 Feature selection
In the current omics era, many experiments generate datasets containing thousands of features,
e.g., gene and protein expression. Some of these features have no relevance for the hypothesis,
some of them are not informative across groups owing to very low variance of expression and
some of them are uninformative due to noisiness. Consequently, adding all these features into
the model results in overfitting and, eventually, failure in predicting future data [59].
Additionally, reducing the number of features in the dataset allows to train the model faster and
to avoid overfitting. Thus, removing unrelated and uninformative features is a crucial step in
machine learning. Feature selection is therefore commonly used on many biological datasets
to reduce the dimensionality [73].
There are two commonly used techniques for feature selection: filter and wrapper techniques.
The filter technique assesses the importance of the feature and ranks the features based on
importance scores. Next, the feature with the lowest importance score is eliminated from
10

dataset and the model is rebuilt with the remaining the features. This process is repeated until
criteria for the best performance or pre-defined number of features are met. Support vector
machine-recursive feature elimination (SVM-RFE) is one of the most used algorithms [74].
The wrapper technique is based on subsetting the features from all feature sets and subsequently
building the model with these features. It searches all subsets by building models and finally
optimizes the subset of features based on evaluation scores.
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2 AIMS OF THE THESIS
The specific aims for each paper were the following:
•

To develop an MS- and bioinformatics-based method for, and to generate a proteomewide resource of protein subcellular localization in multiple human cancer cell lines
(Paper I).

•

To identify non-small cell lung cancer (NSCLC) proteome subtypes for improved
patient stratification and therapy selection, and to build machine learning-based
algorithms for the classification of NSCLC into the different subtypes (Paper II)

•

To present a detailed dry-lab protocol, alongside a wet-lab protocol for subcellular
localization analysis, covering quantitative MS-data analysis and machine learningbased classification of the output (Paper III).

•

To prototype an MS-based peptide-centric machine learning classifier for stratification
of NSCLC patients into subtypes for beneficial therapy selection (Paper IV).
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3 METHODOLOGY
3.1

ETHICAL CONSIDERATIONS

In Paper I and Paper III, no animals, human participants, human tissue, or sensitive personal
information were used.
Collection and use of material from the early-stage cohort (comprising tumor samples analyzed
in Paper II and Paper IV from 192 patients with operable lung cancer) and the late-stage
cohort (comprising biopsy material from inoperable 84 lung cancer cases analyzed in Paper
II) were approved by the Regional Ethical Review Board in Lund, Sweden (Registration no.
2004/762 and 2014/32). Informed consent from all patients was received and all experiments
were performed in accordance with ethical review board regulations and decisions.
Validation cohort comprised tumor samples from 208 patients with lung cancer, collected at
Oslo University Hospital in Oslo, Norway from 2006 to 2015. The study was approved by the
Regional Ethical Committee for Medical and Health Research Ethics, REK South-East in Oslo,
Norway (ref: S-06402b). All patients signed informed consent. Validation cohort samples were
prepared, analyzed, and presented in Paper II and Paper IV.
3.2

MASS SPECTROMETRY-BASED PROTEOMICS

Mass spectrometry (MS) is an analytical technique to measure mass-to-charge (m/z) ratios of

intensity

charged molecules and their respective signal intensities (Figure 5). MS instruments can

m/z

Figure 5. Illustration of a mass spectrum readout. The x-axis indicates the mass-to-charge ratio (m/z)
and y-axis represents the signal intensity.

identify and quantify ionizable molecules such as DNA fragments, metabolites, proteins, and
peptides. MS first succeeded in the analysis of chemical compounds. But over time, with the
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improvement of MS-based technology and ionization techniques (MALDI and electrospray),
more complex samples such as peptides and proteins could be analyzed. In recent years, the
field of proteomics has evolved dramatically in terms of the number of protein identifications
and quantifications in complex biological samples [14, 75]. A widely used method in
proteomics is the bottom-up approach, in which proteins extracted from biological specimens
(cell lines, tissues, etc.) are digested by proteolytic enzymes into peptides before further
analysis (Figure 6) [76]. For in-depth analysis, samples can be subjected to pre-fractionation

Figure 6. Illustration of shotgun proteomics workflow. It starts with extracting proteins from
cells/tissue. Proteins are digested into peptides with specific enzymes. Peptides are pre-fractionated
to reduce the complexity of the peptide mixture with HiRIEF. Peptides are analyzed using liquid

chromatography coupled to tandem mass spectrometry (LC-MS/MS).
such as high-resolution isoelectric focusing (HiRIEF) [14], prior to analysis using liquid
chromatography coupled to tandem mass spectrometry (LC-MS/MS). The pre-fractionation
reduces sample complexity and thus improves analytical depth but drastically increases
analysis time. To limit analysis time, sample multiplexing can be applied by labeling and
pooling the individual samples with isobaric mass tags, such as tandem mass tags (TMT) prior
to MS-analysis. LC-MS/MS yields multidimensional data, including retention time as well as
mass spectra of precursor ions (ionized peptides, MS1) and of fragment ions (MS2), which
then allows database searching to match the spectra to peptide sequences and identify the
proteins in the sample. Furthermore, signal intensity measurements allows for quantification of
the identified proteins. As an alternative to the in-depth analysis, which is useful for exploratory
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research, label-free quantification of peptides in samples analyzed individually without
prefractionation can be performed. Such an approach will typically yield fewer identified
proteins but is faster and less laborious, making it more suitable for rapid analyses demanded
by clinical workflows.
It should be noted that sample preparation is an important step in MS-based proteomic analysis
of biological material. As an example, the purity of cell compartment fractions affects the
accuracy of the subcellular protein localization and, similarly, the handling of clinical material
can significantly impact the analytical depth and results of the proteomics analysis. For this
purpose, careful wet-lab method development and optimization was performed for the
presented Papers I–III, but is beyond the scope of this thesis.
3.2.1 Quantitative MS proteomics
MS-based proteomics is now an indispensable tool for protein quantification in biological
samples. MS can deliver absolute protein quantification (concentration values), in which case
MS analysis of corresponding peptide standards of known concentration are needed. More
commonly for proteome-wide measurements, relative quantification is performed (relative to
other proteins in the sample and/or relative to other samples). There are two commonly used
strategies for relative quantification: label-free and labeling methods [77]. In a label-free
quantification (LFQ), peptide chromatographic peak area or intensity is calculated, or the
number of generated spectra (peptide spectrum matches, PSMs) are counted. In a multiplex
experiment with TMT labelling, signal intensity is measured at MS1 level for total peptide
quantification and at MS2 level for relative quantification of reporter ions from the TMT labels.
The reporter ion quantification is subsequently used for calculation of the relative abundance
of proteins across the different samples in the labeled set.
3.2.2 Data-dependent acquisition (DDA) vs. data-independent acquisition
(DIA)
Currently, there are two established methods for generating discovery (non-targeted) MS
proteomics data: data-dependent acquisition (DDA) and data-independent acquisition (DIA).
In DDA, after ionization and MS1 analysis, peptides (precursors) with signals above the noise
level are selected for further fragmentation and MS2 analysis to generate fragment spectra
(Figure 7) [78]. Although DDA is powerful and predominantly used in biological applications,
there are reproducibility issues and limitations for low-abundant proteins due to the bias in the
selection of the precursors for MS2.
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Figure 7. Schematic overview of the DDA and DIA methods. In DDA/MS (left), the most abundant
precursor ions are selected for the MS2 to be fragmented. In DIA-MS (right), whole MS1 precursors
are fragmented in MS2 based pre-defined isolation windows.
Reproduced from Krasny L, Huang PH. Data-independent acquisition mass spectrometry (DIA-MS) for
proteomic applications in oncology. Mol Omics. 2021 Feb 1;17(1):29-42. doi: 10.1039/d0mo00072h. Epub
2020 Oct 9. PMID: 33034323. with permission from the Royal Society of Chemistry.

To solve these issues, the DIA methodology was developed where collection and fragmentation
of all peptides within a predefined m/z window according to a predefined time schedule is
performed (Figure 7). DIA provides fast, accurate and robust quantification of
peptides/proteins [79] which is beneficial specifically in MS experiments with label-free
quantification.
In this thesis, MS-based proteomics methods were applied in all four Papers (I–IV) using
different samples and addressing different research questions. In Paper I and Paper III,
tandem mass tag (TMT)-labeling of samples and HiRIEF LC-MS/MS with DDA was used to
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generate protein subcellular localization profiles in human cancer cell lines. In Paper II, the
same in-depth MS technique was applied to clinical samples to perform proteomics profiling
of non-small cell lung cancer (NSCLC). Furthermore, the analysis was complemented by labelfree LC-MS/MS with DIA to develop a proof-of-concept clinically applicable method for
NSCLC subtyping. Paper IV further developed the subtyping method based on LC-MS/MSDIA data for clinical applications.
3.3

MS-BASED SPATIAL PROTEOMICS

Traditionally, protein localization studies focus on predefined organelles by using cell
fractionation for isolation/enrichment of the organelle of interest, followed by protein
quantifications in the generated fractions [23]. In such methods, protein quantification
distributions are compared. For proteins within the same organelle or compartment, similar
distribution patterns are expected. Consequently, machine learning-based unsupervised
learning algorithms can be applied to cluster together proteins with similar quantitative
distribution patterns (Figure 8a).
This targeted approach has been applied to define several cellular organelles including
centrosomes [80], lysosomes [81], and mitochondria [82]. However, owing to practical
limitations such as issues of purity during fractionation of certain organelles made this
approach unfavorable for some applications. To overcome these limitations, methods
generating sequential fractions from whole cells were used, which enabled mapping of proteins
to multiple compartments simultaneously. Ideally, each organelle possesses its own unique
profile, and multiple proteins from each organelle create a density pattern distinct from other
organelles. Subsequently, clustering algorithms can identify these distinct densities and the
corresponding clusters are annotated with the associated organelles (Figure 8b) [83]. Despite
the indisputable impact of these studies on the spatial proteomics field, they were far from
being proteome-wide in analytical depth. As an alternative approach, after clustering and
annotations of the profiles, a subset of proteins with previously known localizations can be
used as “marker proteins”. Subsequently, marker proteins and their associated profiles could
be used for training of supervised learning algorithms to predict localizations of all quantified
proteins. Recently, several studies were published where machine learning algorithms were
used for subcellular proteomics analysis [21, 22, 55, 84]. However, none of the studies were
proteome-wide and all of them used single cell lines in the analyses, thus lacked analytical
depth and generalizability of the identified protein localizations.
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Figure 8. Spatial Proteomics by MS analysis coupled to fractionation. a. Overview of the targeted
organelle approach. b. Sequential fractionations for targeting multiple organelles.
Lundberg, E., Borner, G.H.H. Spatial proteomics: a powerful discovery tool for cell biology. Nat Rev Mol Cell
Biol 20, 285–302 (2019). https://doi.org/10.1038/s41580-018-0094-y Reproduced with permission Springer
Nature.

Paper I and Paper III tackled these limitations in the field of spatial proteomics by combining
modern MS-based technology and machine learning-based methods to map subcellular
localization of proteins in multiple human cancer cell lines. Furthermore, the protocol in Paper
III facilitates the scientific community to expand this knowledge further using these advanced
techniques.
Briefly, sequential fractionation was used to generate five cellular fractions (Figure 9a), which
were then analyzed in duplicates using bottom-up in-depth proteomics with TMT-labeling for
sample multiplexing, prefractionation by HiRIEF, and LC-MS/MS with DDA (Figure 9b). In
Paper I, this subcellular proteomics analysis was performed for five cell lines, resulting in a
subcellular proteomics dataset covering more than 12’000 proteins.
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3.4

MACHINE LEARNING ALGORITHMS

Machine learning algorithms are crucial tools for the interpretation of MS-based proteomics
data. As explained in the introduction, the acquired data has high dimensionality, and reducing
it can facilitate identification of patterns and groups. t-Distributed stochastic embedding (tSNE) is a powerful tool for dimensionality reduction that was used for dataset in Papers I.
Unsupervised learning (clustering) is another useful tool for the interpretation of data, for which
gaussian mixture models were used in the presented work (Paper I). Feature selection for
cohort classification tasks that are needed for allocating samples to distinct groups was
performed by support vector machine-recursive feature elimination (SVM-RFE) in Paper II
and Paper IV. For the classification itself, supervised learning was used, deploying support
vector machine (SVM) in Paper I-IV and k-top scoring pairs (k-TSP) algorithms in Paper II.
All the relevant machine learning algorithms are thus explained in detail in this section.
3.4.1 t-distributed stochastic neighbor embedding (t-SNE)
t-SNE is a dimensionality reduction method where a high-dimensional dataset is reduced to
low-dimensional space with preservation of the relationships and information in the highdimensional space. Briefly, t-SNE starts with determining the similarities of all the points
between each other in the high-dimensional space resulting in a matrix of similarity scores.
Next, it randomly scatters the points into a low-dimensional space and calculates the similarity
scores for each pair, again, resulting in a matrix of similarity scores. Finally, it moves the points
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to make the low-dimensional matrix as similar as possible to the high-dimensional matrix [62].
One of the main advantages of using t-SNE over principal component analysis (PCA) is the
ability to capture non-linearity in the data. Importantly, t-SNE focuses on local similarities
while PCA preserves global structure of the data.
In Paper I, t-SNE method was used to reduce the dimensionality of the MS-based subcellular
proteomics data from fifty to three. As a result, we were able to visualize protein clusters in 3D
space as figures.
3.4.2 Gaussian mixture models (GMMs)
GMMs, an approach to clustering, assume that a dataset consists of multiple gaussian
distributions, and each distribution is considered to be a cluster. GMMs are probabilistic
models and assign objects in different clusters with a probability score. Unlike other
unsupervised learning such as hierarchical or k-means clustering, GMMs follow a soft
clustering approach that clusters the objects into more than one cluster. The parameters of the
GMMs models, mean vector (µ) and covariance matrix (S) are estimated, mainly, using
Expectation-Maximization (EM) algorithm [66]. EM algorithm applies maximum-likelihood
estimation to estimate the parameters and it is an iterative approach between to modes, called
estimation (E)-step and maximization (M)-step.
•

E-Step: estimate the parameters in the dataset.

•

M-Step: maximize the parameters of the model to fit data better.

•

Repeat these steps, until convergence is reached.

One of the other important parameters of GMM is to decide on the number of clusters in the
dataset. Bayesian information criterion (BIC) is used for model selection (i.e., number of
clusters) and to evaluate the cluster performance. Theoretically, a perfect model consists of as
many clusters as there are objects in the dataset. Thus, the likelihood of correctly explaining
the data by the model is maximized. However, such a model would be completely useless.
Therefore, BIC balances the trade-off between the likelihood and the number of clusters in a
given dataset by introducing a penalty term for the number of clusters [85].
In Paper I, GMMs was used to identify clusters of MS-based subcellular proteomics data after
reducing the dimensionality of the data.
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3.4.3 Support vector machine classifier (SVM)
SVM is a supervised machine learning algorithm that is mainly used to solve classification
problems. SVM tries to find a separation line by maximizing the margin between the two
closest points with different class labels. The separation line makes the model the most
generalizable and robust for the classification. SVM utilizes the “kernel trick” to transfer the
dataset into a higher dimensional space to separate the points. There are several kernel functions
such as linear, polynomial, sigmoid, and radial basis functions to transform the dataset [72].
One of the most important parameters in SVM is the cost, “C” parameter. It controls the tradeoff between increasing the distance of the margin and maximizing the number of points with
the correct classifications. C parameter adds a penalty to the cost function. Therefore, if C is
large, SVM tries to minimize the misclassification resulting in a smaller margin. On the other
hand, if C is low, the margin becomes large due to the low cost.
In Papers I and III, SVM with radial basis kernel function was used to classify the subcellular
localization of proteins, while in Papers II and IV, SVM with linear kernel function was used
to classify the tumor samples into one of the lung cancer proteomics subtypes.
3.4.4 Support vector machine recursive feature elimination (SVM-RFE)
A rule of thumb in machine learning is that as the number of features increases, the more likely
it is for overfitting to occur. With the increase in the dimensionality of generated datasets, tools
for reducing the dimensions by selecting features in the datasets has become indispensable.
Therefore, SVM-RFE became a widely used feature-selection algorithm [74]. Briefly, SVMRFE builds the model including all features and ranks the features based on their importance,
which is the ability to separate the samples. Next, it eliminates the least important feature(s)
and rebuilds the model with the remaining features. This process is repeated until the training
data accuracy reaches the decided target or until a predefined number of features is reached.
In Paper II, SVM-RFE was used to select the most important proteins (as features) to achieve
higher model performance (accuracy), and in Paper IV to select the most important peptides
for a peptide-centric assay.
3.4.5 k-top scoring pairs algorithms (k-TSP)
k-TSP is a parameter-free, supervised classification algorithm based on a set of measurement
pairs. It was originally developed for the prediction of the class label from a high-throughput
microarray dataset [86]. k-TSP focuses on rankings of feature pairs for the separation between
two classes. For example, in subtype X samples expression of gene A is higher than gene B,
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while in subtype Y samples expression of gene B is higher than gene A. Therefore, observing
gene A and B expression in a sample enables the classification as subtype X or Y. In k-TSP, k
refers to the number of pairs, and it is optimized while training the classifier. The k-TSP
algorithm focuses on the order of the features with respect to feature quantity without the need
for normalization of the data between samples, and is therefore suitable for single sample
analysis. Thus, k-TSP stood out among other classifiers due to its possible application in routine
clinical settings. Additionally, k-TSP can be applied to other quantitative-based methods,
including MS-based quantitative proteomics.
In Paper II, k-TSP was developed to classify single samples and was applied to validation
cohorts of early- and late-stage NSCLC cases.
3.5

SUPERVISED MACHINE LEARNING WORKFLOW

Currently, the majority of the machine learning problems for clinical applications fall into the
supervised learning category. Generally, a supervised machine learning workflow starts with
collecting data from samples with labels (Figure 10). After gathering the data, one of the most
crucial steps is pre-processing the data, including handling missing data, removing outliers, and
normalization of the data. Next, the dataset is split into three parts, training, validation, and
testing data.
•

Training data is used to build the model, including the selection of algorithms and
fitting the model to the training data.

•

Validation data cross-validation (CV) is a commonly applied technique in machine
learning to estimate the accuracy of the model when applied to unseen data and is used
to optimize the parameters and hyperparameters. CV estimates the parameters multiple
times by repeating the process, therefore it is less biased than the one-shot estimate.
Due to limited sample sizes in biological applications, several CV approaches have
emerged [87].

•

Testing data is used to evaluate the performance of the model and it is recommended
to use only one time to avoid overfitting.

After evaluating the model using testing data, the model can be deployed to apply to unseen
and new datasets.
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4 RESULTS AND DISCUSSION
4.1

PAPER I: SUBCELLBARCODE: PROTEOME-WIDE MAPPING OF
PROTEIN LOCALIZATION AND RELOCALIZATION

Proteins are the workhorses of the cell; thus, knowledge of the protein subcellular localization
is crucial for understanding the overall function of the protein. In this study, we developed an
MS- and machine-learning based pipeline to generate proteome-wide resource of protein
localization across multiple human cancer cell lines.
The main results and conclusions from this study were:
•

A robust method for proteome-wide subcellular localization analysis was developed.

•

Alternative splicing is not a common mechanism to direct protein variants from the
same gene to different subcellular localization.

•

Systematic analysis strongly indicates that previously reported numbers of multilocalization of protein is overestimated.

•

Proteome-wide protein relocalization analysis of response to Epidermal growth factor
receptor (EGFR) inhibitors was successfully performed.

•

The largest single-source information resource for protein subcellular localization was
presented.

•

A freely accessible web-based resource was developed (www.subcellbarcode.org).

In this study we successfully classified the localization of 9’594 proteins into 15
“compartments” covering cytosol, nucleus, endoplasmic reticulum, Golgi apparatus, plasma
membrane, mitochondrion, cytoskeleton, endosome, lysosome, ribosome, and peroxisome, and
12’125 proteins into four subcellular “neighborhoods” including secretory, mitochondria,
cytosol, and nucleus (Figure 11). Importantly, around 80% of the classified proteins had a
single main localization at the compartment and neighborhood levels.
Alternative mRNA splicing is a commonly used mechanism in eukaryotic species to generate
more than one transcript with distinct roles, including directing the same gene products to
different localizations [88, 89]. Proteome-wide investigating of splicing dependent protein
localization is limited by the lack of peptide coverage, i.e. only a subset of splice variants are
detected with unique peptides by MS. Nevertheless, our generated data, with relatively high
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peptide coverage, strongly suggested that alternative splicing is not a common mechanism to
direct protein variants to different subcellular localizations.

Compartment
classified (9594)

Several cell lines same classification
(generalizable)
Single cell line classification

2005
(21%)
2943
(31%)

Neighborhood
classified (12125)

total ID:s (12418)

Several cell lines different classifications

4646
(48%)

Single location classification

7589
(79%)

2267
(19%)
1436
(12%)
8422
(69%)

9858
(81%)

Figure 11. Classification output of the identified and quantified (12’418) proteins. Pie-chart on the left
indicating compartment level classification and pie-chart on the right indicating neighborhood
classification.

Proteins interact with other proteins and form complexes to execute biological functions [90].
The data produced in this project enabled complex member colocalization evaluation through
protein subcellular fractionation profile correlation analysis. Based on this, we suggested that
our data could be used as complementing orthogonal information to refine data generated in
protein interaction studies.
There are several other studies that successfully applied MS-based methods to experiments
with perturbation, genetic alteration, or stimulus [91-93]. One of the advantages of MS-based
global spatial proteomics is the ability to study the dynamics of protein subcellular localization.
Therefore, we investigated protein relocalization upon EGFR inhibition and robustly identified
relocated proteins.
Similar studies have been published before in using different cell lines [21, 22, 55]. But
generalizability of the presented findings remained an open question due to single cell line
analysis, which we tackled by generating proteome-wide subcellular localization data across
multiple cell lines.
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4.2

PAPER II: PROTEOGENOMICS OF NON-SMALL CELL LUNG CANCER
REVEALS MOLECULAR SUBTYPES ASSOCIATED WITH SPECIFIC
THERAPEUTIC TARGETS AND IMMUNE EVASION MECHANISMS

Lung cancer is the leading cause of cancer-related death worldwide and the 5-year survival rate
across different lung cancer types is 21%. Importantly, due to the heterogeneity of lung cancer,
the majority of the patients do not respond to the “one size fits all” approach treatments.
Therefore, biomarkers and stratification of the patients are required for the optimal therapy
selection. In this study, we performed in-depth mass spectrometry (MS)-based molecular
phenotyping of 141 NSCLC patients.
The major results and conclusions from this study were:
•

In-depth molecular phenotype analysis of a non-small-cell lung cancer (NSCLC) cohort
was performed, based on which six proteome clusters were identified (Figure 12).

•

One of the subtypes was characterized by high PDL1 expression, T-cell infiltration,
high tumor mutation burden (TMB), and presence of antigen presentation machinery
(APM). We suggested that targeting the immune checkpoints would potentially benefit
patients with NSCLC belonging to this subtype.

•

Proteogenomic analysis was performed to evaluate the non-canonical proteins/peptides
(NCPs). Variable numbers of NCPs per sample were observed in the different proteome
subtypes. Interestingly, the highest number of NCPs was detected in immunologically
cold tumors (Subtypes 4 and 6).

•

STK11 (LKB1) inactivation was observed to be associated with upregulation of FGL1
and CPS1 at the protein level. Interestingly, FGL1 was recently shown to inhibit antitumor immunity by binding to the inhibitory T-cell receptor LAG-3. Thus, our finding
links a common mutation in lung cancer to a potential immune evasion mechanism.

•

Support vector machine (SVM)- and k-top scoring pairs (k-TSP)-based algorithms
were built to classify samples in large cohort studies and as single samples for clinical
settings.

The immune systems plays a crucial role in the cancer growth, progression and treatment
[94]. Immune checkpoint inhibitors (ICI) dramatically changed the treatment paradigm of
NSCLC patients just over a decade ago. Remarkably, patients with advanced NSCLC and
high PD-L1 expression treated with ICI had significantly longer overall survival than
chemotherapy [95].
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Figure 12. MS-based identification of NSCLC proteome subtypes. Hierarchical based consensus
clustering was used to discover the hidden proteome subtypes. Annotation bars indicate histological
classification, mRNA subtypes, clinical information of samples, immune and stroma signature,
mutation profiles and selected marker protein expressions. Reproduced with permission Springer
Nature.

Furthermore, there is a correlation between presence of tumor-infiltrating CD8 cells and
treatment outcome after PD-1 immune checkpoint inhibitors [96]. Interestingly, NSCLC
patients with high tumor mutation burden (TMB) score treated with ICI showed longer
progression-free survival, irrespective of PD-L1 expression [97]. However, patients
selected by these biomarkers alone do not always respond to ICI. Thus, combination of
current and/or novel biomarkers are needed in clinic for the beneficial treatment
selection[44]. In our analysis, we define two immune cell infiltrated subtypes based on
proteomics data (Subtypes 2 and 3) (Figure 13). Interestingly, a detailed analysis indicated
distinct immune cell infiltrations in these subtypes; Subtype 2 showed high T-cell
abundance and interferon (IFN) signaling while Subtype 3 showed high B cells abundance
and B-cell rich tertiary lymphoid structures. Additionally, Subtype 2 samples were
characterized with high PDL1, CXCL9, and TMB scores which are strong biomarkers for
the immune checkpoint inhibitor, however, Subtype 3 lacked these biomarkers. Our results
suggest that different immunotherapy strategies could be devised for subtype-specific
effective treatments for NSCLC, and we suggest MS-based proteomics subtyping could be
used for patient stratification and selection of ICI treatment.
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Reproduced with permission Springer Nature.

To enable the transfer of the above-mentioned knowledge into the clinic, we built two machine
learning-based classifiers: one support vector machine (SVM) classifier for classification in
cohorts of samples, and one k-top scoring pairs (k-TSP) for single sample classification. Both
classifiers were trained using the proteomics data of the NSCLC cohort (141 samples) to
classify the samples into one of the previously defined six subtypes (Figure 14). Due to the low
sample size and multi-label classification problems, we were unable to set data aside for only
testing purposes. We overcame this problem by an established cross-validation method,
specifically, Monte-Carlo cross validation. After building the models, both classifiers were
validated using independent datasets; the SVM classifier was validated using publicly available
transcriptomics and DDA- based proteomics data while the k-TSP classifier was validated
using in-house generated DIA-based and publicly available DDA-based proteomics data.
As a summary, this study performed in-depth comprehensive proteomics analysis of the
NSCLC cohort of 141 samples covering all major histological subtypes and almost 14’000
proteins. Unbiased unsupervised learning-based clustering revealed six subtypes with new
insights into lung cancer biology that can guide the development of better diagnostic and
treatment strategies in the clinic. Finally, we developed classifiers, SVM and k-TSP, for DDA
and DIA MS-mode, respectively. SVM classifier was validated using NSCLC transcriptomics
meta dataset and LUAD proteomics dataset while k-TSP classifier was validated at the
proteome level of early (n = 208) and late (n = 84) stage NSCLC cohorts.
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Figure 14. a. Overview of NSCLC Proteome Subtype classifications b. Accuracy of the classifiers (SVM
and k-TSP) on test data over Monte Carlo cross validation iterations (100). Reproduced with permission
Springer Nature.
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4.3

PAPER III: SUBCELLBARCODE: INTEGRATED WORKFLOW FOR ROBUST
SPATIAL PROTEOMICS BY MASS SPECTROMETRY

In Paper I, we successfully generated a proteome-wide resource of protein subcellular
localization, including five different human cancer cell lines. However, the human body
contains around 210 different cell types with varying cell properties [98]. The application of
our robust method, including subcellular fractionation, sample preparation for MS analysis,
MS data analysis, and bioinformatics pipeline, to other cell lines and cell types would allow for
further expansion of the protein localization knowledge. To enable this, we present in this study
a detailed dry lab and wet lab protocol of our method for simple reproduction by other labs
with an interest in subcellular proteomics.
The main findings and conclusions from this study are:
•

A step-by-step guide of the SubCellBarCode method was presented.

•

An R package was developed for the bioinformatics pipeline.

•

The entire protocol was applied to HeLa cells to demonstrate the protocol.

•

For comparative purpose, two additional MS-strategies, direct analysis without prefractionation using long gradient LC-MS, and high-pH reverse-phase prefractionation,
were applied in parallel to high-resolution isoelectric focusing (HiRIEF). Overall, high
classification concordance was observed between HiRIEF and high-pH reversephaseprefractionation (96% of the identical classification), as well as between HiRIEF
and long gradient (93% of the identical classification, Figure 15).

Several methods with different technologies have been developed to study the protein
subcellular localization. Additionally, different machine learning algorithms, and robust and
reproducible pipelines were applied and optimized to infer proteome-wide subcellular
localization [99]. However, these methods carry some limitations and drawbacks. Although the
SubCellBarCode method is robust and straightforward to implement, it needs further
improvement in the future. The current method was tailored and optimized for human cell line
models and is thus not suitable for non-human cell line models. Additionally, SubCellBarCode
determines the main localization of the protein and is not able to report multi-localization of
proteins.
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Figure 15. Venn-diagram in the middle shows overlap in classification between MS methods, and
Sankay-plots showing concordance in neighborhood classifications between HiRIEF vs long gradient
(left) and HiRIEF vs high pH (right).

In summary, the presented protocol contributed a complete pipeline, combining both wet and
dry lab workflows, for the subcellular localization analysis in human cell lines. The robustness
and performance of the protocol was evaluated by analysis of an additional cell line (HeLa) not
included in the original SubCellBarCode publication.
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4.4 PAPER IV: STRATIFICATION OF NON-SMALL-CELL LUNG
CANCER

PATIENTS

BY

A

PEPTIDE-LEVEL

MASS

SPECTROMETRY-BASED CLASSIFICATION ASSAY
In Paper II, we performed in-depth molecular profiling of a NSCLC cohort and defined six
proteome subtypes with distinct mutation profiles, immune infiltration, proliferation patterns
and histology enrichment. Importantly, two classifiers were built and one of them, k-TSP, was
designed to potentially be applied in a clinical setting. However, a simpler MS-assay, with
more robust and sensitive feature quantification would further improve the potential in routine
clinical diagnostics. In this study, we present a novel approach and prototyped it to classify the
NSCLC patients into subtypes.
The main findings from this study are:
•

An MS-based peptide-centric assay including an SVM classification pipeline was
prototyped to classify NSCLC patients into six subtypes.

•

A machine learning-based classifier with support vector machine-recursive feature
elimination (SVM-RFE), was used to select the most informative peptides.

•

The developed peptide SVM classifier was validated in an independent NSCLC cohort
(Figure 16). Peptide-centric based classification outputs were in agreement with the
distribution of lung cancer histology types among the proteome subtypes (Figure 16a).
Additionally, squamous-cell carcinoma (SqCC) samples were enriched in Subtype 6 as
expected, and samples classified into Subtype 6 showed high levels of SqCC markers
(KRT5 and KRT6A) (Figure 16b).

The classification pipeline showed that NSCLC patients could be classified into different
proteomics subtype using pseudo-MS-based peptide-centric data. Although, the classifiers had
overall high accuracy on testing data and were validated with independent datasets, the input
dataset for the classifiers should be robust and reproducible for application in the clinic.
Recently, selected reaction monitoring (SRM)-based proteomics have been favored to produce
robust and consistent quantification of pre-selected proteins/peptides [100]. Lately, several
studies has demonstrated how to develop an assay for the robust quantification of
peptides/proteins biomarkers in cerebrospinal fluid in multiple sclerosis disease [101, 102].
Our method here shows the capability of classifying NSCLC samples using peptide-centric
data and provide a foundation for selecting peptides as biomarkers in NSCLC. However, as a
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continuation, our method should be optimized in for SRM-based targeted proteomics data
including testing and calibrating the peptide quantifications.

Figure 16. SVM classification output of NSCLC validation cohort. a. Peptide-centric SVM classification
output for the 186 NSCLC cohort samples were colored by the histological subtype. b. Scatter plot for
the SqCC markers (KRT5 and KRT6A) abundance in NSCLC validation cohort.

As a summary, in paper IV, we presented a machine learning-based pipeline to select the most
robust and informative peptides, followed by building a classifier using these peptides. The
classifier was subsequently successfully validated using an independent NSCLC cohort.
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5 CONCLUSIONS
The presented thesis demonstrates the potential in deciphering big, complex, and
heterogeneous biological data by machine learning algorithms and pipelines.
In Paper I, we presented the largest single resource of protein subcellular localization across
multiple human cancer cell lines. Machine learning-based algorithms, both unsupervised and
supervised, were applied to identify and classify the protein localization from MS-based
quantitative proteomics data. We successfully mapped more than 12’000 proteins in five
different human cancer cell lines to their corresponding localizations. In Paper III, to enable
and simplify further expansion of protein subcellular localization information to cover
additional cell types and conditions, we presented a robust and standardized protocol, including
both wet lab and dry lab steps. Importantly, we developed an R package (“SubCellBarCode”)
based on the built pipeline for protein localization classification. Specifically, the package
builds the machine learning-based classifier, as defined in Paper I and classifies proteins into
their corresponding localizations.
In Paper II, we performed in-depth molecular phenotyping of the NSCLC cohort using MSbased proteomics and presented a comprehensive proteomics analysis of NSCLC.
Unsupervised learning-based consensus clustering revealed six subtypes with distinct
proteomics profiles, different mutation enrichment patterns, different number of NCPs and
distinct immune and stromal infiltration scores. Additionally, two supervised-based classifiers
(SVM and k-TSP) were built using MS-based proteomics data to classify further NSCLC
samples into one of the subtypes. In Paper IV, we built a data analysis pipeline to select the
most informative and robust peptides by applying SVM-RFE-based feature selection
algorithm, subsequently building an SVM-based peptide level classification model to classify
NSCLC samples into subtypes that were defined in Paper II.
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6 FUTURE PERSPECTIVE
MS-based quantitative proteomics coupled to subcellular fractionation is a powerful tool for
protein subcellular localization. However, it is a field that is still rapidly developing. For
example, the continuous evolution of the available multiplexing solutions, such as new
generations of TMT reagents, requires adapting the SubCellBarCode method [103, 104].
Furthermore, improved accuracy, sensitivity, and robustness of MS techniques will help
address some of the current issues, including reproducibility, single-cell variability, posttranslational-modifications-driven protein subcellular localizations, and multi localization of
proteins [23]. It should, however, be noted that analytical improvements alone may not suffice,
and additional orthogonal cell fractionation strategies are likely needed for full resolution of
subcellular compartments.
Knowledge about cell type-dependent protein localization is crucial for maximizing the success
of targeting a protein with a drug [105]. Therefore, to enhance the cell line-specific protein
localization information and to generalize protein localization, SubCellBarCode method should
be applied to a range of other cell lines and cell types for a better understanding of the diversity
in human spatial proteomics.
The challenge of biological heterogeneity seen in subcellular localization is even more apparent
in the field of cancer. Cancer is a heterogeneous group of diseases, with variability between
different organ sites, histological types, individuals, as well as within individuals over time.
Therefore, each case is like no other, but grouping (subtyping) of patients with similarities in
their cancers will improve treatment selection. The better characterization and understanding
of the disease we can achieve, the better and clinically relevant the subtyping will be. Modern
techniques allow in-depth analyses, but this also inevitably leads to the “curse of
dimensionality”. The number of samples is much smaller than the number of features, e.g., in
the case of the NSCLC cohort in Paper II, 14’000 proteins across 141 samples. The relatively
small sample size may lead to overfitting and a lack of generalizability of the model. There are
machine learning-based solutions to overcoming small sample sizes, such as Monte Carlo
Cross-Validation (MCCV) used by us in Papers II and IV. While it allows training and testing
a model on a small cohort, it does not remove the pitfalls of underrepresentation or not
identifying rare subtypes. Therefore, the availability of samples and clinical data is crucial for
advancing the field to benefit any and every patient.
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The use of existing data is another opportunity to test the machine learning models built for
clinical use. Despite the exponential increment of the data generation, a recent systematic
review showed that only 25 (30%) of the 82 studies comparing the performance of deep
learning versus health professionals evaluated their model using external datasets [106].
Preferably, all models should be tested with an unseen dataset for an unbiased model evaluation
and generalizability of the model. Model evaluation using external data set is essential to avoid
the overestimating the clinical performance and overparameterization of the model [107].
Especially when transferring the use of the model from one population to another, the
predictive model may fail due to lack of coverage of the ethnicity or genetic background in the
training data [108]. The dataset should represent all characteristics of the environment where
the model will be deployed. Therefore, much attention should be paid to the quality of the
dataset on which the model is trained.
Once a high-quality cohort is assembled, one must generate high-quality data to train the model
on. While high-dimensional proteomics data is excellent for exploratory analysis and
hypothesis generation, clinical applications require highly accurate and robust methods, in
which case targeted proteomics, e.g., selected reaction monitoring (SRM), may be more
suitable. This was the motivation behind Paper IV, where we prototyped a peptide-centric
classifier that is compatible with SRM. We envision this classifier facilitating clinical trials to,
for example, test our hypothesis that immune checkpoint inhibitors may be beneficial for
patients belonging to Subtype 2 that we identified and described in Paper II.
The final challenge of bringing machine learning into clinical practice is the interpretation of
the model. Some of the computer-developed models do not explain the predictive model and
work as a “black box” which takes the input, applies the function, and returns the output.
However, when striving to not only describe a system but also develop drugs to interfere with
the system, scientists are interested in the biology behind the model, for example, genes
involved in predicting the sample to be malignant. Importantly, an explainable model can be
trusted more than a “black box” model by the clinical decision-maker, e.g., physician or patient
[109]. Therefore, the model in the black box should be unboxed to decipher the biological
insights, and the model should be carefully interpreted to extract the biological information
from the model.
Recent technological advances enabled us to generate tremendous amounts of data in biological
and clinical contexts. Most of the time, the datasets are noisy, complex, heterogeneous, and
high-dimensional. Machine learning has proved its value in terms of analyzing complex and
heterogeneous biological datasets to extract useful biological insights. In summary, this thesis
40

demonstrated how machine learning could be applied to decipher the complexity of biological
systems. Several unsupervised algorithms were applied to discover the hidden structures in the
high-dimensional biological datasets and supervised machine learning-based pipelines were
designed to analyze the complex and heterogeneity omics-based datasets.
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