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1. Overview 

Colorectal cancer (CRC) is a highly heterogeneous disease, both at the molecular and cellular 

levels. This heterogeneity significantly influences tumor progression, therapy responses, and 

clinical outcomes. Fortunately, the advances in multi-omics technologies and computational 

methods provided new opportunities for comprehensive investigation. However, multi-omics 

data generated from high-throughput technologies are particularly sensitive to technical 

variability and batch effects. Producing meaningful and robust results requires careful 

preprocessing of raw data and highly specialized expertise in data mining. This thesis leverages 

my unique expertise in bioinformatics and computational modeling to analyze and integrate 

multi-omics data, with the aim of uncovering tumor-specific molecular patterns and the 

complex interactions within the tumor microenvironment. 

The thesis is organized into thematic areas reflecting the scope of my research contributions. 

While foundational work in computational methodology (chapter 3.1) and preclinical 

models (chapter 3.3) is included mostly for context, the primary emphasis is placed on 

molecular subtyping and tumor heterogeneity (chapter 3.2), the integration of imaging and 

omics data (part 4), the tumor microenvironment and microbiome (chapter 3.5), and 

clinical applications in diagnostics and therapy (chapter 3.6). These themes are supported 

by results from key publications that demonstrate how computational approaches in multiomics 

setting provide novel insights into CRC biology. 

The development and application of computational tools form the foundation of my research. 

This section highlights efforts to create robust bioinformatics pipelines and tools that enable 

effective multi-omics data analysis and interpretation. For instance, in [1] we introduced 

Rgtsp, a generalized top-scoring pairs package that enabled class prediction in gene 

expression datasets, setting a foundation for subsequent predictive modeling. Expanding on 

these efforts, in [2] we presented TopKLists, an R package designed for statistical inference 

and aggregation of ranked omics datasets, addressing challenges in integrating heterogeneous 

high-dimensional data. Similarly, in our work [3] we introduced ToPASeq, a novel package 

that implements six methods for topological analysis of RNA-Seq and microarray data analysis. 

Finally, in [4], we leveraged this R package and critically compared topology-based pathway 

analysis methods, evaluating their consistency and biological inference across diverse datasets. 

Collectively, these tools not only provide a methodological basis for subsequent studies but 
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also serve as valuable resources for the broader scientific community, facilitating 

reproducibility and innovation in data-driven cancer research. 

The chapter on molecular subtyping and tumor heterogeneity focuses on the identification 

and characterization of molecular subtypes in CRC, including their clinical relevance. This 

includes studies such as [7] and [9] in which we identified gene expression-based CRC 

subtypes and linked them to prognosis and treatment responses. In [5], we provided a 

comprehensive characterization of genome-wide copy number aberrations in CRC, revealing 

novel oncogenes and distinctive alteration patterns relevant to tumor heterogeneity. 

Furthermore, in [6], we examined differences between distal and proximal colon cancers, 

uncovering molecular, pathological, and clinical features that distinguish these CRC subtypes. 

In [8], we assessed the prognostic role of BRAF and KRAS mutation in the context of the 

tumour sidedness and MSI status. Last, we investigated tumor architecture and morphological 

heterogeneity, providing insights into how structural and molecular variations within tumors 

affect clinical outcomes [1]. These results collectively highlight the importance of 

understanding CRC at the molecular and structural levels to refine therapeutic strategies. 

Preclinical models are instrumental in bridging the gap between computational insights and 

biological validation. This theme focuses on cross-species analyses and experimental systems 

that enhance our understanding of cancer biology. In [10], we investigated molecular hallmarks 

of colorectal cancer using genetically engineered mouse models, identifying parallels with 

human disease at the transcriptomic level. Complementing this work, we emphasized the utility 

of patient-derived xenografts (PDX) in precision oncology, illustrating how computationally 

derived hypotheses can be tested in biologically relevant systems [11]. Additionally, preclinical 

efforts in projects like these have enriched the understanding of tumor evolution and 

therapeutic response, highlighting the synergy between computational modeling and biological 

experimentation.  

The integration of digital pathology and omics data represents a critical advancement in 

CRC research, as it bridges spatial and molecular heterogeneity. In [12], we contributed to this 

field by showing how joint analysis of histopathology images and transcriptomic data can yield 

biomarkers for molecular subtypes in breast cancer.  Consequently, in [13] we were the first to 

demonstrate how histopathological image features combined with gene expression data enable 

deeper insights into CRC biology. Building on this, in [14] we examined gene expression 

signatures within macro-dissected spatially resolved tumor regions, uncovering specific 
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spatially distributed molecular patterns. These integrative approaches have proven effective in 

identifying image-based molecular biomarkers, advancing precision oncology. 

The role of the tumor microenvironment and microbiome in CRC progression is presented 

in chapter 3.5. Our work, published in [16], demonstrated how stool sampling techniques 

influence microbiome composition, emphasizing the importance of methodological 

consistency in microbiome studies. This knowledge was further applied in the analysis of 

microbiome data of the Colobiome (AZV) study, which resulted in identification of distinct 

microbiome-defined CRC subtypes that correlate with tumor characteristics, revealing how 

microbial signatures associate with tumor progression [17]. In [18], we describe how microbial 

signatures correlate with tumor progression and immune modulation. These findings show the 

importance of environmental and microbial factors in CRC biology and their potential for 

biomarker development. 

Finally, the thesis emphasizes the practical applications in clinical diagnostics and treatment 

selection. In [19], we explored mRNA biomarkers for assessing FOLFIRI treatment efficacy 

in Stage III colon cancer, demonstrating the potential for optimizing therapy selection based 

on molecular profiling. Next, we derived fecal microRNA signature for CRC diagnosis [20] 

and a gene expression signature for identifying high-risk stage IIA CRC patients mining 

molecular data from macrodissected invasion front area [21]. These studies show the 

translational potential of computational approaches to improve patient care. 

By presenting results across these interconnected themes, this thesis provides a cohesive 

overview of CRC heterogeneity and demonstrates the role of integrative computational 

methods in advancing both basic and clinical cancer research in CRC.   

Technical note: Throughout the text, references are cited using numbered brackets [ ], with 

each number corresponding to the full citation in the reference list at the end of the thesis, 

presented in the order as they appear in the text. To distinguish between references to my own 

publications and those from other sources, references to my publications are numbered 

according to the list of my works provided in this thesis and are emphasized within the text. 

For example, a reference to the first entry in the list of my referenced publications appears as 

[1], whereas a reference to other sources is cited as [1]. This system ensures clarity when 

referring to my contributions in the referred list of publications in comparison to my other 

contributions (links to SW, patents, preprints of articles) or external works.  
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2. Introduction 

Modern cancer research is inherently multidisciplinary, employing multi-omics approaches to 

study cancer heterogeneity from different perspectives and is thus heavily reliant on 

computational, statistical, and bioinformatics approaches.  Among solid cancers, colorectal 

carcinoma (CRC) is one of the most common, representing a significant global health burden. 

Globally, CRC is the third most diagnosed cancer, accounting for 9.6% of all new cancer cases, 

following lung and breast cancers. It is also the second leading cause of cancer-related mortality, 

responsible for 9.3% of all cancer deaths, with over 1.9 million new cases and 904,000 deaths 

reported in 2022 [2]. In Europe, CRC is the second most frequently diagnosed cancer, making 

up approximately 12% of all cancer cases, with over 500,000 new cases diagnosed annually 

and around 250,000 deaths each year [2].  In the Czech Republic, CRC is particularly prevalent, 

consistently ranking among the top cancers in both incidence and mortality. Recent data 

indicate that the age-standardized incidence rate for CRC in Czech men is among the highest 

globally, ranking 13th worldwide and 12th in Europe, while for Czech women, it ranks 21st 

worldwide and 14th in Europe. The mortality-to-incidence ratio (M/I) for CRC in the Czech 

Republic is approximately 0.42, reflecting ongoing challenges in early detection and treatment 

[3]. 

Most importantly, CRC is among the most heterogeneous solid cancers, exhibiting extensive 

variability at the molecular, cellular, histopathological and clinical levels, including response 

to therapy [4–6]. The current standard treatments remain ineffective for a large group of CRC 

patients due to inappropriate patient selection. This means the patients are subjected to 

unneeded toxic treatments and that overall costs are too high with respect to achieved efficiency. 

Therefore, the identification of predictive biomarkers of clinical response is an absolute 

requirement for personalizing the treatment, with numerous benefits for the patients and the 

health care system. This translates into an urgent need for robust disease subclassifiers, that 

can explain the clinical heterogeneity of CRC beyond the currently used clinical risk factors 

(bowel obstruction and perforation, T4 tumour, presence of lymphovascular or perineural 

invasion, …) and molecular markers (such as microsatellite instability - MSI, or mutations in 

known oncogenes - KRAS or BRAF). The state-of-the-art approach to bridge this gap is tumour 

molecular profiling. Indeed, evidence of clinically relevant tumour molecular heterogeneity 

has been flowing from high-throughput gene expression and mutation analyses, copy number 

variation assessment, methylation, miRNA and proteomic studies [7,8] [5]. The molecular 
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profiling research has taken two main routes: The supervised approach stems from comparison 

of known groups (i.e. patients with early vs. late relapse of the disease) and aims at either 

explaining differences between groups by identification of the „affected“ molecular pathways, 

or searches for surrogate and measurable predictive or prognostic signatures, that would serve 

as decision tools in personalized medicine. The unsupervised approach, on the other hand, 

recognizes the molecular phenotype as an additional piece of the puzzle that complements the 

complex picture of tumour heterogeneity, which may or may not be correlated with known 

clinical risk factors, prognosis or response to therapy. Several studies deriving unsupervised 

CRC gene expression subtypes and stratifying tumour aggressiveness and response to 

treatment were published and led to the definition of four consensus molecular CRC subtypes 

[9].    

This heterogeneity underscores the need for multidisciplinary approaches and advanced 

methodologies to unravel its complexities and improve patient outcomes [4]. 
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3. Main text 

3.1. Computational methodology 

The rapid growth of multi-omics technologies has necessitated the development of 

computational methods capable of handling large, high-dimensional datasets. Since then, 

computational methodologies play a crucial role in uncovering hidden patterns and 

relationships within complex biological data and the integration of data across molecular, 

spatial, and temporal domains requires innovative algorithms to ensure meaningful biological 

interpretations.  As a mathematical biologist by training, my research focuses on using these 

skills to advance our understanding of cancer biology. While the development of computational 

tools is an integral aspect of my expertise, my primary motivation lies in applying them to 

translational cancer research. I advance methodologies and develop bioinformatics, data 

mining, and image analysis tools, when necessary, driven by the biological and clinical 

questions of my research, which aims at uncovering novel insights into colorectal cancer 

heterogeneity and its implications for diagnosis, treatment, and patient outcomes.  

Class prediction 

Development of clinically applicable biomarkers is usually a key focus of clinically oriented 

cancer research and requires identification of molecular or multi-omics signatures that are 

transferable across platforms and suitable for integration into routine clinical practice. 

Interpretability is a critical aspect of computational tools, particularly for applications in 

clinical decision-making. Achieving this often requires the use of explainable classification 

approaches that rely on a limited number of features.  

One of our early works [1] focused on the development of methodology for explainable class 

prediction, applicable beyond gene expression datasets. In this study, we developed a 

computational tool designed to enhance class prediction across various datasets, including gene 

expression profiles. This methodology centers on the Top Scoring Pairs (TSP) classifier [10], 

which utilizes relative ranking of variable pairs to predict class labels. By focusing on the 

relative expression ordering of gene pairs, the method offers robustness against technical 

variations across different platforms, making it particularly suitable for developing clinically 

applicable biomarkers. Our contributions include a parallel implementation of the TSP 

classifier to significantly reduce training time and extensions to handle multi-class 

classification problems. The Rgtsp package, implemented in C++ with R functions, offers 
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functions for k-fold cross-validation and proposes using classification trees built on top of TSP 

predictions for multi-class problems. This methodology has been implemented as an R package 

[11], which is freely accessible to the research community in GitHub [12]. This classifier was 

subsequently employed in [7], where we identified and characterized a subgroup of colorectal 

cancers that shared molecular and clinical features with BRAF-mutated tumors, despite not 

harboring the actual BRAF mutation. This involved developing an explainable classification 

system to stratify tumors into a BRAF-like subtype, as further detailed in Part 2 of this thesis. 

Ranked Data Aggregation (TopKLists) 

By pooling findings across different datasets, meta-analysis helps in identifying patterns, 

biomarkers, and pathways that remain consistent across various experiments. This is 

particularly valuable in cancer omics research, where high costs of experiments often 

necessitate combining data from multiple, diverse datasets to achieve reliable sample sizes.  In 

this context, rank-based approaches play a particularly significant role. One reason is that omics 

data often come from different platforms, each with unique technical characteristics and 

distributions. Absolute measurements from one platform may not be directly comparable to 

another. Ranked approaches solve this problem by focusing on the relative ordering of features 

instead of their absolute values, reducing biases caused by platform-specific differences.  

This was a driver of our research where we developed methods for the statistical inference and 

aggregation of ranked omics datasets, which led to the development of the TopKLists R 

package [2]. This package was specifically designed to tackle the challenges of integrating data 

from different high-throughput platforms, where datasets often vary in list lengths, 

measurement techniques, and even the items being ranked. By focusing on ranked lists, 

TopKLists provides a way to consolidate platform-independent results, making it particularly 

relevant for omics research. 

The package includes three main modules. TopKInference estimates the optimal length of top-

k lists for integration, even in noisy or incomplete rankings. It uses a moderate deviation-based 

method to handle cases where the reliability of rankings decreases after the first k items due to 

technical or biological variability. TopKSpace then aggregates these top-k lists using 

algorithms like Borda’s method, Markov chain techniques, and a more precise cross-entropy 

Monte Carlo (CEMC) method. These approaches consider weighted distances, such as 

Kendall’s τ or Spearman’s footrule, to create a consensus ranking. Finally, TopKGraphics 

provides graphical tools to explore and visualize ranked data, helping users interpret results 
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and select parameters, such as with the Δ-plot for visualizing inter-platform variability. The 

package has been optimized for use on standard desktop computers, with computationally 

heavy sections implemented in C to speed up processing. Most tasks, even for rankings of 

thousands of items, are completed in seconds, although the stochastic aggregation methods can 

take slightly longer. A graphical user interface (GUI) has been developed for TopKLists, using 

the gWidgets2 package, which makes it more accessible for users without advanced 

programming skills. TopKLists is freely available under the LGPL-3 license and can be 

downloaded from CRAN, with additional resources, documentation, and the latest 

development version available on its R-Forge page [13]. The package has already been applied 

to integrate microRNA data from non-small cell lung cancer studies conducted on multiple 

platforms, demonstrating its practical utility in handling ranked data from diverse sources. 

Topological Pathway Analysis (ToPASeq) 

Pathway analysis is a crucial step in interpreting results from molecular analyses, providing a 

biological context for the observed changes in gene or protein expression. By mapping these 

changes onto known biological pathways, researchers can uncover mechanisms underlying 

differences between conditions, disease progression, or other clinical outcomes. This type of 

analysis is often the logical next step in exploratory studies, transforming lists of differentially 

expressed genes into meaningful insights about cellular processes. 

There are two main approaches to pathway analysis: overrepresentation analysis (ORA) and 

topology-based methods. ORA identifies pathways that are significantly enriched with genes 

of interest, without considering their interactions or positions within the pathway. While 

straightforward, ORA assumes that all genes in a pathway are equally important, potentially 

missing key insights. In contrast, topology-based approaches account for the structure of the 

pathway, incorporating information about gene positions, interactions, and roles within the 

network. This additional layer of context allows researchers to prioritize biologically 

meaningful changes and identify key regulatory nodes, which are often critical for 

understanding disease mechanisms. By leveraging topology, these methods provide a more 

accurate and nuanced understanding of the biological processes at play, making them 

particularly valuable for studies aiming to uncover the mechanisms driving colorectal cancer 

heterogeneity or progression. 
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The landscape of topology-based pathway analysis methods is highly diverse, with each 

method employing distinct frameworks and assumptions to interpret molecular data. These 

differences often result in significant variability in the pathways identified as relevant, making 

it challenging for researchers to determine the most appropriate tool for their specific datasets 

and research questions. Recognizing this, we conducted a comprehensive comparison of seven 

representative topology-based pathway analysis methods [4]. Our aim was to evaluate their 

strengths and limitations across multiple criteria, guiding researchers in selecting the optimal 

method for their studies.  

To support this work and facilitate the practical application of topology-based pathway analysis, 

we developed a new R/Bioconductor package, ToPASeq [3]. This package offers a uniform 

interface to the seven analyzed methods, three of which we implemented de novo and four 

adapted from existing implementations. ToPASeq also includes tailored visualization tools, as 

well as functions for importing and manipulating pathways and their topologies, enabling its 

application across various species. The package is designed to analyze differential expressions 

of pathways between two conditions and is compatible with both gene expression microarray 

and RNA-Seq data. Written in R and distributed under an AGPL-3 license, ToPASeq is freely 

available from Bioconductor 3.12 [14,15], providing the research community with a powerful 

and accessible toolkit for pathway analysis. 

The comparison was based on an extensive set of criteria, addressing both dataset 

characteristics and methodological aspects. Data set-centric parameters included sample size, 

pathway size, the number of differentially expressed genes (DEGs) in the dataset, and 

thresholds used to identify DEGs. These factors were tested to describe the performance of 

each method under various conditions and provide recommendations for selecting the best tool 

for specific dataset configurations. In addition, the ability of the methods to control type I error 

was evaluated, ensuring reliability when no true signal exists. We also examined how the 

methods handled specific biological and technical challenges. For example, we tested the 

influence of overexpression of individual genes, the discarding of topological information, and 

the preprocessing of pathway topologies. These experiments were critical to assess whether the 

methods genuinely leveraged pathway topology in their analysis. If no effects were observed 

under these conditions, the method could not be considered a true topology-based approach. 

Furthermore, we evaluated the increased sensitivity and specificity expected from 
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incorporating topological information by assessing the identification of biologically relevant 

pathways, which is crucial for advancing our understanding of molecular mechanisms. 

Additional computational tools for integrating molecular data with image analysis were 

developed, and these will be discussed in detail in chapter 3.4. 

3.2. Molecular subtyping and tumor 
heterogeneity 

The last fifteen to twenty years have seen an intensive search for molecular markers of cancer 

progression and a deeper understanding of the biology underlying (non)-response to therapy. 

Colorectal cancer (CRC) is no exception, with many significant discoveries advancing our 

knowledge of the heterogeneity of this disease. The common approach to diagnosing CRC 

relies on a combination of clinical evaluation, endoscopic examination, and histopathological 

analysis of biopsy samples. Standard treatment strategies include surgical resection, often 

followed by adjuvant chemotherapy, particularly for stage III and high-risk stage II cases. 

Targeted therapies, such as those inhibiting EGFR or VEGF pathways, are used in advanced 

disease based on molecular profiling. 

In diagnostics, clinical and histopathological markers play a key role. Staging based on the 

TNM system (Tumor, Node, Metastasis) remains the cornerstone for assessing disease severity 

and guiding treatment decisions. Histopathological features such as tumor grade, 

lymphovascular invasion, and presence of perineural invasion provide additional prognostic 

information. Another critical factor in CRC is tumor sidedness, which reflects distinct 

biological and clinical differences between tumors originating in the proximal (right-sided) and 

distal (left-sided) colon. These differences are partly attributed to the embryonic development 

of the gut, where the right side arises from the midgut and the left side from the hindgut. 

Additionally, as I will discuss in chapter 3.5, this variation is likely influenced by the site-

specific microbial composition of the gut.  

Aside from histopathological features and staging, molecular testing has become increasingly 

important in CRC diagnostics, particularly for identifying mutations with therapeutic 

implications. The most commonly tested mutations include those in the KRAS and NRAS genes, 

as their presence predicts resistance to anti-EGFR therapies. BRAF mutations, particularly the 

V600E variant, are associated with a poor prognosis and also influence treatment strategies. 

Additionally, testing for mismatch repair (MMR) deficiency or microsatellite instability (MSI) 
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is now standard, as these biomarkers can identify patients eligible for immune checkpoint 

inhibitors. 

This section explores the identification and characterization of molecular subtypes and 

heterogeneity in colorectal cancer (CRC), emphasizing their clinical implications. 

Understanding CRC heterogeneity at the molecular, genetic, and structural levels is vital for 

refining therapeutic strategies and improving patient outcomes. My journey in this field began 

with the unique opportunity to contribute to the analysis of molecular data from the PETACC-

3 clinical trial [16]. The PETACC-3 clinical trial provided a unique opportunity to analyze 

colorectal cancer (CRC) at multiple molecular levels, combining transcriptomics, comparative 

genomic hybridization (CGH), histopathological images, and clinical molecular markers with 

comprehensive clinical data, including long-term follow-up for prognosis modeling. This 

experience led to my long-term interest in the subject and has shaped my scientific research 

career.  

Supervised approach to molecular profiling in CRC: Insights from Tumor Location, 

Mutational Status, Transcriptomics and Copy Number Aberrations 

Leveraging the unique PETACC-3 dataset, we performed comprehensive analyses to explore 

how tumor location (proximal vs. distal) and mutational status and morphology influence 

molecular profiles, clinical parameters, patient prognosis and response to therapy. 

In [5] we conducted a comprehensive analysis of somatic copy number aberrations (CNAs) in 

302 stage II/III CRC samples from PETACC-3. The aim was to provide a detailed molecular 

overview of CNAs, elucidate their underlying biology, and explore associations with clinical 

outcomes. We identified regions of recurrent CNAs, comprising both well-established 

oncogenes (e.g. MYC, EGFR, and CCND1), as well as novel loci with potential biological 

significance. Notably, amplification of 12p13.33 revealed WNK1 as a candidate oncogene 

implicated in MAPK signaling and various cancer hallmarks, while multiple loci on 20q 

(including 20q11.21, 20q13.12, and 20q13.31) pointed to oncogenic drivers such as HNF4A, 

WISP2, and BMP7, which are involved in epithelial-mesenchymal transition, metastasis, and 

tumor aggressiveness. Additionally, our findings on 10p15.3-p14 and 19p13.12 deletions 

linked these loci to poor survival outcomes, while 20q gains were unexpectedly associated with 

better overall survival in stage III tumors, contrasting prior reports. This was later shown to be 

consistent with definition of CRC molecular subtypes [9], see below. Importantly, our study 

highlighted a novel aspect of CNA interactions: significant non-random correlations between 
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unlinked DNA loci. This observation brought hypothesis of emergence of highly ordered 

structural changes during tumor progression, potentially driven by selective pressures acting 

on tumorigenic pathways.  

Right-sided CRCs often exhibit features such as microsatellite instability, higher mutation 

burden, and immune infiltration, and are associated with a worse prognosis and reduced 

response to anti-EGFR therapies compared to left-sided tumors. In contrast, left-sided CRCs 

are typically chromosomally unstable and show better responses to targeted therapies, 

highlighting the need to consider tumor location in treatment planning. Our work in [6] was 

among the studies that contributed to this understanding, offering key insights into the 

molecular and clinical differences between right- and left-sided CRCs by leveraging data from 

the PETACC-3 trial. We confirmed the well-established observation that proximal tumors are 

more frequently microsatellite unstable (MSI) and hypermutated, largely due to deficiencies in 

DNA mismatch repair (MMR). Even among microsatellite stable (MSS) proximal tumors, we 

found an enrichment of potentially deleterious mutations, including alterations in KRAS, BRAF, 

and PIK3CA. Consistent with prior studies, we observed that proximal tumors are often 

mucinous, densely infiltrated by tumor-infiltrating lymphocytes, and exhibit activated MAPK 

signaling. They also frequently express a serrated pathway signature and a high BRAF score, 

indicating pathway activation even in the absence of BRAF mutations. Potential contributors 

to these features are side-specific environmental factors (e.g., bacterial toxins, mutagenic 

metabolites) and tolerance to DNA repair defects and oncogenic stress. For distal CRCs, our 

work corroborated the frequent presence of large-scale chromosomal alterations, including 18q 

loss and 20q gain (leveraging data from [5]), hallmark features of chromosomal instability. We 

also observed the activation of EGFR signaling, with HER1 and HER2 amplifications present 

in a subset of distal tumors, particularly those wild-type for KRAS and BRAF. These findings 

suggested the importance of EGFR pathway activation in distal colon carcinogenesis and its 

potential as a therapeutic target. Beyond confirming these previously known patterns, our 

analysis provided new insights into the relationship between tumor location and clinical 

outcomes. We showed that tumor location acts as an independent prognostic factor for survival 

after resection (SAR) and relapse-free survival (RFS). Proximal tumors, even when MSS, were 

associated with higher mutation rates and cellular plasticity, which may exacerbate the 

deleterious effects of chemotherapy. These features likely contribute to poorer outcomes under 

current treatment regimens, suggesting that proximal tumors may require entirely different 

therapeutic approaches. Our observations also reinforced the benefit of anti-EGFR therapies in 
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distal CRCs. We found that EGFR pathway activation in distal tumors makes them more 

responsive to anti-EGFR agents than proximal tumors, later evidenced by results from a clinical 

study [17]. 

Another influential result in this category was the identification of a subgroup of colorectal 

tumors with a BRAF wild-type (BRAFm-like) phenotype but molecular profiles resembling 

BRAF-mutated (BRAFm) tumors [7]. This subgroup was identified through a high-sensitivity 

gene expression signature derived from BRAFm tumors, which was robust enough to support 

a patent filing for the BRAFm-like signature [18]. The methodology for developing this 

classifier was implemented using the Rgtsp tool, as previously described in chapter 3.1. The 

BRAFm-like subgroup was found to also share clinicopathologic features with BRAFm tumors, 

such as enrichment for MSI-H, mucinous histology, and right-sided location. Frequencies of 

high-grade tumors were 30% in BRAFm, 20% in BRAFm-like, and only 5% in predicted BRAF 

wild-type (pred-BRAFwt) tumors, while MSI-H rates were 30%, 30%, and 3%, respectively.  

Interestingly, this group also showed poor prognosis, even in microsatellite stable (MSS) cases 

(Figure 1). Importantly, this finding challenged the conventional understanding that KRAS-

mutated tumors form a homogeneous group, as the BRAFm-like subgroup included part of 

tumors with KRAS mutations as well as double wild-type (WT2) samples. Additionally, 

BRAFm-like tumors demonstrated a distinct adenoma-carcinoma progression sequence linked 

to the serrated pathway, suggesting a shared underlying biology with BRAFm tumors. From a 

biological perspective, the BRAFm-like subgroup highlights tissue-specific biology in CRC 

compared to melanoma, where BRAFm inhibitors have been successful. This tissue-specific 

biology may explain why inhibitors like PLX4032, effective in BRAFm melanoma, have shown 

limited efficacy in BRAFm CRC. The study’s results underscored the need for a revised 

definition of CRC subgroups, particularly within KRAS-mutated tumors, and provided a 

framework for developing tailored therapeutic strategies.  
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Figure 1. Kaplan-Meier curves for different stratifications of the stage III subpopulation and different end points. Columns correspond to 

overall survival and survival after relapse end points, respectively. Panels A-D correspond to stratifications into samples predicted to be BRAF 

mutant (pred-BRAFm)/predicted to be BRAF wild type (pred-BRAFwt; A, B) and BRAF mutant (BRAFm)/BRAF mutant like (BRAFm-

like)/pred-BRAFwt (C, D) in the whole stage III subpopulation (from [7]) 

In this work we established a novel subgroup with clear prognostic and histological 

significance and demonstrated the value of gene expression profiling in refining CRC 

classification. It also supported the need for further functional investigations and clinical trials 

aimed at identifying actionable targets within the BRAFm-like population and subsequent 

functional investigations, including search for actionable targets [19] and clinical trials [20]. 

 

 

Context-Dependent Prognostic Value of BRAF and KRAS Mutations 

While BRAF and KRAS mutations have been widely studied as prognostic markers in CRC, 

their predictive value has remained controversial, particularly for KRAS. The prevailing 
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assumption in earlier studies was that these mutations have a uniform prognostic effect across 

all patients, independent of clinical context. However, our work in [8] demonstrated that the 

prognostic impact of BRAF and KRAS mutations is highly context-dependent, varying 

significantly based on tumor location and microsatellite instability (MSI) status. 

By leveraging the PETACC-3 dataset, which included mutation data from over 1,400 stage II–

III CRC patients, we systematically assessed the prognostic value of BRAF and KRAS 

mutations across multiple clinically relevant subgroups. To ensure statistical robustness, only 

subgroups with at least 20 patients were considered for prognostic assessment. We employed 

univariate survival analyses using log-rank tests and estimated hazard ratios (HR) for overall 

survival (OS), relapse-free survival (RFS), and survival after relapse (SAR). Multiple testing 

correction was applied using the Bonferroni method, setting a stringent significance threshold 

(adjusted p ≤ 0.01). To assess potential interactions, we further performed multivariate Cox 

regression models incorporating second-degree interaction terms between MSI status, BRAF 

mutation, and tumor location, adjusting for grade, T stage, and N stage. 

Our analysis confirmed that BRAF mutations were strongly prognostic for overall survival (OS) 

and survival after relapse (SAR), but notably, this effect was almost entirely driven by 

microsatellite stable (MSS) tumors located in the left colon. Within this subgroup, BRAF 

mutations conferred a six-fold increase in mortality risk compared to BRAF-wild-type MSS 

left-sided tumors, whereas in MSI-high (MSI-H) or right-sided tumors, BRAF mutations had 

no significant prognostic value (Figure 2). This observation challenged the widespread practice 

of reporting hazard ratios for BRAF mutation without considering tumor location and MSI 

status, highlighting the need for more nuanced interpretation of prognostic biomarkers in CRC. 

Figure 2. Overall survival: prognostic value of BRAF and KRAS mutations within MSS and by tumor site. A: all MSS tumors; B: MSS left-

sided tumors; C: MSS right-sided tumors. The light gray survival curve represents the whole subpopulation survival (A: all MSS, B: MSS 

left-sided, C: MSS right-sided tumors) (from [8]) 
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For relapse-free survival (RFS), we made the novel observation that BRAF mutations were also 

prognostic in MSS left-sided tumors, contradicting prior studies that did not find an association 

between BRAF and relapse (Figure 3). Importantly, these results were validated in multivariate 

models that accounted for tumor grade, T stage, and N stage, reinforcing the robustness of the 

findings. 

In contrast, KRAS mutations did not reach statistical significance as a prognostic marker for 

OS, SAR, or RFS in the overall cohort. However, our stratified analyses revealed that KRAS 

mutations showed trends towards significance in certain subpopulations, particularly for RFS 

in right-sided tumors. Intriguingly, in MSI-H right-sided tumors, KRAS mutations appeared to 

have a protective effect, identifying a subset of patients with better prognosis. While these 

results did not reach the stringent significance threshold after multiple testing correction, they 

suggest that the prognostic role of KRAS may be more complex than previously assumed. Our 

findings support the hypothesis that the KRAS-mutant population is molecularly 

heterogeneous, which may explain the inconsistent prognostic associations reported in the 

literature. 

 

Figure 3. Relapse-free survival: prognostic value of BRAF and KRAS in left-sided tumors. A: all left-sided tumors; B: MSS left-sided 

tumors. The light gray survival curve represents the whole subpopulation survival (A: all left tumors; B: MSS left). 

These results provided a key conceptual advance: the prognostic value of oncogenic mutations 

in CRC cannot be interpreted in isolation but must be considered within the broader tumor 

context. This insight has direct implications for clinical trial design, biomarker interpretation, 

and the development of prognostic gene signatures, reinforcing the need for stratification by 

MSI status and tumor location in future studies.  
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Unsupervised approach to CRC molecular heterogeneity – the CRC molecular 
subtypes 

While supervised approaches to exploring tumor heterogeneity are informative, they are 

inherently limited in their ability to uncover the unknown. Unsupervised methods, such as 

clustering, address critical questions like: ‘Do we have enough information? Are we 

overlooking key insights? What if our existing classifications are incorrect?‘. In 2015, an 

important study introduced the Consensus Molecular Subtypes (CMS), a framework that 

stratifies CRC into biologically distinct groups based solely on gene expression profiles of 

tumors, revealing subtype-specific differences in prognosis and therapy response. Our work in 

[9] played a pivotal role in the development of the CMS framework. Notably, our group was 

among the first to initiate efforts to define molecular subtypes of CRC. Our subtyping system 

was one of the six approaches included in the CMS study, reflecting its significance in shaping 

the consensus. Furthermore, the robustness of our subtypes was evident in their strong 

alignment with the CMS subtypes, highlighting the reproducibility as well as biological validity 

of our methodology (Figure 4). 

 

Figure 4. Sankey diagram of concordance between five Budinska gene expression subtypes (right) [9] and 4 CMS subtypes (left).  

The methodological approach we employed for gene expression-based subtyping was designed 

to ensure robustness and biological relevance. It consisted of the following key steps: 

i) Dimensionality Reduction: 

To reduce noise and focus on informative features, we implemented a multi-step 

dimensionality reduction process. First, we filtered for genes with high coefficients of variation 

(CV), eliminating low-expressed and non-informative genes. Next, we grouped the remaining 
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genes into clusters based on the correlation of their expression patterns, summarizing each 

cluster as a meta-gene represented by the median expression value of its member genes. These 

meta-genes were further clustered into higher-order structures, which were then subjected to 

gene set enrichment analysis. This final step enabled the identification of key biological 

processes driving CRC heterogeneity. 

ii) Consensus Clustering and Dynamic Hybrid Tree Cut for Sample Stratification:  

We applied robust consensus clustering [21] to group samples based on their meta-gene 

expression profiles into five distinct clusters. The principle of consensus clustering lies in 

aggregating results from multiple clustering iterations (in our case, hierarchical clustering), 

typically using subsampled data, to identify stable and reproducible groupings. This approach 

mitigates the sensitivity to initial conditions inherent in many clustering methods, leading to 

more reliable and reproducible results. This robustness is particularly relevant for high-

throughput molecular datasets, which are often prone to technical variability and batch effects. 

In each iteration, clusters were determined using a dynamic tree cut procedure [22], which 

provided a more robust and adaptive method for defining cluster boundaries. The dynamic 

hybrid method offers significant advantages over traditional fixed-height cutoffs for 

hierarchical clustering, particularly in the context of CRC molecular subtyping. Unlike fixed 

methods, it adapts to the shape and structure of dendrogram branches, enabling the detection 

of clusters with varying sizes and densities, which is crucial for capturing CRC heterogeneity. 

Additionally, it identifies nested clusters and effectively handles outliers, ensuring that subtle 

subtypes and unique molecular signatures are not misclassified or lost. Its flexibility allows for 

parameter tuning and automation, making it well-suited for large-scale genomic datasets. These 

features make the dynamic hybrid method a robust and precise tool for defining clinically 

relevant CRC subtypes. The final optimal number of clusters was determined using the 

consensus index, ensuring statistical robustness. To maintain homogeneity within the identified 

groups, we excluded samples that did not cluster with high probability. These outliers may 

represent rare subtypes or technical artifacts and excluding them helped to prevent the 

distortion of group-specific characteristics. 

iii) Validation Across Independent Datasets: 

The robustness of our findings was further validated by performing clustering across five 

independent external datasets. Cross-cluster training of classifiers was employed to assign 
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samples to their respective groups in these external cohorts, ensuring the reproducibility of our 

methodology. We compared the molecular, prognostic, mutational, and 

clinical/histopathological features of the groups across datasets, confirming the consistency 

and biological relevance of the identified subtypes.  

This approach resulted in the generation of five CRC molecular subtypes (A-E), characterized 

by distinct molecular processes, mutation profiles, and differences in overall survival (OS), 

relapse-free survival (RFS), and survival after relapse (SAR) (Figure 5). Importantly, and in 

contrast to other groups [23–26], we also characterized these subtypes from a histopathological 

perspective. Initially, our expert pathologist performed an unsupervised assessment of common 

histopathological features, such as tumor budding, hypoxia, peritumoral lymphocytic 

infiltration, necrosis etc. Statistical analysis, however, revealed no significant differences in the 

distribution of these characteristics among the subtypes. In a subsequent supervised analysis, 

we identified that the proportion of distinct morphologies - namely complex tubular, mucinous, 

solid/trabecular, serrated, papillary, and desmoplastic - varied significantly between subtypes. 

This finding aligned with molecular data. 

Subtype A, which exhibited a gene expression signature associated with differentiated colon, 

referred to as surface-crypt-like, was notably enriched in papillary and serrated morphologies. 

Papillary adenocarcinomas are characterized by finger-like epithelial projections, reflecting 

differentiation patterns akin to normal colonic crypts. Serrated adenocarcinomas, with their 

hallmark saw-toothed glandular pattern, arise from serrated polyps following the serrated 

neoplasia pathway, which involves BRAF mutations and Wnt signaling pathway alterations. 

These morphologies align with the differentiation process of normal colonic crypts, where stem 

cells at the crypt base give rise to epithelial cell types that migrate and differentiate along the 

crypt axis. Subtype B - Lower-crypt like, showed enrichment in the complex tubular pattern, 

aligning with the typical morphology of colorectal adenocarcinoma. This subtype's molecular 

profile exhibited active proliferation, amplification of chromosomes 20q and 20p, and 

deregulation of genes commonly associated with intestinal differentiation, including CDX2, 

IHH, VAV3, ASCL2, and PLAGL2. Histologically, this subtype demonstrated low immune cell 

infiltration and a minimal presence of epithelial-mesenchymal transition (EMT) or stromal 

components, consistent with a more proliferative and less invasive phenotype. 

Immunohistochemical staining revealed active β-catenin signaling, a hallmark of the Wnt 

pathway, which is frequently implicated in colorectal carcinogenesis and reflects the molecular 
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processes driving tumor progression in this subtype. Subtype C (CIMP-H like) displayed 

molecular and clinicopathological characteristics that closely align with the well-established 

CIMP-H phenotype of colorectal cancer. This subtype expressed the BRAF-mutant signature 

identified in our earlier work [7] (87.0% of cases) and a robust CIMP-H signature, 

characterized by widespread promoter hypermethylation. In addition, subtype C was enriched 

for MSI, right-sided location, and mucinous histology, hallmarks of the CIMP-H phenotype. 

Similar to previously reported hypermutated tumors, this subtype exhibited a low frequency of 

copy number variations (CNVs), suggesting that its tumorigenesis is driven more by epigenetic 

and mutational events than by chromosomal instability. 

Most interesting, however, was Subtype D, which exhibited a molecular signature strongly 

indicative of epithelial-to-mesenchymal transition (EMT), characterized by high immune cell 

infiltration and low proliferation. This suggested that the tumor might comprise cancer cells 

actively undergoing the process of EMT. Surprisingly, histopathological examination revealed 

that this molecular profile was not primarily due to high proportion of mesenchymal tumour 

cells but rather result of a high desmoplastic reaction. A desmoplastic reaction refers to the 

excessive growth of fibrous or connective tissue, often triggered by interactions between tumor 

cells and the surrounding stromal microenvironment. This process creates a dense, fibrotic 

stroma composed of activated fibroblasts, immune cells, and extracellular matrix proteins, 

which can mimic EMT at the molecular level by inducing similar gene expression patterns.  

 

Interestingly, Subtype D exhibited significantly lower overall survival (OS) and relapse-free 

survival (RFS), even after accounting for other clinically relevant variables, such as tumor stage 

or MSI status. The association between tumour stromal content and prognosis was not entirely 

novel [27], but our identification of stromal enrichment within unsupervised molecular 

subtypes prompted further studies to explore this relationship in greater depth [28]. Summary 

of subtype characteristics is shown in Table 1. 

This work consequently steered my research path in a very specific direction, focusing on the 

integration of histopathological and molecular data to better understand tumor heterogeneity in 

CRC. 

 



  
 

  29
 

  

Figure 5. Meta-gene expression pattern in subtypes, connected with prognostic effect of subtypes and meta-genes, in the discovery set. (A) 

Two heat maps clustering normal (left) and CRC (right) samples (columns) and meta-genes (rows). Colours represent decreased (blue) or 

increased (red) meta-gene expression relative to their medians. Normal samples were clustered independently on meta-genes centred to CRC 

meta-gene medians. For comparative purposes, ordering of meta-genes in normal samples is imposed to correspond to that of CRC samples. 

White horizontal lines denote eight unsupervised clusters of meta-genes, each assigned a colour bar on the left; meta-genes not belonging to 

a cluster have no colour bar. Names of the meta-genes corresponding to gene modules with gene–gene correlations in normal samples 

comparable to those in cancer samples are marked red (see Supplementary material, Figure S1D). (B) Effect of inter-quartile range (IQR) 

standardized expression of meta-genes on RFS, OS and SAR. Points represent estimated hazard ratio (HR), bars represent 95% CI. Bold lines 

represent effects significant at 5% without adjustment for multiple hypothesis testing; red lines represent effects significant at FDR < 10%; 

details are provided in Table S6 (see Supplementary material). (C) Kaplan–Meier plots for RFS, OS and SAR, with HR for significant pairwise 

comparisons (p values adjusted for FDR). Numbers below x axes represent number of patients at risk at selected time points. (from [9]) 

 

Table 1. Summary of subtype characteristics (adjusted from [9]) 
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 Molecular subtypes 

Feature 
A: Surface crypt-

like 

B: Lower 

crypt-like 
C: CIMP-H-like D: Mesenchymal E: Mixed 

MSI  – +  – 

BRAF + – +  – 

KRAS –     

P53   –  + 

Histopathology Papillary or serrated Complex tubular 
Solid/trabecular or 

mucinous 
Desmoplastic Complex tubular 

IHC (Nuclear β-

catenin at IF) 
– + – – + 

Median Survival 

(months) 

NA (OS), NA (RFS), 

28.9 (SAR) 

NA (OS), NA 

(RFS), 50.4 

(SAR) 

NA (OS), NA (RFS), 

6.9 

NA (OS), 79.5 

(RFS), 19.8 (SAR) 

NA (OS), NA (RFS), 19.6 

(SAR) 

Clinical Site  Left Right  Left 

Grade  2 3   

Up-regulated Genes 

Top colon crypt, 

secretory cell, 

metallothioneins 

Top colon crypt, 

proliferation, 

Wnt 

Proliferation, 

immune, 

metallothioneins 

EMT/stroma, CSC, 

immune 

EMT/stroma, immune, 

top colon crypt, Chr20q, 

GDC, CSC 

Down-regulated 

Genes 

EMT/stroma, Wnt, 

CSC, Chr20q, 

proliferation 

EMT/stroma, 

immune, 

secretory cell 

GDC, top colon 

crypt, Chr20q 

Proliferation, 

secretory cell, top 

colon crypt, GDC, 

Wnt, Chr20q 

Secretory cell 
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3.3. Preclinical models 
 

The study of colorectal cancer (CRC) has been transformed by the integration of computational 

modeling with experimental validation. While bioinformatics-driven analyses reveal critical 

aspects of tumor heterogeneity, drug resistance, and molecular subtypes, their true impact lies 

in biological validation. Preclinical models serve as a crucial link, allowing us to test 

hypotheses, confirm computationally derived biomarkers, and dissect the mechanisms 

underlying tumor progression and therapy response. 

Different experimental models offer complementary advantages, each addressing distinct 

aspects of CRC biology. Genetically engineered mouse models (GEMMs) provide a controlled 

system to study oncogenic pathways in vivo, capturing key molecular hallmarks of CRC. 

Patient-derived xenografts (PDXs) have proven invaluable for precision oncology, faithfully 

preserving patient-specific tumor characteristics and drug response profiles. More recently, 

patient-derived organoids (PDOs) have emerged as a versatile ex vivo system, bridging the gap 

between in vitro experimentation and in vivo validation, enabling high-throughput functional 

studies on molecular subtypes and therapy resistance. Beyond their individual strengths, 

preclinical models are most powerful when combined with computational analyses. Cross-

species transcriptomic comparisons refine computational predictions by identifying conserved 

molecular programs, while functional studies in PDX and organoid models validate key 

molecular drivers and therapeutic targets. These models have also provided new perspectives 

on tumor-microenvironment interactions, immune infiltration, and the role of the microbiome 

in CRC progression. 

Cross-Species Transcriptomic Analysis of CRC: Insights from Genetically Engineered 

Mouse Models 

For decades, GEMMs have been instrumental in modeling human CRC by introducing 

mutations in key driver genes, such as APC, TP53, KRAS, and BRAF, which are frequently 

altered in human tumors [29]. Unlike traditional cancer models, GEMMs allow for the 

stochastic and tissue-specific activation of these mutations, mimicking the sporadic nature of 

human CRC development. By combining GEMMs with high-throughput transcriptomic 

profiling, it is possible to assess how specific genetic alterations shape the tumor 

microenvironment and contribute to disease progression. I had the unique opportunity to be 
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involved in such efforts, where our expertise in mining large-scale CRC transcriptomic datasets 

was applied to evaluate the molecular fidelity of GEMMs and assess their relevance to human 

disease [10]. This study focused on establishing genotype-specific gene expression signatures 

in GEMMs and determining their molecular resemblance to human CRC and their utility in 

preclinical research. Gene expression profiling of GEMM-derived tumors was performed, and 

mutation-specific transcriptional signatures were identified through multivariable statistical 

modeling. These signatures were then validated in clinically annotated human CRC datasets 

(PETACC-3, GSE14333), revealing a strong overlap between the GEMM KRAS signature and 

human KRAS-mutant and BRAF-like tumors, both of which are associated with poor prognosis 

and MAPK pathway activation. In contrast, the BRAF signature did not align well with human 

BRAF-mutant CRC, likely reflecting biological differences in APC co-mutation frequencies. 

Further, the GEMM KRAS signature predicted increased sensitivity to MEK inhibitors (PD-

0325901, AZD6244) in CRC cell lines, providing a potential tool for therapeutic stratification. 

This confirmed the relevance of GEMMs in modeling CRC heterogeneity and emphasized the 

need for refined models to better capture BRAF-driven disease biology.  

Data Integration Challenges in PDX Models: Bridging Preclinical and Clinical 
Insights 

Patient-derived xenografts (PDXs) have emerged as a powerful tool in translational oncology, 

enabling high-throughput studies that link genetic and functional characteristics to therapeutic 

responses. However, the large-scale use of PDX models presents significant challenges, 

particularly in data management, integration, and analysis. The central focus of my work was 

developing strategies to harmonize preclinical PDX data with molecular classifications derived 

from patient tumors. This involved addressing the biological variability introduced during 

tumor engraftment and propagation, as well as ensuring robust data normalization, 

standardization of sample metadata, and applying analytical corrections to account for 

systematic biases, such as the loss of human immune and stromal components. This expertise 

was integrated into the review by Byrne et al. (2017) [11], where we critically assessed the role 

of PDXs in cancer precision medicine, highlighting both their advantages and limitations in 

preclinical research. The review examined how PDX models can bridge the gap between 

laboratory findings and clinical applications, especially in drug development and biomarker 

discovery. We emphasized the importance of standardized protocols, rigorous data integration, 

and careful result interpretation to maximize the translational value of PDX models in oncology. 

My contribution to the review focused specifically on the complexities of data stratification in 
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PDX studies, where we proposed computational solutions to mitigate population selection 

biases and improve integrative analyses across various experimental platforms. In particular, I 

helped design analytical workflows to standardize these processes, ensuring that PDX models 

could be meaningfully aligned with clinically relevant subgroups. These efforts are essential 

for enhancing the translational potential of PDX-based approaches, particularly in preclinical 

drug testing and biomarker discovery. 
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3.4. Integrating digital pathology and 
omics data 

Histopathological evaluation has long been a cornerstone of cancer diagnostics, providing 

essential insights into the structural and cellular organization of tumors. By examining stained 

tissue slides under the microscope, pathologists assess key features such as tumor grade, 

cellular morphology, tissue architecture, and the extent of invasion. These assessments not only 

guide clinical decision-making but also serve as a basis for understanding tumor biology. 

However, while traditional histopathology has been invaluable, its reliance on subjective visual 

interpretation introduces variability and limits its capacity to harness the vast information 

contained in high-resolution histological images. The advent of computational methods has 

revolutionized this field, enabling the extraction of quantitative features from histopathological 

slides. These features range from measurements of nuclear size, texture, and cell density to 

spatial arrangement and tissue heterogeneity.  

In our work, where we derived molecular subtypes of CRC based on gene expression profiles 

[9], we showed that the molecular subtypes correlate with tumour morphology – a 

histopathological variable which is not routinely assessed or reported.  Most interestingly, 

tumours classified as molecular subtype D (20% of tumours) had the worse relapse-free 

survival and were characterized by increased expression of epithelial-mesenchymal transition 

(EMT) genes. The histopathological evaluation, however, led to the discovery that these 

tumours comprised often of more than 70% fibroblasts (“desmoplastic” morphotype). In 

consequence, this means that the observed high expression of the EMT genes is due to high 

fibroblast content and not to the stem-cell like (mesenchymal) tumour phenotype, as incorrectly 

interpreted in other studies. In addition, this important tumour subtype has escaped the attention 

of some cataloguing studies, such as The Cancer Genome Atlas (TCGA), which excluded 

tumours with tumour cell content lower than 80%. Molecular profiles thus must be interpreted 

with respect to histopathological evaluation. In addition, we observed multiple morphological 

patterns within the same tumour, and each can express a different molecular profile. A thorough 

histopathological evaluation of different tumour regions and micro-dissection of 

morphologically homogenous populations prior to molecular analyses was necessary for 

correct molecular classification. This, however, is in many studies impossible to achieve – in 

order to be correctly histopathologically evaluated, tumour specimens are routinely formalin 

fixed, and paraffin embedded (FFPE) after surgical excision to preserve histology. Most 
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importantly, the examined specimen is usually taken from the invasive front of tumour on the 

colonic wall, since this region is the most important for characterization of tumour 

aggressiveness and its classification according to WHO standards. This part of tumour 

therefore cannot be stored as fresh frozen tissue, imposing important constraints on the 

methodology of sample collection. The studies performing molecular profiling from fresh 

frozen samples (considered of much better quality for molecular profiling) are therefore using 

material from a different tumour site, which can represent a different clonal population. This 

is often disregarded and introduces further bias into the interpretation of results.     

In retrospect, it is natural to expect that tumor gene expression profiles represent a mixed signal 

derived from various cell types within the tumor microenvironment. Consequently, the 

observation that different tumor (cell) morphologies correlate with distinct molecular profiles 

is not surprising. This principle underlies the concept of deconvolution methods, which aim to 

estimate the proportions of different cell types present within tumor samples, providing a more 

nuanced interpretation of molecular data. However, while estimating the proportions of 

different cell types provides valuable insights, it overlooks a critical aspect of tumor 

architecture: the spatial organization of these cells within the tissue. Morphology, in contrast, 

inherently captures this spatial context and is relatively easy to assess in formalin-fixed 

paraffin-embedded (FFPE) samples. This is particularly true when enhanced by AI-driven 

image analysis software, which can standardize and automate morphological evaluations. 

Approaching tumor heterogeneity from a morphological perspective is not only more practical 

but also cost-effective, faster, and more universally applicable in clinical settings, as it 

leverages resources already available in most pathology departments. 

In collaboration with Masaryk Memorial Cancer Institute, we collected multiple cohorts of 

colorectal samples, which enabled us to embark on a comprehensive exploration of the 

relationship between tumor morphology and molecular profiles, as well as the role of 

morphology in CRC heterogeneity. 

Traditional digital image analysis in histopathology focuses primarily on the automatic 

extraction of predefined features. These typically include measurements such as nuclear size, 

cell density, the recognition and classification of different cell types, and their proportions 

within the tissue. These features are then quantified and statistically correlated with prognostic 

or diagnostic variables, offering an objective means of evaluating tumor morphology. While 

this approach has greatly improved the reproducibility of histopathological assessments, it 
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remains constrained by human-defined criteria, effectively limiting the analysis to features that 

are already recognizable to the human eye. 

In contrast, our approach diverged from this paradigm by leveraging molecular data to guide 

the extraction of image features, enabling us to capture patterns and relationships that go 

beyond what is visually discernible. By integrating histopathological images with gene 

expression profiles, we aimed to identify novel features reflective of underlying molecular 

mechanisms. This data-driven strategy opens possibilities for uncovering previously 

unrecognized biomarkers and relationships, providing a deeper understanding of tumor biology 

that is both more comprehensive and more closely aligned with the molecular heterogeneity of 

the disease. 

Joint image and molecular analysis 

First, we demonstrated how histopathological image features could be jointly analyzed with 

gene expression data, initially in the context of breast cancer [12], to identify meaningful 

correlations between morphology and molecular signatures. Histopathology images, while rich 

in information, are inherently complex, containing billions of pixels. To extract meaningful 

patterns, we employed a bag-of-features approach, which compresses the image data into 

essential patterns called codeblocks, identified using Gabor wavelets. This method enables the 

representation of each image as a histogram of codeblock frequencies, supplemented with 

extended features describing the spatial distribution of codeblocks, such as area, compactness, 

and skewness. This approach retained critical morphological information that is often 

overlooked in conventional analyses. The codebook was optimized through clustering to 

minimize overlap among tissue categories (e.g., fat, connective tissue, tumor nuclei), ensuring 

that the image representation was both sparse and discriminative. The resulting codeblocks 

captured three key morphological components: proliferation, invasion/differentiation, and 

isolated tumor nuclei (Figure 6).  
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Figure 6. Hierarchical clustering of the codebook. Clustering the codeblocks led to identification of three major clusters, to which generic 

terms have been assigned. The codeblocks correlated with gene expression are marked with red dots. The codeblocks with potential prognostic 

value (in univariate analysis) are marked with blue squares (dark blue for p-value < 0.01, light blue for 0.01 ≤ p-value ≤ 0.05 (from [12]) 

The methodology also incorporated canonical correlation analysis (CCA) and other statistical 

tools to link these image features to gene expression, tumor size, grade, and relapse-free 

survival (RFS). A major contribution of this work was the development of an image-based 

prognostic score, derived from five key image features. This score was shown to be 

independent of genomic predictors and significantly improved prognostic models when 

combined with gene expression-based scores (Figure 7).   

Figure 7.  Kaplan-Meier curves for binarized scores. The genomic (a), image-based (b) and combined scores (c) were binarized by the 

respective median values into “low score” (low risk) and “high score” (high risk) categories. The combined score slightly improves on the 

genomic score (from [12]). 



  
 

  38
 

The code implementing this method was developed in R and made freely available for further 

research and application, laying the groundwork for broader integration of imaging and 

genomics in data mining and clinical practice [30]. 

Building on the observed link between tumor morphology and molecular profiles, we were the 

first to develop an image-based classifier capable of predicting CRC molecular subtypes from 

histopathological images [13]. Using histopathological slides from the PETACC-3 clinical trial, 

we analyzed a dataset of 300 tumor samples, which represented molecular subtypes A–E with 

the following frequencies: subtype A (n=21), B (n=140), C (n=37), D (n=81), and E (n=21). 

These samples were drawn from the PETACC-3 cohort of 458 molecularly annotated cases, 

focusing on those with high-quality images and sufficient tumor content, while excluding 

outliers and fragmented samples. The methodology involved processing hematoxylin-eosin 

(H&E) stained tumor sections, which were scanned at high magnification and subsequently 

downscaled to an equivalent magnification for computational efficiency. Tumoral regions were 

manually delineated based on expert pathologist annotations, ensuring that only relevant areas 

were analyzed. Local image features were extracted using a deep convolutional neural network 

(CNN) pre-trained on the ImageNet dataset, with the 4096-element descriptor vector from the 

penultimate layer reduced to 128 dimensions via principal component analysis (PCA). These 

local descriptors were pooled into global representations using Gaussian Mixture Models 

(GMMs), which facilitated the generation of a "visual codebook" summarizing key 

morphological features.  

 

 
Figure 8. Top four prototypes associated with each subtype: (a–d) Subtype A, (e–h) Subtype B, (i–l) Subtype C, (m–p) Subtype D and (q–t) 

Subtype E. Under each image the corresponding P value from Wilcoxon rank-sum test is shown (from [13]) 
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The image features were integrated into a multi-class support vector machine (SVM) 

classifier with a hierarchical design, optimized to first distinguish subtypes A and B from 

subtypes C, D, and E, before further separating individual subtypes. This decision tree structure 

was informed by misclassification patterns and the biological similarities between subtypes 

identified in previous studies. Model performance was assessed through 10-fold cross-

validation, achieving an overall accuracy of approximately 85%. Importantly, subtype-specific 

features, such as mucinous histology in subtype C or stromal desmoplasia in subtype D, were 

accurately captured by the classifier, reflecting the morphological heterogeneity across CRC 

molecular subtypes (Figure 8). Additionally, our analysis demonstrated that the image-based 

predictions could stratify patients by relapse-free survival (RFS) in a manner consistent with 

molecular subtyping, further validating the clinical relevance of the approach (Figure 9). While 

the SVM models we used for classification provided high accuracy, they are inherently difficult 

to interpret biologically. Future work aims to develop simplified models to facilitate biological 

interpretation, which is essential for clinical acceptance. 

Figure 9. Survival analysis: risk of relapse stratified by (a) molecular subtypes and (b) image-based classifier. Subtypes A and B represent a 
lower risk group, while subtypes C, D and E a higher risk (from [13].) 

 

Exploring molecular patterns of the morphotypes 

One question, however, remained unanswered. We showed a clear association of our molecular 

subtypes with morphology, but the comprehensive molecular characterization of each 
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morphological region was missing. In [14] we explored the transcriptomic landscape of the six 

morphotypes (CT, DE, MU, PP, SE and TB) and examined them alongside peritumoral regions, 

including normal adjacent tissue (NR) and supportive stroma (ST), to better understand how 

molecular programs map onto tumor histology. Using 111 unique primary CRC tumors across 

stages II (n=59), III (n=32), and IV (n=20), we macro-dissected 202 distinct regions, including 

149 tumor regions, of which 126 were core samples containing at least 80% of a single 

morphological pattern (Figure 10).  RNA extraction was performed on formalin-fixed paraffin-

embedded (FFPE) histopathological slides, ensuring compatibility with archived clinical 

samples. Transcriptomic profiling was conducted using the Clariom D Array for human 

samples (Thermo Fisher Scientific), a platform that captures both coding and multiple forms 

of non-coding RNA.  

The high-purity sampling allowed for a more accurate assessment of how distinct morphotypes 

contribute to the molecular heterogeneity of CRC. The samples originated from the 

COLOBIOME study, which we performed at Masaryk Memorial Cancer Institute in Brno [31].  
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Figure 10. Morphological patterns and their distribution in the dataset. (A) The six CRC morphological patterns of interest 
(morphotypes). Left: example of an original annotation used for macro-dissection and RNA extraction. Note that the original annotations in 
the image are not identical to the ones used in the main text. Here, A-SE stands for serrated (SE) in the text, B-DE for desmoplastic (DE) in 
the text, C-MUC for mucinous (MU) in the text, and D-ST for solid/trabecular (TB) in the text, respectively. Also, N indicates a tumor-
adjacent normal epithelial region and S a supportive stroma region, respectively. Right: examples of morphotypes – complex tubular (CT), 
desmoplastic (DE), mucinous (MU), papillary (PP), serrated (SE), and solid/trabecular (TB). (B) Morphotype distribution per case (unique 
tumor) and intersections thereof: some cases had several morphotypes profiled (from [14]).  

The morphotypes were characterized using gene set enrichment analyses (GSEA), and in silico 

deconvolution to identify differences in key biological processes, cell types, and pathway 

activity. Consistent with previous findings, MU and DE morphotypes (linked to CMS1 and 

CMS4) were enriched in fibroblast-associated signatures, TGF-β signaling, and immune 

response pathways, with DE further distinguished by inflammatory CAFs (IL-iCAF). 

Conversely, epithelial-rich SE and PP morphotypes showed downregulated EMT and KRAS 

signaling but upregulated MYC target pathways, reflecting their connection to the serrated 

oncogenic pathway. Interestingly, the CT and TB morphotypes demonstrated active 

proliferation and basal cell signatures, with TB also sharing stromal characteristics such as 

active TGF-β signaling with MU and DE (Figure 11). 



  
 

  42
 

Figure 11. Top differentially expressed genes and hallmark pathways. (A) GSEA scores for hallmark pathways in the six morphotypes 

and two non-tumoral regions. Only pathways with statistically significant scores are shown. (B) Principal component analysis of hallmark 

pathways: the median profiles of the six morphotypes (CT: complex tubular, DE: desmoplastic, MU: mucinous, PP: papillary, SE: serrated, 

and TB: solid/trabecular) and the two non-tumoral regions (NR: tumor-adjacent normal and ST: supportive stroma) are projected onto the 

space defined by first two principal components (74% of the total variance). The top pathways contributing to the principal axes are shown as 

well. See also Figure 3—figure supplement 1. (C) Heatmap of top 5 up- and down-regulated genes for each of the six morphotypes (from 

[14]). 

 

An important aspect of this study was the exploration of intra-tumoral heterogeneity. By 

analyzing matched regions within the same tumor, we showed that molecular classifiers like 

CMS are less stable at the regional level, with 60% of tumors displaying discordance between 

CMS assignments in whole-tumor profiles versus individual regions (Figure 12). 
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Figure 12. Intra-tumoral heterogeneity case study. For the same case, different CMS labels are assigned to regions and whole tumor profile. 

The hallmark pathways show various levels of activation (as computed by GSVA) within the same section. The relative change in prognostic 

scores indicates potential underestimation of risk for some signatures, while others appear to be stable across tumor. Note that in the pathology 

section image, the original annotations were preserved, and they are not identical to the ones used in the main text. Here, MUC stands for 

mucinous (MU) in the text. Also, N indicates a tumor-adjacent normal epithelial region and S a supportive stroma region, respectively (from 

[14]). 

 

Prognostic gene expression signatures also varied significantly across regions, with some 

morphotypes showing scores more than 50% higher than the corresponding whole-tumor score. 

This suggests that whole-tumor profiling may underestimate the risk in morphologically 

heterogeneous tumors. Our findings showed the need to account for tumor morphology in 

molecular profiling studies and that anchoring expression profiles to histopathological 

morphotypes can serve as a practical alternative to spatial transcriptomics, which remains 

challenging to implement in routine practice. To support further research, we developed a web 

application [32] for interrogating gene expression profiles in various morphological regions, 

providing a valuable resource for the broader scientific community. 
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How heterogenous the tumours are in terms of morphologies? 

Given these observations, we naturally turned our attention to exploring the full extent of tumor 

morphological heterogeneity across CRC cases and its potential clinical implications. In our 

recent study [1], we aimed to address this question by combining traditional pathology with 

cutting-edge AI-driven image analysis. Specifically, we sought to quantify the diversity of 

tumor morphotypes within individual cases and to assess the clinical relevance of this 

heterogeneity. 

We began with a pilot analysis of 22 CRC tumors, sampling four histological sections per 

tumor (n=88 slides) and employing three expert pathologists to evaluate the dominant, 

secondary, and tertiary morphologies in each section. This initial assessment revealed a high 

degree of morphological heterogeneity, with most tumors exhibiting 2–3 dominant 

morphotypes across different sections. The complex tubular (CT) morphotype was the most 

frequently observed, while desmoplastic (DE) the least observed. Inter-pathologist variability 

was minimal for CT and more prominent for DE and MU (mucinous) morphologies, 

emphasizing the need for a standardized, objective method to classify these patterns.  

To scale up the analysis, we developed an AI-based deep learning model trained on the 

annotations from the pathologists. This model was applied to an expanded cohort of 161 CRC 

cases (n=644 slides), allowing us to systematically characterize the distribution of morphotypes 

and their combinations. The AI-guided analysis confirmed the findings of the pilot study, with 

over 50% of tumors exhibiting more than two dominant morphotypes and medium to high 

morphological diversity, as measured by a normalized Shannon index (Figure 13).  
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Figure 13. A. Observed intratumoral patterns of dominant morphotype combinations (IPDMCs) and their frequency (main barplot) and 

frequency of their distribution patterns (embedded top right barplot). B. Distribution of normalized Shannon index of median tumor profiles 

in the IPDMCs. C. Median morphotype area in the IPDMCs and their further clustering into 9 clusters. D. Frequencies of pairwise 

combinations of dominant morphotypes in the sections. E. Examples of representative tumor morphological areas of slides from selected 

IPDMCs clusters as identified by image analysis. F-H. Examples of intratumoral morphological heterogeneity as assigned by image analysis 

over four examined slides/blocks. Values of normalized Shannon index (NSI) of each slide and the average tumor profile are shown. F. Tumor 

with low heterogeneity across all slides, expressing one dominant morphotype (CT). G. Tumor with low heterogeneity in two slides and 

medium heterogeneity in two slides, expressing two dominant morphotypes (CT and PP) H. Tumor with high heterogeneity in all four sections, 

expressing two dominant morphotypes (DE and MU) (from [1]). 

Importantly, this diversity was not itself associated with clinical variables, but the proportion 

of specific morphotypes—such as DE and MU—correlated strongly with outcomes. For 
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example, tumors with higher proportions of DE morphotype were associated with advanced T-

stage, N-stage, metastasis, and shorter relapse-free survival (RFS), while MU was linked to 

MSI, right-sided location, and poorer overall survival (OS). 

These findings highlighted the critical need to consider intratumoral heterogeneity when 

performing molecular analyses. For instance, we observed that morphotypes such as MU and 

PP often coexisted with other morphologies, potentially reflecting shared oncogenic programs 

like KRAS or BRAF mutations. Conversely, the SE morphotype, which is associated with the 

serrated neoplasia pathway, was rarely found alongside MU. Similarly, CT, the most common 

morphotype, often combined with other morphologies, while TB—a hallmark of 

dedifferentiation—was predominantly found in tumors with low diversity and was largely 

independent of specific oncogenic pathways. 
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3.5. Tumor microenvironment and 
microbiome 

At the same time, and somehow in parallel, more and more attention is paid to CRC tumour 

microenvironment and even more importantly to the role of gut microbiota. Human gut 

microbiota is composed of four major domains of life of which vast majority are Bacteria (95%), 

the rest being Archaea, Eucaryota and Viruses. Gut microbiota outnumbers 10 times the 

number of human cells in the human body and comprises majority of mammalian-associated 

microbes. It is referred to as commensal intestinal microbiota and forms a versatile 

microecosystem that changes its composition in response to the host’s development, diet, or 

disease state [33]. Most dense and metabolically active microbial community resides in the 

large intestine, comprised mainly of anaerobic bacteria of two phyla: Firmicutes and 

Bacteroidetes, accompanied by Actinobacteria, Proteobacteria and Verrucomicrobia. In a 

healthy organism, the gut microbiota is in a symbiotic relation with the human host and 

contributes to controlling the intestinal epithelial homeostasis, to food digestion, to synthesis 

of certain vitamins and to defense against pathogens. This has a great impact on the set-up of 

the human immune system, which uses specific mechanisms for discrimination of between 

harmful and helpful microbial species: immune exclusion (secretory IgA antibodies present in 

mucosa layer selectively block antigens and pathogenic microbiota from accessing cell 

epithelial receptors) and immunosuppression (recognizing antigens of pathogenic and 

commensal bacteria via Toll-like receptors - TLRs) [34,35]. The tumour microenvironment 

contains several different immune cell types, including tissue-associated macrophages (TAMs) 

and other innate immune cells, as well as T cells and B cells, which communicate with each 

other and the other cells in the tumour microenvironment via direct contact or via cytokine 

and/or chemokine signalling to control tumour growth. TAMs primarily promote tumour 

growth, and high numbers of TAMs generally correlate with cancer progression.  

Dysbiosis – chronic alteration of gut microbiota – is reported in many diseases, such as 

autoimmune diseases or even colon cancer and there is growing evidence that development of 

these diseases is influenced by microbiota - human immune response interactions [33]. Recent 

studies show that bacteria adherent to colorectal adenomas or carcinomas are different from 

bacteria adherent to healthy mucosa [36]. This is a result of changes in the local tumour 

microenvironment, which has decreased pH and changed nutritional conditions as a 

consequence of altered metabolism of tumour due to hypoxia [37]. Bacteria can promote colon 

cancer development or change the tumour invasion potential through immunomodulation 
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[38,39] or metabolic activity – through production of specific toxins inducing DNA damage 

responses [40]. This is enhanced by defects in barrier function of the gut, which allow luminal 

bacteria to translocate to epithelial layer and directly influence host cells. Overall, the evidence 

of microbiome importance in colon cancer development is so overwhelming that a bacterial 

driver-passenger model for colorectal cancer development and progression was suggested [36] 

as an alternative to the broadly accepted driver-passenger mutational adenoma-carcinoma 

model. 

Our expertise in the microbiome and its role in CRC was summarized in a review article 

published in Klinická onkologie [15]. This journal, written in Czech and targeted at clinical 

oncologists, aimed to bridge the gap between basic research and clinical practice by providing 

a comprehensive overview of the microbiome’s role in CRC development, progression, and 

potential therapeutic implications. This work served as a foundation for the more detailed 

experimental studies that followed. In addition, we contributed a chapter titled Mikrobiom v 

solidních nádorech to the book Mikrobiom a zdraví [41]. This chapter explored the 

microbiome’s interactions with solid tumors in depth, including microbiota residing on the 

tumor surface, within the tumor, and even inside tumor cells. It also examined the mechanisms 

of microbiome-tumor interaction, such as immune modulation and metabolic influence, and 

discussed the potential for directly targeting tumors through microbiota-based therapies. 

Together, these contributions reflect our multifaceted approach to understanding and 

leveraging microbiome in cancer research and clinical application. 

Gut microbiota plays an important role also in cancer therapy. Microbiota influences drug 

metabolism, immune responses, and the tumor microenvironment, thereby impacting the 

effectiveness of chemotherapy, immunotherapy, and radiotherapy. For example, Akkermansia 

muciniphila has been shown to enhance the efficacy of immune checkpoint inhibitors by 

stimulating anti-tumor immune responses [42]. In contrast, antibiotic-induced microbiome 

depletion can impair therapeutic efficacy, as observed in studies linking antibiotic use with 

reduced responses to both immunotherapy and chemotherapy [43]. Furthermore, certain 

microbes can either promote or inhibit tumor growth through their effects on drug metabolism, 

such as the modulation of gemcitabine efficacy by Gammaproteobacteria [44]. Microbiome 

can be perceived as both a therapeutic ally and a potential barrier, and it is of crucial importance 

to consider microbiota modulation as a complementary approach to optimize cancer treatments.  

It has been long recognized, that bacteria are capable of penetrating and moving within the 

tumour [45], making them a perfect candidate for anticancer agents. When using bacteria for 
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treatment, tumour regression can be achieved by native bacterial cytotoxicity caused by 

sensitization of the immune system and competition for nutrients [46]. This effect, however, 

can be hampered by the immune system preventing intra-tumoural bacterial dissemination [47]. 

One hypothesis we put forward is that the intra-tumoural presence of commensal bacteria 

(either recruited by the tumour or opportunistic) helps the tumour escape the immune system, 

since these bacteria are not recognized as pathogens. If this hypothesis can be validated, it could 

serve as the basis of a bacterial-targeted treatment. 

It is our strong belief that the identification of gut microbiota specific to treatment-resistant 

tumours is a key step towards a finer patient population stratification and more targeted 

therapies. 

 

The need for multimodal approach 

Molecular profiling, however powerful, constitutes only one modality of exploration of the 

complex picture of CRC heterogeneity. The machinery of molecular events adapts swiftly to 

the signals from its surrounding microenvironment, which plays an important role in shaping 

the tumour phenotype. Tumour and patient metabolome profiling is currently in its renaissance 

and is being exploited for identification of marker metabolites defined as surrogate indicators 

of colorectal cancer development [48]. Differences in metabolic profiles were found not only 

between normal and cancer tissue, but also within subtypes of CRC [49]. The metabolic and 

inflammatory milieu within the tumour microenvironment may affect the function and 

phenotype of tumour cells, irrespective of genotype.  

While we are witnessing increased interest in characterizing the gut microbiome from cancer 

clinical perspective, this research applied to colorectal cancer lags behind tumour molecular 

profiling by several years. Some studies tried to incorporate information on tumour associated 

microbiome in order to improve the accuracy of the existing patient CRC prognostic score [50] 

or developed new screening/prognostic models [51]. However, despite consistent patterns of 

gut microbial disruption in comparison to healthy individuals [52,53], the variability between 

diseased individuals remains too high. One source of this variability is the type of diet. Another 

source, however, can again be assigned to tumour molecular heterogeneity and the respective 

tumour metabolic profile, which might influence the tumour microbiota. Due to this, we 

suggested, that any study aiming at unveiling the role of microbiota in colorectal cancer 

progression or response to therapy should investigate the presence and distribution of bacteria 

and immune cell types accounting for the intra-tumoural heterogeneity and metabolism. If 
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microbiota is to answer some of the key outstanding questions about CRC heterogeneity that 

are not explained by molecular profiling, we have to move from simple healthy-

tissue/adenoma/carcinoma correlation studies towards complex multimodal approaches. A new 

approach is definitely needed, that is data-driven and can cleverly and efficiently mine and 

combine all the modalities (molecular data, clinical data, histopathology, metabolism and 

microbiome) and not only catalogue the existing correlations but also generate sound 

hypotheses that can be tested in further functional analyses.  

This perspective motivated us to submit the AZV research project (COLOBIOME), which 

aimed to integrate microbiome and tumour microenvironment analyses into the study of 

colorectal cancer heterogeneity. Through this project, we successfully established a prospective 

cohort of approximately 200 stage I–IV CRC patients. This cohort includes an extensive array 

of samples: stool samples, tumour and adjacent visually normal mucosa swabs for microbiome 

profiling, tumor resections preserved as FFPE and fresh-frozen tissues, as well as peripheral 

blood collected at the time of diagnosis. 

 

Methodological considerations of microbiome studies in clinical samples 

Studying the microbiome in clinical samples is inherently challenging due to numerous 

technical and biological factors that can influence the quality and reproducibility of results. In 

our study [16], we systematically evaluated the impact of stool sampling methods and DNA 

isolation kits on quality of extracted DNA and estimation of bacterial composition and diversity 

using 16S rRNA sequencing on the MiSeq Illumina platform.  Thanks to this study, we gained 

insights into the methodological aspects that need to be standardized to ensure robust 

microbiome profiling in our further studies. 

Sixteen volunteers provided samples from a single stool using three sampling kits: stool 

container (SK1), flocked swab (SK2), and cotton swab (SK3). DNA was extracted using two 

isolation kits, PowerLyzer PowerSoil (PS) and QIAamp DNA Stool Mini Kit (QS), resulting 

in 96 samples for analysis. User preference evaluations showed that 100% of participants 

favored the stool container (SK1) for ease of use, while 81.25% found the flocked swab (SK2) 

least convenient due to challenging handling. DNA quality assessments revealed higher yields 

with the QS kit, but PS preserved better DNA integrity, particularly when paired with stool 

containers. Interestingly, stool container samples also exhibited reduced PCR inhibitors, 

enhancing downstream processing efficiency. While bacterial diversity metrics (Chao 1 and 
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OTUs) were influenced by both sampling and isolation methods, PS consistently extracted 

more Gram-positive bacterial taxa due to its robust bead-beating procedure. 

Bacterial composition analysis confirmed that both the sampling and isolation methods 

significantly influenced taxonomic abundance, particularly at higher taxonomic levels (phylum, 

class, order) (Figure 14). PS exhibited greater efficiency in recovering Gram-positive taxa, a 

trend attributed to its superior cell lysis capabilities. Notably, stool container samples resulted 

in higher bacterial diversity, likely due to optimized sample dilution during preprocessing.  

 

Figure 14 Distributions of relative abundances of significantly affected taxa at family level. Four graphs represent families divided according 

to third quartile of their abundance. Only taxa that passed the filtering criteria (maximum abundance >1%), significantly affected by isolation 

or sampling kit are shown. The colored squares below the graph indicate whether the family was affected significantly by the sampling kit 

only, the isolation kit only or both. (from [16]) 

 

The tumour mucosa microbial subtypes 

The microbial composition within the colorectal cancer (CRC) tumor microenvironment 

represents a pivotal factor in understanding tumor biology and its progression. In our study 

[17], we adopted a microbial community-centric approach to comprehensively characterize the 

heterogeneity of the tumor-associated microbiome across three distinct sampling 

environments: tumor mucosa, adjacent visually normal mucosa, and stool samples. Utilizing a 
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cohort of 178 CRC patients (stages 0–IV) from the COLOBIOME project, and analyzing 483 

samples, our aim was to explore the microbial landscape and its association with clinical 

variables, while addressing limitations of earlier studies that were either species-centric or 

underpowered in sample size. By focusing on microbial communities rather than individual 

species, we provided a different perspective into the tumour microbial heterogeneity. Our final 

result was identification of CRC tumor mucosal microbial subtypes. 

To ensure robust methodology, 16S rRNA sequencing was used for microbial profiling, with 

data processing performed using state-of-the-art compositional data techniques. Prior to 

analysis, zero multiplicative replacement and centered log-ratio (clr) transformations were 

applied to address the compositional nature of microbiome data. Microbial diversity was 

evaluated using alpha diversity metrics, such as Chao 1 and observed species, while beta 

diversity was analyzed based on Aitchison distance matrices. Co-occurrence patterns among 

microbial taxa as well as clusters of tumours with similar microbial compositions were 

identified through hierarchical clustering. 

To identify differences in diversity and bacterial composition across environments and their 

associations with clinical variables, we applied comprehensive statistical analyses, including 

the Friedman test, rank regression, and permutational multivariate analysis of variance 

(PERMANOVA). Multiple testing corrections were conducted using the Benjamini-Hochberg 

procedure, with a false discovery rate (FDR) threshold set at < 0.1. 

 

The analysis of the tumor microbiome associations with clinical variables revealed numerous 

associations. Notably, higher-grade tumors (grade 3) were characterized by an increased 

abundance of the potentially pathogenic genera such as Fusobacterium, Campylobacter, 

Leptotrichia, Selenomonas, and Prevotella in tumor mucosa, reflecting their potential role in 

tumor progression and aggressiveness. These associations were particularly pronounced in 

right-sided tumors, where high-grade tumors were enriched in genera such as Prevotella and 

Selenomonas. In contrast, lower-grade tumors (grade 1 and 2) and left-sided tumors exhibited 

a depletion of pathogenic genera and an enrichment of commensal species such as 

Bifidobacterium, Ruminococcaceae UCG-010, and Victivallis. Tumor location was also a 

critical determinant of microbiome composition, with distinct microbial signatures observed 

for right-sided and left-sided tumors, reflecting the well-known biological differences between 

these tumor types. Advanced tumor stages (pT3/pT4) were associated with increased 

abundance of genera such as Peptoclostridium and Parvimonas in tumor mucosa, while 
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metastasis status primarily influenced the stool microbiome, with genera like Akkermansia 

enriched in patients with local or distant metastases. 

To characterize the microbial heterogeneity of tumor mucosa while excluding potential stool 

contaminants, we focused solely on species that were statistically significantly more abundant 

in tumor mucosa compared to stool. Overall, 121 genera showed significant differences in 

abundance across sample environments, leading to the definition of five microbial categories: 

tumor genera (enriched in tumors compared to stool), divided further into mucosa genera 

(shared enrichment in tumor and visually normal mucosa) and tumor-specific genera (enriched 

only in tumor mucosa). Then, we defined stool genera (enriched in stool), and no-difference 

genera (consistent abundance across sample types). The analysis uncovered 57 genera enriched 

in tumor mucosa compared to stool, 16 of which were defined as tumor-specific genera, 

uniquely associated with tumor tissue and absent in adjacent normal mucosa. Notably, these 

tumor-specific genera predominantly consisted of genera comprising oral pathogens such as 

Fusobacterium, Parvimonas, Campylobacter, and Leptotrichia, supporting their potential role 

in tumorigenesis. Similarly, bacterial groups dominated by gut commensals, such as 

Ruminococcus and Bacteroides, were primarily found in stool samples, emphasizing the 

distinct microbial ecosystems between mucosal and luminal compartments. 

The bacteria were classified into six groups, labeled B1–B6. Groups B1 and B2 predominantly 

represented typical gut microbiome members. The B1 group included the five most common 

and abundant genera: Fusobacterium, Lachnoclostridium, Bacteroides, Escherichia-Shigella, 

and an uncultured genus from the Lachnospiraceae family. Nearly all tumors contained at least 

three of these genera, with 78.7% containing all five. These bacteria exhibited high co-

occurrence across sample types, except for Fusobacterium, which was primarily found in 

mucosal samples. Group B4, referred to as the Selenomonas group, was exclusively composed 

of oral microbiome genera, enriched in Selenomonas. Groups B3 and B5 also primarily 

consisted of oral microbiome genera, which exhibited significantly lower incidence in stool 

samples, being absent in 45.7%–94.1% of cases where they were present in tumor mucosa. 

Finally, Group B6 comprised 27 less common species with incidence rates ranging from 0% to 

37% (median 11.1%). 

 

The new tumour microbial classification was proposed on the 57 tumour genera and comprised 

of three tumor microbial subtypes (TMS1–TMS3), each associated with distinct clinical and 

microbial features (Figure 15). 
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TMS1: High Pathogen Burden and Biofilm Association 

TMS1, representing 26% of tumors, was characterized by the highest microbial pathogen 

burden, with a high abundance of potential oral pathogens and bacteria associated with 

advanced tumor progression. This subtype contained all microbial groups (B1–B4) and was 

enriched in genera such as Fusobacterium, Campylobacter, Leptotrichia, Peptoclostridium, 

and Selenomonas. These bacteria have been linked to biofilm formation and cancer-associated 

inflammation, which might explain the more aggressive features of TMS1 tumors. Clinically, 

TMS1 was associated with right-sided tumors (60.9%), higher-grade tumors (58.7% grade 3), 

advanced pathological stages (95.6% pT3/pT4), and a higher prevalence of microsatellite 

instability-high (MSI-H, 34.8%) and BRAF mutations (15.2%). This subtype likely represents 

a biologically distinct group of tumors enriched in microbial biofilms, which could drive local 

inflammation and promote tumor progression. 

Figure 15. The characteristics of the three tumour microbial subtypes. (TMS—tumour microbial subtypes, pT—tumour pathologic stage, MSI-

H— microsatellite instability-high) (from [17]) 

TMS2: Intermediate Pathogen Burden and Left-Sided Tumors 



  
 

  55
 

TMS2 accounted for 31% of tumors and displayed an intermediate pathogen burden. Unlike 

TMS1, this subtype lacked bacteria from the Selenomonas group (B4) but included other oral 

and gut-associated genera such as Leptotrichia, Granulicatella, Aggregatibacter, and 

Veillonella. TMS2 tumors were predominantly left-sided, including rectosigmoid and rectal 

tumors (70.9%), and exhibited a more heterogeneous microbial composition. This subtype 

could be further divided into two groups: TMS2a, enriched in oral bacteria such as Neisseria 

and Granulicatella, and TMS2b, enriched in gut-associated bacteria such as Tyzzerella 4 and 

Hungatella. TMS2 mucosal microbiomes also showed a higher abundance of commensal 

bacteria such as Haemophilus and Sutterella, indicating a more balanced microbial 

environment compared to TMS1. 

TMS3: Low Pathogen Burden and Commensal-Enriched Microbiome 

TMS3, the largest subtype, comprised 43% of tumors and was defined by a low microbial 

pathogen burden. This subtype had a reduced presence of oral pathogens and biofilm-

associated bacteria and was characterized by a higher proportion of commensal gut bacteria. 

TMS3 tumors were equally distributed between right-sided and left-sided locations, with a 

notable enrichment of lower-grade tumors (15.6% grade 1). TMS3 was further divided into 

two subgroups: TMS3a, associated with an increased presence of Incertae Sedis from the 

Erysipelotrichaceae family and Tyzzerella 4, and TMS3b, characterized by genera such as 

Clostridium sensu stricto 1, Ruminococcaceae UCG-013, and Lachnospiraceae Incertae Sedis. 

Interestingly, TMS3 included all tumors that lacked Fusobacterium in both tumor mucosa and 

stool samples, suggesting a distinct microbial profile compared to the other subtypes. 

In conclusion, this study extended the characterization of the colorectal cancer microbiome in 

several important directions. By analyzing 483 samples from 178 patients, we identified 

bacterial genera previously unassociated with colorectal cancer mucosa or clinical variables, 

revealing novel avenues for understanding their roles in disease progression. Our focus on 

microbial community-level analysis rather than species-centric approaches allowed us to 

describe three major tumor-microbial subtypes, each differing in microbial composition, 

associations with clinical parameters, and what we define as microbial pathogen burden—

highlighting their potential relevance to tumor aggressiveness and progression. 

The complementary nature of the sampled environments—tumor mucosa, visually normal 

mucosa, and stool—provided insights into the distinct contributions of the microbiota across 

these niches. While tumor mucosa and visually normal mucosa reflected tumor-specific 
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variables, such as grade and location, stool microbiomes were more influenced by the presence 

of metastases and overall disease progression. It is evident that combining both mucosal and 

stool sampling is essential for gaining a more comprehensive understanding of CRC 

microbiome dynamics. 

Although this study provided valuable insights, the absence of validation data and the potential 

influence of dietary and lifestyle factors limit broader applicability. Further investigations with 

larger, geographically diverse cohorts are necessary to confirm and refine these findings. 

Nonetheless, the ability to associate tumor microbial subtypes with clinical variables suggests 

the potential for leveraging the microbiome in CRC management. Tailored strategies, such as 

diet modifications, probiotics, or antimicrobial interventions, may emerge as valuable additions 

to current therapeutic approaches. This study represented a significant step forward, offering 

new perspectives for exploring microbiome-related treatments and biomarkers in colorectal 

cancer. 

Our unique CRC dataset provided the foundation for our involvement in the H2020 project 

ONCOBIOME [54], which enabled us to further enhance our tumor sample data by 

incorporating whole metagenome sequencing (WMGS) and stool-derived miRNA profiling. 
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3.6. omics biomarkers in diagnostics 
and therapy of crc 

 

mRNA Biomarkers for Predicting FOLFIRI Treatment Response 

Personalized treatment strategies in colon cancer remain a major clinical need, particularly in 

optimizing adjuvant chemotherapy selection for Stage III patients. In our study using the 

PETACC-3 clinical trial cohort, we evaluated the predictive value of ABCG2 and 

topoisomerase 1 (TOP1) mRNA expression for assessing the benefit of irinotecan-based 

therapy (FOLFIRI) [18]. We analyzed mRNA expression data from 580 Stage III colon cancer 

patients randomized to receive either 5-fluorouracil/leucovorin (5FUL) alone or in combination 

with irinotecan (FOLFIRI). Patients were stratified into two biomarker-defined groups: a 

“resistant” group characterized by high ABCG2 and low TOP1 expression (n = 216) and a 

“sensitive” group encompassing all other expression profiles (n = 364). 

Applying Cox proportional hazards regression, Kaplan-Meier survival analysis, and log-rank 

testing, we demonstrated that patients classified as “sensitive” derived significant benefit from 

FOLFIRI, with improved recurrence-free survival (HR: 0.63, p = 0.016) and overall survival 

(HR: 0.60, p = 0.02) compared to the “resistant” group. These associations were even stronger 

in microsatellite-stable (MSS) and microsatellite-instability-low (MSI-L) patients (n = 470), 

while no survival differences were observed when patients received 5FUL alone. This 

suggested that the ABCG2/TOP1 mRNA profile may serve as a clinically relevant biomarker 

for predicting responsiveness to irinotecan-based chemotherapy. 

 

Fecal microRNA Signatures for Non-Invasive CRC Diagnosis 

Current colorectal cancer (CRC) screening programs rely on fecal tests, which often lack the 

sensitivity needed to detect early-stage tumors and precancerous lesions. Thanks to our 

participation in the H2020 project ONCOBIOME, I had the opportunity to address this 

limitation and explore stool microRNA (miRNA) profiles as potential biomarkers for non-

invasive CRC detection, leveraging a comprehensive multi-cohort study and explainable 

machine-learning approaches.  
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In this study [19] conducted 1,273 small RNA sequencing experiments across multiple 

biospecimens, analyzing fecal samples from both an Italian and a Czech cohort (155 CRC 

patients, 87 adenomas, 96 individuals with other intestinal diseases, and 141 colonoscopy-

negative controls) (Figure 16).  

Figure 16. Graphical abstract of the miRNA biomarker study (from [19]). 

Through systematic analysis, we identified a robust 5-miRNA signature (miR-149-3p, miR-

607-5p, miR-1246, miR-4488, and miR-6777-5p) capable of distinguishing CRC patients from 

controls with high accuracy (AUC = 0.86, 95% CI: 0.79–0.94). This signature was 

independently validated in our COLOBIOME cohort (AUC = 0.96, 95% CI: 0.92–1.00) and 

further tested in fecal immunochemical test (FIT) leftover samples, demonstrating 

compatibility with existing CRC screening workflows. Importantly, the signature effectively 

classified patients with early-stage tumors and advanced adenomas (AUC = 0.82, 95% CI: 

0.71–0.97), underscoring its potential utility for early detection. Beyond its diagnostic 

relevance, our study provided additional novel insights into the biological role of miRNAs in 

CRC progression. Very importantly, we found that stool miRNA profiles mirrored those of 

tumor tissues, reinforcing thus their potential as biomarkers. Moreover, the detection of CRC-

associated miRNA alterations in FIT leftover samples showed the feasibility of integrating 

stool miRNA analysis into routine screening programs. 

Despite the study’s strengths—such as its large sample size and rigorous multi-cohort 

validation—some challenges remain. CRC and adenoma subtypes were not exhaustively 

represented, and the investigation of miRNAs in screening samples remains in an early phase. 

Nevertheless, this work laid the foundation for refining non-invasive CRC diagnostics. By 

integrating stool miRNA profiling into existing screening strategies, we may significantly 
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enhance early detection, improving patient outcomes while minimizing the need for invasive 

procedures. 

 

Gene Expression Profiling of the Invasion Front for Risk Stratification in Stage IIA 

CRC 

In a more applied extension of our work exploring CRC morphological heterogeneity, we 

hypothesized that focusing on the invasion front, rather than whole tumor sections, could 

provide additional insights for patient prognostic stratification. The tumor invasion front 

represents a biologically dynamic interface where cancer cells interact with the surrounding 

stroma, undergo epithelial-to-mesenchymal transition (EMT), and acquire invasive properties. 

Given its role in tumor progression, we investigated whether gene expression profiling of this 

specific region could improve risk assessment in Stage IIA CRC patients [20]. We specifically 

focused on Stage IIA CRC because this subgroup presents a major clinical challenge in 

treatment decision-making. While these patients generally have a good prognosis, a subset 

experiences early relapse despite the absence of traditional high-risk features. Unlike Stage III 

CRC, where adjuvant chemotherapy is standard, the benefit of additional treatment in Stage 

IIA remains debated. 

We analyzed matched bulk tumor and invasion front samples from 39 patients, divided into 

early relapse (n = 19) and no relapse (n = 20) groups. While differential expression analyses 

did not reveal individual genes with significant differences after multiple testing corrections, 

pathway analyses highlighted the epithelial-to-mesenchymal transition (EMT) pathway as 

notably upregulated in early relapse cases. This finding underscores the invasion front's role in 

tumor aggressiveness. 
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Figure 17. Prediction of early relapse. (A) Receiver operating characteristics (ROC) curves for the three models (baseline, 

bulk tumor, and invasion front) and the corresponding AUCs. (B) Univariate AUC, based on all samples, for top k = 200 

genes from bulk tumor and invasion front expression profiles. The top genes (AUC > 0.775) from MSigDB hallmark 

signatures are marked. (C) Scatter plots of scores from bulk tumor and invasion front (35 samples) and their marginal 

distributions. The points are colored according to their true category, and the quadrants marked (light yellow background) 

indicate regions of agreement for the two classifiers (from [21]) 

By developing predictive models using ElasticNet regression, we discovered that gene 

expression profiles from the invasion front were more effective in forecasting early relapse 

than those from bulk tumor samples. The invasion front model achieved an area under the curve 

(AUC) of 0.931, surpassing the bulk tumor model's AUC of 0.887. This suggests that the 

invasion front harbors critical molecular insights pertinent to tumor progression. 
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4. CONCLUSION 

Throughout my scientific journey, I have focused on integrating computational and molecular 

approaches to better understand the heterogeneity of colorectal cancer and its implications for 

clinical decision-making. My work has spanned multiple facets of CRC research, from mining 

large-scale molecular datasets to defining robust subtypes, linking these classifications to 

histopathological features, and validating key findings in preclinical models. The opportunity 

to work with the PETACC-3 clinical trial data allowed me to contribute to refining CRC 

molecular subtyping, particularly by identifying transcriptional programs associated with 

tumor location and progression. This naturally extended into investigating tumor morphology 

at a finer scale, where I explored how features at the invasion front contribute to patient risk 

stratification. 

Recognizing that CRC is not just a tumor-intrinsic disease but one shaped by its 

microenvironment, I also turned my attention to the role of the microbiome. By leveraging our 

unique dataset of paired mucosal and stool samples, I contributed to characterizing microbial 

signatures associated with tumor subtypes and clinical variables. These findings not only 

deepen our understanding of CRC biology but also open possibilities for microbial-based 

biomarkers and therapeutic strategies. 

A critical aspect of my work has been ensuring that computational insights are validated in 

biologically meaningful systems. I had the opportunity to contribute to efforts leveraging 

genetically engineered mouse models (GEMMs) and patient-derived xenografts (PDXs) to test 

hypotheses derived from our molecular analyses. This work underscored the challenges of 

translating in silico findings into preclinical models and the need for rigorous data integration 

strategies, some of which I helped shape. 

Finally, my research has always been driven by its translational potential. From identifying 

biomarkers that predict response to chemotherapy to developing fecal microRNA signatures 

for noninvasive CRC diagnosis, I have sought to bridge the gap between discovery and clinical 

application. The ability to contribute to projects with real-world impact, including those within 

the ONCOBIOME consortium, has been particularly rewarding. 

In summary, this thesis reflects my commitment to leveraging data-driven approaches to 

answer key questions in CRC research. By continuously refining methodologies and embracing 

interdisciplinary collaborations, I have aimed to contribute to a more precise and clinically 
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actionable understanding of CRC. While many questions remain open, I see this work as a 

foundation for further exploration—both in the laboratory and in clinical practice. 
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ABSTRACT

Summary: A top scoring pair (TSP) classifier consists of a pair
of variables whose relative ordering can be used for accurately
predicting the class label of a sample. This classification rule has
the advantage of being easily interpretable and more robust against
technical variations in data, as those due to different microarray
platforms. Here we describe a parallel implementation of this
classifier which significantly reduces the training time, and a number
of extensions, including a multi-class approach, which has the
potential of improving the classification performance.
Availability and Implementation: Full C++ source code and
R package Rgtsp are freely available from http://lausanne.isb-
sib.ch/~vpopovic/research/. The implementation relies on existing
OpenMP libraries.
Contact: vlad.popovici@isb-sib.ch
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1 INTRODUCTION
Top scoring pairs (TSPs; Geman et al., 2004) are simple two-
variables binary classifiers, in which the prediction of the class label
is based solely on the relative ranking of the expression levels of
the two genes. The rank-based approach to classification ensures a
higher degree of robustness to technical variations and makes the
rule easily portable across platforms. Also, the direct comparison of
the expression level of the genes is easily interpretable in the clinical
context, making the TSPs attractive for medical tests.

Let x=[xi]i=1,...,m ∈R
m be a vector of measurements (e.g. gene

expression) representing a sample and let the corresponding class
label be y, with two classes denoted by 0 and 1. Then, for all pairs
of variables i and j, a score is computed,

si,j =P(xi <xj|y=1)−P(xi <xj|y=0),1≤ i,j≤m (1)

where P are conditional probabilities estimated from the data, and
the corresponding decision rule is: if sign(si,j)xi <sign(si,j)xj then
predict y=1, otherwise y=0. The pairs are ordered by the absolute
values of their scores and the top t pairs (t ≥1) are then considered for
the final model (Geman et al., 2004; Tan et al., 2005; Xu et al., 2005).
Remarkably, training a TSP does not require the optimization of any
parameter and does not depend on any threshold. Selecting a suitable
value for t should be done following the usual machine learning

∗To whom correspondence should be addressed.

Fig. 1. Predicting estrogen receptor status: if GSTP1 < ESR1, then the
sample is considered ER+ (circles), otherwise ER− (triangles).

paradigm for optimizing meta-parameters (see, for example, Hastie
et al., 2001). Figure 1 shows an example of a TSP predicting the
estrogen receptor status. The decision boundary (in grey) is always
a line with a slope of 1.

2 IMPLEMENTATION
While the method briefly described above is simple and poses
no implementation problems, using it in the context of highly
dimensional data requires the evaluation of an extremely large
number of pairs of variables making its usage impractical, especially
in the context of resampling techniques for performance estimation.
However, most if not all of the modern desktop computers are multi-
core machines, making parallel programs a feasible alternative to
classical serial ones.

Our implementation in C++ exploits the multi-core architecture
by using the OpenMP libraries of the system (Chapman et al.,
2007), and is wrapped in an R package – Rgtsp. The full source
code and the R package are available from http://lausanne.isb-
sib.ch/~vpopovic/research/. As C++ is the main implementation
language, the library can easily be extended and integrated with
other software libraries. Also, the R functions are independent of
the domain of application so they could be applied to any kind of
data.
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3 USAGE EXAMPLES
We present a typical case of using Rgtsp package. These examples
represent solely some code snippets and not the full process of
developing and assessing the performance of a classifier.

The data used in these examples consists of 130 samples stage I
to III breast cancer (Hess et al., 2006) and the goal is to predict the
estrogen receptor status (positive or negative coded with ‘+1’ and
‘0’, respectively). For illustration purposes we use only a subset of
full dataset available from GEO repository under accession number
GSE16716.

Before starting R, the user has the option of choosing the
number of processing units that will be used, by setting the
environment variable OMP_NUM_THREADS. If not set, it defaults
to the maximum number of processing units available.

The first steps load the library and the data and build a list of TSPs
(note that the matrix X contains the variables as columns):

> library(Rgtsp)
> data(mdabr)
> tsp.list = tsp.n(X, y.erpos, 500)
> str(tsp.list)
> print(tsp.list)

The function tsp.n() returns at most n TSPs as a list with three
components: the first two correspond to the indexes of the selected
variables and the third one contains the associated scores. A similar
function, tsp.s(), returns all the TSPs that have a score larger
than a specified value.

For the p-th TSP, the prediction rule can be written as: predict
class ‘+1’ if X[,tsp.list$I[p]] < X[,tsp.list$J[p]]
and this forms the core of the predict function. The decision
function for p=1 in the above example is shown in Figure 1.
Given a list of TSPs one has different choices on how to obtain
the final predicted labels. Currently, Rgtsp proposes two means
of combining the predictions of individual TSPs: either by majority
voting or by weighting the votes with the correspoding scores—
giving more weight to the TSPs with better scores. This functionality
is available through the predict() generic function:

> yp = predict(tsp.list, X, combiner="majority")
> sum(yp != y.erpos) # count the errors
[1] 3

By inspecting the list of TSPs, it becomes clear that there are
variables that are selected many times as having always either higher
or lower value than all its pairing variables. We call such a structure
a TSP hub and we can construct all the hubs larger than a specified
size (25 pairs for example) using

> h = tsp.hub(tsp.list, min.hub.size=25)
> print(h)
Hub 1: 194 pairs

Center: 953 >
14 25 42 43 44 45 54 105 140 146 149 150 152 202 ...

This corresponds to a TSP hub in which the probeset
colnames(X)[953] (205225_at, ESR1) has a higher

expression than all other probesets in the list tsp.list. The TSP
hubs can also be used in predicting the labels, through the same
mechanism as above:

> yph = predict(h, X, combiner="majority")
> sum(yph != y.erpos) # no. of errors: 6

We see that in this particular case the prediction by TSP hubs is
slightly less accurate than the combined predictions of the individual
TSPs.

The generalization performance of the TSPs classifiers can be
estimated by various methods. The Rgtsp package provides a
function for k-fold cross-validation of the binary TSP classifiers
(either tsp.n() or tsp.s() functions), cv.tsp(), which
returns the training and validation performance of the classifier (it
defaults to 5-fold cross-validation).

> r = cv.tsp(X, y.erpos)
> print(r)
$tr.m
Error.rate Sensitivity Specificity AUC
0.02884615 0.97812500 0.96000000 0.96906250

In the case of a multi-class problem, we propose to use
classification trees built on top of TSPs predictions. For C >2
classes, one can train TSPs to solve each of the C(C−1)/2 pairwise
binary classification problems [called one-versus-one (Hsu and Lin,
2002) or round robin (Fürnkranz , 2002) strategy] and then combine
the predictions of the TSPs through a classification tree to predict
the original classes. For more details the reader is referred to the
package web page. This approach is implemented in the function
mtsp() and makes use of the ctree() function in the party R
package (y4 is an artificial 4–class label vector):

> m = mtsp(X, y4)
> yp = predict(m, X)
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TopKLists: a comprehensive R package for 
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Abstract: High-throughput sequencing techniques are increasingly affordable and produce massive amounts 
of data. Together with other high-throughput technologies, such as microarrays, there are an enormous 
amount of resources in databases. The collection of these valuable data has been routine for more than a 
decade. Despite different technologies, many experiments share the same goal. For instance, the aims of 
RNA-seq studies often coincide with those of differential gene expression experiments based on microar-
rays. As such, it would be logical to utilize all available data. However, there is a lack of biostatistical tools 
for the integration of results obtained from different technologies. Although diverse technological platforms 
produce different raw data, one commonality for experiments with the same goal is that all the outcomes 
can be transformed into a platform-independent data format – rankings – for the same set of items. Here we 
present the R package TopKLists, which allows for statistical inference on the lengths of informative (top-k) 
partial lists, for stochastic aggregation of full or partial lists, and for graphical exploration of the input and 
consolidated output. A graphical user interface has also been implemented for providing access to the under-
lying algorithms. To illustrate the applicability and usefulness of the package, we integrated microRNA data 
of non-small cell lung cancer across different measurement techniques and draw conclusions. The package 
can be obtained from CRAN under a LGPL-3 license.
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1  Introduction
Several high-throughput technologies have emerged in the past decade, most notably next generation 
sequencing, but also methods that estimate abundance levels of proteins and small molecules. Together, 
these methods are contributing to an enormous collection of experimental data. However, current research in 
molecular science is typically based on rather small studies in terms of sample size, many of them addressing 
the same disease or target. The findings obtained across platforms and studies are often quite diverse and an 
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increasingly important task is to strengthen the evidence of these findings. Hence, there is a strong demand 
for statistical methods that integrate such findings, for example for combining microarray-based expression 
measurements with RNA-seq results.

A central task is the integration of such data, which differ in important aspects such as laboratory tech-
nology, quantification, scale, and study size. When several studies are combined, the involved sets of genes 
or of other omics entities usually do not match and missing observations are likely to occur. Moreover, often 
only subsets of unknown size of these data are relevant or informative. In almost all situations the origi-
nal metric measurements from the involved studies can be transformed into rank data. Until recently, most 
integration tools for rank data have been heuristic in nature and could not meet all the above mentioned 
demands. The few statistical integration approaches in use are limited to microarray results (Yang et  al., 
2006; Plaisier et  al., 2010). A general methodology allowing for the integration of other high-throughput 
technologies, as well as allowing for a platform and technology mix, even when ranked lists are incomplete, 
had been lacking until the work of Lin and Ding (2009) and Hall and Schimek (2012). Schimek et al. (2012) 
combined these approaches and extended them with the goal of processing arbitrarily long multiple ranked 
lists. To turn such novel statistical methods into practical tools, we have implemented them in the Top-
KLists R package. It focuses on the nonparametric estimation of the top-k list length and on the stochastic 
aggregation of the identified top-k lists. In addition, it also includes conventional aggregation techniques and 
visual aids for the analysis of ranked lists and the interpretation of aggregation results. In the following, we 
give an overview of the package and its statistical background, and we apply it to microRNA lung cancer data 
obtained from a number of different platforms.

2  Structure and availability of the R package
The TopKLists package comprises three modules: (i) TopKInference offers exploratory nonparametric 
inference for the estimation of the top-k list length of paired rankings; (ii) TopKSpace provides various rank 
aggregation techniques; (iii) TopKGraphics comprises a collection of graphical tools for the exploration of 
data and for the visualization of aggregation results. The analysis pipeline is to estimate the top-k consensus 
list length first, which also works for more than two ranked lists comprising tens of thousands of items, and to 
then aggregate the already obtained truncated lists. A new graphical concept, the aggregation map, has been 
implemented to visualize this graphically. It displays the selected top items with quality measures indicating 
their relevance with respect to the full ranked lists. Venn-type representations and a summary list form the 
end of the pipeline. The obtained formal results can then be used in succeeding downstream analysis and 
experimental validation. The modules can be used as stand-alone R libraries or via a graphical user interface 
(GUI) for ease of use (see Figure 1 for an example of the GUI interface).

TopKLists is available under the LGPL-3 license from CRAN for all major operating systems. Its R-
Forge Web page http://TopKLists.r-forge.r-project.org/ offers the latest development version of the package, 
detailed vignette-based information about the methods and the package, and instructions on how to analyze 
the application data described in the example of this paper.

3  Implementation and performance of the R package
The TopKLists package has been designed and implemented for usage on standard desktop computers. To 
increase the computational speed and performance, parts of the sampling methods have been implemented 
in C. Therefore, when locally building the package from the source code these methods will be compiled. 
The graphical user interface, which provides interactive access to several TopKLists’ procedures, has been 
implemented using the gWidgets2 package (Verzani, 2014).

The time needed for computation in the modules TopKInference and TopKSpace depends strongly 
on the choice of tuning parameters (see next section). Typically, when these parameters are chosen 
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