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Abstract

Background: The hallmarks of cancer provide a highly cited and well-used

conceptual framework for describing the processes involved in cancer cell

development and tumourigenesis. However, methods for translating these

high-level hallmarks concepts into data level-links between individual genes and

individual cancer hallmarks varies widely between studies. When we examine

different strategies for linking and mapping cancer hallmarks in detail, we see

significant differences, but also consensus.

Results: Here we present the results of a comparison of hallmark mapping

schemes from multiple studies. We show where there is consensus knowledge that

can help us better understand the core biological processes, pathways and

network that are associated with the hallmarks of cancer. We also show where

the largest differences between mapping schemes occur, and which differences

represent changes in our understanding of cancer, changes in our understanding

of biological processes in the non-disease state, or the accumulation of more

experimental evidence over time.

Conclusions: Mapping strategies rely on intermediate knowledge resources, such

as, biological pathway databases, or the Gene Ontology. The structure and

annotations of these intermediate resources also change over time. The results of

this study therefore highlight the challenges of integrating distributed and

changing biological knowledge in bioinformatics.

Contact:y.chen@liacs.leidenuniv.nl

Keywords: Gene Ontology; the hallmarks of cancer; semantic similarity;

Co-expression network

Introduction

The hallmarks of cancer, presented initially in 2000 and updated in 2011 [1][2],

provides a conceptual framework for describing the process of tumorigenesis. The

hallmarks suggest all cancer cells should have 10 essential molecular characteristics:

1) Sustaining Proliferative Signaling, 2) Evading Growth Suppressor, 3) Resisting

Cell Death, 4) Enabling Replicative Immortality, 5) Inducing Angiogenesis, 6) Acti-

vating Invasion & Metastasis, 7) Genome Instability and Mutation, 8) Tumor Pro-

moting Inflammation, 9) Deregulating Cellular Energetic and 10) Avoiding Immune

Destruction. Since the theory was proposed, it has been widely used for interpret-

ing cancer research results, particularly in large-scale, big data studies where whole

genome and transcriptome data are compared [3][4][5]. To date, the two Hallmarks

of Cancer papers have been cited over 78000 times [6], showing the utility of the

hallmarks concepts as a unifying framework for pan cancer analyses. In order to
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analyze cancer research results in the context of the hallmarks, the high-level con-

cepts presented as hallmarks need to be interpreted and mapped to a data level

of associated biological molecules. As there are currently no hallmarks of cancer

knowledge bases, researchers often use existing well-annotated intermediate knowl-

edge resources, such as biological pathway databases like KEGG [7]and MSigDB[8]

or the Gene Ontology[9][10], for this task. This is effective for a single point in time,

but as our understanding of cancer and biological interactions rapidly change, the

structure and annotations of the intermediate resources also change and therefore

so do the associations. [11] [12][13].The use of biological ontologies and knowledge

bases to help structure, cluster and compare research results is well-established

in bioinformatics[14][15]. However, interrelating continuously changing knowledge

from multiple sources is a larger challenge. Consequently, despite the widespread

use of the hallmarks of cancer, it can be difficult to assess how comparable results

and conclusions are between studies. When we examine different strategies for link-

ing and mapping cancer hallmarks in detail, we see significant differences, but also

consensus. Here we explore whether the consensus knowledge can help us better

understand the core biological processes and pathways that are associated with the

hallmarks of cancer, in order to allow for a better comparison between studies.

We also explore the differences and whether these represent changes in our un-

derstanding of cancer, changes in our understanding of biological processes in the

non-disease state, or the accumulation of more experimental evidence over time.

In this study, we assess the differences and consensus between 5 different hallmark

mapping schemes collected from the literature GO1,[16]GO2,[17] GO3,[18] GO4,[19]

and PW1[4]. We compare the Gene Ontology and biological pathway terms selected

to represent individual cancer hallmarks, both directly and by analysing their se-

mantic similarity. In addition, we examine the differences between the sets of genes

that are annotated with the selected GO terms and biological pathways, which we

name ‘Hallmark Genes’.

In order to assess the impact of the differences between Hallmark Gene sets, (and

further our understanding of the consensus), we compare downstream results by

performing network co-expression and enrichment analyses with prognostic can-

cer genes from the TCGA[20]. If the hallmarks of cancer represent the process of

tumorigenesis, genes that show changes in expression that are prognostic for pa-

tient survival may have direct involvement in this process as ‘drivers’[21], or may

be closely associated ‘passengers.’ Genes that are classified as both prognostic and

hallmark genes would be expected to play more important roles in co-expression

networks, so the ratios of genes classified as prognostic, hallmark and prognostic-

hallmark are compared using network topology and enrichment analyses of network

clusters. Finally, we investigate if structural changes to the Gene Ontology hierar-

chy or changes to pathway or GO annotation could explain the differences between

mapping schemes. The results of these analyses provide a consensus of hallmark

annotation for each cancer hallmark, providing a common foundation for under-

standing the hallmark concepts at the data level. In doing so we highlight the chal-

lenges of integrating accumulated and distributed biological knowledge over time

and the current limitations of semantic similarity measures, which assume a static

underlying knowledge structure and the same annotation corpus.
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Results

Similarities between Gene Ontology terms

Semantic similarity

To investigate the consensus and divergence between different cancer hallmark map-

ping schemes, we used the Resnik method (in R GOSemSim[22]) to calculate the

semantic similarity between GO terms selected to represent hallmarks. As shown

in Figure 1(a), all pairwise semantic similarity scores were less than 0.5, but higher

than 0.3, showing low semantic similarity. A manual check of the frequency of se-

lection for each GO term showed that only one GO term, ’Negative Regulation of

Cell Cycle’ (GO:0045786), was selected by all 4 schemes. However, this term was

mapped to different individual cancer hallmarks: in GO1 and GO2, it was mapped

to ‘Evading Growth Suppressor’ while in GO3 and GO4, it was mapped to ‘Sus-

taining Proliferative Signaling’. Similarly, Negative regulation of cell proliferation

(GO:0008285), was selected by 3 mapping schemes but was allocated to ’Evading

Growth Suppressor’ in GO1 and GO2 schemes and allocated to ’Sustaining Prolif-

erative Signaling’ in GO3. In general, most GO terms were selected by only one or

two mapping schemes. In GO3 and GO4, 57.9% and 77.1% of selected GO terms

were unique to that scheme.(Figure 1(b)).

Figures

(a) (b)

Figure 1 (a)Semantic similarity scores of pairwise mapping schemes. Numbers in the heat map
represent the Semantic similarity score between Gene Ontology terms selected in different mapping
schemes.(b)Frequency of selection of GO terms from different mapping schemes. The Y-axis
represents the frequency of selection per GO term and the X-axis represents different mapping
schemes. Dots inside the shape represent single GO terms belonging to this mapping methods.

Consensus of GO terms for individual cancer hallmark

After establishing the global similarity between mapping schemes, we further ex-

amined consensus of GO term usage for individual hallmarks. For many individual

hallmarks, a complete and consistent understanding on the linkage was not ap-

parent. More than 50% of GO terms were selected by only one or two methods

and only a few GO terms were simultaneously selected by more than 3 mapping

schemes to annotate the same hallmark(Figure 2). For example, for the hallmark

’Tumor Promoting Inflammation’, all mapping schemes define GO terms, but none

were simultaneously selected by 3 schemes. In contrast, although only twelve dif-

ferent GO terms were selected for the hallmark ’Enabling Replicative Immortality’
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across all methods, 3 were simultaneously selected by 3 mapping schemes, showing

a greater consensus. For the hallmark ’Evading Growth Suppressor’, GO3 and GO4

did not provide GO term mapping, but for GO1 and GO2, 4 of 6 terms were selected

by both schemes. Despite the differences for each hallmark, there is also a degree

of consensus that identifies a core of shared knowledge.

Figure 2 Frequency of selection of GO terms for individual cancer hallmarks. The Y-axis
represents the number of GO terms. The X-axis represents individual cancer hallmarks.Bars
colored in different color represent how frequently it was selected by mapping methods to
annotate this cancer hallmark.

Analysing the divergence and consensus in hallmark gene sets

Four of the five hallmark mapping schemes used the Gene Ontology as an interme-

diate knowledge resource, but the fifth mapping scheme used biological pathways

from KEGG[7] and MSigDB[8]. In order to directly compare annotations between

these approaches, we either had to make use of existing mapping between GO and

pathway resources, or we had to look at the intersection of the genes annotated with

each resource. The former method is problematic due to the difference in granu-

larity of annotation (as reactions in pathways are typically mapped to GO, rather

than individual gene product functions in pathways). The latter is advantageous in

this particular case because the authors of the pathway mapping method provided

a full list of genes which were included in the biological pathways selected at the

time of writing and could therefore be used for direct comparison.

The upset plot (Figure 3) shows the intersections and differences between hall-

mark gene sets. Only 836 Genes were identified as hallmark genes in all cases and

there was a marked difference in size between the gene sets. 2171 genes were iden-

tified as hallmark genes in PW1, while the smallest gene set generated by GO

mapping schemes, was 3078. The other three GO schemes generated sets of more

than 9000 genes. This may indicate a greater specificity for PW1 and GO4, but
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Figure 3 Hallmark Gene Set Comparison. The
upset plot shows the number of genes in each
hallmark gene set and their intersections. The
orange and blue lines represent genes shared by
GO mapping schemes and all mapping schemes
respectively.

Figure 4 Gene Product Count. The box plot
shows the number of gene products annotated
to GO terms in different mapping methods.

as they are not subsets of the larger hallmark gene sets, this does not fully ex-

plain the discrepancy. The number of annotations for selected GO terms belonging

to GO4 were significantly lower than the other 3 schemes (Figure 4), showing a

greater specificity in GO term selection. GO1, GO2 and GO3 included GO terms

with more than 20000 annotations while the maximal annotations belonging to a

single term in GO4 was 1396. The average number of annotations for selected GO

terms in GO4 was 347, which was significantly smaller than the others (GO1:1447,

GO2:2032, GO:1380). It should be noted that GO3 and GO4 covered only 8/10 hall-

marks (’Evading Growth Suppressor’ and ’Deregulating Cellular Energetic’ were not

defined for GO3,’Avoiding Immune Destruction’ and ’Evading Growth Suppressor’

were not defined for GO4) [19]. For GO1, GO2 and G3, although they were similar

in size, each had more than 2000 genes unique to that set, showing a mixed picture

of consensus and difference in interpretation.

Individual cancer hallmarks

Figure 5 presents a comparison of the different mapping schemes for each individual

cancer hallmark. The dots represent the number of genes belonging to individual

cancer hallmarks in different sets and the bars represent the consistent gene count

for each hallmark. GO1 and GO3 reach an agreement on the hallmark ’Resisting

Cell Death’, but large differences can be observed in other hallmarks. For example,

for the hallmark ’Sustaining proliferative signalling’, the number of genes varies

from around 7000 in GO2 to 1336 in GO4, while in the other 2 sets, the numbers

are 2925(GO1) and 3735(GO3). Similar results can be observed in other individual

hallmarks, showing the different components of gene sets. It was not possible to

include the PW1 in this comparison as the authors of the study did not explicitly

state which biological pathway related to which cancer hallmark. We can infer this

for many of the pathways and observe that multiple hallmarks may be represented

in some pathways, but it is an interpretation of results, rather than a reuse of stated

results and so was omitted.
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Figure 5 Gene Product count for individual cancer hallmarks. Nodes in the graph represent the
count of gene products annotated to GO terms selected in different mapping schemes. Bars in the
graph represent the number of gene products which are consistent across all the mapping schemes.

Impact of hallmark mapping strategies on downstream analyses

The results of comparing GO terms and hallmark genes have shown both consensus

and difference. We therefore investigated the impact of using different mapping

schemes on the results of downstream omics analyses.

Prognostic genes and hallmarks

Survival analysis is often used as an indicator of the importance of genes for specific

cancer types. By studying large numbers of individual cases, genes whose expression

are prognostic for an unfavourable outcome can be identified. As hallmark genes are

involved in the biological activities that promote cancer development, it is expected

that prognostic genes would either be hallmark genes themselves, or be co-expressed

with hallmark genes [4]. As different mapping schemes would generate different hall-

mark gene sets, investigating the varying overlap in prognostic-hallmark genes would

highlight the consequences of different hallmark definitions. Here we identified the

overlap between prognostic and hallmark genes for 17 cancer types using different

mapping schemes. The prognostic gene data was taken from PW1 [4]. Prognostic-

hallmark genes shared between multiple cancer types were identified, where there

were 5 or more shared genes. The impact of selecting different mapping schemes

was assessed by pairwise comparisons. The Jaccard Index of prognostic-hallmark

gene groups was calculated. Figure 6 shows the results.

Figure 6 shows the similarities between groups of prognostic-hallmark genes in dif-

ferent mapping schemes. As expected, none of the 6 comparisons showed completely

consistent results, reflecting the differences between hallmark gene sets. Compar-

isons between GO4 and the other three schemes were the most dissimilar, with

the absence of any genes shared between some cancers (e.g. between Renal Cancer,

Stomach Cancer and Endometrial Cancer). GO1 and GO3 were grouped closest

together, with the highest Jaccard index scores. Comparisons between GO1 and

GO2, GO2 and GO3 produced a moderate scores. The full list of results can be

found in additional file 2.
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Figure 6 Pairwise comparison of groups of prognostic-hallmark genes identified in the same
cancers between mapping schemes. Each block represents a group of prognostic-hallmark genes.
The y-axis shows the combination of cancer types in which the corresponding group of genes are
classified as prognostic-hallmark genes (abbreviations of cancer names can be found in additional
file 1). The X-axis shows pairwise comparison of mapping schemes.The color of each block
represents the similarity scores of the same group of genes using the Jaccard index. Darker red
represents a higher score and darker blue a lower score.

Cancer hallmarks enrichment and co-expression networks

To further investigate the relationship between prognostic genes and cancer hall-

mark mapping schemes, we examined the co-expression networks of prognostic and

hallmark genes and their enrichment in breast cancer. Based on the breast cancer

transcriptome data from the TCGA Genomics Data Commons(GDC) data por-

tal(https://portal.gdc.cancer.gov/), we calculated the Pearson correlation coeffi-

cient between pairwise prognostic genes of breast cancer, using the top 25% coef-

ficient of pairwise genes. The co-expression network was constructed based on the

coefficient value. By clustering prognostic genes, we investigated which individual

hallmarks played a leading role in cancer development with an enrichment analysis

using a hypergeometric test[23]. Genes were clustered using a multilevel algorithm

and divided into four clusters[24]. Figure 7 shows the enrichment analysis results for

GO1 to GO4. Breast cancer was selected for this study because there are more than

1000 breast cancer cases in the TCGA database (the 3rd largest), and it only has

582 prognostic genes. When constructing a co-expression network, a large number

of cases can minimize correlation coefficient bias and a relatively small number of

prognostic genes can help to minimise the number of prognostic genes that need

to be excluded from the study due to an insufficient coefficient value. Figure 7

shows the differences between clusters of enrichment for individual hallmarks when

using different mapping schemes. Consistent with previous findings, GO4 showed

the most considerable difference compared to the other three mapping schemes, as

all four network clusters were only enriched in prognostic genes. GO1 and GO3 were
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(a) (b)

(c) (d)

Figure 7 A,b,c,d represent co-expression networks constructed using prognostic genes and
hallmark genes from GO1,GO2,GO3 and GO4 method,respectively.. Nodes coloured in grey
represent a cluster only enriched in prognostic genes while nodes with different colours represent
clusters enriched in both prognostic and hallmark genes. Dashed lines show which cancer
hallmarks the clusters are enriched in.

the most similar to each other, but the enrichment in network clusters still showed

considerable differences. For example, Cluster 2 was only enriched in the hallmarks

’Resisting Cell Death’ and ’Avoiding Immune Destruction’ in GO1, but it was addi-

tionally enriched in the hallmarks ’Tumor Promoting Inflammation’ and ’Sustaining

Proliferative Signaling’ in GO3. Similar situations can be seen in cluster3. GO2 was

more similar to GO1 and GO3 than to GO4, as cluster 1 and cluster 3 were both

enriched in prognostic and hallmark genes. However, cluster 2 showed no enrich-

ment in hallmark genes in the GO2 network. The inconsistencies identified in these

networks would result in different conclusions when considering the involvement of

individual cancer hallmarks in relation to prognostic genes. Combining these find-
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ings with our previous results, it is clear that there are large downstream impacts

on results as a consequence of using different hallmark mapping schemes.

GO evolution in relation to difference between mapping schemes

The hallmarks mapping schemes under comparison were developed over the period

of 7 years and therefore were developed using different versions of the Gene Ontol-

ogy and associated annotation. Understanding which differences between mapping

schemes were the result of topological or annotation changes to GO could therefore

help to further refine consensus and therefore make results and conclusions more

comparable between studies.

Previous research has shown large changes in GO[12]. From 2004 to 2015, the num-

ber of terms in GO increased by 2.5 fold (from 16139 to 40810) and the number

of GO terms used for annotations of human genes increased 3.8 fold (from 2972 to

11403). Furthermore, the number of GO annotations for human genes changed from

19615 to 109152, increasing by 6.3 fold. The proportion of protein-coding human

genes with at least 1 annotation changed from 32% to 65% and relationships be-

tween GO terms were also enriched and changed. 21998 connections became 78078

in the same period and 6833 relationships were removed. Other structural changes,

such as, terms becoming obsolete or being merged into other terms also changed the

hierarchical structure and information content of GO. According to the Archived

data from the Gene Ontology Consortium (http://archive.geneontology.org/full/),

1086 GO terms were made obsolete at the same period. By constructing directed

acyclic graphs (DAG) for each mapping scheme, based on selected GO terms and

their neighbors, using Gene Ontology archived data at different time points, we eval-

uated the extent to which GO evolution contributed to the inconsistency between

mapping schemes.

Structure differences between mapping schemes

GO2 is derived from a paper published in 2012, GO3 and GO4 were published

in 2017, and GO1 was published in 2015. As none of the publications provided

information on the version of GO used in their initial analyses, we selected evenly-

spaced time points to study GO evolution across the whole period. To construct

the directed acyclic graphs (DAGs), we first create the full GO hierarchical graph

with the archived relationship data downloaded from Gene Ontology Consortium

in Cytoscape[25]. For each mapping scheme, we generated a sub-graph of all GO

terms selected and their neighbours, and made pairwise comparisons between each

sub-graph. In Figure 8, we compared the GO hierarchy graphs of GO1 and GO2

(GO archive data from 2012 and 2016). Crimson nodes represent GO terms that

existed in both time points but were only selected by GO2, while light red nodes

represent GO terms which are obsoleted in 2016. Similarly, dark blue nodes represent

GO terms that existed in both 2012 and 2016 but were only selected by GO1

and light blue nodes represent GO terms had not been created in 2012. Structural

differences are shown in Figure 8, where 237 of 400 nodes are coloured, confirming

the inconsistency between mapping schemes. Seven GO terms selected by GO2 were

obsolete by 2016, and 20 terms selected by GO1 were not created in 2012. Similar

observations were made in the comparison between GO3 and GO4 (additional file
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3). These results show that although there were major structural changes to GO

over the time period, the majority of terms were available for selection for each

mapping scheme. This suggests structural differences were not the main factor and

that differences in interpretation of the relationships between GO and the cancer

hallmarks played a larger role. It is worth noting that the mapping scheme from

GO2 is being used and maintained for further research. Despite all the changes to

GO, there have been no major updates to this mapping scheme since the initial

publication.

Gene product counts changes at different time points

The number of gene products annotated to GO terms also changes over time. We

additionally investigated the number of gene products annotated to selected GO

terms at different time points (figure 9). We find a huge increase for most GO

terms when comparing their annotation gene product number from 2012 to 2016.

Although the number alone cannot properly reflect the exact changes between an-

notations (as the number of deleted and added annotations to a single term could be

the same), it still reflects a general increase in Gene Ontology annotation. Changes

in GO annotations increase the number of genes in a hallmark gene set. Mapping

schemes that favour less specific GO terms for hallmark definitions would there-

fore show a larger increase in hallmark gene set size and show a larger impact on

downstream analyses.The comparison between Gene product count data in 2016

and 2019 further supports the idea that the Gene Ontology annotation data con-

tinuously changed and it still affects the composition of hallmark gene sets when

using updated knowledge source.

Consensus between methods

The results of this analysis have shown inconsistencies between different mapping

schemes, but they have also shown consensus. From this consensus, we can iden-

tify a common understanding of functional cancer hallmark mapping, which could

contribute to the creation of a systematic mapping method. The goal is to combine

current consensus knowledge and maintain an active integration with GO and path-

way resources as they change in the future. To investigate the consensus from all

mapping methods, we first combined GO and pathway results by identifying corre-

sponding GO terms for the pathways selected by PW1. For pathways from MSigDB,

GO and pathway mapping was extracted directly from MSigDB (Additional file 4).

For pathways from KEGG, corresponding GO terms were not provided by KEGG

directly. Therefore, corresponding GO terms were derived by identifying GO defini-

tions that were the most similar to the description of KEGG pathways. 14 GO terms

were identified to represent the KEGG pathways. After the correspondence between

GO and pathways had been established, we used GO terms to describe and define

the level of consensus across all five mapping schemes. For each cancer hallmark,

GO terms selected by three or more mapping schemes were seen as consensus terms.

In total, we identified 42 consensus GO terms across all hallmarks and we identified

some degree of consensus for each hallmark (table 1). Figure 10 shows the visual-

ization of the hallmark’ Activating Invasion & Metastasis’ where there were seven

consensus terms. Nodes coloured in orange and yellow represent those selected by
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Figure 8 A comparison of the GO Biological Process topology in different years, constructed from
all selected GO terms and their first neighbours. Crimson nodes represent GO terms that existed
in both time points but were only selected by GO2, while light red nodes represent GO terms
which are obsoleted in 2016. Similarly, dark blue nodes represent GO terms that existed in both
2012 and 2016 but were only selected by GO1 and light blue nodes represent GO terms had not
been created in 2012.

3 and 4 methods respectively. Similarly, for the hallmark ’Sustaining Proliferative

Signaling’, there were also seven terms considered as consensus terms. These hall-

marks show the most consensus. Other hallmarks show much less agreement. For

example, for ’Inducing Angiogenesis’, only two terms were consensus terms, while

23 different terms were chosen across all mapping schemes to annotate this hall-

mark. A similar situation can be seen in ’Tumor Promoting Inflammation’ where

only two terms were consensus terms out of 16 terms selected across all methods.

These results indicate that a refinement is required in the hallmark definitions, in

order to establish a better consensus.

Discussion

This study attempts to compare the conceptual similarities between cancer hall-

mark definitions from multiple time-points, developed for different types of anal-

yses, in order to establish a consensus. Although the hallmarks are in widespread

use, the numbers of publications that explicitly describe the association between

the hallmark concepts and biological molecules and/or functional annotations are

limited. For the publications that describe hallmark mapping in detail, other prob-

lems remain. Missing provenance information means that the exact versions of GO
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Figure 9 The number of gene product annotations in 2012 and 2016. Blue,red and yellow dots
represent GO terms in 2012,2016 and 2019, respectively. green dots represent the GO terms that
existed in 2012 but were obsolete in 2016 and 2019 and pink dots represent GO terms that
haven’t been created in June, 2012 but were created before July, 2016. The x-axis represents
selected Gene Ontology terms; the y-axis represents the count of gene products annotated to a
GO term and its descendants

Table 1 Consensus for individual cancer hallmarks
Hallmark GO terms Term name Frequency of selection(without pathway) Frequency of selection

Sustaining Proliferative Signaling GO:0008283 cell population proliferation 2 3
Sustaining Proliferative Signaling GO:0007049 cell cycle 2 3
Sustaining Proliferative Signaling GO:0051301 cell division 2 3
Sustaining Proliferative Signaling GO:0030307 positive regulation of cell growth 2 3
Sustaining Proliferative Signaling GO:0045786 negative regulation of cell cycle 2 3
Sustaining Proliferative Signaling GO:0008284 positive regulation of cell population proliferation 3 4
Sustaining Proliferative Signaling GO:0045787 positive regulation of cell cycle 3 4

Evading Growth Suppressor GO:0009968 negative regulation of signal transduction 2 3
Evading Growth Suppressor GO:0045786 negative regulation of cell cycle 2 3
Evading Growth Suppressor GO:0008285 negative regulation of cell population proliferation 2 3
Evading Growth Suppressor GO:0030308 negative regulation of cell growth 2 3

Resist Cell Death GO:0012501 programmed cell death 2 3
Resist Cell Death GO:0043067 regulation of programmed cell death 2 3
Resist Cell Death GO:0043069 negative regulation of programmed cell death 2 3

Enabling Replicative Immortality GO:0032200 telomere organization 2 2
Enabling Replicative Immortality GO:0001302 replicative cell aging 2 2
Enabling Replicative Immortality GO:2000772 regulation of cellular senescence 2 2
Enabling Replicative Immortality GO:0000723 telomere maintenance 3 3
Enabling Replicative Immortality GO:0032204 regulation of telomere maintenance 3 3
Enabling Replicative Immortality GO:0090398 cellular senescence 3 3

Inducing Angiogenesis GO:0001525 angiogenesis 2 3
Inducing Angiogenesis GO:0001570 vasculogenesis 2 2
Inducing Angiogenesis GO:0045766 positive regulation of angiogenesis 3 4

Activating Invasion and Metastasis GO:0034330 cell junction organization 2 3
Activating Invasion and Metastasis GO:0030030 cell projection organization 2 3
Activating Invasion and Metastasis GO:0030155 regulation of cell adhesion 2 3
Activating Invasion and Metastasis GO:0007162 negative regulation of cell adhesion 2 3
Activating Invasion and Metastasis GO:0007155 cell adhesion 3 4
Activating Invasion and Metastasis GO:0016477 cell migration 3 4
Activating Invasion and Metastasis GO:0001837 epithelial to mesenchymal transition 3 4
Genome Instability and Mutation GO:0045005 DNA-dependent DNA replication maintenance of fidelity 2 2
Genome Instability and Mutation GO:0031570 DNA integrity checkpoint 2 3
Genome Instability and Mutation GO:0006281 DNA repair 3 4
Genome Instability and Mutation GO:0006282 regulation of DNA repair 3 3
Tumor promoting Inflammation GO:0002367 cytokine production involved in immune response 2 2
Tumor promoting Inflammation GO:0050727 regulation of inflammatory response 2 2
Deregulating Cellular Energetic GO:0071456 cellular response to hypoxia 2 3
Deregulating Cellular Energetic GO:0006096 glycolytic process 3 3
Avoiding Immune Destruction GO:0002418 immune response to tumor cell 2 2
Avoiding Immune Destruction GO:0006955 immune response 2 3
Avoiding Immune Destruction GO:0002837 regulation of immune response to tumor cell 2 2
Avoiding Immune Destruction GO:0050776 regulation of immune response 2 3

and pathway resources are not always available and need to be inferred. Mapping

definitions for individual hallmarks are missing in a number of cases, and, more

generally, comparing functional annotations derived from changing knowledge re-

sources is problematic. For the studies that documented their mapping methods,

we found that mapping to GO as an intermediate knowledge resource was the most

common approach. The fact that we only identified one example of a pathway-

based approach that fitted our inclusion criteria, against four GO approaches, is

a limitation for establishing pathway consensus. Nevertheless, both methods are
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Figure 10 Visualization of the consensus in individual cancer hallmark Activating Invasion and
Metastasis(include pathway mapping method). Nodes colored in red and yellow represent GO
terms are selected or enriched by genes in 3 and 4 methods, respectively.

being used and should therefore be considered here. The GO-generated hallmark

gene sets are much larger than those of the pathway example. Gene Ontology terms

selected for mapping typically contained a mixture of terms from different levels

in the GO hierarchy. Any terms selected from higher levels have a large number

of genes annotated to them, but they also have a low information content and

lack specificity. For example, terms such as, Immune Response (GO:0006955) or

Cell Cycle (GO:0007049), were selected to define cancer hallmarks. The inclusion

of such terms explains the large numbers of genes in GO1 and GO2 in particular.

Substituting these general terms with more specific descendant terms could make

the GO term set more informative and reduce the overall number of gene products.

However, the differences in levels GO terms cannot explain the differences between

mapping schemes. Mapping schemes with smaller hallmark gene sets are not de-

fined by descendants of the more general terms selected by mapping schemes with

larger hallmark gene sets. This would result in a high semantic similarity when

comparing mapping schemes. The results showed that all pairwise semantic simi-

larity scores were less than 0.5, meaning that definitions of at least some hallmarks

show a lack of general consensus. A major limitation for analysing the semantic

similarity between mapping schemes, however, is that available semantic similarity

methods assume the same underlying knowledge structure. In reality, in this case

and many others, we are comparing annotations derived from different versions of

the knowledge structure. For a fair comparison, we need to know if the same GO

terms were available for each different research group to select, or if some were only

introduced later or became obsolete between time-points. Our analysis of the GO

topological structure revealed that most terms were available through the whole

time-period, but that the researchers simply did not select the same or similar. We

also identified rearrangements in higher level terms from the biological process hier-

archy that meant that relationships between many terms were altered significantly

between time points. For example, the term ’death’ (GO:0016265) was a descen-

dant of term ’Biological process’, and was therefore one of the highest level terms

in GO hierarchy. It only had one descendent, ’cell death’(GO:0008219). In March

2016, this term was made obsolete. In our network comparison between GO1 and

GO2 using archived GO data from 2012 and 2016, this term existed in the GO2

network but was obsolete in the GO1 network. In addition, the descendant term
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’Cell death’ was connected to the term ’cellular process’(GO:0009987) in the 2012

GO2 network, while in the 2016 GO1 network, the linkage to ’cellular process’ had

been removed and substituted with a linkage to the term ’single-organism cellular

process(GO:0044763)’, which was itself created after 2012. These alterations at high

levels in the GO structure affect everything at lower levels and therefore would have

a large impact when calculating semantic distance or information content between

the two sets of GO terms. Current semantic similarity measures do not take such

changes into account. Despite the aforementioned problems with analysing the sim-

ilarities and differences, there are some clear examples of consensus between the

mapping schemes. The core gene set is small in comparison to the whole collection

of hallmark genes across all methods, but the core offers important information

about where there is shared understanding. Genes in the core gene set are not all

annotated with a small number of hallmarks, but spread across all ten hallmarks.

This means that there is a partial shared understanding across all mapping schemes.

Similarly, when examining the consensus GO terms, there are consensus terms for

every hallmark, although the amount of consensus varies. For the hallmark ’Acti-

vating Invasion & Metastasis’, seven GO terms are considered as consensus terms

and three of them are selected by four mapping schemes, which shows a remarkable

consensus. In contrast, the hallmark ’Inducing Angiogenesis’, only has two consen-

sus terms out of 23 terms selected across all mapping schemes. The consensus for

this hallmark is therefore not sufficient to define all biological hallmark activities

and should be further refined. Although we were able to establish some consensus,

we also observed differences between mapping methods and a lack of consensus in

some definitions. Our topological and information content analysis of GO at differ-

ent time points showed that although the same terms were available, researchers

often selected different terms in later studies. This indicates that the largest effect

was a difference in understanding of the hallmark concepts. This could represent a

change in our collective understanding of cancer from the accumulation of evidence,

or it could simply be bias from the research experiences of the individuals involved

in the selected studies. A broader community-wide discussion about the hallmarks

and their definitions is required to determine this. In addition to the approaches

identified here, the COSMIC data resource (Catalogue of Somatic Mutations in

Cancer) has undertaken a manual annotation approach to hallmark identification.

For each gene in the COSMIC Gene Census, curators are manually extracting evi-

dence for cancer hallmark involvement from the literature. To date, approximately

300 genes have been annotated out of 700. The process is slow and will take a

number of years to complete, but COSMIC expects to identify hallmark activity for

almost all genes in the census. When we compare the consensus GO terms from this

analysis with those enriched in the Gene Census, the majority (31/42) are present

and enriched, indicating that the consensus GO terms we have identified represent

important consensus knowledge.

The consensus GO terms identified for each cancer hallmark show where there

is a shared understanding of the hallmarks of cancer. They could therefore be the

foundation for a more systematic approach to mapping cancer hallmarks to data via

intermediate knowledge resources. In the longer term, the consensus could be the

starting point for a broader community discussion about how to identify hallmark
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activity in omics data sets and a community-wide ontology development process. A

similar community approach has proven successful for other research communities,

with the Gene Ontology itself being a prime example [9]. If we can achieve a shared

understanding of the cancer hallmarks and what they mean at the data level, we

could gain more insight into comparisons between and within different cancer re-

search results.

Methods

This study is based on the analysis of cancer hallmark mapping schemes from publi-

cations that explicitly describe the mapping between intermediate knowledge bases

and the hallmarks. We considered publications dating from after the second cancer

hallmarks review paper [2], in order to consider all 10 hallmarks. We identified a

large number of publications that describe a link to the hallmarks, but very few

that explicitly describe the mapping procedure in sufficient detail to reproduce

the process. Four publications and one peer-reviewed poster satisfied these criteria

[18][19] [16][17][4]. The motivations for hallmark mapping were different between

these publications, but all attempted to identify a general hallmark representation.

There were two common ways to link the hallmarks of cancer to biological molecules

and data; (1) mapping to Gene Ontology terms and (2) mapping to biological path-

ways. Both types of annotation allow a direct link to individual genes. Ulhen et

al mapped hallmarks to biological pathways from KEGG and MSigDB. We refer

to this mapping scheme as PW1. The other four mapping schemes are based on

the association between gene ontology(GO) terms and cancer hallmarks and are

referred to as GO1, GO2, GO3, GO4, respectively. The mapping scheme created by

Plaisier (GO2)[17] was also used and cited in 2016[26] and Thorsson[27]. Although

the GOmapping scheme is maintained by the authors at https://github.com/baliga-

lab/sygnal/blob/master/R/goSimHallmarksOfCancer.R, it did not appear to change

between these time-points.

Study workflow

The analysis process of this study is shown in two workflows (Figure 11 and 12).

Figure 11 presents the workflow of comparison between different mapping methods

and the investigation of the impact of using different mapping schemes on down-

stream omics analyses. Figure 12 shows the process of investigating the impact of

GO evolution on the differences between mapping schemes. The hallmarks of cancer

mapping schemes from each publication were developed using different methodolo-

gies and in accordance with the authors’ background knowledge and aims. Table 2

summarises the main differences. For PW1, the genes annotated to each selected

biological pathway were recorded by the authors at the time of publication and

were therefore used directly, in addition to being updated with new information.

For GO1-GO4, genes annotated with the selected terms (or their descendants) were

not included in the publication data and were therefore reconstructed from current

information. The genes currently annotated by selected Gene Ontology terms were
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Figure 11 Workflow of analysis process. Rectangular nodes represent methods or steps generating
data. capsule-shaped nodes represent data and circles represent graphs or visualization output.

Table 2 Summary of 5 mapping methods

Methods Source Experts involved Size(pathway/GO) Gene Number Hallmark Included
GO1 Gene Ontology Yes 57 10386 10 hallmarks
GO2 Gene Ontology Unknown 40(1 obsolete) 10346 10 hallmarks
GO3 Gene Ontology Yes 67 9164 8 hallmarks
GO4 Gene Ontology Unknown 35 3078 8 hallmarks
PW1 MSigDB,Kegg Yes 14 2172 unknown

identified using the human ENSEMBL database (version 99)[28] via biomart[29]

and descendant terms were identified using QUICKGO [30]. The list of GO terms

selected by each method and identified for each individual hallmark are available in

additional file 5. The Full list of genes annotated by selected Gene Ontology terms

and biological pathways are available in additional file 6.

Semantic similarity

The semantic similarities between the GO terms selected by the 4 GO mapping

schemes were calculated in order to determine if there were close or distant rela-

tionships between terms included in different sets. The R package GOSemSim[31]

was used with a best match average strategy (BMA). The annotation data used was

the Genome wide annotation for the Human from Bioconductor[32]. The Resnik

method[22] was used to assess semantic similarity. We performed pairwise compar-

isons for the four Gene Ontology term sets.

Hallmark gene comparison

To examine the overlap between Hallmark Genes from different mapping schemes,

an upset plot was constructed by using the R package UpsetR[33]. In addition,

the number of genes annotated to individual cancer hallmarks with different GO

mapping schemes was also investigated. Bar chart was created using the Python

package Seaborn[34].
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Prognostic genes

The definition and data for prognostic genes was taken from the PW1 publication

[4] as they provided a list of prognostic genes for 17 different types of cancer types

in detail (additional file 7).

Prognostic-hallmark genes in multiple cancers

Genes labelled as both prognostic genes and hallmark genes are named prognostic-

hallmark genes. For each method, We classified genes into different groups based

on the number of cancer types where they were exclusively labelled as prognostic-

hallmark genes. Then for each group, we further classified them into subgroups

based on cancer types where they were labelled as prognostic-hallmark genes. Sub-

groups with less than 5 genes were removed. For each subgroup, if it existed in at

least one method, it was included. For existing subgroups, we calculated the Jaccard

Index to determine how different the subgroups were in pairwise comparisons of the

mapping schemes. If a subgroup did not exist in 1 of 2 compared mapping schemes,

the score was 0. Results were visualized by heatmap using the Python Package

Seaborn[34]. Blocks colored in red represent high Jaccard index while blocks col-

ored in blue represent low Jaccard index or 0.

Gene co-expression and clustering

To construct gene co-expression networks, we used public RNA-Seq data from

TCGA with HTSeq-FPKM value[20]. 1222 breast cancer samples were downloaded.

The co-expression coefficient of two different genes was calculated using Pearson

correlation coefficient, using the following formula:

Rxy =

∑n

i=1(xi − x̄)(yi − ȳ)
√

∑n

i=1(xi − x̄)2
∑n

i=1(yi − ȳ)2

xi and yi represent the FPKM value of a gene in one patient.x̄ and ȳ represent the average FPKM value.

In this study, we used prognostic genes of breast cancer to build a co-expression

network. To filter out low-correlated pairs, we selected the top 25% coefficient of

pairwise genes. Based on the coefficient value, we constructed a co-expression net-

work of prognostic genes using igraph in python[35]. Genes were clustered based on

a multilevel algorithm[24]. For every cluster, we performed a cumulative distribution

function(CDF) to identify if they were enriched in individual cancer hallmarks[23].

The clustering results can be found in additional file 8.

Figure 12 Workflow of investigating possible reasons of inconsistency. Nodes colored in blue
represent data or processing steps while node colored in orange represent tools used in comparison.
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GO evolution

TO investigate the impact of changes to the structure of GO , we used the Gene

Ontology Biological Process hierarchy and associated annotations at three time

points(June 2012, June 2016,July 2019). Data including GO term relationships

and gene product count was downloaded from the Gene Ontology Consortium

http://archive.geneontology.org/ [9].

Comparison between different Versions of GO

We constructed two GO hierarchy graphs in Cytoscape[25] based on archived re-

lationship data downloaded from the Gene Ontology Consortium corresponding to

different time points. For GO1, GO3 and GO4 mapping schemes, we create 3 sub-

graphs by selecting selected GO terms of GO mapping schemes, their first neighbors

and the edges between them based on the 2016 graph, while for GO2, we create a

sub-graph in similar way based on the 2012 graph. The comparisons between sub-

graphs was performed using DyNet[36]. White nodes and edges represent GO terms

and relationships which are included in both networks while nodes and edges with

color represent GO terms or relationships which are included in 1 of 2 networks.

Dot plot shows the number of gene products annotated to different GO terms. They

are created by using python package Seaborn[34].

Consensus between methods

For individual cancer hallmarks, a consensus GO term is one that was selected by

more than 3 methods. Visualization of consensus terms belonging to hallmarks was

performed using GOA-tools [37]. GO terms selected by 3 and 4 schemes are colored

in orange and yellow respectively. Corresponding GO terms for MSigDB pathways

are identified and mapped by the MSigDB database and are therefore used directly

in our comparison. The KEGG pathway database does not provide an equivalent

mapping to corresponding GO terms, so we derived these mappings by examining

the most similar GO term definitions and KEGG pathway definitions.

Data provenance

This study aims to compare mapping schemes and data from multiple time points,

using multiple knowledge and data resources. In order to make the work here trans-

parent and reproducible, the provenance of all data and tools are listed. The descen-

dants of selected GO terms were identified using QuickGO API and downloaded

in May 2020. Genes annotated to selected GO terms and their descendants were

identified using Biomart with the Ensembl 99 dataset. The version of GOsemsim

used for semantic similarity was 2.14.0 and the annotation dataset in GOsemsim

was Homo Sapien from OrgDb, version 3.10. The underlying GO version for each of

these tools was declared to be the latest version at the time of analysis, although the

exact version number was not provided by tool documentation. The classification

of prognostic genes for 17 cancer types was taken directly from Ulhen et al, 2017

[4]. RNA-Seq data for breast cancer co-expression network construction was down-

loaded from TCGA, v23.0, and published on the 7th April, 2020. Gene Ontology

data for 2012 and 2016 was taken from the Gene Ontology archive, published in

June 2012 and June 2016 respectively. Pathway data from PW1 was from MSigDB

version 5.2.
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Figures

Figure 1

(a)Semantic similarity scores of pairwise mapping schemes. Numbers in the heat map represent the
Semantic similarity score between Gene Ontology terms selected in different mapping schemes.
(b)Frequency of selection of GO terms from different mapping schemes. The Y-axis represents the
frequency of selection per GO term and the X-axis represents different mapping schemes. Dots inside the
shape represent single GO terms belonging to this mapping methods.



Figure 2

Frequency of selection of GO terms for individual cancer hallmarks. The Y-axis represents the number of
GO terms. The X-axis represents individual cancer hallmarks. Bars colored in different color represent how
frequently it was selected by mapping methods to annotate this cancer hallmark.

Figure 3

Hallmark Gene Set Comparison. The upset plot shows the number of genes in each hallmark gene set
and their intersections. The orange and blue lines represent genes shared by GO mapping schemes and
all mapping schemes respectively.



Figure 4

Gene Product Count. The box plot shows the number of gene products annotated to GO terms in different
mapping methods.

Figure 5



Gene Product count for individual cancer hallmarks. Nodes in the graph represent the count of gene
products annotated to GO terms selected in different mapping schemes. Bars in the graph represent the
number of gene products which are consistent across all the mapping schemes.

Figure 6

Pairwise comparison of groups of prognostic-hallmark genes identi� ed in the same cancers between
mapping schemes. Each block represents a group of prognostic-hallmark genes. The y-axis shows the
combination of cancer types in which the corresponding group of genes are classi� ed as prognostic-
hallmark genes (abbreviations of cancer names can be found in additional � le 1). The X-axis shows
pairwise comparison of mapping schemes. The color of each block represents the similarity scores of the
same group of genes using the Jaccard index. Darker red represents a higher score and darker blue a
lower score.



Figure 7

A,b,c,d represent co-expression networks constructed using prognostic genes and hallmark genes from
GO1,GO2,GO3 and GO4 method,respectively.. Nodes coloured in grey represent a cluster only enriched in
prognostic genes while nodes with different colours represent clusters enriched in both prognostic and
hallmark genes. Dashed lines show which cancer hallmarks the clusters are enriched in.



Figure 8

A comparison of the GO Biological Process topology in different years, constructed from all selected GO
terms and their  rst neighbours. Crimson nodes represent GO terms that existed in both time points but
were only selected by GO2, while light red nodes represent GO terms which are obsoleted in 2016.
Similarly, dark blue nodes represent GO terms that existed in both 2012 and 2016 but were only selected
by GO1 and light blue nodes represent GO terms had not been created in 2012.



Figure 9

The number of gene product annotations in 2012 and 2016. Blue, red and yellow dots represent GO terms
in 2012,2016 and 2019, respectively. green dots represent the GO terms that existed in 2012 but were
obsolete in 2016 and 2019 and pink dots represent GO terms that haven't been created in June, 2012 but
were created before July, 2016. The x-axis represents selected Gene Ontology terms; the y-axis represents
the count of gene products annotated to a GO term and its descendants

Figure 10



Visualization of the consensus in individual cancer hallmark Activating Invasion and Metastasis(include
pathway mapping method). Nodes colored in red and yellow represent GO terms are selected or enriched
by genes in 3 and 4 methods, respectively.

Figure 11

Work�ow of analysis process. Rectangular nodes represent methods or steps generating data. capsule-
shaped nodes represent data and circles represent graphs or visualization output.

Figure 12

Work�ow of investigating possible reasons of inconsistency. Nodes colored in blue represent data or
processing steps while node colored in orange represent tools used in comparison.
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